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Abstract 

This doctoral research is motivated by the need to capture a non-

cooperative target in Earth orbits by autonomous manipulators for debris 

removal. It investigates the critical motion planning problem for a 6DOF free-

floating space manipulator using model-free Reinforcement Learning. This 

problem is caused by dynamic coupling between the spacecraft and robotic 

manipulator, which significantly affects control and precision in the space 

environment. This research addresses critical requirements for efficient and 

effective manipulation in space, including accurate pose alignment between 

the end-effector and target debris, collision avoidance with both the target and 

other links of the manipulator and external obstacles, smoothing of joint 

velocities using optimization terms integrated into the reward function, and 

adaptation to the high mass ratio between the manipulator and its base 

spacecraft. Recognizing the imperfection of real-world sensors, this research 

also incorporates observation noise in the training process to enhance the 

agent's resilience to noise.  

Additionally, the reinforcement learning agent is trained with varying 

initial conditions that are randomly set at the start of each episode, including 

the manipulator’s initial joint angles, target positions, and obstacle locations. 

The trained agent can find suitable paths for any target location and avoid 

obstacles regardless of the manipulator's initial position. The study provides a 

solid foundation for the application of reinforcement learning in complex free-
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floating space robotic operations and offers insights for future missions. 

In addition to numerical verification, ground  experimental validation is 

essential. To overcome the difficulty in mimicking the 3D microgravity 

environment on Earth, this doctoral research has devoted efforts to designing 

and building a hardware-in-the-loop ground testbed with active gravity 

compensation in our lab. The testbed involves two industrial 6DOF robotic 

arms, one robotic finger gripper and various sensing equipment, including 

cameras and force/torque sensors, to mimic the 6DOF motion maneuvers that 

a free-floating robotic manipulator or tumbling satellite/target in microgravity. 

Initial experimental results in motion control, computer vision, and sensing 

capabilities are presented to show the potential of the testbed. This facility will 

be an invaluable tool for the future development and validation of space robotic 

manipulators, ultimately improving their effectiveness and reliability in space 

missions. 
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Chapter 1 INTRODUCTION AND JUSTIFICATION 

Summary: This chapter introduces and reviews the applications and research 

activities on the space robotic manipulator system. It outlines the research 

objectives of this dissertation and details the methodologies employed. Finally, 

the chapter presents the structure of the dissertation and includes a 

comprehensive list of publications resulting from this doctoral study. 

1.1 Background 

Space exploration has always been the frontier of scientific discovery 

and technological innovation. In human history, space technologies have 

enabled us to make our dreams a reality, from space exploration to the 

colonization of different planets. In 1957, the first artificial satellite in the 

world was launched into space ‘Sputnik 1’, marking the beginning of 

humanity’s ambitions in space [1]. Since then, tens of thousands of satellites 

have been sent into space for various objectives, including communications, 

navigation, and Earth observation. These satellites have a limited lifespan 

because they eventually run out of fuel and could drift in the Earth’s orbits for 

extended periods after decommissioning. The density of space debris like spent 

rockets, malfunctioned or end-of-mission satellites, and other manmade 
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objects with their fragments in Earth’s orbits is about to reach a dangerous 

point, where the density of debris may increase by cascade colliding with each 

other or functional satellites. This cascade effect is known as the Kessler 

Syndrome [2]. This effect will potentially compromise all future space missions 

if no preventive measurements are taken. They will also threaten the still 

functioning satellites in orbit and the lives of astronauts living in space 

stations. 

Although space debris mitigation measurements have been 

implemented in the industry for decades, the total number of space debris is 

continuously increasing. Currently, more than 5,720 satellites are still in space 

[3]. Research has suggested that active debris removal (ADR) must be done 

without delay, removing five large pieces of debris per year from orbit [4] to 

stop the increasing trend of the space debris population. 

Around half of the defunct satellites can divide into space debris, 

resulting from collisions and explosions of satellites and other fragmentation 

events. There are around 27,000 space debris in the low earth orbit (LEO) and 

geostationary earth orbit (GEO) objects (see Figure 1.1), which are regularly 

tracked by the United States Space Surveillance Networks. Space debris 

seriously threatens the safety of our spacecraft, satellites, and the 

International Space Station (ISS), and the rising population increases the 

potential danger [5]. 
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(a)                                                  (b) 

Figure 1.1  Distribution of cataloged objects in space1:  

 (a) LEO region; (b) GEO region 

Many approaches have been devoted to space debris removal to reduce 

the potential collision risk of spacecraft with debris, such as the space robotic 

arm, space tether, gripper mechanism, and some contactless approaches [6,7]. 

Among them, space robotic manipulators are one of the more appealing 

approaches. 

 Due to its high technical readiness level, space robotics are considered 

one of the most practical applications for on-orbit servicing (OOS) missions, 

such as docking, repairing, and orbital debris removal [5]. This is because 

robotic manipulators are well-matched to execute highly repetitive tasks that 

would be too time-consuming, risky and expensive for astronauts to perform. 

Space robots also require much less infrastructure than human astronauts 

 
1 Retrieved from https://www.orbitaldebris.jsc.nasa.gov/photo-gallery/ in July 2024 

https://www.orbitaldebris.jsc.nasa.gov/photo-gallery/
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(such as life support systems), making them preferable in space [8]. 

Numerous nations have dedicated substantial resources to space 

missions to explore the potential of space robotic applications. Among these 

prominent organizations are The National Aeronautics and Space 

Administration (NASA) in the USA, the European Space Agency (ESA), the 

Canadian Space Agency (CSA), and the Japan Aerospace Exploration Agency 

(JAXA), alongside various space companies and academic institutions. These 

collective efforts have yielded significant advancements in space robotics, 

exemplified by groundbreaking projects. 

Among the first projects was the Shuttle Remote Manipulator System 

(SRMS), also known as the Canadarm [9], developed by the Canadian Space 

Agency (CSA) and MDA. Since 1981, the Canadarm was used in NASA’s space 

shuttle program until decommissioned in 2011. The robotic arm deployed, 

captured, and repaired satellites, positioned astronauts, maintained 

equipment, and moved cargo. It was 15 meters long, with 6 DOF at its disposal, 

one camera attached to its wrist, but no touch sensors. It was remote-controlled 

and could place any load within 5cm of the target.  

Its successor, the Space Station Remote Manipulator System (SSRMS), 

also known as the Canadarm2 [9], was launched in 2001 and played an 

essential role in the construction of the International Space Station. It remains 

on the station to conduct maintenance, move equipment and supplies, support 
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astronauts working in space, and handle payloads until this day. The arm was 

17 meters in length with 7DOF, four colored cameras attached to it, and a 

force-moment sensor. In June 2002, when both Canadarms were in operation, 

they were used in tandem, a process nicknamed the "Canadian handshake." 

The next-generation Canadarm3 is currently under development and 

will be permanently stationed on the Lunar gateway [9]. It is designed to be 8.5 

meters long, with 7DOF, and includes force-moment sensors. It will be 

primarily controlled autonomously but can also be controlled from the ground 

or by astronauts on the Lunar Gateway. 

In 2008, the Dextre (Special Purpose Dexterous Manipulator) was 

installed on the International Space Station [10]. Dextre has two arms over 

three meters long, each arm with 7DOF allowing movement in all directions, 

and each gripper has sensors that give it a human-like sense of touch. To this 

day, it is the only robot that can repair itself in space. 

The Japanese Experiment Module (JEM) Remote Manipulator System 

(JEMRMS) is one of the National Space Development Agency of Japan’s 

(NASDA) contributions to the ISS [11]. Launched in 2008, the arm was 10 

meters long and had 6DOF permanently attached to the JEM pressurized 

module. 

The European Space Agency (ESA) has developed its European Robotic 

Arm (ERA), which will be attached to the ISS [12]. It has a relocatable base 
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intended to install solar panels on the Russian Solar Power Platform, handle 

payloads, and carry out maintenance tasks. The arm can reach up to 11 meters 

with 7DOF and can be operated by the ISS crew. 

The Experimental Test Satellite VII (ETS-VII), nicknamed Kiku-7 by 

the Japanese, was launched in 2007 and is considered the first space robotic 

OOS demonstration [13]. Its objective was to conduct different space 

experiments, including capturing and repairing a target satellite. The arm was 

two meters long with 6DOF. 

In the same year, 2007, the Defense Advanced Research Projects Agency 

(DARPA), in conjunction with Boeing, successfully launched and accomplished 

the Orbital Express mission [14]. It demonstrated different technologies for 

spacecraft servicing, including autonomous rendezvous, docking, in-orbit 

refueling, and robotic replacements. During the mission, the robotic arm 

autonomously transferred a supplemental battery and backup computer to a 

target spacecraft designed to be serviced. The success of this mission proved 

the concept of small base-mounted robotic arms used for different OOS and is 

the closest mission to be studied in our research. 

In 2010, NASA developed a set of concept missions to study satellite 

servicing; these missions are called the Notional Missions (NM) and are 

comparable to the orbital Express [15]. The GEO Supersync (NM1) mission 

aimed to develop a servicing spacecraft that could capture and control 
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noncooperative satellites, relocate them and dispose of them. The target 

satellite was assumed to tumble at 0.25 °/s in each axis. It was designed with 

four identical 2m robotic arms at the front corners connected to the inner main 

structure to match the dynamic load in the initial capturing stage.  

The GEO Refueling (NM2) objective was to develop two spacecraft: a 

refueler spacecraft and an on-orbit fuel depot that would provide necessary 

fueling service to GEO satellites with extended life. The spacecraft included 

two identical 2 m robotic arms and one refueling probe. 

The LEO Refurbishing (NM3) aimed to develop a service spacecraft 

called the dexterous service module (DSM) for different servicing objectives. 

The main highlight of the DSM design was the two robotic arms in the front of 

the DSM, which were 14m and 7m long. The longer arm was designed with two 

links to guide the docking, separation, and transfer of astronauts to the service 

position. The shorter arm was developed for dexterous manipulation via a 

specialized end effector. 

The HEO Human/Robotic Refurbishing (NM5) objective was to develop 

a human/robot telescope servicer (HRTS) that would enable astronauts and 

robots to service the Advanced Technology Large Aperture Space Telescope 

(ATLAST) being developed by NASA. It was equipped with four robotic arms: 

two 20-meter-long arms were used to capture the ATLAST and introduce 

docking, while two 2-meter-long arms were used to conduct detailed 
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manipulation. 

 In 2011, DARPA introduced the Phoenix mission [16]. Drawing 

inspiration from the phoenix rising from the ashes, the Phoenix mission aimed 

to recover durable components, including antennas, from discarded satellites 

and then conducted integration with on-orbit assembly to obtain a new 

spacecraft. The key component of the servicer was the FREND arm, which 

could meet the multiple demands of GEO conditions to provide operations 

including assembly, disassembly, maintenance, repair and refueling. 

The previous space robotic missions conducted are summarized and 

listed in Table 1.1 .  

Table 1.1  List of space robotic missions 

Mission 

Robotic 

Arm DOF 

Robotic  

Arm Length  

Robotic 

Arm Mass 

Spacecraft 

Base Mass 

Base-Arm 

Mass Ratio 

Canadarm 

[9] 
6  15 m 410 kg  78,000 kg 0.53% 

Canadarm 

[9] 
7  17 m 1,497 kg 408,000 kg 0.37% 

Canadarm3 

[9] 
7 8.5 m  715 kg  - - 

Dextre [10] 3  3.7 m  1,710 kg  408,000 kg 0.42% 

JEMRMS 

[11] 
6 10 m & 2 m  780 kg  408,000 kg 0.19% 

 European 

Robotic 

Arm [12] 
7 11 m  630 kg  408,000 kg 0.15% 
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ETS-VII 

[13] 
6  2 m  45 kg 2,450 kg 1.84% 

Orbital 

Express 

[14] 

6 3m  71 kg  953 kg 7.45% 

Rotex [15] 6 1 m  - 78,000 kg - 

GEO 

Supersync 

(NM1) [15] 

7 2 m  77 kg 3,694 kg  2.08% 

GEO 

Refueling 

(NM2) [15] 

7 2 m 77 kg 1,894 kg 4.06% 

LEO 

Refurbishin

g (NM3) 

[15] 

3 14 m & 7 m  -  4,350 kg - 

HEO 

Human/ 

Robotic 

Refurbishin

g (NM5) 

[15] 

- 20 m & 2 m - 31,870 kg -  

Human/ 

Robotic 

Assembly 

(NM6) [15] 

- - - Up to 7 tons - 

Pheonix 

[16] 
7 1.8m 77 kg - - 

 

1.2 Justification of Research 

Space technologies have materialized our wildest dreams, from 

exploring space to the potential colonization of different planets. As we venture 

further into the cosmos, the need for sophisticated tools and technologies 

becomes increasingly apparent. Among these tools, space robotic manipulators 
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stand out as crucial assets for various missions, including on-orbit servicing, 

in-space assembly of large structures, and space debris removal. 

The proliferation of space debris poses a significant risk to operational 

spacecraft and future missions. Robotic manipulators can be used to capture 

and remove debris from orbit, helping to mitigate the growing problem of space 

debris and safeguarding valuable assets in space.  

By developing innovative manipulator designs, control algorithms, and 

operational strategies, we can unlock new opportunities for exploring, 

discovering, and utilizing space resources. 

Designing spacecraft servicing systems to minimize mass is crucial for 

cost-effective development and launches. The emergence of a new robotic 

manipulator integrated into compact satellite bases heralds a promising future 

for tasks like space debris removal and various space operations. However, this 

innovation introduces a challenge: the manipulator's movement can perturb 

the base due to the dynamic coupling between the manipulator and the 

spacecraft, stemming from momentum conservation principles. In contrast to 

the well-established Canadarm on the ISS, where the base spacecraft's mass 

vastly exceeds that of the manipulator, disturbances caused by the 

manipulator's motion are practically negligible. However, with the smaller 

base mass of the satellite-mounted manipulator, even slight disturbances can 

impact operations significantly. While the advantages of satellite-mounted 
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robotic manipulators are substantial, meticulous study of their motion 

planning and control algorithms is imperative. These studies must carefully 

account for dynamic coupling to ensure optimal performance and mission 

success.  

Experimental validation for any research is never without difficulties. 

This is truer for space applications where access to space for experimental 

validation is limited and expensive. Launching hardware to space for testing 

purposes requires careful planning and coordination, often involving 

collaboration with space agencies or commercial launch provider. Despite this, 

researchers and engineers strive to overcome these challenges through 

innovative approaches, such as ground testbeds that can mimic the space 

environment accurately. Continuous improvement in validation methodologies 

and technologies is essential to ensure the reliability and effectiveness of space 

manipulators for future space exploration and applications. With that in mind, 

this study aims to design and build a ground testbed that can mimic the 6DOF 

motion of a space robotic manipulator in micro-gravity environment. 

1.2.1 Space Manipulator Control  

 Challenges of Space Manipulator Control 

Controlling space robotic manipulators poses several challenges due to the 

unique environment and characteristics of space operations: 
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(i) Limited Communication. Communication delays and bandwidth 

constraints between the ground control and the robotic manipulator 

can hinder real-time control, requiring the development of robust 

autonomous control algorithms. Furthermore, real-world sensing 

capabilities are always subject to noisy signals. 

(ii) Dynamic Coupling. Dynamic coupling between the manipulator and 

the spacecraft base can lead to undesired disturbances during 

operation, necessitating sophisticated control strategies to mitigate 

these effects. 

(iii) Safety and Collision avoidance. Ensuring the safety of space assets 

and avoiding collisions with other objects, including spacecraft and 

debris, is critical during robotic manipulation tasks, requiring 

obstacle and collision avoidance algorithms. 

(iv) Power and Resources. Spacecraft have limited power and resources 

available for control systems, imposing constraints on control 

algorithms' complexity and computational requirements. 

 

 Limitations of Existing Studies 

To date, existing studies on space robotic manipulators face several limitations, 

some of which include: 

(i) Simplified Simulation Environments. Many studies rely on 
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simplified simulation environments that may not accurately 

represent the complexities of space conditions, such as microgravity 

and dynamic coupling. These simplifications can lead to 

discrepancies between simulated results and real-world performance. 

(ii) Assumptions about System Dynamics. Control algorithms often rely 

on simplified models of robotic manipulators and their dynamics. 

However, these assumptions may not fully capture the complexities 

of the space environment, such as dynamic uncertainties, external 

disturbances, and noisy sensor input. 

(iii) Single-Task Optimization. Many studies focus on optimizing control 

algorithms for a specific task or scenario, such as performing a single 

task or grasping the same target. However, space robotic 

manipulators are expected to capture different targets from various 

positions, requiring versatile and adaptive control strategies. 

(iv) Integration with Artificial Intelligence. Although AI techniques hold 

promise for enhancing the autonomy and adaptability of space 

robotic manipulators, their integration into control algorithms is still 

in its early stages. Challenges include data scarcity and safety 

considerations in autonomous decision-making. 

(v) Limited Experimental Validation. While simulation studies are 

valuable for theoretical analysis and initial testing, they often lack 
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comprehensive experimental validation in real space environments. 

Limited access to space and prohibitive costs associated with space 

missions make it challenging to validate control algorithms under 

actual operating conditions. 

1.2.2 Space Manipulator Experimental Validation  

This dissertation details our efforts to design and construct a hardware-

in-the-loop ground testbed with active gravity compensation at York 

University. The testbed can perform the 6 degrees-of-freedom (DOF) motion 

maneuvers that a free-floating robotic manipulator or a tumbling satellites/ 

target can achieve in microgravity conditions. It incorporates two industrial-

sized 6DOF robotic arms, along with a number of sensing equipment such as 

cameras and force/torque sensors. This work also includes the initial 

experimental results in motion control, computer vision, and sensing 

equipment capabilities. The facility will serve as an invaluable tool for the 

development and validation of space robotic manipulators capture maneuvers, 

ultimately enhancing their effectiveness and reliability in space missions. 

1.3 Objectives of Proposed Research 

To address the existing challenges and limitations highlighted in the 

previous section, this dissertation studies the dynamic behavior and control of 
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space robotic manipulators and their application to remove or retrieve space 

debris. The research objectives of this study are presented as follows: 

(i) Study the control problem of a space robotic manipulator system for 

autonomous guidance and capture of a target. 

(i) Develop the framework for using artificial intelligence (AI) to solve 

the space robotic manipulator motion control problem. 

(ii) Investigate different mission scenarios, constraints and optimization 

criteria that can be integrated into the AI motion planning solution. 

(iii) Verify the effectiveness of the proposed control strategy using a 

realistic simulation environment in microgravity, under dynamic 

conditions, and with noisy inputs. 

(iv) Construct a fully operational micro-gravity experimental system in 

our lab using a Hardware-in-the-Loop testbed to mimic the space 

environment and test various control strategies. 

1.4 Methodology of Approach 

The methodology adopted in this dissertation initiates an in-depth 

exploration of the complex dynamics governing space robotic manipulator 

systems. It delves into the primary challenges encountered in controlling these 

systems, particularly emphasizing the dynamic coupling between the base and 

manipulator, which often leads to dynamic singularities. Subsequent 
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investigations focus on adapting and extending various robotic control and 

optimization techniques to address the motion control aspects of space robotic 

manipulators. 

A pivotal aspect of this research involves the development of a 

comprehensive framework tailored to address the guidance and control 

dilemmas inherent in space robotic manipulators, leveraging artificial 

intelligence, specifically reinforcement learning. An in-depth examination of 

reinforcement learning algorithms is done, necessitating a profound 

understanding of their core components. Integrating the space manipulator 

system into the reinforcement learning framework demands a nuanced 

comprehension of these components to devise viable solutions to the control 

problem. 

The framework comprises essential elements, notably the agent, a 

neural network functioning as the system's cognitive center. Upon thorough 

training, this agent gains the capacity for autonomous control over the robotic 

manipulator. Additionally, the meticulous design of the reward function is 

imperative and tailored to steer the system towards predefined objectives. 

These objectives primarily encompass guiding the robotic end-effector towards 

targets, achieving precise position and orientation alignment for soft capture, 

circumventing collisions between robotic links or obstacles, and enhancing 

path optimization based on specified criteria and constraints. 
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Furthermore, the environment within which the reinforcement learning 

agent operates is meticulously constructed to mirror real-world conditions. It 

encompasses the space manipulator system and its constituent elements, 

integrating dynamic targets, obstacles, and realistic sensor data, often subject 

to noise. This environment serves as the training ground for the agent to 

explore and ascertain feasible solutions. 

Ultimately, the efficacy and robustness of the developed space robotic 

manipulator system are validated through practical demonstrations on our 

ground testbed. These demonstrations include the motion of a tumbling target 

satellite in space, the space robotic manipulator motion obtained from a 

trained agent to achieve capture, and different sensory data acquisition. This 

testbed features two industrial robotic arms configured in a Hardware-in-the-

loop arrangement, providing a platform for careful evaluation and validation 

of the system's performance. 

1.5 Outline of this Dissertation  

The dissertation includes eight chapters. Chapter 1 gives an 

introduction and justification. Chapter 2 presents a comprehensive review of 

the literature on various path planning and control methods used in fixed-base 

robotic systems. It also includes an in-depth examination of free-floating 

manipulator systems and explores the experimental validation technologies 
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employed in space manipulators. Chapter 3 provides the mathematical 

formulations for studying the free-gloating manipulator control and the HIL 

ground testbed modeling. Chapter 4 focuses on reinforcement learning, the 

mathematical formulas that govern the training, and how it is implemented to 

achieve our desired outcomes. Chapter 5 includes the simulation results and 

discussion. Chapter 6 focuses on multi-scenario reinforcement learning and 

includes the simulation results and comparisons. Chapter 7 describes our 

experimental testing and validation of the HIL space robotic manipulator 

system’s feasibility and effectiveness in maneuvering a tumbling target in a 

microgravity environment provided by the 6DOF industrial robots. Finally, 

Chapter 8 summarizes the contributions of this research and states the 

potential future research aspects. 
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Chapter 2 LITERATURE REVIEW 

Summary: In this chapter, we review the literature on different robotic path 

planning and control methods, extending these methods to space robotic 

manipulators and using reinforcement learning to tackle this problem.  

2.1 Robotic Path Planning and Control  

Robotic systems are growing increasingly popular each year, with a wide 

variety of applications in almost all aspects of our lives. These applications 

range from mobile, industrial, surgical, and even space robots. Now, it might 

seem that the wide use of robots in modern life implies that the motion-

planning problem has already been solved. However, this is far from true. With 

increasingly more ideas being implemented by robotics systems in different 

applications, the desire for autonomous path planning methods is at an all-

time high. This section will review the most up-to-date autonomous path 

planning techniques. Furthermore, we will list the advantages and 

disadvantages of these methods and conclude this review with some of the 

currently open research problems in the field. 

In general, the goal of path planning algorithms is to achieve the pose 

alignment between robotic EE and target; additionally, this path can be 
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optimized by some criteria, such as the least amount of energy (the closest 

path), reducing the travel speed, and processing time (computation). More 

importantly, the path can avoid Obstacles and collisions. This section will 

contain the following methods that are currently being researched in different 

robotic systems: Coverage Path Planning, the Random Walk, Sampling-Based 

Motions Planning (this includes the Rapidly Exploration of Random Trees and 

the Probabilistic Road Map), the Artificial Potential Field method, Greedy 

Algorithms (such as Dijkstra’s, A*, etc.), Genetic Algorithms, Swarm 

intelligence (such as: Ant Colony Optimization, Particle Swarm Optimization, 

etc.), and finally the Machine Learning Algorithms, and Reinforcement 

Learning; two of the most hot research topics currently being explored in 

robotic systems. 

Coverage path planning (CPP) determines the best path out of all points 

between initial and final states while detecting and avoiding obstacles in a 

target environment [17]. The goal of the CPP algorithm is to compute the 

optimal path and project a collision-free trajectory within an area of interest 

(AOI). CPP algorithms can be classified into two approaches: classical 

algorithms and heuristic-based algorithms, summarized in  Figure 2.1. 
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Figure 2.1  Coverage Path Planning Algorithms 

 

The Random Walk (RW) method is used to solve one of the complex 

problems in robotics: environment exploration. The main goal is to explore an 

unknown area to achieve collision-free path planning. The cleaning robot is the 

best example of an autonomous robot using random walks [18]. There are two 

main types of RW: 

a) Fixed linear. A robot with a fixed linear approach randomly turns at an 

angle and frequently moves at a straight line until it collides with the wall 

or obstacle boundaries. These are shown in Figure 2.2. 
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Figure 2.2  Motion path of RW, spiral, and S-shape algorithms [18] 

b) Variable step. This method computes a set of RW directions based on the 

probability distribution of step lengths taken by the robot. The variable step 

includes two methods: Brownian motion (BM), where the robot based on 

BM repeatedly moves in a step length with a normal distribution and 

randomly turns in a direction, and Levy flight, where the robot of LF travels 

a distance in which the step length depends on Lévy's probability 

distribution. 

For a small environment, one robot may be enough to explore and map 

an unknown area; however, for large environments, it is inefficient to have one 

robot to explore it. So, multi-robots are preferred; to be more specific, swarm 

robots are used widely for this type of area exploration because of their 

robustness, flexibility, and scalability [19]. 

In Sampling-Based Planning algorithms, instead of mapping the whole 

environment (which requires more computation), the algorithm will map the 

configuration space using randomly generated nodes. These sampling-based 

planning algorithms include: 



25 

 

a) Probabilistic Roadmap (PRM). This algorithm consists of two phases [20]. 

First, the planning phase randomly generates several nodes in the robot 

configuration space and checks if they are collision-free (if they are in the 

free configuration space, they are kept, but if they are in the obstacle space, 

they are discarded). Then, it connects the remaining nodes with a straight 

line. Secondly, the query phase creates a path between the starting and 

final positions. 

The connection between nodes is called the Local Path Planner, and 

instead of simply using a straight line, PRM can be optimized by combining it 

with a greedy search algorithm such as A* [21]. In [22], the probabilistic road 

map with an improved A* algorithm was used for the path planning of an 

industrial robot with 6Dof. The improved A* method was implemented to 

obtain a better path (which is usually zig-zagged due to the random placement 

of nodes). Figure 2.3 shows the difference between paths. Furthermore, the 

number of nodes required was less than the old A* method. 

 

Figure 2.3  a) path obtained by A*. b) path obtained by improved A* [22] 
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b) Rapidly exploring random tree (RRT): This algorithm will construct a graph 

to search and explore the configuration space using a tree-like form. The 

tree incrementally grows from the starting point to the final point. First, a 

configuration is randomly selected in the configuration space; if it lies in 

the free obstacle space, a connection is attempted to the nearest point in the 

tree [23]. 

For single query problems, RRT is faster than PRM. It does not need to 

sample the configuration space and construct a roadmap (skipping the learning 

phase). Another good improvement on the RRT was done in [24]. Using two 

trees, one tree at the starting point rapidly explores towards the final point, 

and another at the final point rapidly explores towards the start. As they grow 

towards each other, making a connection on both trees to generate the shortest 

path between them. 

Although the path generated by the RRT is fast, it is not the optimized 

solution for the path planning problem. An improved version called RRT* can 

solve that. The RRT* implements the A* algorithm to get the optimal path 

from the starting point to each new node on the tree, meaning that at every 

new node in the tree, the optimal path is found from the start point to that 

node. Therefore, when the tree reaches the final point, it will generate the 

optimal path from the start to the final positions [25]. This gives us the optimal 

path, but as you can imagine, it will take more time to compute (at every new 
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node, the optimal path to that node must be computed). 

In [26], path planning with obstacle avoidance for a 6 DOF industrial 

robot manipulator was done using three different RRT-based algorithms and 

a comparison between them. This study implemented the RRT method first, 

then the RRT*, and thirdly, optimized the path created using Bezier curves 

(the Bezier curve is a tool for smoothing, which can reconstruct the local route 

without changing the shape of the whole path). The different results can be 

seen in Figure 2.4. 

 

Figure 2.4  Path obtained by RRT, RRT*, and Bezier curve [26] 

The Artificial Potential Field (APF) method is mainly used for obstacle 

avoidance while planning a path towards the goal position. An artificial 

(fictional) attraction force is created at the goal position to “pull” the robot 

towards it, and another artificial (fictional) repulsive force is created at the 

obstacle to “push” it away from it. The resultant force will create an optimized 

path that will reach the goal positions and, at the same time, avoid obstacles 

along the path [27]. 
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The artificial potential field method has been widely used in UAV 

trajectory planning because of its simplicity, high efficiency, and smooth 

trajectory generation [28]. Furthermore, this method has gained popularity for 

obstacle avoidance path planning of industrial 6DOF manipulators [29–31]. In 

these papers, the artificial potential method, typically implemented in 2D 

space, has been extended to 3D space. In [32], an improved artificial potential 

field method was used in the path planning of a 6DOF, a free-floating space 

manipulator, to move through a window-shaped obstacle and avoid a collision. 

This was done by setting the square-shaped obstacle first and then 

implementing the APF. Furthermore, calculating the distances between the 

robot EE plus links and the window will create a path to ensure the robot 

avoids the obstacle. Finally, the EE path and attitude were continuously 

tracked using the space robot Generalized Jacobian Method. Figure 2.5 below 

shows the EE path result of this study. 

 

Figure 2.5  End Effector trajectory using APF and extended APF [32]  
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When using the APF method (setting the attraction force at the goal 

location and repulsive force along the window obstacle), the EE path would go 

under the window (black line in the figure) and cause a collision between the 

robot manipulators' links and the obstacle. To overcome this, the goal position 

(attraction force) was placed in the middle of the window. Then, after the EE 

passed through the window, the goal position was removed from the middle 

and placed at the final goal position.  

A study was done in [33]. In this case, obstacle avoidance using the 

artificial potential field method was implemented on a planar 2DOF free-

floating space manipulator (in 2D space). In this study the objective was for 

the robot to reach its goal while avoiding obstacles along the path, and to 

minimize the dynamic coupling effect that exists in a free-floating robot 

manipulator. This was done by Creating a hybrid map in configuration space 

as seen in Figure 2.6. 
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Figure 2.6  a) obstacle map in Cartesian space. b) obstacle map in 

configuration space. c) coupling effect map in configuration space. d) hybrid 

map in configuration space [33]  

Greedy Algorithms are common path finding algorithms, they obtain the 

best possible local path choices at each node in order to find the best global 

path solution. greedy algorithms are simple, easy to implement, and generally 

fast. These path finding algorithms can be categorized into two types [34]. 

The informed search algorithms. where the algorithms take into 

consideration the location of the destination relative to existing location (such 

as Dijkstra’s algorithm, A*, D*, and Theta*). The Uninformed search 

algorithms, where the algorithm does not have the concept of location of the 

destination relative to existing location (such as Depth-first, and Breadth-first 

Genetic Algorithms (GA) are algorithms inspired by nature (Darwinian 

evolution) in order to obtain the best solution for an optimization problem. This 

involves an initialization method, variation operators (crossover and mutation), 
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and a fitness function to evaluate each chromosome. the goal is to minimize/ 

maximize this cost function. The GA begins by choosing an initial population 

which represents the possible solutions (chromosomes) to the problem to be 

optimized; this is done by an initialization method or at random. Then each 

possible solution (chromosome) is evaluated using the cost function to 

determine its quality. Next a genetic operator will choose the parents which 

can reproduce (depending on their value). After that crossover is applied to 

create new offspring by recombining data from the two parents selected in the 

previous step. Another genetic operator called mutation is used to guarantee 

the diversity of the population by changing the genetic structure of some 

individuals according to a mutation rate. This evolutionary cycle is repeated 

until the stopping criteria is satisfied [35]. In this paper the GA based approach 

was used for path planning of autonomous mobile robot. 

Genetic Algorithms can be further improved by using more than one cost 

function. In [36] a multi objective genetic algorithm was used for optimization 

of a redundant serial robot to be used in high-quality pipe cutting. The first 

objective function was used to reduce vibration effects, whereas the second 

objective function was used to get the optimal motion. 

Swarm Intelligence is the method of solving optimization problems 

inspired from the behavior of different living organisms. It comes from the 

collective intelligence that comes from individuals working together in a 
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swarm. The main goal of swarm intelligence is to solve optimization problems 

with a probability-based search algorithm. The three main types of swarm 

intelligence are: Particle swarm optimization (PSO), ant colony optimization 

(ACO), and bee colony optimization (BCO). 

PSO is one of the most popular and used swarm optimization methods. 

It gained increasing popularity among researchers as a robust and efficient 

technique for solving difficult optimization problems. In PSO each particle in 

the swarm represents a possible solution that moves through the problem 

search space looking for the optimal solution. Each particle transmits its 

current position with its neighbouring particles. The position and velocity of 

each particle is adjusted depending on 3 main components [37], The particles 

velocity (rate of change), the difference between the particles current position, 

and the best position it has found so far, and the difference between the 

particles current position, and the best position found so far by its neighbours. 

In [38] the Trajectory planning of a 7 DOF redundant free-floating space 

robot was done using Particle Swarm Optimization (PSO).  

Today, a wide range of different rule-based AI systems are being 

implemented in autonomous robots without human intervention [39]. However, 

these types of deterministic algorithms cannot be adapted to a dynamic 

environment and are superseded by Machine Learning based AI that uses 

neural networks. Figure 2.7 shows the types of Machine Learning. 
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Figure 2.7  Types of Machine Learning Algorithms   

 

Machine Learning (ML) classifies, identifies patterns, and makes 

predictions about the input data; they learn from examples they have been 

shown, such as a training set, correlating data with labels, to create a model 

that can classify anything. The problem with implementing this in an 

autonomous space debris removal robot is the lack of training sets; there is 

very limited available data for ML training. 

Reinforcement Learning (RL) is proposed in order to overcome this 

problem; it has the ability to learn a policy for decision-making by interacting 

with the environment while using a pre-defined reward function instead of 

relying solely on input data sets [40]. This happens by allowing a piece of 
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software called an agent to explore, interact with, and learn from the 

environment. The agent can take an action which affects the environment, 

changing its state, and the environment then produces a reward for that action. 

However, reinforcement learning (RL) has its drawbacks. Since the 

agent learns through exploration and interaction with the environment, it 

must explore all possible outcomes, including low-reward areas. This results 

in slower learning approach, as the agent spends time exploring suboptimal 

regions during the training process. Another disadvantage is the high risk of 

damage; the agent will explore a random or unpredictable task. 

To address these challenges, the training process can be conducted in a 

simulated environment, with the trained agent later deployed in the real world. 

For effective training with minimal discrepancies between simulation and 

reality, it is crucial to build an accurate model of the physical environment. 

The model refers to the different dynamic states of an environment and how 

these states lead to a reward. By doing so, the RL will need a smaller number 

of interactions between the robot & environment and will have a faster 

approach to the optimal solution. Furthermore, it will not explore and random 

or unpredictable tasks that can damage the robot and its surroundings. 

These methods, implemented algorithms, robot type used, advantages, 

and disadvantages are summarized in Table 2.1. With more detailed literature 

on Reinforcement in later sections. 
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Table 2.1  Summary of Path Planning Algorithms 

#Ref Algorithm Method Robot Advantages Disadvantages 

[18] 

[19] 

Random 

Walk 

- RW, spiral, 

and S-shape 

algorithm. 

-Improved 

RW 

-Vacuum 

cleaning 

robot. 

-swarm 

robots   

-Simple and low 

computation cost. 

-Can explore 

unknown area. 

-Less coverage 

efficiency with 

obstacles. 

-Overlapping of 

explored areas. 

[20] 

[21] 

[22] 

Probabilist

ic Road 

Map 

(PRM) 

-PRM 

-PRM with A* 

local path 

planner. 

-improved 

PRM with A* 

-mobile 

robot 

-industrial 

robot 

manipulat

or 

-low 

computation 

(only samples of 

environment). 

-Can be used for 

high dimensional 

configuration 

space. 

-Limited coverage 

near boundaries 

& obstacles. 

-Not suitable for 

dynamic 

environment. 

-Not global 

optimal solution. 

[23] 

[24] 

[25] 

[26] 

Rapidly 

exploring 

random 

tree (RRT) 

-RRT  

-RRT* 

-improved 

RRT* with 

Bezier curves 

-mobile 

robot 

-industrial 

robot 

manipulat

or 

-RRT faster than 

PRM 

-RRT* can 

generate smooth 

path 

-Not optimal 

solution. 

-Not suitable for 

dynamic 

environment 

[27] 

[28] 

[29] 

[30] 

[31] 

[32] 

[33] 

Artificial 

Potential 

Field 

(APF) 

-APF 

-improved 

APF 

-Hybrid 

between APF 

and 

minimizing 

robot-base 

coupling. 

-mobile 

robots 

-UAV’s 

-industrial 

robots 

-space 

robots 

-fast response 

-low 

computation 

time 

-smooth path  

-best at avoiding 

obstacles 

-hard to 

implement in real 

environment  

-can get stuck in 

local minimum 

solution, 

[34] 
Greedy 

algorithms 

-Dijkstra 

algorithm A*, 

D*, Theta*, 

Depth-first, 

and Breadth-

first. 

-

Warehouse 

robot 

-simple to 

implement 

-low 

computation 

-D* can work in 

a dynamic 

environment 

with fast 

replanning. 

-large memory 

-cannot work in 

dynamic 

environment 

-D*’s fast 

replanning will 

have high 

computational 

cost in large 

space. 

[35] 

[36] 

Genetic 

Algorithms 

-GA 

algorithm 

-Multi-

objective GA 

-mobile 

robot 

-

redundant 

serial robot 

-capable of 

global search. 

-capable of 

multiple 

objectives search. 

-high 

computation time 

-high modelling 

complexity. 
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[37] 

[38] 

[39] 

Particle 

Swarm 

Optimizati

on  

-PSO 

algorithm 

-multi 

objective PSO 

-mobile 

robot 

-UAV’s 

-industrial 

robot. 

-space 

robot 

-capable of 

global search. 

-capable of 

multiple 

objectives search. 

-can be trapped 

in local minimum. 

-slower 

convergence 

towards the end. 

[40] 

[41] 

[42] 

Reinforce

ment 

Learning 

- Model Free 

RL 

-Model Based 

RL 

 

-can be trained 

in parallel. 

-high efficiency 

to avoid obstacles 

-can handle 

dynamic 

environments 

-does not require 

training data set 

-slow convergence 

in training phase. 

-requires agent to 

directly affect 

environment; this 

will cause high 

wear & tear of the 

robot, and high 

risk of damage. 

 

 

2.2 Space Manipulator Path Planning and Control  

Path planning for space robotic manipulators presents unique 

challenges distinct from those encountered with fixed-base manipulators. 

Typically, a space robotic manipulator system includes a base spacecraft with 

one or multiple robotic manipulators, see Figure 2.8. 

 

Figure 2.8  Space Robotic Manipulator system [5]  
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Space robotic manipulator systems are divided into two categories based 

on how they operate: free-flying and free-floating [43]. In a free-flying 

manipulator, the pose, or position and orientation, of the base spacecraft is 

actively controlled by thrusters while the manipulator performs its tasks, 

making it similar to a fixed-base manipulator. The path planning and control 

of the manipulator in such conditions have been well-studied [44]. However, 

this comes at the cost of fuel consumption, which reduces the orbital life of the 

system. In contrast, free-floating manipulator systems have a base spacecraft 

whose pose is not controlled, except the manipulator’s joints are actively 

controlled. The free-floating configuration is advantageous as it can save 

spacecraft fuel (that would be consumed for base attitude control) and avoid 

possible collision with the target due to the excess excessive attitude control on 

the base spacecraft. This configuration leads to dynamic coupling between the 

manipulator and the base spacecraft due to the conservation of momentum, 

which presents unique challenges for path planning and control, as 

manipulating the end-effector can disturb the base spacecraft’s pose and vice 

versa. As a result, the end-effector’s pose depends on not only current joint 

angles but also the previous velocities of the joints and base spacecraft [45]. 

The nonholonomic characteristic of the angular momentum means that path-

planning solutions typically used for fixed-base or free-flying space 

manipulators cannot be directly applied to free-floating space manipulators 
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[46]. 

When using a free-floating space manipulator, the system may 

experience Dynamic Singularities [47]. The existence of dynamic singularities 

is shown first by writing the kinematics and conservation equations (section 

3.1). The end-effector’s linear and angular velocities can be expressed solely as 

a function of the velocities of the manipulator controlled joint angles, and that 

they do not depend upon the uncontrolled linear and angular velocity of the 

base spacecraft, resulting in the Generalized Jacobian Matrix (GJM). 

The rank of this Jacobian matrix is deficient at given points in the 

manipulator’s joint space which results in the manipulator being unable to 

move its end-effector in some direction in inertial space. These singular points 

cannot be determined solely from the kinematic structure of the system and 

instead depend upon a system’s masses and inertias; hence they are called 

dynamic singularities. 

Since they are not fixed in a manipulator’s inertial workspace, dynamics 

singularities are path dependant. This is because the end-effector location in 

inertial space depends upon the history of the spacecraft attitude which is 

determined by the path taken by the end-effector. 

This path dependence is due to the non-integrability of the angular 

momentum of the system. A result of this property is that, if the end-effector 

returns to its initial inertial location and orientation after having followed a 
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closed path in inertial space, the spacecraft’s orientation and the manipulator’s 

configuration will be different than the initial ones. Up to date there are only 

two methods to handle Dynamics singularities: 

1 Transform the complex dynamic singularity problem into a real-time 

kinematic singularity avoiding problem [48]. For this method, the robotic 

EE velocities are expressed relative to the base frame (similar to fixed base) 

and the base attitude and angular velocity must be measured by 

corresponding sensors in real-time. 

The Jacobian matrix is used and is independent on the mass parameters, 

meaning the singularities are kinematic singularities. Although the 

dynamic singularity points cannot be identified beforehand, when the 

angular velocity and the attitude of the base are measured in real-time (at 

each sampling period), the simplified kinematics are derived. transforming 

the complex dynamic singularity problem into a real-time kinematic 

singularity avoiding problem. 

2 Plan the path of the free-floating space manipulator only within its Path 

Independent Workspace (PIW). In [49], it is shown that the workspace for 

a free-flying space manipulator (where the attitude of the base is controlled) 

is a sphere with its center at the CM of the system. Furthermore, for a free-

floating space manipulator (where the attitude of the base is not controlled) 

points in this space can be reached but with suitable path selection. 
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This concept was tested by Papadopoulos [50]. Using a planar 2DOF free-

floating space manipulator as shown in Figure 2.9. 

 

Figure 2.9  A planar 2-DOF free-floating robotic system [50]  

He derived the kinematics equations for the manipulator, constructed the 

Generalized Jacobian Matrix, and built the workspace as seen in Figure 

2.10. 

 

Figure 2.10  The reachable, Path dependant, and Path independent 

Workspace [50] 

Within the reachable workspace of the manipulator there are two main 

regions; the Path Independent Workspace (PIW), where any point can be 
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reached by any path, and it will never lead to dynamic singularities. An 

example of the PIW was moving the manipulator EE from point E to D in 

the Figure 2.10. It moved without any issues. The Path Dependent 

Workspace (PDW), where any point can be reached but may or may not 

encounter dynamic singularities. Meaning that point can be reached with 

some paths but not with others. An example of the PDW was moving the 

manipulator EE from point A to B; the direct path encountered a dynamic 

singularity and failed. However, moving from point A to C first then moving 

from point C to B worked, and the manipulator did not encounter a dynamic 

singularity. 

To plan the path of the free-floating space manipulator only within its 

PIW is not practical since the PIW is a fraction of the full workspace that can 

be utilized. As proven by Papadopoulos, with trial and error we can reach any 

point in the workspace (even within the PDW) by using a different path. 

Leading research towards Optimization techniques and more recently 

Reinforcement Learning. 

Various techniques have been proposed to address the challenge of the 

path-planning problem of free-floating space manipulators, which impose 

difficulties not encountered for fixed-base manipulator control [51–53]. One 

direct solution to path planning is based on the inverse kinematics of a space 

robotic manipulator while satisfying the nonholonomic angular momentum 
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constraints [51]. However, the optimality of the path cannot be guaranteed due 

to unknown dynamic singularities, which can seriously degrade the 

performance of free-floating manipulators [53].  

Optimization theory offers better path-planning solutions, in [38] the 

Trajectory planning of a 7 DOF redundant free-floating space robot was done 

using Particle Swarm Optimization (PSO). Treating the path planning 

problem as an optimization problem and taking into consideration the 

existence of the kinematic and non-holonomic redundancies. Three simulation 

cases were done; The first case was to find an optimized path for the free-

floating robot’s EE that can reach the target location (with an admitted 

position and orientation error). In the second case a multi objective 

optimization problem was solved, with two objectives; the EE was required to 

reach the desired pose, and at the same time minimize the base orientation 

disturbance. In the third case another objective was introduced; along with the 

first two objectives above, the third objective was to maximize the robot’s finial 

manipulability. In [53] a non-singular terminal sliding mode controller was 

used to find a path planning solution for a free-floating manipulator with 

improving the transient performance and reduce unexpected base motion in 

the presence of disturbance.  

Although optimization techniques succeed in finding a feasible solution 

for free-floating manipulators, these methods suffer from heavy computational 
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loads of optimization, making real-time implementation difficult to handle 

uncertain disturbances. Furthermore, if the initial conditions of the system 

change, the solution must be reoptimized and solved again. 

To overcome these challenges, recent advancements have pivoted to 

machine learning [54], particularly reinforcement learning (RL) [55]. RL 

enables an agent to learn a decision-making policy for complex tasks in 

dynamic and uncertain environments, such as the robotic manipulator in this 

context, to maximize a pre-defined reward function [56,57]. In such a process, 

the agent sends commands to change the manipulator’s state and receives 

feedback in the form of rewards based on the outcomes of that action in a 

Markov Decision Process (MDP) without any prior samples and rules. The 

training under RL is conducted in joint space, which bypasses the kinematic 

and dynamic singularities prevalent in the Cartesian space of free-floating 

robotic manipulator. If a singularity occurs and the target is not reached in the 

training, the RL algorithm simply discards the episode due to lack of reward, 

which is contingent on successful path planning. 

Numerous Reinforcement Learning algorithms, such as Q-learning, 

Deep Deterministic Policy Gradient (DDPG), and Actor-Critic algorithms, have 

demonstrated success in addressing path-planning challenges for free-floating 

robotic manipulators in continuous action space. For instance, the soft Q-

learning algorithm has been effectively used with a 3-DOF space robotic 
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manipulator to guide the end-effector towards a target while minimizing joint 

torques [58]. Although Q-learning is suited to environments with discrete 

action sets, policy-gradient-based methods like DDPG are better for continuous 

state and action spaces [59]. DDPG has been widely applied to various 

manipulators. It was used for a 2-DOF space robotic manipulator in [60] with 

a reward function that accounted for obstacle avoidance, coupled base-

manipulator dynamic disturbances, and path length constraints. Another 

application [61] involved the path planning for a 3-DOF space robotic 

manipulator, where DDPG facilitated faster approach by incorporating pre-

trainings to improve learning efficiency. Similarly, for a dual 3-DOF arm space 

robotic manipulator [62], DDPG was used with velocity constraints to avoid 

arm self-collision in its reward function. The Actor-Critic algorithm was also 

applied to a 6-DOF space robotic manipulator for target capture tasks [63]. 

Moreover, the DDPG algorithm was used for collision-free path planning of a 

7-DOF fixed-base manipulator [64] and free-floating space manipulator [65] by 

representing obstacles with artificial potential fields in the reward functions. 

In [66] the DDPG was also used for motion planning of a 3-DOF space 

manipulator in order to learn to achieve capture and avoid collisions between 

the robotic links with themselves and target. 

 However, these studies often overlook factors such as observation noise 

and the suppression of robotic link oscillations. Additionally, they typically 
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presume relatively small manipulator-base spacecraft mass ratios. This 

assumption suggests a similarity to fixed-base robotic manipulators, which 

may not accurately represent the operational dynamics of certain free-floating 

robotic manipulator. 

Table 2.2 summarizes the application of RL in the path planning of 

space robotic manipulators and associated reward functions in the literature. 

It shows the predominant application of the DDPG algorithm across successful 

implementations. Most studies investigated 3-DOF robotic manipulators, with 

relatively fewer works for 6-DOF or beyond. A common oversight in these 

studies is the disregard for joint velocity constraints. Notably absent is 

consideration for quaternion-based attitude control and the impact of state 

measurement noise that is critical to real-world applications. Furthermore, the 

utilization of scalar reward functions in the MDP may inadvertently restrict 

the search space or fall into local optima, potentially due to overfitting. The 

challenge of striking a balance between exploration and exploitation in RL 

continues to be a focal point of ongoing research [67]. 

Table 2.2  Literature employing RL for Space robotic Control 

Ref Algorithm DOF Reward Function Expressions 

Constraints Included 

EE 

Position 

EE 

Attitude 

Joint 

Velocity 

[60] MRDDPG 2 Depends on constraints (safety, Yes No No 
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disturbance, path) 

[58] 

Soft Q-

Learning 

3 ( )
( )2 2

1 2

2

3

logK d K d
R t T

K





 + +
 = −
 + 

 Yes No No 

[61] 

DDPG + pre-

training 

3 
( )2 2

1 20.99

2

3

log
0.3 t

K d K d
R

K





 + +
 = −
 + 

 Yes No No 

[62] DDPG 3×2 

( ) ( )

( )

2 8

1 2 1

8 2

2 1, 1

2 2

2, 2 min

log 10

log 10 ( 1)

( 1) 1 (100 0.5)

e

e

R d d d

d v d

v d d

−

−

= − + − +

− + − +

− + − +

 Yes No Yes 

[63] Deep RL 6 

2

1 (2 ) (1 2)( 3 ) 33.6R d d  = − + − − −  

2 2

2 0.1 1.9 0.1

1 10    0.1

d d
R

e d d

− − 
= 

+ − 
 

3 2

2 0.1 1.9 0.1

cos( ) 10 0.1

d d
R

d d





− − − 
= 

− − 
 

2 2 2 2 2 2,   d x y z    = + + = + +  

Yes 

Yes 

(Euler 

angle) 

No 

[65] DDPG 7 
1 2

1

( , ) [( 1)( 1)]

( , ) ( , )t t

U d K d K d

R U d U d

 

 +

= − + + +

= −
 Yes 

Yes 

(Euler 

angle) 

No 

[66] DDPG 3 ( )
2

1 2CR K d p K = − − −   Yes No Yes 

R is the reward gained each timestep t, t/T is a scaler that amplifies the 

reward in the final phase of the capture approach, d is the distance between 

the robot’s EE (end-effector) and target,    is the sum of all joint torques, (K1, 
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K2, K3) are the weights, ve is the EE’s linear velocity,   is the orientation 

difference between the EE and the target in Euler angles (   ), U (d,  ) and 

Ut+1(d,  ) are the potential energy at the time t and t+1, Cp  is a collision 

penalty, and ( )
2

 is the sum of joint velocities.  

Table 2.3 also summarizes the application of RL in the path planning of 

space robotic manipulators in the literature, with special focus on the different 

constraints used during training. In order to create a robust agent that can 

autonomously control a space robotic manipulator under any condition, the 

training must be done in a dynamic and changing environment, the literature 

lacks this aspect. 

Table 2.3  Gaps in Literature employing RL for Space robotic Control  

Ref [60] [58] [61] [62] [63] [65] [66] 

Algorithm MRDDPG 
Soft Q-

Learning 

DDPG + pre-

training 
DDPG Deep RL DDPG DDPG 

DOF 2 3 3 4 6 7 3 

Target 

Capture 

Constraints 

EE* 

Position        

EE* 

Attitude 
- - - - 

 
(Euler 

angles) 

 
(Euler 

angles) 

- 

Joint 

Velocity 
- - -  - -  

Obstacle Avoidance 
- - 

- - - - - 

Observation Noise 
- - - - - - - 

Random 

IC’s* 

during 

training 

Joint 

angles 

- - - 

 

- 

 

- 

Target 

position 

- - - - - - - 
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Obstacle 

position 

- - - - - - - 

* EE – End Effector. * IC – Initial Conditions.  

This Research introduces an improved  reward function strategy in RL, 

implemented through the DDPG algorithm with Actor-Critic networks, for 

path planning of a 6-DOF free-floating robotic manipulator. This approach 

emphasizes the formulation of reward functions that facilitate rapid approach 

in environments subject to disturbances. Key considerations include: 

-Aligning the manipulator’s end effector (EE) with the target using a  

quaternion-based approach for orientation comparison, while mitigation of 

dynamic coupling between the manipulator and the base spacecraft. 

-Incorporating joint velocity constraints to achieve smoother EE 

trajectories. 

-Measures to prevent self-collision of the manipulator’s links and, 

importantly, incorporates external obstacle avoidance capabilities during 

target approach. 

-A safety shield, cone penalty constraint triggered when the 

manipulator’s EE is in close-proximity of the target - a feature not previously 

implemented in the literature. 

Recognizing the imperfection of real-world sensors, we further enhance 

our model’s practical applicability by including white noise in the observations 

during training. This ensures that the trained agent is resilient to signal noise 

and capable of achieving successful target capture. The effectiveness and 
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advantages of our proposed algorithm are validated through numerical 

simulations. 

Lastly, training will occur in a dynamic environment. The reinforcement 

learning agent will train with different initial conditions that are randomly 

appointed at the start of each episode, this includes the manipulator initial 

joint angles, target, and obstacle positions. The trained agent is expected to 

find a suitable path for any target location, avoiding an obstacle placed 

anywhere in the environment, wherever the manipulator initial position exists. 

The algorithm's efficacy and its advantages are demonstrated through 

numerical simulations.  

2.3 Space Manipulator Experimental Validation  

It is critical when controlling the space robotic manipulator to achieve 

safe capture /soft capture, i.e., capturing the free-floating malfunctioned 

spacecraft or debris (target) without pushing them away while destabilizing 

the attitude of the base spacecraft that carries the robot. After the safe capture 

and post-stabilization of the spacecraft-target combination, the on-orbit service 

can be performed safely [2]. The operation involves physical contact with the 

target by the robot and is extremely risky. Thus, the capture system and 

control laws must be thoroughly tested and verified on Earth before being 

launched into space [68]. 
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Here is where the research gap exists between all the theoretical path 

planning methods done so far using simulations, and the inability to test these 

methods experimentally in space. 

Ground-based testing and verification of a space robot's dynamic 

responses and associated control laws in contact with an unknown 3D target 

in microgravity are exceedingly complicated. Different methods exist to try to 

mimic the microgravity environment here on earth.  

The most common method being an air-bearing testbed [69], Figure 2.11 

shows our lab air-bearing table at York university [70,71]. In Figure 2.12. also 

shows the Polish academy of sciences planar testbed [69]. Although air-bearing  

can almost completely eliminate friction and can achieve a zero-gravity 

experiment, it cannot emulate the 6DOF motion of a space robot and is limited 

to 3DOF and planar base motions.  

 

Figure 2.11  Planar Air bearing table at York University [70]    
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Figure 2.12  Planar air-bearing microgravity simulator at the Space Research 

Centre of the Polish Academy of Sciences [69]   

Another method is utilizing active suspension for gravity compensation 

[72], seen in Figure 2.13. This method can achieve the 6DOF motion, but the 

system may become unstable due to the coupled vibration of the space 

manipulator and suspension system, also it is very difficult to identify the 

kinetic friction and compensate it in the tension control system precisely.  

 

Figure 2.13  Suspention system for gravity compensation [72]  
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In [73] neutral buoyancy was used to create a micro-gravity experiment 

in a pool or water shown in Figure 2.14, and it was able to test 6DOF motions 

of a space robotic arm. However, these robotic arms must be custom built; to 

avoid damage from the water submersion. Furthermore, fluid damping and 

inertia can affect the results when the system’s dynamic behavior is important.  

 

Figure 2.14  Ranger NBV grappled to satellite mockup at the University of 

Maryland Neutral Buoyancy Research Facility [73] 

The method that is closest to achieve a zero-gravity environment on 

earth is the parabolic flight, airplane free-falling. Except for the parabolic 

flight, none of these methods can truly emulate the 6DOF motion in 

microgravity. For this reason, my previous colleagues in our lab have tested 

our own satellite tether deployment system before [74] shown in Figure 2.15.  
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Figure 2.15  Suspention system for gravity compensation [74]   

Even so, parabolic flight cannot be used for testing space robotic motions, 

since the microgravity period is short (20-30 seconds), which is not sufficient 

to test the entire process of robotic capture of a target, the cost is high, and the 

testing space in the airplane cabin is limited. The 6DOF hardware-in-the-loop 

(HIL) ground testbed has the ability to overcome these difficulties. The HIL 

system consists of a hybrid combination of mathematical and mechanical 

models; the mathematical model calculates the free-floating space manipulator 

motions in micro-gravity using simulation, then the mechanical model compels 

a physical robot to move according to the simulated motion in the real world. 

This method is relatively cheaper and can mimic a space capture mission with 

ease [75]. Figure 2.16 Shows the HIL testbed at the Shenzhen Space 

Technology Center in China [76]. Figure 2.17 also shows the European 

proximity operations simulator at the German Aerospace Center [77]. The CSA 

developed a complex HIL simulation system called STVF (SPDM Task 

Verification Facility), shown in Figure 2.18, to simulate the dynamic behavior 
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of the space robot Special Purpose Dexterous Manipulator performing 

maintenance on the ISS [78]. It is considered the formal verification tool for 

the SPDM. Figure 2.19 shows the manipulator task verification facility (MTVF) 

developed by China Academy of Space Technology [79,80]. And Figure 2.20 

shows the dual robotic testbed at the Research Institution of Intelligent 

Control and Testing, in Tsinghua University [81]. 

  

Figure 2.16  Shenzhen Space Technology Center HIL testbed[76]   

 

Figure 2.17  European proximity operations simulator at the German 
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Aerospace Center [77]   

 

Figure 2.18  CSA SPDM Task Verification Facility [78]   

 

Figure 2.19  Manipulator task verification facility (MTVF) developed by 

China Academy of Space Technology [79]   
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Figure 2.20  Research Institution of Intelligent Control and Testing, 

Tsinghua University [81]   

 

This research details our efforts to design and construct a hardware-in-

the-loop ground testbed with active gravity compensation at York University. 

The testbed can perform the 6 degrees-of-freedom (DOF) motion maneuvers 

that free-floating robotic manipulators or tumbling satellites/targets achieve 

in microgravity conditions. It incorporates two industrial-sized 6DOF robotic 

arms, along with a number of sensing equipment such as cameras and 

force/torque sensors. This work also includes the initial experimental results 

in motion control, computer vision, and sensing equipment capabilities. The 

facility will serve as an invaluable tool for the development and validation of 

space robotic manipulators capture maneuvers, ultimately enhancing their 

effectiveness and reliability in space missions.  
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Chapter 3 MODELING OF SPACE ROBOTIC MANIPULATOR 

SYSTEM 

Summary: This chapter presents the dynamic model of a general free-floating 

space robotic manipulator, which serves as the simulated environment in the 

reinforcement learning training. Furthermore, the physical model for the 

6DOF HIL ground testbed, the components it consists of, and the equations 

that govern it are detailed. 

3.1 Free-floating Space Robotic Manipulator Model 

A spacecraft manipulator system is here defined to be free-floating when 

the 6DOF pose of the base-spacecraft is not actively controlled in orbit, where 

only the manipulator joints are actively controlled. The system moves only 

under the effect of the internal reactions due to the actuation of the 

manipulator's joint motors. As robotic manipulators mounted on spacecraft 

typically only use revolute joints, these internal reactions are typically 

torquing. 

Consider a generalized free-floating space robotic manipulator in free 

space, as shown Figure 3.1. The model consists of a base spacecraft and a 

manipulator with n rigid links connected by n independently actuated revolute 

joints in series. An inertial frame, OXYZ, is defined in free space, where the 
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base spacecraft (B0) is treated as the link 0 with 6DOF. 

 

Figure 3.1  Schematic of a generalized free-floating space robotic manipulator 

with n rigid links  

The center of mass of the base spacecraft is treated as joint 0 and 

denoted by C0, its distance from the origin of the inertial frame is 3

0 r , and 

its rotation matrix relative to the inertial frame is denoted by 3 3

0

A .  

The manipulator’s 1st link is connected to the base spacecraft at joint J1, 

which is denoted as 3

0 b  from C0 with a rotation matrix 3 3

1

A . Each link, 

labeled Bi, is connected by a joint Ji (1 ≤ i ≤ n). The position and rotation of Ji 

is represented by a position vector 3

i p  and a unit vector 3

i j , 

respectively. The end-effector is treated as the (i+1)th link. Its position and 

rotation are denoted by 1e i+=p p  and eA , respectively. 
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In this configuration, the position ( ep ) and orientation ( eA ) of the end-

effector can be determined by propagating the transformations from the base 

spacecraft to the end-effector, such that:  

 ( )0 0 1

1

n

e i i

i

+

=

= + + −p r b p p  (4.1) 

 
1

n

e o i

i=

= A A A  (4.2) 

where iA  is the rotation matrix of the ith link. 

Differentiating Equations (4.1)-(4.2)  with respect to time yields the 

linear ( 3

e v ) and angular ( 3

e ω ) velocities of the end-effector. 

 ( ) ( ) ( )0 0 0

1

n

e e i i e i

i


=

= +  − +  −  v v ω p r j p p  (4.3) 

 0

1

n

e i

i=

= + ω ω ω , 
ii i=ω j  (4.4) 

where 3

0 v  and 3

0 ω  are the linear and angular velocities of the 

spacecraft, respectively. And i i i=ω j  with i   and 3

i j  being the ith 

joint’s angular velocity and direction in the inertial frame, respectively. 

Define the states of the base spacecraft and the end-effector as 

 0 0= ,
T

bx v ω  and  ,
T

e e e=x v ω , respectively. Equations (4.3)-(4.4) can be 

rewritten in compact matrix form. 
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e b b m= +x J x J Φ  (4.5) 

where  1 2, ,
T

n  =Φ  is the vector of joint angular velocity, and ( 6 6

b

J and 

6 n

m

J ) are the Jacobian matrices dependent on the base spacecraft and 

manipulator motions, respectively, such that: 

 
6 60

0
b

 − 
=  

 

e
I r p

J
I

 (4.6) 

 
1 1 2 2 6

1 2

n n n

m

n

 − − − 
=  

 

e e e
p p j p p j p p j

J
j j j

 (4.7) 

Here,  represents a 3×3 skew-symmetric matrix of corresponding vectors of 

the cross product. The detailed expressions of Jb and Jm are given in [82]. 

Equation (4.5) indicates that the motion of the end-effector can be determined 

with the feedback of the states of the base and joints. 

The assumption of a free-floating space robotic manipulator implies that 

the linear and angular momentums of the system are conserved in free space 

because no thrust is applied to the base spacecraft. For zero initial linear and 

angular momentums, the momentum conservation can be expressed as: 

 ( )0 0 1

1

0
n

i i i i i

i

m m a b +

=

= + + =P v p p  (4.8) 

 ( ) ( )0 0 0 0 0 1

1

0
n

i i i i i i i i

i

m m a b +

=

= +  + +  + =  L I ω r v I ω r p p  (4.9) 

Or in compact matrix form: 
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 0
 

= + = 
 

b b m

P
M x M Φ

L
 (4.10) 

where  ( 0,1, , )im i n=  is the mass of the ith link, 3 3

i

I  is the inertia 

moments of the ith link at its center of mass, ( ),i ia b  are the distances from the 

CoM to the two ends, , 6 6
b

M  is the inertia matrix of the base spacecraft, 

and n n
m

M  is the coupling inertia matrix of the manipulator. The detailed 

expression of these inertia matrices can be found in [82]. 

Combining Equations (4.5) and (4.10) yields 

 ( )1

e m b b g

−= − =mx J J M M Φ J Φ  (4.11) 

where 
6 n

g

J  is the Generalized Jacobian Matrix (GJM) dependent on the 

base spacecraft attitude, joint angles, and mass properties of the base 

spacecraft and the links.  

Accordingly, the dynamics of the free-floating robotic manipulator can 

be derived [82]: 

 ( ),+ + =Mq Mq C q q F  (4.12) 

where,  

 
b bm

T

bm m

 
=  

 

M M
M

M M
 (4.13) 

 
 
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0
F

u
 (4.14) 
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 ( )
1
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
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
c x M x Φ M Φ x M Φ Φ M x

Φ
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and   6,
T n+= bq x Φ S  is the state vector of the space robotic manipulator, 

6 n
bm

M  is the inertial matrix reflecting the dynamic coupling between the 

manipulator and the base spacecraft, 6

b c  and n

m c  are the Coriolis 

effects acting on the base spacecraft and the manipulator, and 
nu  is the 

control torque vector at all joints. 

Equation (4.12) forms the mathematical foundation for the simulation 

of the free-floating space robotic manipulator in free space, which serves as the 

environment in the training of reinforcement learning-based control policy. 

In order to build our simulation environments with outmost credibility 

and ascertain the algorithm's performance and effectiveness under real-world 

conditions, the parameters used in the simulations are based on actual space 

robotic manipulator missions [15]. Table 1.1 shows a summary of past space 

robotic manipulator missions. Notably the mass ratios in most cases are small 

except for the Orbital Express mission, with a 7.4% mass ratio being the 

highest.  
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Furthermore, the simulation studies that have been done on space 

robotic manipulator systems have been reviewed and summarized these 

studies in Table 3.1. 

Table 3.1  List of Space Robotic Simulation Studies 

Study 

Robotic 

Arm DOF 

Robotic  

Arm Length  

Robotic 

Arm Mass 

Spacecraft 

Base Mass 

Arm-Base 

Mass Ratio 

[83] 6  6.25 m 125 kg  1700 kg 7.353% 

[84] 6  6.2 m 63 kg 800 kg 7.875% 

[85] 6 2.165 m  25 kg  400kg 6.25% 

[82] 6  6.5 m  125 kg  1700 kg 7.35% 

[45] 3 4 m  200 kg  2000 kg 10% 

[86] 7 3.496 m  29 kg  200 kg 14.5% 

[87] 2  3 m  11kg 60 kg 18.3% 

[88] 7 3.21 m  66.7 kg  375 kg 18% 

[33] 2 4 m  60 kg 300 kg 20 % 

  

3.2 Hardware-in-the-Loop Ground Testbed Model 

The HIL system consists of a hybrid combination of mathematical and 
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mechanical models. The mathematical model calculates the motions of the 

free-floating satellite and spacecraft-manipulator system in microgravity. The 

output from the mathematical model is then fed into the mechanical model 

compels a physical robot to move the mock-up satellite and the spacecraft-

manipulator system. There are two laboratory concepts shown in Figure 3.2. 

 

Figure 3.2  Dual-robot testbed Concepts [76] 

On the left, the target is mounted on Robot T’s end-effector and Robot 

T’s motion is computed from the given motion of the target in space. Robot A’s 

base is mounted on Robot B’s end-effector. Robot A’s motion is computed using 

the equations of free-floating robot, while Robot B’s motion is calculated from 

the base spacecraft reactions to the manipulator motions. This is done in order 

to decouple the manipulators motion and base spacecraft attitude disturbance.  

On the right, Robot A’s base is fixed on the floor and its motion is 

computed from the 6DOF space robotic manipulator EE. This includes the 

manipulator motion and the base spacecraft reactions. Since the concept on the 

right side is relatively simple in hardware, we choose to design a ground 
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experiment system based on it. In comparison with the left side, which requires 

specially special design of two robots mounted over one another. 

The design of the HIL testbed consists of two sub-systems, shown in 

Figure 3.3. The motions of the blue components (space manipulator and target) 

are simulated, and the red components are real robots that will achieve the 

simulated motion in the real-world. 

 

Figure 3.3  Schematic of Dual-robot HIL Testbed 

The testbed includes two identical 6DOF industrial robotic 

manipulators to deliver the computer-generated 6DOF relative dynamic 

motions of the space robotic end-effector and the target. 

A mock-up target is mounted on the end-effector of one robot (B), while 

a robotic finger gripper is mounted to the end effector of the second robot (A) 
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with a camera in the eye-in-hand configuration. The gripper can autonomously 

track, approach, and grasp the target guided by the camera.  

Two computers are used to emulate the dynamic responses of the free-

floating spacecraft-borne robot, and the free-floating target based on multibody 

dynamics and contact models in microgravity environment. 

Once the path of the space manipulator’s EE is planned in simulation, 

we use kinematic equivalence [76] in order to execute the EE’s path by the 

industrial robot. Kinematic equivalence means that the EE’s motion of the lab 

robot equals that of the space manipulator, i.e. the EE’s motion of the space 

manipulator is realized by the lab robot. Using the experiment system, the 

algorithms of the space robots of any geometry and mass properties can be 

tested. There are two modes of kinematic equivalence to be described. 

Figure 3.4 shows the first mode of kinematic equivalence, where the 

base of robots A and robot B are fixed with respect to the inertial frame. This 

means that A  and B  are fixed relative to I , but S  is free floating relative 

to I . In the lab testbed, robot A is used to implement the absolute motion of 

robot S’s end-effector, and robot B is used to implement the motion of the target. 

Robot A’s motion is planned based on the hand-eye configuration and 

measurements. And the target motion is determined according to the target 

dynamics. 
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Figure 3.4  First mode of Kinematic equivalence 

After generating the space manipulator’s EE path in simulation, the 

EE’s pose relative to ( A ) is calculated in Eq.(4.18). 

 1( )A

EE A EET T T−=  (4.18) 

Afterwards, the desired joint angles for industrial robot A is calculated 

using the inverse kinematic equation of robot A as seen in Eq.(4.19). 

 1( )A

Ad A EEf T− =  (4.19) 

where Af  is the direct kinematic equation of robot A, calculated using the DH 

parameters of the Fanuc M-20iD/25 robotic manipulators [89] shown in Table 

3.2. 

For the Space Target, we calculate its path with respect to the camera 

(mounted on the space manipulator’s EE) in simulation, and the calculated 

path is achieved by the industrial robot B using Eq.(4.20). 
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 1( )B

T B TT T T−=  (4.20) 

The desired joint angles for the industrial robot B are then calculated 

using the inverse kinematic equation of robot B as seen in Eq.(4.21). 

 1( )B

Bd B Tf T− =  (4.21) 

where Bf  is the direct kinematic equation of robot B, calculated exactly as 

robot A earlier. 

Figure 3.6 shows the second mode of kinematic equivalence, unlike the 

first mode, A  and B  are fixed relative to S . This means that Robots A and 

B are used implement the motion of the space robotic EE and target relative 

to the space base. The relative motions are computed according to the absolute 

motion of the EE, target, and the space base. 

 

Figure 3.5  Second mode of Kinematic equivalence 

After generating the space manipulator’s EE path in simulation, the 
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EE’s pose relative to ( A ) is calculated in Eq.(4.22). 

 1( )A A

EE S S EET T T T−=  (4.22) 

Afterwards the desired joint angles of Robot C are determined using 

equation (4.19). The target pose is also calculated by its dynamics. Then the 

end-effector pose of robot B is calculated in (4.23). 

 1( )B B

T S S TT T T T−=  (4.23) 

The desired joint angles of Robot B are computed using Eq.(4.21). For 

this mode, the matrixes A

ST  and B

ST  are constants and can be determined 

beforehand. 

3.2.1 Robotic Manipulator System  

The 6DOF dynamic motions of the free-floating target and the free-

floating end effector of the space robotic manipulator (shown in blue in Figure 

3.3) are delivered by two Fanuc M-20iD/25 robotic manipulators [89]. See 

Figure 3.6(a). These robots have six links and can control the end effector's 

pose (3DOF translational and 3DOF rotational motion) with great accuracy. 

The payload capacity and reach of the end effector are 25kg and 1,831 mm, 

respectively. Each robot is controlled individually by one computer. 
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Figure 3.6  (a) Fanuc Manipulator, (b) Robotiq gripper,  

(c) ATI force/load sensor  

The robotic arm with a mock-up target attached to its end effector; robot 

(B) in Figure 3.3, is designed to mimic the target's free-floating motion in space. 

A force and torque sensor from ATI industries shown in Figure 3.6(c) is 

mounted between the end effector and the mock-up target as shown in green 

in Figure 3.3. It measures the force and torque caused by the weight of the 

mock-up target and the contact force in case capture occurs. These 

measurements, together with the contact forces measured by the tactile 

sensors on the gripper, can provide the contact load on the target. The latter is 

then fed into the dynamic model of the target. The target's motion is simulated, 

either free-floating motion before capture or controlled motion after being 

captured by the gripper with contact force input. Afterwards, the target’s 

simulated motion is converted into joint commands that can be fed into the 

(a)

(b)

(c)
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industrial manipulator. 

 The Fanuc industrial robot is designed for manufacturing 

environments, where it consistently reaches the same desired position with 

high repeatability (less than 0.02 mm) at high speeds. However, using an 

Ethernet cable, we have attained an interface between the FANUC robot main 

controller and our external computer. With the StreamMotion protocol, we can 

control the six robotic joints separately by feeding a stream of joint commands 

from an external computer (using C++/Python codes) into the FANUC main 

control box. The stream of joint commands must first be sent/received within 

the allowable timestep (4-8ms), and the joint commands must be reachable. 

With this interface, we are able to move the robotic arm (all joints) with the 

path we desire from our computer simulations. 

The chaser robot (A) in Figure 3.3 simulates the free-floating motion of 

the space robotic manipulator in micro-gravity. The robot is equipped with a 

gripper from Robotiq, see Figure 3.6(b), which is connected to the end effector 

via an ATI force/load sensor. The gripper has three individually actuated 

fingers, each with three links. However, only the base link can be controlled in 

two directions. The other two links are connected to the base link with linkage 

assemblies that allow for adaptive motion to different surface profiles of the 

target, see Figure 3.6(b).  

The robotic manipulator is controlled by an external computer, where 
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the motions of the end effector are simulated by considering the dynamic 

coupling between the space robot and the base spacecraft in microgravity. 

During the capture phase, when contact is made, the ATI sensor measures the 

resultant force and torque, while the tactile sensors on the gripper measure 

the contact forces. This combination of measurements provides a detailed 

understanding of the pure contact load on the target and the space robotic 

manipulator in microgravity, allowing for active gravity compensation. The 

contact load information is then fed into the computer, which generates 

commands to control the real-world robotic manipulator's joint angles and the 

gripper's fingers. 

Table 3.2 includes the Denavit–Hartenberg parameters  for the Fanuc 

M-20iD/25 industrial robotic manipulator [89]. Using these parameters we 

calculate the Forward and Inverse kinematics of the physical robots and use 

the kinematic equivalence equations (4.19) and (4.21), to mimic the motions of 

the simulated space robotic EE and target. 

Table 3.2  Fanus Industrial Robot DH Parameters  

Kinematics  [rad] a [m] d [m]  [rad] 

Joint 1 1  0 0.075 / 2  

Joint 2 2  0 0.84   

Joint 3 3  0 0.215 / 2−  
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Joint 4 4  -0.89 0 / 2  

Joint 5 5  0 0 / 2−  

Joint 6 6  -0.89 0   

 

The Denavit–Hartenberg parameters are a standardized set of four 

parameters used to describe the kinematic configuration of a robot 

manipulator, specifically to model the relationship between consecutive joints 

and links. For an i number of joints, the four parameters include: the joint 

angle (
i ), that represents the angle between the 

ix axis and the 
1ix +
axis, 

measured around the 
iz  axis. The length og each link (

ia ) that describes the 

distance between the axes of two consecutive joints along their common 

normal. The link offset ( id ) describing the distance along the iz  axis of the 

current frame from the origin of one link frame to the next. And link twist ( i

), the angle between the iz  axis of the current joint and the 1iz +  axis of the next 

joint, measured along the ix axis. 

3.2.2 Capture Interface  

In Section 2.3 we can see that the previous space robotic testing facilities 

have a very simple Capture interface that is use only to achieve pose alignment 

between the robotic EE and target. A summary is shown in Figure 3.7. They 
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lack the capability of capture and post capture stabilization of the target, which 

requires a complex interface such as a gripper and different sensor capabilities. 

 

Figure 3.7  (a) Shenzhen Space Technology Center [76], (b) German 

Aerospace Center [77], (c) China Academy of Space Technology [81]. (d) 

Tsinghua University [79]  

In our lab, in order to grasp a stationary or tumbling target, we use the 

Robotiq 3-finger gripper as a capturing interface system. The specifications of 

this gripper listed in Table 3.3. 

Table 3.3  Robotiq 3-finger gripper specifications 

Gripper Opening   0 to 155 mm 

Gripper Weight 2.3 kg 

Object diameter for encompassing 20 to 155 mm 

Maximum recommended payload (encompassing grip) 10 kg 
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Maximum Recommended Payload (Fingertip Grip) 2.5 kg 

Grip Force (Fingertip Grip) 30 to 70 N 

 

There are several reasons why the Robotiq 3-Finger gripper is a popular 

choice among researchers and engineers in the field of robotics: 

1. Flexibility. As an underactuated gripper, the Robotiq 3-Finger is capable of 

adapting its configuration to the shape of the object being grasped, 

providing a high level of flexibility and reliability. This allows it to be used 

in a wide range of applications, from grasping irregularly shaped objects to 

performing delicate manipulation tasks. 

2. Repeatability. The gripper is capable of providing a high level of 

repeatability with a precision of less than 0.05mm. This makes it suitable 

for use in applications where precise grasping and manipulation are 

required. Its movement is shown in Figure 3.8. 

3. Payload capacity. The gripper can carry a relatively large payload of up to 

10 kg, making it suitable for use in applications where heavy objects need 

to be manipulated. 

4. Compatible with most robots. The gripper is compatible with most 

industrial robot manufacturers and can be controlled via Ethernet/IP, 

TCP/IP, or Modbus RTU. This means that it can be integrated with existing 

robotic systems. 
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5. Grasping modes. The gripper offers four pre-set grasping modes (scissor, 

wide, pinch, and basic) that allow for a wide range of grasping setups, 

making it suitable for different types of objects. 

6. Grasping force and speed. The gripper can produce a grasping force up to 

60N and different grasping modes for different types of objects. This allows 

the user to select the appropriate mode for the specific task at hand, 

ensuring that the gripper can pick up any object of any shape safely. 

 

Figure 3.8  Robotiq 3-Finger Gripper Movement 

3.2.3 Mock-up Target Satellite  

The mock-up target used in this experiment is a scale-down model of a 

typical satellite. It is a 30cm cube made of one-eighth inch thick aluminum 

plates. It is directly bolted to the ATI force/torque sensor, and the latter is 

bolted to the end effector. To mimic the appearance of a real satellite, the cube 

is wrapped in shiny thermal sheets that reflect light in a similar manner. A 

dummy thrust nozzle, coupling ring, and solar panel are attached to the mock 

satellite, as shown in Figure 3.9. The testing room's illumination can be 
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controlled to simulate a space environment, such as using a single light source 

to replicate the sun. This set-up is intended to train AI-enhanced computer 

vision to recognize the target's pose in the simulated space environment. 

 

Figure 3.9 Mock-up Satellite and Components 

3.2.4 Sensing Systems and Computer vision 

The sensing system in the HIL testbed includes two ATI force/torque 

sensors, tactile sensors (Figure 3.10(a)) at each link of the gripper's fingers, 

and an Intel® RealSense™ depth camera D455 (Figure 3.10(b)).  

Satellite 

Body

Coupling Ring

Nozzle
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Figure 3.10  (a) Tactile Sensor, (b) Intel Camera  

The tactile sensors are made from pressure sensors that are bonded to 

the finger links. They measure the local contact forces between the gripper and 

the target to ensure the safety of the gripper and the target. The camera is 

used to determine the target's pose by either photogrammetry or AI-enhanced 

computer vision algorithms. This information is fed into the robotic control 

algorithm that guides the robot to perform autonomous tracking and grasping 

of the target. 

The tracking of the target is done using AI computer vision – Yolo [90]. 

The computer vision algorithm was trained to track the relative motion of the 

target using the Intel depth camera, shown in Figure 3.10(b). The system was 

used to train the AI computer vision algorithm – Yolo V5, to track the target's 

position and orientation with a Hand-Eye configuration. First, the algorithm 

learns to identify the target and its relative positions, then learns to identify 

(a) (b)
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the attitude by looking at three features of the target: nozzle, coupling ring, 

and solar panel from various angles. 

Furthermore, six (6) high-resolution (2K) TV cameras are mounted in 

the testing room at different locations to monitor the testing from six angles to 

provide ground truth. The motions of two robotic manipulators are captured 

from six different angles as shown in Figure 3.11. This allows us to monitor 

the tracking/capturing and post-capture stabilization control thoroughly. 

 

Figure 3.11   Full-scale monitoring of all angles   

3.2.5 Computer System 

Two computers are employed to control the hardware-in-the-loop (HIL) 

testbed in our lab. The first computer is responsible for controlling the robot 

and mock-up target. This computer utilizes an open-loop forward control 

system and takes as input the resultant contact forces in case of a capture 
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event. It then calculates the 6DOF motion of the target in real-time and 

converts it into commands for the robot's joint angles. These commands are 

then transmitted to the robotic control box to move the target as if it were in a 

microgravity environment. It is important to note that this computer does not 

require high computing power and a Dell desktop computer XPS 8940 is used. 

The second computer is responsible for collecting measurements from 

the sensing systems (camera, tactile, and force/torque sensors), calculating the 

6DOF motion of the space robot, and then controlling the motions of the robotic 

manipulator and gripper. In case of a capture event, the computer must control 

the robotic manipulator and gripper to synchronize the motion of the gripper 

with the target. This process requires a high level of computing power and 

accordingly a Lambda™ GPU Desktop PC - Deep Learning Workstation for 

this purpose. Additionally, this computer can also be used for monitoring and 

recording the data during the test and as a backup control system in case of 

any failure or malfunction. The integrated HIL testbed is shown in Figure 3.12. 
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Figure 3.12  York University 6DOF hardware-in-the-loop ground testbed 
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Chapter 4 REINFORCEMENT LEARNING   

Summary: This chapter presents the detailed description of the Reinforcement 

learning (RL) algorithm adopted in this work, the Deep Deterministic Policy 

Gradient (DDPG). A unified control framework is presented for the purpose of 

precise control of the space robotic manipulator joints, where the motion 

planning problem is recast into an RL reward maximization problem. A 

Comprehensive descriptions of key RL components such as the Agent, 

Environment, Control Actions, States/Observations, and the reward function. 

A robust method for constructing the reward function is introduced, designed 

to ensure optimal alignment of the robotic end-effector with the target pose 

under both simulated and real-world conditions. This chapter interpolates 

material from three published papers by the authors in Reference papers D, F, 

and G. 

4.1 Deep Deterministic Policy Gradient 

The motion planning and control method adopted in this study is 

Reinforcement Learning. RL has the ability to learn a policy for decision-

making by interacting with the environment while using a pre-defined reward 

function instead of relying solely on input data sets [40]. It will find the best 
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sequence of actions that will generate the optimal outcome. This happens by 

allowing a piece of software called an agent to explore, interact with, and learn 

from the environment. The agent can take an action which affects the 

environment, changing its state, and the environment then produces a reward 

for that action. This can be seen in Figure 4.1. 

 

Figure 4.1  Simple Description of RL 

Reinforcement learning algorithms are designed to model decision-

making processes using a general MDP [91], where the outcome of an action 

depends on the current system and the applied action. Its objective is to drive 

the end-effector of a space robotic manipulator towards a specified target 

smoothly with precise position and orientation alignment, and without any 

collisions between the manipulator’s links, the target, and any obstacles along 

the path. With this in mind the relevant states observed from the environment 

are defined as: 

 , , , , , , , , , , , , , , , ,e e e e e e T T T T T T Ob d       =  s Φ Φ p p ω p p ω p  (4.24) 

where subscripts “T”, “e”, and “Ob” refer to the target, the end-effector, and 
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obstacle, respectively. ( ,Φ Φ ) are the joint angles and angular velocities of the 

robotic links, ( , , ,e e e e  p ) and ( , , ,T T T T  p ) are the poses of the end-effector 

and the target, respectively, ( Obp ) is the obstacle position, ( ,e ep ω ) and ( ,T Tp ω ) 

are the velocities of the end-effector and the target, respectively. d  and   are 

the distance and orientation difference between the EE and the target, 

respectively, to be described in detail through Section 4.3. 

The actions that control the robot manipulator are the torque inputs for 

each joint: 

  1 2, , ,
T n

nu u u= a  (4.25) 

Assuming that the continuous system dynamics between states s  and 

the actions a  are discretized in the time domain at time step ti, we obtain: 

 ( )1 , 1, ,i i i i+ += ss f s u w  (4.26) 

where iu  is the vector of control input experienced by the system and 

(0, )Ns,i s,iw Q  is the noise vector that represents environmental disturbances 

and unmodeled system dynamics; factors that are not explicitly accounted for 

in the model but can still affect the system's performance.. In simulation his 

noise is assumed to obey a zero mean multivariate normal distribution N with 

covariance s,i
Q . The control input is obtained by a function g that maps the 

control command action i
a  output directly from a state-feedback control policy 
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based on the observed state io , such that: 

 ( )=i i i a,iu g a ,o ,w  (4.27) 

where (0, )a,i a,iw QN  is the execution error vector, which obeys a zero mean 

multivariate normal distribution N  with covariance a,i
Q . 

With the perfect observability assumption (all observations can be 

acquired accurately), the observed state io  is obtained by an observation 

function h, 

 ( ), ,it=i i o,io h q w  (4.28) 

where i o O  is the observation vector of the system state, (0, )o,i o,iw QN  is 

the random processing noise in the state estimation with a zero mean and 

covariance o,i
Q . 

The optimal path planning for such a system is to find the best control 

input ( )i 
i

u  or an optimal policy  , to maximize the performance function J 

over a trajectory  . 

 ( ) ( )
1

0 0 , 1

0

max max , , , , ,
N

N N i i i i

i

J e t t k
   

−

+
 

=

 
= + 

 
 s

s s f s u w  (4.29) 

where ( )0 0, , ,N Ne t ts s  is the terminal conditions, ik  is the weight factor, and the 

trajectory is a sequence of state-action pairs, satisfying the dynamics 
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0 0 1 1[( ), ( ), , ( )]N N = s ,a s ,a s ,a . 

Equation (4.29) can be recast as an RL agent to maximize a scalar return 

by learning an optimal policy *  in interaction with the environment (the 

robot in the current work) as follows.  

Let the policy : →S A  with a set of parameters n   and express it 

in the episodic formulation of RL. Then, the optimal policy *  is the one that 

maximizes a performance index J in terms of the expectation 
 

E  of the 

parameter * , which is the discounted sum of rewards obtained along the 

trajectory  , such that” 

 
( )

1

1

0

*  ( )arg max

( ) ,     [0,1]
N

i

i i

i

J

J R




 

 

  
−

+

=

=

 
=  

 
 i is ,s ,aE

 (4.30) 

where N is the number of time steps in each episode, ( )1iR +i i i
s ,s ,a  is the 

immediate reward that maps state-action pairs ( )i i
s ,a  to a scalar value and 

propagates the state is  to the state 1+is  under the action i
a  under the control 

input iu . The parameter   is a discount factor. For long-term planning, the 

agent treats all future rewards by 1 = . Conversely, the agent is for short-

term planning if 1 . 

Equation (4.30) can be solved by the MDP with the stochastic gradient 

ascent update on the parameter   [57]. 
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 1  ( )i i iJ   + = +   (4.31) 

where (0,1)   is the learning rate and ( )iJ   is the policy gradient. 

 

 

Note that a differentiable control policy is always available in the path 

planning problem of a space robotic manipulator. Consequently, the actions 

involved in the MDP are not stochastic. Then, a deterministic action can be 

learned directly from given states, instead of learning a set of probability 

distributions. Accordingly, the DDPG algorithm [91] is employed to estimate 

the policy gradient ( )iJ   as follows. 

Let ( )   be a deterministic policy and ( )   a behavior policy with 

trajectories ( ) a s  distinct from the deterministic policy trajectories ( ) a s . 

Then, the deterministic policy gradient can be estimated by trajectories 

sampled from a distinct behavior policy ( ) a s  based on an Actor-Critic 

approach [92], such that, 

 ( )
1

,

0

( ) ( ) ,
N

a i i i

i

J Q
   

 
 

−

=

 
 =   

 
 i i

a s s aE  (4.32) 

 ( ) ( )
1

,

0

, ,
N

i

i i i i

i

Q R
 

 
 

−

=

 
= = = 

 
s a s s a sE  (4.33) 

Here, ( ),Q
 s a  is the action-value function or Q-function that represents 
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the expected discounted return calculated by the state-action pair 

 , ( )i i i=s a s  and corresponding rewards based on the policy   from the ith 

time step until the end of the episode. The sole dependence of the Q-function 

on the environment allows for off-policy Q-learning [93] using trajectories 

generated from a different stochastic behavior policy ( ) a s . Based on the 

greedy policy ( )( ) arg max ,
a

Q
 =s s a ,  the Q-function is approximated by the 

Bellman equation [94]. 

 ( ) ( ) ( )( )1 1, , ,i i i i i iQ R Q
  

 
 + +

 = + s a s a s sE  (4.34) 

Then, the Q-function can be evaluated recursively over a parameter Q  

using temporal difference learning. 

 
( ) ( )

( ) ( ) ( ) 

1

1 1

, ,

, , ( ) ,
Q

j j

i i i i

j

i i i i i i i

Q Q

R Q Q

 

 

 

 
 

  

+

+ +

= +

 + −
 

s a s a

s a s s s aE
 (4.35) 

The learning (function approximation) is achieved by minimizing the 

loss function ( )QL  : 

 
( ) ( )

( )

2

,

, 1 1

( , )

, ( )

Q Q

i i i i

i Q

i i i i i

L Q s a y

y R Q






 



 

  + +

 = −
  

= + s s

E
 (4.36) 

Applying Q-learning to continuous systems like the robotic manipulator 

is challenging because it requires optimizing actions i
a  at each time step. 

Instead, a Deep Q-Network (DQN) approach [91] is used to approximate the Q-



89 

 

function by Deep Neural Networks (DNN) with state and action as input and 

expected cumulative reward as output. The DQN algorithm involves two DNNs: 

main and target network. The DDPG extends this two DNN in its structure, 

the Actor is split into online and target actor networks, and the Critic is split 

into online and target networks as shown in Figure 4.2.  

The Actor returns actions deterministically in a continuous space based 

on its interaction with the robotic manipulator (environment) via the 

parameterized policy Q
 , and is updated by gradient ascent on the policy 

gradient Equation (4.31). The Critic network evaluates the agent’s 

performance by estimating the Q-value of state-action pairs ( )i i
s ,a  using 

Equation (4.34) to guide the generation of next action.  

To ensure the samples are independently distributed, a replay buffer is 

used to save the tuple 1( , , )i i i iR+s s ,a  in stacks. The tuples are sampled from the 

environment in accordance with the exploration policy. At each time step, 

Actor and Critic are updated by uniformly sampling a minibatch from the 

buffer. Finally, to improve the Q-learning stability, the following update 

schemes are introduced for the target Actor and Critic parameters by: 

 
( )

( )

, 1 , , 1

, 1 , 1

1

1

Q i Q i Q i

i i  

   

   

+ +

+ +

= + −

= + −
 (4.37) 

where 1  is the smoothing factor. The stability of policy gradient methods 
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has been well-studied under the Lyapunov framework. [95] proved that the 

policy gradient is negative statistically, which is a crucial factor in ensuring 

the stability of DDPG methods from a statistical standpoint. The 

implementation of the DDPG algorithm is shown in Figure 4.2. The pseudo 

code that describes the detailed training process for the DDPG algorithm is 

shown in Table 4.1 [96]. 

 

Figure 4.2  Implementation chart of DDPG algorithm 

Table 4.1  DDPG Algorithm Procedure [96] 

Randomly initialize online actor ( | ) s  and critic ( , | )QQ s a  networks by 

respective weights (  , Q ). 

Reset target actor   and critic Q  networks with weights    
→ , 
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Q Q  
→ . 

Reset replay buffer (RAM). 

For each episode M do: 

For each timestep: 

Select an action ( | ) = +a s , where s and  are current state and random 

process exploration noise. 

Execute action a, observe reward R & new state 1i+s . 

Store the experience 1( , , , )i iR +s a s  in the replay buffer. 

Sample random minibatch of experiences 1( , , , )i iR +s a s  from the replay buffer.  

If  1i+s  is the terminal state, set the value function target as 

y = R 

Else, Set the value function target as  

1 1( , ( | ) | )Q

i iy R Q    
 

+ +
 = + s s  

Update critic parameters by minimizing the loss L on all sampled 

experiences,  

( )
2

1

1
,

M
Q

i

L y Q s a
M


=

 = −
   

Update actor parameters to maximize the expected discounted reward by the 

sampled policy gradient, 
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( ) ( )
1

1
,

M
Q

a

i

J Q s a s
M

 



 
  

=

     

Update target actor and critic parameters by: 

( )1Q Q Q   
 
= + −  and ( )1     

 
= + −  

 End for 

End for 

 

 

In Section 2.2, we observe the shift in the literature toward the Deep 

Deterministic Policy Gradient (DDPG) algorithm for addressing the motion 

planning problem of space robotic manipulators. The Reinforcement Learning 

algorithm employed in this study is similarly based on DDPG. 

DDPG is a model-free, policy-gradient, actor-critic method renowned for 

its high performance in handling high-dimensional continuous action spaces. 

Typically, value-based methods such as deep Q-learning perform well in 

scenarios where the agent has a finite set of actions to choose from. In contrast, 

policy-gradient methods are particularly effective in environments with 

continuous state and action spaces. 

For the proposed research, a model-free approach is advantageous due 

to the complex dynamics and modeling challenges of the free-floating space 

robotic manipulator. This algorithm does not require explicit knowledge of 
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model equations to derive the optimal control policy, making it adaptable to 

various mission scenarios. 

When a stochastic policy is considered, the network returns some 

parameters of the underlying probability distribution (such as the mean values 

of a Gaussian distribution). Instead, for the deterministic policy, the network 

directly outputs the actions, given the current system state as input. 

 

  

4.2 Agent (Actor-Critic Networks) 

The Agent is a function that takes in the state and reward and gives us 

an action. The main classes of RL function algorithms include: 

1. Policy function based. 

Policy ( ) is the strategy that the agent employs to determine next action 

based on the current state. It trains a Neural Network that takes in the 

state observation and outputs the actions. It is called an Actor, and it uses 

Policy Gradient methods to converge. 

 

Figure 4.3  Illustration of Actor Network function 
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Figure 4.3 shows a typical Actor. It executes the current policy, collects the 

rewards. Thereby increasing the possibilities of good actions. 

2. Value function based. 

Value (V) is the expected long-term return with discount, as opposed to the 

short-term reward R. V ( ) is defined as the expected long-term return of 

the current state policy  . In a value-function based agent, a function 

would take in the state and one of the possible actions from that state. then 

output the value of taking that specific action. It is called the Critic, and 

the way it updates the value is based on some form of Bellman equation. 

The Bellman equation allows the Agent to solve the Q-table overtime by 

breaking up the whole problem into multiple simpler steps. So instead of 

solving the true value of the state/ action pair in one step. The agent will 

update the state/ action pair each time it is visited. 

It will keep doing this over again until the true values of all state/ action 

pairs are known to get the optimal path. The downside is that the action 

space needs to be small (for example it will take a very long time to converge 

for large or continuous actions). This brings us to the combination of the 

Actor-Critic based Learning algorithms. Figure 4.4 shows an Actor Network. 
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Figure 4.4  Illustration of Critic Network function 

3. Actor/ Critic. 

In this agent the actor tries to take the best action based on current state 

(policy function based). The critic is a second network that is trying to 

estimate the value of the state and the action pair that the actor took (value 

based). This works for continuous actions because the critic only looks at 

the action that the actor takes not all possible actions that exist.  

So, the actor is trying to get the best action from the critic feedback, and 

the critic is getting the best value from the received rewards to properly 

criticize the actor. Actor-Critic based Learning algorithms the Agent takes 

the best parts of policy functions and value functions. This is the Agent 

implemented in this study. 

 

Figure 4.5   Illustration of Actor-Critic Network function 

The complexity of the task directly influences the architecture of the 

neural networks. High-dimensional input spaces require more complex 

architectures to properly capture the relationships between variables.  
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For simple tasks with low-dimensional inputs, shallow networks may 

suffice. In contrast, tasks involving high-dimensional inputs such as robotic 

control often benefit from deeper networks. The actor and critic DNNs can be 

constructed by standard feed-forward neural networks with two hidden layers 

as shown in Figure 4.6. Hidden layers 1 and 2 have 400 and 300 neurons, 

respectively. This architecture is inspired by the research presented in [96] and 

the successful implementation of deep neural networks in various control 

applications, including robotics. Moreover, its effectiveness has been 

demonstrated for space manipulators, as highlighted in the literature 

summarized in Table 2.2.  

The input and output of the actor network are the state and the action, 

respectively, while the input and output of the critic network are a state-action 

pair and the action value, respectively. In the current study, the robotic 

manipulator includes 6 links, i.e., n = 6. Thus, the dimensions of the state and 

action spaces are 32Ss  in the state space and action 6Aa , respectively. 

Accordingly, the structures of the actor and critic networks are illustrated in 

Figure 4.6. 
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Figure 4.6   Constructed Actor and Critic networks in our system 

4.3 Reward Function 

As the most critical part of reinforcement learning, the reward function 

is directly responsible for how the algorithm trains and what objectives are 

achieved. Our methodology aims to expedite training progress in dynamic 

settings by designing reward functions that consider several critical factors.  

• Aligning the manipulator’s end effector (EE) with the target using a 

quaternion-based approach for orientation comparison. 

• Incorporating joint velocity constraints to achieve smoother EE trajectories. 

• Measures to prevent self-collision of the manipulator’s links and, 

importantly, incorporates external obstacle avoidance capabilities during 

target approach. 

• A safety shield: cone penalty constraint triggered when the manipulator’s 

EE is in close-proximity of the target - a feature not previously implemented 

in the literature. 



98 

 

Recognizing the imperfection of real-world sensors, we further enhance 

our model’s practical applicability by including white noise in the observations 

during training. This ensures that the trained agent is resilient to signal noise 

and capable of achieving successful target capture. The effectiveness and 

advantages of our proposed algorithm are validated through numerical 

simulations. 

Lastly, we introduce a dynamic agent; the reinforcement learning agent 

will be trained with different initial conditions that are randomly appointed at 

the start of each episode, this includes the manipulator initial joint angles, 

target and obstacle positions. Table 2.3 highlights the gap of previous research 

for dynamic agents. The trained agent is expected to find a suitable path for 

any target location, avoiding an obstacle placed anywhere in the environment, 

wherever the manipulator’s initial position starts. 

Accordingly, the reward function must include four main Terms to 

incorporate these requirements. First, a guidance term must be created in 

order to direct the robotic EE towards the target successfully. Secondly, a 

sparse reward term must be introduced when successful capture is achieved. 

The third part includes safety terms, such as penalties (large negative reward) 

that activate when collision occurs, either between the robotic links with each 

other or with an external obstacle along the path. Another safety term includes 

a close proximity cone shield to ensure the EE is within a safety zone before 
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capture. Finally, an optimization term can be introduced in the reward 

function to improve the overall path, this term may include joint velocity 

constraints, torque minimization, energy consumption, etc. The reward 

function ( tR ) is evaluated at each time step, and the sum of these evaluations 

across all time steps constitutes the episode reward. 

4.3.1 Guidance Term 

The primary term of the reward function is focusing on aligning the end-

effector’s pose with the target’s pose by minimizing the pose error quickly. The 

pose difference is represented by the position error d  and the orientation error 

 . The position error is determined straightforward by: 

 ( ) ( ) ( )
2 2 2

e T e T e T ed x x y y z z= − = − + − + −
T

p p  (4.38) 

where the subscripts “T” and “e” denote the target and the end-effector, 

respectively. 

The orientation error of the EE can be defined either by a unit 

quaternion ( ) or a set of Euler angles ( ), ,   . In the previous work as shown 

in Table 2.2, the expression of the orientation error is based on a set of Euler 

angles, such that: 

 ( ) ( ) ( )
2 2 2

T e T e T e      = − + − + −  (4.39) 

where ( ), ,e e e    and ( ), ,T T T    are the Euler angles of the EE and the target, 
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respectively. It is worth pointing out that the orientation difference in such a 

form loses the information of rotation sequence of Euler angles. This increases 

the search space in the learning process and may even lead to divergence. Thus, 

the Euler angle representation is not used in the current work. Instead, an 

innovative reward function is built using the quaternion representation of 

orientations. 

Let the orientations of the EE and the target be represented by two unit 

quaternions E  and T , respectively, as shown in Figure 4.7. 

 

Figure 4.7   Quaternion representation of orientation difference 

The orientation error of the EE with respect to the target can be 

expressed as [97]: 

 
*

T e T e    = − =   (4.40) 

where 
*

e  is the conjugate of the quaternion e . Accordingly, the orientation 

difference between the EE and the target is determined by: 

End-Effector 

frame

Base

frame

Target

frame
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 ( )2arccos Re  =
   (4.41) 

As the EE approaches the desired pose, and the pose error ( d , ) 

becomes smaller, the reward given at each timestep must increase. With this 

in mind, the guidance term is constructed such that: 

 t dR K d K= − −  (4.42) 

where dK  and K  are positive reward coefficients for the position and 

orientation errors, respectively, emphasizing their importance in the error 

minimization process. The reward function at each timestep increases as the 

EE moved closer towards the target. In the end, when d  and   reach zero, 

the potential field is maximum. 

Notably, As the end-effector approaches to the target pose, the pose error 

( d , ) diminishes as well as the reward function. This can cause the agent to 

approach slower to obtain improved alignment. Furthermore, if an 

optimization penalty term is introduced in the reward function, at close 

proximity the penalty would become higher than the guidance term, this leads 

the robotic EE to stop before perfect alignment is achieved since the reward is 

diminished. 

4.3.2 Sparse Reward Term 

To achieve the desired learning outcome in such conditions, the reward 
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function is designed to have large positive rewards when the robotic EE 

achieves successful alignment, and stays within close proximity of the target, 

thereby ensuring the end-effector maintains its desired pose for future 

grasping the target throughout the remaining time steps. 

Consequently, large positive rewards ( ,dr r ) are added in the reward 

function, and are activated when the pose error ( d , ) falls below the pre-

defined tolerances, such that: 

 t d dR K d K r r = − − + +  (4.43) 

where,  

 0 0 0

1 0 2 0 0

0 if 0 if 
   and   

if if 
d

d d d d
r r

r d d r d d


 

 

   
= = 

   
 (4.44) 

with 0d  and 0  being pre-defined indicators for close proximity operation 

region for position and orientation, respectively. Once the end-effector enters 

this region, large positive rewards are assigned to the reward function to 

encourage and accelerate the agent converging towards the desired target pose. 

4.3.3 Safety and Collision Terms 

To facilitate safe capture, the agent must learn to avoid collisions of the 

robotic links between themselves, and any obstacle placed in its path. 

Furthermore, an additional cone safety constraint can be built into the reward 

function to ensure the robotic EE captures the target in a cone shape interface 



103 

 

(such as the dummy satellite capture interface seen in Figure 3.9). This is 

achieved by large negative rewards described below. 

 

 Self Collision Avoidance Term 

A large negative penalty ( lp ) is added to the reward function to avoid 

self-collision between the robotic links. If the distance between any two links 

is less than a predefined safe distance, the penalty lp  is added to the reward 

function, such that: 

 t d d lR K d K r r p = − − + + −  (4.45) 

 
0 if min

if min

l
i j

l

l l
i j

d

p
p d





 − 


= 
− 



i j

i j

r r

r r
 (4.46) 

where 0lp   is a penalty for two links being too close to each other, and ld  is 

the minimum safety distance to avoid self collision. 

 

 Obstacle Avoidance Term 

To facilitate obstacle avoidance, a substantial negative penalty ( Obp ) is 

incorporated into the reward function. This penalty ( Obp ) is activated 

whenever the distance between the obstacle’s CM and any link’s CM falls below 

a predefined safety range. 
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 t d d l ObR K d K r r p p = − − + + − −  (4.47) 

 
0 if 

if 

Ob Ob

Ob

Ob Ob Ob

d d
p

p d d


= 


 (4.48) 

 Figure 4.8 shows a simplified illustration of how the safety distance 

( Obd ) is defined between any link and the obstacle. 

 

Figure 4.8   Simplified illustration of obstacle avoidance safety distances 

 Cone Constraint Term 

In order to safely approach the target for capture, when the robotic EE 

is in close proximity, a penalty term is introduced if the EE position moves 

outside a 3D cone shape as seen in Figure 4.9. 
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Figure 4.9   Illustration of safty cone constraint  

 

 

Figure 4.10   Points inside and outside the safty cone 

If the axis of a right circular cone is parallel to the z-axis and passes 

through origin, the apex at (0,0, )h , base at the origin, and radius r at base, then 

point ( , , )P x y z is within the cone if and only if: 
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Figure 4.10 shows a cone and what positions are considered valid. P1 

would receive a negative reward, while P2, and P3 would not. The reward 

function becomes: 

 t d d l Ob coneR K d K r r p p p = − − + + − − −  (4.50) 

where conep  is the penalty on the reward function if the robotic EE is located 

outside the safety cone constraint. 

 

4.3.4 Optimization Term 

To ensure a smooth trajectory of the end-effector with minimal 

fluctuations in joint velocities, a velocity penalty term is incorporated as a 

negative reward ( jp ) into the reward function. The negative reward is 

proportional to the magnitude of the square sum of the joint velocities such as 

( )
2

jp −   to punish abrupt joint movements. The reward function becomes: 

 ( )
2

t d d l Ob jR K d K r r p p p  = − − + + − − −   (4.51) 

where 0jp   is a velocity penalty for smooth joint velocities by multiplying the 



107 

 

squared sum of joint angular velocities. 
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Chapter 5 SIMULATION RESULTS AND DISCUSSION 

Summary: This chapter presents in detail the results of the proposed 

Reinforcement Learning approach for motion planning of a free-floating space 

robotic manipulator. First, the proposed methodology is verified on a 3DOF 

free-floating manipulator. Then, the methodology was extended to a more 

complex system and implemented on 6DOF free-floating robotic manipulator. 

Different reward functions are assessed and compared in detail as well as 

training under real-world conditions, such as sensory (observation) noise, and 

multiple manipulator-base mass ratios (dynamic coupling). Lastly, the 

proposed methodology is extended for motion planning of the free-floating 

space robotic manipulator with obstacle avoidance, i.e. with an external 

obstacle in its path.  

5.1 Preliminaries 

In this study, the proposed RL approach for motion planning of a free-

floating space robotic manipulator is verified by simulation using MATLAB® 

and Simulink®. These simulations were performed on a PC equipped with an 

Intel® Core™ i7-10600K Processor and 32 GB of RAM. Shows the full 

Reinforcement Learning system. 
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Figure 5.1   Points Scehmatic of Matlab/Simulink implementation 

The Space robot environment contains a free-floating base with an n-

DOF robotic arm attached to it, with the following assumptions. 

• The space robotic system (containing a base, and manipulator) will consist 

of rigid bodies. 

• The base has 6 degrees of freedom (3 for position and three for attitude) and 

it is not controlled but free to move in reaction with the arm.  

• The space manipulator consists of n-joints; each joint has one rotational 

degree of freedom and is controlled by an input Torque (from the agent). 

To ascertain the algorithm's performance and effectiveness under real-

world conditions, the parameters used in the simulations are based on actual 

space robotic manipulator missions [15]. Table 1.1 shows a summary of past 

space robotic manipulator missions. Notably the mass ratios in most cases are 
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small except for the Orbital Express mission, with a 7.4% mass ratio being the 

highest. Furthermore, the simulation studies that have been done on space 

robotic manipulator systems have been reviewed and summarized these 

studies in Table 3.1. Accordingly, the mass ratio was selected in study to show 

the need to consider the free-floating base condition. 

Part of theatrical and simulation results has been published in the 

reference paper D, F and G. All variable symbols in this chapter refer to the 

definitions in Section 4.3. 

5.2 Three DOF Space Robotic Manipulator 

To start off, the numerical simulation is done for a 3DOF free-floating 

space robotic manipulator to verify the effectiveness of the proposed RL control 

scheme. The manipulator is seen in Figure 5.2. 

  

Figure 5.2   3DOF Space robotic Manipulator system  

The physical parameters of the space robotic manipulator are listed in 
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Table 5.1. For all simulation cases, the initial position of the end-effector is 

( ), , (0,0,2.325)
EE

x y z = . Similarly, the target position for case 1 is 

( )
arg

, , (1.5,0,1)
T et

x y z = and is ( )
arg

, , (0.75,0,0.75)
T et

x y z = for the rest of the cases.  

Table 5.1  Parameters of Three DOF Space Robotic Manipulator   

Body Mass (kg) Length (m) 
Ix 

(kg/m2) 

Iy 
(kg/m2) 

Iz 
(kg/m2) 

Base 100 
0.75x0.75 

x0.75 
9.3 9.3 9.3 

Link 1 5 0.25 0.05 0.05 0.05 

Link 2 5 0.2 0.05 0.05 0.05 

Link 3 10 0.75 0.1 0.1 0.1 

Link 4 10 0.75 0.1 0.1 0.1 

 

The mass ratio of the robotic manipulator to base spacecraft is roughly 

30%, which is high above average for commonly known space robotic missions 

[5]. This is done to demonstrate the effectiveness of the proposed RL control 

scheme in the presence of strong dynamic coupling between the robotic 

manipulator and the base spacecraft. The parameters for the training process 

and Actor-Critic networks are shown in Table 5.2. 

Table 5.2  Reinforcement Learning Parameters  

Parameter Value 

Learning rate 0.001 
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Replay Buffer 50,000 

Discount factor for future reward 0.99 

Smooth factor  0.001 

Mini-batch size 128 

Number of Episodes 3000 

Episode timesteps 400 

Timestep size 0.025 s 

Episode time 10 s 

Neural network architecture for Actor 

and Critic  

Hidden layers 

(400, 300) 

Lower & upper bounds for joint torques -3 Nm, 3 Nm 

 

 

5.2.1 Case 1: 3DOF Fixed Base Manipulator 

The first simulation was done on a fixed-base 3 DOF robotic manipulator, 

with the task of reaching its target for capture. The reward function at each 

timestep is given as: 

 tR d= −  (5.1) 

This ensures that the agent will receive higher reward values, if the 

distance tracking error ( d  in Eq. (4.38)) is smaller; the robotic arm's EE moves 

closer towards the target. The result of training is shown in Figure 5.3. The 

blue line is the cumulative reward from all timesteps in each episode, and the 
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red line is the moving average of the cumulative rewards of all episodes. 

 

Figure 5.3   Case 1 Training result :3,000 episodes 

We can see that the training was a success. Notably, the robotic 

manipulator was able to reach its target and achieve high rewards after about 

500 episodes of training and spends the rest of the episodes exploring different 

paths to search for higher rewards. Figure 5.4 shows the snap shots of robotic 

manipulator capture mission after the agent is trained and implemented. 
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Figure 5.4   Motion of implemented trained agent from Case 1 

 

Figure 5.5   Case 1 position tracking error (d ) over time 

Figure 5.5 shows the tracking error in position between the EE and 

target over time. Evidently, the trained agent steers the end-effector towards 

target position (defined capture range) within 3s, and subsequently, the end-

effector stays within that region (to achieve capture) for the remaining 

duration. Figure 5.6 shows the time histories of actions or output torques at 

each joint given by the agent. 
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Figure 5.6   Case 1 time histories of joint torques given by the agent 

Notably, the agent output (torque) has large oscillations. This 

phenomenon, referred to as action oscillation in [98], arises from the balance 

between exploration and exploitation during training. Deep reinforcement 

learning algorithms are particularly prone to this issue in discrete action 

settings, where an agent may select different actions in consecutive steps 

despite only slight differences in states. The problem is worsened by the 

presence of noise in the state observations. Although this oscillation is 

undesirable, the agent perceives it as the optimal strategy to maximize 

rewards, given that its decisions are driven by a reward only. Future work is 

needed to mitigate this phenomenon by incorporating a penalty for excessive 

changes in actions or torque. 

5.2.2 Case 2: 3DOF Free-Floating Base Manipulator  

The second simulation is done on a free-floating 3 DOF space robotic 
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manipulator, where is base is free to move in reaction to the arm motion. The 

task is to reach the target position and stay in that position as long as possible 

for later capture. The reward function at each timestep is given as: 

 t d dR K d r= − +  (5.2) 

where 30dK =  is a weighted constant and 1 0.2r =  is a large sparse reward 

given at each time step that the distance between EE and target 0.1captured m . 

This will ensure that after the EE reaches the target, it will stay within the 

specified range of the target for future grasping and/or servicing. The result of 

training is shown in Figure 5.7. 

 

Figure 5.7   Case 2 Training result :3,000 episodes 

We notice that the robotic manipulator’s EE was able to get close to its 

target within the first 500 episodes of training, and after 1500 episodes started 
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to get the high reward ( dr ) for staying within 0.2m of the target until the end 

of each episode.  

What is interesting is that the Agent learned to reach the target faster 

to obtain the high reward ( dr ) sooner and keep receiving it until the episode 

ends. That caused the robotic manipulator to collide with itself to do so. We can 

see this in Figure 5.8. That shows snap shots of robotic manipulator capture 

mission after the agent is trained. 

 

 

Figure 5.8   Motion of implemented trained agent from Case 2 
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Figure 5.9 shows the tracking error in position between the EE and 

target over time. In this case, the trained agent steers the end-effector towards 

the target position within 4s and remains within the sparse reward region.  

Figure 5.10 shows the time histories of actions or output torques at each 

joint given by the agent. 

 

Figure 5.9   Case 2 position tracking error (d ) over time 
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Figure 5.10   Case 2 time histories of joint torques given by the agent 

5.2.3 Case 3: 3DOF Free-Floating Base Manipulator with Improved Reward 

The third simulation is done on a free-floating 3 DOF space robotic 

manipulator, with the task of achieving target capture, staying within capture 

distance, while avoiding self-collision, and optimizing the path. The reward 

function at each timestep is given as: 

 ( )t d d lR K d r p= −  + −  (5.3) 

where 1t td d d − = −  is the difference between current distance ( td ) and previous 

distance ( 1td − ). This means that the agent will obtain a negative weighted 

reward if the robotic EE moves away from the target ( 1t td d − ), and the agent 

will obtain a positive weighted reward if the robotic EE moved closer towards 

the target ( 1t td d − ). Implying that the path is taken into consideration and 

improves, as opposed to trying to reach the target as fast as possible without 
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considering the path (as seen in case 2). This ensures the agent will learn to 

move only towards the target. The result of training is shown in Figure 5.11. 

What is more impressive is that with this improved reward function, we only 

needed 2000 episodes to fully train the agent.  

Figure 5.12 shows the snap shots of robotic manipulator capture mission 

after the agent is trained. The path of the space robotic manipulator improved 

significantly, it reached its target position, smoothly and without any self-

collision. Furthermore, it stayed at that target for future capture. 

 

Figure 5.11   Case 3 Training result :2,000 episodes 
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Figure 5.12   Motion of implemented trained agent from Case 3 

Figure 5.13 shows the tracking error in position between the EE and 

target over time. Evidently, the trained agent steers the end-effector towards 

target position (defined capture range) within 2s, afterwards the end-effector 

stays within that region (to achieve capture) for the remaining duration. 

 

Figure 5.13   Case 3 position tracking error (d ) over time 
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Figure 5.14   Case 3 time histories of joint torques given by the agent 

Figure 5.14 shows the time histories of actions or output torques at each 

joint given by the agent. It is noticed that the torques are smoother and their 

values have less oscillation in comparison with the results from Figure 5.10.  

 

5.3 Six DOF Space Robotic Manipulator 

In this section, the numerical simulation is done for a 6DOF free-floating 

space robotic manipulator to verify the effectiveness of the proposed RL control 
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scheme. The manipulator is seen in Figure 5.15. 

  

Figure 5.15   6 DOF Space robotic Manipulator system 

The physical parameters of the space robotic manipulator are listed in 

Table 5.3 [82]. The initial pose of the end-effector is ( , , , )ex y z   = (0, 0, 2.675, -

1, 0, 0, 0) and the target’s pose is ( , , , )Tx y z   = (1, 0, 1, -0.707, 0, -0.707, 0). The 

torque limits for the first three joints are set at ±6 Nm, while the remaining 

three joints have a constraint of ±3 Nm. The study considers two scenarios 

regarding the manipulator-base spacecraft mass ratio. The first scenario has a 

manipulator-base mass ratio of roughly at 7.4%, which is typical in known 

space robotic missions, along with the different cases of different reward 

function, and environmental factors. The second scenario has a manipulator-

base mass ratio of 30% to assess the proposed reward function’s performance 

in the presence of strong dynamic coupling between the robotic manipulator 

and the base spacecraft, which is prone to dynamic singularities. The 
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parameters used in the reward function are defined as 0.1dk = , 0.001k = , 

0 0.15d m= , 0 15 = , 1dr = , 2r = , 0.005jp = , 0.5lp =  , and 0.3ld m= . 

Table 5.3  Parameters of Six DOF Space Robotic Manipulator   

Body Mass (kg) Length (m) 
Ix 

(kg/m2) 

Iy 
(kg/m2) 

Iz 
(kg/m2) 

Base 1700 
0.75x0.75 

x0.75 
1434 1434 1434 

Link 1 5 0.25 0.0292 0.0292 0.0063 

Link 2 5 0.2 0.0292 0.0292 0.0063 

Link 3 50 0.75 0.0625 26.1 26.1 

Link 4 10 0.2 0.0125 0.215 0.215 

Link 5 50 0.75 0.0625 26.1 26.1 

Link 6 5 0.2 0.0063 0.0292 0.0292 

 

The mass ratio of the robotic manipulator to base spacecraft is roughly 

30%, which is high above average for commonly known space robotic missions 

[5]. This is done to demonstrate the effectiveness of the proposed RL control 

scheme in the presence of strong dynamic coupling between the robotic 

manipulator and the base spacecraft. The parameters for the training process 

and Actor-Critic networks are shown in Table 5.4. 

Table 5.4  Reinforcement Learning Parameters  

Parameter Value 
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Learning rate 0.001 

 
Replay Buffer 50,000 

Discount factor for future reward 0.99 

Smooth factor  0.001 

Mini-batch size 128 

Number of Episodes 3000 

Episode timesteps 400 

Timestep size 0.025 s 

Episode time 10 s 

Neural network architecture for Actor and 

Critic  

Hidden layers 

(400, 300) 

Lower & upper bounds for joint torques (1-3) -3 Nm, 3 Nm 

Lower & upper bounds for joint torques (4-6) -6 Nm, 6 Nm 

 

  

 

5.3.1 Case 1: Approach Target without Velocity Constraint 

In this case, the free-floating space robotic manipulator has been trained 

using the reward function in Equation(4.45). The agent is trained to guide the 

end-effector towards the desired pose ( , , , )Tx y z   with a typical manipulator-

base spacecraft mass ratio of 7.4% with and without imposing any constraints 

on velocity. The training process, derived from 5,000 episodes, is shown in 

Figure 5.16. 
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Figure 5.16   Case 1 Training result :5,000 episodes 

Initially, the agent starts the learning process by searching for the 

highest reward, primarily focusing on the term ( )dK d K− − , which allows the 

end-effector to rapidly approach the desired target pose. Around the halfway 

mark, after approximately 2,500 episodes, the end-effector starts to 

consistently reach the target’s pose. Once the end-effector approaching to the 

target’s pose with errors less than 0 0.15d m=  and 0 15 = , the agent relies on 

the activation of large rewards ( ,dr r ) to get the end-effector closer to the 

target’s pose and subsequently maintain in that pose throughout the 

remaining timesteps by concentrating on maximizing rewards within this 

specific region, thereby limiting its search space. The training process 

eventually approaches after 3,700 episodes, indicating the agent’s ability to 
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effectively learn and perform the desired task. Figure 5.17 shows snap shots of 

robotic manipulator in the approaching process. It shows the base spacecraft 

moves translationally and rotationally because of the small mass ratio between 

the robotic manipulator and the base spacecraft. 

 

 

Figure 5.17   Motion of implemented trained agent from Case 1 

The position ( d ) and orientation ( ) tracking errors between the end-

effector and the target over time are shown in Figure 5.18. Evidently, the 

trained agent steers the end-effector toward the target’s pose within the 

defined tolerance range in 6s, and subsequently, the end-effector stays within 

that region for the remaining duration. It is worth mentioning that the 

threshold 0 0.15d m=  does not imply that the minimum distance error the 

trained agent can reach; instead, it signifies that crossing this threshold 

secures a large reward dr .  

In fact, the agent achieves a minimum distance error of 0.05m. The 
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threshold helps the agent to swiftly approach this region at an earlier stage, 

then spend the rest of the time steps searching for more rewards due to its 

greedy nature, effectively refining the search space for optimal solutions. 

Similarly, the same approach applies to the orientation error, achieving a 

minimum orientation difference of 5.0 degrees. Figure 5.19 shows the time 

histories of actions or output torques at each joint given by the agent. 

 

Figure 5.18   Case 1 Pose tracking errors ( ,d  ) over time 
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Figure 5.19   Case 1 time histories of joint torques given by the agent 

 

Shows the squared sum of all joint angular velocities ( ( )
2

 ). Notably, 

it has a high peak initially, and still has high values throughout the motion. 

 

5.3.2 Case 2: Approach Target with Velocity Constraint 

To improve the path and avoid the undesired excess robotic manipulator 

joint velocities. The free-floating space robotic manipulator has been trained 
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with a penalty on joint angular velocities ( ( )
2

jp −  ), as shown: 

 ( )
2

t d d l jR K d K r r p p  = − − + + − −   (5.4) 

 The coefficient of the penalty term is 0.005jp = , which determined by 

trial-and-error. The training result is shown in Figure 5.20. 

 

Figure 5.20   Case 2 Training result :5,000 episodes 

Figure 5.21 shows the snap shots of robotic manipulator in the 

approaching process. Next, the tracking errors in position d  and orientation 

  between the end-effector and the target are shown in Figure 5.22. Notably, 

the errors progress into the specified tolerance range within the first 7s. 
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Figure 5.21   Motion of implemented trained agent from Case 2 

 

Figure 5.22   Case 2 Pose tracking errors ( ,d  ) over time 

The impact of implementing a velocity constraint in the training process 

is shown Figure 5.24 by comparing the squared sums of all joint velocities 

( ( )
2

 ) for scenarios with and without velocity constraint. The motion 

executed by the agent trained without any velocity constraints is represented 

by the red line, while the motion from the agent trained with the velocity 

constraint incorporated into the reward function is depicted by the blue line. It 
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is clearly shown that the velocity constraint added in the reward function had 

reduced the squared sum of all joint velocities by over three times. This evident 

decrease confirms that incorporating the velocity constraint into the reward 

function successfully smooths the robotic manipulator's motion.  

 

Figure 5.23   Squared sums of all joint velocities with and without velocity 

constraint  

 

 

The ability to refine the motion of the agent through a customized 

reward function paves the way for further investigations into reward function 

design. Future studies could explore the inclusion of various criteria within the 

reward function that have been previously utilized in optimization efforts, such 

No velocity constraint
With velocity constraint
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as the minimization of torques, exerted forces, energy consumption, and 

disturbances to the base, among others. 

Figure 5.24 shows the output torques given by the agent for all six joints 

for the second case, where the velocity penalty was used. It is noticed that the 

torques are smoother and their values are smaller compared to the results in 

Figure 5.19, without velocity penalty, meaning the velocity penalty works well 

in reducing joint velocities and the control torques. 

This comparison shows clearly that the torques from the agent trained 

with the velocity constraint exhibit smoother characteristics and fewer 

oscillations in comparison with the torques generated by the agent without any 

velocity constraints. Additionally, the agent with the velocity constraint 

achieves stable torques at the end of training, indicating a more controlled and 

consistent performance throughout the operation. 
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Figure 5.24   Case 2 time histories of joint torques given by the agent 

 

5.3.3 Case 3: Approach Target with Larger Mass Ratio 

In this particular case, the free-floating space robotic manipulator 

mounted on a smaller base spacecraft has been trained using the same reward 

function in Equation(5.4), which was previously used in Case 2. However, 

unlike the previous cases where the mass ratio between the robotic 
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manipulator and the base spacecraft was 7.4%, the mass ratio is increased to 

30% in the current case. Consequently, it is expected that the dynamic coupling 

effect between the base spacecraft and the robotic manipulator will be 

intensified. Adjustments are made to the base mass and inertia values listed 

in Table 5.3, with the base mass becoming 425kg and the inertia components 

(Ix, Iy, Iz) revised to (358, 358, 434) kg·m2, respectively. Aside from the altered 

mass ratio, the geometric parameters of the manipulator and other RL 

parameters remain unchanged, including the incorporation of the velocity 

constraint in the reward function. 

The training results, as shown in Figure 5.25, clearly demonstrate that 

increasing the dynamic coupling presents additional challenges and prolongs 

the approach time towards the desired pose. For instance, it requires 

approximately 3,700 episodes to begin reaching the defined tolerance region, 

compared to the 3,200 episodes observed in Figure 5.20.  

Despite the increased complexity introduced by the heightened dynamic 

coupling, the agent was able to reach the desired pose, highlighting the 

effectiveness of the proposed reward function to overcome the increased 

dynamic coupling effects. 
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Figure 5.25   Case 3 Training result :5,000 episodes 

 

 

Figure 5.26   Motion of implemented trained agent from Case 3 

Figure 5.26 presents snapshots of the robotic manipulator as it 

approaches its target. These images clearly show that the base spacecraft 

experiences significant disturbances in the process as a result of the dynamic 

coupling between the manipulator and base spacecraft due to the high mass 
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ratio. To further illustrate the effects of dynamic coupling, the translational 

and rotational movements /disturbances of the base spacecraft observed during 

the approaching process are shown in Figure 5.27. For a comparative analysis, 

the movements of the base spacecraft from the previous case with a smaller 

mass ratio of 7.4% are also plotted in Figure 5.27, where red lines represent 

the small mass ratio case, and blue lines denote the high mass ratio case.  

 

Figure 5.27   Position and attitude disturbances of base spacecraft: —small 

mass ratio, —high mass ratio 

Figure 5.28 represents the tracking errors in position d  and orientation 

  between the end-effector and the target over time. Evidently these errors 

progress towards the specified range with similar times as the previous cases. 
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Figure 5.28   Case 3 Pose tracking errors ( ,d  ) over time 

Figure 5.29 shows the time histories of output torques generated by the 

agent for all six joints. In comparison to Case 2, it is apparent that the torques 

are higher, which can be attributed to the significant dynamic coupling 

between the robotic manipulator and the base spacecraft. This indicates that 

the strong dynamic coupling necessitates greater torque inputs to ensure the 

end-effector achieves the desired pose. The achieved results clearly 

demonstrate the effectiveness of Reinforcement Learning for path planning in 

free-floating space robots even when applied to a system with a reduced mass 

base spacecraft, resulting in larger manipulator/base coupling. It implies that 

future space robotic missions will no longer need to design the base spacecraft 

with larger masses solely to minimize the dynamic coupling effect. The ability 

to utilize smaller base spacecraft without concerns about dynamic coupling 

revolutionizes the design and operation of space robotic systems. It facilitates 

increased efficiency, flexibility, and cost-effectiveness in space missions. 
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Figure 5.29   Case 3 time histories of joint torques given by the agent 
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5.3.4 Case 4: Approach Target with Noisy Observations 

In this case, the influence of state measurement noise on RL is studied 

by introducing white noises into state observations at a signal-to-error ratio of 

10/1. It is known that in real-world scenarios, perfect observations of the state 

are unattainable, particularly when estimating the target's pose using non-

intrusive cameras in space.  

To assess the robustness of the proposed methodology in handling noisy 

observations, in this case the agent has been trained while introducing a white 

noise to the target position, orientation, and errors ( , , ,T T d p ) such that: 

 ( , , , ) (1 )( , , , )     (0,1)T T out n T T in nd R d R   = + p p  (5.5) 

where ( ), , ,T T in
d p  is the ideal target pose and error, ( ), , ,T T out

d p is the noisy 

pose and error, and nR  is the signal-to-noise ratio (SNR), which is assumed 

10/1 in the current study. 

The mass ratio between the robotic manipulator and the base spacecraft 

is set to 7.4%. The same parameters of the manipulator and RL remains the 

same as those in Case 2 with the incorporation of joint velocity constraint in 

the reward functions. Figure 5.30 shows the result of training. It is noteworthy 

that the training process requires more episodes to approach, specifically 7,000 

as compared to 5,000 in previous cases. Nevertheless, the agent effectively 

overcomes the challenges posed by noisy inputs, which demonstrates the 
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effectiveness and robustness of the proposed reward function. Figure 5.31 

presents snapshots of the robotic manipulator as it approaches its target. 

 

Figure 5.30   Case 4 Training result :7,000 episodes 

 

 

Figure 5.31   Motion of implemented trained agent from Case 4 
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The position ( d ) and orientation ( ) tracking errors between the end-

effector and the target over time are shown in Figure 5.32. While these 

tracking errors exceed those observed in previous cases, the agent nonetheless 

successfully aligns the end-effector with the target’s pose. 

 

Figure 5.32   Case 4 Pose tracking errors ( ,d  ) over time 

Furthermore, Figure 5.33 shows the time histories of joint torques 

generated by the agent, which are required to reach the target’s pose. 

Compared to the torque patterns in Figure 5.24, a significant increase in 

torque oscillations is observed. This phenomenon can be attributed to the 

impact of noisy observations. These torque oscillations do not disappear even 

when the pose of the end-effector is aligned with the target’s pose, the agent 

continuously adjusts the torques in order to maintain a stable pose of the end-

effector amidst the perturbations induced by noise in the observed stat errors, 

as shown in Figure 5.32. 
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Figure 5.33   Case 4 time histories of joint torques given by the agent 
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The outcomes of all simulations conducted in Sec.5.3 are summarized in 

Table 5.5, which includes a comparison based on several key metrics: the 

required training episodes necessary for approach towards large rewards, the 

total CPU time elapsed during training, and the minimum recorded tracking 

errors for both position and orientation of the end-effector that were 

successfully achieved. 

 

Table 5.5  Comparison between Simulation Cases in Sec.5.3 

 

Comparison 

metrics 

Simulation 

case 

Episodes 

starting to 

approach 

CPU 

times 

(second) 

Position 

tracking 

error 

(meter) 

Orientation 

tracking 

error (deg) 

Case 1 – no 

velocity constraint 
2,869 58,136 0.0513 7.0795 

Case 2 – with 

velocity constraint 
3,072 52,302 0.0509 5.0899 

Case 3 – high 

mass ratio + 

velocity constraint 

3,751 51,549 0.0192 5.8835 

Case 4 – noisy 

observations + 

velocity constraint 

4,567 103,510 0.0567 13.3055 
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5.4 Six DOF Space Robotic Manipulator with Obstacle 

In this section, the numerical simulation is done for a 6DOF free-floating 

space robotic manipulator with an obstacle located between manipulator and 

target, in order to verify the effectiveness of the proposed RL control scheme. 

The manipulator, target and obstacle are shown in Figure 5.34. Three different 

cases were conducted to demonstrate the capabilities of the proposed RL 

approach. The first case employs the reward function without velocity 

constraints. In the second case the reward function was used with the velocity 

constraints in order to improve the path. And for the third case, the same 

reward function as the second case was used however, it included noisy 

observations, thereby closely reflecting realistic sensor observations. 

  

Figure 5.34   6 DOF Space robotic Manipulator system 
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The physical parameters of the space robotic manipulator, the target 

and the obstacle are given in Table 5.6. Table 5.7 provides the reinforcement 

learning training hyperparameters and the initial conditions used in the 

environment for all simulation cases.  

Table 5.6  Parameters of Six DOF Space Robotic Manipulator   

Body Mass (kg) Length (m) 
Ix 

(kg/m2) 

Iy 
(kg/m2) 

Iz 
(kg/m2) 

Base 1700 
0.75x0.75 

x0.75 
1434 1434 1434 

Link 1 5 0.25 0.0292 0.0292 0.0063 

Link 2 5 0.2 0.0292 0.0292 0.0063 

Link 3 50 0.75 0.0625 26.1 26.1 

Link 4 10 0.2 0.0125 0.215 0.215 

Link 5 50 0.75 0.0625 26.1 26.1 

Link 6 5 0.2 0.0063 0.0292 0.0292 

Target Sphere 0 radius 0.1 0 0 0 

Obstacle Sphere 0 radius 0.1 0 0 0 

 

Table 5.7  Reinforcement Learning Parameters  

Parameter Value 

Learning rate 0.001 

 
Replay Buffer 50,000 

Discount factor for future reward 0.99 
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Smooth factor  0.001 

Mini-batch size 128 

Number of Episodes 3000 

Episode timesteps 400 

Timestep size 0.025 s 

Episode time 10 s 

Neural network architecture for Actor 

and Critic  

Hidden layers  

(400, 300) 

Bounds for joint torques (1-3) -3 Nm, 3 Nm 

Bounds for joint torques (4-6) -6 Nm, 6 Nm 

Initial EE pose ( ), , ,
e

x y z   (0, 0, 2.675, -1, 0, 0, 0) 

Target pose ( ), , ,
T

x y z   (0.8, 0, 1.6, 0.707, 0, 0.707, 0) 

Obstacle position ( ), ,
Ob

x y z  (1.5, 0, 1) 

 

It is worth pointing out that the RL hyperparameters play a pivotal role 

in governing various aspects of the learning process, including learning 

dynamics, exploration versus exploitation trade-offs, convergence, adaptation 

to changing environments, and computational resource utilization. The 

training is greatly influenced by the learning rate, replay buffer and discount 

factor. The learning rate dictates the pace at which the RL agent updates its 

estimates based on new information, influencing both the speed and stability 

of learning. Similarly, a larger replay buffer enhances sample efficiency and 

stability by enabling the agent to learn from a diverse array of past experiences 

while mitigating overfitting risks. Moreover, the discount factor is essential for 
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the agent's long-term decision-making, allowing it to balance immediate 

rewards with future gains. This factor significantly influences the progress and 

stability of RL algorithms and aids in handling uncertainty and delayed 

rewards, thus facilitating effective exploration and exploitation strategies. 

5.4.1 Case 1: Obstacle Avoidance without Velocity Constraints 

In this case, the free-floating space robotic manipulator has been trained 

using the reward function in Equation(4.47). The parameters in this reward 

function are defined as 0.1dk = , 0.001k = , 0 0.2d m= , 0 30 = , 1dr = , 2r = , 

0.5Obp = , 0.3Obd = . These parameters are used in all simulation cases 

described in the next sections. 

The training progress is shown in Figure 5.35. These curves show that 

the agent learns to reach the desired pose by searching for the highest reward. 

The term ( dK d K− − ) in the reward function efficiently guides the EE 

towards the capture range within the first 5000 episodes, while the penalty 

term ( l Obp p− − ) in the reward function effectively prevents collisions of the 

manipulator with the obstacle, the target and itself.  
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Figure 5.35   Case 1 Training result :10,000 episodes 

 

 

Figure 5.36   Motion of implemented trained agent from Case 1 

Upon entering the capture range, the sparse rewards ( dr r+ ) in the 

reward function are activated to keep the EE within the capture range while 

simultaneously refining the EE’s pose throughout the remaining timesteps to 

prepare for capture. The large variation of the episode reward reflects the 

activation and deactivation of the large rewards ( dr r+ ) in this process. Figure 
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5.36 shows snapshots of the output path for the space robotic manipulator 

towards the target. 

Figure 5.37 shows the pose error between the EE and the target over 

time with the left subfigure representing the distance error ( d ) and the right 

subfigure depicting the orientation difference ( ). The trained agent guides 

the EE towards the desired target pose range ( 0 0,d  ) within approximately 6 

seconds. Subsequently, the EE stays within that region to achieve capture for 

the remaining duration of the simulation. Notably, the threshold ( 0 0.20d m= ) 

does not imply that the minimum distance error the trained agent can reach; 

instead, it signifies that crossing this threshold secures a large positive reward 

( dr ). As a result, the agent achieves a minimum distance error of d = 0.058m 

and orientation error of  = 4.85 degrees. 

 

Figure 5.37   Case 1 Pose tracking errors ( ,d  ) over time 
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Figure 5.38 shows the time histories of actions (control torques) at all 

six joints as given by the agent. The agent effectively provides the necessary 

torques to achieve a valid path for the manipulator to move the EE towards 

the target, ensuring no self-collision occurs between manipulator links, and 

most importantly, avoiding the obstacle placed between the EE and the target. 
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Figure 5.38   Case 1 time histories of joint torques given by the agent 

   

5.4.2 Case 2: Obstacle Avoidance with Velocity Constraint 

To achieve smoother motion and eliminate undesired sudden changes in 

the path, often associated with high joint angular velocities, a velocity penalty 

term for all six joint velocities ( ( )
2

jp −  ) has been added to the reward 

function, as shown in Equation(4.51). The parameters for this simulation case 

are the same as those in case 1, with the inclusion of an additional parameter 

of 0.005jp = . The training result is shown in Figure 5.39. along with the 

progress of the reward function. Figure 5.40 shows the pose error between the 

EE and the target over time, and Figure 5.41 shows the time histories of 

actions (control torques) for all six joints given by the agent. 
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Figure 5.39   Case 2 Training result :10,000 episodes 

 

 

Figure 5.40   Case 2 Pose tracking errors ( ,d  ) over time 
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Figure 5.41   Case 1 time histories of joint torques given by the agent 

In comparison to Figure 5.35, Figure 5.39 shows that the training 

process is similar to Case 1. The training approaches the capture range in 
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approximately 5,000 episodes. Upon entering the capture range, the large 

rewards ( dr r+ ) in the reward function are activated to keep the EE within the 

capture range while simultaneously refining the EE’s pose throughout the 

remaining timesteps to prepare the gripper for capture. However, it is noted 

that in Case 2, the introduction of a velocity penalty term ( ( )
2

jp −  ) to the 

reward function results in a smoother path. Comparing Figure 5.40 with 

Figure 5.37 reveals an improvement in the approach of the path in the first 3 

seconds. Furthermore, the end-effector successfully approaches towards the 

capture range. The high rewards ( dr r+ ) helps the agent staying in this region 

for future capture and servicing with a minimum distance error of d  = 0.088m 

and orientation difference of  = 6.61 degrees. 

 

To further examine the effect of the velocity constraint term on agent 

training, the square sum of all six joint velocities ( ( )
2

 ) along the path is 

shown in Figure 5.42. It is observed that the square sum of velocities obtained 

from the path in Case 2 (right plot) barely surpasses 80 in comparison to the 

160 reached in Case 1 (left plot).  

These results clearly demonstrate the efficacy of modifying the reward 

function on the solution. Such findings open the door for future research to 

enhance path optimization by designing better reward functions, potentially 
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incorporating torque penalties, energy consumption penalties, and the 

integration of optimal path constraints commonly used in optimization to 

Reinforcement Learning. 

 

Figure 5.42   Square sum of all joint angular velocities in Case 1 (left) and 

Case 2 (right). 

5.4.3 Case 3: Obstacle Avoidance with Noisy Observations 

In real missions, assuming perfect observations of the state is 

unrealistic, particularly in estimating the target's pose using vision sensors 

like cameras. To evaluate the robustness of the proposed reward function in 

handling noisy observations, training of the agent was proceeded with the 

same reward function and parameters in Case 2, except introducing white 

noise to the observations that would be obtained from cameras in real mission. 

The noise is added to the target pose and obstacle position: , , , ,T T T T Ob  p p  

with a signal-to-noise ratio (SNR) of 10/1 to simulate realistic conditions: 
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  1out in nSignal Signal R+=  (5.6) 

where [ 0.1,0.1]nR  −  is a random number with Mean=0 and Variance=1. 

  

Figure 5.43   Case 3 Training result :10,000 episodes 

The training outcome is shown in Figure 5.43. It is noted that the agent 

is able to obtain high rewards despite the presence of observational noise. 

Figure 5.44 shows the pose error between the EE and the target over time. 

Despite the presence of noise in the target position and orientation 

observations and obstacle position, the agent effectively manages to align the 

EE and the target for capture while avoiding the obstacle along the path. The 

agent achieves a minimum distance error of d = 0.048m and orientation 

difference of  = 7.79 degrees.  

Notably, as the EE approaches the target, the absolute value of the noise 
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decreases, imitating the characteristic behavior observed in real camera 

observations. The agent successfully overcomes the noisy inputs, which proves 

the effectiveness and robustness of the solution. 

 

Figure 5.44   Case 3 Pose tracking errors ( ,d  ) over time 

 

 

Figure 5.45 shows the time histories of actions (control torques) for all 

six joints given by the agent. It reveals that the torques required for capture 

exhibit more oscillations compared to the previous solution in Figure 5.41. This 

increase in oscillation results from the noisy observations that add 

uncertainties during training.  

It is worth mentioning that the agent trained in Case 3 (noise on 

observations) still manages to achieve the desired task when implemented in 

a noise-free environment. Conversely, the agent trained in Case 2 (no noise on 

observations) fails its task in a noisy environment.  
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This highlights the importance of RL training under realistic and 

challenging conditions. Exposing the agent to noise during training equips it 

with the ability to effectively achieve its task in real-world applications. 

 

 

 

Figure 5.45   Case 3 time histories of joint torques given by the agent 
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Chapter 6 MULTI-SCENARIO REINFORCEMENT LEARNING  

Summary: In this chapter, the agent will be trained using multi-scenario 

reinforcement learning, a new approach where the training environment 

changes dynamically with each training episode and its efficacy has been 

demonstrated by numerical simulation.  

Part of theatrical and simulation results will be published in the reference 

paper I. All variable symbols in this chapter refer to the definitions in Section 

4.3 

6.1 Introduction  

Unlike the RL in previous Chapter, the agent will be trained using multi-

scenario reinforcement learning, an approach where the training environment 

changes dynamically with each training episode. This includes varying initial 

conditions such as random manipulator joint angles, target positions/ 

orientations, and obstacle placements. This method aims to create a versatile 

agent capable of achieving target capture under any circumstances, meaning 

it can reach any target from any position, regardless of obstacles in its path. 

The goal is to achieve human-level capture efficiency. 

A review of the previous literature, as summarized in Table 2.3, reveals 

a notable absence of multi-scenario reinforcement learning (RL) training. 
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Traditionally, RL has been employed to train agents for single mission 

scenarios. The next step in advancing this field is to develop an agent capable 

of achieving target capture for any mission without the need for retraining. It 

is my belief that this objective can be accomplished through multi-scenario 

reinforcement learning.  

The pseudo code that describes the multi-scenario RL training is shown 

in Table 6.1. It is based of the DDP procedure in Table 4.1 but with randomly 

selected initial conditions for the environment at the beginning of every 

episode. 

Table 6.1  Multi-scenario RL Algorithm Procedure 

Randomly initialize online actor ( | ) s  and critic ( , | )QQ s a  networks by 

respective weights (  , Q ). 

Reset target actor   and critic Q  networks with weights    
→ , 

Q Q  
→ . 

Reset replay buffer (RAM). 

For each episode M do: 

Randomly select initial six robotic joint angles ( 1 2 3 4 5 6, , , , ,Φ Φ Φ Φ Φ Φ ) 

Randomly choose target position ( , ,T T Tx y z ) and orientation ( , ,T T T   ) 

Randomly choose obstacle position ( , ,Ob Ob Obx y z ) 

For each timestep: 

Select an action ( | ) = +a s , where s and  are current state and 

random process exploration noise. 
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Execute action a, observe reward R & new state 1i+s . 

Store the experience 1( , , , )i iR +s a s  in the replay buffer. 

Sample random minibatch of experiences 1( , , , )i iR +s a s  from the replay buffer.  

If  1i+s  is the terminal state, set the value function target as 

y = R 

Else, Set the value function target as  

1 1( , ( | ) | )Q

i iy R Q    
 

+ +
 = + s s  

Update critic parameters by minimizing the loss L on all sampled 

experiences,  

( )
2

1

1
,

M
Q

i

L y Q s a
M


=

 = −
   

Update actor parameters to maximize the expected discounted reward by the 

sampled policy gradient, 

( ) ( )
1

1
,

M
Q

a

i

J Q s a s
M

 



 
  

=

     

Update target actor and critic parameters by: 

( )1Q Q Q   
 
= + −  and ( )1     

 
= + −  

 End for 

End for 

 

At the beginning of each episode, initial conditions are randomly 

selected using the MATLAB function Rand, while adhering to specific 

constraints to avoid self-collisions between robotic links and stay within joint 

limits. The initial conditions that are changed include the initial joint angles, 
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the target pose, and an obstacle positioned between the robot and target. 

 

6.2 Six DOF Space Robotic Manipulator  

6.2.1 Random Target Positions 

In this section the Environment for a six degrees-of-freedom free floating 

space manipulator is used to train a dynamic agent. The environment 

previously built in Section 5.3 is used for training. However, the environment 

is rebuilt to have different, randomly chosen target positions at the start of 

each training episode within the ranges in shown in Table 6.2.  

Table 6.2   Multi-scenario RL Initial Conditions 1 

Parameter Random Value for Training For Testing 

Target x Between (0.5 to 1.5) meters 1.163 m 

Target y Between (-0.5 to 0.5) meters 0.023 m 

Target z Between (0.5 to 1.5) meters 0.76 m 

 

The reward function used was the same as previously designed. 

 ( )
2

t d d l jR K d K r r p p  = − − + + − −   (6.1) 

The training was conducted for 10,000 episodes and the result of 

training is shown in Figure 6.1. Notably, the training process requires a larger 

number of episodes to achieve progress. Despite this, it successfully approaches 
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high rewards associated with successful capture. The figure shows 

considerable oscillation, which results from the random placement of the target; 

in some episodes, the target may be unreachable, resulting in lower rewards, 

while in others, successful captures lead to high rewards.  

 

Figure 6.1    Multi-scenario RL Training result :10,000 episodes 

Although the training took 45 hours, once the agent was fully trained it 

was merely 3.7megabytes and had the ability to achieve successful capture of 

different target positions with a 72% success rate. It did not require re-training 

every time the initial conditions of the capture mission change, as seen in 

optimization techniques. The minimum distance error achieved by the agent 

was of d = 0.0214m and orientation error of  = 0.898 degrees. 

Furthermore, the fully trained agent does not need any computation, it 
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is made of a combination of wights and bias, it can be implemented on any 

small chip as the ones used in small satellites.  

For testing the target position is chosen randomly, see Table 6.2. Figure 

6.2 shows the pose error between the EE and the target over time. The trained 

agent guides the EE towards the desired target pose range within 

approximately 7 seconds. The agent achieves a minimum distance error of d

= 0.118m and orientation error of  = 1.5 degrees. 

 

Figure 6.2   Capture Test Pose tracking errors ( ,d  ) over time 

Figure 6.3 shows the time histories of actions (control torques) at all six 

joints as given by the agent. The agent effectively provides the necessary 

torques to achieve a valid path for the manipulator to move the EE towards 

the target, ensuring no self-collision occurs between manipulator links. 
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Figure 6.3   Capture Test joint torques time histories 

6.2.2 Random Target Positions and Orientations  

In this section the Environment for a six degrees-of-freedom free floating 
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space manipulator is used to train a dynamic agent. The environment 

previously built in Section 5.3 is used for training. However, the environment 

is rebuilt to have different, randomly chosen target positions and orientations 

at the start of each training episode within the ranges in shown in Table 6.3.  

 

Table 6.3   Multi-scenario RL Initial Conditions 2 

Parameter Random Value for Training For Testing 

Target x Between (0.5 to 1.5) meters 1.13 m 

Target y Between (-0.5 to 0.5) meters 0.296 m 

Target z Between (0.5 to 1.5) meters 1.191 m 

Target roll  Between (0 to +30) degrees 

 

10.36 deg 

Target pitch Between (0 to +30) degrees 

 

28.405 deg 

Target yaw Between (0 to +30) degrees 

 

15.606 deg 

 

The reward function used was the same as previously designed. 

 ( )
2

t d d l jR K d K r r p p  = − − + + − −   (6.2) 

The training was conducted for 10,000 episodes, and the results are 

shown in Figure 6.4. Notably, even after ten thousand episodes, the agent 

barely learns to achieve capture, indicating that the training process requires 

a larger number of episodes. Consequently, the training was extended to 

15,000 episodes. The results, shown in Figure 6.5, demonstrate successful 

progress towards high rewards associated with successful position and 

orientation alignment. The dynamic agent achieves capture across various 



169 

 

target positions and orientations scenarios with a success rate of 71%. The 

minimum distance error achieved by the agent was of d = 0.0161m and 

orientation error of  = 3.2838 degrees. 

 

Figure 6.4    Multi-scenario RL Training result :10,000 episodes 
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Figure 6.5    Multi-scenario RL Training result :15,000 episodes 

For testing the target position is chosen randomly, see Table 6.3. Figure 

6.6 shows the pose error between the EE and the target over time. The trained 

agent guides the EE towards the desired target pose range within 

approximately 7 seconds. The agent achieves a minimum distance error of d

= 0.0401m and orientation error of  = 7.0898 degrees. Figure 6.7 shows the 

time histories of actions (control torques) at all six joints as given by the agent. 

 

Figure 6.6   Capture Test Pose tracking errors ( ,d  ) over time 
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Figure 6.7   Capture Test joint torques time histories 

 

 

6.3 Six DOF Space Robotic Manipulator with Obstacle 

In this section the Environment for a six degrees-of-freedom free floating 

space manipulator with obstacle avoidance is used to train a dynamic agent. 

The environment previously built in Section 5.4 is used for training. However, 

the environment is rebuilt to have different, randomly chosen target positions, 
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obstacle positions, and initial robotic joint angles at the start of each episode. 

In each subsection the multi-scenario training will be conducted with 

one or more changing initial conditions. Furthermore, each subsection will be 

dynamically trained for three different cases, The first case is trained without 

any optimization term in the reward function, the second case will be trained 

with a velocity constraint term, and the third case will be trained under noisy 

observations. These three cases are exactly similar to the cases in Section 5.4. 

However, the initial conditions change at each episode.  

This will create a robust dynamic agent that has the ability to smoothly 

achieve position and orientation alignment with any randomly positions target, 

from any initial joint positions, while avoiding any obstacle placed in its path, 

and under noisy observations.  

 

6.3.1 Random Initial Joint Positions 

The training in this section will be done on the same environment, and 

reward functions previously described in Section 5.4,  with random initial joint 

positions at the start of each episode within the ranges in shown in Table 6.4.  
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Table 6.4  multi-scenario RL Initial Conditions 1 

Parameter Random Value for Training For Testing 

  

 

Case 1 Case 2 Case 3 

Joint1 between (60 to 120) deg 

 

115.032 78.673 62.581 

Joint2 between (0 to 30) deg 

 

8.575 15.856 5.069 

Joint3 between (0 to 30) deg 

 

22.716 4.969 19.473 

Joint4 between (0 to 30) deg 

 

22.612 18.059 21.951 

Joint5 between (-30 to 30) deg 

 

-7.173 14.221 8.864 

Joint6 between (-30 to 30) deg 

 

4.069 9.244 -2.944 

Target x 1.6 m 

 

1.6 m 

 

1.6 m 

 

1.6 m 

 
Target y 0.0 m 

 

0.0 m 

 

0.0 m 

 

0.0 m 

 
Target z 1.0 m 

 

1.0 m 

 

1.0 m 

 

1.0 m 

 
Obstacle x 0.9 m 0.9 m 0.9 m 0.9 m 

Obstacle y 0.0 m 0.0 m 0.0 m 0.0 m 

Obstacle z 1.5 m 1.5 m 1.5 m 1.5 m 

 

 Random Joint Positions Case 1: without Velocity Constraints 

This case is similar to case 1 in Section 5.4.1. The same reward function 

without the velocity constraint term is used. However, it is trained with using 

multi-scenario  RL. The training result is shown in Figure 6.8 where the 

training convergences nicely. Within the first 5,000 episodes it gains the high 

rewards from position alignment, after 7,000 episodes it learns to achieve 

position and orientation alignment.  

The fully trained agent has the ability to achieve successful capture of 



174 

 

the target pose from different initial joint positions with a 94% success rate. It 

can also achieve capture of the target pose while avoiding the obstacle with a 

40% success rate. The minimum distance error achieved by the agent was of 

d = 0.0031m and orientation error of  = 4.4002 degrees. 

 

Figure 6.8   Multi-scenario  RL Case 1 Training result :10,000 episodes 

For testing case 1 the initial joint positions are chosen randomly, see 

Table 6.4. Figure 6.9 shows the pose error between the EE and the target over 

time. The trained agent guides the EE towards the desired target pose range 

within approximately 7 seconds. The agent achieves a minimum distance error 

of d = 0.0378m and orientation error of  = 11.69 degrees. Figure 6.10 shows 

the time histories of actions (control torques) at all six joints as given by the 

agent. 
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Figure 6.9   Case 1 test pose tracking errors ( ,d  ) over time 
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Figure 6.10   Case 1 test joint torques time histories 

 

 Random Joint Positions Case 2: with Velocity Constraints 

This case is similar to case 2 in Section 5.4.2. The same reward function 

with the velocity constraint term is used. However, it is trained with using 

multi-scenario  RL. The training result is shown in Figure 6.11.  

The fully trained agent has the ability to achieve successful capture of 

the target pose from different initial joint positions with a 98% success rate. It 

can also achieve capture of the target pose while avoiding the obstacle with a 

63% success rate. In addition to improving the motion using velocity constraint.  

The minimum distance error achieved by the agent was of d = 0.0111m 

and orientation error of  = 4.2993 degrees. 
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Figure 6.11   multi-scenario  RL Case 2 Training result :10,000 episodes 

For testing case 2 the initial joint positions are chosen randomly, see 

Table 6.4. Figure 6.12 shows the pose error between the EE and the target over 

time. The trained agent guides the EE towards the desired target pose range 

within approximately 8 seconds.  

The agent achieves a minimum distance error of d = 0.0559 m and 

orientation error of  = 6.3404 degrees. Figure 6.13 shows the time histories 

of actions (control torques) at all six joints as given by the agent. 
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Figure 6.12   Case 2 test pose tracking errors ( ,d  ) over time 
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Figure 6.13   Case 2 test joint torques time histories 

 

 Random Joint Positions Case 3: with Noisy Observations 

This case is similar to case 3 in Section 5.4.3. The same reward function 

with the velocity constraint term is used. However, it is trained with using 

multi-scenario RL and with noisy observations, such as target positions, 

orientations, and obstacle positions, The training result is shown in Figure 6.14. 

As revealed in previous sections, the addition of noisy observations required 

more episodes of training. Therefore, in case 3 the training was done for 15,000 

episodes. 

The fully trained agent can achieve successful capture of the target pose 

from different initial joint positions with an 87% success rate. It can also 

achieve capture of the target pose while avoiding the obstacle with a 50% 

success rate. In addition to improving the motion using velocity constraint and 

under noisy observations. The minimum distance error achieved by the agent 
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was of d = 0.0038m and orientation error of  = 2.1337 degrees. 

 

Figure 6.14   Multi-scenario RL Case 3 Training result :15,000 episodes 

For testing case 3 the initial joint positions are chosen randomly, see 

Table 6.4. Figure 6.15 shows the pose error between the EE and the target over 

time. The trained agent guides the EE towards the desired target pose range 

within approximately 8 seconds.  

The agent achieves a minimum distance error of d = 0.0254m and 

orientation error of  = 5.8576 degrees. Figure 6.16 shows the time histories 

of actions (control torques) at all six joints as given by the agent. 
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Figure 6.15   Case 3 test pose tracking errors ( ,d  ) over time 
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Figure 6.16   Case 3 test joint torques time histories 

 

6.3.2 Random Initial Joint Positions & Obstacle Positions 

The training in this section will be done on the same environment, and 

reward functions previously described in Section 5.4,  with random initial joint 

positions, and randomly placed obstacles at the start of each episode within 

the ranges in shown in Table 6.5.  

Table 6.5  Multi-scenario RL Initial Conditions 2 

Parameter Random Value for Training For Testing 

  

 

Case 1 Case 2 Case 3 

Joint1 between (60 to 120) deg 

 

97.323 66.405 84.969 

Joint2 between (0 to 30) deg 

 

10.528 19.612 25.257 

Joint3 between (0 to 30) deg 

 

15.397 14.825 24.987 

Joint4 between (0 to 30) deg 

 

12.054 23.371 7.693 

Joint5 between (-30 to 30) deg 

 

-25.442 12.902 6.807 
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Joint6 between (-30 to 30) deg 

 

-15.605 24.223 4.934 

Target x 1.6 m 

 

1.6 m 

 

1.6 m 

 

1.6 m 

 
Target y 0.0 m 

 

0.0 m 

 

0.0 m 

 

0.0 m 

 
Target z 1.0 m 

 

1.0 m 

 

1.0 m 

 

1.0 m 

 
Obstacle x Between (0.5 to 1.0) m 0.562 0.945 0.770 

Obstacle y Between (-1.0 to 1.0) m -0.632 -0.332 0.739 

Obstacle z Between (0.5 to 2.5) m 0.979 1.897 1.029 

 

 Random Joint & Obstacle Positions Case 1: without Velocity 

Constraints 

This case is similar to case 1 in Section 5.4.1. The same reward function 

without the velocity constraint term is used. However, it is trained with using 

multi-scenario RL. The training result is shown in Figure 6.17. 

The fully trained agent has the ability to achieve successful capture of 

the target pose from different initial joint positions with a 97% success rate. It 

can also achieve capture of the target pose while avoiding the randomly placed 

obstacles with an 86% success rate. The minimum distance error achieved by 

the agent was of d = 0.0061m and orientation error of  = 3.0358 degrees. 
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Figure 6.17   Multi-scenarioRL Case 1 Training result :10,000 episodes 

For testing case 1 the initial joint positions are chosen randomly, see 

Table 6.5. Figure 6.18 shows the pose error between the EE and the target over 

time. The trained agent guides the EE towards the desired target pose range 

within approximately 6 seconds.  

The agent achieves a minimum distance error of d = 0.0358 m and 

orientation error of  = 6.371 degrees. Figure 6.19 shows the time histories of 

actions (control torques) at all six joints as given by the agent. 
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Figure 6.18   Case 1 test pose tracking errors ( ,d  ) over time 
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Figure 6.19   Case 1 test joint torques time histories. 

 

 Random Joint & Obstacle Positions Case 2: with Velocity 

Constraints 

This case is similar to case 2 in Section 5.4.2. The same reward function 

with the velocity constraint term is used. However, it is trained with using 

multi-scenario RL. The training result is shown in Figure 6.20.  

The fully trained agent has the ability to achieve successful capture of 

the target pose from different initial joint positions with a 97% success rate. It 

can also achieve capture of the target pose while avoiding the randomly placed 

obstacles with an 88% success rate. In addition to improving the motion using 

velocity constraint. The minimum distance error achieved by the agent was of 

d = 0.0067m and orientation error of  = 2.0934 degrees. 
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Figure 6.20   Multi-scenario RL Case 2 Training result :10,000 episodes 

For testing case 2 the initial joint positions are chosen randomly, see 

Table 6.5. Figure 6.21 shows the pose error between the EE and the target over 

time. The trained agent guides the EE towards the desired target pose range 

within approximately 5 seconds.  

The agent achieves a minimum distance error of d = 0.0620m and 

orientation error of  = 8.2814 degrees. Figure 6.22 shows the time histories 

of actions (control torques) at all six joints as given by the agent. 
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Figure 6.21   Case 2 test pose tracking errors ( ,d  ) over time 
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Figure 6.22   Case 2 test joint torques time histories 

 

 Random Joint & Obstacle Positions Case 3: with Noisy 

Observations 

This case is similar to case 3 in Section 5.4.3. The same reward function 

with the velocity constraint term is used. However, it is trained with using 

multi-scenario  RL and with noisy observations, such as target positions, 

orientations, and obstacle positions, The training result is shown in Figure 6.23. 

As revealed in previous sections, the addition of noisy observations required 

more episodes of training. Therefore, in case 3 the training was done for 15,000 

episodes. 

The fully trained agent has the ability to achieve successful capture of 

the target pose from different initial joint positions with a 100% success rate. 

It can also achieve capture of the target pose while avoiding the randomly 

placed obstacles with an 89% success rate. In addition to improving the motion 
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using velocity constraint and under noisy observations. The minimum distance 

error achieved by the agent was of d = 0.0072m and orientation error of  = 

2.5995 degrees. 

 

Figure 6.23   Multi-scenario RL Case 3 Training result :15,000 episodes 

For testing case 3 the initial joint positions are chosen randomly, see 

Table 6.5. Figure 6.24 shows the pose error between the EE and the target over 

time. The trained agent guides the EE towards the desired target pose range 

within approximately 8 seconds.  

The agent achieves a minimum distance error of d = 0.0567m and 

orientation error of  = 3.9955 degrees. Figure 6.25 shows the time histories 

of actions (control torques) at all six joints as given by the agent. 
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Figure 6.24   Case 3 test pose tracking errors ( ,d  ) over time 
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Figure 6.25   Case 3 test joint torques time histories 

  

6.3.3 Random Initial Joint Positions, Obstacle Positions & Target Positions 

The training in this section will be done on the same environment, and 

reward functions previously described in Section 5.4,  with random initial joint 

positions, randomly placed targets, and random obstacle locations at the start 

of each episode within the ranges in shown in Table 6.6.  

Table 6.6  Multi-scenario RL Initial Conditions 3 

Parameter Random Value for Training For Testing 

  

 

Case 1 Case 2 Case 3 

Joint1 between (60 to 120) deg 

 

105.304 112.435 105.68

5 
Joint2 between (0 to 30) deg 

 

11.321 8.108 18.932 

Joint3 between (0 to 30) deg 

 

6.480 6.253 2.696 

Joint4 between (0 to 30) deg 

 

3.712 16.949 2.425 

Joint5 between (-30 to 30) deg 

 

26.958 8.418 16.634 
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Joint6 between (-30 to 30) deg 

 

-10.346 -4.978 24.308 

Target x between (1.6 to 2.1) m  1.984 1.661 1.749 

Target y between (-0.5 to 0.5) m  -0.103 -0.009 -0.453 

Target z between (1.0 to 1.5) m  1.404 1.4264 1.252 

Obstacle x Between (0.5 to 1.0) m 0.835 0.602 0.766 

Obstacle y Between (-1.0 to 1.0) m -0.122 0.895 -0.781 

Obstacle z Between (0.5 to 2.5) m 2.167 0.664 2.151 

 

 Random Joint, Obstacle & Target Positions Case 1: without 

Velocity Constraints 

This case is similar to case 1 in Section 5.4.1. The same reward function 

without the velocity constraint term is used. However, it is trained with using 

multi-scenario RL. The training result is shown in Figure 6.26. 

The fully trained agent has the ability to achieve successful capture of 

the randomly placed target pose from different initial joint positions with an 

86% success rate. It can also achieve capture of the target pose while avoiding 

the randomly placed obstacles with an 82% success rate.  

The minimum distance error achieved by the agent was of d = 0.0081m 

and orientation error of  = 3.1301 degrees. 
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Figure 6.26   Multi-scenario RL Case 1 Training result :15,000 episodes 

For testing case 1 the initial joint positions are chosen randomly, see 

Table 6.6. Figure 6.27 shows the pose error between the EE and the target over 

time. The trained agent guides the EE towards the desired target pose range 

within approximately 6 seconds.  

The agent achieves a minimum distance error of d = 0.0275m and 

orientation error of  = 8.3201 degrees. Figure 6.28 shows the time histories 

of actions (control torques) at all six joints as given by the agent. 
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Figure 6.27   Case 1 test pose tracking errors ( ,d  ) over time 
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Figure 6.28   Case 1 test joint torques time histories. 

 

 Random Joint, Obstacle & Target Positions Case 2: with Velocity 

Constraints 

This case is similar to case 2 in Section 5.4.2. The same reward function 

with the velocity constraint term is used. However, it is trained with using 

multi-scenario RL. The training result is shown in Figure 6.29.  

The fully trained agent has the ability to achieve successful capture of 

the randomly placed target pose from different initial joint positions with an 

97% success rate. It can also achieve capture of the target pose while avoiding 

the randomly placed obstacles with an 86% success rate. In addition to 

improving the motion using velocity constraint.  

The minimum distance error achieved by the agent was of d = 0.0094m 

and orientation error of  = 6.98 degrees. 
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Figure 6.29   Multi-scenario RL Case 2 Training result :15,000 episodes 

For testing case 2 the initial joint positions are chosen randomly, see 

Table 6.6. Figure 6.30 shows the pose error between the EE and the target over 

time. The trained agent guides the EE towards the desired target pose range 

within approximately 5 seconds.  

The agent achieves a minimum distance error of d = 0.0203m and 

orientation error of  = 14.842 degrees. Figure 6.31 shows the time histories 

of actions (control torques) at all 6 joints as given by the agent. 
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Figure 6.30   Case 2 test pose tracking errors ( ,d  ) over time 
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Figure 6.31   Case 2 test joint torques time histories 

 

 Random Joint, Obstacle & Target Positions Case 3: with Noisy 

Observations 

This case is similar to case three in Section 5.4.3. The same reward 

function with the velocity constraint term is used. However, it is trained with 

using multi-scenario RL and with noisy observations, such as target positions, 

orientations, and obstacle positions, The training result is shown in Figure 6.32. 

The fully trained agent has the ability to achieve successful capture of 

the randomly placed target pose from different initial joint positions with an 

75% success rate. It can also achieve capture of the target pose while avoiding 

the randomly placed obstacles with an 60% success rate.  

In addition to improving the motion using velocity constraint and under 

noisy observations. The minimum distance error achieved by the agent was of 

d = 0.0085m and orientation error of  = 2.3172 degrees. 
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Figure 6.32   Multi-scenario RL Case 3 Training result :15,000 episodes 

For testing case 3 the initial joint positions are chosen randomly, see 

Table 6.6. Figure 6.33 shows the pose error between the EE and the target over 

time. The trained agent guides the EE towards the desired target pose range 

within approximately 8 seconds.  

The agent achieves a minimum distance error of d = 0.0179m and 

orientation error of  = 18.3973 degrees. Figure 6.34 shows the time histories 

of actions (control torques) at all six joints as given by the agent. 
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Figure 6.33   Case 3 test pose tracking errors ( ,d  ) over time 
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Figure 6.34   Case 3 test joint torques time histories. 

 

All the multi-scenario RL agents trained in this section are summarized 

in Table 6.7 below. 

Table 6.7  Multi-scenario RL Training Summary 

 random 

joints 

random 

obstacle 

random 

target 

success 

rate-

capture 

capture + 

avoid 

obstacle 

min 

 d  

min 
  

Normal   - - 94% 40% 0.0031 4.4 

VC  - - 98% 63% 0.011 4.3 

Noise  - - 87% 50% 0.0038 2.23 

Normal   - 97% 86% 0.0061 3.035 

VC   - 97% 88% 0.0067 2.093 

Noise   - 100% 89% 0.0072 2.6 

Normal    86% 82% 0.008 3.13 

VC    97% 86% 0.0094 6.98 

Noise    75% 60% 0.0085 2.317 
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Chapter 7 EXPERIMENTAL TESTING AND VALIDATION 

Summary: This chapter presents the development of 6DOF hardware-in-the-

loop robotic experimental system. This chapter includes parts of the 

experimental results that have been published in the reference papers B, E, 

and H. 

7.1 Introduction  

The 6DOF hardware-in-the-loop robotic experimental system previously 

detailed in Section 3.2 is built and tested. Our initial experimental results in 

computer vision, sensing capabilities, and motion control are described in this 

chapter. The testbed is set up to examine the concept of debris capture by space 

robotic manipulators. The main scope is to validate the feasibility of the 

tumbling target maneuvers, the proposed space robotic control strategy in 

order to achieve soft capture, and the different sensory capabilities . 

7.2 Computer Vision  

The tracking of the target is done using AI computer vision – Yolo V5 

[90]. The computer vision algorithm was trained to track the relative motion 

of the target's position and orientation with a hand-eye configuration using the 

Intel depth camera (D435). The algorithm learns to identify the target position 
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first, then the attitude by looking at three features of the target: nozzle, 

coupling ring, and solar panel from various angles. After implementing the 

trained algorithm, the camera successfully tracks the target features as shown 

in Figure 7.1.  

 

Figure 7.1   Computer vision bounding box and pose estimation 

To verify the computer vision system’s tracking capabilities, the target 

satellite was moved away from the camera in its optical axis by 0.5m, 

downward by 0.5m, and sideway by 0.5m. While the camera tracks the target 

and estimates its relative position. In this case, there was no rotation of the 

target. The position control accuracy of the Fanuc robot is 0.02mm, and the 

trajectory of the robot's end effector is treated as the ground truth.  

Figure 7.3 shows the position tracking error of the Yolo algorithm. It 
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shows that the position error is minimal when the target is moved away along 

the camera's optical axis. As the target moves away from the camera's optical 

axis, the error increases to 3cm, which is about 6%. This is because the nozzle 

appears skewed in the camera's view, and the center of the frame that crops 

the nozzle, which is the position of the nozzle estimated by Yolo, is no longer 

the center of the nozzle, which is the actual position of the nozzle. Currently, 

the Yolo algorithm cannot solve this problem. A future study is needed to 

address this problem. 

 

Figure 7.2   Computer vision tracking result 

7.3 ATI Force/Torque Sensing and Gravity Compensation 

The ATI force/load sensor attached between the physical robot’s EE and 

3 cm
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Mock-up satellite can sense the values before and after any force is applied to 

the satellite, as shown in Figure 7.3 . After the gripper is optimally placed 

during the pre-grasping phase, the gripper is controlled to close and capture 

the target satellite. When this occurs the ATI force sensor will record the 

values and move the target accordingly. This will mimic a free-floating target 

in space.  

 

Figure 7.3   ATI force/load sensor app using Matlab 

This is done by initially measuring the forces & moments caused by 

gravity (ATI measurements before disturbance): 

 0 .F RW=  (7.1) 

 0 0 0 ( . )M r F r RW=  =   (7.2) 

where R  is the rotation matrix from the inertial frame to the sensors local 

frame as seen in Figure 7.4, W  is the target’s weight and 0r  is the position 

vector from the sensors local frame to the target’s center of gravity. These 

values are calculated from the robot and target specifications. 
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Figure 7.4   ATI sensor frame 

After a disturbance occurs (contact with the target), the force and 

moment are measured by the ATI sensor again: 

 . cF RW F= +  (7.3) 

 0 ( . ) cM r RW r F=  +   (7.4) 

Then the difference is calculated.  

 .cF F RW= −  (7.5) 

 0 ( . )cr F M r RW = −   (7.6) 

Finally, we use cF  and ( 0r r− ) in the dynamic model of the target to 

calculate the motion caused by the disturbance. This motion is mapped into 

robotic joint angles that are fed into the physical robot carrying the Mock-up 

satellite that will mimic a floating target. 
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To test this concept, we record the sensor values for 10 seconds, while 

we apply a disturbance to the Mock-up satellite. 

 

 

 

Figure 7.5   Forces and torques measured with and without an external 

disturbence  

Figure 7.5 illustrates the forces along the x, y, and z axes, along with the 

corresponding torques about these axes. The black line represents the 

measurements in the absence of external disturbances (only sensing the wight 
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of mock-up), while the colored lines depict the sensory data collected during 

disturbances. Next, the differences are computed, and the resulting 

accelerations of the mockup satellite are determined. Using this motion, the 

position of the mockup target is calculated after a gravity compensation delay 

(tgc seconds). For the measured forces shown in Figure 1, the target moves from 

an initial pose of (x, y, z, roll, pitch, yaw) coordinates (1055, 0, 1055, 146, -90, 

30) to a final pose of (160.2, -0.01, 1303.4, -0.004, -57.7, -0.001) after 10 seconds. 

These coordinates are then converted into physical robot joint angles, 

where the initial joint angles are (0, 0, 0, 0, 0, 0) and the final joint angles are 

(-0.02, -46.4, 34.1, 0, -1.7, -0.003). The physical robot then executes 

StreamMotion to achieve the desired position. 

Using the force/torque values that were recorded, we compensate for the 

weight of the satellite by calculating the difference as previously described.  
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Figure 7.6   ATI sensor frame 

Building on the success of the gravity compensation concept, future 

work will integrate sensory data into the gripper control, enabling the gripper 

to move in coordination with the target satellite and achieve a soft capture. 

7.4 Target Satellite Motion 

This section includes the experimental test that utilizes the industrial 

robotic arm mounted with the Mock-up satellite to mimic the motion of an 

actual 6DOF free-floating debris tumbling in space. The target satellite motion 

is based on the tumbling rotational rate of a GOES 8 geostationary satellite, 

as observed in [99] and the rotational rate of Envisat as observed in [100]. 

Specifically, a drift rate of -0.01 m/s in the x-axis and a tumbling rate of 0.28, 



212 

 

2.8, 0.28 deg/s about the roll, pitch, and yaw axis. 

 

 

Figure 7.7   Robotic arm mounted Mock-up sattelite cartesian motions 

Figure 7.7 shows the desired cartesian motions of the tumbling target 

as previously described and the actual cartesian motions achieved by the 

physical robotic arm vs timesteps used to create the motion commands. 

Notably, there exists some different caused by the physical robotic arm IK, 

however the scale is less than 0.001 and these differences are negligible. 

Figure 7.8 shows the desired joint commands fed into the robotic arm 
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and the actual joints positions received from the robot at each timestep. The 

Mock-up satellite successfully mimics a tumbling debris in space. Snapshots of 

the motion are shown in Figure 7.9. 

 

 

Figure 7.8   Robotic arm mounted Mock-up sattelite joint motions 
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Figure 7.9   Mock-up sattelite tumbing in space 

The physical robotic arm was able to successfully perform the 6-DOF 

motion maneuvers that a tumbling satellites/ target achieves in the 

microgravity conditions. 

The forces and torques measured by the ATI force/load sensor, depicted  

in Figure 3.10, are collected during the tumbling motion of the mock-up 

satellite using the MATLAB app. Figure 7.10 illustrates the force values in the 

x, y, and z directions recorded by the sensor, while Figure 7.11 presents the 

torque values about the x, y, and z axes captured by the sensor. We are able to 

successfully obtain the values, and in the future work these values will be 

integrated in the gripper controller. 
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Figure 7.10   ATI force/load sensor: force values 

 

Figure 7.11   ATI force/load sensor: torque values 
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7.5 Chaser Robot Motion 

This section includes the experimental test that utilizes the industrial 

robotic arm mounted with the camera & gripper interface to mimic the motion 

of an actual 6DOF free-floating robotic capture mission in space. After 

obtaining the pose of the target using the camera, the path of the chaser robotic 

arm is calculated. Figure 7.12 shows the desired cartesian motions of the 

gripper mounted robotic arm calculated and the actual cartesian motions 

achieved by the physical robotic arm vs timesteps used for motion commands. 
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Figure 7.12   Robotic arm mounted gripper cartesian motions 

 

Figure 7.13 shows desired the joint commands after kinematic 

equivalence that are fed into the industrial robot to achieve capture and the 

actual joint positions feedback from the physical robot at each increment. 

Snapshots of the motion are shown in Figure 7.14. 

 

 

Figure 7.13   Robotic arm mounted gripper joint motions 
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Figure 7.14   Gripper capture of target 

The gripper is guided by the Intel camera capable of obtaining the target's 

grapple fixture position during the approach phase. As shown in Figure 7.15, 

the camera’s point of view during the pre-capture target approach highlights 

that the target eventually moves out of view when in close proximity. 

In such cases, the controller relies on the last known position estimate and 

continues moving toward that position. Future work will involve integrating 

external cameras at various locations, as shown in Figure 3.11, in addition to 

the eye-in-hand camera, to maintain continuous tracking of the target. 
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Figure 7.15   Camera point-of-view and bounding box during pre-capture 

phase 

The fully simultaneous capture mission is shown in Figure 7.16. 

 

Figure 7.16   Full debris capture mission 
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7.6 Capture Mission - Controlled by Trained Agent 

In this section, we conduct a capture mission experiment using the 

proposed motion planning for a free-floating space manipulator, leveraging 

reinforcement learning. The capture of the target will be achieved using EE 

motions generated by the RL trained agent in the previous chapters. The 

gripper mounted physical robot will move according to the path created in 

simulation by a trained RL agent as shown in Figure 7.22. The experiment is 

achieved with the following steps. The camera starts by taking an image of the 

target and extract the target pose position from the image features, where the 

orientation is kept facing forward with zeros row, pitch, and yaw angles.  

 

Figure 7.17   Target position extracted from camera (left), Target placed 

relative to EE in simulation (right) 

Figure 7.17 (left) shows the camera’s point of view, and the target 
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position estimates. The values estimated are ( , , , , ,T T T T T Tx y z      

1.0950,0.1510,0.6384,0,0,0= ), these values are sent to MATLAB /Simulink 

environment shown in Figure 7.17 (right). The environment will receive in the 

target pose as input observations and run the simulation of the free-floating 

space manipulator with the RL trained agent to achieve target alignment pose 

alignment. The trained agent provides the solution instantaneously, Figure 

7.18 shows the motion solution to achieve capture.  

The pose error between the EE and the target over time is seen in Figure 

7.19. The trained agent guides the EE towards the desired target pose range 

within approximately 4 seconds. 

 

Figure 7.18   Motion solution obtained from trained agent 
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Figure 7.19   Pose tracking errors ( ,d  ) over time 

 Figure 7.20 shows the free-floating space manipulator’s EE absolute 

motions in micro-gravity. 

 

 

Figure 7.20   Time histories of simulated space manipulator EE pose 

The path is recorded and using kinematic equivalence described in 

Section 3.2. The path is converted to joint commands that are fed into the 

gripper mounted industrial robot to achieve EE and target alignment. the joint 

commands are shown in Figure 7.21. 
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Figure 7.21   Time histories of Joint commands that are executed by the 

physical robot to achieve capture 

 

Figure 7.22   Control scheme of camera/gripper mounted robot 

The full experimental capture mission is shown in Figure 7.23. 
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Figure 7.23   Capture mission experiment  

 

 

In summary, during the pre-grasping phase, the focus is on non-contact 

HIL simulation. Once the target pose is acquired, the mission is simulated. The 

simulation runs for 10 seconds, with 400 timesteps, each representing a 0.25 

second interval. However, the physical arm requires discrete commands at 

0.004 second intervals. To ensure that the physical robot's end effector (EE) 

accurately follows the simulated space manipulator's EE, each simulated 

timestep is subdivided into the corresponding number of physical robot 

timesteps. This process inevitably introduces a delay. The two industrial robots 

are synchronized at each simulation timestep, meaning that before they can 

move to the next simulated positions, they must first reach the positions from 

the previous timestep, regardless of any delay. This ensures synchronization 

between the robots at every new timestep. 
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In the post-grasping phase, the focus shifts to contact-based HIL 

simulation. Before advancing to each new timestep, forces and torques are 

captured using ATI sensors, and gravity compensation is applied. These 

measurements are recorded, and the target’s motion is simulated. After this 

simulation, the target's new position is determined, and the physical robot 

moves accordingly, with the space robot following. 

The process introduces a force delay [101], due to the need to record 

forces and torques and apply gravity compensation before every simulation 

timestep. 
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Chapter 8 CONCLUSION AND FUTURE WORK 

Summary: This chapter summarizes the contributions of the study and 

provides suggestions for future research directions for the continuation of the 

current study. 

8.1 Contribution 

This dissertation focuses on using Reinforcement Learning for path 

planning and control of a free-floating space robotic manipulator for debris 

removal. This research systematically investigated the dynamics and control 

of the space manipulator system, including the environment design, control 

strategy, and experimental validation. The main contributions of this research 

are summarized as follows. 

8.1.1 Space Manipulator Control using Reinforcement Learning 

The current work develops the framework for using reinforcement 

learning for path planning & control of a free-floating space manipulator to 

achieve precise capture. An innovative reward function is introduced in the RL 

framework to ensure accurate alignment of the manipulator’s end effector with 

its target, despite disturbances from the spacecraft and the need for obstacle 

and collision avoidance. In this study the use of quaternions for orientation 

representation was implemented to avoid the singularities associated with 
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conventional Euler angles and enhance the training process’ efficiency. 

Furthermore, the reward function incorporates joint velocity constraints to 

refine the path planning for the manipulator joints, enabling efficient obstacle 

and collision avoidance. A key feature of this study is the inclusion of 

observation noise in the training process to enhance the robustness of the agent. 

Results demonstrate that the proposed reward function enables effective 

exploration of the action space, leading to high precision in achieving the 

desired objectives.  

Additionally, the reinforcement learning agent is trained with varying 

initial conditions that are randomly set at the start of each episode, including 

the manipulator’s initial joint angles, target positions, and obstacle locations. 

The trained agent is expected to find suitable paths for any target location, 

avoiding obstacles regardless of the manipulator's initial position. 

The study provides a solid theoretical foundation for the application of 

reinforcement learning in complex free-floating space robotic operations and 

offers insights for future space missions. 

8.1.2 HIL Ground Testbed and Experimental Verification 

This research details my efforts to design and build a hardware-in-the-

loop ground testbed with active gravity compensation in our lab at York 

University. The testbed is capable of performing the 6DOF motion maneuvers 
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that a free-floating robotic manipulator or tumbling satellite/target can 

achieve in space-like conditions. It utilizes two industrial-sized 6DOF robotic 

arms, and various sensing equipment, including cameras and force/torque 

sensors. This work also describes how our testbed can be used for assessing the 

control algorithms for the robotic capture of a non-collaborative target in space, 

and our initial experimental results in motion control, computer vision, and 

sensing capabilities. 

 My contribution involved developing the main interface between the 

laboratory PCs and the industrial robotic controller, specifically utilizing the 

StreamMotion protocol as the communication baseline. This enabled the 

subsequent implementation of motions on the physical robot, including the 

mock-up satellite (target) and chaser (gripper) end-effector movements. 

Additionally, I developed the forward and inverse kinematics for the 

physical robots, focusing on establishing kinematic equivalence between the 

free-floating space manipulator and the physical robot. Furthermore, I tested 

the camera’s pose estimation capabilities using reliable, custom-coded motions 

and integrated the estimated pose values as inputs to our controller or as 

observations for our trained agent.  

Lastly, I incorporated the ATI force/torque sensor readings into 

MATLAB, allowing for the recording of sensory data, calculation of force/torque 

discrepancies, and motion adjustments to compensate for these differences. 
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This facility will serve as an invaluable tool for the development and 

validation of space robotic manipulators, ultimately improving their 

effectiveness and reliability in space missions. 

8.2 Conclusion 

Path planning & control of a free-floating space robotic manipulator is 

challenging due to the dynamic coupling between the base spacecraft and 

manipulator which critically impacts control and precision. This research has 

made significant contributions to the field of debris removal using space 

robotics by addressing the complex problem of motion planning for a 6DOF 

free-floating space manipulator using Reinforcement Learning. 

The research has ensured accurate pose alignment between the end-

effector and target debris, implemented collision avoidance strategies with the 

target, manipulator links, and external obstacles, and integrated optimization 

terms in the reward function to smooth joint velocities. Additionally, it has 

adapted to the high mass ratio between the manipulator and its base 

spacecraft. 

To enhance the robustness of the RL agent against real-world sensor 

imperfections, observation noise was incorporated into the training process. 

The agent was also trained with varying initial conditions, such as random 

initial joint angles, target positions, and obstacle locations, ensuring the ability 
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to find suitable paths for any target location while avoiding obstacles. This 

provides a solid theoretical foundation for applying RL in complex free-floating 

space robotic operations and offers valuable insights for future space missions. 

A standout contribution is the creation of a hardware-in-the-loop ground 

testbed with my colleagues at York University, which replicates the 6DOF 

motion maneuvers of a free-floating robotic manipulator or tumbling 

satellite/target in space-like conditions. This testbed utilizes two industrial-

sized 6DOF robotic arms and different sensing equipment, including cameras 

and force/torque sensors, for enhanced sensing capabilities. 

The testbed facilitates the experimental validation of control algorithms 

for robotic capture of non-cooperative targets in space, with initial 

experimental results demonstrating progress in motion control, computer 

vision, and sensing capabilities. Ultimately, this research has established an 

invaluable tool for developing and validating space robotic manipulators, 

thereby improving their effectiveness and reliability in space missions. These 

contributions represent significant progress in the preparation for autonomous 

space debris removal and other space missions involving robotic manipulators. 

The limitations of this work include several unmodeled aspects of the 

system's physics in simulation. Notably, rigid bodies were used instead of 

flexible robotic joints. More importantly, the simulation does not account for 

the presence of friction within the robotic manipulator system.  
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Another limitation arises during the obstacle avoidance training. While 

the reward function penalizes collisions between the robotic links and obstacles 

or other links, no penalty is applied for interactions between the links and the 

free-floating base. This omission may lead to unintended base movement due 

to reaction forces. 

Additionally, when introducing noise into the observations, the noise 

was modeled as following a zero-mean multivariate normal distribution. In 

practice, however, real-world sensors typically exhibit noise patterns that 

deviate from this assumption. 

Regarding the limitations of our hardware-in-the-loop (HIL) testing 

facility, there is currently a delay during the post-capture phase. Sensors 

measure force and torque values, calculate the resulting motion from these 

reactions, apply gravity compensation, and subsequently move the target. 

However, this gravity compensation operates in an open-loop configuration due 

to inherent delays. Future efforts will focus on minimizing these delays to 

enable real-time gravity compensation. 

Another limitation pertains to scaling from a single simulated timestep 

to multiple physical robotic timesteps. Although the physical robots accurately 

replicate the trajectory of the space manipulator and target system, their 

slower velocities result in a longer duration to complete the capture mission. 

Future work will aim to resolve this time discrepancy to better synchronize the 
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simulated and physical systems. 

8.3 Future Work 

The following research is summarized as follows to continue and expand 

the current work. 

(i) Consider different optimization terms in the reward function, 

including joint torques constraints, base spacecraft reaction 

minimization, and energy consumption. 

(ii) Improve the reward function to minimize the EE and Target pose 

errors even further in dynamic Agents by increasing exploitation 

over exploration. 

(iii) Extend the research to include more complex environmental 

conditions, such as varying lighting, and different types of debris, to 

enhance the robustness and versatility of the system.  

(iv) Further investigate using reinforcement learning to capture a 

moving target and the best reward function to achieve it.  

(v) Continue to refine and enhance the hardware components of the 

testbed, incorporating new sensors, actuators, and materials to 

improve performance and reliability. 

(vi) The camera orientation estimation must be trained and verified, to 

obtain the full target pose needed for our motion planning algorithms. 
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(vii) Integrate the force/torque sensory data obtained as feedback to the 

gripper motion controller to achieve post capture stabilization. 

(viii) Achieve the capture mission experiment for a closed-loop 

configuration, leveraging feedback from the camera and controlling 

the motion using the RL trained agent. 
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