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Nullspace Optimization of Redundant Robots for Dynamics

Decoupling in Motion Force Control

Wenbo Tang!, Shiquan Wang?, Wenhai Liu?, and Weiming Wang'

Abstract—The dynamics coupling between motion and force
subspaces in robotic control poses significant challenges to en-
suring force control robustness, particularly under large external
disturbances. While actively shaping the system inertia can
eliminate this coupling, it introduces additional disturbances due
to modeling uncertainties and force sensing errors. Inspired by
how humans naturally adjust their elbow postures to facilitate
motion force operations, we propose a quadratic programming-
based nullspace optimization method that minimizes dynamics
coupling for redundant torque-controlled robots. Integrated into
an impedance motion force control framework, our approach
minimizes an objective function defined by the Frobenius norm of
the projection matrix representing inertia coupling in Cartesian
space, yielding human-like postures that passively decouple task
dynamics. Experimental results demonstrate that the proposed
nullspace optimization significantly improves force control stabil-
ity and tracking performance under conditions of high friction
and external disturbances, outperforming conventional motion
force control with traditional nullspace tracking approaches.

Index Terms—Nullspace optimization, Redundant robots, Dy-
namics decoupling, Motion force control, Inertia shaping

I. INTRODUCTION

EDUNDANT torque-controlled robots are designed to

interact safely with people and environments while lever-
aging control redundancies for flexible manipulations. These
robots possess superior contact force sensing and precise joint
torque actuation capabilities, enabling accurate force tracking
in various contact scenarios [1]. Fig. 1 illustrates two typical
applications of robot interaction in manufacturing and service
industries, i.e., surface polishing and body massaging. Such
applications require the robot’s tool center point (TCP) to
simultaneously maintain contact with the environment using
desired contact forces while tracking a specific trajectory.
The contact dynamics, including surface stiffness, damping,
and friction coefficient, can vary significantly during these
tasks. Thus, controlling the motion and force simultaneously
and robustly is critical to ensuring polishing quality and a
satisfactory massaging experience.
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Fig. 1. Two typical applications of redundant robot interaction. On the left, the
robot maintains a constant polishing force on the surface while moving along
a planned trajectory. On the right, the robot massages a person by applying
a dynamic force to a specific body part.

In the context of motion force control, there are two primary
categories [2]. The one is the unified approach presented in
[3]. It utilizes computed torque control to actuate acceleration
in the Cartesian space, but it cannot specify the motion control
stiffness and damping. The other one is the wrench projection
method proposed in [4], which computes motion and force
control wrenches separately and combines them using a pro-
jection matrix derived from constrained dynamics. Prioritized
control can achieve equivalent outcomes through dynamically
consistent nullspace projection [5]. A significant challenge to
these approaches is the coupling between motion and force
subspaces, which affects the stability and robustness of force
control, especially under large disturbances such as friction
or unmodeled forces. To address this issue, [6] proposed
a hybrid force-impedance control that compensates for the
coupled effect within the force subspace. The passivity-based
decoupled strategy [7] fully decouples the motion and force
subspaces, providing more stability than the unified approach.
However, a comparative experimental study [8] showed that an
excessive decoupling of the task space reduces control robust-
ness. Another class of approach involves applying impedance
control to reshape the robot dynamics, which can be designed
to scale the natural inertia [9], completely diagonalize the
inertia matrix [10], or comply with constrained task dynamics
[11]. However, improper inertia shaping amplifies dynamics
uncertainties and magnifies sensor noises [12]. It turns out
that every decoupling approach using force feedback can be
generalized by inertia shaping through impedance control. The
partially decoupled inertia shaping is one of the most effective
strategies for achieving the trade-off between maintaining the
natural inertia and reducing motion force coupling [13].

Existing solutions for reducing the motion force coupling
focus on designing controllers that actively compensate for
coupling effects. However, they suffer from the amplification
of residual disturbances depending on the amount of shaped
dynamics [13]. The ability to reduce the dynamics coupling
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Fig. 2. Manipulating the dynamics coupling by changing the posture of

redundant arms. (a) The coupled nullspace posture of a redundant robot and its
analogous human elbow posture. When the robot attempts to polish forward,
the friction resists the motion, causing the joints to rotate. This results in
the TCP pushing harder against the surface, increasing the contact force and
friction. It is difficult for humans to stably wipe forward on a frictional table
in this way. (b) The decoupled nullspace posture of the robot and its analogous
human elbow posture. The joint rotation caused by the friction does not make
the TCP move along the contact direction. It is easy for humans to wipe
forward on the table with a laid-down elbow. (c) Adapting the nullspace
posture affects the structure of the task inertia matrix in motion force control.

in non-redundant robots is limited by the unique joint coordi-
nate for a given TCP position. In contrast, redundant robots
with more degrees of freedom (DOF) offer an advantage for
passively shaping the dynamics by altering the nullspace con-
figuration [14]. This provides the flexibility to improve control
performance while interacting with dynamic environments,
inspired by the elbow postures of humans during polishing
tasks, as shown in Fig. 2. We tend to keep the elbow flat
and parallel to the surface while wiping tables, particularly
when the friction is high, making it easier to maintain a stable
contact and move around. Similarly, appropriate nullspace pos-
tures for redundant robots can be identified through nullspace
control. The task inertia matrix is divided into blocks in Fig.
2¢, including motion subspace A,,, force subspace Ay, and
coupled space A.. The coupling can be reduced or removed
through adapting the nullspace posture, obtaining a block-
diagonal inertia matrix with changed block A,, and A I
Nullspace control for redundant torque-controlled robots is
mainly based on hierarchical torque projection [15]. Priorities
of the tasks can be extended to the dynamics level, deriving
the dynamically consistent Jacobian pseudoinverse and torque
projection matrix [16]. Hierarchical control based on task
priority can combine with compliance control to accomplish
whole-body tasks in contact environments [17]. The stability
of the multi-level compliance controller for both task space
and nullspace of redundant robots has been demonstrated

using a semi-definite Lyapunov function [18]. The nullspace
can integrate an arbitrary multi-task hierarchical decoupling
control framework, including collision avoidance through po-
tential field control [19], nullspace compliance control [20],
etc. Quadratic programming (QP) is an appealing approach
for nullspace control of redundant robots to incorporate in-
equality constraints on joint position, velocity, and acceleration
[21]. One approach to achieving multi-task Cartesian space
impedance control is through prioritized QP, which avoids
matrix pseudoinverse calculations while considering various
constraints [22]. It is also possible to exploit QP to adapt the
constrained stiffness in the impedance-based force controller to
track the desired force profiles within a hierarchical impedance
control framework [23]. The general inverse solutions of
redundant robots obtained by solving a QP problem can
incorporate manipulability maximization, joint limit inequality
constraints, and obstacle avoidance objectives [24]. Kinematic
control based on QP nullspace optimization has also been
studied in static/dynamic obstacle avoidance [25]. Although
various nullspace control applications have been investigated,
a unified framework for both active and passive regulation of
system dynamics in motion force control is still lacking.

This work fills this gap by addressing two key challenges.
The first is the online adaptation of nullspace posture for
dynamics decoupling during motion force control. In a hierar-
chical control framework, we employ impedance control as the
primary task for decoupled inertia shaping. The nullspace goal
velocity is generated by minimizing the dynamics coupling-
oriented objective function through online QP optimization.
The second challenge lies in determining an appropriate objec-
tive function representing the dynamics coupling. We propose
several representations to evaluate the magnitude of coupling
and derive the gradients. The most suitable form is determined
through comparative simulations. Experimental results demon-
strate that our approach significantly improves force control
stability and tracking performance in tasks subject to high
frictions and large disturbances.

The remainder of this paper is organized as follows: Section
IT elaborates on the multi-task hierarchical control framework
that integrates the decoupled impedance motion force control
and nullspace posture control. The QP-based nullspace opti-
mization problem exploiting the gradients of different motion
force coupling objectives is presented in Section III. Com-
parisons of nullspace postures and force control performances
across various nullspace optimization objectives are discussed
in Section IV through simulations and experiments. Finally,
section V concludes the paper.

II. MOTION FORCE CONTROL OF REDUNDANT ROBOTS
A. Control Task Hierarchy and Task Space Dynamics

The rigid-body dynamics of a redundant manipulator with
n > 6 DOF can be expressed as [6]

M(q)G+ p(q,q) =1 +71°, (1)

with the generalized joint position coordinates ¢, the inertia
matrix M(q), the Coriolis and gravity torque u(q,q). The
quantities 7, 7¢ describe the actuation torque and the external
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torque. Two hierarchical tasks control the joints of the redun-
dant robots. The primary task defines the Cartesian coordinates
2 via the mapping x = f,(q). The Jacobian matrix J(q) maps
from joint velocities to Cartesian velocities, i.e.,

t=J(q)q, J(q)=0f(q)/0q . (2)

In a common singularity-free workspace, the dynami-
cally consistent generalized inverse of J(g) is J(q) =
M=YJT(JM~tJT)~1. Multiplying both sides of (1) by
J(g)T obtains the Cartesian task dynamics [16]

Agid + piy = Fy + F 3)

where A, is the Cartesian task inertia matrix, i, is the task
Coriolis and gravity forces. The Cartesian task forces consist
of the actuation force F, and the external force Fy.

The secondary task controls the joint velocities ¢, in the
dynamically consistent nullspace of the primary task N(q)

in=N(q9)q, N(q)=I-J(q)J(q), 4)

with I being the n x n identity matrix. The dynami-
cally consistent generalized inverse of N(q) is N(q) =
M~INT(NM~*NT)#, where # is the Moore-Penrose pseu-
doinverse of a matrix. Instead of introducing a reduced set of
controllable coordinates from N(g) for nullspace impedance
control [5], a more straightforward secondary task dynamics
for acceleration control can be obtained through multiplying
both sides of (1) by N(q)T [16]

where A,, = (NM~1NT)# is the nullspace task inertia matrix
that can project the task acceleration to the controllable direc-
tions of the nullspace task, p,, is the task Coriolis and gravity
forces. The nullspace task forces consist of the actuation force
F,, and the external force F-.

B. Decoupled Motion Force and Nullspace Control

The inertia A, can be divided into motion subspace A,
coupled subspace B, and force subspace D [13]. x and F}
can be separated into the motion subspace with subscript m
and the force subspace with subscript f

A B Tm e | F5
welor o) ==[n] mefd] o
Assuming that p, is canceled by F,, a non-zero contact
wrench in the motion subspace generates coupled acceleration

in the force subspace if BT exists. To eliminate this coupling,
the ideal impedance control law F is [9]

Fy= A AT u+ (AASY = DES + py (7)

where A, is the desired inertia that removes the coupling.
However, disturbances e from model uncertainties and sensing
noises exist in the controller, making F,, = Ft —e¢. The shaped
task dynamics with the new control input u becomes

Ao =u+FS —e+ (I — AN e, (8)

showing that inertia shaping amplifies e through the projection
matrix I — A,AZ1, which vanishes only if A, = A,. Thus,

T

the desired inertia should be as close to the natural inertia
as possible [12]. This paper chooses the asymmetric partially
decoupled form that has the least disturbance amplification
while achieving motion force decoupling [13].

A {A B

_ > A — 1 _ pTg-1
AIOD},DDBAB, 9)

and the disturbance projection matrix becomes

A1 0 0

The inertia form (9) exactly removes the force coupling, but
keeps the motion dynamics unchanged, which is internally
equivalent to prioritized force and motion control [13]. The
asymptotic stability can be proved through the conditional
stability analysis [18]. The new control input u = [u;, uf]”
consists of the motion subspace u,,, and the force subspace
uy. The motion subspace uses Cartesian impedance motion

control [5] to track the desired trajectory Z,,

(10)

U, = Al + (KE + Cp)ém + KL ey (11)

where e, = T, — Ty, KE, and Kgl are the positive definite
proportional and damping gain matrices to preserve a constant
damping ratio (. C,,, can be any arbitrary matrix, for which
the skew symmetry of A-— 2C,,, holds.

The force subspace uses explicit force control [13] with task
velocity damping to track the desired contact force ﬁ'fe

uyp = _E;+K§ef — (Kf;+cf)5cf+K}/ef, (12)

where ey = FJ? — 13’]? K?, KJ‘?, and K} are respectively
positive definite force proportional gain, velocity damping, and
force integral gain matrices, C'y can be any arbitrary matrix,
for which the skew symmetry of D— 2C' holds.

The nullspace posture task uses computed torque control
[17] to track the goal nullspace velocity n

Fn = AnKz(én - qn) + tn (13)

with K g being a positive definite velocity control gain. The
total torque 7 is the sum of the projected control torques

r=J'F,+NTF, . (14)

III. NULLSPACE OPTIMIZATION CONTROL DESIGN
A. Nullspace Velocity Optimization Problem

Solving the goal nullspace velocity c}q can be formulated
into a QP with the objective function f(g,) [25]

. 2 1 2T N2 GW(C]) r 2
H;in f(Q’n) - 2qn QQn + kO ( aq ) dn -
The objective matrix ¢ = I means that every joint velocity
norm is weighted the same during the optimization. The
preferred joint velocities can be obtained by scaling the
gradient of an additional minimization objective W(q) by a
positive factor kg, which determines the convergence speed to
the local minimum of W (q). Considering the task hierarchy,
the joint velocities should be optimized in the dynamically

15)
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consistent nullspace of the primary task, ensuring that the
result is feasible for nullspace control. Therefore, the following
equality constraint should be satisfied

J(Q)(jn =0.

Besides, the joint velocities should be within the maximum
physical limits, bringing the inequality constraints

(16)

where Gin and ¢mq. are the vectors representing the mini-
mum and maximum joint velocity for each joint. (15), (16) and
(17) constitute the entire QP problem to generate the desired
velocity for the nullspace posture task.

B. Optimization Objectives for Motion Force Decoupling

The common nullspace compliance control [22][23] with
desired joint position gg can be integrated into the QP by
minimizing the joint position distance W (q);

(¢—qa)T(q—qs)  OW(q);
2 ’ dq

Wiq); = =q—qq- (18)

In this paper, W (g) can be exploited to minimize the motion
force coupling, which initially comes from the off-diagonal
terms of the task space inertia matrix. Changing the nullspace
posture passively shapes the inertia matrix while keeping the
acceleration of the Cartesian task unaffected. However, the
coupling projection to be considered is not unique, depending
on the selected spaces of the projection.

Given A, in (6), defining selection matrices

Sm=1[I 0], Sp=[0 I], (19)

the inertia matrix block A and B” can be represented as

A=S,A,.SL, BT =S5:A,SE. (20)

Table I lists three types of projection matrices Py, P,, and
Py, considered to represent motion force coupling. The first
option is to optimize the coupling term Py = SpA;1ST,
which decides the amount of coupled accelerations to the force
subspace from an unintended contact wrench with unit norm
in the motion subspace. Decreasing B or increasing A and
D can reduce this type of coupling. A more straightforward
choice is to optimize the coupled inertia P, = B”, which
represents the wrench in the force subspace required to gen-
erate an acceleration of unit norm in the motion subspace.
The advantage of using P, is that B” alone directly reflects
the off-diagonal dynamics coupling in the inertia matrix.
Alternatively, considering the disturbance amplification from
inertia shaping in the impedance motion force control, the
coupling term P; = BTA~! in (10) could be optimized
to minimize the disturbance sensitivity of inertia shaping,
i.e., the additional disturbance introduced in the shaped task
dynamics from a raw disturbance wrench with unit norm.
Besides lowering B, making the motion subspace inertia A
larger can also reduce the disturbance amplification.

Given a coupling projection matrix, the optimization ob-
jective W(q) should be defined to evaluate the coupling

TABLE I
PROJECTION MATRICES IN MOTION FORCE COUPLING

Matrix Representation Physical Intuition
TCP acceleration in the force
Py SrAy 1377,; subspace generated by contact
wrench in the motion subspace
Actuation wrench in the force
P, SrAy sk subspace to generate acceleration

in the motion subspace

Additional disturbance wrench

T T\—1
Pq SyhAaSm(SmAaSm) introduced by inertia shaping

{JO1 = 0
‘_,"', Jo2 =0

Optimal Projection

Fig. 3. Matrix projection in the two-dimensional space. The projection matrix
P = 0 minimizes the magnitude of the motion force coupling, causing the
projected ellipsoid to collapse into a point at the origin.

magnitude. For an arbitrary space projection y = Pv, the set
of vectors v and y satisfying

vlv =y (PPT) 'y =1, 1)
describes the points on the unit sphere surface in v space and
the points on the projected ellipsoid surface in y space. The
lengths of the ellipsoid’s principal axes are determined by the
eigenvalues o;, for © = 1,--- ,r, of the matrix PPT, where
r is its dimension. Fig. 3 visualizes the projection in the two-
dimensional space. Minimizing the coupling projection means

that the ellipsoid should be shrunk toward a point as much as
possible, which brings the minimization objective

W(g)=> oi=|P|}, (22)
=1

with ||P||r being the Frobenius norm of P. Therefore, the
objectives corresponding to the three coupling projections are
W(q)s = [|Ps|[- W(q)a = || Pallf» and W(g)a = || Pal[Z.

C. Gradients of Optimization Objectives

Once the additional optimization objective has been defined,
the objective vector in (15) can be obtained from the gradient
of W(q) to the joint positions ¢

oW (q) _ {avv(q) aw<q>r o3
8q 6Q1 8% ’
where the gradient to the kth joint position g is
oW (q) < oP )
= 2Po — , 24
aq}c ; ; ° an ij ( )
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TABLE II
MOTION FORCE CONTROL PARAMETERS

Parameters Simulation Experiment

Force Kf,’ 0.5 0.25

Force K} 200 300

Force K } 0 10

Desired ij 20N

Motion K},  [4000, 4000, 4000 N/m, 400, 400, 400 Nm/rad]
Motion ¢ [0.7, 0.7, 0.7, 0.7, 0.7, 0.7]

Motion K% [50, 50, 50, 50, 50, 50, 50]

with the element-wise product of two matrices o, and >, >~
represents the sum of all matrix elements. For the projection
matrices listed in Table I, the gradients to g are

an —18/\90 1T
=1 - _S:A AZtsh 25
Iqy. TP By, e O (25)
P, A

¢ =95, =25 26
Oqx wm (26)
dP, T A1 OAs o1 41
—2—(S;—BTA's,, ST oA=L, 27)
Oqr, (S ) Oqx (

where the gradients A, /Oqy can be computed numerically.
Introducing these gradients into (24) gives the objective vec-
tors for the QP optimization.

IV. SIMULATIONS AND EXPERIMENTS

The nullspace optimization for motion force decoupling
was studied through both simulations and experiments using
the torque-controlled Flexiv Rizon4s robot with 7-DOF. The
simulations used an accurate robot dynamics model that was
injected with various sensing disturbances. The experiments
were conducted with the robot polishing a surface using either
an electric or a passive polishing tool. The Cartesian spaces
are arranged as [PX, PY, PZ, RX, RY, RZ], where the first
and last three spaces are translation and rotation subspaces
along the X, Y, and Z axes. The PZ axis belongs to the force
subspace, leaving the other axes in the motion subspace. Table
II lists the details of the control design.

A. Simulation and Experimental Setups

Fig. 4 shows the self-developed simulation platform of the
Rizon4s robot and a virtual surface supporting point contact.
The robot dynamics including motor inertia were accurately
modeled in the controller. The contact stiffness of the surface
was 30000 N/m while no contact damping existed. Coulomb
friction was simulated to introduce a coupling force from the
motion subspace. Two Coulomb friction coefficients ;1 = 0.25
and 1.0 were simulated to evaluate the control performances
under different motion force coupling magnitudes. The sim-
ulated contact force was disturbed by a zero-mean Gaussian
random noise with 5N variance and a 1Hz sinusoidal distur-
bance with 2N amplitude. The simulated sensor was filtered
by a 1st-order low-pass filter with 25Hz cutoff frequency.

To investigate the advantages of nullspace optimization
under sensing noise and large external disturbances, the robot

contact
j __» surface

P - 3 (30000N/m)

< 4 \

Fig. 4. Simulation platform. The robot moved along a horizontal trajectory
on the XY plane while controlling the contact force against the surface. The
contact was simulated using a single point at the TCP and a spring model
of the flat surface with a stiffness of 30000N/m. The Coulomb friction was
generated online based on the spring force and the direction of TCP velocity.

of -

polish
tool

trajectory

trajectory electric sander

() (b)

Fig. 5. Experiment platform with a flat wooden surface. (a) A passive tool
was installed on the flange. (b) An electric sander was installed on the flange.
Both model uncertainties and force-sensing disturbances existed. The passive
tool generated friction forces between the sandpapers and the wooden board.
The electric sander introduced high-frequency external disturbances due to
eccentricity but negligible friction.

trajectory

?)assive tool

with a force sensor at the flange performing polishing tasks
along a given trajectory on a flat contact surface was tested.
The force sensor was calibrated using the gravity of the
passive tool as a baseline when the TCP was static. The
tool gravity was calculated and compensated online in the
force measurements based on TCP orientations. The cutoff
frequency of the Ist-order low pass filter on the force sensing
is 25Hz. As shown in Fig. 5a, the passive polishing tool
installed two sandpapers having different friction coefficients
p = 0.25 and 0.75 to verify the influence of motion force
coupling magnitude on the force control stability. Besides, the
control performances under large external disturbances were
assessed by mounting a Mirka DEOS electric sander at the
flange with 7000 RPM, as presented in Fig. 5b.

B. Simulations and Discussion

During the simulation, the robot first established contact
with the surface using the same initial posture as shown in Fig.
6a. Then, it optimized its posture using various optimization
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21 |
S S0
(b) © (d)

Fig. 6. Optimized postures of the simulation at the trajectory start. (a) The
desired posture for the objective W (g);. (b) Optimized posture using the
coupling objective of the inertia matrix inverse W (q) . (c) Optimized posture
using the coupling objective of the inertia matrix W (q)qs. (d) Optimized
posture using the disturbance coupling objective W (gq) 4.

(a)

14.3

S2 S6

~0.55 -
E S1 S4

~
Time (s)

06|

0.65 1

0.7 o
Start/End

0.75

I I I I 0
-0.1 0 0.1 0.2

Y (m)

-0.3 -0.2

Fig. 7. The XY position command of the trajectory. The trajectory was
divided into six segments (S1 to S6) based on the movement direction along
the X-axis. The duration of each segment is indicated in the color bar.

objectives while keeping the TCP static until the robot config-
uration converged to the final postures shown in Fig. 6. Since
the objective W (g); used the same initial posture as the joint
position command, the robot converged instantly with its pos-
ture unchanged. Optimizing W (q) s slightly pushed the robot’s
elbow to the right, while the gradient of W (q), actuated
the robot to lower its elbow to the left by approximately 90
degrees, resulting in a final configuration similar to the human
arm when polishing the horizontal surface. The objective that
induced the most significant change in nullspace posture is
W(q)aq, which inverted the elbow from top to bottom.

After the robot configuration converged from the initial
posture, the TCP started to move along the trajectory in Fig.
7 while optimizing the nullspace posture online. As shown
in Fig. 8, all three motion force coupling magnitudes were
computed and plotted in three rows, when using different
nullspace optimization objectives represented by different col-
ors. The changing patterns of all coupling magnitudes align
with the trajectory segments. When the QP adopted W (q); as
the optimization objective, none of the coupling magnitudes
shown in black reached their minimum mean or max values,
as the robot merely maintained the nullspace posture at its
initial value. When W(q),; was injected into the QP, both
the mean and max of its magnitude shown in green were
the minimum during the polishing task. But the other two
coupling magnitudes remained as high as the case with W (q);
optimized. When W(q), was optimized, its mean and max
were substantially reduced to below 3, as indicated by the
red line. This demonstrates that the posture in 6¢c with a
flat elbow can decouple the motion force task space inertia

—QP with W(q)j
S1 S2

QP with W(q)/.—QP with W(q)a —QP with W(q)d
S4 S6

0.4

il O N

= | T | i

< 0.35 | I L I | |
0.2

& ; ; ) I I
03t /\ | I | } 0.1

T | | | |

Mean Max

9.4

23 71 11.8 14.3 Mean Max
Time (s)
40 T T T T T 40
| | | |
| | | .
<30 s —— 4 3
'& l I f | I I
S '\ / \ / »
ot /0 N N\ - 10
T
T ! T
10 | n | T |
23 48 71 94 118 143 Mean Max
Time (s)

Fig. 8. Online changing values of all three motion force coupling objec-
tives during the simulations. The plots simultaneously record the coupling
objectives W(q)s, W(q)a, and W(q)q, when the QP adopted the four
optimization objectives distinguished by different colors. The mean and max
objective values are compared through the bar charts.

——QP with W(q)/ QP with W(q)/ ——QP with W(q)u —QP with W(q)d

n=025
Force error (N)

n=10
Force error (N)

Tim.c (s)

Fig. 9. Force tracking errors of the simulations with two Coulomb friction
coefficients p. The force error is the difference between the desired force of
20N and the filtered contact force. The top plot shows the force error when
p = 0.25, and the bottom plot records the data when p = 1.

better than other postures. Meanwhile, even the magnitude
of the disturbance coupling in motion force control W(q)4
across the polishing task was lower than the case that took
the magnitude itself as the optimization objective shown in
blue. The discrepancy arose because posture optimization
tends to converge to the local minimum rather than a global
one. Although the initial values of W(q)y were the same
for the QP with objectives W (q), and W (q)4, optimizations
starting from different postures shown in Fig. 6 converged
to different nullspace configurations and coupling magnitude
values. For a fixed TCP pose, the nullspace of the 7-DOF
robot is topologically equivalent to a line. This allows the
global minimum to be found by searching along the nullspace.
For a given TCP trajectory, a globally optimal nullspace path
can be planned offline on the continuous nullspace surface by
optimizing an objective function over the entire trajectory.
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TABLE III
STATISTICAL FORCE ERROR (N) OF THE SIMULATION

Cases | pn=025 \ p=1.0

W(g) | MA PTP STD | MA PTP STD
Wi(g); | 23 182 28 | 59 724 93
W(g); | 25 174 31 | 74 740 120
Wi(ga | 15 105 18 | 1.6 108 20
W(g)g | 16 122 20 | 1.8 141 21

TABLE IV
SELECTION OF OBJECTIVE FOR MOTION FORCE DECOUPLING

Optimization | Force Control ~ Human-like ~ Motion Force
Objectives Performance Posture Decoupling
W(q); X X X
Wi(q)s X X v
W(q)a v v v
W(q)a v x x

For the robot performing the polishing task, the larger the
Coulomb friction coefficient u, the stronger the motion force
coupling effect. As shown in Fig. 9, all simulations using QP
with the four optimization objectives achieved stable and ac-
ceptable force tracking performance when p = 0.25. However,
when the nullspace posture was optimized based on W (q);
shown in black or W(g); shown in green, the system became
oscillatory and unstable when 2 = 1 and four times larger
coupling were generated with the same contact force. Notably,
the oscillations only occurred during trajectory segments S2,
S4, and S6, when the robot was stretching forward along the
X-axis. In these segments, positive feedback existed between
the friction and the coupled contact force, meaning that larger
friction caused the TCP to push harder against the surface.
The system could easily become unstable if disturbances, espe-
cially time delays, exist in the force sensing for inertia shaping.
During trajectory segments S1, S3, and S5, the friction tended
to lift the TCP and reduce the contact force, enhancing the
force control stability under sensing disturbances. On the other
hand, the optimization using W (g), shown in red, or W (q)q
shown in blue, maintained stable force control and consistent
tracking performance. Table III presents the statistical force
tracking results of the simulation. Although optimizing W (q)
obtained the minimum objective value as shown in Fig. 8, the
force tracking became worse compared to the case optimizing
Wi(q) j» as indicated by the larger mean absolute (MA) value,
peak-to-peak (PTP) value, and standard deviation (STD) of
the force error when p = 1.0. It suggests that minimizing
W (q)s is not appropriate for motion force decoupling. On
the contrary, the force tracking performance under optimized
W (q)a or W(q)q was superior to the previous two cases and
nearly unaffected by the Coulomb friction. The improvement
stems from the reduction of motion force coupling, making the
force control less sensitive to coupled disturbances. Given the
differences between the optimization objectives from various
perspectives, we selected the most appropriate one for the

Fig. 10. Optimized postures of the flat surface experiments at the trajectory
start using different optimization objectives. (a) The initial and desired
postures for W (q);. (b) Optimized postures using the objective W (gq)q.
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Fig. 11. Force tracking errors of the experiments on the flat surface. The
upper two plots show the errors when using the passive polishing tool with
two different sandpapers, having friction coefficients of p = 0.25 and 0.75.
The bottom plot shows the force error when the electric sander was installed.

experiments. As shown in Table IV, W(q), was chosen as
the final representation of the optimization objective due to
its best force tracking, most human-like posture, and lower
motion force coupling magnitudes than W (q)4.

C. Experiments and Discussion

Since the experiments on the flat surface used the same TCP
trajectory as the simulation, the objective values of motion
force coupling in Fig. 8 were identical for both cases. The
initial robot postures when the TCP reached the trajectory
start and the optimized postures using nullspace optimization
objective W (q), are presented in Fig. 10, which are nearly the
same as the postures in Fig. 6. It turned out that if the nullspace
attempted to maintain its initial joint configuration through op-
timizing W (q) , the unstable force-tracking behavior observed
after increasing the contact friction coefficient could be well
reproduced in the experiment, as shown in Fig. 11. When the
sandpaper with a lower p = 0.25 was installed on the passive
polishing tool, both force tracking using optimization objec-
tives W (g),; shown in black and W (g), shown in red were
stable. The force statistical errors of nullspace optimization
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TABLE V
STATISTICAL FORCE ERROR (N) OF THE EXPERIMENTS

Cases ‘ =0.25 ‘ =0.75 ‘ Electric Sander
v | v, ]| v Bl [wo
MA 0.5 0.4 10.0 0.6 2.6 1.8
PTP 5.1 37 97.0 6.1 16.7 12.4
STD 0.6 0.5 17.0 0.8 3.1 2.1

using W (q), given in Table V have negligible improvement
compared to that of W(g);. However, the comparison in the
case of ;4 = 0.75 indicated that optimizing the objective
W(q). in the nullspace can significantly improve the stability
of the force control system. The force error only increased by
half after the friction increased, whereas the W (q), optimized
nullspace control resulted in TCP jumping and oscillation
during the polishing. From the result when using the electric
sander with negligible friction in Fig. 11, the amplitude of the
force error vibration caused by disturbances from the rotating
sander was lower through optimizing W(q),. The reduced
force statistical errors in Table V demonstrate the superiority
of motion force coupling minimization in rejecting external
disturbances during the motion force control.

While validated on the presented polishing task, the pro-
posed approach is general and can be directly applied to other
contact-rich tasks (e.g., wiping or assembly) that similarly
require stable force interaction. Furthermore, the nullspace
optimization for motion force decoupling is scalable to higher-
DOF robots, as the proposed objective function remains valid.
The increased redundancy in such robots provides a larger
nullspace, potentially enabling even better dynamic decou-
pling. The method is also applicable to non-planar environ-
ments, since the formulation is defined in the task space and
can be adapted to surface geometries.

V. CONCLUSIONS

The proposed nullspace optimization framework provides
a systematic and effective approach to improving decoupled
motion force control in redundant torque-controlled robots.
Based on a QP-based nullspace control strategy, the method
minimizes dynamics coupling by posture adaptation according
to a coupling-oriented objective function, thereby enhancing
force tracking stability and reducing sensitivity to external
disturbances and friction. The decoupling framework achieves
superior performance in maintaining force control stability
compared to conventional nullspace control strategies, which
are often prone to contact force oscillations. The optimization
process consistently identifies nullspace postures with lower
coupling magnitudes, frequently resembling human elbow
configurations during surface polishing tasks. This observation
offers a biomechanical perspective on efficient force control,
which suggests the applicability to robots with higher degrees
of redundancy, including mobile manipulators and humanoid
systems. Such platforms could benefit from the ability to
dynamically adapt nullspace to complex contact conditions,
thereby enhancing force control precision and robustness.
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