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Abstract— This paper presents a method for handling
nullspace challenges in Cartesian impedance control of a dual-
arm KUKA IIWA robot by employing a Look ahead Con-
troller(LAC) in nullspace. Ambidexterity is crucial for dual-arm
robots to perform complex tasks that require coordinated use
of both arms. Cartesian impedance control provides significant
advantages in dual-arm manipulation tasks, especially in imi-
tation learning for reproducing learned compliant interactions
and precise control of end-effector poses. This approach enables
the learned tasks to be robot-agnostic, facilitating transfer
to other robotic systems. However, the nullspace handling of
cartesian impedance control is very challenging. In this paper,
we address this issue to handle kinematic constraints and
facilitate avoiding singularities, joint limits, and collision in
nullspace or redundant space of dual arms with each other with
the help of a LAC. The proposed approach utilizes Sequential
QP in the optimization loop of LAC for estimating optimal joint
configurations for a horizon in redundant space, this provides
the safe and efficient operation. Results are provided in this
paper for two trajectories and compared with and without
optimization, results demonstrate the method’s effectiveness in
maintaining desired end-effector poses while avoiding kinematic
constraints and nullspace collisions.

I. INTRODUCTION

Ambidexterity, the ability to use both hands with equal

proficiency, is an essential feature for dual-arm robots to

reproduce complex tasks learned from imitation learning

that require coordinated and simultaneous use of both arms

as shown in Fig.1. Achieving this ambidexterity poses sig-

nificant challenges, including avoiding singularities, joint

limits, and collisions between the arms. Cartesian impedance

control is a widely used technique for robotic manipula-

tion, providing compliant behavior and precise control of

end-effector poses, particularly in imitation learning. This

control approach allows robots to adaptively reproduce tasks

by adjusting to dynamic environments, making it highly

beneficial for transferring learned behaviors across different

robotic systems [1], [4]. However, handling the nullspace in

Cartesian impedance control presents significant challenges,

such as avoiding singularities and avoiding joint limits while

maintaining the desired end-effector trajectory [2], [3]. In ad-

dition to the above challenges, avoiding nullspace collisions

of the dual arms with each other is also an important factor

to be considered in dual-arm robots. These complexities

can be addressed with sophisticated optimization techniques
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(a) Robot in Real World (b) Robot in Mujoco Simulation

Fig. 1: Dual Arm KUKA IIWA robot.

to make use of the robot’s redundant degrees of freedom

effectively.

This paper focuses on addressing these challenges by

employing Sequential Least Squares Quadratic Programming

(SLSQP) optimization. This method integrates with a look-

ahead controller (LAC) framework, which acts as a foresee

controller estimating the optimal trajectory of the nullspace

configuration for future horizons by utilizing the kinematic

model of the robot. The proposed solution computes optimal

joint configurations while maintaining safety and efficiency

during dual-arm operations.

The paper is organized as follows: Section II reviews

related work, Section III describes the methodology which

includes the nullspace projection and the main objective

function of the optimization problem, Section IV details the

implementation of the Cartesian impedance controller with

nullspace joint impedance control, optimization module, and

interface through ROS2 and, Section V presents the results

and evaluation for the experiments conducted in simulation,

and Section VI concludes the study with potential future

work.

II. RELATED WORK

Previous research has focused on various methods for

Cartesian impedance control and collision avoidance in

robotic systems. Nullspace optimization techniques have

been explored for single-arm robots, but extending these

methods to dual-arm systems introduces additional complex-

ities due to inter-arm interactions. Ambidextrous capabilities

in humanoid robots have been a topic of growing interest,

emphasizing the need for effective control strategies to

manage the intricate dynamics and coordination required for

such tasks. In recent years, Cartesian impedance control has

become a focal point in robotic manipulation, particularly for

collaborative and compliant interactions [1]. Various studies

2025 IEEE/SICE International Symposium on System Integration (SII)
January 21-24, 2025, Munich, Germany

979-8-3315-3161-4/25/$31.00 ©2025 IEEE 990



have explored different approaches to enhance robot perfor-

mance, including the integration of nullspace optimization to

manage redundant degrees of freedom. Khatib’s operational

space formulation laid the groundwork for combining motion

and force control [2]. Siciliano and Khatib further inves-

tigated kinematic control of redundant robots, emphasizing

the importance of nullspace handling to avoid singularities

and improve joint limit management [3].

Mansfeld et al. [12] proposed an approach to improve the

performance of auxiliary null space tasks via time scaling-

based relaxation of the primary task. This work highlights

the significance of balancing primary and secondary tasks to

achieve better performance in robotic systems with redundant

degrees of freedom. However, the primary task is in joint

space in contrast to our requirement where the primary task

is in Cartesian space.

Regarding collision avoidance Lei et al. [10] proposed

a real-time kinematics-based self-collision avoidance algo-

rithm for dual-arm robots. While their approach is effective

for self-collision avoidance, our work extends beyond this

by integrating it in a multi-objective optimization framework

that not only addresses collision avoidance but also optimizes

joint configurations for manipulability, joint limit avoidance,

and jerk minimization within the nullspace of the Cartesian

impedance controller.

Recent advancements have incorporated optimization al-

gorithms, such as quadratic programming, to refine nullspace

projections and ensure task-priority frameworks [5]. Hoffman

et al. [11] presented a multi-priority Cartesian impedance

control method based on quadratic programming optimiza-

tion. Their approach emphasizes managing multiple task

priorities using quadratic programming to achieve optimal

control in task space. Kuindersma et al. [6] presented an

optimization-based approach for whole-body control of hu-

manoid robots, focusing on dynamic stability and force

optimization. Kanoun et al. [7] explored kinematic control

with inequality constraints to address joint limit and collision

avoidance. Additionally, Zhou et al. [8] investigated multi-

objective optimization in robotic manipulators, emphasizing

adaptability in complex environments. Furthermore, Wu et

al. [9] utilized reinforcement learning to enhance impedance

control strategies, demonstrating improved performance in

unstructured settings.

Model Predictive Control (MPC) with Cartesian

Impedance control has been extensively applied to

manage variable stiffness and damping. Thelenberg et al.

[25] proposed an MPC-based strategy for dynamically

adjusting stiffness and damping to ensure compliance during

trajectory tracking. Similarly, Anand et al. [26] introduced

a Deep Model Predictive Variable Impedance Controller,

integrating MPC with learned Cartesian impedance models

to adapt impedance parameters dynamically for diverse

manipulation tasks.

While MPC has demonstrated robust capabilities in pri-

mary task control, its reliance on precise system models and

significant computational overhead can present challenges,

particularly in real-time applications. In this study, LAC is
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Fig. 2: Overview of the Nullspace Optimization of Cartesian

Impedance Controller using Look Ahead Control, computes

optimal nullspace configuration for N Horizons.

employed specifically for nullspace optimization in Carte-

sian impedance control, enabling effective management of

redundant degrees of freedom while maintaining compliance.

Unlike previous works, where MPC governs primary task

dynamics, LAC is applied solely in the nullspace, optimiz-

ing secondary objectives. This decoupling of primary task

control from nullspace optimization ensures computational

efficiency while addressing constraints unique to redundant

systems.

Our method leverages a scalarized multi-objective function

within the LAC framework to predict and interpolate optimal

nullspace configurations over future horizons. This approach

ensures balanced optimization across constraints without the

computational burden typically associated with MPC for

primary tasks, making LAC a suitable choice for managing

nullspace configurations in dual-arm systems.

III. METHODOLOGY

In this section, we elucidate our approach to optimize

nullspace of the cartesian impedance controller to address the

challenges without disturbing the task space. The overview

of the implementation is illustrated in the Fig.2.

A. Cartesian Impedance Control Law

Cartesian impedance control is a strategy for robotic ma-

nipulators that establishes a dynamic relationship between a

robot’s pose and interaction forces, making it ideal for collab-

orative robots. It allows the robot to adjust its position based

on contact forces, enhancing safety and compliance in shared

environments. The control law for Cartesian impedance [1]

can be expressed as:

F = Kp(xd − x) +Dp(ẋd − ẋ) (1)

Where F is the wrench vector applied at the end-effector,

Kp is the stiffness matrix, Dp is the damping matrix, xd

and x are the desired and actual positions, respectively, and

ẋd and ẋ are the desired and actual velocities.

The conversion of wrenches to joint torques, considering

external Cartesian wrenches Fext, is given by:

τ = JT (F+ Fext) (2)
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where τ represents the joint torque vector, JT is the transpose

of the Jacobian matrix, and Fext denotes the desired external

Cartesian wrenches at the end-effector.

Incorporating nullspace control allows for the utilization

of redundant degrees of freedom, optimizing joint config-

urations. The nullspace projection ensures that the robot’s

primary task is prioritized, while secondary tasks (e.g.,

joint configurations) are handled without affecting the main

task [2], [3]. The control law in the presence of nullspace

optimization is given by:

τ = JT (F+ Fext) + (I− JT
(

JT
)†
)τnull (3)

where τ is the joint torque vector, J is the Jacobian matrix,

(JT )† is the pseudo-inverse of the Jacobian Transpose, and

τnull represents the torque components in the nullspace, which

is our main point of interest that we make use of this term

to achieve our objectives.

Our idea is to implement a joint impedance control within

the nullspace of the Cartesian impedance control. This

enables the control of the desired nullspace configuration,

which is the solution acquired from the optimization problem

detailed in the following sections.

The joint impedance control law in the nullspace can be

expressed as [13]:

τnull = Knull(qd − q) +Dnull(q̇d − q̇) (4)

where Knull is the joint stiffness matrix, Dnull is the joint

damping matrix, qd and q are the desired nullspace and

actual joint configurations, and q̇d and q̇ are the desired

and actual joint velocities. However, in order to simplify the

problem, we only give current joint velocities q̇.

B. Nullspace Optimization

Nullspace optimization is the main objective of this work

to make use of the redundant degrees of freedom of a

redundant robot. This technique allows the robot to prioritize

primary tasks, maintaining the desired end-effector position,

orientation, and wrench, while simultaneously optimizing

secondary objectives within the nullspace. We employ Se-

quential Least SQuares Programming (SLSQP) optimizer in-

side LAC to achieve our objectives. The optimization process

computes the desired joint configurations over a period of

horizon that achieves these goals without compromising the

main task.

Look ahead control: In Look Ahead Control (LAC), op-

timization is performed at each step within a predefined

horizon, as formulated in Algorithm 1. This allows the

system to predict and generate an optimized trajectory for

each robotic arm across future states within the horizon. The

process begins by using the current joint positions as the

initial guess for optimization. For subsequent steps within

the horizon, the initial guess for each next time step is

derived from the optimal nullspace configuration obtained

in the previous time step.

During each step of the optimization process, the robot’s

system model is utilized in the objective function to search

for an optimal nullspace configuration. This model-based

optimization adapts the nullspace configuration dynamically

for future states, ensuring that the trajectory respects the

robot’s kinematic constraints.

At each horizon, the optimization process generates a

trajectory that balances multiple objectives in the nullspace

while maintaining the primary control objectives of the

Cartesian impedance controller. The resulting optimized tra-

jectory is then streamed to the nullspace of the controller,

ensuring efficient management of the nullspace dynamics.

However, the length of the prediction horizon heavily influ-

ences the system accuracy, hence needs to be chosen wisely

for generating optimal trajectories.

Algorithm 1 Look Ahead Control (LAC) with Nullspace

Optimization

Input: Current joint states q0, horizon length N , objectives

f1, f2, . . . , fn
Output: Optimal trajectory qtraj for a length of horizon N

for each time step t do

Initialize current initial guess to current joint states qt

Initialize qtraj,t = [ ] ▷ Initialize the optimal trajectory

for the current horizon

for each step k = 0 to N − 1 do

Update the robot dynamic model for qt+k

Formulate scalarized multi-objective function:

J =

n
∑

i=1

wifi(qt+k)

Minimize the objective with an initial guess:

qopt,t+k = argmin
q

J

subject to qmin ≤ q ≤ qmax

Update current initial guess to qopt,t+k

Append qopt,t+k to qtraj,t

end for

Command qtraj,t to the nullspace of the Cartesian

impedance controller

Update qt based on feedback

end for

We try to optimize the null space to achieve five objectives

ensuring smooth and efficient operation of the robot.

Objective Function: It is clear that the optimization is a

multi objective optimization problem, due to the computa-

tional complexity, in contrast to the multi objective optimiza-

tion techniques such as Pareto based optimization, here we

minimize a scalarized multi-objective function that combines

the multi objective optimization problem to a single objective

function by a weighted sum of the objective functions.

where fi(q) represents the objectives and wi are the weights

assigned to each objective. By assigning weights to each

objective, the function allows us to prioritize specific goals

based on the task requirements. We consider to minimize the

below objective functions:

1) Cartesian Pose Error: The first objective is the

Cartesian pose error, which is crucial for ensuring that the
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nullspace configuration corresponds accurately to the desired

Cartesian position. If the nullspace configuration does not

align with the Cartesian position, it can result in instability

and unpredictable behavior of the robot. The Cartesian pose

error is the difference between the current and desired end-

effector poses, including both positional and orientation

errors. The Cartesian pose error is defined as:

f1(q) = ∥xdesired − xcurrent∥+Qdist(qdesired,qcurrent) (5)

Where xcurrent and xdesired are the current and desired Carte-

sian positions, qcurrent and qdesired are the current and desired

orientations. The orientation error is computed by the quater-

nion absolute distance [19]:

Qdist(qdesired,qcurrent) = 1− (qdesired · qcurrent)
2 (6)

By minimizing this error, we ensure that the nullspace

configuration is aligned with the Cartesian position, hence

this objective is considered high priority.

2) Manipulability Cost: The manipulability cost is de-

rived from the singular values of the Jacobian matrix. High

manipulability indicates that the robot can move freely in its

workspace, while low manipulability suggests that the robot

is near a singular configuration.

Manipulability measures were first introduced by

Yoshikawa [14], who proposed using the determinant and

singular values of the Jacobian matrix to assess the robot’s

capability to perform tasks. This measure has been widely

adopted and extended in various works. For instance, Tsai

and Morgan [15] and Ang et al. [16] utilized manipulability

for path planning and control of robotic manipulators. From

the above reference, the manipulability of a redundant robot

can be defined as:

µ =
σmin

σmax
(7)

The second objective, manipulability cost, which can be

inversely related to the manipulability measure of the robot

can be defined as:

f2(q) =
1

µ2
(8)

where σmin and σmax are the minimum and maximum

singular values of the Jacobian matrix, respectively.

This formulation ensures that as the robot approaches

a singular configuration, the cost increases significantly,

thereby guiding the optimization to avoid such configura-

tions.

3) Joint Limit Cost: In order to ensure that the optimal

joint angles remain within their specified limits, we have

formulated a cost function that penalizes joint configurations

as they approach these limits. This joint limit cost function

is crucial for maintaining the integrity and safety of the

robot’s movements, as it prevents the joints from exceeding

their mechanical boundaries. The joint limit cost function is

defined as:

f3(q) =
∑

i



















(

qi−(qmin,i+ϵ)
ϵ

)2

if qi < qmin,i + ϵ
(

qi−(qmax,i−ϵ)
ϵ

)2

if qi > qmax,i − ϵ

0 otherwise

(9)

Where, qi is the joint angle,qmin,i is the lower limit of

the joint,qmax,i is the upper limit of the joint, ϵ is a small

threshold that defines a boundary region near the joint limits.

This cost function increases the penalty as the joint angles

approach their limits, effectively guiding the optimization

process to avoid configurations that are too close to these

boundaries. By doing so, we ensure that the robot operates

within a safe and efficient range.

4) Collision Avoidance Cost: To ensure the safe opera-

tion of the dual-arm robot, it is crucial to avoid nullspace

collisions between the two arms. Nullspace collisions occur

when the redundant degrees of freedom, managed within the

nullspace, lead to configurations where the links of the two

arms come too close or intersect each other. This situation is

particularly problematic as it can happen without affecting

the primary task performance, making it less obvious to

detect and prevent. The collision avoidance cost is designed

to minimize the risk of such collisions by considering the

minimum collision distances between the collision geome-

tries of the links of both arms. The computations exclude

the pairs that are fixed and adjacent to each other. These

collision geometries are defined in the URDF of the robot

and can be either mesh files or geometric primitives. The

cost function is defined as:

f4(q) =
K

∑

i

(

minj dist(geomleft
i , geom

right
j )

)2 (10)

where, q represents the joint angles of the robot. geomleft
i

denotes the collision geometry of the i-th link of the left

arm not in the excluded pairs. geom
right
j denotes the collision

geometry of the j-th link of the right arm not in the ex-

cluded pairs. dist(geomleft
i , geom

right
j ) represents the distance

between the collision geometries of the i-th link of the

left arm and the j-th link of the right arm. And minj dist
represents the minimum collision distance to the j-th link of

the right arm

This formulation ensures that the cost increases signif-

icantly as the minimum collision distances between the

selected links of the two arms decrease, thereby encouraging

the optimization process to find configurations that maximize

these distances and reduce the risk of collisions. The Fig.

3 illustrates an example of the minimum collision distance

calculation of a link in the right arm with respect to the

selected links of the left arm.

The minimum collision distance between the selected link

pairs is computed in real time using the Flexible Collision

Library (FCL) [20] and the Trimesh library [21] from the

collision geometries defined in the URDF for each link,

which can be either mesh or geometric primitives. This

approach provides a more accurate representation of the

robot’s physical structure compared to using the link centers,

resulting in effective collision cost estimation.

C. Nullspace Adaptive Joint Limit Avoidance

In our approach, although the optimization in the nullspace

includes the bounds to achieve optimal configurations within
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minj dist

Fig. 3: Visualization of Minimum Collision Distances (white

dashed lines) of a link in the right arm to the selected links

in the left arm.

joint limits, task space domination can occasionally lead to

configurations where the nullspace approaches these limits.

To address this issue, we implemented an adaptive stiffness

and damping mechanism in the nullspace to compute ad-

ditional torques that push the robot away from the joint

limits. This is achieved by incorporating an additional joint

impedance control in the nullspace, where the error is

the difference between the current joint positions and the

midpoint of the joint limits. However, it is not necessary

to apply these torques constantly when the joint positions

are not at the midpoints; therefore, stiffness is adapted and

smoothly increases as the joint positions approach the limits.

The adaptive nullspace stiffness Knull adapt is defined by

the following formula:

Knull adapt = |Km [tanh(b(q − c1)) + tanh(b(q − c2))] |
(11)

where:

• Km is a scaling factor that determines the maximum

stiffness increase,

• b controls the steepness of the stiffness increase,

• q represents the joint angle,

• c1 and c2 are the lower and upper thresholds, respec-

tively, beyond which stiffness begins to increase.

The corresponding adaptive damping can be defined as:

Dnull adapt = 2
√

|Knull adapt| (12)

Finally, the joint limit torques in the nullspace can be

computed as:

τ joint limits = Knull adapt · (−elimit)−Dnull adapt · q̇ (13)

Whereas, elimit is the error input which is the difference

from the current position to the midpoints of the joints.

elimit = q −
qmin + qmax

2

This formulation allows for a smooth increase in stiffness as

the joint angles approach their limits, effectively preventing

violations of joint constraints while maintaining flexibility

within the safe operating range.

IV. IMPLEMENTATION

The proposed approach was implemented on a dual-arm

KUKA IIWA 14 robot as shown in Fig.1 using ROS2 [24]

interface. The Cartesian impedance controller was adapted to

ROS2 and modified as required from the ROS1 implemen-

tation as mentioned in [22]. This control law leverages its

compatibility with collaborative robots and its effectiveness

in force control tasks.

The entire implementation was carried out on an Intel

PC equipped with an i9 processor, 64 GB RAM, and 32

cores, ensuring sufficient computational power for real-time

processing. We utilized the SciPy [23] optimize library to

perform optimization tasks, focusing on achieving a balanced

solution across multiple objectives, including end-effector ac-

curacy, manipulability, and collision avoidance. The PyKDL

library was employed for modeling the robot’s kinematics,

allowing precise calculations within the optimization loop.

The implementation involves several key components and

interactions between different ROS2 nodes and libraries. The

Fig.4 outlines the structure and data flow within the system,

as detailed below:

ROS2 Node: Cartesian Impedance 

Controller

RBDL Library

ROS2 Node: Robot Interface 

Driver

Robot

ROS2 Core

ROS2 Node: Nullspace Optimization

Joint Torques

Scipy 

Library

Kinematic 

Objectives 

Optimization 

Problem

Collision Cost Estimation

fcl Library
Trimesh 

LibraryKDL Library

ROS2 Node: Trajectory Generator/ Motion Planner

Cartesian Pose 

Trajectory

Cartesian Wrench 

Trajectory

Cartesian 

Impedence Control 

Law

Robot State

Nullspace 

Configuration

KUKA FRI 

Library

Mujoco 

Interface

Fig. 4: Implementation Overview.

• ROS2 Core: The central communication framework

that connects all ROS2 nodes and facilitates data ex-

change.

• ROS2 Nodes:

– Cartesian Impedance Controller This node is

responsible for calculating the Cartesian impedance

control law and generating the required joint

torques. It interacts with the robot library to send

commands to the robot.
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(a) Without Optimization
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(b) With Optimization

Fig. 5: Visualization of a Trajectory execution with and without Optimization.

(a) Visualization of Nullspace Collision Avoidance in each arm.

(m)

(m)

(m)

(b) Trajectory execution and Optimal Nullspace Configuration.

Fig. 6: Nullspace Collision avoidance with optimization.

– Robot Interface Driver Interfaces with the phys-

ical robot hardware or simulation robot, providing

real-time interface for feedback and control.

– Nullspace Optimization Handles the optimization

of the nullspace configuration to avoid joint limits,

singularities, and collisions. It utilizes the Scipy li-

brary for optimization and interacts with kinematic

and collision cost estimation libraries.

– Trajectory Generator/Motion Planner Generates

the Cartesian pose and wrench trajectories required

for task execution.

• RBDL Library: Used for rigid body dynamics compu-

tations required for the Cartesian Impedance Controller.

• Scipy Library: Library used for solving the nullspace

optimization problem.

• Kinematic Objectives: Define the goals for the robot’s

joint positions and movements within the nullspace.

• Optimization Problem: Multi-objective optimization

problem incorporating kinematic objectives, joint limit

avoidance, collision cost estimation, etc,.

• Collision Cost Estimation: Utilizes the FCL, Trimesh,

and KDL libraries.

• FCL, Trimesh, and KDL Libraries: Provide tools for

collision detection and kinematic calculations.

• Cartesian Impedance Control Law: The control law

is implemented to achieve the desired Cartesian pose

and wrench by calculating the necessary joint torques.

• Robot State: The current state of the robot, including

cartesian positions, joint positions, torques, etc,.

• Nullspace Configuration: The optimized configuration

of the robot’s joints within the nullspace.

V. EXPERIMENTS AND RESULTS

In this section, we evaluate the performance of the Carte-

sian Impedance Controller with nullspace optimization. The

experiments were conducted on Mujoco simulation.

The results in Fig. 5 clearly demonstrate the improvement

in trajectory tracking with nullspace optimization. Without

optimization, the robot failed to reach certain points due to

an invalid nullspace configuration. Nullspace optimization

resolves these issues, allowing the robot to avoid joint limits,

singularities, and collisions effectively. The plots on the right

side show the real time computation of optimal nullspace

configuration and the corresponding torque computed from

nullspace joint impedance controller.
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Fig. 7: Visualization of an example Dual-arm coordinated

motion execution with Optimization.

Figure 6 demonstrates the proposed nullspace optimization

in avoiding inter-arm collisions in nullspace during dual-arm

trajectory execution. Subfigure (a) shows the sequence of

execution of the robot maintaining safe distances between the

arms, while subfigure (b) visualizes the optimized nullspace

configurations. The collision avoidance cost dynamically

adjusts the nullspace configuration, to maintain safe distances

between selected collision geometries without compromising

primary task performance.

An example of coordinated dual-arm motion with opti-

mization is visualized in Fig. 7. It shows the effectiveness of

the proposed method, where compliance is in place between

the arms holding a rectangular bar and maintaining desired

end-effector trajectories while optimizing the nullspace con-

figurations.

In our experiment, we used the trajectory to challenge

the robot by pushing it near its kinematic reach. However,

the optimization worked effectively by dynamically adjusting

the nullspace configuration, as shown in Fig. 7. While

perfect tracking was not possible due to the limits of robot

reach, the optimization prioritized objectives, allowing the

robot to attempt trajectory tracking even when encountering

singularities and joint limits.

VI. CONCLUSION

This paper presents an approach for nullspace optimiza-

tion in Cartesian impedance control of dual-arm robots to

achieve ambidextrous capabilities. By employing a scalar-

ized multi-objective function within a Look Ahead Control

(LAC) framework, our method addresses the complexities

associated with nullspace configurations, including avoiding

singularities, maintaining joint limits, minimizing jerk, and

preventing nullspace collisions between the arms.

Experimental results validate the effectiveness of our ap-

proach. The inclusion of nullspace optimization significantly

improves performance such as joint limit avoidance, and

manipulability, demonstrating the method’s capability for

efficient operation. The integration of nullspace collision

avoidance ensures that the robot maintains safe distances

in nullspace during operation. The collision cost function,

embedded within the optimization framework, dynamically

penalizes configurations that risk collisions. This mechanism

allows the robot to execute trajectories that respect all

constraints, maintaining task-space accuracy and compliance

while optimizing nullspace configurations.

The dual-arm coordinated motion experiments demon-

strated the effectiveness of nullspace optimization, most im-

portantly, the primary compliance behavior of the Cartesian

impedance controller is not affected. The robot’s compliance

in responding to external forces by each other remained

unaffected.

Future work will explore the implementation of our

method on more complex robotic systems and investigate

further enhancements to the optimization framework to ac-

commodate a wider range of tasks and applications. The

potential of integrating advanced learning techniques, such as

reinforcement learning, to adapt the optimization parameters

in real time will also be considered to further improve the

robot’s adaptability and performance.
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