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The recent applications of Artificial Intelligence (AI)
and Reinforcement Learning (RL) to enhance spacecraft
autonomy, reactivity, and adaptability in future In-Orbit
Servicing (IOS) and Active Debris Removal (ADR) ac-
tivities have shown potential towards overcoming some
of the main difficulties that are encountered in orbital
robotics missions, and could eventually provide practi-
cal solutions to strengthen their current capabilities. In
highly critical missions such as in the capture of a space-
craft or debris through a robotic arm, having a system
with heightened fault tolerance when conditions such
as single-joint manipulator failures are encountered is
of particular interest, and could aid in overcoming dis-
astrous collision events. To this extent, this work evalu-
ates the ability of an autonomous agent trained through
meta-RL, providing the guidance of a space manipulator
in real time to synchronize the end-effector to a desired
state fixed to the mission target, to adapt to unexpected
failures in the joints. These preliminary results show that
the agent indeed improves the ability of the system to au-
tonomously overcome manipulator failure events, as long
as the goal end-effector position remains within the ma-
nipulator’s workspace subsequently to the joint failure.

1 Introduction

The recent urges to develop new robotics technolo-
gies for future IOS and ADR mission scenarios have
created large demands for the development of inno-
vative Guidance, Navigation, and Control (GNC) ap-
proaches, that can aid in surpassing the main short-
comings of more classic alternatives and that can in-
crease the overall robustness of current architectures,
for example in degraded conditions like actuator fail-
ures. Among these methods, RL emerges as a potent
strategy [1] to aid with spacecraft GNC. In [2-4], Deep
Reinforcement Learning (DRL) agents are trained to
conduct pinpoint planetary and moon landings and
demonstrate high adaptability and fault-tolerance ca-
pabilities when subjected to thruster failures. In [5,
6], DRL is employed to control a spacecraft’s trajec-
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tory to reconstruct the shape of a tumbling object; the
resulting agent is robust to losses of thrust capabili-
ties in one of the directions, with only a small reduc-
tion in terms of performance. In the context of space
robotics, agents have been trained to guide manipula-
tors to a desired goal autonomously and can be used to
overcome problems such as ill-posed inverse kinemat-
ics problems, and the satisfaction of secondary con-
straints into the trajectories without the need for real-
time optimization [7-12]. Additionally, in works like
[13], such agents are found to aid the system’s overall
robustness by enhancing failure management capabil-
ities when one of the manipulator’s 6 joints has failed,
at reduced performance with respect to nominal con-
ditions. The goal of this work is to extend this concept
to a 7-Degree of Freedom (DoF) manipulator, to pre-
liminarily evaluate whether a trained agent is capable
of repurposing the redundant DoFs of the robotic arm
to achieve its goal with the end-effector.

1.1 Dynamics

A free-flying [14] space robot model is adopted in this
work, such that the base can be actively controlled
to stay in its desired state. The space robot model is
implemented through Matlab’s Simscape Multibody
library, and explicit kinematic and dynamic quanti-
ties are retrieved through the SPART toolkit [15]. The
equations of motion of the space robot are found in
Equation (1).

H(q)§j+C(q.9)4=r (1)

where H, C are the generalized inertia and convective
inertia matrices [15], and 7 is the vector of external
torques. The state vector q collects the position and
attitude of the space robot base, and the joint angles of
the manipulator. Regarding the target spacecraft, its
dynamics are represented through the unforced Euler
Equations reported in Equation (2).

Ior = (lor) X w1 (2)
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where I is the target’s inertia matrix and wr is the
target’s angular velocity vector.

1.2 GNC architecture

The adopted GNC architecture (Figure 1) is made up
of an autonomous agent providing the guidance of a 7-
DoF space manipulator, to align the end-effector with
a desired position and attitude fixed to the tumbling
target. Then, the space robot is controlled through the
nonlinear feedback linearization controller in Equa-
tion (3), where the resulting linearized system is actu-
ated by two PD regulators, respectively for the base
and manipulator.

To PD(q3 - 40) } :
T= =H ; +C 3
{Tm} {PD(qm_qm) 1 ( )
where quantities labeled “0” and “m” respectively

refer to the base and manipulator, and g*—q represents
the error between set-point and the current state.
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Figure 1: SR GNC architecture [11].

1.2.1 DRL guidance

The autonomous DRL agent receives 32 observations
o (Equation (4)) at each timestep and generates 7 ac-
tions a (Equation (5)) corresponding to the desired
joint rates of the manipulator, that are integrated such
that both position and velocity set-points can be pro-
vided to the controller.

0= [qmrqm’ f’ é’ﬁ’d)]T (4)

where q,, collects the joint angles of the manipulator,
and all terms [J represent errors between the desired
and current end-effector states.

a =gy, =[P1, b2 P3 Pa Ps, Po, P7]" (5)

The agent’s policy, i.e. the guidance law that is ap-
plied in the environment, is implemented through a
Feedforward Neural Network (FNN) that is trained
through the Proximal Policy Optimization (PPO) DRL
algorithm [16], selected for its greater simplicity and
higher sample efficiency, considering the complexity
of the implemented environment; the hyperparame-
ters of the FNN are reported in Table 1.
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Layers H Actor size ‘ Critic size
Input 32 32
1st hidden 300 300
2nd hidden 300 300
3rd hidden 300 300
Activation tanh tanh
Learning rate le-5 le-5

Table 1: FNN hyperparameters.

The Artificial Potential Field (APF) based reward
function [8, 11] is reported in Equation (6), and re-
wards the agent when either the position error or atti-
tude error of the end-effector decreases.

10 10 10
Uy =-7+ + + = 6
k 1+7, 1+7, 1+0 (6)
AU = U — U4 (7)
AU if AU >0
k= ) (8)
1.5AU if AU<O0

where Uy is the APF, 7, 7,,, 7, are the end-effector’s
position errors opportunely projected in the space
robot’s body frame, and 6 is its attitude error.

1.3 Training process

The reference agent applied in this work has been
pre-trained in an environment where the following
conditions are changed in each episode: target’s spin
rate, initial manipulator configuration, end-effector
goal position, and distance between space robot and
target. Note that such agent has never been subjected
to joint failures, and is similar to the one found in [11],
apart from the collision avoidance objective which has
been removed. The PPO hyperparameters that have
been used to train the agent are referenced in Table 2,
and are taken within the typical intervals found in the
literature for the PPO algorithm.

Hyperparameter H Value
Clipping factor 0.2
GAE* factor 0.99
Discount factor 0.95
Entropy loss weight || 0.01
Agent sample time || 0.3 s

* Generalized Advantage Estimation [17].

Table 2: PPO hyperparameters.

For clarity, the joints are numbered from 1 to 7 (see
Figure 2), moving from the base of the space robot
towards the tip.
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Figure 2: Joint numbering.

Each episode is considered successful if both the
position and attitude errors of the end-effector stay
below thresholds of (5 cm, 5 deg) for at least 30 s con-
secutively. The reference agent achieves a 100% suc-
cess rate in guaranteeing such thresholds in nominal
conditions without joint failures. An example of the
scenario is reported in Figure 3.

t=40]s]
(entry in threshold)

Figure 3: Autonomously generated trajectory (Chaser POV).

The scope of this work is to evaluate the agent’s
behavior when a failure in any of the joints is encoun-
tered, and the joint results fixed at its initial angle.
In these conditions, using a redundant 7-DoF manip-
ulator is advantageous as it could still provide the
workspace and dexterity to successfully complete the
mission. The agent is evaluated in three conditions:

(a) No training: The reference agent is directly tested
in the environment with a failure in each of the
joints, to see in what cases it can adapt, and how
its success rate is impacted.

(b) Training 1: The agent is trained for an additional
2000 episodes (applying transfer learning), with a
50% chance that a random failure is encountered
in any of the joints. It is then tested as in point a).
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(c) Training 2: The agent is trained for an additional
2000 episodes (applying transfer learning), with a
50% chance that a random failure is encountered
in joints [1, 5, 6, 7]. It is then tested as in point a).

2 Results

The results from cases (a), (b), and (c) are reported
in Table 3. As can be seen, there is a drastic drop in
terms of success rate from the nominal value of 100%
in all cases, showing that the agent’s performance is
generally impacted quite heavily when it encounters
a failure in any of the manipulator’s joints.

Joint [ 1 [ 2] 3 [ 4] 5 ] 6 [ 7
(a) 62% | 9% 13% | 0% | 42% | 58% | 54%
(b) 53% | 0% | 14% | 0% | 33% | 72% | 66%
() || 67% | - - - | 38% | 74% | 56%

* Success rate averaged over 200 episodes.

Table 3: Success rate results from tests on cases a), b), ¢).

The reason for these results is twofold: firstly, the
agent needs to adapt in real-time to completely new
manipulator dynamics, with respect to what it has
seen throughout the majority of its training. Addition-
ally, the failures of some joints (specifically 2, 3, 4) cre-
ate large reductions of the manipulator’s workspace,
to the point that the end-effector rarely reaches the
goal position, regardless of the trajectory requested by
the agent. From Table 3 itself, it is not clear whether
the additional training from cases b) and c) has had
any effects on the agent’s performance as the achieved
success rates only slightly differ from case a); from
these results alone it could be argued that no improve-
ments result from these trainings. To this extent, the
agent’s performance is further evaluated by plotting
the location of the grasping position on the target in
each episode, against the episode’s success (see Fig-
ures 4 to 7).

Training 2 (c)
© Succos _x_Fai

0 5 0
Y [} Y [m] YU [m]

Figure 4: Case comparison: Joint 1
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Training 1 (b)

Figure 5: Case comparison: Joint 5
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Figure 7: Case comparison: Joint 7

3 Discussion

Overall, the autonomous agent demonstrates different
characteristics based on the specific manipulator joint
that has failed in the simulation. As stated previously,
the failure of joints (2-4) has too much of an impact
on the manipulator’s workspace for the agent to adapt
and still accomplish its objective, apart from a mini-
mal set of initial conditions. Additional training does
not have any real benefits in the cases with failures on
joints (2-4) (shoulder pitch and yaw, and elbow pitch),
and the agent does not provide sufficient robustness to
the system to proceed with the mission. Indeed, more
detailed results from these conditions are omitted for
their small relevance at this stage of this study. Differ-
ently, condition (a) (No training) shows that without
having been trained to do so, the agent autonomously
adapts to failures in joints (1, 5, 6, 7), and can repur-
pose the operative joints to achieve its end-effector
objective, at reduced performance. As shown in case
(a) of Figures 4 to 7, the main shortcoming under these
conditions is that the episode failures are encountered
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quite randomly, regardless of where the grasping po-
sition is located on the target. The main benefit of con-
ducting additional training through meta-RL, that is
subjecting the agent to a distribution of different envi-
ronments throughout the training process, is that the
episode failures are encountered less randomly with
respect to the state of the grasping position. For exam-
ple, in the case of joint (1) (see Figure 4), the episode
failures are mainly encountered when the grasping
position falls in the fourth quadrant of the target. Sim-
ilar behavior can also be noticed in the case of joint (7)
(see Figure 7), where prior to training the agent fails
in all quadrants, and after training no episode failures
are encountered in quadrants 2 and 3.

The benefits shown by the recent literature on DRL
methodologies for high-DoF manipulator guidance
and control prove that similar strategies are worth
investigating further, in view of developing architec-
tures that can be applied outside of simulation envi-
ronments. Indeed, DRL has been applied to overcome
some of the main problems that emerge in more tra-
ditional redundant manipulator GNC strategies, such
as the ill-posed inverse kinematics and difficulties in
implementing motion constraints or secondary objec-
tives in the manipulator trajectories, especially when
these need to be satisfied in real-time. The results of
this study shed light on an additional benefit that au-
tonomous DRL agents could provide, demonstrating
that more robust and fault-tolerant architectures can
be achieved through meta-RL training approaches, to
develop systems that can quickly adapt to changing
environments and dynamics; in this work, this behav-
ior is demonstrated by subjecting the agents to joint
failures in the manipulator. Such architectures are of
high interest for the foreseen orbital robotics tasks,
and the extension of similar approaches would signifi-
cantly enhance current capabilities of space robots. A
few possible extensions to this work are summarized
in the points below:

1. Provide information on the failed joint in the
observations, to give the agent more context on
how it could adapt the manipulator trajectories
to achieve its goal.

2. Evaluate and optimize the neural network ar-
chitectures to ones that have typically provided
greater robustness on other problems, such as Re-
current Neural Networks (RNNs).

3. Tune the chance of joint failure during the train-
ing process, to a value that further increases the
agent’s resulting performance.
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