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Abstract

Spacecraft safe proximity, as a critical component of on-orbit servicing missions, primarily
encounters the following two challenges: the partial observability of the environment
surrounding the service spacecraft and the necessity to evade uncertain obstacles. A safe
reinforcement learning algorithm based on a graph neural network is proposed to address
the constrained Markov decision problem in partially observable scenarios for spacecraft
safe proximity missions. A graph neural network mechanism is introduced to solve the
problem of dynamic variations in the quantity and location of obstacles in the observation
area of the service spacecraft. The graph attention network is used to facilitate the extraction
of feature information from the graph structure, which is then utilized as input for the
subsequent reinforcement learning algorithm. The Soft Actor—Critic-Lagrangian algorithm
is adopted to deal with the problems of tuning reward function parameters and balancing
safety and optimality. By introducing Lagrange multipliers, the constrained optimization
problem is transformed into an unconstrained optimization problem. In order to verify
the effectiveness of the algorithm proposed in this paper, a spacecraft safe proximity
environment model with dynamic obstacles is constructed, and the GAT-SACL algorithm
proposed in this paper is validated by the Monte Carlo shooting method. The results show
that the GAT-SACL algorithm possess excellent exploratory characteristics and delivers
significant advantages in balancing optimality and safety.

Keywords: safe proximity mission; safe reinforcement learning; graph neural network; soft
actor critic-Lagrangian

1. Introduction

On-orbit services [1], an efficient method for extending satellite lifespan, have expe-
rienced rapid development in recent years, exemplified by the success of the MEV1&2
commercial project. Spacecraft safe proximity is a prerequisite for performing on-orbit
services, which has garnered significant attention from researchers. The “safe proximity”
encompasses two concepts [2]: the first, “proximity,” requires the service spacecraft to
maneuver close to the target and maintain relative stability; the second, “safety,” requires
the service spacecraft to avoid colliding with the target spacecraft and obstacles, such as
space debris, during the approach process to prevent spacecraft from suffering damage.

Nowadays, it is difficult for ground detection equipment to accurately perceive space
debris with a radius of less than 10 cm in space. There may exist several small pieces
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of space debris along the pre-planned trajectories according to ground observation data,
which seriously disrupt spacecraft operations. Consequently, it is essential to employ
onboard sensors for the real-time detection of minor debris surrounding the spacecraft
and to adapt orbital maneuvering strategies accordingly. In traditional trajectory planning
methods based on optimization theory [3,4], firstly a secure path is obtained by employing
optimization algorithms; subsequently, a closed-loop controller is devised to guide the
spacecraft along the optimized trajectory, and ultimately, a compensation controller is
implemented to quickly correct the deviation between the actual trajectory and the pre-
liminary planned trajectory. However, there are problems with the trajectory planning
approach for spacecraft obstacle avoidance based on optimization techniques, such as
high reliance on initial guesses and poor adaptability to dynamic obstacles. Moreover, in
traditional analysis methods, represented by artificial potential functions [5], the estimated
trajectories sometimes may converge on local minima, hence increasing the likelihood of
obstacle avoidance failures and threatening the security of spacecraft. Therefore, research
on how to design safe and real-time trajectory planning and control strategies to adapt to
the complex and rapidly changing space environment is critical for ensuring safe operation
of spacecraft, especially for safe proximity.

In recent years, reinforcement learning has achieved significant results in the field
of intelligent decision-making [6,7]. By utilizing the advantages of neural network fit-
ting function features and parameterizing agent strategies through neural networks, it
can effectively handle various complex task scenarios. Many researchers have applied
reinforcement learning algorithms to solve spacecraft trajectory planning and control prob-
lems [8], including orbital rendezvous [9-11], space debris warning and automatic obstacle
avoidance [12] and orbital pursuit—evasion [13,14]. Typically, among existing papers of
single-spacecraft scenarios, the controlled spacecraft is regarded as an agent in reinforce-
ment learning theory, and the dynamic models of the controlled spacecraft and other
surrounding spacecraft or obstacles are constructed as the environment. The current state
and action of the agent are taken as input to the environment, and the state and reward
of the next moment can be obtained through interaction with the environment. The agent
possesses two neural networks: an actor network that offers policy and a critic network that
offers estimation. To optimize the cumulative reward function, many methods, including
gradient descent, are employed. In complex task scenarios, to prevent the agent from
falling into unsafe situations, the agent is subject to various state and action constraints.
The evaluation of the optimality of policy objectives and the satisfaction of constraints is
mainly reflected in the reward function. Therefore, the design and tuning of the reward
function are the most core and difficult problems to solve trajectory planning and control
problems using reinforcement learning. Qu et al. [15] constructed a spacecraft rendezvous
control architecture based on Deep Deterministic Policy Gradient (DDPG) [16] for the
problem of spacecraft proximity maneuvering and rendezvous, where a reward function
consisting of five parts is designed, including a rendezvous and docking reward, colli-
sion avoidance reward, docking direction reward, velocity reward, and fuel consumption
reward. Compared with traditional methods, the proposed strategy effectively reduced
energy consumption by 16.44%. Sharma et al. [17] proposed a spacecraft rendezvous
guidance method based on reinforcement learning considering spacecraft safety for the
continuous-finite-thrust spacecraft rendezvous and docking problem. The reward function
was designed by combining error-based rewards and rewards based on obstacle warn-
ing and collision avoidance constraints, and the model was trained by using DDPG and
Proximal Policy Optimization (PPO) [18] methods, respectively. However, in traditional
reinforcement learning algorithms, security constraint penalties are usually included in
the reward function. Although the reward function constructed according to this method
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is more intuitive, it cannot balance optimization performance and security. If the safety
penalty is too small, it is likely that risks cannot be avoided; however, if the security penalty
is too high, the agent tends to adopt conservative decisions and may not even be able to
fully explore the environment [19]. Therefore, security reinforcement learning that focuses
on state constraints has emerged [20].

In 2015, Garcia et al. [21] initially defined safe reinforcement learning as a learning
strategy that maximizes expected reward during the learning and/or deployment pro-
cess to assure system performance and/or satisfy safety constraints. In contrast to the
Markov decision process (MDP) in conventional reinforcement learning, a cost function
is incorporated into the constrained Markov decision process (CMDP), corresponding to
safe reinforcement learning, which is employed to define the safety constraints distinctly.
Ha et al. [22] introduced the Soft Actor—Critic-Lagrangian (SAC-Lagrangian) architec-
ture for training quadrupedal robots in walking, ensuring that the agent adheres to the
maximum limits of pitch and roll angles at every time step. The Lagrange multiplier
is introduced into the classical SAC algorithm [23] to convert the optimal problem with
cumulative cost constraints into an unconstrained optimal problem, thereby transforming
it into a gradient ascent of the strategy and a gradient descent of the Lagrange multiplier.
Subsequently, the Lagrange multiplier method for solving safe reinforcement learning
problems has been utilized across several reinforcement learning architectures. The Ope-
nAl team [24] provides architectures such as Proximal Policy Optimization-Lagrangian
(PPO-Lagrangian) and Trust Region Policy Optimization-Lagrangian (TRPO-Lagrangian)
in Safety Gym, which is typically utilized as a benchmark. Currently, certain scholars
have applied safe reinforcement learning algorithms to deal with spacecraft trajectory
planning tasks. Mu et al. [25] proposed an orbital maneuver strategy based on Penalized
Proximal Policy Optimization (P30) [26] for the task of spacecraft pulse maneuvers aimed
at avoiding multiple pieces of space debris while maintaining regular on-orbit operations.
This strategy significantly diminished the frequency of spacecraft collision violations and
incorporated Long Short-Term Memory (LSTM) networks to extract the states of vary-
ing quantities of space debris, thereby enhancing the algorithm’s scalability and feature
extraction capabilities. Consequently, safe reinforcement learning algorithms can effec-
tively handle collision avoidance constraints, greatly improving the safety of spacecraft
conducting on-orbit missions.

In the scenario of spacecraft safe proximity missions, a large amount of space debris
floats around the target spacecraft, interfering with the trajectory planning of the service
spacecraft. As the service spacecraft approaches the target spacecraft, it can observe the
space debris within a specific range in real time using sensors and obtain the real-time
on-orbit situation of the target spacecraft. During a certain duration, the service spacecraft
only needs to consider avoiding those obstacles with potential collision risks, while other
obstacles that are located at a safe distance or even outside the observation area will not
influence the decision-making of the current service spacecraft. Therefore, the primary
issue addressed in this paper is to design a safe proximity strategy that can adapt to ob-
stacles in the observation range with real-time variations in state and quantity and extract
effective information among obstacles with varying positions and collision risk levels. In
spacecraft swarms, graph theory is typically employed to delineate the connectivity rela-
tionships among swarm members [27], where nodes represent data elements and contain
their intrinsic information, while edges represent the interrelationships between data and
reflect the distinctive information of the graph structure, mirroring the relationship between
spacecraft. Consequently, it is deemed appropriate to incorporate graph theory concepts to
illustrate the interaction between service spacecraft and obstacles. A graph neural network
(GNN) is a type of neural network that can be directly trained on graph structure, whose
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primary function is to process node or structural features in graph-structured data via
information transfer, transformation, and aggregation among vertices. GNNs have been
extensively used for representing and learning configurations such as graphs, point clouds,
and manifolds and have yielded substantial results in structured scenarios such as social
networks, recommendation systems, physical systems, chemical molecule prediction, and
knowledge graphs [28,29]. In the domain of unmanned aerial vehicles (UAVs), numerous
researchers have integrated graph neural networks with reinforcement learning to address
the challenge of drone swarm control [30]. Zhao et al. [31] proposed a Multi-Agent Potential
Field function Learning algorithm utilizing position-based graph attention (PGAT-MAPFL)
to solve the control problem of large-scale UAV swarms. The algorithm took UAVs, obsta-
cles, and reference points as nodes and the relationships between UAVs, between UAVs and
obstacles, and between UAVs and reference points as edges. PGAT was utilized to extract
graph structural information and enhance the adaptability of UAV swarms to dynamic
environments. Zhao et al. [32] subsequently proposed a multi-agent reinforcement learning
algorithm based on graph attention networks to address the collaborative search and track-
ing problem of UAV swarms. Yang et al. [33] proposed a multi-agent reinforcement learning
algorithm based on graph attention networks and partially observable mean fields for the
coordination and adversarial tasks of UAV swarms under communication environment
constraints. The graph attention module delineated the influence of adjacent agents on
the central agent, while the mean field module approximated this influence as the average
effect of pertinent adjacent agents. In the domain of aerospace, numerous researchers
have applied graph neural networks for spacecraft fault detection [34] and mission plan-
ning [35] problems, yet there is a paucity of studies integrating graph neural networks with
reinforcement learning techniques to address challenges in spacecraft orbit design.

This paper proposes a graph-based safe reinforcement learning method to tackle the
challenges of safe proximity trajectory planning and control for spacecraft, aiming to guide
the service spacecraft to the expected point while avoiding collision with high-value target
spacecraft and dynamic space debris. The contributions of this paper are as follows:

(1) To address the issue of the varying dynamic obstacles in the observation area,
the GAT mechanism is introduced, wherein the service spacecraft, expected point, target
spacecraft, and space debris are viewed as nodes, while the relationships between the
service spacecraft and other nodes are viewed as edges. Only the weight coefficients of
obstacles such as the target spacecraft and space debris within the observation range are
taken into account, enhancing the algorithm’s adaptability to dynamic environments.

(2) To address the safety constraints of service spacecraft, the SAC-Lagrangian algo-
rithm is adopted, and reasonable reward and cost functions are formulated to guarantee that
the service spacecraft adheres to collision avoidance constraints during the safe proximity
to the expected point.

(3) The GAT-SACL control algorithm is proposed, and a safe proximity environment
with multiple dynamic obstacles is constructed in this paper. The Monte Carlo shooting
method is used to evaluate and validate the safety and reliability of the algorithm in dealing
with constrained problems.

The structure of the article is arranged as follows. Section 2 presents the problem
description and modeling. Section 3 introduces the GAT-SACL method. Section 4 clarifies
the training process and the performance of the proposed method. Section 5 provides
a summary.
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2. Preliminaries and Modeling
2.1. Problem Formulation

In the scenario of spacecraft safe proximity missions, the service spacecraft begins
from the initial location hundreds of meters away from the target spacecraft and moves
towards the expected point near the target spacecraft. Considering the shape of the target
spacecraft and service spacecraft, the terminal expected point is established at a position
about tens of meters away from the target spacecraft, which is equivalent to the dimensions
of the spacecraft. The expected point serves as both the ending of the safe proximity
mission and the beginning of the final approach phase for the subsequent rendezvous and
docking mission. During the approach, the service spacecraft can only partially observe
the surrounding environment. It can detect the presence and condition of space debris
within a specific observation range via its sensor in real time, while the space debris outside
the observation area cannot be observed. It is assumed that the sensor can perceive the
state of space debris without deviation, disregarding the observation noise. The service
spacecraft conducts continuous thrust maneuvers to avoid obstacles, including valuable
target spacecraft and floating space debris, and then safely arrives at the expected point
without collision. The task scenario is shown in Figure 1.

Safe Proximity Scenario

O Service Spacecraft
O Expected Point

O Target Spacecraft
O Space Debris
O Initial Departure Area

Figure 1. 2D safe proximity scenario.
The mathematical model of the spacecraft safe proximity scenario can be expressed as:
min limE = E, + E.
t—oo
limxs = x
fsoo S target

limos = v 1)
s.t fsoo ° - rarget

Hxs - xtarget“ > dgafe
Hxs B xiiebris” > daesi €N

In Equation (1), the overall goal of the mission is to minimize the fuel consumption E, where
E, denotes the fuel required to reach the expected point and E. denotes the fuel required
to avoid space debris. In constraint conditions, the first and second terms represent the
terminal state constraints, indicating that the service spacecraft’s terminal position and
velocity converge to the expected state over time. The third and fourth terms represent the
safety process constraints, which mean that the distance between the service spacecraft and
the target spacecraft, as well as that between the service spacecraft and neighboring space
debris, must not fall below the minimum safety distance during the maneuver process.
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2.2. Dynamics of Spacecraft Safe Proximity Scenarios

In the scenario of safe proximity, the designed state is composed of the position and
velocity of the service spacecraft, as well as the position of obstacles, including the target
spacecraft and space debris. Since the relative distance between the service spacecraft
and target spacecraft is limited to 100 m, the service spacecraft is modeled in the LVLH
coordinate system with the target spacecraft as the origin. In this system, the X axis aligns
with the geocentric vector, the Y axis is orthogonal to the X axis in the orbital plane and
directs towards the motion direction of the target spacecraft, and the Z axis is orthogonal to
the orbital plane, as illustrated in Figure 2. Both the service spacecraft and space debris
follow the CW dynamic model [36], and the dynamic equation of the service spacecraft is
described as follows:

Xs = Usx

]/ s — Usy. (2)

Xs = 2ny, + 3n°xs + ay

Yy = —2nxs +ay
where r; = [xs, ys]T, Vs = [Usx, vsy]T denote the position and velocity of the service
spacecraft respectively, a = [ay, ay]T represents the acceleration of the service space-
craft, and # signifies the orbital angular velocity, which is solely dependent on the orbit’s
semi-major axis.

&

§%, Service Spacecraft

x Space Debris

- > Target Spacecraft

\ X -

Figure 2. Schematic diagram of safe proximity scenario in the LVLH coordinate system.

Similarly, the dynamics equation of the ith space debris is described as:

i
Xo = Uox
.1 i
=0
yo Oy,i - (3)
Xy = 2ny,, + 3n-xy
Yo = —2”5(1)

i i T i i 1T . . . .
where 1, = [x6, Vo], U6 = [Uox, Up,] denote the position and velocity of the ith space debris.

2.3. Graph Structure of Spacecraft Safe Proximity Missions

In the scenario of spacecraft safe proximity missions, the service spacecraft is required
to maneuver towards the expected point, while it must simultaneously avoid obstacles
such as the target spacecraft and space debris within the observation range. The entire
process encompasses multiple objects such as the service spacecraft itself, the terminal
expected point of the service spacecraft, the target spacecraft and space debris. Diverse
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items exert varying effects on the service spacecraft. The expected point attracts the service
spacecraft and reaches it, while the obstacles repel the service spacecraft and push it away.
This section focuses on describing the relationship between various objects and the service
spacecraft by graph structure.

Graph theory is employed to delineate the structural graph of the service spacecraft
in the safe proximity mission. In graph theory [37], the set of vertices is denoted as V, the
set of edges is denoted as E, and the graph is denoted as G = {V, E}. In this paper, the
vertex encompasses three types of nodes, including the service spacecraft, the expected
point, and other neighboring obstacles. The set of neighboring obstacles for the service
spacecraft is denoted as O = {0 € V;, : ||||#s — 70| < dobserve | Where V, represents the set
of obstacles that need to be avoided, such as the target spacecraft and space debris. Hence,
the set of vertices is denoted as V.= {0,1,..., N — 1}, where N = 2 + n, denoting that the
nodes include one service spacecraft, one expected point, and n pieces of obstacles within
the observation range. The service spacecraft is coded as 0, and the expected point is coded
as 1, while the neighboring obstacles are coded sequentially from 2 to (N —1). Among
the three types of vertices, the characteristic information of the service spacecraft and the
expected points is essential. The quantity and state of obstacle features vary during the
movement of the service spacecraft. If there exist no obstacles, then V = {0,1}. When new
obstacles emerge in the observation range, corresponding new obstacle nodes are added.
When previous obstacles quit the observation range and cease to affect the trajectory of
the service spacecraft, departing obstacle nodes are diminished. As shown in Figure 3, the
graph structure of the service spacecraft at different moments changes with time.

vy Y Y
o i G) . Q ® Q
' O~ Zsate, ™ v
Co § odee et~ 48 a1
R, i ; o,
{ 3
B o ~ 4
s r 7 O
P - 0 /T
s
1 B 1
y 7 T ¥
pf? > : / g A, 3
’,‘ 14 : ! ;‘ T ”dobﬁt!\t
"; r; Jal o
O\J X 0\/ X éuz e X

t=t, 1=t
Figure 3. Schematic diagram of service spacecraft graph structure at different moments.

Furthermore, the interaction between vertices is characterized by the mapping rela-
tionship inherent in the edge. The edge is usually described as ¢;;(i € N,j € N), which
represents the connectivity from node j to node i. Among the three types of vertices,
there are two categories of edges: one type maps the position information of the service
spacecraft and the expected point, indicating the maneuverability of the service spacecraft
to reach the expected point. The other type of edge maps the position information of
service spacecraft and neighboring obstacles, indicating the safety of the service spacecraft
to avoid the obstacles. This paper focuses solely on the impact of the expected point and
obstacles on the service spacecraft, given that the expected point is determined by the
mission scenario and remains constant throughout the episode, while the obstacles exist
objectively in the space environment and their positions are unaffected by the state of
the service spacecraft. Specifically, the directed edges are established where the expected
point and neighboring obstacles direct towards the service spacecraft. In general, graph
structure offers substantial benefits in depicting the dynamic environment. It can adapt to
varying quantities of obstacles and extract significant information with fixed dimensions

https://doi.org/10.3390/aerospace13030210


https://doi.org/10.3390/aerospace13030210

Aerospace 2026, 13, 210

8 of 29

by processing data with different dimensions so as to facilitate the subsequent training of
the network [38].

2.4. Constrained Markov Decision Process

The problem of spacecraft safe proximity trajectory planning and control can be
regarded as a constrained Markov decision process. The service spacecraft, as the subject
of reinforcement learning, is referred to as the agent. The service spacecraft parameters
and other relevant parameters are referred to as the state, while the control torque for the
service spacecraft is referred to as the action. The dynamic models of the service spacecraft,
target spacecraft, floating space debris, and other impediments, along with the terminal
and process constraints, are all considered as the environment. The service spacecraft takes
action a at the current state s to interact with the environment according to the policy 7.
The service spacecraft updates its state sy 1 via the dynamic model in the environment
and evaluates the reward function r and cost function c respectively by calculating the
difference between the current state and the expected state of the service spacecraft, as well
as the distance to obstacles. The data acquired via environmental interactions is stored in a
buffer, and the policy 7 is optimized by the learning algorithm to maximize the expected
reward function while ensuring that the expected cost function meets the constraints. The
schematic diagram of safe reinforcement learning is shown in Figure 4.

o
> Agent
State |Reward| Cost Action
A) r C a
C.r+1
rr+l 0
Environment |«—m—
sr+l

Figure 4. Schematic diagram of safe reinforcement learning.

The constrained Markov decision process is typically characterized by a seven-tuple
(S, A, p,r,c,d,7), comprising the state space S, the action space A, the transition probability
p:SxAxS— R, denoting the probability of taking action a at the current state s; to
achieve the subsequent state s; 1, the reward function r : § X A — R, denoting the instan-
taneous reward obtained by taking action a at the state s;, the cost function c: S x A — R,
denoting the cost corresponding to taking action a at the state s; to assess constraint sat-
isfaction, the cost constraint upper limit 4, and the discount factor y € (0,1). The goal of
safe reinforcement learning algorithms is to seek the policy 7r to maximize the performance

T T
index Jg = E {Z rt} while adhering to the constraint index Jc = E {): Ct:| <d. The
t

T~TTy =0 T~TTy =0
mathematical model for constrained optimization problems can be described as follows:

T
max [E [ y rt}
Ty t

T~ | =0

T
st. E [Z Ct:| <d
t

T~ | =0

4)
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2.4.1. State and Action

The service spacecraft updates its own state and receives the command of the expected
terminal state in real time and gathers position information of the target spacecraft and
other obstacles within the observation range. It is assumed that the service spacecraft can
make decisions only based on local knowledge. In the actor network, the state of the service
spacecraft consists of two parts, including intrinsic state parameters and graph structural
features, and it is defined as

st = (s,s7) ©)

where s? = (rs,vs, 74, v4) represents the position and velocity of the service spacecraft at
the current moment as well as the expected position and velocity at the terminal moment,
referred to as the expected point’s state. s° = {s},sF'} represents the characteristics and
structural information for spacecraft safe proximity missions. The set of node features

is defined as sy = {s?,sf,s?l,sfz, .. .,s?n},s?i € O, where the input features of each

node s} = (rj,ej), j = s,d, o0 consist of the position parameters and one-hot encodings for
the serving spacecraft, the expected point, and neighboring obstacles, respectively. The
implementation of one-hot encoding here is primarily intended to distinguish the influence
of various nodes on the spacecraft’s position. The service spacecraft, as the core of the graph
structure, maintains close associations with both the expected point and obstacles, encoded
as [1,0,0]. The expected point acts as an attractor to guide the spacecraft to approach
it, encoded as [0, 1,0], while obstacles function as repulsive points to deter the service
spacecraft, encoded as [0,0, 1], as illustrated in Figure 5. In addition, the edge relationship
is described by a two-dimensional tensor edge index.

StE: ].1 ].2 “ .. ].k o e ].M eszM (6)
ll 12 o e Zk o e ZM

where the kth column represents the edge from node jj to node i, and M denotes the
number of edges.

Local Graph of Service Spacecraft

s¢ [l 0 [1] salxlefofo]1]
— — T

r; e:i o 4

« ELIT0 0]
, €, O Service Spacecraft

O Expected Point

shilzlyefoo]1] st [xlaz] 0 JO 1] O Target Spacecraft
B E

O Space Debris

Figure 5. State representation of the service spacecraft in the actor network.

In the critic network, it is assumed that the evaluator possesses a comprehensive view
of the whole situation and adopts a fully informed perspective, scoring the current state of
the service spacecraft and the actions taken based on global state information. Hence, the
input state of the critic network is the global parameter

1 1
st = (rs,vs,rd, U4, ro,rg,. Ty ) (7)
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which consists of the position and velocity of the service spacecraft and the expected point,
as well as the position of the target spacecraft and all space obstacles. It is emphasized that
all state parameters are normalized by dividing the state quantity by its upper limit.

According to the dynamic model presented in Section 2.2, a continuous thrust con-
trol mechanism is proposed for the safe proximity orbit design of the service spacecraft.
The action in this scenario is acceleration a = (ax, ay) along the X and Y axes. The accel-
eration magnitude should satisfy the requirements of the upper limit of control torque
a; € [-1,1],i = x,y.

2.4.2. Cost

In the scenario of spacecraft safe proximity missions, on the one hand, the service
spacecraft is required to ensure its own safety while approaching the expected point and not
collide with floating space debris; on the other hand, it is necessary to ensure the safety of
the high-value target spacecraft, and the service spacecraft should not collide with the target
spacecraft. In the LVLH coordinate system fixed at the centroid of the target spacecraft,
the position and velocity of space debris follow the CW dynamic equation and change
gradually over time. In this paper, the target spacecraft and space debris are collectively
referred to as obstacles. If the distance between the service spacecraft and the obstacle
exceeds observation range dgpserve, it is deemed that they are at a safe distance, and the
obstacle avoidance maneuver does not need to be incorporated into the service spacecraft’s
trajectory planning. If the distance is less than observation range dgpserve, it is considered
that the service spacecraft faces a high risk of collision, and the obstacle avoidance mission
has failed. If the distance is between the safe distance dq,¢ and observation range dgpserves
the obstacle has entered the service spacecraft’s field of vision. In trajectory planning, the
service spacecraft needs to assess the potential collision risk with the obstacle while striving
to strike a balance between avoiding it and reaching the expected point.

At the current time step, if the distance between the service spacecraft and the obstacle
is less than the safe distance dg,¢, the number of collisions is noted as 1; otherwise, it is
noted as 0. The cost function resulting from the ith obstacle is expressed as

)+ if Hrs — rf)|| < dgate
= { 0 else ®)

According to the definition, the essence of the cost function is the number of collisions
between the service spacecraft and obstacles.

In the safe proximity scenario, the total cost function caused by neighboring obstacles
is designed as

Ctotal = Z Ci )

i€c0
Ideally, the goal of safe reinforcement learning is to ensure that the expected cumulative

T
cost function is less than or equal to 0; that means E {Z ct] < 0. In practice, the
T~TTy =0

cumulative cost function is intended to be less than a tiny positive value.

2.4.3. Reward

Reward functions serve as the bridge between artificial intelligence algorithms and
specific task scenarios. Various reward functions have been designed to address the
requirements of different spacecraft task scenarios. The reward function for the spacecraft
safe proximity mission scenario proposed in this paper consists of four parts, including a
terminal reward, process reward, fuel penalty, and obstacle collision penalty. The terminal
reward and process reward assess the arrival of service spacecraft. The fuel penalty
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evaluates the fuel consumption of service spacecraft, and the obstacle collision penalty
evaluates the safety of service spacecratft.

(1) Terminal reward

The core goal of the spacecraft safe proximity mission is to drive the service spacecraft
to the expected terminal point. Consequently, the most intuitive technique for designing a
reward function is to assign a substantial positive reward to the service spacecraft when
it arrives at the expected point and its position and velocity converge to the target values.
Once the service spacecraft reaches its destination, it successfully completes the task and
concludes the current episode. Otherwise, the service spacecraft does not meet the terminal
status requirements at the current step, and the episode continues. The terminal reward
can be defined as follows:

] 100 if ||rs — 74| < dreach and [|vs — v4|| < Vreach 10
Tdone = (10)
0 else
where r,q = ||rs — r4]| represents the distance between the current position and the ex-

pected point position, and vg 4 = ||vs — v4]| represents the difference between the current
velocity and the expected terminal velocity.

(2) Process reward

Although the terminal reward depicts the arrival of the service spacecraft at the
terminal moment, depending solely on the terminal reward, the service spacecraft receives
feedback after hundreds of exploratory steps, making it difficult to achieve the goal and to
obtain meaningful rewards even until the end of the maximum episode step. Therefore,
the process reward is further introduced to encourage the service spacecraft to navigate
towards the expected point to overcome the problems of low exploration efficiency and the
challenges in achieving terminal objectives resulting from sparse rewards. If the service
spacecraft is nearer to the expected point and its velocity is more aligned, a reward is
granted. If the service spacecraft deviates from the expected point or exceeds the designated
velocity, a penalty is imposed. The process reward can be defined as follows:

2 2
rs — 7 Us — 0
Tprocess = <| - dH + H i dH ) (11)

ngnax Vr%lax

where Lmax and Vipax are the maximum distance and maximum velocity of the state space,
respectively, which are used to normalize the relative position and velocity errors. If the
reward function is positive, the spacecraft is likely to oscillate around the target value
without reaching the expected point in an effort to maximize the positive reward. Therefore,
to prevent reward hacking, the process reward is designated as a negative value. If the
service spacecraft approaches the target point, a minor negative reward will be assigned;
conversely, if it leaves away from the expected point, a substantial negative penalty will be
enforced.

(3) Fuel penalty

Fuel consumption is an important factor restricting the maneuverability of spacecraft
in orbit. Therefore, during the process of safe proximity, the less fuel consumption, the
higher the benefit. If the fuel consumption is higher, a greater penalty will be imposed. If
the fuel consumption is reduced, a lower penalty will be imposed. The fuel penalty can be
defined as follows:

Ttuel = —Kfuel (ayzc + aﬁ) (12)

where the constant k| is the penalty coefficient.
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(4) Obstacle collision penalty

Safe collision avoidance is the primary premise for ensuring the safety of service
spacecraft. If the service spacecraft detects that the distance to the obstacle exceeds the safe
distance dg,, it is deemed to be in a safe position without punishment. If the distance be-
tween the service spacecraft and obstacle is less than the safe distance dg¢,, it is considered
that the service spacecraft tends to collide with this obstacle, and the safety of the service
spacecraft is significantly threatened, so a larger penalty is imposed. The obstacle collision
penalty resulted from the ith obstacle can be defined as follows:

rébstacle = {_0'5 i HTS - 7‘8” = dsafe (13)
0 else
where i, = ||rs — r}|| denotes the distance between the service spacecraft and the ith

obstacle in the observation range, and dg,¢. denotes the minimum safe distance between
the service spacecraft and the obstacle.
In conclusion, the reward function proposed in this paper is formulated as

Ttotal = "done + rprocess + Tfuel + Z ri)bstacle (14)
=)
3. Spacecraft Safe Proximity Policy Based on Safe
Reinforcement Learning

A Soft Actor Critic algorithm based on the Lagrange method, incorporating the graph
attention network, is proposed to address the issue of real-time variations in the quan-
tity and position of obstacles within the observation range, referred to as GAT-SACL. In
Section 3.1, the principle of the GAT network is delineated, which is used to extract the char-
acteristic information regarding the service spacecraft, the expected point, and dynamically
altering obstacle nodes. In Section 3.2, the SACL algorithm is illustrated in detail, wherein
the constrained optimization problem is reformulated as an unconstrained optimization
problem by introducing a Lagrange multiplier. In Section 3.3, the GAT-SACL algorithm
architecture is delineated.

3.1. Principle of Graph Neural Network

The graph structure is mainly composed of nodes and edges. In this paper, the service
spacecraft, the expected point, and obstacles within the observation range, including the
target spacecraft and space debris, are regarded as nodes. The relationship between the
service spacecraft and the expected point, as well as that between the service spacecraft
and obstacles in the observation range, is regarded as an edge. The position information
corresponding to the node is regarded as the input feature of the node, and the hidden
feature information derived from the graph neural network is considered as the output
feature of the node, which is then utilized as the input to train the actor network for
reinforcement learning. The service spacecraft can only perceive obstacles within the
observation range, and the quantity and position of obstacles continually fluctuate as
the spacecraft explores the environment. Consequently, acquiring knowledge about the
position features of obstacles and their effects on the service spacecraft is a crucial function
of graph neural networks. If the obstacle is outside the observation range, it will not affect
the service spacecraft’s decision-making in the subsequent timeframe. If the obstacles are
within the observation range, the service spacecraft extracts information according to the
position of the neighboring obstacles. The closer the obstacles are to the service spacecraft,
the greater the impact on the service spacecraft’s maneuver strategy, and the farther the
obstacles are from the service spacecraft, the smaller the impact on the service spacecraft’s
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maneuver strategy. The conventional graph neural network is incapable of accommodating
variations in the number of nodes. The graph attention network has a significant effect
in solving the dynamic environment of increasing or decreasing nodes by dynamically
learning the weight coefficients. Therefore, this paper introduces graph attention networks
to extract information from dynamic graph structures.

Furthermore, the service spacecraft must equilibrate the cumulative impact of the
attractive force from the expectation point and the repulsive force from the obstacle on
the spacecraft as a whole. Another function of graph attention networks is to adaptively
learn and adjust the influence weight of the expected point and neighboring obstacles on
the service spacecraft according to the characteristic parameters. If there are no obstacles
in the observation range, the safe proximity of the service spacecraft is simplified as an
arrival problem, focusing solely on the trajectory planning towards the expected point.
If a neighboring obstacle is identified and it obstructs the path to the expected point, the
service spacecraft must formulate an appropriate maneuver strategy to actively avoid the
obstacle while simultaneously striving to approach the expected point as closely as possible,
thereby reducing fuel consumption necessitated by trajectory correction due to obstacle
avoidance. If the neighboring obstacle is in the opposite direction of the path or away from
the expected point, its impact on the service spacecraft’s decision is negligible, and the
intention to approach the expected point remains dominant. Therefore, this paper employs
graph attention networks to capture the relationships within the graph structure regarding
the effects of different types of objects on spacecratft.

The graph attention network [39] structure is illustrated in Figure 6, the fundamental
component of which is the graph attention layer. The input to the graph attention layer is
features of N nodes sy = {S?, sfl, 5?,1/ S?,Z’ cer, S?,n }, s; € R5, and the output is new features

! ! ! / / ! 4
of these nodes sY = {sf ,sf1 /8011800 - SEy },si’ e RF', where F/ represents the number

of GAT output network layers.

Output Output

v’ Vil
s, s,

Multi Head GAT
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Concatenation

Vk!
S

i
a' [Wsl Wsj] i
GAT /b— -t ! I‘E

MultiHeads | | | " TTTTTTTTTTeTOT
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K / \ Linear Operation /
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G
s 1 E

[npuft Input S W and a are learnable parameters.

Figure 6. The structure of GAT.

First, the input features are linearly transformed into Ws; € RF / through a weight
matrix W € RF'*3. To avoid the issue of structural information loss caused by traversal
computation among nodes ¢;;(i € N, j € N), masked attention is adopted to introduce
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graph structural information into the attention mechanism. In masked attention, the
attention coefficient of node i only takes into account the neighboring nodes of node i while
ignoring the influence of non-neighboring nodes.

Then, the self-attention of the node is calculated through a shared attention mechanism
a:RF x RF' — R. A single-layer feedforward neural network is used as the attention
mechanism, adopting LeakyReLU as the activation function. The attention coefficient
eij € R of node j relative to node i can be calculated by:

eij = a(Ws;, Ws;) = LeakyReLU (aT [Wsi| |Ws]-]) (15)

where a € R2F' denotes the weight coefficient of the attention mechanism, and [-||-] € R2F’
represents the concatenation of two elements. The attention coefficient ¢;; reflects the
importance node j to node i.

To facilitate the comparison of attention coefficients for different nodes, the softmax
function is utilized to normalize the attention coefficients. The normalized attention
coefficient of node j to node i is described as

exp (ei]-)

—_ OPE) 16
Yken; exp(eix) {16)

wjj = softmax; e;;)
The new features of node i by the graph attention layer can be represented as a linear
combination of neighboring node features, considering different levels of influence to node i:

Si/ = 0’< Z Dél‘jWS]'> (17)

JEN;

where o (-) represents the ELU activation function.

To stabilize the self-attention learning process, the multi-head attention mechanism is
utilized to compute attention coefficients in parallel using multiple threads. By concatena-
tion, the output features obtained through multi-head attention can be represented as

Si/ = |K| 0’( Z vcf/Wks]> (18)

k=1 \jek,

where K represents the total number of threads. D(;C- and W¥ denote the attention coefficient
and weight matrix computed by the kth thread, respectively. Since the concatenated
parameters comprises KF’ features, the concatenation method is typically deployed at
the intermediate layer of the network, and its output can further serve as the input for
subsequent networks.

3.2. Soft Actor Critic-Lagrangian Algorithm

The Soft Actor Critic algorithm [23], as a classic algorithm in the field of reinforcement
learning, introduces an entropy term into the objective function of policy optimization
based on the traditional Actor Critic architecture. It maximizes both the reward function and
entropy, encouraging the agent to explore more stochastic strategies. The SAC algorithm
possesses the advantages of policy randomization, strong exploration capability, and
robustness, and it has beneficial applications in complex dynamics fields such as robotics.
However, like all traditional reinforcement learning algorithms, when solving constrained
Markov decision processes, the SAC algorithm usually embeds the constraint conditions
directly into the reward function. The training results of the algorithm are highly dependent
on reward design and parameter tuning, resulting in the algorithm’s optimality and safety
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being determined by designers” experience. Therefore, this paper adopts the optimization
idea in safe reinforcement learning and transforms the hard-constraint problem into an
unconstrained problem by introducing the Lagrange multiplier.

The safe reinforcement learning algorithm based on SAC aims to solve the maximum
entropy reinforcement learning problem considering safety constraints:

max E [Z'ytr(st, at)}

T (syar)~pr |t

E wc(st,ao] <d (19)
s.t. (stoar)~pr L #
E  [—log(m(ar|st))] > Ho
(stat)~pn

where the first constraint condition is the cost function constraint, and the second is the
entropy constraint.

By introducing the Lagrange multiplier x and temperature parameters «, the con-
strained problem is transformed into an unconstrained problem [40]

max 15121{)1 IEB‘L(”’K) = f(mr) —xg(m) — ah(m)

fm= E tr(sn )

(Sfraf)N t (20)
where g(m) = E |:Z’YtC(5t/ ut)]
(star)~pr Lt
hm)= & llog(m(as))] +Ho
St,at)~Pr

For the reward critic network, the reward soft Q-function is optimized by minimizing
the Bellman residual

Jo.(6") = E(,a)~D B(Qer(sh at) — (r(st,ar) + Vs, mp [V (St+1)]))z] (21)

For the cost critic network, similar to the reward critic network, the cost soft Q-function
is optimized by minimizing the Bellman residual

1

]Qc (65) = ]E(St,ﬂt)ND 2 (QGC (st, at) - (C(St' at) + 7E5t+1NP [VEC (St+1)] ))2] (22)

For the actor network, the actor loss function is

Jn(@) = Esipai~m, [10g g (at]se) — Qpr (st ar) + kQpe (st, a)] (23)

where the Lagrange multiplier x > 0 is updated by minimizing the safety constraint loss
function

]S(K) = EstNDrat’\’T[¢ [K(d - QGC(Sf/ at))] (24)

The temperature parameter « is updated by minimizing the entropy loss function

]e(“) = EStND,ﬂt~7T¢ [—IX (log 7T¢(af|sf) + HO)} (25)

The pseudo-code of SACL is shown in Algorithm 1. Two types of Q-networks are
implemented, including the reward Q-network and the cost Q-network. To enhance the
stability and robustness of the algorithm, two reward Q-networks are established. The min-
imum value of the two Q-values is selected as the Q-estimate, reducing the overestimation
bias induced by neural network approximation. In addition, each Q-network corresponds
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to a target Q-network, which is updated based on the Q-network using an exponential
moving average method.

Algorithm 1. SACL Algorithm
Input: 0], 05, 6°, ¢
0, < 0,0, 0,0 < 6°
D+ o » Initialize an empty replay pool

» Initialize parameters
» Initialize target network weights

for each iteration do
for each environment step do
ar ~ g (a|st) » Sample action from the policy
» Sample transition from the
St+1 ~ p(St+1lst, ar) environment
» Store the transition in the repla
D« DU{(st,at,r(st,ar),c(st, at),841) } play
pool
end for
for each gradient step do
- . » Update the reward Q-function
07 < 0 — Ao, Vo, (67) f 1,2
i i Qr 9,-]Qr( z) orie { } parameters
» Update the cost Q-function

0° « 6° — A VocJq. (6°)

¢ — ¢ —AxVylr(P)
K4 K — /\KVK]S(K)

parameters
» Update polity weights
» Adjust Lagrange-multiplier

@ 0 — Ay ViJe(a) » Adjust temperature parameter

—r » Update reward target network
0; < 100+(1 -7

) weights
» Update cost target network
0« T0°+(1 — T)EC weigI;ts 8
end for
end for

Output: 67, 65, 6°, ¢ » Optimized parameters

3.3. GAT-SACL Algorithm

The framework of the GAT-SACL algorithm is shown in Figure 7. At the beginning
of each episode, the environment is initialized, and the action is generated by the actor
network. Subsequently, the agent interacts with the environment to obtain the state for
the next step, as well as the reward function and cost function, until the episode finishes.
A new episode is then initiated, and the above process repeats. The experience data
(s?ll, St, A, 1, Ct, s?ﬂl, st+1) is stored in the replay buffer at each step. When the data in the
replay buffer reaches 2000, the agent begins to train 50 times every 50 steps, sampling a
batch of data to train the network parameters during each iteration. Subsequently, the
networks are evaluated three times every 2500 steps; at the same time, the average reward,
average cost, and episode success rate are recorded. When data in the replay buffer exceeds
the maximum capacity, the new data will replace the earliest stored data.

The episode end conditions for the spacecraft safe proximity mission encompass the
following three situations: (1) If the service spacecraft reaches the expected point and
the position error and velocity error satisfy the terminal constraints, it is considered that
the service spacecraft successfully accomplishes the proximity mission. (2) If the service
spacecraft moves out of the observation space, the episode is truncated prematurely. This
issue is due to the fact that when the service spacecraft crosses the boundary, it is far
away from the terminal expected point, even if it has another opportunity to return to
the observation space, and the fuel consumption in European space exceeds that of the
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spacecraft consistently operating within the observation space. (3) If the step of the current
episode reaches the maximum step, the episode is over, regardless of whether the expected
point is achieved. Among these end conditions, the task is successfully completed solely
when the first end condition is realized. If the last two conditions are met, the episode
is truncated with the task failing, and then a new episode begins. It is worth noting
that the collision truncation condition is not established in this paper. If the episode is
truncated when the service spacecraft collides with an obstacle, it is not conducive to fully
exploring the environment behind the obstacle barrier, and it is difficult to design the
reward function. Hence, the collision truncation condition is disregarded, and the collision
penalty is incorporated into the reward function and cost function as a constraint. Once
the service spacecraft collides with obstacles, a large penalty is imposed on the reward
function, and the number of collisions is added to the cost function. By optimizing the
objective function, a safe policy with the highest reward score and lower cost constraint
is obtained.
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Figure 7. The framework of the GAT-SACL algorithm.

The structure of actor and critic networks is shown in Figure 8. The actor network
consists of fully connected networks and graph neural networks. The service spacecraft’s
state parameters s{ are transformed via two fully connected layers. The graph structure
features s are transformed via two graph attention network layers, with the first layer
employing multi-head attention mechanisms and the latter using one head. Then, the
outputs of the fully connected networks and graph attention networks are concatenated
together, and the combined data is subsequently fed to two hidden layers and an output
layer, utilizing the tanh function to constrain continuous action within the range of [—1, 1].
It should be noted that the uncertain dimension of the graph structure features s© may
lead to dimension conflicts with the fixed dimension of the following networks after
directly using GATConv to process graph data. Therefore, firstly, the sampled batch of
graph structures are combined into a comprehensive graph through batch processing.
The comprehensive graph is then fed into the graph attention network layers to learn the
feature information. Subsequently, the information undergoes global average pooling,
according to initial subgraphs, to obtain the fixed-dimension data as input for the following
networks. The reward critic network and the cost critic network are composed of fully
connected networks with the same structure. The global state parameters s3!! and action a;
are concatenated together and then fed into two fully connected network hidden layers,

followed by one output layer.
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Figure 8. The structure of actor and critic networks of the GAT-SACL algorithm.

4. Simulation and Analysis

This section presents the training performance and test results of GAT-SACL. In
Section 4.1, the simulation platform and environment for the safe proximity are introduced,
including scenario parameters and algorithm parameters. In Section 4.2, test results are
presented through extensive tests, and the simulation results are analyzed and compared
with the pseudo-spectrum method.

4.1. Scenario Settings

In this section, a 2D environment for the spacecraft safe proximity scenario is estab-
lished using Python 3.9, including a service spacecraft, a target spacecraft, and three pieces
of space debris. The visual presentation of the spacecraft safe proximity scenario based on
Pygame is illustrated in Figure 9. The parameter settings for this scenario are presented
in Table 1. In the beginning of each episode, the service spacecraft is located within the
initial departure area with a radius of 10 m and moves at a random initial speed. Then,
it passes through several pieces of space debris floating in orbit and ultimately arrives at
the expected point, which is 20 m away from the target spacecraft. The tolerance for the
terminal position error to the expected point is 1 m, and that for the terminal velocity error
is 0.1 m/s. The target spacecraft is located at the origin of the LVLH coordinate system,
while space debris is located in an initial range with a random velocity and then floats freely
according to the orbital dynamics model. The observation range of the service spacecraft
is 25 m, and the minimum safe distance between the service spacecraft and the obstacle
is 5 m. The parameter settings for GAT-SACL are presented in Table 2, and the network
architecture is shown in Figure 10.

O Service Spacecraft

O Expected Point

O Target Spacecraft

O Space Debris

O Initial Departure Area

Figure 9. The safe proximity scenario based on Pygame.
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Table 1. The parameter settings for the safe proximity scenario.

Type Parameters Value
Orbit Semi-Major Axis of Target Spacecraft (km) 6889.577
Observation Space X (m) [—20, 100]
Scenario Observation Space Y (m) [—20, 100]
Setting The Maximum Distance (m) 100
The Maximum Velocity (m/s) 10
Integral Step Size (s) 0.1
Observation Range of Service Spacecraft (m) 25
Center of Initial Position Area (m) (90, 90)
Initial Setting of Service Spacecraft Radjius of Initial Position Area (m) 10
Initial Velocity Range [—0.001, 0.001]
Radius of Target Spacecraft (m) 5
Position of Target Spacecraft (m) (0,0)
Radjius of Space Debris 1 (m) 6
Initial Position of Space Debris 1 (m) (60, 65)
Initial Setting of Obstacle Radius of Space Debris 2 (m) 6
Initial Position of Space Debris 2 (m) (30, 40)
Radius of Space Debris 3 (m) 5
Initial Position of Space Debris 3 (m) (30, 80)
Initial Velocity Range [—0.01,0.02]
Expected Point Position (m) (0, 20)
. Tolerant Distance (m) 1
Constraint Tolerant Velocity (m/s) 0.1
Lower Limit of Safety Distance (m) 5

Table 2. The parameter settings for the GAT-SACL algorithm.

Parameters Value
Max Train Step 2 x 10°
Max Step in Episode 1000
0% 0.99
Actor Leaning Rate 0.0003
Critic Learning Rate 0.0003
Lagrange Multiplier Learning Rate 0.0003
Soft Update Factor Initial Value 0.12
Reply Buffer Size 1 x 10°
Batch Size 256
o ActorNetwork || RewardCriticNetwork || Cost Critic Network |
st a, | s a, —] —
Fe GAT
ReLu Conv

i i
ads 5 E Concatenate l :

J t J i FC FC
Z i Q ; Tanh Linear

Figure 10. The network structure of the GAT-SACL algorithm.
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4.2. Test Result and Analysis

During the training process, evaluation is conducted in several episodes every several
steps, and the reward of these episodes is recorded. In order to reflect the completion of the
safe proximity task, the average reward is defined as:

1 N, step

R¢

= R! 26
Neva = eva ( )

where Neya represents the number of evaluation episodes per test time, Nstep represents

t

the total steps for each evaluation episode and R/,

represents the instantaneous reward
for each step t. A higher average reward indicator signifies more success of arrival, less
fuel consumption, and a lower risk of collision with obstacles.

Figure 11 shows the variation in the average reward with training steps. It can be
found that the average reward converges to around —100. The network evaluated with the

highest score is selected as the test model.

-100

-200

—300 1
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=700
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Step 1x10¢

Figure 11. Average reward during training.

After training the service spacecraft several times with different random seeds, two
distinct intelligent obstacle avoidance strategies emerged. The first strategy encourages
the service spacecraft to bypass the obstacle group, resulting in a relatively safe path,
which is referred to as the conservative strategy. The second strategy drives the service
spacecraft passing through the obstacle group across a narrower safe passage, which is
referred to as the radical strategy. The Monte Carlo shooting method is employed to test the
experiment performance of these two strategies 100 times. Figure 12 illustrates the trajectory
diagrams of 100 episodes for both strategies. All of the 100 episodes’ service spacecraft
start from the initial departure area (the yellow dotted circle) in the upper right corner
and reach the expected area (the orange dotted circle) in the lower left of the figure. The
left diagram represents the trajectory of the conservative strategy, while the right diagram
depicts the trajectory of the radical strategy. In both strategies, the service spacecraft
successfully avoids obstacles and reaches the expected point. It is evident from the figure
that the trajectories of the service spacecraft, which depart from different positions in the
initial departure area at varying speeds, ultimately converge to a safe proximity trajectory.
Moreover, the curvature of this trajectory demonstrates the avoidance trends away from
obstacles. In the conservative strategy, due to the obstacle group clustering in the upper
part of the observation space, the service spacecraft flies along the boundary of the safe
area beneath obstacles 1 and 2, thereby circumventing the obstacle avoidance issue with
obstacle 3. In the radical strategy, the service spacecraft first passes through the safe area
between obstacles 1 and 3 and then passes through the safe area between obstacles 2 and 3,
ultimately successfully reaching the expected point. The conservative path is at a lower
collision risk than the radical path.

https://doi.org/10.3390/aerospace13030210


https://doi.org/10.3390/aerospace13030210

Aerospace 2026, 13, 210 21 of 29

100 , 100
801 801
60 60
E w £ @
= =
201 201
0 01
-20 : ‘ -20 : |
-20 0 20 40 60 80 100 -20 0 20 40 60 80 100
X(m) X(m)
(a) conservative strategy (b) radical strategy
Figure 12. Trajectory chart for 100 test episodes.

Figure 13 shows the statistical graph of the minimum distance between the service
spacecraft and obstacles for 100 episodes. It can be observed that the minimum distance
between the service spacecraft and the outer contour of each obstacle exceeds the required
safe distance of 5 m (the red dotted line). In the conservative strategy, the minimum
distance between the service spacecraft and obstacle 3 reaches 40 m, which exceeds the
radius of the observation range, indicating that obstacle 3 has not entered the view field
of the service spacecraft during the whole flight, which reduces the number of obstacles
that need to be avoided and lowers the complexity of the task. The minimum distance
between the service spacecraft and obstacles 1 and 2 is approximately 6 m, slightly greater
than the safe distance of 5 m. This indicates that the service spacecraft is flying along the
boundary of the safe area beneath these two obstacles. In the radical strategy, the minimum
distance between the service spacecraft and obstacles 1 and 3 fluctuates closely around 6 m,
while the minimum distance between the service spacecraft and obstacle 2 is around 8 m,
which is due to the service spacecraft passing through the narrow passage between the
three obstacles, and the service spacecraft is relatively close to all of them.
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Figure 13. Minimum distance between the service spacecraft and obstacles for 100 test episodes.

Figure 14 shows the distribution of reward, cost, and constraint violation for
100 episodes. The left panel of Figure 14 illustrates the distribution of constraint vio-
lation and reward for 100 episodes. It can be observed that neither strategy violates the
safety constraints. The right panel of Figure 14 displays the distribution of fuel consumption
and reward for 100 episodes. Compared to the conservative strategy, the radical strategy
yields lower rewards and higher fuel consumption. This is because the radical strategy
requires real-time control of the service spacecraft to navigate along the safe boundaries of
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Y(m)

three obstacles when passing through the obstacle cluster, ensuring its state remains within
a narrow safe passage that always satisfies the collision avoidance constraints.
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Figure 14. Distribution diagram for 100 test episodes. The left is the distribution diagram of constraint
violation and reward, and the right is the distribution diagram of fuel consumption and reward.

Then, to intuitively demonstrate the flight situation of the service spacecraft, a test
episode is selected to analyze its position, velocity, acceleration, reward function, and cost
function. The trajectory for a typical episode is shown in Figure 15. Figures 16 and 17
illustrate the variations in the position error and velocity error of the service spacecraft. In
both strategies, the position can converge to 1 m around the expected point, and the velocity
can converge to within 0.1 m/s. This indicates that the GAT-SACL control strategy can
effectively achieve the safe proximity task. Figure 18 shows the variations in the acceleration
of the service spacecraft. The magnitudes of the accelerations for both strategies satisfy the
upper limit requirements.

100
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40 1 E 40 .
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X(m) X(m)
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Figure 15. Trajectory chart in a typical episode.

Figure 19 illustrates the variation in the minimum distance between the service space-
craft and obstacles. It can be observed that as the service spacecraft approaches the expected
point, the distance to the target spacecraft gradually decreases, while the distance to var-
ious space debris generally exhibits a trend of decreasing first and then increasing. This
phenomenon is consistent with intuitive analysis. Moreover, the distance to all obstacles
remains greater than the minimum safe distance (the red dotted line), indicating that the
service spacecraft always meets the safety constraints of obstacle avoidance.
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Figure 16. Curve of the position error of the service spacecraft in a typical episode.
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Figure 17. Curve of the velocity error of the service spacecraft in a typical episode.
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Figure 18. Curve of the acceleration of the service spacecraft in a typical episode.

Figures 20 and 21 show the variation in the reward function and cost function, re-
spectively. It can be observed that the reward function remains negative and gradually
increases before the spacecraft approaches the expected point. When the service spacecraft
satisfies the terminal constraints, a very large positive reward is obtained, indicating the
completion of the task. The cost function remains zero because it always adheres to the
obstacle avoidance constraints during the whole process.
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Figure 19. Curve of the distance between the service spacecraft and obstacles in a typical episode.
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Figure 20. Curve of the reward of the service spacecraft in a typical episode.
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Figure 21. Curve of the cost of the service spacecraft in a typical episode.

Figure 22 shows the results of the pseudo-spectral method by the GPOPS toolbox
to solve the safe proximity task. From the trajectory diagram, it can be found that the
optimization result is very similar to the radical strategy of reinforcement learning, and
the service spacecraft passes through the obstacle group to reach the expected point.
Compared with GAT-SACL, the trajectory optimized by the pseudo-spectral method has
small fluctuations, but the position and velocity change curve is relatively smooth, and the
terminal accuracy is very high. This distinction is because the pseudo-spectral method is
only optimized for certain events, while the reinforcement learning method is optimized
for random events, and its strategy has stronger adaptability.

https://doi.org/10.3390/aerospace13030210


https://doi.org/10.3390/aerospace13030210

Aerospace 2026, 13, 210

25 of 29

100

80 1

Y(m)
=

—20

ax

2

Action(m/s”)

20 0

(a) trajectory

40 60 80 100 0 10 20 30 40 50

X(m) Time(s)

(b) acceleration

3

5

Position Error(m)

[%}
(=]

(c) position error

30 40 50 0 10 20 30 40 50

Time(s) Time(s)

(d) velocity error

Figure 22. Results of GPOPS.

Table 3 displays the comparison of test results. The 95% confidence intervals of the
mean values of episode reward, episode cost, success rate, collision rate, fuel consumption,
and episode time are calculated by using the bias correction accelerated bootstrap method
(BCA method, resampling b = 10,000 times). During training, both the GAT-SACL and
GAT-SAC algorithms produced conservative and radical strategies. According to the
table, the reward function of the conservative strategy is greater than that of the radical
strategy, and the fuel consumption of the conservative strategy is less than that of the
radical strategy. The reward of the GAT-SACL conservative strategy is ahead of that of
GAT-SAC, and the reward of the GAT-SACL radical strategy is slightly inferior to that
of GAT-SAC. In comparison to the GAT-SAC algorithm, the advantage of the GAT-SACL
algorithm is that it can learn the strategies that meet the security constraints as soon as
possible. Compared with reinforcement learning algorithms, the fuel consumption of the
GPOPS algorithm is the lowest, only half of that of GAT-SACL. However, when facing
the dynamic environment, GAT-SACL learned a variety of different obstacle avoidance
strategies through exploration, which reflects the robustness and strong exploration ability
of the reinforcement learning algorithm.

In order to further verify the generalization of the algorithm, five task scenarios
are designed, as shown in Table 4. Table 5 illustrates the results of the generalization
experiment. In Case 1, the randomness of the initial position of obstacles is considered, and
the success rates for both strategies are reduced to varied extents. The success rate of the
radical strategy is much lower than that of the conservative strategy. This is because the
conservative strategy avoids the outer edge of the obstacle group, while the radical strategy
shuttles within the obstacle group and is more susceptible to the positional variations of
individual debris. Case 2 and Case 3 focus on the increase in the number of obstacles. In
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Case 2, obstacle 4 is added between obstacles 1 and 2. The initial position of obstacle 4
is randomly generated in the area with the initial position as the center and a radius of
3 m. Because the conservative strategy chooses to move along the lower edge of obstacles
1 and 2, its success rate is less affected, while the aggressive strategy seeks a trajectory
among the obstacle group, which is greatly affected by obstacle 4. Case 3 adds obstacle
5 below the conservative trajectory and obstacle 6 above the radical trajectory to observe
the impact of obstacle position on strategy selection. It is found that the conservative
strategy and the radical strategy continue to operate along their respective trajectories, with
no interchange between the two strategies. For the obstacle avoidance of new fragments
outside the initial scene obstacle group, the radical strategy performs better, and for the
obstacle avoidance of new fragments within the obstacle group in the initial scene, the
conservative strategy performs better. Case 4 and Case 5 examine the impact of observation
area range on the results. The sensing radius is narrowed in Case 4 and is expanded in
Case 5. From the table, it can be found that increasing the observation area can slightly
improve the expected reward. On the one hand, increasing the observation area helps the
service spacecraft perceive obstacles in advance to avoid them. On the other hand, because
the global obstacle parameters are utilized in the critic network to measure policy, the
gain effect is not significant. Through the above series of generalization experiments, it is
verified that the algorithm has certain robustness for space debris with different positions
and higher density, and the service spacecraft can still reach the terminal expected point
even if the risk of collision with space debris increases.

Table 3. Comparison of test results.

Episode Episode Fuel
Policy p P Success  Collision Consumption Episode Time (s)
Reward Cost
(m/s)
GAT-SACL —102.796 0 100% 0% 22.855 43.068
(conservative) [—105.150, —100.489] ° ° [22.753, 22.972] [42.942,43.194]
GAT-SACL —124.074 0 100% 0% 28.640 52.778
(radical) [—128.096, —120.363] ° ° [28.396, 28.909] [52.519, 53.047]
GAT-SAC —119.164 0 100% 0% 28.910 64.353
(conservative) [—122.224, —116.348] ° ° [28.795, 29.013] [64.173, 64.542]
GAT-SAC —123.202 0 100%% 0% 27.077 56.591
(radical) [—126.138, —120.461] ° ° [26.996, 27.164] [56.430, 56.757]
o o 13.279
GPOPS - - 100% 0% [12.566, 14.096] 50
Table 4. Design of generalized experimental scenes.
Number Name Parameters Value
Case 1 Random Initial Position of Obstacles Radius of Initial Position Area (m) 3
. . Initial Position of Space Debris 4 (m) [45, 50]
Case 2 4 Pieces of Space Debris Radius of Space Debris 4 (m) 5
Initial Position of Space Debris 5 (m) [20, 60]
. . Radius of Space Debris 5 (m) 5
P f Deb " . .
Case 3 6 Pieces of Space Debris Initial Position of Space Debris 6 (m) [50, 100]
Radius of Space Debris 6 (m) 5
Case 4 Reduced Sensing Radius Observation Range of Service Spacecraft (m) 20
Case 5 Extended sensing Radius Observation Range of Service Spacecraft (m) 30
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Table 5. Generalization results for different cases.
Episode Episode Fuel Episode Time
Case Policy Rp P Success Collision Consumption P
eward Cost (s)
(m/s)

Case 1 GAT-SACL- —105.406 5.22 82% 18% 22.855 43.068
(conservative)  [—107.851, —103.098] [3.14, 8.09] [72%, 88%] [10%, 25%] [22.753,22.972]  [42.942,43.194]

Cacel  GATSACL C a0 16.19 62% 38% 28,642 52.766
(radical) _127.7' 485j [11.8, 21.856] [51%, 70%] [28%, 47%] [28.397,28.909] [52.507, 53.034]

Case 2 GAT-SACL- —103.166 0.74 95% 5% 22.863 43.063
(conservative)  [—105.646, —100.765] [0.20, 1.84] [88%, 98%] [1%, 9%] [22.761,22.979]  [42.938, 43.188]

Case 2 GAT-SACL —126.693 5.24 77% 23% 28.640 52.778
(radical) [—130.737, —122.823] [3.40, 7.67] [67%, 84%] [15%, 31%] [28.395,28.908]  [52.519, 53.047]

Case 3 GAT-SACL- —106.133 6.68 68% 32% 22.859 43.068
(conservative) [—108.835, —103.563] [4.664,9.03] [58%, 76%] [22%, 40%] [22.757,22.975]  [42.942,43.194]

Case 3 GAT-SACL —126.704 5.25 77% 23% 28.643 52.777
(radical) [—130.757, —122.834] [3.41,7.67] [67%, 84%] [15%, 31%] [28.399, 28.911]  [52.518, 53.046]

Case 4 GAT-SACL- —102.800 0 100% 0% 22.864 43.068
(conservative)  [—105.152, —100.493] [22.761,22.979]  [42.943,43.193]

Case 4 GAT-SACL —124.078 0 100% 0% 28.652 52.757
(radical) [—128.083, —120.364] [28.407,28.920] [52.496, 53.025]

Case 5 GAT-SACL- —102.797 0 100% 0% 22.863 43.063
(conservative)  [—105.150, —100.489] [22.762,22.979]  [42.937, 43.189]

Case5 GAT-SACL —124.067 0 100% 0% 28.594 52.779
(radical) [—128.083, —120.354] [28.349,28.861]  [52.521, 53.049]

5. Conclusions

In this paper, an SACL algorithm based on a graph attention network (GAT-SACL)
is proposed to address two challenges, including the partially observable environment
and obstacle avoidance safety constraints. On the one hand, the graph neural network
is introduced to depict the dynamic observation environment and is utilized to extract
the hidden graph structure information to assist the reinforcement learning algorithm
to train the actor network. On the other hand, a Lagrange multiplier is introduced into
the reinforcement learning algorithm to ensure that the safety constraints of obstacle
avoidance are met. The simulation results show that the proposed algorithm has significant
advantages in balancing optimality and security and excels in exploring multiple strategies.

In the future, the single-agent safe reinforcement learning algorithm will be further
extended to a multi-agent environment to achieve spacecraft cluster safe proximity in
complex and changing environments.
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