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Abstract
Variable topological space robots are essential for providing adaptability and flexibility, enabling the robot to adjust
its morphology to perform a range of tasks in the unstructured environment of space. However, impact is a common
consequence of topology transformation in space robotics, which may lead to irreversible damage, such as the shed-
ding of solid lubrication on joints. Nevertheless, determining the precise force-time relationships of such impacts
poses significant challenges, especially when accounting for various connection mechanisms. In this work, a dock-
ing strategy that optimizes the manipulator’s joint angle configuration to minimize the impulse when the topology
changes is proposed. First, an estimation technique is developed to quantify the impulse generated by topology
transformation, employing spatial operator algebra and generalized momentum balance equations. Based on this
model, the impulse minimization is modelled as a bilevel optimization problem, which decomposes a complex mul-
tipolar problem into two simpler subproblems. Although this optimization model may compromise computational
efficiency, it increases the probability of achieving an optimal solution. To address this, a bilevel solution strategy
based on a heuristic algorithm is proposed. In this framework, the lower level uses particle swarm optimization to
determine the global optimum, while the upper level adopts simulated annealing to enhance computational speed.
Finally, simulations are conducted to validate the proposed approach. Results demonstrate that the proposed method
substantially reduces impulse.

1. Introduction
With developments in space technology, the demand for extensive space facilities has significantly
increased [1–6]. Space robots characterized by flexible and extensible topologies are poised to play
essential roles in future applications [7], due to their adaptabilities to various morphologies to meet
diverse operational requirements. However, the impact is a common consequence [8] during docking
between modules in topological transformations, resulting in abrupt velocity changes. Potentially, these
may cause significant problems, including base attitude destabilization, joint failure, if without carefully
designed topology transformation method.

The variable topology approach primarily refers to the specific joint angle configuration in which
the topology transformation occurs. The optimal joint angle configuration aimed at minimizing the base
disturbance has been extensively studied [9, 10]. Nevertheless, there are fewer studies on minimizing
joint impact, despite their considerable long-term influence on the operational performance of space
robots. For example, because of the extremely high vacuum environments where the space robots oper-
ate, the contact surfaces between moving parts inside the space robots will be bonded together due to
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the cold welding phenomena, without sufficient lubrication. But the repeated cumulative impacts within
the robotic system will cause irreversible damage to the solid lubricant layer, until delamination. This
delamination will lead to the robot failure and operational termination, thereby shortening the opera-
tional lifespan of the robotic system. However, if designed with careful consideration, these negative
effects may be mitigated or even entirely eliminated. To address this problem, two key challenges still
remain: first, a universal model to describe their dynamic behaviour during transformations consider-
ing the diverse designs of connection mechanisms must be developed, and second, a specific topology
transformation strategy, such as the optimal contact position and orientation, the optimal joint angles
configurations, needs to be designed. These challenges place heightened demands on dynamic modelling
and pre-dock joint angle optimization throughout the topology transformation process.

The issues above can be categorized into three primary aspects: dynamic modelling regardless of
detailed connection mechanism designs, the definition of optimization indicators for topology transfor-
mation, and the modelling and solving of configuration optimization problems. For dynamic modelling
of connections, this is fundamentally a constrained multibody dynamics problem. The most common
approach is to establish a comprehensive dynamic model of the entire contact process. For instance,
Yuki [11] developed a docking dynamic model for target and chaser satellites using a probe-cone dock-
ing mechanism. Similarly, Kamran [12] established a dynamic model for spacecraft equipped with a
spring-damper buffering device during impact phenomena, while Zhao [13] derived the contact and
impact dynamics of a docking system employing a two-androgynous peripheral docking mechanism.
These models require detailed design of the specific connection mechanisms, yet the variety of such
mechanisms makes uniform dynamic modelling nearly impossible. In addition, for space robots with
variable topologies, the contact process is just a concise duration, especially compared with its working
time. Only the pre-contact, post-contact and the difference between them, is the essential process that
could influence the system’s performance. Thus, for simplification, the contact process is considered to
be instantaneous, leading to a pure impulse at the contact zone. Haug [14] was among the first to define
topology changes as the addition or removal of constraints and to derive the resultant changes in motion
states. Based on this, Khulief [15] regarded these changes as impulsive events and proposed a numeri-
cal modelling method. Chang [16] employed a piecewise model and Kane’s method to investigate the
impulsive motion of multibody systems. In contrast, Raina [17] offered a unified framework for mod-
elling impact dynamics using the impulse-momentum formulation. However, this approach may have
some problems, as the duration of the impact depends on various factors, such as the specific mech-
anism design and impact velocities. When these factors vary, the duration changes at the same time.
Furthermore, the impact is calculated by dividing the impulse by the duration of impulse. It is also a
little unreasonable because the change of impact during the process may not be linear.

Regarding the optimization of topology transformations, there are many ways to define the objective
function, such as consumed energy minimization [18], grasping force optimization [19], manipulability
measure [20], etc. Xu [21] defined the global manipulability of cooperative manipulation for dual-
arm space robots and optimized the corresponding grasping poses. However, this research primarily
addressed post-capture manipulation and did not consider the effects of pre-capture joint angle con-
figurations. Toglia [22] devised optimization strategies to minimize the amplitude of any vibrations
at the end effector of a flexible space manipulator during grasping. Lee [23] proposed a dual-arm
manipulability measure for handling multiple objects and identified a series of optimal joint angle con-
figurations. Notably, most of these objective functions pertain to object grasping and overlook another
critical topology transformation scenario: the connection of one link to another.

In terms of modelling and solving joint angle configuration optimization problems, the redundancy
inherent in manipulators typically results in multipolar point optimization challenges that can easily
become stuck in local optimization. The common way is to model it directly and utilize a heuristic algo-
rithm to solve the problem. Osgouie [24] utilized a genetic algorithm to identify optimal joint angle
configurations for a dual-arm cam-lock robot, while Xue [25] employed particle swarm optimization
(PSO) for optimizing joint angle configurations of a closed-chain dual-arm reconfigurable space robot.
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Since the objective function for optimization is often not unique, developing multi-objective optimiza-
tion algorithms is essential. For instance, Yan [9] used multi-objective particle swarm optimization
to maximize manipulability and minimize base disturbance, while Zhao [26] focused on maximiz-
ing manipulability while minimizing joint torque. However, as the complexity of robots increases, the
number of polar points also increases significantly. This makes finding optimal solutions increasingly
challenging using these algorithms. Bilevel optimization is a specialized form of optimization wherein
one problem is nested within another [27], effectively decomposing a multi-point optimization problem
into two simpler subproblems, making it possible to find the optimal solution.

In summary, extensive research has been conducted on dynamic analysis and joint angle configuration
optimization. However, most dynamic models focus on specific mechanisms, such as probe-cone dock-
ing, which limits their applicability across various connection forms. Additionally, existing research on
joint angle configuration optimization predominantly emphasizes object manipulation or grasping with
single or dual-arm robots, largely neglecting the unique challenges of topology transformation involv-
ing link connections. The optimization algorithms employed are commonly heuristic, such as genetic
algorithms and particle swarm optimization, which may be insufficient for addressing the complexities
of higher-degree-of-freedom multi-arm robots.

To optimize the pre-docking joint angle configuration of a space robot connecting two arms into a
longer one, this work proposes a strategy that minimizes impulse. The main work and contribution of
this paper are listed as follows:

1) A universal dynamic model for topology transformation in space robot is proposed, utilizing spa-
tial operator algebra and impulse-momentum equations. This modelling approach is independent
of specific connection mechanisms, making it applicable to a broad range of transformation sce-
narios. Given the challenges of calculating impact forces, impulse is used as a substitute and
serves as the evaluation parameter in the optimization process.

2) The angular configuration optimization model is formulated as a bilevel optimization to address
the challenges associated with multi-polar points. In the lower-level optimization task, the con-
tact pose of two arms’ ends is provided, aiming to determine the optimal angular configuration
and minimize impulse for the specific pose. In the upper-level optimization task, the minimized
impulse from the lower-level task serves as the objective function, enabling the determina-
tion of the optimal contact pose for the arm ends. Additionally, closed-loop constraints and
self-avoidance constraints are incorporated into this optimization model.

3) A heuristic-based algorithm is proposed to address the optimization problem. The PSO [28, 29]
is applied in the lower-level task to identify the global optimal solution, while the simulated
annealing (SA) [30] algorithm is utilized in upper level to improve computational efficiency. The
optimization results demonstrate that the proposed method effectively determines the optimal
angular configuration for space robots with variable topologies.

This paper is organized as follows: Section 2 derives the dynamic model and introduces optimiza-
tion metrics aiming at minimizing impulse. Section 3 presents the bilevel optimization model for space
robots performing link connections. In Section 4, a solution methodology for the bilevel optimization
model is developed based on heuristic algorithms, along with a presentation of the optimal results and
a comparative analysis. Finally, Section 5 provides the conclusion.

2. Dynamic modelling and impulse estimation during transformation
2.1. Variable topological space robot description
The space robot and its topology transformation process studied in this paper are illustrated in Figure 1.
It’s designed as a universal on-orbit operational tool spacecraft, aiming to be applied in numerous sce-
narios, including the construction of new large-scale space facilities, maintenance of the International
Space Station, and the refurbishment and repair of existing defunct satellites, etc. The robot features a
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Figure 1. Diagram of space robot and topology transformation.

base that can translate and rotate in six degrees of freedom (DOFs), operating either under control or
freely. It has three arms, each comprising seven links and revolute joints, resulting in 27 DOFs. Here, the
triple-arm system is designed to simultaneously accommodate both grasping and manipulation tasks.
Besides, it can perform dual-arm cooperative tasks even if one arm is failed. The 7 DOFs in every arm are
to ensure that each arm can independently perform tasks within a 6-degree-of-freedom operation space.
And the additional 1 degree of freedom ensures the arm can achieve additional functionalities such as
obstacle avoidance, singularity avoidance and fault-tolerance control. All components of the robot are
treated as rigid bodies. Furthermore, the end of each arm is equipped with a connection mechanism to
facilitate topology transformation, enabling it to connect with various links [31].

To adapt to the variable construction tasks of future space facilities, space robots may need to be able
to alter their topology configurations to meet specific task requirements autonomously. One potential
scenario is illustrated in Figure 1. The left figure is the initial topology configuration, which is also
the configuration unfolded after launch. The workspace or the degree of freedom for the single arm
is not large enough for some missions, and there is a need for a more extended arm. Under this cir-
cumstance, arm 1 can be separated from the base and connected to arm 2, forming a more extended
arm with increased degrees of freedom. To achieve this action, the uncoupled end links of the two
arms approach each other and connect when sufficiently close. Subsequently, the root link of one arm
detaches from its base, resulting in a “new” single robot with a long, hyper-redundant arm. These cou-
pling/uncoupling operations rely on an advanced connection mechanism that provides mechanical and
electrical interfaces, allowing for detachment and attachment on demand. Although extensive research
has been conducted on such mechanisms, there is no standard approach or design and each exhibits
unique characteristics, making it challenging to describe their dynamic behaviours uniformly. This lack
of a standard design or solution underscores the need for a universal dynamic model.

2.2. Dynamic model for link connection
The dynamic model for link connection mainly includes two parts: the space robot dynamic model and
the connection process model.

The coordinate system definitions for the robot discussed in this paper are shown in Figure 2. For the
definitions of single arm, the links in the arm are numbered in increasing order from tip to base. The Xi

j

denotes the X axis for the i-th link of the arm j. The origin of coordinate system for i-th link is located
on the internal hinge. The X axis points to the motion axis, the Y axis points to the external hinge, and
Z axis direction is determined according to the right-hand rule. For the coordinate system of the base,
the origin is located on its centre of mass, with the axes coinciding with the inertial coordinate system
at the beginning.

The dynamic model of the space robot can be described as follows based on spatial operator
algebra [32]. The velocity, acceleration and force of every joint can be described as:

V (k) =
(

ωk

vk

)
(1)
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Coordinate systems for single arm Coordinate systems for the base

(a)

(b)

Figure 2. Diagram of coordinate systems definition.

α (k) =
(

ω̇k

v̇k

)
(2)

f (k) =
(

Nk

Fk

)
(3)

where the subscript k represents the k-th link; ωk and vk denote the angular and linear velocity vectors
of joint k; Nk and Fk mean the joint moments and force vectors, respectively.

The velocity and acceleration recursive relationship between adjacent links is:{
V(k) = φT(k + 1, k)V(k + 1) + HT(k)θ̇(k),
α(k) = φT(k + 1, k)α(k + 1) + HT(k)θ̈(k) + a(k)

(4)

where a(k) is the Coriolis acceleration term; φ(k + 1, k) denotes the interbody transformation operator;
H(k) denotes the joint map matrix; θ (k) is the vector of generalized variables for the k-th hinge. Specially,
the base is connected with inertial space by a virtual hinge, so the θ (k) for the base denotes both the
translation and rotation displacement of the base.

The force and torque recursive relationship between adjacent links is:

f (k) = φ(k, k − 1)f (k − 1) + M(k)α(k) + K(k)θ (k) + D(k)θ̇ (k) + b(k) (5)

where M(k) denotes the inertia matrix; K(k) denotes the stiffness matrix; D(k) denotes the damp matrix;
b(k) is the centrifugal force term for the k-th body, whose detailed expression can be found in ref. [33].

The operator expressions for the generalized forces f = col { f (k)} and the spatial velocities
V = col {V(k)} of all the bodies in the system are given by:

V = φTHT θ̇ (6)

α = φTHT θ̈ + φTa (7)

f = φ(Mα + Kθ + Dθ̇ + b) (8)

Ta = Hf (9)

Write the these items as the operator expressions, and the dynamic model for the whole system is as
follows:

Ta = Hf = HφMφTHT θ̈ + HφKθ + HφDθ̇ + Hφ(MφTa + b)
= Mθ̈ +Kθ +Dθ̇ + C (10)

Here, M is the system mass matrix, K is the system stiffness matrix, D is the system damp matrix, and
C is the vector of Coriolis and centrifugal forces for the system.

The docking process can be divided into three phases: pre-, during- and post-connection, just as
shown in Figure 3. The docking discussed here is only the connection between different modules
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Figure 3. Diagram of docking process.

inside the space robot system. Here, we take a simple probe-cone mechanism as an example. The pre-
connection phase indicates the stage just before the probe makes contact with the outer edge of the
cone. This remains in the configuration of Topology A. The during-connection shows the stage of the
probe’s movement through the cone, where the topology transformation happens. The post-connection
indicates the stage after the probe is in full contact with the cone. This becomes a new topology, for
example, Topology B. The dynamic behaviours during the pre-connection phase can be described as
in (10). The motion occurring during the connection phase is inherently complex, involving movements
within the connection mechanism as it transitions from the connection initiation to a stable state. This
phase represents a constrained dynamical process highly dependent on the specific design features of
the connection mechanism. For analytical simplicity, the during-connection phase is considered to occur
instantaneously. Then the dynamic process for this phase becomes a transient impact, which is also the
one that needs to be minimized. The impact from reconfiguration just occurs at this moment. Before or
after this instance, there is no more impact from this transformation.

Before proceeding with the derivation of the dynamic equations, several assumptions need to be
introduced:

1) The reconfiguration is assumed to take place at an instant of time, in other words, the short
interval �t can be regarded as 0.

2) The generalized coordinates of the system remain unchanged during the reconfiguration. In other
words, the joint angles, base position and base orientation do not change. But their velocities may
have a sudden jump.

3) The generalized coordinates and the externally applied forces are continuous, and the velocities
are bounded during the sudden event.

Given this assumption, the position coordinates remain unchanged, while the system’s velocity
changes suddenly, as follows:

�t → 0

θ− = θ̄ = θ+ = const
θ̇− �= θ̇+

(11)

Here, − and + represent the start and end moments of an event, respectively.
Under these assumptions, integrate the robot dynamics over the short interval �t = [t−, t+], take limits

as �t tends to 0, and the following can be obtained:

lim
�t→0

∫ t+

t−

{Mθ̈ +Kθ +Dθ̇ + C} dt = lim
�t→0

∫ t+

t−

{
Ta − CT

c λ
}

dt (12)

where Cc represents the Jacobian of the constraint equations, and λ denotes the Lagrange multipliers.
Incorporating the constraint term allows for a more comprehensive description of the system and is
essential for deriving the jump in velocities.
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Here M, K, D and Cc are functions of only generalized coordinates, which means M(θ ), K(θ ), D(θ )
and Cc(θ ). Considering that θ is constant during the integration, then (12) can be expressed as:

lim
�t→0

(
M(θ )�θ̇ +K(θ )θ�t +D(θ )�θ +

∫ t+

t−
C(θ , θ̇ )dt

)= lim
�t→0

(T̄a�t − Cc(θ )Tμ) (13)

In (13), C(θ , θ̇ ) is a continuous function on the small-scale time interval [t−, t+]. Using the mean
value theorem for integrals, there is one point tξ such that:∫ t+

t−
C(θ , θ̇ ) dt = C(θ̄ , θ̇ξ )(t+ − t−) = C(θ̄ , θ̇ξ )�t (14)

Then considering the generalized coordinates θ remain constant at this interval �θ → 0 and �t → 0.
Hence, (13) can be simplified to:

M�θ̇ = −CT
c μ (15)

where δθ̇ and μ are all unknown variables.
Then, we define C−

c and C+
c as the constraint Jacobian matrices before and after the impact switch,

respectively. Generally, the constraint equations at the position level must be satisfied at all times during
the interval. Thus, the following equations are obtained:

ϕ−(θ−) = 0, ϕ+(θ−) = 0, ϕ+(θ+) = 0 (16)
Then, the velocity level constraint equations can be derived by differentiating (16):

ϕ̇+(θ+) = C+
c θ̇+ = 0 (17)

Considering �θ̇ = θ̇+ − θ̇−, one obtains:
C+

c θ̇− + C+
c �θ̇ = 0 (18)

Associating (15) with (18), the following is obtained:[
M(q)

[
C+

c

]T

C+
c 0

] [
�θ̇

μ

]
=
[

0
−C+

c θ̇−

]
(19)

where, �θ̇ denotes the jump in velocities and μ denotes the total impulse during connection at the
contact point.

2.3. Optimization metrics during transformation
From (19), it can be observed that the impulse is primarily induced by topology changes and the end
velocities prior to transformation. However, the end velocities cannot perfectly reach 0. Thus, some
impulse is unavoidable during topology changes; in other words, an impact is also unavoidable, although
potentially small. These impacts occur at every joint and contact point within the system and can lead
to irreversible damage, such as the shedding of solid lubrication. This characteristic directly influences
space robots’ lifespan; when damage accumulates to a critical threshold, joint failure occurs, rendering
the robot incapable of continuing operations. Therefore, minimizing the impact associated with each
topology change process is essential for efficiently functioning space robots. Given the difficulties in
quantifying the impact force without detailed knowledge of the connection mechanism design, this paper
utilizes impulse as the integral of the impact force over time as the optimization metric. To derive the
impulse in every joint, integrate (8) over the short interval �t and the following can be obtained:

L = M1�θ̇ + lim
�t→0

∫ t+

t−
K1θ + D1θ̇ + C1dt = M1�θ̇ (20)

where L denotes the total impulse in all the joints, C1 represents all the nonlinear items of every link,
including Coriolis forces, centrifugal forces and elastic forces. By substituting the �θ̇ from (19) into
the (20), the impulse experienced by all joints during the connection process can be calculated.
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For the space robot depicted in Figure 1, each joint is constrained to revolve only around the X-axis
within its respective body-based coordinate frame, commonly called the driven direction. Since each
joint possesses degrees of freedom to rotate in its driven direction, the impulse applied along this axis
will not cause damage; instead, it will result in rotation. Conversely, impulses in non-driven directions
are significant sources of potential damage and must be minimized. This requirement can be articulated
as follows:

L(k) =

⎡
⎢⎢⎢⎢⎢⎢⎣

Lrx
k

Lry
k

Lrz
k

Ltx
k

Lty
k

Ltz
k

⎤
⎥⎥⎥⎥⎥⎥⎦

→ L′(k) =

⎡
⎢⎢⎢⎢⎣

Lry
k

Lrz
k

Ltx
k

Lty
k

Ltz
k

⎤
⎥⎥⎥⎥⎦ (21)

So the optimization metrics can be defined as:

F(θ ) = �
∥∥L′(k)

∥∥
2

(22)

3. Bi-level optimization model with impulse minimization
The optimization problem addressed in this work aims to determine the optimal joint angle configura-
tion and contact poses to minimize impulse in non-driven directions. Since contact poses are functions
of angles, solving for the optimal joint angle configuration alone is sufficient. These angles must satisfy
close-loop constraints to ensure the ends of the two arms can connect. Traditionally, such configura-
tion optimization is modelled as a constrained optimization problem and solved directly using various
algorithms. However, due to the redundancy of the two arms, the problem presented here involves many
polar points, making it susceptible to convergence on local optimal solutions. To address this challenge,
a bilevel optimization model is proposed, in which one problem is embedded within another. The outer
optimization task is the upper-level optimization task, while the inner optimization task is the lower-level
optimization task.

3.1. Lower-level optimization model
For the lower-level optimization, the contact position and orientation with respect to the base x0 are
given. This optimization aims to determine the optimal joint angles to minimize the impulse. These
joint angles should satisfy the constraints to ensure the ends reach the specified contact position and
orientation. Additionally, they must adhere to self-avoidance constraints to prevent interference among
individual links. The range of joint angles is limited to [−π , π ]. The lower-level optimization problem
can be described as:

Min f (θ ) = F(θ , x0)

s.t. 
l
c(θ , x0) = 0


l
o(θ , x0) = 0 (23)

θi ∈ [−π , π ]

where superscript l indicates constraints in lower-level optimization; 
l
c(θ ) represents the constraints that

ensure the ends of the two arms achieve the specified contact position and orientation; 
l
o(θ ) denotes

the self-avoidance constraint. 
l
c(θ ) can be expressed as residuals resulting from the solution of inverse

kinematics equations:


l
c(θ , x0) = a1 · R1 + a2 · R2 (24)

where R1 and R2 denote the residuals in solving inverse kinematics equations for the two arms,
respectively, a1 and a2 represent close-loop coefficients.
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The self-avoidance constraint is formulated using the artificial potential field method. The repulsive
force can be calculated as follows:

fr(θ ) =
{∑

(kr · ( 1
d
− 1

d0
)2) d ≤ d0

0 d > d0
(25)

where kr denotes the repulsion coefficient; d0 represents the safety distance threshold. The repulsive
force can be directly utilized as the self-avoidance constraint 
l

o(θ ).
Most existing optimization algorithms cannot handle constraints directly. A common method is to

reformulate the constraint conditions as penalty terms and incorporate them into the objective function.
For the inequality constraint θi ∈ [−π , π ], and considering the periodic nature of the joints, when a joint
angle exceeds these bounds, it is corrected to fall within the allowable range by adding or subtracting
2π to it. Then, the lower-level optimization problem can be expressed as:

Min f (θ , x0) = F(θ , x0) + 
l
c(θ , x0) + 
l

o(θ , x0)

s.t. θi ∈ [−π , π ]
(26)

3.2. Upper-level optimization model
The upper-level optimization aims to determine the optimal contact position and orientation that min-
imize the impulse. The contact position and orientation are utilized in the lower-level to calculate the
minimal impulse, with the optimal value serving as the objective metric in the upper-level. The con-
straints include ensuring that the contact pose lies within the dual-arm public workspace, thereby making
the pose reachable. Additionally, the self-avoidance constraint is incorporated. Thus, the upper-level
optimization problem can be formulated as follows:

Min f (x) = f l
best(x)

s.t. 
u
c(x) = 0


u
o(x) = 0

(27)

where x denotes the vector of contact position and orientation, and the superscript u denotes constraints
in the upper-level optimization. The term f l

best(x) is the optimal value of the lower-level optimization for
a given contact pose x; 
u

c(x) denotes the constraints to ensure the pose is reachable; 
u
o(x) means the

self-avoidance constraint.
These two constraints are all considered in the lower-level optimization. With well-chosen coeffi-

cients, it may not be necessary to consider these constraints explicitly at the upper level. For example,
if the contact position and orientation are unreachable, the residuals yield a significant value. Given
an appropriately chosen coefficient, the objective metrics become significantly larger than the optimal
impulse, automatically excluding unreachable poses. The same applies to the self-avoidance constraint.
Consequently, the upper-level optimization problem can be simplified as follows:

Min f (x) = f l
best(x) (28)

which is an unconstrained optimization problem that is much easier to solve than the original one.
In summary, the bilevel problem can be expressed as:

Min f (x, θ ) = F(x, θ ) + 
l
c(θ , x) + 
l

o(θ , x)

s.t. θi ∈ [−π , π ]
(29)

4. Heuristic based algorithm to solve bilevel optimization
4.1. Bilevel optimization solving approach
The model established in Section 3 represents a typical bilevel optimization problem, wherein one opti-
mization task is embedded with another. Consequently, each iteration of the upper-level optimization
necessitates solving for the optimal solution of the lower-level optimization. This solution process is
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computationally intensive and can be exceedingly time-consuming. Additionally, the problem is strongly
coupled and highly nonlinear, complicating the search for an optimal solution. The most common
approach to addressing a bilevel problem involves reforming it into an equivalent single-level problem.
This is achieved based on the necessary and sufficient conditions of Karush Kuhn Tucker associated with
the lower-level problem [34]. However, this reformulation is only feasible when the lower-level problem
is convex, and this cannot be applied to the non-convex problem presented in this work. Moreover, it
is also impossible to transfer the problem into a single-level one. Because this will lead to the solution
being stuck in local optimality, as discussed in Section 3.

Classical methods make it hard to solve the problem proposed due to their high nonlinearity and
non-convexity. However, heuristic algorithms are well-suited to solving bilevel problems owing to their
advantages in handling nonlinearities and achieving computational efficiency. This work employs PSO
[35] to solve the lower-level optimization problem and find the global optimal solution. At the same
time, the SA method is utilized for the upper-level optimization to enhance solving speed. For lower-level
optimization, the objective function is represented as (26), an unconstrained optimization problem where
coefficients can adjust the penalty degree. The PSO algorithm randomly searches each particle based
on swarm intelligence. In n-dimensional optimization space, the individual position and velocity of the
i-th particle are denoted as q(i) = (

q1(i), q2(i), . . . qn(i)
)

and v(i) = (
v1(i), v2(i), . . . vn(i)

)
, respectively.

The individual optimal position for the i-th particle is qbest(i), and the global optimal particle position is
denoted as qglobal. The update strategy for the particle is as follows:{

vk+1(i) = μvk(i) + c1r1(qbest(i) − qk(i)) + c2r2(qglobal − qk(i)),

qk+1(i) = qk(i) + vk+1(i)
(30)

where c1 and c2 are learning factors; r1 and r2 are random numbers between 0 and 1; μ is the inertia
weight factor.

The update process in the PSO algorithm incorporates both the individual optimal values and the
global optimal value, thereby endowing it with robust global search capabilities. Furthermore, as par-
ticles share each other’s best experiences – namely, their individual best positions and the global best
position, PSO can rapidly converge on improved solutions. The interactions among particles influence
their positions, enhancing the search process’s overall efficiency. Consequently, PSO is employed as the
solving algorithm for lower-level optimization to identify the global optimal solution effectively.

In the upper-level optimization, the objective function, defined in (28), is structured as an uncon-
strained optimization problem. The penalty level can be fine-tuned by adjusting coefficients within the
penalty terms. Given the computationally intensive nature of bilevel optimization, the upper-level algo-
rithm should operate efficiently with minimal steps to accelerate the overall solving process. Unlike
PSO, which requires multiple evaluations per step, simulated annealing (SA) calculates the objective
function only once per iteration, making it more suitable for the upper-level optimization. SA finds the
global optimal solution using the Metropolis principle [30], which probabilistically accepts new states
rather than relying solely on deterministic rules. This acceptance probability is represented as:

P =
⎧⎨
⎩

1, f (k + 1) < f (k)

e
− f (k+1)−f (k)

T

, f (k + 1) ≥ f (k)
(31)

In general, simulated annealing algorithms work as follows. The temperature progressively decreases
from an initial positive value to zero. At each time step, the algorithm randomly selects a solution close
to the current one, measures its quality, and moves to it according to the temperature-dependent prob-
abilities of selecting better or worse solutions, which during the search respectively remain at 1 (or
positive) and decrease toward zero.

4.2. Optimization results
In this subsection, the optimization problem in Section 3 is solved with the algorithm in Section 4.1.
The detailed parameters of the space robot employed are shown in Table I. Here, the No means the link
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Table I. Parameter for space robot.

No Mass/kg Length/m
1 0.7719 (0.05,0,0)
2 0.5216 (0.06,0.07,0)
3 0.5216 (0.07,0.06,0)
4 4.87 (0.06,1,0)
5 4.87 (1,0.06,0)
6 0.5216 (0.06,0.07,0)
7 0.5216 (0.07,0.06,0)
Base 5 L:1 H:0.3

(a) (b)

(c) (d)

Figure 4. Diagram of workspace.

number, as shown in Figure 2. The length for the base means the base refers to a triangular prism with
sides 1 m long and 0.3 m high. The link parameters listed are those of links in arm 1; the parameters
for arm 2 and arm 3 are the same. If the base is fixed, the workspace for this space robot is shown in
Figure 4. Considering there are no more constraints on the robot, the workspace for each arm is a sphere
centred at the installation point of the arm on the base, with a radius equal to the maximum reach of the
arm. Additionally, the volume occupied by the base must be subtracted from this sphere. And the whole
workspace for the system is the union of the workspaces of all individual arms.
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(a) (b)

(c) (d)

Figure 5. Diagram of collaborative manipulation workspace.

And the collaborative manipulation workspace for every two arms is shown in Figure 5.
During the transformation process, arm 1 and arm 2 move together until their ends are entirely in

contact. Due to the control errors, the velocities of the two ends cannot reach 0 perfectly. Therefore,
assume that there is a residual end velocity of 0.001 m/s along the normal to both ends upon contact.
Meanwhile, arm 3 and the base remain stationary before reconfiguration.

Before simulation, some key information about the optimization must be introduced:

• Optimization objective: Minimization of impulse in non-actuated directions, as shown in (22).
• Optimization constraint: Self obstacle-avoidance and close-loop constraint.
• Design variables: Joint angle configuration(lower-level optimization)/contact pose(upper-level

optimization).
• Initial guesses: θ0(lower-level optimization)/x0(upper-level. optimization)
• Simulation platform: Matlab R2023b with Intel i7 8086K at 4.00 GHz, without GPU acceleration

or parallel computing.

where the θ0 and x0 denote the initial guess joint angle configuration and the contact pose, their
detailed values are as follows. Based on the initial value above, the impulse before optimization
is 0.0031 N · s. The joint configuration under initial condition is shown in Figure 6.
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(b)(a)

(d)
(c)

Figure 6. Diagram of space robot at initial contact pose.

θ0 =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

−0.9945
0.5565

−3.0549
−2.5366
−0.3858
0.7727
2.4558

−1.1606
−0.6452
−0.3217
−2.5937
2.7493

−0.6720
1.9168

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

rad

x0 = [
0 m, −0.7 m, 0 m, 0 rad, 0 rad, 0 rad

]T

(32)

First, a lower-level optimization is conducted to verify the effectiveness of lower-level optimization
strategy. The solving processes are all run based on MATLAB Optimization Toolbox. The parameters
for upper-level optimization with PSO methods are as follows:

• Particle swarm optimization: Swarm size: 10
• Max iterations: 100
• Function Tolerance: 10,000
• Learning factors c1,c2: 1.49
• Close-loop coefficient a1,a2: 1.49
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(a) (b)

(c)
(d)

Figure 7. Diagram of space robot after lower-level optimization.

• Repulsion coefficient kr: 5

The configuration after optimization is as shown in Figure 7, and the angles is as (33).

θ1 =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

−1.2994
0.5307
0.2738
2.5763

−0.2071
−0.6296
−0.8879
−2.6847
−0.7455
2.9956
2.7149
3.5991
1.0266

−3.0143

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

rad

F1 = 0.0022 N · s

(33)

where the θ1 and F1 denote the configuration angles after the lower-level optimization and the impulse
under this condition. The evolutions of the optimality criteria and constraints are shown in Figure 8.

From the results, the configuration angles are well optimized and the impulse decreases from 0.0031
to 0.0022 N · s. From Figures 6 and 7, the obstacle avoidance constraints and close-loop constraints are
well promised. It means that the lower-level optimization strategy is effective for impulse minimiza-
tion. Thus the bilevel optimization can be further conducted. The computation time for the lower-level
optimization is 2142 s.
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(a) (b)

Figure 8. The evolutions of lower-level optimization.

Diagonal view

(a) (b)

(c) (d)

View from the X-axis of the inertial space

View from the Y-axis of the inertial space View from the Z-axis of the inertial space

Figure 9. Diagram of space robot after bilevel optimization.

For the bi-level optimization, the model and algorithm are as described in Sections 3 and 4. The
solving processes are all run based on MATLAB Optimization Toolbox. The parameters for upper-level
optimization with SA methods are as follows:

• Simulating annealing:
• Max iterations: 100
• Function Tolerance: 1e-3
• Initial temperature: 1.0
• Cooling function: temperature fast

The configuration after bilevel optimization is as shown in Figure 9, and the angles is as (34).
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The evolution of the optimality criteria The evolution of the constraint

(b)(a)

Figure 10. The evolutions of bi-level optimization.

θ2 =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

0.0712
−0.4193
−1.1062
2.1076

−0.1311
−0.4253
−0.4155
2.9746
0.0113
0.5801

−1.8031
−2.8318
−0.9404
0.6106

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

rad

F2 = 0.0013 N · s

(34)

where the θ2 and F2 denote the configuration angles after the bilevel optimization and the impulse under
this condition. The evolutions of the optimality criteria and constraints are shown in Figure 10.

After the optimization, the minimum impulse is: 0.0013 N · s, the contact pose is [−0.265 m,
−0.952 m, 0.835 m, 0.360 rad, 0.114 rad, 0.055 rad]T , the computation time for the bilevel optimization
is 33,784 s.

The optimization results demonstrate a reduction in impulse from 0.0031 to 0.0013 N · s. This
suggests that the proposed optimization methods can effectively be employed to design the optimal con-
figuration for this type of space robot. If the total impact that the solid lubricant layer can stand is assumed
to be a constant Lmax, the maximum number of reconfigurations allowed for the original configuration is
Lma/0.0013, and that after optimization is Lma/0.0031. It means that the optimal transformation method
can increase the allowable number of reconfigurations for the robotic system by approximately 238%,
in other words, extending its operational lifespan by 238%. In other words, a single robot employing
the optimized reconfiguration strategy can accomplish tasks that previously required at least two robots,
which significantly reduces the mission costs. The whole optimization results can be summarized in
Table II and Figure 11.
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Table II. Optimization results.

After lower-level After bilevel
Initial optimization optimization

Impulse (N · s) 0.0031 0.0022 0.0013
Configuration angles (rad) θ0 θ1 θ2

Obstacle constraints � � �
Close-loop constraints � � �

View from the X-axis of the inertial space

(a)

(b)

(c)

View from the Y-axis of the inertial space

View from the Z-axis of the inertial space

Figure 11. Diagram of configuration changes.

5. Conclusions
This paper presents a configuration optimization method for variable topological space robots to min-
imize impulse through a bilevel optimization approach. A universal dynamic model for space robot
topology transformation is established using spatial operator algebra and impulse-momentum equa-
tions. It eliminates the need to consider specific connection mechanism designs. Given the challenges
associated with calculating impact, the impulse of the entire system is derived as the primary metric
for optimization. The configuration optimization model is structured as a bilevel optimization problem,
where the lower-level task focuses on determining the optimal angle configuration with a given con-
tact pose. And the upper-level task aims to identify the optimal contact pose. Several constraints are
incorporated into this optimization framework. A heuristic-based algorithm is proposed for problem
resolution, employing particle swarm optimization for the lower-level task and the simulated annealing
algorithm for the upper-level task. The optimization results indicate that the proposed method effectively
determines the optimal configuration for space robots with variable topologies. Future research will pri-
marily concentrate on developing control strategies and assessing performance during the configuration
transformation process [36].
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