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Abstract: With space technology development, the spatial robotic arm plays an increasingly important
role in space activities. Spatial robotic arms can effectively replace humans to complete in-orbit service
tasks. The trajectory planning is the basis of robotic arm motion. Its merit has an essential impact on
the quality of the completed operation. The research on spatial robotic arm trajectory planning has
not yet formed a broad framework categorization, so it is necessary to analyze and deeply summarize
the existing research systematically. This paper introduces the current situation of space obstacle
avoidance trajectory planning and motion trajectory planning. It discusses the basic principle and
practical application of the spatial robotic arm trajectory planning method. The future development
trend has also been prospected.

Keywords: spatial robotic arm; in-orbit service; trajectory planning; space obstacle avoidance;
motion trajectory

1. Introduction

As humans explore the space domain, space robots or robotic arms gradually become
the ultimate solution for various in-orbit missions. Spacecrafts working in orbit need
space in-orbit services to help them with maintenance, resupply, assembly, and cleanup [1].
Space technology has always been essential for space robotics as a critical technology
for missions in orbit. The use of space robotic arms to replace astronauts in space has
become a new trend. The development and application of space robotic arms are of great
importance for further human exploration and research in space and bring great value to
some aspects, such as the safety and economy of space exploration in countries around the
world [2]. The literature [3] summarized the history of successful robot manipulators such
as the Shuttle Remote Manipulator System (SRMS) and Space Station Remote Manipulator
System (SSRMS). It includes the most famous Canadian arm, Canadarm2, the Japanese
Experiment Module (JEM) Remote Manipulator System, and the European Robotic Arm
(ERA). In addition, space robotic arm applications include Japan’s first experimental space
robot project, Manipulator Flight Demonstration (MFD). Several German space robotic arm
projects: Robotic Technology Experiment (ROTEX) [4], Robotics Component Verification
on International Space Station (ROKVISS) [5], and Technology Satellite for Demonstration
and Validation of Space Systems (TECSAS) [6]. China configured a large robotic arm in the
core module of the space station “TIANHE”, named “TIANHE Robotic Arm” [7]. Figure 1
shows the research and application of robotic arms in the space station in the world.

Trajectory planning is the basis for controlling the motion of the robotic arm, and
the merit of trajectory has an essential impact on the quality of the completed operation.
Meanwhile, trajectory planning, as a prerequisite for trajectory tracking control, affects
the accuracy of robot trajectory tracking control [8,9]. Its performance impacts the motion
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efficiency, smoothness of motion, and server energy consumption [10]. In the context of
modern artificial intelligence research, planning is a process of problem-solving. It starts
from the initial of a particular problem and constructs a series of operational steps (opera-
tors) to bring it to the goal of solving that problem. The flow chart of trajectory planning in
the mission planner is shown in Figure 2. Different trajectory planning tasks need to be
performed for the on-orbit robotic arm for different on-orbit operation requirements. To
make the end of the robotic arm reach the specified position to complete a specific task, the
desired trajectory needs to be planned according to the constraints, i.e., trajectory planning
of the robotic arm [11,12]. Nowadays, most scientists would imagine a combined human
and robot joint activation in the future, fully exploiting the advantages of both. In this
regard, automation and robotics play a vital role in space exploration and ground-based
experiments. The development and evolution of complex spacecraft and space exploration
missions require the rapid development of intelligent automation systems and robotic
equipment [13]. The tasks of space robotic arms include some special space missions
in addition to the traditional assembly and repair, such as orbital robots, planetary ge-
ological reconnaissance missions [14], and surgical robots for space missions [15]. The
special extreme environmental conditions and the extremely high requirements for micro-
manipulation make it increasingly important to plan the trajectory of the robotic arm for
its manipulation.
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Figure 1. International Space Station robotic arm research and application.

This paper discusses the basic principles and practical applications of space robotic
arm trajectory planning based on the requirements of space robotic arm trajectories, ob-
stacle avoidance, and motion planning. The advantages and shortcomings of the existing
trajectory methods are summarized in detail, and the future development trend of space
robotic arm trajectory planning is conceived and foreseen. Section 2 describes the obstacle
avoidance detection and planning of space robotic arms from the requirement of obstacle
avoidance. Section 3 focuses on the current research status of existing space robotic arm mo-
tion trajectory planning methods and introduces in detail the basic principle of polynomial
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interpolation and the gradual application status of modern intelligent trajectory planning
methods. Section 4 concludes the article and gives an outlook on future development.
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2. Spatial Robotic Arms Trajectory Planning Methods Based on Obstacle
Avoidance Requirements

The most significant difference between the space robotic arm and the ground robotic
arm is that the base is floating. Since the base of the space arm is not fixed, the base position
is not controlled in the free-floating mode of operation, so the linear momentum and an-
gular momentum of the whole robotic arm system are conserved. There is a non-integrity
limitation in the robotic arm system, resulting in kinematic and dynamical coupling be-
tween the robotic arm and the base during the motion [16]. When planning the motion of
the robotic arm, it is necessary to avoid obstacles and reach the target position while satis-
fying the dynamics of the multi-body dynamics system and the non-complete constraints.
The study of obstacle avoidance trajectory planning for free-floating space robot arms is
divided into spatial obstacle detection and obstacle avoidance trajectory planning.

2.1. Spatial Obstacle Detection Methods

Usually, the collision detection of space robotic arm with obstacles uses collision of
space objects and graphics as the main method. Generally, the space obstacle is represented
by the commonly used space specification geometry. Whether the geometry is properly
represented determines whether the motion space of the robotic arm can be found in the
presence of the obstacle. There are various methods for obstacle detection. The obstacles
encountered by the space robotic arm system when performing in-orbit service missions can
be divided into two categories. One category is obstacles that are stationary with respect to
the space base, and such obstacles include the service satellite and the target satellite. The
other category is obstacles in motion with respect to the space base, which includes moving
parts on the service satellites and target satellites, and space debris [17]. The application
of collision detection algorithms on robotic arms is mainly dynamic collision detection,
which is used to detect the relative positions of obstacles and robotic arms. The discrete
collision detection algorithm in dynamic detection is to analyze whether a collision occurs
in discrete time. The random sampling in the path algorithm mainly considers the collision
detection information under the deterministic state point. Therefore, the collision detection
of the robot arm uses a discrete collision detection algorithm [18,19].

The discrete collision detection algorithm is the most commonly used dynamic col-
lision detection algorithm. After continuous research and breakthroughs, many feasible
collision detection algorithms have been formed, among which the widely used one is the
hierarchical wraparound box algorithm [20]. The theory of the envelope box technique
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is to enclose the complex collection of targets with simple geometry and then construct
a tree-like geometry structure to achieve the goal [21]. The main focus of this class of
methods is the selection of bracketing boxes. The main bracketing boxes are bracket-
ing sphere, axis-aligned bounding box (AABB), oriented bounding box (OBB), and fixed
directions hulls (FDH).

An AABB is defined as the smallest hexahedron that contains the object and whose
sides are parallel to the coordinate axes. Therefore, to describe an AABB, only six scalars
are needed. The AABB is relatively simple to construct, with small storage space, but
poorly compact, especially for irregular geometries, with large redundancy space. It deals
with objects that are rigid and convex and is not suitable for complex virtual environment
situations that contain soft body deformations. The AABB intersection test is widely used
due to its simplicity and better tightness and can also be used for collision detection of soft
objects [22]. The enclosing sphere is defined as the smallest sphere that contains the object.
To determine the enclosing sphere, the mean values of the x, y, and z coordinates of the
vertices of all elements in the set of elementary geometric elements that make up the object
are calculated separately to determine the center of the enclosing sphere. Then, the radius r
is determined from the distance between the center of the sphere and the point determined
by the three maximum coordinates. Collision detection of the enclosing sphere is mainly a
comparison of the magnitude of the radius and the distance from the center of the sphere
between the two spheres. The enclosing sphere is very similar to the AABB enclosing box,
which is simple but still less compact [23]. OBB is the smallest rectangle containing the
object with arbitrary orientation with respect to the coordinate axes. The most important
feature of OBB is its arbitrary orientation, which allows it to enclose the object as closely as
possible according to the shape of the enclosed object. The OBB enclosing box approximates
the object more closely than the AABB enclosing box and the enclosing sphere, which can
significantly reduce the number of enclosing bodies and thus avoid intersection detection
between a large number of enclosed bodies. However, intersection detection between OBBs
is more time-consuming than that between AABBs or enclosing spheres. The FDH (or
k-DOP) is a special kind of convex package. It inherits the simplicity of AABB, but for it to
have good spatial tightness, it must use a sufficient number of fixed directions. The FDH is
defined as a convex package that contains the object and the normal vectors of all its faces
are taken from a fixed set of directions (k vectors). The FDH encloses the original object
more tightly than other enclosing bodies and creates a hierarchical tree with fewer nodes,
which reduces more redundant computations when intersection detection is performed,
but the intersection operations are more complex with each other [24].

Menasri et al. [25] used spheres for obstacle modeling in robot workspaces, as shown
in Figure 3. The idea behind this representation is that the obstacle having any form
is shrouded by the smallest hyper-surface which includes all points of the obstacle. This
method is also applicable to space robotic arm obstacle detection. Hou [26] and Zhu et al. [27]
transformed the obstacles into joint space. They simplified the occupation relationship
between the obstacle and the free-floating space robotic arm based on the idea of a spherical
enclosing box and spatial superposition. The simplified approach views the collision
detection of the robotic arm with a circle as the intersection detection of a line segment
with a circle. The method largely simplifies the computation and improves the planning
efficiency. Han et al. [28] designed an innovative “sphere and ellipsoid” model to ensure
a safe distance for ultra-short orbital approaches. The exclusion zone and limits were
designed according to the satellite sphere envelope to keep the whole spacecraft away from
any collision threat. Li et al. [29] established the OBB bounding box model for trajectory
planning of the robotic arm in the confined environment of the space station experiment
box [30]. Figure 4 shows the projection of the mobile manipulator and the obstacles in the
experiment. This method is highly efficient in planning routes according to the complexity
of the obstacle envelope. Zhang et al. [31] used a convex polyhedral vector inner product
detection algorithm for redundant spatial robotic arms to perform a trial search for obstacle
avoidance. They use three levels of collision detection problems for robot arm motion,
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robot arm configuration, and robot arm upper point, respectively. The method consists of
the starting configuration moving continuously toward the target configuration according
to a certain pattern. If a collision occurs during the movement, the direction of advance is
adjusted until a path is found that does not collide with the obstacle. In this way, instead of
solving the entire configuration space, only collision detection is required. Wang et al. [32]
replace the convex obstacle with a convex polyhedral envelope and non-convex obstacles
with multiple convex polyhedral envelopes. The robotic arm is then discretized, and a
sufficient number of detection points are selected, which in turn detects whether each point
is within the obstacle envelope. A point is selected on each face of the convex polyhedron,
and then the inner product of the vector pointing from the point to be detected and the
outer normal vector of that face of the convex polyhedron is calculated. If such inner
product is positive for all faces of the convex polyhedron, the point to be detected is inside
the convex polyhedron. As long as there exists a point to be detected that is inside one of
the convex polyhedra, the point to be detected is considered to be inside the obstacle.
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2.2. Spatial Robotic Arms Obstacle Avoidance Trajectory Planning Methods

At the beginning of the collision avoidance study, a hypothesis and test method based
on the right-angle coordinate space is mainly used. First of all, it needs to assume that there
is a path connecting the initial point and the target point. Then, the path is discrete, and
then check whether each discrete interval is a free path (no interference with obstacles). If
yes, the collision avoidance path planning is completed. Otherwise, the interfering units
are modified and adjusted until they satisfy collision avoidance [33]. Huang et al. [34]
considered the obstacle avoidance case and combined the constraints such as dynamics
and paths for trajectory planning. Finally, the continuous optimal control problem is
discrete transformed using the Gauss Pseudospectral Method (GPM), and the transformed
nonlinear planning problem is solved to derive the optimal path.

The hypothesis testing method is relatively simple, but the real-time performance is
poor, and the path cannot be optimized by time or energy index. Therefore, the collision
penalty function method based on the right-angle coordinate space appears. This method
first defines a penalty function for the obstacles, which decreases rapidly as the distance
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between obstacles increases. Moreover, a penalty term is added to the deviation from the
shortest path. The penalty function value for each obstacle is added together, and the total
penalty function value can be calculated. This method is very suitable for the collision
avoidance planning of mobile robotic arms. Kang et al. [35] modified the traditional impulse
obstacle avoidance algorithm for spacecraft trajectory planning applications with a strong
dependence on transient thrust and high fuel consumption by using an energy optimal
dynamic obstacle avoidance algorithm. They introduced the motion error offset of dynamic
obstacles with normal distribution probability into the collision avoidance safety distance
model to enhance the reliability of obstacle avoidance.

The main collision-free trajectory planning algorithms widely used for robotic arms
are the pseudo-inverse algorithm, the artificial potential field method, the C-space method,
the A∗ algorithm and the rapid-exploration random tree (RRT) algorithm [36]. The pseudo-
inverse algorithm uses the pseudo-inverse “J+” of the Jacobi matrix “J” to obtain the joint
angular velocity and the null space projection “(I − J+ J)” to obtain the chi-solution to
avoid obstacles [37]. Pseudo-inverse type methods [38] have been extensively studied
in the last decades. These methods generally represent the solution as the sum of the
least parametric particular solution and the chi-square solution and require solving the
pseudo-inverse of the Jacobi matrix associated with the positive kinematics of the robot
arm. The limitations of the pseudo-inverse type methods include the difficulty in handling
the joint constraints and the computational intensity in performing the pseudo-inverse [39].
Pisculli et al. [40] proposed a minimal state variable approach to describe the dynamics
of a free-floating space manipulator (FFSM) under the action of gravity and gravitational
gradient forces. They used a combination of reaction zeros and Jacobi transpose controllers
to implement the control and explored the advantages and disadvantages of the method.
Sabatini et al. [41] performed an experimental campaign using an air-floating table and a
free-floating platform to simulate the spatial manipulator used in the pursuer platform.
They adjusted the gain mainly by the distance between the target and the tracker. The
method is similar to Jacobi pseudo-inverse control but is only used to manipulate the
robotic system.

To overcome the drawbacks of pseudo-inverse type methods, quadratic programming
(QP) methods have been developed and widely studied [42]. Stolfi et al. [43], to absorb
the impact energy, described the space manipulator end-effector as a mass-spring-damping
system without considering the base reaction force, as shown in Figure 5. Tringali et al. [44]
based on the optimization of the kinetic energy integral over a finite subset of the future end-
effector path points so that the manipulator’s joints move towards the minimum kinetic energy.
Their proposed method outperforms the pseudo-inverse-based method. Li et al. [45] proposed
a trajectory optimization method that considers frictional contact. The method combines a
direct approach to trajectory optimization with a contact model based on complementary
constraints in nonlinear programming. The resulting optimization problem is solved
by a combined mechanism of sequential quadratic programming. The method allows
optimization of spatial robot trajectories satisfying contact constraints without requiring
prior knowledge of the contact sequence. Locally optimal trajectories are successfully
found in different cases. The method will greatly extend the deceleration, capture, and
manipulation strategies of space robots. Lu et al. [46] considered end-effector trajectory
tracking constraints and joint angle/velocity/acceleration constraints in the trajectory
planning problem of the FFSM model. The trajectory planning problem can be further
formulated as a constrained convex quadratic programming problem. They avoid the
dynamic singularity of the FFSM based on the obtained optimization algorithm. For
the SSRMS configuration robotic arm widely used in space in-orbit services, an inverse
kinematic solution method based on the combination of cyclic coordinate descent method
and joint angle parameterization method (CCDJAP-IK) is proposed in the literature, which
reduces the blindness of parameter taking and increases the success rate of the solution [47].
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Subsequently, Khatib [48] introduced the concept of artificial potential field based on
the penalty function method. The artificial potential field method (APF) means that the
obstacle is surrounded by a repulsive potential field and a gravitational potential field
surrounds the target. The repulsive force increases rapidly with the decrease of the distance
between the robotic arm linkage and the obstacle, and the attractive force decreases with
the approach of the end and the target posture. Then, selected test points on the robotic
arm linkage are solved in real-time for the repulsive potential with each obstacle and the
attractive potential with the target. Zhan et al. [49] proposed an accelerated potential field
(AccPF) method to plan the tumbling velocity trajectory of a spatial manipulator to elimi-
nate the perturbation of non-cooperative targets. Their attractive potential field eliminates
the initial momentum, while the repulsive potential field forces the manipulator away from
the obstacle. Gao et al. [50] proposed a fast exploration random tree optimization algorithm
based on obstacle avoidance independent potential field guidance for a space robot robotic
arm. Some responding layer factors related to operational cost are used as optimization
objectives to improve operational reliability. On this basis, a potential field whose gradient
is calculated off-line is established to guide the expansion of rapidly exploring the random
trees. The potential field mainly considers indexes about the manipulator itself, such as the
minimum singular value of the Jacobian matrix, manipulability, condition number, and
joint limits of a manipulator. Thus, it can stay the same for different obstacle avoidance
path planning tasks.

The artificial potential field method is considered for obstacle avoidance, the gravita-
tional potential field acts in a larger range. In contrast, the repulsive potential field only
acts in a local range, and the region far from the obstacle is not affected by the obstacle
repulsive potential field. Therefore, this method is also called the local method, which only
solves the local space within the obstacle avoidance. However, it is very widely used due
to its ease of mathematical description and its applicability to multi-degree-of-freedom
robotic arms.

In the early 1980s, Lozano-Perez [51] proposed a C-space-based free-space method,
which many scholars affirmed. The robot’s motion is described by the C-space, at this
time, the state of the robot forms a one-to-one correspondence with C-space. Suppose the
obstacles are also described by a C-space and all obstacles are mapped to the C-space. In
that case, the problem of collision-free path planning is transformed into finding a free
region in C-space connecting the start point and the target point, as shown in Figure 6.
When the robot moves along this path, it can guarantee no collision with obstacles. Existing
collision-free trajectory planning algorithms need to obtain C-space obstacle boundaries.
Obstacles of the workspace are generally hypersurfaces in the C-space. When applying
planning in a C-space, the obstacles in the robot’s workspace are generally described
mathematically in C-space.
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The obstacle B is represented in the robot’s configuration space as:

COrobot(B) = x ∈ Cspacerobot|(robot)x ∩ B 6= 0

where (robot)x denotes the relationship between the robot and the joint variable x. When
x ∈ COrobot(B), then the robot interferes with the obstacle B.

Maciejewski et al. [52] proposed a path planning method based on C-space topology.
Some special points and lines in the obstacles are mapped into the C-space. The obsta-
cle avoidance path planning problem is transformed into finding the connection channel
connecting the initial position subspace and the target position subspace on the connec-
tivity graph. Kondo [53] proposed a two-way heuristic search method, which features a
direct graph search method in the C-space to search out the free path in both directions
from the initial and target points. This method can effectively avoid solving the whole
C-space information.

The traditional A∗ algorithm is a trajectory planning method that searches optimally way
for nodes and points other than nodes [54]. However, the traditional A∗ algorithm does not
take into account the situation when passing the vertices of the obstacles during the search
process to avoid them, which can easily cause unsafe factors. Therefore, Chen et al. [55] further
proposed a new fault-tolerant workspace with a load-carrying capacity (FTWLCC) concept
to evaluate the fault-tolerance performance and improve the classical A∗ algorithm to search
feasible task trajectories according to the requirements of load-carrying tasks. Guo et al. [56]
proposed a global and local fusion path planning method for planetary exploration. First, an
integrated smoothness map was generated based on the digital elevation model (DEM) of
the planetary surface, and then a fused path planning method was proposed that combines
the improved A∗ algorithm and the dynamic window method [57]. A heuristic function
was designed based on the integrated smoothness information to guide the A∗ algorithm
to generate the globally optimal path. The dynamic window method is applied for real-
time path planning to generate smooth paths that satisfy the planetary rover capability
constraint, which improves the success and reliability of planetary exploration missions.

Moreover, since the RRT algorithm does not require an explicit obstacle representation,
it is widely used in various motion planning tasks [58], such as space obstacle avoidance
detection tasks. Rybus et al. [59] used the RRT algorithm to plan a collision-free manipulator
trajectory. The bi-directional approach is used in the construction of the tree in order to
plan a trajectory from the given initial state to the specific final state. The feasibility
of the proposed method was also demonstrated in a numerical simulation of a chaser
satellite equipped with a 2-DOF (degree of freedom) manipulator in the planar case. Their
improvements include reducing the number of dimensions of the state space to simplify the
tree construction. A new method is used to select control signals during tree construction to
obtain better state-space coverage. Numerical simulations performed in a simplified planar
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case validate the proposed trajectory planning method. James et al. [60] integrated the RRT
method and a new time-scale transformation method to obtain the desired joint trajectory,
thus reducing the spacecraft attitude perturbations and satisfying the corresponding state
constraints. Guan et al. [61] proposed an improved RRT algorithm. If the accuracy of the
target motion state estimation is not high enough, this improved RRT algorithm can be used
to plan a safe trajectory. Yan [62] proposed an RRT optimization strategy combined with a
probabilistic artificial potential field method for the spatial robotic arm path replanning
task with variable task objectives so that the robotic arm can adapt to the changes in task
environment and objectives when performing sampling tasks.

In summary, the current status of space robotic arm trajectory planning research based
on obstacle avoidance requirements is summarized in Table 1.

Table 1. Summary of spatial robotic arm obstacle avoidance planning study.

Ref.
Obstacle Avoidance Trajectory Planning

Specific Implementation Method
Hypothesis Testing Collision Function Pseudo-Inverse APF C-Space A* RRT

[34]
√

Gauss Pseudo-spectral Method
[35]

√
Dynamic Obstacle Avoidance

[40]
√

Reaction Zero and Jacobi Transpose
[41]

√
Adjusting Gain

[43]
√

Use a Mass-spring-damping System
[46]

√
Convex Quadratic Programming

[47]
√

CCDJAP-IK
[49]

√
AccPF

[50]
√

-
[52]

√
Based on C-space Topology

[53]
√

Two-way Heuristic Search Method
[55]

√
FTWLCC

[56]
√

Combine the Dynamic Window
[59]

√
-

[60]
√

A New Time-scale Transformation
[61]

√
Improved RRT

[62]
√

Combine with APF

3. Spatial Robotic Arms Trajectory Planning Methods Based on Motion Requirements
3.1. Research on Basic Spatial Trajectory Planning Methods

The basic spatial trajectory planning of a spatial robotic arm can be divided into
two categories. One is joint space planning, which generates motion trajectories based on
the changes of each joint angle, angular velocity, and angular acceleration of the robotic
arm in the process of calculating the end from the initial position to the target position; the
other is cartesian space trajectory planning, which is a path generation method selected
according to the task requirements [63]. A comparison of their performance characteristics
is shown in Table 2.

Table 2. The comparison of spatial robotic arm trajectory planning performance characteristics.

Planning Space Characteristics Solution Binding Application Scenarios

Joint Space

The calculation is simple; no
redundancy and singularities [64].
However, there are errors in the

end trajectories [65].

Joint values Initial and end states
Robotic arm running in orbit;

truss movement; target
pushing, etc.

Cartesian Space

The planning is intuitive and
highly accurate [66]. However, the
number of inversions is high and

computationally intensive;
singularities exist [67].

End position Continuous paths
In-rail repair; surface

machining tasks; in-rail
assembly of trusses, etc.
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The common point between the two types of planning approaches is that both need to
satisfy velocity and acceleration continuity and ensure smooth trajectory. For joint space
planning, such as the determination of position during docking and separation of spacecraft
in orbit, truss handling work in the orbit, and other tasks. It needs to describe its starting
and target states, i.e., the starting value “{To}” and target value “

{
Tf

}
” of the coordinate

tool system, also called the motion at this time as point-to-point motion. For the cartesian
space trajectory planning operations, such as the robotic arm in orbit maintenance tasks,
surface machining tasks, and in-orbit assembly. The task’s realization requires specifying
the start and abort points of the actuator and specifying the number of points between the
two points, which become path points. It must be made possible to move along a specific
path, which becomes continuous path motion or contour motion. The joint space trajectory
planning directly plans the motion of a joint, which needs to be solved as a function of joint
angle, angular velocity, angular acceleration, and time, while planning the motion trajectory
of an end-effector is part of cartesian space trajectory planning. Among them, the concept of
trajectory planning in the operation space is intuitive but requires a large number of matrix
calculations. Moreover, the parameters in operation space are difficult to obtain directly
through sensors, which is difficult to use for real-time control. The trajectory planning in
the joint space can adjust the position, angular velocity, and angular acceleration of each
joint of the robot arm in time according to the design requirements, which can effectively
avoid the problems of mechanism singularity and redundancy of the robot arm. Therefore,
joint space trajectory planning is widely used.

The joint space trajectory planning is to describe the joint angle value as a function
of time without describing the path between two points in the operation space, which
is less computational. There are mainly polynomial interpolation methods and spline
interpolation methods for joint space trajectory planning [68]. The cubic spline function
interpolation method is easy to understand, simple to use, and can ensure the continuity of
velocity and acceleration during the motion. Locked joint failures are inevitable for space
robotic arms in non-stop load tasks, so optimization of joint parameters is particularly
important. Joint spatial trajectories are mostly parameterized by higher-order polynomials,
and the free parameters are optimized by sequential quadratic programming. Tortopidis
et al. [69] studied the incomplete behavior of a spatial manipulator actuator in free-floating
mode. They used higher-order polynomials as parameters of the cosine function to specify
the desired path directly in the joint space. The accessibility of the configuration was
extended. An et al. [70] studied the joint trajectory planning of a modular reconfigurable
satellite in space, and they proposed a virtual joint coordinate system, as shown in Figure 7.
The D-H method based on the virtual joint coordinate system can effectively solve the
problem of space orientation asymmetry of reconfigurable joints axis on both sides of
the base coordinate system of SMRS. The joint trajectories of the modular reconfigurable
satellite are parameterized by using sixth- and seventh-order polynomial curves to ensure
the continuity of position, velocity, and acceleration of the joint motion. Cui et al. [71]
used 5th and 6th order polynomial interpolation to approximate the trajectory of the joint
motion of the free-floating space robot and used sequential quadratic programming to
optimally solve the trajectory of the joint hinge motion. The computed trajectories of
each joint hinge and control inputs are continuous and smooth by numerical simulation.
The planning method has good convergence, high computational efficiency and strong
boundary search capability, which are the most outstanding advantages compared with
other optimization algorithms. Papadopoulos et al. [72] used smooth continuous functions,
such as polynomials, to drive the system to the desired configuration in a finite and
prescribed time. Limitations on reaching arbitrary final configurations were discussed and
examples were presented.

Additionally, in the context of the enhanced real-time problem, Misra et al. [73] inves-
tigated point-to-point trajectory planning in sequential convex planning (SCP) framework,
culminating in an expression for the end-effector positional constraints and their subse-
quent convex relaxation. Xin et al. [74] generated joint rotation trajectories based on cosine
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functions through inverse kinematic theory. The rotation trajectories were subsequently
discretized to achieve minimum residual vibration suppression for the space manipulator.
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For simple point-to-point motions, the polynomial interpolation algorithm satis-
fies the basic requirements of the trajectory. However, for higher accuracy as well as
smoothness requirements, improved planning algorithms are required. The main meth-
ods used are B spline curves and non-uniform rational B-splines (NURBS) [75]. B spline
curves are parametric curve representations, which are generalizations of Bezier curves
and are capable of local modifications, which are important for multi-segment trajectory
planning [76]. According to the nodal vector distribution, B spline curves are classified as
uniform, quasi-uniform, and nonuniform B spline curves. Quasi-uniform B spline curves
retain the properties of Bezier curves and ensure that the first and last points pass through
the control vertices, which can be used for point-to-point trajectory planning in joint space.
The nonuniform B-sample curve is not equally distributed among control points and can
be distributed arbitrarily, which brings convenience to the free variation of trajectories [77].
NURBS curve is also called the nonuniform rational B-sample curve. Node vectors of the
NURBS spline function are non-uniformly distributed along the parameter axis, forming
different basis functions, and the basis function weight factor is added to the algorithm.
The added weight factor reflects the degree of influence of the nodes on the trajectory and is
used to change the contribution of the control vertices to the trajectory [78]. Wang et al. [79]
presented an optimal joint trajectory planning method using forward kinematics equations
of free-floating space robots, while joint motion laws were delineated with the application
of the concept of reaction null-space. Bézier curves, in conjunction with the null-space
column vectors, were applied to describe the joint trajectories. Considering the forward
kinematics equations of the free-floating space robot, the trajectory planning issue was
consequently transferred to an optimization issue while the control points to construct the
Bézier curve are the design variables. A constrained differential evolution (DE) scheme
with a premature handling strategy was implemented to find the optimal solution for
the design variables while specific objectives and imposed constraints are satisfied [80].
Rybus et al. [81] presented a planning strategy while dynamic singularities of free-floating
space robots were handled by modification of the Bézier curve shape. Figure 8 shows a
comparison of a line trajectory and a trajectory based on a Bézier curve in joint space. They
explored the idea of using a specific type of parametric curves, the cubic Bézier curves,
as trajectories for the free-floating manipulator. These curves can be used to generate
trajectories that allow avoidance of system singular configuration. In the considered case
of free-floating manipulator dynamic body, Jacobian was used to find dynamically singular
configurations (these configurations differ from the kinematically singular configurations
obtained for a fixed-base manipulator). Sakayori et al. [82] proposed an energy-aware tra-
jectory planning method for mobile robots in rugged terrain. They interpolated the terrain
around the robotic robot with a B spline curve to accurately determine the contact location
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and analyzed the robot state using three consecutive Bezier curves, which showed a high
degree of continuity and controllability. Finally, it was demonstrated through simulation
that the planning method can achieve any type of mobile robot traversing rugged terrain
with minimum energy trajectory.
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3.2. Research on Optimal Trajectory Optimization Methods

The traditional polynomial interpolation trajectory planning method can achieve ef-
fective obstacle avoidance and reasonable trajectory selection of robotic arms but fails to
obtain the trajectory with optimal performance. In recent years, researchers have applied
intelligent algorithms to space robotic arm trajectory planning to obtain optimal trajectories
that satisfy kinematic and dynamical constraints. The commonly used intelligent meth-
ods include genetic algorithms [83], particle swarm algorithms [84], and reinforcement
learning algorithms [85].

3.2.1. Genetic Algorithm

The genetic algorithm (GA), an intelligent optimization algorithm, has been used
extensively in trajectory optimization solutions because of its efficiency in solving opti-
mization problems [86]. The general process when planning is performed by the GA is
as follows:

(1) Randomize the initial population and set the main parameters such as variation
probability, crossover probability, the maximum number of iterations, and the number
of populations;

(2) Selecting populations according to specific rules (e.g., roulette method) based on the
fitness function;

(3) Perform crossover variation operation on individuals of the population;
(4) Discriminate whether the maximum number of iterations is reached or not. If the

maximum number of iterations is reached, the algorithm ends, otherwise returns
to step (2).

The genetic algorithm provides a general framework for solving optimization prob-
lems of complex systems, which does not depend on the specific domain of the problem
and is robust to the kind of problem and is widely used in robotic arm trajectory planning.
Many scholars have researched genetic algorithms. Ge et al. [87] introduced the genetic
algorithm in optimal control instead of the traditional Newtonian iterative method. A nu-
merical algorithm for optimal control of motion planning based on the genetic optimization
method was proposed. The effectiveness of the method is demonstrated by simulation
calculations, and the motion planning problem of the non-complete constrained space
robotic arm system is solved. Qi et al. [88] applied the GA to solve the requirement of
in-orbit trajectory planning of the space robotic arm. They established the genetic algorithm
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fitness rating function about the end trajectory length of the Cartesian space robotic arm,
the motion angle of the robotic arm in joint space, the maximum torque of the joint during
motion, the total motion time of the robotic arm, and the collision case by the weighted
coefficient method. Finally, the genetic algorithm is applied to plan an ideal trajectory in the
joint space with no collision, kinetic characteristics satisfying the margin requirement, and
short trajectory length and motion time. Shrivastava et al. [89] used a genetic algorithm to
optimize the trajectory based on the energy conservation criterion. Their proposed method
enables the operation of floating bodies in unknown environments with manipulator joint
failures. The optimized onboard fuel has a significant impact on the satellite’s lifetime.
Fallah et al. [90] proposed a new “feature-based” path optimization technique for planetary
exploration vehicles. In this method, they discretized the specified path into segments
and extracted the energy-related data of these segments from the search environment map.
Subsequently, A genetic algorithm was integrated to search for the best feasible solution
for the path planner in conjunction with a meshed environment map using cubic spline
interpolation to search for the best feasible solution for the path planner.

From the above analysis, it can be seen that although the genetic algorithm can deal
with multiple individuals in the population at the same time, reducing the risk of falling
into a locally optimal solution. However, the algorithm itself is a random search algorithm,
which requires multiple calculations, and the solutions obtained are often approximate
solutions near the optimal solution, and the reliability is not easily guaranteed.

3.2.2. Particle Swarm Optimization Algorithm

Another intelligent optimization method is the particle swarm optimization algorithm
(PSO) [91]. The PSO algorithm has a simple structure and easily adjustable parameters,
and it is also widely used in trajectory time optimization. The key to this algorithm is the
determination of algorithm parameters: some parameters in PSO, such as “c1 c2 w”, the
number of particles and iterations are often dependent on the specific problem and are
determined based on application experience and after several tests and are not universal.
Therefore, how to select algorithm parameters conveniently and efficiently is also an urgent
research problem [92].

The particle swarm algorithm and polynomial are mostly used for trajectory planning,
and the general process is as follows: firstly, the polynomial expression is derived according
to the initial and termination conditions of the robot arm motion. Then the particle swarm
method is used to optimize the time, and each joint motion time is treated as a particle,
which is written as: “xi = [t1, t2, t3, . . . tn]”, where n is the number of robotic arm joints. The
fitness values of all particles are determined by the objective function, and each particle has
a velocity that determines its search direction and distance. The optimal solution is then
obtained by iteration. The traditional particle swarm algorithm can be represented by:

vk+1
id = w·vk

id + c1·r1·
(

pid − xk
id

)
+ c2·r2·

(
pgd − xk

id

)
xk+1

id = xk
id + vk+1

id

where “vk
id” is the d-dimensional component of the flight velocity in the “k” iteration of

the “i” particle, “xk
id” is the d-dimensional component of the position in the “k” iteration of

the “i” particle, “pgd” is the optimal position in the particle, “pid” is the best position of the
particle, “i r1 r2” are random numbers of [0, 1], “c1 c2” are weight factors, and “w” is the
inertia weight.

Jie et al. [93] proposed the particle swarm optimization algorithm of “adaptation value
correction + natural selection”. By modifying the adaptation value function, they trans-
formed the attitude perturbation control problem of the floating base into an unconstrained
optimization problem in free space and achieved high optimization accuracy. Liu et al. [94]
proposed a multi-objective particle swarm optimization (MOPSO) method. The method
significantly improves the load handling capability of the space robot system by simultane-
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ously optimizing the joint moments, base perturbations, and system energy. The optimal
solution set based on the MOPSO algorithm has good convergence and diversity, and all
Pareto optimal solutions can satisfy various constraints, which is easy to implement in
engineering. At the same time, the method has a certain universality for solving multi-
constrained multi-objective trajectory optimization problems with tandem robotic arms
with more degrees of freedom. Xia et al. [95] proposed a trajectory optimization strategy
based on the chaotic particle swarm algorithm (CPSO) to study the trajectory planning
problem of minimizing the base attitude perturbation in the free-floating state. The CPSO
ensures the diversity of particle populations with the advantages of randomness and ergod-
icity of chaotic motion, improves the ability of particle swarm algorithms to get rid of local
extrema, and maintains the advantages of fast convergence of particle swarm optimization
algorithms. Xu et al. [96] designed a trajectory planning algorithm in a cartesian coordinate
system using the incomplete motion characteristics of the free-floating space robot system,
combined with the particle swarm optimization algorithm to search for the optimal solution
of the objective function and explored the trajectory planning problem of the space robotic
arm in capturing the runaway spin satellite from the perspective of engineering practice.
Liu et al. [97] solved the multi-objective trajectory planning problem with the Newton-
Raphson iterative method and multi-objective particle swarm optimization algorithm for
the free-floating robotic arm model, respectively. Huang et al. [98] used the PSO algorithm
to search the global time-optimal trajectory of a spatial manipulator. The time-optimal
trajectory planning method based on the particle swarm algorithm is verified by examples
to have good performance and practical engineering significance.

Compared with the genetic algorithm, the particle swarm algorithm is slightly slow to
converge but better in terms of global search capability. Although neither is guaranteed to
obtain an optimal solution, genetic algorithms are more likely to fall into a local optimum
when solving large-scale computational volume problems. Particle swarm optimization is
an emerging heuristic global search algorithm based on population intelligence, which is
easy to understand, easy to implement, and has a strong global search capability.

3.2.3. Application of Reinforcement Learning Algorithms

Most of the above trajectory planning for space robotic arms is implemented based on
multi-body dynamics models. If the robotic arm with flexible components is encountered,
its dynamics model is difficult to establish, and the population intelligence algorithm
usually falls into local optimal solutions. Along with the boom of artificial intelligence
technology research, self-learning algorithms represented by reinforcement learning and
deep learning are widely used in space robotic arm motion planning problems [99]. The
advantages of applying machine learning algorithms for spatial robotic arm trajectory
planning are their high applicability, the possibility of training simulation under the con-
dition of no model, and even the possibility of prediction and advanced decomposition
of planning behavior. Xu et al. [100] used the Sarsa(λ) reinforcement learning method
to achieve autonomous trajectory planning for target tracking and obstacle avoidance in
an on-orbit operation environment with unknown target characteristics. Lee et al. [101]
established a spatial obstacle avoidance type, by optimally adjusting the path points in
the collision-free region to satisfy the dynamic constraints based on the target trajectory of
elastic optimization (EO). They used the dynamic movement primitives (DMPs) to learn
the optimized trajectories and reprogram them to avoid unknown obstacles. Given global
waypoints, the hypothesis and test method can generate a global desired trajectory to
perform safe air missions. Xie et al. [102] used a standard actor-critic algorithm framework
to study the autonomous planning problem of on-orbit fuel replenishment and migrated
the trained policy network from the simulation scenario to the real physical test system to
make the robotic arm with end-to-end visual servo capability.

The study of the space robotic arm in-orbit capture task is currently one of the research
hotspots for reinforcement learning in space robotic arm applications. Wu et al. [103]
proposed a model-free reinforcement learning strategy, namely the deep deterministic
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policy gradient (DDPG) algorithm. The learning framework of this algorithm is given in
Figure 9. The online trajectory planning strategy is trained without modeling the dynamics
and kinematics of the spatial robotic arm, enabling the spatial robotic arm to quickly
schedule and execute actions. Li et al. [104] used the deep deterministic policy gradients
algorithm to achieve complex constrained planning for the flip motion of a robotic arm
for the complex constrained motion planning problem of a free-floating two-arm space
robotic arm as in Figure 10. The application of the DDPG algorithm made the motion
planning have good robustness, which means that for the randomly selected initial point
and end point within a certain range, the optimal trajectory can always be obtained by the
trained policy. Therefore, the proposed approach can be applied to various space operation
tasks. Subsequently, they combined deep reinforcement learning algorithms with artificial
potential fields to improve convergence and robustness [105]. Yu [106] used the DDPG
framework to learn a redundant robotic arm dual-arm path planning strategy to achieve the
capture of target satellites by a spatial spherical-revolute-spherical (SRS) redundant robotic
arm. Liang et al. [107] designed a robot deep reinforcement learning motion control model
based on the actor-critic algorithm, which unifies the evaluation criteria of distance and
angle by transforming the reward function with trigonometric functions. The convergence
efficiency is greatly improved, and the target capture of a six-degree-of-freedom spatial
robot arm is realized in the simulation platform. Zhao et al. [108] proposed an improved
deep deterministic policy gradients algorithm to establish a multi-intelligence self-learning
system with each joint as the decision intelligence to achieve rapid capture of the robot arm
for uniform motion targets in all directions.
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Meanwhile, neural networks are widely used to solve various problems in robot arm
kinematics and trajectory planning. Pflueger et al. [109] presented an inverse reinforcement
learning architecture using a soft value iteration network (SVIN). The system implicitly
learns to solve navigation planning problems using training data derived from other
planners or historical rover driving data. They have analyzed how the SVIN formulation
can improve training gradients for problems with deterministic state transition dynamics
and have seen that improvement empirically on the grid world dataset. Hu et al. [110]
proposed a learning-based global path planning method that outperforms conventional
searching and sampling-based methods in terms of planning speed. They designed a
hierarchical framework consisting of step iterations and block iterations. For the planning
of each step, an end-to-end step planner based on deep reinforcement learning is proposed.
The planner uses a two-branch residual network for action value estimation and is trained
on an ensemble of simulated maps. The method can significantly improve the planning
speed of remote coarse yarns while adapting to maps of arbitrary size. Zhang et al. [111]
proposed a novel Deep Convolutional Neural Networks architecture with double branches—
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(DB-CNN) to make paths for planetary rovers directly from orbital images, which requires
no prior knowledge about the planetary orbital images. Then, they presented the complete
global path planning algorithm based on DB-CNN. Finally, they analyzed why DB-CNN
works well through model ablation analysis and visualization analysis.
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The current status of research on space robotic arm trajectory planning based on
motion planning requirements is summarized in Table 3.

Table 3. Spatial robotic arm motion trajectory planning study summary table.

Planning Method Specific Implementation Method Reference

Basic Spatial Trajectory
Planning

High-order Polynomial Parameterization [69]
6th and 7th Order Interpolation [70]
5th and 6th Order Interpolation [71]

Polynomial Smooth Continuous Function [72]
Constrained Differential Evolution Scheme [79]

Modify Bézier Curve Shape [81]
Third consecutive Bezier Curve [82]

Optimal Trajectory
Optimization

Genetic Algorithm [87]
Genetic Algorithm [88]
Genetic Algorithm [89]
Genetic Algorithm [90]

Particle Swarm Optimization [93]
Multi-objective Particle Swarm Optimization [94]

Chaotic Particle Swarm Optimization [95]
Particle Swarm Optimization [96]

Multi-objective Particle Swarm Optimization [97]
Particle Swarm Optimization [98]
Sarsa(λ) Intensive Learning [100]

Dynamic Movement Primitives [101]
Based on the Actor-Critic Algorithm Framework [102]

Deep Deterministic Policy Gradient [103]
Deep Deterministic Policy Gradient [104]
Deep Deterministic Policy Gradient [106]

Based on the Actor-Critic Algorithm Framework [108]
Soft Value Iteration Network [109]

Consisting of Step Iterations and Block Iterations [110]
Deep Convolutional Neural Networks [111]
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4. Summary and Outlook

This paper summarizes and analyzes the existing space robotic arm trajectory planning
methods. Starting from two aspects of trajectory planning requirements, in-depth analysis
is carried out through the principle’s introduction and application case analysis, and the
article has the following summary.

(1) Spatial obstacle detection is an important prerequisite and guarantees obstacle
avoidance trajectory planning. We analyze the widely used discrete collision detection algo-
rithms and present their application scenarios. After that, the common obstacle avoidance
planning methods for spatial robotic arms are discussed in chronological order: from simple
spatial assumptions to the introduction of collision penalty functions. Subsequently, the
pseudo-inverse method, the artificial potential field method, the C-space method, A∗ algo-
rithm and Genetic Algorithm, etc. which are now widely used, are introduced. A complete
system of obstacle avoidance planning is formed from local planning to global planning.

(2) Ensuring the smooth and stable trajectory of the robot arm is the core goal of trajec-
tory planning. We describe in detail the polynomial interpolation planning methods under
different types. The traditional polynomial interpolation can meet the basic requirements
of trajectory planning, but for the occasions with higher stability requirements, it is still nec-
essary to improve the planning algorithm, which mainly includes B spline, NURBS curve,
etc. With the development of modern artificial intelligence, intelligent algorithms are also
gradually applied to trajectory planning, and we focus on analyzing the application status
of genetic algorithms, particle swarm algorithms, and reinforcement learning algorithms in
trajectory planning to provide theoretical a basis and reference significance for the selection
of subsequent trajectory planning methods.

From the above analysis, it is clear that each method has limitations in itself, and
multiple methods need to be used in combination to bring their respective advantages
into play, however, in the process of practical application, there are still some problems to
explore, and the following aspects need to be solved urgently. The following problems exist
in the current research in trajectory planning for autonomous in-orbit service robotic arms.

(1) For a space-controlled pedestal robotic arm, its motion trajectory is sometimes re-
quired to meet multiple performance indicators when performing some specific operational
tasks. For example, it is required to move faster, or it is required to move with less vibration
and smooth trajectory, or it is required to consume less energy, etc. Several indicators may
be required to be considered.

(2) The existing trajectory planning research mainly focuses on the construction of
interpolation curves and the use of solution algorithms with good performance. The higher
order of interpolation curves increases the difficulty of solving and decreases the efficiency
of operation. Although many scholars have studied high-order curve fitting, the optimal
selection of curves for different tasks needs to be further improved.

(3) Many existing scholars use intelligent algorithms instead of traditional mathemat-
ical calculation methods for trajectory planning solutions, simplifying the complicated
mathematical calculation and obtaining trajectories with better performance. However,
there is not yet an algorithm that can simultaneously meet the solution requirements of
global convergence, real-time solving, accuracy, generality, and simplicity of the solution
process. Thus, it can be seen that the application of intelligent algorithms in trajectory
planning solutions is still a research hotspot in the future.

The process and method of space robotic arm trajectory planning are much more
complicated and tedious than that of the robot arm fixed on the base on the ground, as
can be seen from the comparative analysis of different planning methods above. Most of
the trajectory planning methods are not quite perfect, and the future development of this
research field has the following application prospects.

(1) From the above analysis, it is clear that each method has its limitations and multiple
methods need to be used in combination to exploit their respective advantages. Future re-
search can utilize the advantages of polynomial interpolation to achieve robotic arm spatial
trajectory planning by combining incomplete constraints with bio intelligence algorithms.
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(2) Throughout the existing trajectory planning research literature, most of them only
establish the simplified optimization model of trajectory planning for the main influencing
factors and find the corresponding optimal solution. However, in the actual on-orbit
trajectory planning process, multi-objective optimal trajectory planning considering the
actual working condition is needed to improve the working life of the robotic arm while
ensuring the quality of spatial operations.

(3) Due to the poor real-time performance of the bio-intelligence method, the solution
obtained each time is not unique and is mostly an approximate solution near the optimal
value, which should be fully integrated with the environment modeling and specific
application context in the future to seek a more rapid and effective path planning algorithm.
At present, trajectory planning research combined with machine learning has become
another emerging trend in intelligent planning methods. The introduction of machine
learning and other artificial intelligence technologies will greatly enhance the intelligence
of trajectory planning.
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