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Abstract 

The research, conducted within the Multi-Satellite Proximity Operations for Rendezvous and Docking Missions in 
Earth and Moon Orbits (MUSAPOEM) project funded by the Italian Space Agency (ASI), presents advanced 
mathematical models and algorithms for autonomous guidance, navigation, and control (GNC) in proximity operations 
in both terrestrial and lunar environments. Future collaborative missions such as lunar sample return, in-orbit assembly, 
and satellite servicing require precise modelling of the dynamics involved in berthing and docking manoeuvres. A 
hybrid modelling approach is proposed for berthing operations between a chaser and a target spacecraft, selecting the 
most suitable model depending on their relative distance. For distances above a critical threshold, the relative motion 
is described using orbital dynamics; for closer ranges, a detailed robotic system model is adopted to simulate the 
extension and positioning of the manipulator arm towards the docking point. Upon contact, a lumped parameter model 
(LPM) simulates the interaction phase, ensuring real-time computation where simulation time is always greater than 
computation time. This multi-phase modelling strategy enables complete mission simulation, including berthing and 
unberthing manoeuvres, with high fidelity representation of contact forces. These forces, derived from multibody 
simulations, include both normal and frictional components, where static and dynamic friction significantly influence 
docking stability. A Particle Swarm Optimization (PSO) algorithm is employed to tune the parameters of both the 
lumped parameter and multibody models, achieving accuracy and efficiency in real-time scenarios. The results 
demonstrate the framework’s ability to simulate the full mission timeline while dynamically switching between 
modelling approaches according to mission phase requirements. This methodology contributes to robust, efficient, and 
autonomous GNC solutions, supporting future cooperative space missions in Earth and lunar orbits. 
Keywords: proximity operations, spacecraft berthing, autonomous GNC, lumped parameter model, multibody 
simulation, lunar missions. 
 
1. Introduction 

The development of innovative operational concepts 
for proximity operations (RPO), such as rendezvous, 
docking, and berthing between satellites orbiting a 
celestial body, has become a key focus of research. These 
capabilities are essential for future cooperative missions, 
including lunar sample return, in-orbit assembly (IOA), 
and on-orbit servicing (OOS) [1]. The growing interest 
of space agencies in RPO is driven by the need to 
implement autonomous and automated guidance, 
navigation, and control (GNC) algorithms capable of 
extending the operational lifetime of artificial satellites 
[2, 3]. Notable pioneering OOS missions include Orbital 
Express (2007) and the Mission Extension Vehicle 
(launched in 2019) [4]. Future missions such as NASA's 
OSAM-1 [18] continue to advance these capabilities, 
utilizing sophisticated robotic manipulation systems 
including specialized appliques designed for in-space 
servicing vehicles [19].  

For RPOs involving a controlled chaser satellite 
approaching a target satellite, the interaction is typically 
divided into two distinct phases based on their relative 

distance: the orbital phase (OP) and the contact phase 
(CP). During the OP, the satellites' motion is governed by 
classical orbital mechanics [6], in which no mutual 
interaction between the satellites occurs. The relative 
motion of two satellites is often described using 
linearized equations, such as the Hill-Clohessy-Wiltshire 
equations for circular orbits of the target satellite or the 
Tschauner-Hempel equations for elliptical orbits of the 
target satellite [5, 7]. The linearized equations of motion 
are derived under the assumption that the distance 
between the satellites is negligible with respect to the 
attractor distance. The transition from the OP to the CP 
occurs when the relative distance between the chaser, 
also named servicer, and the target falls below a specific 
threshold, ϵ. During the CP, the satellites are modelled as 
a single multibody system, whose dynamics is driven by 
the mechanical interactions at the interface between the 
chaser's end-effector and the target [8]. Accurate 
modeling of these interactions is essential to ensure 
mission success and prevent structural damage [9]. This 

1048https://doi.org/10.52202/083088-0116



76th International Astronautical Congress (IAC 2025), Sydney, Australia, 29 Sep-3 Oct 2025. 
Copyright ©2025 by the International Astronautical Federation (IAF). All rights reserved.

IAC-25- ,C2, IPB, 3 ,x95694 Page 2 of 12

mechanical connection can be established through 
docking or berthing [2]. Berthing, in particular, requires 
a robotic manipulator, like the well-known Canadarm 
[10], to capture and align the two satellites at a designated 
interface. The effectiveness of robotic arms has been 
demonstrated in multiple missions, including the Hubble 
Space Telescope servicing and the assembly of the 
International Space Station [11].

This work is conducted within the MUSAPOEM 
project, funded by ASI. The main objective is to develop 
a hybrid modeling framework that can seamlessly switch 
between orbital dynamics, robotic multibody simulation, 
or a lumped parameter model (LPM), depending on the 
relative distance between two or more satellites. This 
approach ensures a balance between high-fidelity physics 
representation and computational efficiency for real-time 
simulation, which is critical for GNC systems and 
hardware-in-the-loop testing.

In our previous works [13, 14, 15], we detailed the 
overall simulation architecture for proximity operations. 
That study described the transition logic from the OP—
governed by relative orbital mechanics—to the CP—
described through multibody or lumped parameter 
models. It also introduced a distance threshold criterion 
(ϵ=3.603 m) defining the switch between phases, as well 
as control strategies for berthing and unberthing 
maneuvers.

The present paper focuses specifically on the contact 
phase modeling, where the LPM is employed to capture 
contact forces [15], friction effects, and structural 
compliance, while maintaining real-time capability. The 
novelty of this study, compared to previous works, lies in 
three key aspects:

The integration of an LPM for CP simulation, 
which is calibrated directly from high-fidelity 
multibody simulations [14].
The use of Particle Swarm Optimization (PSO) 
to calibrate stiffness and damping parameters.
The performance assessment under different 
approach velocities, highlighting the trade-off 
between accuracy and computation time.

A key feature of the proposed methodology is that the 
stiffness and damping parameters of the LPM are 
determined directly from multibody simulations. By 
extracting these quantities from a detailed model, the 
LPM can replicate the essential dynamic behavior with 
reduced complexity, while remaining consistent with 
parameters typically used in robotic arm designs for on-
orbit servicing and debris removal [16, 17, 20]. This 
approach is particularly relevant for systems like the 
inflatable robotic arm POPUP [12], designed for debris 
capture, which presents unique challenges in modeling its 
structural compliance and contact dynamics.

2. LPM conceptual layout

The LPM is developed to replace the multibody 
simulation during the contact phase, preserving sufficient 
accuracy to reproduce the key dynamic quantities while 
significantly reducing computational cost, thus enabling 
real-time simulation.

The physical system, shown in Fig. 1, consists of 
three main masses:

Chaser satellite – primary satellite responsible 
for approaching and docking with the target.
Target satellite – the object that remains 
stationary and must be captured.
Robotic arm with end-effector – simplified as a 
single mass.

The robotic arm’s complex multibody dynamics are 
replaced with translational spring–damper elements 
along the x, y, and z axes between the chaser and the end-
effector. This configuration models the compliance and 
damping of the manipulator joints.
The contact with the target satellite is modelled using two 
sets of springs and dampers, one for each of the left and 
right clamp of the gripper. These elements simulate the 
interaction forces between the robot's grippers and the 
target satellite. However, the gripper clamps are not fixed. 
They are allowed to rotate, which means that the normal 
contact forces between the gripper clamps and the target 
are balanced and do not affect the whole system. In other 
words, the normal contact forces, although necessary for 
gripping, are internally compensated by the grippers' 
freedom of rotation and depend on the gripper's 
acceleration.
Instead, the forces that affect the overall system are 
primarily those of friction, which act in directions other 
than the normal axis of contact. These frictional forces 
are proportional to the normal contact force, i.e., they 
depend on the magnitude of the normal forces but act 
tangentially to the contact surfaces. This frictional 
interaction is critical to the stability of the docking 
operation, preventing slippage or unwanted movement 
between the gripper and the target satellite. The scheme 
of overall system is shown in Fig. 2.

.

Fig. 1. Multibody model of the berthing system.
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Fig. 2. Schematic representation of the Lumped 

Parameter Model (LPM). 
 

3. Theoretical Framework and Governing Equations 
Fig. 3 shows the Free Body Diagram (FBD) of the 
system, in which the following quantities appear:  

 ݉ଵ : Mass of chaser satellite 
 ݉ଶ: Mass of robotic arm with end-effector 
 ݉ଷ: Mass of target satellite 
,ଵݕ,ଵݔ   ଵ : Position coordinates of Mass 1ݖ

(Chaser) 
,ଶݕ,ଶݔ   ଶ : Position coordinates of Mass 2ݖ

(Target) 
,ଷݕ,ଷݔ   ଷ : Position coordinates of Mass 3ݖ

(End-Effector) 
 ݇ோ௑, ܿோ௑,݇ோ௒, ܿோ௒,݇ோ௓, ܿோ௓: Stiffness and 

damping coefficients for the springs and 
dampers connecting the end-effector to the 
chaser along the x, y, and z axes 

ோ௑ܨ  ோ௒ܨ,  ,ோ௓: Resulting forces along the xܨ,
y, and z axes consist of both elastic and 
damping contributions 

 ݇ௗ௫ , ܿௗ௫,݇௦௫ , ܿ௦௫: Stiffness and damping 
coefficients for the springs and dampers 
between the end-effector and the target 
along the x-direction for the right and left 
clamps respectively 

௔௬ೞೣܨ  ௔௭ೞೣܨ, ௔௬೏ೣܨ,  ௔௭೏ೣ: Forces ofܨ,
friction acting on the end-effector during 
contact 

 
The reference frames for each body (1, 2, and 3) are 

defined with the origin in the centre of mass of each of 
them when the lumped parameter simulation starts. Initial 
conditions are defined at the instant of first contact  in the 
multibody simulation. All subsequent displacements, 
velocities and accelerations are expressed relative to this 
initial equilibrium configuration. 
 

 
Fig. 3. Free Body Diagram (FBD) of the LPM. 

 
3.1 Chaser (Mass 1)  

The chaser is modelled with initial velocities applied 
along each of the x, y, and z axes. These velocities 
simulate the initial approach errors introduced by the 
guidance, navigation, and control (GNC) system.  

The chaser is connected to the end-effector through 
springs and dampers along each axis. The resulting forces 
along the x, y, and z axes consist of both elastic and 
damping contributions, modeled as: 

ோ,௜ܨ   = −݇ோ,௜ , ൫ݍ௜ − ௝൯ݍ − ܿோ,௜൫ݍప̇̇ −  ఫ̇൯     (1)ݍ
 

Stiffness and damping coefficients ݇ோ,௜  and ܿோ,௜ 
enable the representations of the relative motions 
between end effector and target due to the movements 
caused by the stiffness of the robot joints.  

 
3.2 End-Effector (Mass 3) 

The end-effector is connected to both the chaser and 
the target. It undergoes the forces of each. The 
connection to the chaser generates reaction forces on the 
end-effector along the x, y, and z axes due to the spring 
and damper forces defined above. 
 
3.3 Normal contact force 

The end-effector is connected to the target by two 
springs and dampers, one for each gripping point. This 
setup simulates the resistance to penetration at each 
contact point. While the normal contact force is a crucial 
component in modelling the physical interaction between 
the end-effector and the target, the mass 3 itself is not 
directly subjected to it due to the rotational degree of 
freedom of the grippers, as explained in section 2. 
Instead, the end-effector only experiences the frictional 
forces, which depend on the magnitude of the normal 
contact force. These frictional forces act tangentially to 
the contact surface and play a key role in maintaining the 
stability of the joint and simulating the necessary reaction 
forces for the system.  
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The formulation of the normal contact force  for each 
clamp is given by: 

௣ܨ  = ߜ݇− −  (2)     ߜ̇ܿ
 

where: 
 ݇ is the stiffness of the spring, representing 

the material and structural properties of the 
contact area, which defines the amount of 
resistance provided per unit of penetration. 

 ܿ is the damping coefficient, which captures 
the velocity-dependent dissipative 
characteristics of the contact. This damping 
term controls the rate at which penetration 
velocity is counteracted, reducing the 
oscillatory behavior that can occur due to 
rapid contact changes.  

 represents the penetration depth, which is ߜ 
the overlap distance between the end-
effector and the target. 

ߜ̇   is the rate of change of this penetration 
(i.e., the rate of penetration).  

 
3.4 Friction Model 
As mentioned above, the end-effector is subject to 

frictional forces in directions parallel to the contact 
surface, which depend on the relative velocities between 
the end-effector and the target along the non-contact 
axes. In this model, friction is treated using a 
combination of static and dynamic friction coefficients 
and the implementation of a stick-slip model.  

Static friction is the force that must be overcome to 
initiate motion between two objects that are not moving 
relative to each other. In this model, static friction is 
represented by a coefficient denoted as ߤ௦, set to a value 
of 0.5.  This choice is based on the contact parameters 
used to define the multibody model, as discussed in [14]. 
The static friction force acts when the relative velocity 
between the two masses is close to zero.  

The equation governing this force is:  
௦௧௔௧௜௖ܨ  =  ௣    (3)ܨ௦ߤ
 
where ܨ௣ is the normal contact force between the 

end-effector and the target. In the implemented model, 
when the end-effector and target are in contact and static, 
the model applies static friction proportional to the 
normal force. This ensures that the system can remain 
stationary under certain conditions until a sufficient 
external force is applied. 

Dynamic friction occurs when surfaces begin to slide 
against each other. It is usually less than static friction, 
represented by the coefficient ߤௗ , which is set at 0.3 , 
from [14]. The dynamic friction force is computed when 

the relative velocity exceeds a small threshold, denoting 
the onset of sliding.  

The equations used are similar to those for static 
friction, but use the dynamic coefficient: 

ௗ௬௡௔௠௜௖ܨ  = ௣ܨௗߤ ቆ−  ௦௟௜௣ቇݒ௥௘௟ݒ
  
  (4) 

 
where ݒ௥௘௟  is the relative velocity and ݒ௦௟௜௣ is the 

magnitude of the slip velocity. In the model, the dynamic 
friction determination includes a control of the relative 
slip velocity.  If the slip velocity exceeds a threshold 
௩ߝ) = 1 × 10ିହ), from [14], the model applies dynamic 
friction. If the slip velocity is negligible, indicating a 
transition phase, static friction is applied instead.  

The model calculates the relative velocities between 
the end effector and the target in the x, y and z directions. 
This calculation is fundamental in determining whether 
the surfaces are sliding or sticking: 

௥௘௟,௬ݒ  = ௬ଷݒ − ௥௘௟,௭ݒ         ,௬ଶݒ = ௭ଷݒ −  ௭ଶ (5)ݒ

When a contact force ܨ௣ is applied.  
If ܨ௣ > 0 (indicating contact), the model checks the 

relative slip velocity: 
௦௟௜௣ݒ  = ටݒ௥௘௟ೣ + ௥௘௟೤ݒ + ௥௘௟೥ݒ  

   (6) 

 
If the slip velocity is above the defined threshold, 

dynamic friction is calculated, applying forces in the 
opposite direction of motion. 

If the slip velocity is below the threshold, static 
friction forces are applied, preventing any motion until 
the applied force exceeds the static friction threshold. 

The same logic applies symmetrically to both sides of 
the end effector. The forces for the left and right sides are 
calculated using similar equations, ensuring that the 
model effectively captures the dynamics regardless of the 
direction of motion. 

 
3.5 Target (Mass 2) 
The target is subject to forces caused by contact with 

the end-effector through the spring-damper system and 
frictional forces in the other directions. Normal contact 
forces are balanced by reaction forces on the target, while 
friction forces act in directions parallel to the contact 
interface. 

 
3.6 Equation of motion 

To provide a complete overview of system dynamics, 
it is essential to present the governing equations that 
define the motion of each mass in the model. Below are 
the nine equations derived from the equations of motion 
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for each mass, taking into account the forces acting due 
to springs, dampers, normal contact forces and friction. 

At this stage of the analysis, the model neglects 
rotational degrees of freedom. This modeling choice 
simplifies the formulation and reduces the 
dimensionality of the optimization problem. Including 
rotations introduces a significantly larger number of 
variables to be tuned by the particle swarm optimization 
(PSO) algorithm, which makes the search for an optimal 
solution more complex and computationally demanding. 
The governing equations for the motion of the three 
masses are therefore formulated as follows: 

 

⎩⎪⎪
⎪⎪⎪
⎨⎪
⎪⎪⎪⎪
⎧ ݉ଵݖଵ̈ = −݇ோ௓(ݖଵ − (ଷݖ − ܿோ௓(ݖଵ̇ − ଵ̈ݔଷ̇)                              ݉ଵݖ = −݇ோ௑(ݔଵ − (ଷݔ − ܿோ௑(ݔଵ̇ − ଵ̈ݕଷ̇)                            ݉ଵݔ = −݇ோ௒(ݕଵ − (ଷݕ − ܿோ௒(ݕଵ̇ − ଷ̈ݖଷ̇)                             ݉ଷݕ = ݇ோ௓(ݖଵ − (ଷݖ + ܿோ௓(ݖଵ̇ − (ଷ̇ݖ ௔௭೏ೣܨ+                             + + ଷ̈ݔ௔௭ೞೣ                                                                            ݉ଷܨ =  + ݇ோ௑ ଵݔ)   − (ଷݔ  +  ܿோ௑  ∗ ଵ̇ݔ)  − ଷ̈ݕଷ̇)     (7 )      ݉ଷݔ = ݇ோ௒ (ݕଵ  − (ଷݕ  +  ܿோ௒  ∗ ଵ̇ݕ)  − (ଷ̇ݕ ௔௬ೞೣܨ +                   + + ଶ̈ݖ௔௬೏ೣ                                                                           ݉ଶܨ  = ௔௭ೞೣܨ− − ௔௭೏ೣܨ                                                              ݉ଶݔଶ̈ = 0                                                                                     ݉ଶݕଶ̈ = ௔௬೏ೣܨ−  −                                                            ௔௬ೞೣܨ

 

  
  
  
 

 

4. Optimization of Stiffness and damping Parameters 
for Robotic Arm Movement  

To accurately model the stiffness and damping 
characteristics of the robotic arm along the x-, y- and z-
axes, a particle swarm optimization (PSO) algorithm is 
applied. This optimization technique is chosen for its 
robustness in handling complex, multidimensional 
search spaces, ideal for parameter tuning in dynamic 
systems. 

The PSO algorithm adjusted the stiffness and 
damping ݇ோ௑, ܿோ௑,݇ோ௒, ܿோ௒,݇ோ௓, ܿோ௓  parameters of 
the arm, minimizing the error between the observed 
behavior of the multi-body model and the results of 
lumped parameter model.  

In PSO, a swarm of particles, each representing a 
possible solution, explores the search space to find the 
optimal values that minimize (or maximize) a specified 
objective function. In this case, PSO is used to minimize 
the error between the positions and velocities generated 
by the simplified lumped parameter model and those 
from the detailed multi-body model.  

An initial population (swarm) of particles is defined, 
where each particle corresponds to a unique combination 
of stiffness and damping parameters for the robotic arm. 
The position of each particle in parameter space 
represents a potential solution, and each is initialized 
with a random position and velocity within the 
predefined limits for the parameters. 

The objective function for the PSO algorithm 
calculates the mean squared error (MSE) between the 
simulated results of the simplified model and the outputs 
of the multibody model. This MSE is computed over all 
three spatial dimensions (x, y, z) and for each mass in the 
system. 

The PSO algorithm aims to find the parameter values 
that yield the lowest MSE, thus ensuring our model’s 
output closely aligns with the actual multibody 
simulation. 

During each iteration, each particle evaluates its 
current position by calculating the objective function 
value. It then updates two main attributes that guide the 
search, as explained in [21]: 

• Personal Best Position (pBest): the best position a 
particle has visited so far, corresponding to its lowest 
error. 

• Global Best Position (gBest): the best position found 
among all particles in the swarm, representing the overall 
lowest error across iterations. 

To handle the potentially wide range of parameters, a 
scaling factor of 10ହ is applied to the limits, ensuring 
that parameters such as stiffness (which could cover a 
wide range in physical systems) remained manageable 
and within realistic values during optimization. 

The limits were further tightened to prevent the PSO 
from selecting unphysical or extreme values, thus 
focusing the search on plausible parameter values. 

The PSO algorithm continues to iterate until one of 
two conditions is met: either the variation of the objective 
function has fallen below a defined threshold (Function 
Tolerance set to 10ିଶ଴ ) or a maximum number of 
iterations has been reached (Max Iterations). 

In this case, the algorithm successfully terminates 
when the particles converge to a parameter set that 
minimized the MSE, indicating that the behavior of the 
model closely matches that of the multi-body simulation. 
 
5. Contact Stiffness and Damping for Gripping Points  
Within the model, the contact normal forces, the 
penetrations and the penetration velocities at the gripping 
points are obtained directly from the multibody 
simulation. With these values, the contact stiffness and 
damping coefficients of the gripper interface can be 
calculated. 
The multibody simulation provides the following data: 

 Normal forces ܨ௣,௦௫  ௣,ௗ௫ at the left and rightܨ,
contact points; 

 Penetration ߂௦௫ ௗ௫߂,  at the respective contact 
points; 

 Penetration velocity : ߂௦௫̇  and ߂ௗ௫̇ . 
These parameters are related by a contact model that 
follows Hooke's law for stiffness and a damping law for 
energy dissipation. The contact behavior in terms of 
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penetration and penetration velocity is described by the 
following relation: 
௡ܨ  = ߂݇ +  (10)    ߂̇ܿ
 
Th damping coefficient ܿ is set as a fixed percentage of 
the stiffness coefficient ݇, based on empirical data for the 
system. Specifically: 
 ܿ = ߙ ⋅ ݇     (11) 
 
where ߙ  is a constant factor representing the ratio 
between damping and stiffness, depending on the 
expected damping behavior and materials property. 
Once the damping coefficient ܿ is defined, the stiffness 
is determined by rearranging the equation for each time 
step: ݇ = ߂௡ܨ +     ߂̇ߙ

 (12) 
 
4. Results  

The results of the simulation provide insight into the 
dynamic interaction between the chaser satellite, the 
robotic arm, and the target. Using the lumped parameter 
model with optimized contact stiffness and damping 
coefficients, the behavior of the system is simulated and 
analyzed under different conditions. 

Two analyses are carried out with different target 
velocities in all directions (x, y and z) for the chaser. In 
the first analysis the chaser reaches a target velocity of 1 [݉݉/ݏ] in all directions, while in the second analysis 
a target velocity of 3 [݉݉/ݏ] is imposed. These first 
two analyses allow the response of the model to different 
approach velocities to be evaluated and provide valuable 
insights into how the interaction dynamics between the 
chaser, robot arm and target adapt to changes in velocity.  

To evaluate the performance of the LPM and quantify 
the error compared to the multibody model, the 
coefficient of determination ܴଶ  is used. This metric 
assesses how well the simulated values reproduce the 
variability of the measured data and is defined as: ܴଶ = 1 − ܴܵܵܶܵܵ 

where: 
 RSS (Residual Sum of Squares): Represents the 

error between the measured data (ݕ௜ ) and the 
predicted data (ݕపෝ) from the model, and is given 
by:  ܴܵܵ = ෍(ݕ௜ − పෝ)ଶ௡ݕ

௜ୀଵ  

 TSS (Total Sum of Squares): Represents the 
total variability of the observed data ( ௜ݕ ) 
relative to their mean (ݕത), calculated as:  

ܶܵܵ = ෍(ݕ௜ − ത)ଶ௡ݕ
௜ୀଵ  

Here, 
௜ݕ   are the measured data points from the 

multibody model, 
పෝݕ    are the predicted data points from the 

lumped parameter model, 
 .ത is the mean of the observed dataݕ 

The ܴଶ metric measures the proportion of variability 
in the target data ݕ௜   that is captured by the model ݕపෝ . 

The possible range of ܴଶ are: 
 If ܴଶ = 1, the model output perfectly matches 

the measured data, indicating an excellent fit. 
 If ܴଶ is close to 1 but slightly less, the model 

closely aligns with the real behavior of the 
system. 

 If ܴଶ = 0 , the model fails to explain any 
variability in the data, suggesting poor 
performance. 

For simplicity in writing, in subsequent analyses we 
will denote ܴଶ with ݎ. By using this metric, the accuracy 
of the LPM in replicating the multibody model can be 
quantitatively assessed under different velocity 
conditions. 

 
4.1 Analysis with 1 mm/s initial velocity of the chaser 
The simulation timeframe is defined to capture the 

relevant contact period, with time starting from ݐ ݐ to  [ݏ] 6.975= =  based on multibody simulation ,[ݏ] 7
data. During this period, the parameters are optimized to 
match the behavior observed in the multi-body model, 
ensuring that the kinematic and dynamic responses were 
in agreement. 

 The mass properties for each component have been 
set as follows: 

 Chaser satellite: ݉ଵ = 1500 [݇݃]  
 Target: ݉ଶ = 500 [݇݃]  
 Robotic arm and end-effector: ݉ଷ = 14 [݇݃]  

Initial position and velocity values for each body have 
been taken from the multi-body simulation to ensure that 
the initial states are consistent between the two models, 
and are listed in Table 1,2 and 3. 
 
Table 1. Chaser velocities at the initial instant of contact 
— analysis for a chaser approach velocity of 1 mm/s 

Chaser velocity at first instant of contact ݒଵ௫(6.975) 9.2192 · 10ି଴ସ [݉/ݏ] ݒଵ௬(6.975) 9.9673 · 10ି଴ସ [݉/ݏ] ݒଵ௭(6.975) 9.8205 · 10ି଴ସ [݉/ݏ] 
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Table 2. Target velocities at the initial instant of contact 
— analysis for a chaser approach velocity of 1 mm/s 

Chaser velocity at first instant of contact ݒଶ௫(6.975) 2.7928 · 10ି଴ସ [݉/ݏ] ݒଶ௬(6.975) 1.5147 · 10ି଴ସ [݉/ݏ] ݒଶ௭(6.975) 8.2543 · 10ି଴ସ [݉/ݏ] 
 

Table 3. End-Effector/Robot velocities at the initial 
instant of contact — analysis for a chaser approach 
velocity of 1 mm/s 

Chaser velocity at first instant of contact ݒଷ௫(6.975) −0.0025 [݉/ݏ] ݒଷ௬(6.975) 6.8 · 10ି଴ସ [݉/ݏ] ݒଷ௭(6.975) −0.0012 [݉/ݏ] 
 

Through the optimization process, the stiffness and 
damping coefficients have been achieved for each axis 
(x, y, z) to minimize the error between the LPM and the 
multi-body reference and are listed in Table 4. Instead, 
the contact stiffness and damping parameters are given in 
Table 5. 

 
Table 4. Robot Stiffness and Damping Coefficients— 
analysis for a chaser approach velocity of 1 mm/s 

Robot Stiffness and Damping Coefficients ݇ோ௑   [ܰ/݉] 10ହ ݇ோ௒   [ܰ/݉] 2 · 10ହ ݇ோ௓   [ܰ/݉] 0 ܿோ௑   [ܰݏ/݉] 1 · 10ହ ܿோ௒   [ܰݏ/݉] 0 ܿோ௓   [ܰݏ/݉] 0.0133 · 10ହ 
 

Table 5. Contact Stiffness and Damping Coefficients— 
analysis for a chaser approach velocity of 1 mm/s 

Contact Stiffness and Damping Coefficients ݇ௗ௫   [ܰ/݉] 3.126 · 10଻ ݇௦௫   [ܰ/݉] 3.3682 · 10଻ ܿௗ௫   [ܰݏ/݉] 1.9297 ܿ௦௫  [ܰݏ/݉] 2.0790 
 

These values are obtained by particle swarm 
optimization, with each parameter tuned to achieve 
minimum deviation from the multi-body reference under 
the imposed conditions. Optimization constraints are set 
within the range of realistic stiffness and damping values 
to ensure that the model could replicate the physical 
properties of the system. The resulting parameters show 
effective contact behavior, with the derived stiffness and 
damping coefficients closely matching the expected 
system dynamics. 

Graphical results of simulation are presented and 
analyzed below, focusing on absolute displacements of 

chaser, target and end effector, and normal forces acting 
on both sides of system (right and left).  

The graphs compare the results of two modelling 
approaches: the multibody simulation (blue solid line), 
which represents a detailed and high-fidelity model, and 
the lumped parameter model (red dashed line), which 
provides a simplified representation intended to 
approximate the behavior of the multibody system with 
reduced computational complexity. 

The position of the chaser along the x, y and z axes 
over time is shown in Fig. 4. Both the multibody 
simulation (blue solid line) and the LPM (red dashed 
line) are shown to compare the two approaches. 

The chaser shows a continuous increase in 
displacement along the x axis, suggesting steady motion 
in this direction. The two models are in close alignment, 
indicating that the LPM accurately reproduces the 
behavior of the multibody model. Along the y-axis, a 
similar trend is observed with steady linear motion, and 
again the LPM closely follows the multibody simulation, 
although slight deviations become apparent towards the 
end of the time period. 

For the z-axis, the pattern remains consistent with 
minimal deviation between the two models. This 
suggests that the LPM is a good approximation in 
capturing the movement of the chaser in three 
dimensional space. 

 
Fig. 4. Absolute position of the chaser— analysis for 

a chaser approach velocity of 1 mm/s 
 

The absolute position of the target along the x, y and 
z axes is shown in Fig. 5. The displacement behavior in 
these directions provides insight into the differences 
between the multi-body simulation and the LPM. 

In the x axis displacement, the target exhibits a more 
complex motion pattern compared to the chaser. While 
the LPM successfully captures the overall trend, there are 
noticeable deviations, particularly towards the later 
stages of the simulation. These differences suggest that 
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the lumped parameter model has some limitations in fully 
representing the complex dynamic interactions that occur 
in the multi-body system, especially under certain 
conditions. For the y-axis displacement, the lumped 
parameter model underestimate the movement of the 
target, especially after ݐ = .[ݏ] 6.99 This 
underestimation is probably due to the simplifications 
inherent in the lumped parameter approach, which may 
not account for all the dynamic forces and constraints 
acting on the target. Nevertheless, the general behavior is 
still useful for the simulation of the target dynamic.  

In Fig. 6 in shown the absolute position of the end 
effector along the x, y and z axes. On the x axis, the two 
models show a close match, with LPM effectively 
capturing the general pattern of motion observed in the 
multi-body model, although there are some deviations. 

In particular, the multibody model shows an initial 
oscillatory behavior that is not reflected in the LPM. This 
suggests that certain vibrational dynamics inherent to the 
multibody simulation are not accounted for in the 
simplified approach, resulting in less accurate predictions 
at this early stage. In any case, the estimation of the 
position of the end effector is not relevant to the analysis 
in focus. 

 

 
Fig. 5. Absolute position of the target— analysis for 

a chaser approach velocity of 1 mm/s 
 

 
Fig. 6. Absolute position of the End-Effector— 

analysis for a chaser approach velocity of 1 mm/s 
 

Fig. 7 and Fig. 8 shows the normal forces acting on 
the right and left gripping points. Overall, both the LPM 
and multi-body models show similar trends, capturing the 
general behavior of the forces acting on the gripping 
points. In the transient phase some discrepancies are 
observed between the two models. Despite these 
differences during the initial transient, the LPM  provides 
a reasonable approximation of normal forces. Its ability 
to match the steady-state values effectively demonstrates 
its potential as a computationally efficient tool for 
capturing the primary dynamics of the system. 

 

 
Fig. 7. Normal force of the left clamp— analysis for 

a chaser approach velocity of 1 mm/s 
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Fig. 8. Normal force of the right clamp— analysis 

for a chaser approach velocity of 1 mm/s 
 

4.2 Analysis with 3  mm/s initial velocity of the chaser 
In this analysis the system behavior is examined with 

an increased target velocity of the chaser, set to 3 mm/s 
along each axis. With this higher velocity, the contact 
occurs slightly earlier at ݐ =  and the time [ݏ] 6.7366
frame considered extends to ݐ =  .[ݏ] 7

An additional optimization is carried out  in order to 
simulate the movements due to the joint stiffness of the 
robot in the best possible way. The resulting stiffness are 
shown in Table 6. All remaining parameters are 
unchanged. 

 
Table 6. Robot Stiffness and Damping Coefficients— 
analysis for a chaser approach velocity of 3 mm/s 

Robot Stiffness and Damping Coefficients ݇ோ௑   [ܰ/݉] 5.6695 · 10ଷ ݇ோ௒   [ܰ/݉] 4.3492 · 10ଷ ݇ோ௓   [ܰ/݉] 4.5822 · 10ଷ ܿோ௑   [ܰݏ/݉] 0.3659 · 10ଷ ܿோ௒   [ܰݏ/݉] 3.9841 · 10ଷ ܿோ௓   [ܰݏ/݉] 0.7166 · 10ଷ 
 

By comparing the results in these conditions with 
those from the previous analysis carried out at a lower 
chaser initial velocity, it is possible to assess how the 
higher initial velocity affects the accuracy and dynamic 
response of the lumped parameter model compared to the 
multi-body model. Notably, in this case r deviates more 
from 1. 

With the initial velocity of the chaser set to 3 mm/s 
the LPM and the multibody model shows a similar trend 
across the x, y and z positions for each component, but 
some deviations are noticeable compared to the lower 
velocity scenario. 

In the analysis of the position of the chaser, shown in 
Fig. 9 both models show similar trends in the x, y, and z-
axes, as observed at the lower velocity. However, at this 
higher target velocity, small discrepancies become more 

pronounced. The LPM slightly overestimates the 
displacement towards the end, probably due to the 
simplified handling of higher dynamic forces. 

 

 
Fig. 9. Absolute position of the chaser— analysis for 

a chaser approach velocity of 3 mm/s 
 

For target position, shown in Fig. 10, the lumped 
model captures the overall trend on the x-axis, but 
deviates more significantly in the later stages, indicating 
challenges in modelling dynamic interactions at higher 
velocities. 

 
Fig. 10. Absolute position of the target— analysis 

for a chaser approach velocity of 3 mm/s 
 

For the end effector, shown in Fig. 11, both models 
agree reasonably well on the x-axis, although the lumped 
model misses certain oscillations seen in the multi-body 
results. On the y and z axes, the lumped model initially 
overestimates displacement but aligns more closely 
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towards the end, highlighting its limitations in capturing 
rapid transients at higher velocities. 

 
Fig. 11. Absolute position of the End-Effector— 

analysis for a chaser approach velocity of 3 mm/s 
 

The analysis of the normal forces at 3 mm/s target 
velocity, illustrated in Fig. 12 and Fig. 13,  reveals similar 
patterns to the lower-speed scenario. 

 

 
Fig. 12. Normal force of the left clamp— analysis 

for a chaser approach velocity of 3 mm/s 
 

 
Fig. 13. Normal force of the right clamp— analysis 

for a chaser approach velocity of 3 mm/s 
 
5. Discussion  

The lumped parameter model is employed because of 
the significant reduction in computational time compared 
to the multi-body model. The simulation time is mainly 
influenced by the processing power of the hardware 
(CPU) on which the model is running and the choice of 
numerical solver used during the simulation. Table 7 
shows the execution times achieved with different 
solvers, for the first analysis performed where simulated 
time is 0.025 s. The table shows how variations in solver 
algorithms and their associated computational 
complexity can have a significant impact on performance 
ode23t completes the simulation in a time shorter than 
simulated time, enabling real-time operation. 
 
Table 7. Simulation Times for Different Solvers in 
Lumped Parameter Model. 

Solver type Simulation 
time 

Mean error r of 
displacements between 

the LPM and the 
multi-body model 

ode23 0.0405 [ݏ] 0.6434[−] 
ode23t 0.0186 [ݏ] 0.6434 [−] 

ode 23tb 0.0520 [ݏ] 0.6434 [−] 
ode23s 0.1990 [ݏ] 0.6434 [−] 
ode45 0.0795 [ݏ] 0.6434 [−] 
ode15s 0.0657 [ݏ] 0.6440 [−] 
ode23 0.0405 [ݏ] 0.6434 [−] 

ode113 0.0785 [ݏ] 0.6434[−] 
ode78 0.1243 [ݏ] 0.6434 [−] 

 
Ode23tsolver uses a stabilized trapezoidal Runge-

Kutta method specifically designed to solve moderately 
stiff systems. Its efficiency in handling such systems 
contributes to the reduced computation time, making it a 
suitable choice when faster simulation performance is 
required. While the solver ode15s achieves slightly better 
model accuracy, the improvement is not significant 
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enough to justify its use, given that its simulation time is 
considerably higher than that of ode23t. 

With a simulation time interval of 0.0263 [ݏ], this 
model is capable of executing code in real time, ensuring 
that the simulation can run concurrently with the actual 
system processes without significant delays. 

The data presented in the table are obtained using a 
Dell Inspiron laptop with an Intel Core i7 processor, 
16GB of RAM, and a solid-state drive (SSD). The 
simulation times are influenced by the hardware 
specifications, including CPU performance and memory 
capacity, as well as the chosen solver algorithms. Due to 
the inherent variability in computational performance 
caused by factors such as background processes, CPU 
load, memory usage, and the specific solver algorithm 
used the execution times may fluctuate across different 
runs. The values reported in Table 7 represent the average 
simulation times calculated over 5 simulations to account 
for these variations. 

Although the lumped parameter model introduces 
minor discrepancies, particularly at higher velocities, it 
successfully captures the fundamental dynamics of the 
system. This computational efficiency is particularly 
beneficial in preliminary analysis phases or scenarios that 
require fast iteration cycles. By balancing computational 
efficiency with acceptable accuracy, the lumped 
parameter model provides an optimal trade-off, making 
it highly suitable for simulating the dynamics of chaser-
target satellite interactions. 
 
6. Conclusions  

This paper successfully presented a new hybrid 
modelling framework for real-time spacecraft berthing 
simulations. The LPM effectively reproduced the key 
dynamic features of a more complex multibody 
simulation while drastically reducing the required 
computational time. It was demonstrated that Particle 
Swarm Optimization is a robust method for calibrating 
the stiffness and damping parameters, ensuring the 
accuracy of the model across various approach 
conditions. Continuous simulation across the orbital, 
proximity and contact phases guarantees real-time 
execution, making this a suitable methodology for 
preliminary mission analysis and onboard applications. 
Future work will extend this framework to cooperative 
multi-satellite missions. These extensions will be 
validated using hardware-in-the-loop testbeds and 
applied to advanced scenarios, including in-orbit 
servicing and lunar assembly missions. 
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