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Abstract— Basketball players catch fast passes, and porters
unload goods without difficulty. These actions demonstrate
how humans rely on intelligent regulation strategies to drive
muscle activity. Replicating similar dynamic responses and
strong impact absorption in robotics, however, remains a major
challenge. Classical impedance control is theoretically sound
and robust, but its fixed parameters require a trade-off between
compliance and stability during high-impact interactions, which
limits performance in dynamic scenarios. To address this issue,
this paper proposes a Stroke-based Variable Damping Model
(SVDM), which adjusts the damping coefficient adaptively
according to the position error relative to the contact point.
In addition, a Force Attenuation (FA) strategy is applied
to the external forces injected into SVDM, resulting in the
SVDM with Force Attenuation (FA-SVDM). Based on hu-
man biomechanical principles, we fabricated a 4-DOF robotic
manipulator using 3D printing technology. Using FA-SVDM,
the manipulator successfully captured a 1kg rigid sphere
falling freely from 0.8m, resulting in a relative velocity upon
contact of approximately 4 m/s. Under identical conditions,
it exhibits superior performance compared to various fixed-
damping configurations. We further developed a 6-DOF robotic
manipulator equipped with a dexterous hand in the widely-used
MuJoCo engine, employing quadratic programming (QP) for
pre-contact trajectory tracking and FA-SVDM for post-contact
energy dissipation, ultimately achieving human-like compliant
capture of high-momentum flying objects using a single arm
with a half-prehensile strategy.

I. INTRODUCTION

Human proficiency in capturing high-momentum flying
objects has drawn significant attention. Endowing robots with
this capability can not only enhance operational efficiency in
logistics applications [1], [2], [3], [4], but also provide safe
capture solutions for space debris collection [5].

However, the complexity of robotic capture increases
significantly when the target carries large momentum. The
problem extends from simple trajectory interception to han-
dling high-velocity impacts and post-contact energy dis-
sipation (Fig. 1). The key challenge is to mitigate the
initial impact force while dissipating the object’s kinetic
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Fig. 1. A 6-degree-of-freedom robot manipulator equipped with a dexterous
hand is employed to capture a large-momentum object weighing 4 kg, with
relative velocity upon contact being approximately 4 m/s.

energy in a compliant yet stable manner. To address high-
momentum impacts, variable impedance control methods
have been proposed [6], typically by rapidly increasing stiff-
ness and damping. However, for unknown targets, improper
mass–stiffness–damping matching may induce oscillations or
even instability, particularly in space applications.

To address these limitations, we propose a Stroke-based
Variable-Damping Model (SVDM), which adaptively regu-
lates the damping coefficient according to the displacement
relative to the contact point. A Force Attenuation (FA)
mechanism is further introduced, forming the integrated FA-
SVDM framework. This design enables high compliance
during initial impact to mitigate contact forces, followed by
increased damping for efficient energy dissipation.Beyond
the adaptive strategy itself, we provide comprehensive sta-
bility analysis guaranteeing convergence to a stable equi-
librium—an assurance often absent in heuristic or learning-
based approaches. The proposed FA-SVDM specifically tar-
gets non-zero-velocity collisions and the associated post-
impact energy dissipation in high-momentum capture tasks.

The overall capture framework is illustrated in Fig. 2
and validated through physical experiments and high-
fidelity simulations. Comparative results demonstrate that
FA-SVDM significantly outperforms fixed-damping config-
urations, achieving lower peak impact forces and shorter de-
celeration strokes under identical conditions. To further eval-
uate robustness, FA-SVDM is implemented in a challenging
half-prehensile capture simulation, where a dexterous hand
stabilizes the object without a fully enclosing grasp. This
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Fig. 2. Operational framework of the proposed capture system, where
quadratic programming (QP) is employed for target tracking.

inherently less robust setting provides a stringent benchmark
for controller performance.

The remainder of this paper is organized as follows:
Section II reviews prior research related to this work. Section
III presents the proposed approach in detail, including the
design of the FA-SVDM, the stability analysis, and the
digital implementation. Section IV reports and analyzes the
experimental results on both the physical and simulation
platforms. Finally, conclusions are drawn in Section V.

II. RELATED WORK

Successful capture of flying objects depends on pre-
contact tracking accuracy, impact handling, and post-contact
energy dissipation. This section first introduces the impact
model and its key parameters, then reviews methods from
the perspectives of hard and soft catching, distinguished by
whether explicit post-impact control strategies are employed.

A. Impact Model
In the pure torque control mode, the impact forces between

the object and the robot is given by [7] :

F̂ =
−(1 + e)(ẋ− ẋo)

Tu

uT (Λ−1 + 1
mo

I)u
. (1)

where e ∈ (0, 1) is the coefficient of restitution, ẋ, ẋo ∈ R6

denote the velocities of the robot and the object, respectively.
u is the normal vector along the contact direction, m0 is the
mass of the object, and Λ is the inertia matrix of the robot.

The equivalent mass of the robot is defined as:

mu(q) =
[
uTΛ−1

v u
]−1

(2)

where Λv ∈ R3×3 is the positional part of the decomposition
of the inertia matrix Λ.

From (1), impact force decreases with lower relative con-
tact velocity. For instance, [8] reduced impact and rebound
by replacing the target with a sandbag, thereby lowering the
restitution coefficient e. The equivalent mass can likewise
be reduced through lightweight robot design or redundancy-
based kinematic configuration.

We next analyze existing methods for object capture under
different robot configurations and target characteristics.

B. Hard catching approach

When the target is small and light, collision and energy
dissipation can often be neglected. Hard catching methods fo-
cus on intercepting targets at predefined points using instan-
taneous stopping maneuvers [8], [9], [10], [11], [12], [13].
The main challenge is to compute the interception configu-
ration—position and velocity—within a short time window
and drive the robot to reach it accurately.

To address these challenges, several studies have proposed
different strategies. [11] defined operational objectives in
the image plane, generating 2D control schemes for tar-
get capture without explicit 3D reconstruction. Building on
this, [12] developed a dual-layer motion planning algo-
rithm for real-time trajectory generation, combined with a
learning-based controller to improve joint tracking accuracy.
For irregular objects, [13] employed offline-learned motion
models for rapid online prediction of non-uniform targets,
together with probabilistic methods to determine feasible
grasp configurations. On integrated mobile platforms with
manipulators and dexterous hands, [8] implemented a whole-
body control strategy via two-phase reinforcement learning,
enabling reliable capture of randomly thrown objects under
dynamic conditions.

C. Soft Catching approach

The task becomes more complex when relative contact
forces and object elasticity are considered [14], [15]. To
address this, [16] achieved elastic ball capture using Model
Predictive Control (MPC) combined with black-box gradient-
aware optimization, incorporating velocity residuals into the
catching-point configuration and introducing buffer strategies
to mitigate rebound. Meanwhile, [17] modeled dynamical
systems as Linear Parameter-Varying (LPV) systems, esti-
mating parameters via Gaussian Mixture Models (GMMs)
and developing a closed-loop optimal controller to maximize
grasping softness under kinematic constraints.

When the target mass significantly increases, the task
complexity not only arises from handling intricate collision
dynamics but also from the need to compliantly dissipate
the substantial kinetic energy of the target. To address this
challenge, impedance control techniques have been widely
applied for impact-aware catching [18], [19], [20], [7], [21].
Specifically, [20] proposed a hybrid optimization-learning
framework that effectively absorbs post-impact forces
through human demonstration-learned post-capture trajecto-
ries combined with variable stiffness control, enabling non-
prehensile catching of objects at non-zero velocity. Their sub-
sequent work [7] extended this approach to two-dimensional
scenarios, but the captured targets remained relatively small
compared to the robot’s maximum actuation capabilities,
and the method’s effectiveness in full 3D captures remains
unverified. As a pioneer in dynamic dual-arm capture of fly-
ing objects, [21] developed an integrated system combining
motion estimation, prediction, contact selection, and stiff-
ness modulation. The impact-aware motion planning strat-
egy significantly reduces contact forces during robot-object
interactions. Nevertheless, the system exhibits limitations,
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including a restricted capture workspace, reaching the robot’s
joint limits, and underutilization of normal forces generated
upon object contact, which together lower the upper bound of
capture performance. Unlike the dual-arm setup in [21] or the
fixed-parameter control in [20], our single-arm FA-SVDM
efficiently avoids joint limits and reduces peak contact forces
without extra hardware.

III. METHODOLOGY

This section details the FA-SVDM implementation. We
first describe pure torque-mode impedance control, followed
by the FA-SVDM design. Next, we present its stability
proof and digital implementation. Finally, we discuss 6-DOF
end-effector pose adjustment. Since strict VM realization is
unnecessary for the well-studied pre-contact QP problem, we
adopt a design similar to [12].

A. Impedance control

Typically, the dynamic modeling of a robot manipulator
can be expressed as:

M(q) q̈ +C(q, q̇) + g(q) = τ + τext. (3)

where q, q̇, q̈ ∈ Rn denote the joint positions, velocities,
and accelerations, n is the number of DoFs, M(q) ∈ Rn×n

is the inertia matrix, C(q, q̇) ∈ Rn is the Coriolis term,
g(q) ∈ Rn is the gravity term, and τ ∈ Rn are the actuation
torques, the transformation from the external force Fext to
the external torque τext is given by τext = J(q)⊤Fext.

The transformation from the joint space of the robot
manipulator to the Cartesian space is given by:q̇ = J(q)−1 ẋ,

q̈ = J(q)−1
(
ẍ− J̇(q, q̇)J(q)−1 ẋ

)
.

(4)

Substituting (4) into (3), we obtain:

Λ(x) ẍ+µ(x, ẋ) ẋ+J(q)−⊤g(q) = J(q)−⊤τ+Fext, (5)

where 
Λ(x) = J(q)−⊤M(q)J(q)−1,

µ(x, ẋ) = J(q)−⊤
(
C(q, q̇)J(q)−1

−M(q)J(q)−1J̇(q, q̇)J(q)−1
)
.

(6)

The essence of impedance control is the maintenance
of a virtual dynamical model, usually formulated as a
mass–spring–damper system:

Λd
¨̃x+Dd

˙̃x+Kdx̃ = Fext, (7)

where x̃ = x−xd denotes the error between the EE’s current
position and its desired position. Λd, Dd, and Kd are the
mass, damping, and stiffness matrices, respectively, which
are typically designed as diagonal matrices.

The encoder provides q and q̇, from which x and ẋ can
be computed, and the external force Fext is measured by the
force sensor. Substituting these data into (7) yields ẍ,which
is then used in (5) to compute τ .

B. Design of the FA-SVDM
As mentioned in Section III-A, the parameter matrix in (7)

is typically designed as a diagonal matrix, which decouples
the system states. Therefore, analyzing the one-dimensional
case is sufficient to achieve the same result, as also adopted
in [23]. In 3D applications, decoupled Cartesian impedance
control is used, where FA-SVDM modulates compliance
along the impact normal (z-axis) and maintains high fixed
stiffness and damping in the tangential directions (x, y) to
avoid slippage.

The proposed FA-SVDM can be formulated as follows:

mẍ(t) + µ |x(t)|n ẋ(t) = Ra,b(x(t)) · fext. (8)

In (8), m denotes the virtual inertia, and ẍ(t), ẋ(t),
x(t) represent the acceleration, velocity, and displacement
of the controlled object, respectively. The controlled object
is typically the EE, with the contact point taken as the origin.
Here, µ is the damping coefficient, n is the exponential
coefficient. fext represents the external force applied to the
EE. Ra,b(x(t)) denotes the attenuation coefficient function,
defined as follows:

The curve is illustrated in the following Fig. 3(a), where κ,
M , a, and b are fixed parameters. Here, κ serves as the gain
factor that ensures Ra,b(x(t)) ∈ [0, 1], while M influences
the decay rate of the curve. Notably, Ra,b(x(t)) is a C∞

function, which facilitates the subsequent stability analysis
and provides a smooth transient performance.

For the damping term, let

D(ẋ(t), x(t)) = µ |x(t)|n ẋ(t).
To better observe the effect of |x(t)|n, we set µ = 1 and

ẋ(t) = 1. The curve of D(ẋ(t), x(t)) with respect to x(t) is
shown in Fig. 3(b), during the initial phase of the contact,
relatively low damping combined with a higher allocation of
external force allows the EE to accelerate rapidly and achieve
VM with the target object, without generating excessive
contact forces. In the subsequent phase, as the damping
increases and the external force progressively transfers to the
actual dynamic system, where it is completely compensated,
allowing the object’s energy to be dissipated effectively.

Remind that larger values of n are not necessarily benefi-
cial. An excessively large n can result in an ill-conditioned
system, potentially causing oscillations.

Next, we discuss the passivity, stability, and digital imple-
mentation of (8). Before proceeding, we assume fext > 0,
as capture tasks typically involve only a downward force
between the object and the robot.

1) Passivity: For (8), define the system input as

u = Ra,b(x(t)) · fext,

and the system output as ẋ. To analyze its passivity, we
construct the storage function V (ẋ) = 1

2mẋ2, which yields:

d

dt
(V (ẋ)) = mẋẍ = −µ |x|n ẋ2 + ẋRa,b(x(t))fext (9)
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Fig. 3. (a) Attenuation coefficient curve with a = −0.5 m, b = 0.5 m,
M = 1.2, and κ = 2.0736; (b) Damping effect under different n.

it follows that:

uẋ = Ra,b(x(t))fextẋ = V̇ (ẋ) + µ |x|n ẋ2 (10)

Since µ |x|n ẋ2 ≥ 0, it follows that uẋ ≥ V̇ (ẋ), so,
the system is passive. In the task considered in this paper,
the system’s passivity allows it to effectively dissipate the
object’s kinetic energy without storing additional energy.

2) Stability: For (8), define x1 ≜ x(t) and x2 ≜ ẋ(t). Its
state-space representation is given by:{

ẋ1 = x2,

ẋ2 = − µ
m |x1|n x2 +

Ra,b(x1)fext

m ,
(11)

in the free state, the spatial velocity ratio Rsv is given by:

Rsv =
ẋ2

ẋ1
= − µ

m
|x1|n , (12)

and the free-state phase portraits is shown in Fig. 4.
In the capture tasks, the initial value of x1(0) is set to 0.

First, we consider the case where x2(0) ≥ 0, since Ra,b(x1)
varies with the system state, in order to analyze the stability
and steady-state properties of the system, we conduct the
analysis in the following two stages:

a) Ra,b(x1) ̸= 0: we can get from (11)

ẋ2 =
1

m
Ra,b(x1) · fext −

µ

m
|x1|n x2 (13)

given that x2(0) ≥ 0,

− µ

m
|x1|n ẋ1 ≤ ẋ2 ≤ 1

m
fext (14)

where, the left-hand side inequality defines its lower bound,
while the right-hand side inequality defines its upper bound.

By analyzing ẋ2-UB = 1
mfext, we can obtain the phase

plane equation:

x1-UB =
m

2fext

(
x2
2-UB − x2(0)

2
)
. (15)

From Fig. 5(a), It can be observed that (15) intersects with

x1 = b at XM =

(
b,
√

2bfext
m + x2(0)2

)
, at the same time,

(x1-LB, x2-LB) is generated from its phase portraits in the free-
state. so we can observe that (13) is tightly constrained by
the UB and LB curves. It is worth noting that although the
LB curve may cross the x1-axis when x1 < b, trajectory (13)
is prevented from reaching x2 = 0 within the region x1 < b
because fext > 0.

Therefore, in this stage, the system variables (x1, x2) do
not exhibit finite escape.
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Fig. 4. The phase portraits of FA-SVDM in the free state(n = 3,m =
1, µ = 40).
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Fig. 5. Phase trajectories with upper and lower bounds for initial velocities
(a) x2(0) > 0, (b) x2(0) < 0.

b) Ra,b(x1) = 0: Note that x2 retains its sign after the
end of the previous phase. Hence, we obtain:

mẋ2 = −µ |x1|n x2 ≤ −µ |b|n x2 (16)
Hence, we obtain:

Rsv =
ẋ2

ẋ1
≤ − µ

m
|b|n ,

since the right-hand side of the inequality is constant, the
phase trajectory will necessarily intersect with x2 = 0, and
system (16) is asymptotically stable by taking Lyapunov
candidate function V (x2) = x2

2. Consequently, the trajec-
tories of (11) will converge towards to a unique equilibrium
point (xe, 0), which is the intersection obtained by using the
geometric analysis mentioned above.

For the case x2(0) < 0, Fig. 5(b) illustrates two possible
scenarios. In the first case, as illustrated by Traj I, when the
effect of the external force or damping is strong, x2 first
decreases to zero, after which the system behavior corre-
sponds to Case III-B.2.a and Case III-B.2.b discussed earlier.
In the second, as shown by Traj II, the trajectory crosses the
boundary x = a before x2 decelerates to zero, eventually
entering the case III-B.2.b discussed and converging to the
equilibrium point.

In summary, the system is stable, and the equilibrium point
exists and is unique.

3) Discretization constraint of FA-SVDM: When imple-
menting (8) on a practical system, we do not expect the
damping term to grow without bound, as this may lead to
non-passivity and potential instability of the system. There-
fore, we extend µ|x(t)|n to µ

∣∣∣ x(t)σ(x)

∣∣∣n, by introducing σ(x) as
a dynamic scaling factor. Note that this modification does not
affect the previous stability conclusions. Consequently, we
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obtain the discrete-time implementation of (8), For notational
simplicity, let f̃ext(k) = Ra,b(x(k − 1)) fext(k), it leads to

ẍ(k) = m−1
(
f̃ext(k)− µ

∣∣∣ x(k−1)
σ(k−1)

∣∣∣n ẋ(k − 1)
)
,

ẋ(k) = ẋ(k − 1) + ẍ(k) ·∆T,

x(k) = x(k − 1) + ẋ(k)∆T + 1
2 ẍ(k)∆T 2.

(17)

Calculate the acceleration value at time k + 1:

ẍ(k + 1) = m−1

(
f̃ext(k + 1)− µ

∣∣∣∣x(k)σ(k)

∣∣∣∣n ẋ(k)) . (18)

Let ∆U(k) denote the difference of the damping term:

∆U(k) = µ

∣∣∣∣x(k)σ(x)

∣∣∣∣n ẋ(k)− µ

∣∣∣∣x(k − 1)

σ(k − 1)

∣∣∣∣n ẋ(k − 1), (19)

it follows that

ẍ(k)−ẍ(k+1) = m−1
(
f̃ext(k)− f̃ext(k + 1) + ∆U(k)

)
, (20)

and

µ

∣∣∣∣x(k)σ(k)

∣∣∣∣n ẋ(k) =
µ

|σ(k)|n
∣∣∣x(k − 1) + ẋ(k)∆T

+
1

2
ẍ(k)∆T 2

∣∣∣n(ẋ(k − 1) + ẍ(k)∆T
)
.

(21)

Assume that σ(k) varies relatively slowly as a tuning param-
eter, since in most cases it remains constant at 1. (19) can be
approximated using the polynomial decomposition theorem
as follows:

∆U(k) ≈ µ

|σ(k − 1)|n
[
|x(k − 1)|nẍ(k)∆T + n|x(k − 1)|n−1

·
(
ẋ(k)∆T + 1

2
ẍ(k)∆T 2) sign (x(k − 1)

)
ẋ(k − 1)

]
.

(22)
By further transformation, we obtain

∆U(k) ≈ µ

∣∣∣∣x(k − 1)

σ(k − 1)

∣∣∣∣n [(
1 + n

x(k − 1)− x(k − 2)

x(k − 1)

)
∆T ẍ(k)

+ n
x(k − 1)− x(k − 2)

x(k − 1)
ẋ(k)

]
.

(23)
In the analysis, the external force is assumed to be either zero
or a constant value, the same assumption was also made in
[23]. Thus, we have:

ẍ(k)− ẍ(k + 1) = m−1∆U(k). (24)

Define

α =

{
1− µ

m

∣∣∣∣x(k − 1)

σ(k − 1)

∣∣∣∣n (
1 + n

x(k − 1)− x(k − 2)

x(k − 1)

)
∆T

}
,

(25)

β = −n
µ

m

∣∣∣∣x(k − 1)

σ(k − 1)

∣∣∣∣n x(k − 1)− x(k − 2)

x(k − 1)
, (26)

the dynamics of (24) can be rewritten as the following
equation:

ẍ(k + 1) = αẍ(k) + βẋ(k) (27)

which is equivalent to the following state-space representa-
tion: [

ẋ(k + 1)
ẍ(k + 1)

]
=

[
1 ∆T
β α

] [
ẋ(k)
ẍ(k)

]
. (28)

For the matrix
A =

[
1 ∆T
β α

]
,

we compute its eigenvalues:

det(λI −A) = 0| =⇒ (λ− 1)(λ− α)− β∆T = 0. (29)

For the case β < 0, the discrete-time system (27) is stable
when |α| < 1, which leads to the following inequality:

µ

m

∣∣∣∣x(k − 1)

σ(k − 1)

∣∣∣∣n (1 + n
x(k − 1)− x(k − 2)

x(k − 1)

)
∆T < 2,

(30)
then we can get:

σ(k − 1) >

{
1

2m
µ|x(k − 1)|n

(
1 + n

x(k − 1) − x(k − 2)

x(k − 1)

)
∆T

} 1
n

.

(31)

Therefore, in the deployment on practical robotic systems,
the selection rule for σ is as follows:

σ(k − 1) =

max

(
1,

{
1

2m
µ|x(k − 1)|n

(
1 + n

x(k − 1) − x(k − 2)

x(k − 1)

)
∆T

} 1
n
)
.

(32)

From (32), when the sampling period ∆T is sufficiently
small, σ will take the value 1 for the vast majority of the
time, which will enventually fulfill the assumption mentioned
below (21).

For the case of β > 0, (29) can be further analyzed,
leading to conclusions similar to those of (31). However,
since the task considered in this work does not involve β > 0,
we do not elaborate on this case.

C. End-effector attitude control

In this work, we employ a half-prehensile strategy to
capture the target sphere, allowing the object to slide on the
EE. Unlike fully prehensile manipulation, where the object
is rigidly secured by mechanical constraints, the dynamic
nature of half-prehensile interaction imposes greater chal-
lenges on planning the EE’s orientation. Importantly, once
the object contacts the EE, visual occlusion prevents reliable
estimation of the relative pose between the sphere and the
EE using vision-based sensing. Consequently, monitoring the
sphere’s sliding on the EE must rely solely on proprioceptive
feedback from the finger joints. To address this limitation,
we propose a method to infer the relative position between
the object and the EE based on finger angle measurements.

First, a PD torque control is applied to the finger joints:

ui = kpiβ̃i + kdi
˙̃
βi, (33)

where ui denotes the torque at each finger joint, β̃i = βi−βid

represents the angular error of each finger joint, ˙̃
βi denotes

the angular velocity error, and kpi and kdi are the PD
parameters for each finger joint.

Thereafter, we design a desired trajectory for the EE’s
orientation. Taking the pitch angle as an example, the desired
trajectory function is defined as follows:

θb = θ0e
−λ1t − α1, (34)
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Fig. 6. End-effector attitude adjustment curve during momentum unloading.

where θ0 denotes the EE’s initial angle at the moment of
interception, λ1 is the exponential decay coefficient and
α1 represents the offset angle at stabilization. Next, finger
feedback information is incorporated: ∆θ = k

¯̃
β, where ¯̃

β =
1
9

∑9
i=1(βi − βi,d), and k denotes the feedback coefficient.

Finally, the desired pitch angle is obtained as

θd = θb +∆θ. (35)

Moreover, for roll angle φ, we integrate the error feedback
information from the thumb β10,11,12, index finger β1,2,3, and
ring finger β7,8,9:

β̃φ =
1

3

12∑
i=10

(βi − βi,d) +
1

3

(
3∑

i=1

(βi − βi,d) −
9∑

i=7

(βi − βi,d) − βb

)
,

(36)

where βb is a fixed offset. (36) effectively prevents the ball
from slipping between the thumb and index finger. Fig. 6
illustrates the attitude adjustment mechanism during energy
dissipation. By combining the desired reference trajectory
with proprioceptive feedback from the finger joints within
a hybrid control framework, the target ball reaches dynamic
equilibrium. Notably, the palm stabilizes in a slightly tilted
configuration, improving the system’s disturbance resistance.

IV. EXPERIMENTS AND RESULTS

In this section, we detail the experimental setup, in-
cluding the physical platform and simulation environment,
and analyze the results obtained under different damping
configurations.

A. Experimental setup

To validate the advantages of FA-SVDM in non-zero
velocity capture tasks, we constructed a 4-DOF robotic ma-
nipulator shown in Fig. 7(a). The motor layout was carefully
designed to reduce inertia, and joints three and four are
actuated via cable transmission. To eliminate the influence
of other factors, such as relative impact velocity or visual
tracking delays, the object was released from a fixed height
to fall freely onto the stationary EE. Neither object tracking
nor QP planning was utilized during this purely vertical drop
validation.

Fig. 7. Configuration of the proposed system: (a) physical experimental
setup for validating FA-SVDM; (b) overview of the extended simulation-
based experimental system.

We further conducted extended experiments in MuJoCo,
building a 6-DOF robotic manipulator equipped with a 12-
DOF dexterous hand, as illustrated in Fig. 7(b). The proposed
FA-SVDM was employed to capture a larger-mass object in
this platform.

B. Physical experiment

As mentioned in Section V-A, A rigid sphere with mass
m = 1 kg was dropped freely from a height of h = 0.8 m,
resulting in a relative velocity upon contact of approximately
4 m/s. The proposed FA-SVDM was employed to dissipate
the post-contact energy, with model parameters set as n = 2,
mx = 1 kg, mz = 1 kg, µx = 8000, µz = 7000, ∆T =
0.003 s, a = −0.3 m, b = 0.3 m, M = 1.2, and κ = 7.582.
The selection of these key parameters (e.g., bounds a, band
scaling factor M ) is aligned with the robot’s physical joint
range limits and was optimized through offline simulations
to ensure both compliance and kinematic safety.

For comparison, three additional fixed-damping settings
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(d = 30, 50, 85 N · s/m) were tested. To confirm the con-
sistency of the results, 4 repeated trials were conducted for
each damping configuration, and representative results are
shown in Fig. 8(b-e). The following metrics are defined to
quantitatively evaluate the energy dissipation under different
damping settings:

1) Maximum z-direction deceleration stroke, z̃;
2) The maximum contact force in the z direction, Fmax.

The analysis results are summarized in Table I.
As shown in Fig. 8(d), the group with d = 35, triggered

joint limits, resulting in task failure. From the results in
Table I, the group with d = 85 exhibited the highest Fmax,
and the group with d = 50 had the longest deceleration
stroke. In the pure torque control mode, the deceleration
trajectory in Fig. 8(a) is not strictly vertical due to factors
such as estimation errors in the dynamic model and joint
friction. Nevertheless, this does not affect the conclusion that
the proposed FA-SVDM achieves the smallest Fmax and z̃,
demonstrating its compliance and efficiency in handling non-
zero velocity capture tasks.

TABLE I
INDICATORS AND RESULTS OF PHYSICAL EXPERIMENTS

z̃ [m] Fmax [N]

FA− d35 > 0.366∗ 27.74

FA− d50 0.278 26.88

FA− d85 0.254 31.46

FA− SV DM 0.227 22.16

∗ The capture failed due to the end-effector triggering the
joint kinematic limits at this stroke.

It should be noted that the task addressed in this paper
is more challenging than the one in [20]. In the one-
dimensional experiments of [20], The setup used m = 0.5 kg
and h = 0.27 m, corresponding to 50% and 34% of the
present experiment, respectively. The maximum contact force
reported by their method was 23.6 N, which is higher than
that achieved by the method proposed in this work.
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C. Simulation extension experiment

Building on the previous experiments, we conducted ex-
tended simulations in MuJoCo [22], where the FA-SVDM
parameters were set as follows : µx = 100, µy = 200,
µz = 80, n = 3, mx = my = mz = 1, ∆T = 0.001 s, a =
−0.3 m, b = 0.3 m, M = 1.2, and κ = 7.5821. As illustrated
in Fig. 7(b), a spherical object with a radius of r = 0.13 m
and mass 4 kg was selected as the capture target. During the
tracking phase, the widely used QP method was employed to
plan the motion of the manipulator. After contact, FA-SVDM
was applied to dissipate the kinetic energy of the object
in a compliant manner, while an end-effector orientation
adjustment algorithm and joint-level PD control were used
to stabilize the target. The results are shown in Fig. 9.

As seen in Fig. 9(c), a rebound occurs at the instant of
contact due to the residual velocity, but the object’s kinetic
energy is quickly and smoothly dissipated thereafter. It is
worth noting that the peak contact force in Fig. 9(d), when
normalized by the object’s weight (defined as Fmax/(mobject ·
g)), is significantly larger than in the previous experiment.
This discrepancy arises because contact force computation in
MuJoCo relies on strict rigid-body collision models, whereas
the real physical setup naturally mitigates initial impact
forces due to its inherent mechanical flexibility and structural
damping. The damping variation in Fig. 9(e) is consistent
with the trends observed in the previous section.

Furthermore, in the attached video, more tests with dif-
ferent initial velocities illustrate that FA-SVDM handles
the capture tasks effectively. A more comprehensive control
framework incorporating null-space projection for secondary
objectives (e.g., joint-limit avoidance and posture regulation)
will be investigated in future work.

V. CONCLUSIONS
This paper addresses the challenge of robotic capture of

high-momentum flying objects by proposing a novel variable
impedance control framework, termed FA-SVDM. The core
idea is to adaptively regulate the system damping coefficient
based on the post-contact displacement of the end-effector,
while dynamically attenuating the external force injected into
the virtual dynamics. This enables high compliance during
the initial collision phase and efficient energy dissipation in
the subsequent stage. We provide a theoretical analysis of
the controller’s stability, ensuring system convergence.

The effectiveness of the FA-SVDM framework is validated
through physical prototypes and high-fidelity simulations.
Experimental results clearly demonstrate that, compared with
various fixed-damping configurations and related methods,
the proposed approach achieves both lower peak impact
forces and shorter deceleration strokes in capture tasks,
effectively resolving the trade-off between compliance and
dissipation efficiency. This study offers a promising solution
for efficient logistic manipulation in unstructured environ-
ments and the capture or de-spinning of high-Momentum
space targets in orbital scenarios. Future work will focus on
refining the physical system and performing comprehensive
experimental validation.
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