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ABSTRACT Motion planning for mobile manipulators is challenging because of their high degrees of
freedom. The most effective approach for the motion planning of a mobile manipulator is to consider the
different characteristics of a mobile robot and a manipulator while planning and controlling each system
separately. In a previous study, different characteristics were considered using virtual impedance. This
method involves forming a virtual impedance relationship between the two subsystems, enabling the mobile
robot to track the movement of the manipulator. However, this study had certain limitations. Firstly, this
method is not applicable to non-holonomic mobile robots. Secondly, obstacle avoidance methods for mobile
robots are not considered. To address these limitations, our study proposes a novel concept for our motion
planner that is called the virtual impedance energy field (VIEF), which refers to the work and change in total
energy. We solved the first limitation of the previous study by transforming the virtual impedance force into
the VIEF.Moreover, by integrating an obstacle field with the VIEF and using it as a local costmap, the second
limitation was addressed. To validate the performance of our motion planner, we conducted simulations
in environments comprising obstacles, with straight and curved trajectories of the end-effector. We then
analyzed the pose change graph of the mobile robot and end-effector, pose error of the end-effector, and
velocity of the mobile robot. We therefore confirmed that the manipulator successfully followed the desired
trajectory, while the mobile robot maintained a distance from the end-effector and avoided obstacles.

INDEX TERMS Mobile manipulator, motion planner, virtual impedance, virtual impedance energy field.

I. INTRODUCTION
Mobile robots use their mobility to move objects in expan-
sive environments or perform tasks such as surveillance and
cleaning [1], and manipulators use their manipulation capa-
bility to grasp specific objects for pick-and-place or assembly
tasks [2]. However, themobile robot lacksmanipulation capa-
bilities, and the manipulator lacks the mobility to change
its working space. Therefore, a mobile manipulator with
both mobility and manipulation capability has significant
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advantages in the use of robots for various tasks within an
infinite working space.

Fig. 1 presents a mobile manipulator that combines a
mobile robot and a manipulator. Mobile manipulators have
various applications, including tasks in factories [3], indoor
and outdoor coffee delivery [4], assisting patients in hospi-
tals [5], and space exploration [6]. However, combining a
mobile robot and a manipulator increases the overall system’s
degrees of freedom. Consequently, the motion planning for
mobile manipulators remains a challenging problem and an
ongoing research area.

Motion planning methods for mobile manipulators in pre-
vious studies can be categorized into three perspectives of
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FIGURE 1. Examples and applications of mobile manipulator.

the system [7]. The first approach considers the mobile
manipulator as separate systems [8]. However, this method
has a limitation in fully utilizing a mobile manipulator. The
second approach considers a mobile manipulator as a sin-
gle high-degree-of-freedom system [9], [10]. However, the
high computational cost of this method makes it challenging
to perform other tasks such as online obstacle avoidance.
In the third method, the mobile robot and manipulator are
considered as separate systems, while considering the dif-
ferent characteristics of each system. Mobile robots and
manipulators have different characteristics in terms of their
purposes, control methods, kinematic features, and other
aspects. Therefore, both the systems can be integrated to
reflect these characteristics. In previous studies, hierarchi-
cal motion planners were used [11], [12] or the motion
planner was designed by optimizing the characteristics of
both subsystems to reflect their different characteristics [13].
By reflecting on the different characteristics of each system
in the motion planning system, it is possible to address the
limitations of the first separate system and simultaneously
reduce the computational costs, which is a drawback of the
second high-degree-of-freedom system.

This study introduces a virtual impedance relationship
between the two subsystems to reflect their different charac-
teristics. This relationship is formed between the end-effector
and mobile robot, thus allowing the mobile robot to smoothly
follow the end-effector while the end-effector tracks a
path [14]. Virtual impedance has been widely used in human
interaction research, particularly for handling the contact
between robots and their surrounding environment. A promi-
nent example is impedance control [15]; in a previous study,
virtual impedance was applied to the control of a mobile
manipulator [16]. This study proposes a control method that
uses virtual impedance for a mobile manipulator perform-
ing collaborative human–robot tasks. The proposed control
method involves establishing a preferred operating area for
the end-effector and creating a virtual impedance wall at its
boundaries. This wall is connected to a mobile robot through
virtual impedance. Based on the characteristics of the virtual
impedance, when the end-effector exceeds the boundaries,
the mobile robot moves to maintain the impedance rela-
tionship. However, this study has two limitations: it is only
focused on holonomic mobile robots, and it does not consider
obstacle avoidance in the control process.

To overcome these limitations, this study proposes a novel
concept called the virtual impedance energy field (VIEF),
which can be used for the local planning of mobile robots.
In a previous study [16], a force was directly applied using the
virtual impedance relationship to holonomic mobile robots,
thus allowing them to move according to the applied force.
However, nonholonomic robots cannot move directly in the
direction of the applied lateral force. In this study, we solved
this challenge by indirectly applying the force from the virtual
impedance to the mobile robot. We transformed the virtual
impedance force into a VIEF, which represents the work and
change in the total energy. We used the VIEF as a local
costmap for the local planning of the mobile robot. Further-
more, we integrated an obstacle field with the VIEF and
used it as a local costmap of the local planner. In this study,
we selected the dynamic window approach (DWA) algorithm
as the local planner [17], which effectively considers simul-
taneous obstacle avoidance and nonholonomic constraints.
More detailed information regarding the DWA algorithm can
be referred to in Section III-B.
In our motion planning method, we establish a virtual

impedance relationship between the end-effector and mobile
robot, thus allowing the mobile robot to track the move-
ments of the end-effector. To make nonholonomic mobile
robots applicable to our method, we transform the virtual
impedance force into a VIEF. Furthermore, to address obsta-
cle avoidance for mobile robots, we integrated an obstacle
field with the VIEF and used it as a local costmap. The
velocity of the mobile robot was calculated by selecting the
DWA algorithm as the local planner of the mobile robot. This
study makes the following contributions. Firstly, by trans-
forming the virtual impedance relationship into the VIEF,
nonholonomic mobile robots can be considered as applicable
robots. Secondly, we provide a framework in which the VIEF
is integrated with motion planners of the mobile robot and
manipulator.

The remainder of this paper is structured as follows.
Section II presents a literature review of previous studies, and
Section III explains the theoretical background knowledge
used in this paper, as well as the proposed motion plan-
ning method. In Section IV, the simulations conducted in a
GAZEBO environment are described, and Section V presents
the conclusions, limitations, and future work.

II. LITERATURE REVIEW
From a whole system perspective, a previous study [7] clas-
sified motion planning for a mobile manipulator into three
approaches. In the first approach, the mobile manipulator
is considered as a separate system. In this approach, only
the mobile robot moves near the goal, and the manipulator
reaches the goal sequentially. In [8], the researchers per-
formed a pick-and-place task with automotive components
by first identifying the closest feasible pose for grasping
the component. They selected the A∗ algorithm to plan
the mobile robot path and used the rapidly exploring ran-
dom tree (RRT) algorithm as a sampling-based method
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for planning the motion of the manipulator. However, this
method has the limitation of being unable to fully use the
mobile manipulator because it cannot operate both systems
simultaneously.

The second approach considers a mobile manipulator as
a single high-degree-of-freedom system. It mainly uses a
sampling method to find a solution that considers both
the mobile robot and manipulator simultaneously in the
configuration space of the whole system. In [9], the RRT
algorithm was applied to achieve collision-free motion and
manipulation in a 3D space. They used the RRT-GoalBias
algorithm and postprocessed the initial path to smoothen
it. In [10], motion planning was performed using a rein-
forcement learning approach based on the proximal policy
optimization (PPO) algorithm for grasping objects. How-
ever, the high computational cost of this method makes
it difficult to perform other tasks such as online obstacle
avoidance.

The third method considers the different characteristics
of the mobile robots and manipulators. In [11], a sampling-
based approach called the Hierarchical and Adaptive mobile
Manipulator Planner (HAMP) was proposed. This plan-
ner initially planned the motion of the mobile robot for
collision-free motion using a probabilistic roadmap (PRM)
algorithm. When a collision occurs with the manipulator,
additional planning for the motion of the manipulator is
performed using the PRMalgorithm. This approach considers
the different characteristics of both systems by planning the
mobile robot hierarchically, prioritizing it, and then check-
ing for collisions with the mobile manipulator. In [12], the
motion planning for a mobile base was implemented using
a hybrid sampling strategy, which is an optimized variant
of the PRM. In this case, as in the previously described
HAMP, the manipulator replanned its path only when a
collision was detected. In [13], a real-time adaptive motion
planner (RAMP) algorithm was proposed based on opti-
mization methods. This algorithm is aimed at performing
both path planning and plan execution simultaneously for
real-time motion planning in dynamic environments. Each
path was optimized using an evolutionary algorithm and the
random selection method to ensure diversity. By assuming a
loosely coupled relationship between the mobile robot and
manipulator, the optimization process is primarily focused
on minimizing the execution time, reducing energy con-
sumption, and maximizing the manipulability. The goal of
this approach is to select paths that meet the different
characteristics of both the mobile robot and manipulator.
By reflecting the different characteristics of both subsystems,
these studies achieved the optimal utilization of a mobile
manipulator while minimizing the computational costs. This
paper proposes a virtual impedance relationship that connects
the mobile robot and manipulator, thus allowing the virtual
impedance force generated by the manipulator’s motion to
affect the mobile robot, and vice versa. The virtual impedance
concept was used to integrate the characteristics of the two
subsystems.

In addition to the previously mentioned system per-
spective, previous research on motion planning for mobile
manipulators can be categorized according to the constraints
of the motion planning methods. Among the various con-
straints, we focused on task constraints because they have a
significant impact on the motion planning method. In previ-
ous studies, motion planning methods with task constraints
were classified into sampling, optimization, and potential
field-based methods. In [18], a sampling-based approach
with kinematic redundancy was used to track the desired
poses of an end-effector. Considering the link lengths of
the manipulator, they iteratively generated circular regions
centered around the end-effector. Within these regions, the
pose of the mobile robot was determined using an RRT-based
sampling method. For the manipulator, motion planning was
achieved by generating a path using inverse kinematics for
the target pose of the end-effector. In [19], an optimization-
based approach was used that employed model predictive
control (MPC) to plan the motion of a mobile manipulator
when a path was provided. To enable the implementation
of the MPC, a Jacobian matrix and kinematic model of
the robot were derived. Validation tests were conducted to
demonstrate the effectiveness of the proposed motion plan-
ning method and dynamic obstacle avoidance. In [20], the
optimization-based approach was introduced, which uses a
given trajectory to determine the maximum allowable load
of a mobile manipulator. The augmented Jacobian method is
employed to address task space constraints. In the previously
mentioned study [14], the potential-field method was used.
As in this study, the mobile robot in the previous study was
exerted by an attractive force to track the end-effector and
a repulsive force caused by nearby obstacles. The mobile
robot created a vector field to maintain a specific distance
from the manipulator. However, a limitation of the previous
study is that the potential field was only applied to holo-
nomic mobile robots. In the study [21], a potential field-based
method was introduced that adjusts a given path in response
to environmental changes or the appearance of obstacles. This
approach uses the potential field method to attract robots
to the original path of the end-effector while moving away
from obstacles using repulsive forces, thereby facilitating
path adaptation. Owing to their simplicity and lower compu-
tational complexity compared with other methods, potential
field-based methods have been widely used in cases compris-
ing task constraints. This study proposes a VIEF that shares
similarities with potential fields. Like how a mobile robot
moves toward a goal with lower potential in potential field
methods, a mobile manipulator moves toward a target point
guided by a virtual impedance field. However, because the
virtual impedance force includes a nonconservative damping
force, it cannot be considered as a conservative force and can
be explained from a potential energy perspective. Therefore,
we present this from a total-energy perspective. This study
considered task constraints, thus allowing the mobile robot
to follow the end-effector. Furthermore, it adapts the virtual
impedance field to account for nonholonomic constraints.
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FIGURE 2. Example of mass–damper–spring system.

III. MOTION PLANNING USING VIRTUAL IMPEDANCE
ENERGY FIELD
A. VIRTUAL IMPEDANCE
Impedance is a concept applicable to both electrical and
mechanical systems. In this study, we used mechanical
impedance, which includes a mass, damper, and spring.
Mechanical impedance Z is defined as the ratio of the force
F to velocity ẋ of an object, as shown in (1). This is repre-
sented as a mass–damper–spring system, as illustrated on the
left side of Fig. 2. Therefore, (1) represents the relationship
between the system with mass M , damping constant B, and
spring constant K , located between the constraint position
and equilibrium position, and the external force F , as shown
on the right side of Fig. 2.

Z (s) =
F(s)
ẋ(s)

= Ms+ B+
K
s

(1)

Md1p̈+ Bd1ṗ+ Kd1p = F (where, 1p = pd − p) (2)

One representative research comprising the application of
mechanical impedance to robots is the impedance control
of a manipulator [15]. As shown in Fig. 3, this method
involves setting a virtual impedance between the end-effector
and constraint position, which indirectly controls the force.
When the user moves the constraint position or equilibrium
position pd of the manipulator’s end-effector to the desired
position, an error 1p is generated between the current pose p
and pd . The end-effector can be controlled using the virtual
impedance from (2), which is an error equation. Therefore,
the user can adjust the desired mass Md , spring constant
Kd , and damping constant Bd set for each axis to set up
the desired motion characteristics of the end-effector. In this
study, we used virtual impedance as a method for a mobile
robot to follow the trajectory of an end-effector effectively.
This approach has two advantages. Firstly, it enables the
mobile robot to track the end-effector smoothly. Secondly,
it facilitates the analysis and calculation of dynamic behaviors
such as impedance control.

B. DYNAMIC WINDOW APPROACH
The DWA [17] is an algorithm widely used in local path plan-
ning for mobile robots. It performs path planning and velocity
control to reach a destination while avoiding obstacles. This
algorithm comprises four steps, as depicted in Fig. 4, and
repeats them. In the first step, the current linear velocity v

FIGURE 3. Impedance control of manipulator.

FIGURE 4. DWA algorithm.

and angular velocityω of themobile robot are acquired. In the
second step, a velocity boundary called the dynamic window
is formed in the velocity space centered around the current
linear and angular velocities. A certain number of velocity
samples are extracted from the velocities within the bound-
ary. The dynamic window range is set by considering the
maximum and minimum velocities and accelerations of the
robot, thus ensuring that only feasible velocity samples for
the robot are selected. In the third step, a forward sim-
ulation is used to calculate the trajectory generated from
the selected velocity samples when the robot moves at a
constant velocity for a certain period. In the fourth step,
the cost is calculated for each trajectory by summing the
weights of several cost functions, and the sample with the
lowest cost, that is, the optimal cost, is output as the next
commanded velocity. The cost functions consider factors
such as distance to the surrounding obstacles, distance to the
destination, and distance to the global path. Once the next
velocity is output in this manner, the entire process is repeated
iteratively by returning to the first step according to the
algorithm cycle.
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In this study, the DWA algorithm used for the motion
planning of mobile robots has three major advantages. First,
it considers the actual dynamic behavior of mobile robots.
By setting the dynamic window in the velocity space, only
the achievable velocity samples based on the current veloc-
ity state are automatically considered. Therefore, it can
be applied not only to holonomic robots but also to the
differential-drive non-holonomic mobile robots used in this
study. The second advantage is the existence of an opti-
mization process for multiple velocity samples using a cost
function. When planning the trajectory of a mobile robot,
various objectives can be easily reflected by transforming
them into cost functions. The third advantage is that, because
the output velocity of the mobile robot is calculated during
the optimization process, trajectory planning and velocity
control of the mobile robot are performed simultaneously.
In addition, obstacle avoidance can be performed online, even
in environments comprising obstacles.

C. MOTION PLANNING BASED ON VIRTUAL IMPEDANCE
ENERGY FIELD (VIEF)
This study proposes a motion planning method that takes
into consideration the differences between the characteristics
of the mobile robot and manipulator when the trajectory of
the end-effector is given for a specific task. The goal of
controlling the manipulator is to track the given trajectory,
while the mobile robot is designed to simultaneously follow
the end-effector using a virtual impedance relationship and
avoid obstacles in the surroundings. To achieve this, a virtual
impedance relationship is formed from the end-effector to the
center of the mobile robot, thus allowing the mobile robot to
follow the motion of the end-effector.

τtotal = JT (KP1x + KD1ẋ) + τgravity

(where, 1ẋ = ẋd − ẋ, 1x = xd − x) (3)

The control methods for both systems can be explained
as follows. First, for the manipulator, a motion planning
and control approach is used with a Cartesian proportional
derivative (PD) controller. High P gain allows the end-effector
to converge to the desired target poses in the Cartesian space.
Eq. (3) is used to determine the pose error 1x, which rep-
resents the difference between the end-effector current pose
x and the desired target pose xd . Furthermore, we calcu-
late the velocity error 1ẋ, which represents the difference
between the current velocity ẋ and the desired target veloc-
ity ẋd . Subsequently, the errors 1x and 1ẋ are multiplied
by their respective PD gains KP, KD. This multiplication
transforms the errors into static forces in the Cartesian space.
These forces are then multiplied by the Jacobian transpose
matrix JT to convert them into joint space torques. To com-
pensate for gravity, the pre-calculated τgravity is considered,
thus resulting in the final manipulated torque τtotal .
For the mobile robot, the concepts of virtual impedance

and the DWA algorithm are used for motion planning to
achieve both tracking of the end-effector and avoidance of

FIGURE 5. Virtual impedance relationship of mobile manipulator.

the surrounding obstacles. Initially, as illustrated in Fig. 5,
a straight line is drawn in the xG − yG plane connecting
the center of the mobile robot and the position of the end-
effector. A virtual impedance relationship is formed on the
xG − yG plane, and the equilibrium position pd is defined
as the specific equilibrium distance behind the end-effector
towards the base of the manipulator. Therefore, this relation-
ship forces the mobile robot to converge to an equilibrium
position by exerting a force fcmd . The process of computing
the output force fcmd derived from the virtual impedance is
as follows. First, as shown in (4), the simple 2D dynamic
equation of the mobile robot is represented with the robot
massMB, acceleration p̈B, and output force fcmd . In this case,
the p̈B in (6) is derived from the impedance error equation
in (5). Therefore, by substituting the derived acceleration
p̈B into (4), the final output force fcmd of the mobile robot
can be expressed as (7). It is assumed that mass Md used
in the impedance error equation is replaced by the mobile
robot mass MB. Furthermore, Md ,Bd , and Kd are assumed
to be diagonal and positive-definite matrices. Additionally,
MB andMd are assumed to be identical, thereby ensuring that
MBM

−1
d = I is satisfied.

MBp̈B = fcmd

(
where, pB =

[
xB
yB

])
(4)

Md1p̈+ Bd1ṗ+ Kd1p = F (5)(
where,Md =

[
Md ,x
Md,y

]
,Bd =

[
Bd ,x
Bd,y

]
,Kd =

[
Kd ,x
Kd,y

]
,

1p = pd − pB, pd =

[
xd
yd

])
p̈B = p̈d +M−1

d {Bd (ṗd − ṗB) + Kd (pd − pB) − F} (6)

fcmd = MBp̈d + Bd (ṗd − ṗB) + Kd (pd − pB) − F (7)

However, the direct application of the force obtained from
the virtual impedance to the mobile robot has two limitations,
as in a previous study [16], where the virtual impedance
was applied to the control of the mobile manipulator. The
first limitation is the lack of collision-avoidance strategies
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FIGURE 6. Impedance relationship between p and pd .

for mobile robots. Second, for holonomic mobile robots, it is
possible to output the velocity in the same direction as the
force fcmd in all directions. However, in the case of non-
holonomic mobile robots, where motion in the yB direction
is mostly restricted, it is infeasible to move directly in the
force direction. One way to avoid directly applying force to a
robot involves using a ‘field.’ A field represents the effects of
forces on an object by assigning cost to the surrounding space.
This method expresses the influence of forces on a mobile
robot. For instance, as introduced in Section II, [14] suggests
that the robot navigates using a potential field that reflects
these forces instead of applying attractive and repulsive forces
directly. This study proposes a new method named VIEF,
which transforms the concept of fcmd , derived from the virtual
impedance, into a field.

The following provides two perspectives on transforming
force into the VIEF field. Firstly, from the perspective of
work, we have constructed the field based on the work done
by the impedance force. If we consider the mobile robot
moving to hypothetical future positions over short periods,
the distance and speed of the movement will vary depending
on the future positions. By simplifying this process, we can
calculate the work done by the impedance force at future
positions, and the most stable position that conforms to the
impedance force is where the work is minimized. Secondly,
from the energy perspective, our virtual impedance rela-
tionship between the mobile robot and the end effector is
based on the mass-spring-damper system. In this system,
the robot’s destination is an equilibrium position where the
system stabilizes, and the total energy is zero due to the
energy dissipation by the damper. Consequently, our goal is
to iteratively move the robot to a position where the total
energy is minimized, ultimately aiming to reach an equilib-
rium position where the total energy is zero. In summary,
we calculate the minimum of 1E, which represents the
change in total energy and is equivalent to the work, W.
We then configure our field with theW value at each position.
By identifying and moving toward the position where W
is minimized, the robot can quickly reach the equilibrium
position.

Applying the above to our system and explaining it through
formulas is as follows. In Fig. 6, the current position of
the mobile robot is denoted by p1. The position variable p
is set on a straight line towards the next position p2. The
vector from p to pd is represented as r⃗ . Therefore, as in (8),
the force fcmd can be calculated by integrating with respect
to r⃗ . We assume that over a short period, the acceleration
p̈d at the equilibrium position pd is zero, indicating that the
velocity ṗd remains constant. Similarly, we assume that the
velocity ṗB from p1 to p2 remains constant over a short period.
As a result, the work W is expressed by (9), representing
the value at position p2 in the VIEF. Since W is formulated
as a quadratic function of position p2, the minimum value
of W at p2,min can be computed by differentiating W with
respect to p2 as shown in (10). In (11), it is confirmed that if
there are no external forces and dampers in the system, p2,min
becomes pd . However, if a damper is added, p2,min represents
a different position from pd depending on the ratio of the
damping constant Bd to the spring constant Kd . The larger
the damping constant Bd is, the more p2,min is pulled from
pd towards the opposite direction of the difference between
the target velocity ṗd and current velocity ṗB. Similarly, when
external forces exist, p2,min is pulled in the opposite direction
of the external force to maintain the equilibrium distance.
In summary, the mobile robot aims to move towards the new
equilibrium position p2,min, considering the target position,
relative velocity, and external forces.

W = 1E =

∫ r⃗2

r⃗1
fcmddr⃗ (where, r⃗ = pd − p) (8)

W =

∫ p2

p1

{
−MBp̈d − Bd (ṗd − ṗB) − Kd (pd − p) + F

}
dp

= −MBp̈d (p2 − p1) − Bd (ṗd − ṗB) (p2 − p1)

− Kd

{
pd (p2−p1)−

1
2

(
|p2|2−|p1|2

)}
+ F (p2−p1) (9)

(Assumption, p̈d = 0, ṗd & ṗB is Constant)
dW
dp2

= −Bd (ṗd − ṗB) − Kd (pd − p2) + K (10)

p2,min = pd −
Bd
Kd

(ṗd − ṗB) −
F
Kd

(11)

As shown in Fig. 7, to overcome the limitations of obstacle
avoidance and non-holonomicity in previous studies, we used
the VIEF as a costmap for the DWA algorithm, which is the
local planner of the mobile robot. The cost function used
for the costmap of the DWA algorithm includes the VIEF
cost function and the obstacle cost function. Using the DWA
algorithm, the robot generates velocity samples that can be
output. For each sample, cost functions are calculated based
on the VIEF and obstacle cost functions. Because nonholo-
nomicmobile robots cannot move in the yB direction, velocity
samples are created by combining the velocities in the xB
direction and the zB rotation directions. If a collision occurs
with an obstacle while moving at the velocity of the sample,
the velocity sample is discarded. The velocity command of
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FIGURE 7. Using VIEF as cost function in DWA algorithm.

FIGURE 8. Motion planner structure using VIEF.

the mobile robot is determined by selecting the velocity sam-
ple with the lowest cost from the remaining feasible samples.

Fig. 8 presents the structure of the proposed motion plan-
ner. The left part of Fig. 8 depicts the coordinates of the global
frame {G}, mobile base {B}, manipulator base {M}, and end-
effector {E}, and the target coordinates of the end-effector
{Ed }. When the target coordinate pEdG of the end-effector in
the global coordinate system is provided by the trajectory
planner, the target position pEdM in the current manipula-
tor base frame {M} is determined. pEM is also the current
end-effector position in frame {M}. The Cartesian space error
1E is calculated through the difference between pEdM and
pEM . The PD controller of the manipulator responds to the
error 1E by calculating the torque τ , which prompts the
manipulator to move as a result. Subsequently, a feedback
control loop is established by employing forward kinematics

to determine the position of the end-effector pEM based on
the base frame of the manipulator. In this case, the virtual
impedance relationship between the mobile robot and the
moved end-effector results in the formation of a VIEF. This
field provides a local costmap for a mobile robot, connecting
two systems with different characteristics. The movement of
the mobile robot is determined by the DWA planner, which
determines the velocity v based on the local costmap. As the
mobile robot moved, the {M} coordinate moves along with
it. Consequently, the position controller of the manipulator is
adjusted again in response to the error1E of the end-effector.
In summary, the proposed motion planning method based

on the VIEF uses virtual impedance relationships. The
manipulator, which is controlled by a Cartesian PD con-
troller, allows the end-effector to continuously track along
the desired trajectory. Owing to the changed position of the

89782 VOLUME 12, 2024



J. H. Choi et al.: Motion Planning of Mobile Manipulator Using VIEF

FIGURE 9. Simulation environment.

end-effector, the mobile robot receives virtual impedance
forces, thereby forming a VIEF. The mobile robot employs
the VIEF as a local costmap, thus allowing the DWA
algorithm to plan the motion of the mobile robot. This
allows the robot to avoid obstacles in its surroundings while
simultaneously tracking the end-effector. In conclusion, this
motion planning approach, when given the target trajectory
for the end-effector, can generate movements that consider
the different characteristics of both the mobile robot and
manipulator subsystem.

IV. SIMULATION
A. SIMULATION ENVIRONMENT AND FRAMEWORK
To validate the motion planner proposed in this study,
we introduced a mobile manipulator system and 3D LiDAR
sensor into the simulation environment, as shown in Fig. 9.
We generated the desired trajectory of the end-effector and
conducted simulations. The simulation carried out on an Intel
i9-13900F 24-core 5.6GHz CPU, and the simulation was
conducted in Ubuntu 20.04 environment with a robot oper-
ating system (ROS) noetic and the Gazebo simulator. For the
hardware, we used Scout 2.0 [22], which is a nonholonomic
differential drive robot, for the mobile robot and Panda [23]
with seven degrees of freedom for the manipulator. In addi-
tion, the VLP-16 [24], a 3D LiDAR, was used to detect
obstacles surrounding the mobile robot. For the software,
we used the open-source ROS framework and customized
the relevant components for our motion planner. To con-
trol the manipulator, we used the franka_ros package [25]
and performed Cartesian PD control. For the mobile robot,
we modified the key components of the navigation [26] and
move_base_flex packages [27], including the DWA.

The simulation system structure diagram is presented in
Fig. 10, where each square box represents a node. First, the
3D LiDAR node acquires laser scan data from the sensor,
which are then used to recognize the surrounding obstacles

in the mobile manipulator planner node. At the end-effector
planner node, when the destination of the end-effector is
set, the manipulator performs Cartesian trajectory planning
to reach the destination from its current position. In this
simulation, the linear segments with parabolic blends (LSPB)
method were used for Cartesian trajectory planning. This
allowed for smooth movements at the start and end of the tra-
jectory. When a trajectory consisting of the desired position,
velocity, and acceleration is generated, as shown in Fig. 11,
it is passed to the global planner node. Subsequently, each
desired pose of the end-effector corresponding to the current
time in the trajectory is transmitted to the local planner node.
The local planner node continuously receives the desired
pose of the end-effector and sends the calculated joint torque
and command velocity to the manipulator and mobile robot
nodes, respectively, during every control cycle. The mobile
manipulator system was controlled through this process.

Fig. 12 presents an image of the motion planner during
the simulation. Motion planning and manipulator control
are implemented to track the desired trajectory of the end-
effector. Simultaneously, within the mobile robot, the DWA
algorithm generates velocity samples, taking into account the
dynamic behavior of the robot. Each trajectory derived from
these velocity samples is evaluated using cost functions. The
obstacle cost function, Cobs, is defined as in (12), assigning
a value of 1 if there is an obstacle and 0 otherwise. The
impedance cost function, Cimp, utilizes a normalized cost that
ranges between 0 and 1, as described in (9). The total of
the cost functions, Ctotal as indicated in (13), is expressed
as the sum of various cost functions, each of which can
be represented as a layer on the cost map. Additional cost
functions, such as an oscillation function or a goal function,
can be incorporated as needed. Consequently, the velocity
samples with the minimum values among the trajectories are
selected as the command velocities for the mobile robot.

Cobs(x, y) =

{
1 if there is an obstacle
0 otherwise

(12)

Ctotal(x, y) = Cimp(x, y) + Cobs(x, y) (13)

The parameter sets for the simulation are listed in Table 1.
The parameters in the first group are associated with the
VIEF. The grid resolution indicates the length of each grid
in the field and is set 0.05 m per grid. The parameters
Md,x and Md,y of the impedance relationship in (9) are both
set MB. Kd and Bd are heuristically set as 5000 and 350,
respectively. The equilibrium distance that the robot system
aims to converge to at the end is set as 0.55 m, which is the
distance between the end-effector and the center of themobile
robot. The parameters in the second group are associated
with DWA. The size of the local costmap is 5 × 5 m, and
the number of velocity sample is set as 20 in the x- and
z-directions. The forward simulation lasts 2 s, and the control
frequency of the algorithm is 20 Hz. These are the parameters
in the last group for the data acquisition frequency. The data
acquisition frequency for the point cloud of the 3D LiDAR,
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FIGURE 10. Simulation system structure.

FIGURE 11. Planned result obtained using the LSPB.

FIGURE 12. Running proposed motion planner in simulation.

pose of the manipulator and mobile, and the running time are
respectively set as 10 Hz, 10 Hz, and 5 Hz.

B. SIMULATION CONTENTS
In this study, three simulations (SIMULATION1
SIMULATION2 and SIMULATION3) were conducted.

TABLE 1. Simulation parameter setting.

SIMULATION1 validates the proposed motion planning
method for the straight (SIMULATION1-1) and curved
(SIMULATION1-2) trajectories of the end-effector in
obstacle-free environments. SIMULATION2 validates the
motion planning method for straight (SIMULATION2-1)
and curved (SIMULATION2-2) end-effector paths in envi-
ronments comprising cylindrical obstacles. SIMULATION3
validates the motion planning method for a straight
end-effector path within a complex environment with a nar-
row gate, passage, and various obstacles. In addition, the
algorithm execution times for the preceding simulations were
measured. We measured the execution time of the algorithm
in two parts. The first is the time required to compute the
cost of the virtual impedance field and update the local cost
function. The second part is the time required to compute the
total cost for all the velocity samples based on the updated
local cost function and derive the optimal velocity sample
with the minimum cost.

First, in SIMULATION1-1, a straight trajectory was gener-
ated for the end-effector with fixed poses up to a position 6 m
ahead of the mobile robot, as shown in Fig. 13. Next,
in SIMULATION1-2, a curved trajectorywith a radius of 3m,
wherein the poses were changed for 90◦ along a circular
trajectory, was generated for the end-effector, as shown in
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FIGURE 13. Straight path (SIMULATION 1-1).

FIGURE 14. Curved path (SIMULATION 1-2).

Fig. 14. Three data were obtained from the simulations. First,
a pose change graph was created by accumulating the overall
pose variations of the mobile robot and end-effector. Second,
we calculated the position and angle errors by comparing the
output poses of the end-effector with the desired poses. The
third set of data represented the linear and angular velocity
graphs of the mobile robot, thus outputting the commanded
velocity and resulting in the output velocity. Moreover, for
SIMULATION1-1 exclusively, we generated a velocity graph
of the end-effector in the x-direction of {G} and compared it
with the planned velocity.

In SIMULATION2, the straight and curved trajectories
were identical to those in SIMULATION1. In the case of
the straight trajectory, the obstacles with heights of 1 m were
placed at (1.75, 0.6), (3.5, -0.6), and (5.25, 0.7), and the radius
of each obstacle was set as 0.25 m, 0.25 m, and 0.5 m in the
XY plane relative to the mobile robot, as shown in Fig. 15.
For the curved trajectory, the obstacles were located at
(1.8, 0.2) and (2.8, -1.9), both at a height of 1 m and radius of
0.25m in Fig. 16. During this process, we verifiedwhether the
end-effector followed the desired trajectory and whether the
mobile robot avoided obstacles. The contents of simulation
results were identical to those of SIMULATION1. Firstly,
we recorded a pose graph in which the overall poses of the
mobile robot and end-effector were accumulated. Secondly,
we analyzed the pose error of the end-effector by comparing

its output poses with the desired poses. Finally, we verified
the velocity graph for the mobile robot.

In SIMULATION3, a straight trajectory for the end-
effector was generated on a more complex map. Various
obstacles were present, as depicted in Fig. 17. Initially, a nar-
row gate, 1 m wide, was positioned at the map’s entrance.
Following this, a short passage, 1.5 m in length, was diag-
onally located at (2.0, −0.15). Subsequently, sphere and
cylindrical obstacle with heights of 1.5 m were placed at
(5.6, 0.6) and (6.9, −0.55), with radii of 0.5 m and 0.25 m,
respectively. Finally, a straight passage, 1 m wide and 2 m
long, allowed the robot to exit the map.

C. CSIMULATION RESULT
1) SIMULATION 1
In SIMULATION1, we validated our motion planning
method for the straight and curved trajectories of the
end-effector in an obstacle-free environment. The simulation
yielded three types of data: the pose change graph of the
mobile robot and end-effector, pose error of the end-effector,
and velocity of the mobile robot. Furthermore, we analyzed
the velocity graph of the end-effector in the x-direction of {G}
only for SIMULATION1-1.

a: SIMULATION 1-1
Figs. 18–21 present the results obtained when the trajectory
of the end-effector was straight. In Fig. 18, the pink and
light-blue dots represent the positions of the end-effector
and mobile robot, respectively, and the yellow dashed lines
connect the corresponding pink and light-blue dots. Conse-
quently, as the end-effector followed a straight trajectory,
the mobile robot also moved along a straight trajectory
while maintaining a certain distance from the end-effector.
In Fig. 19, the pose error of the end-effector is represented
by dividing it into position and angle errors. The angle error
illustrates the errors in the angles for the x, y, and z axes of the
end-effector coordinates {E}, as indicated by the red, green,
and blue lines, respectively. The average and maximum posi-
tion errors were 0.00519 m and 0.0184m, respectively, while
the absolute values of the angle error peaked at 0.51◦, 1.36◦,
and 4.01◦ along the x-, y-, and z-axes, respectively. The
pose error remained small until the end-effector reached the
final target position (approximately 46 s), after which it
rapidly increased to its maximum value. This was attributed
to the residual velocity of the end-effector, which caused
it to overshoot the final target position when attempting to
stop. Fig. 21 presents a graph representing the velocity of the
end-effector along the x-axis of {G}. The desired velocity,
referred to as the ‘‘command velocity,’’ and the actual output
velocity, referred to as the ‘‘output velocity,’’ are indicated
in red and blue, respectively. The results confirmed that the
end-effector moved in accordance with the planned velocity
profile obtained using the LSPB method. Fig. 20 presents the
linear and angular velocities of the mobile robot as a result
of the DWA. As a result, by following a trajectory similar to
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FIGURE 15. Straight path with obstacles (SIMULATION2-1).

FIGURE 16. Curved path with obstacles (SIMULATION2-2).

FIGURE 17. Straight path with complex obstacles (SIMULATION3).

that of the end-effector, the mobile robot increased its linear
velocity from 0, maintained a constant velocity for some
time, and then gradually decreased before stopping at the
destination. The output velocity graph presented a trapezoidal
shape similar to the velocity profile planned by the LSPB.
Therefore, it was confirmed that, using our motion planner,
the mobile robot moved in a profile similar to the planned
velocity of the end-effector. Moreover, in comparison with

the constant-velocity segment from 7.9–41.5 s in Fig. 21, the
corresponding segment in Fig. 20 also lasted for almost the
same duration. This indicates that the trapezoidal velocity
profile of the mobile robot was output after the end-effector,
as the mobile robot generated a velocity in response to the
movement of the end-effector. The angular velocity was close
to zero, except for the period following the mobile robot’s
stop.
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FIGURE 18. Pose graph (SIMULATION1-1).

FIGURE 19. Pose error of end-effector (SIMULATION1-1).

FIGURE 20. Command and output velocity of mobile robot
(SIMULATION1-1).

FIGURE 21. Command and output velocity(x) of end-effector
(SIMULATION1-1).

b: SIMULATION 1-2
Figs. 22–24 present the results obtained when the trajectory
of the end-effector is curved. As shown in Fig. 22, the mobile
robot moved along a curved trajectory while maintaining

FIGURE 22. Pose graph (SIMULATION1-2).

FIGURE 23. Pose error of end-effector (SIMULATION1-2).

FIGURE 24. Command and output velocity of mobile robot
(SIMULATION1-2).

an appropriate distance from the end-effector. In Fig. 23,
the average and maximum position errors were 0.00658 m
and 0.0235 m, while the absolute values of the angle error
peaked at 1.00◦, 2.59◦, and 3.37◦ along the x-, y-, and z-axes,
respectively. Overall, both the position error and angle error
had larger values compared to SIMULATION 1-1, and this
result was due to themotion of themobile robot rotating along
the curved trajectory. In Fig. 24, the output linear velocity of
the end-effector presented a trapezoidal shape similar to that
of the command velocity profile, while the angular velocity
had an overall negative value owing to the clockwise motion
of the mobile robot along the curved trajectory.
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FIGURE 25. Pose graph (SIMULATION2-1).

FIGURE 26. Pose error of end-effector (SIMULATION2-1).

In conclusion, in SIMULATION1, the proposed motion
planning method successfully enabled the end-effector to
track both straight and curved trajectories while maintaining
the distance between the mobile robot and end-effector.
The pose error exhibited larger values in SIMULATION1-2,
where the robot drove along a curved trajectory, compared
to the case of SIMULATION1-1. Thus, it was confirmed
that the pose error increased owing to the angular velocity
of the mobile robot. The velocity of the mobile robot in
both SIMULATION1-1 and SIMULATION1-2 exhibited a
shape similar to that of the velocity profile generated by the
trajectory planning of the end-effector.

2) SIMULATION 2
In SIMULATION2, the motion planning method for the
straight and curved trajectories of the end-effector was vali-
dated in an environment with obstacles. The primary focus at
this point was to verify both the obstacle avoidance capability
of the mobile robot and the tracking capability of the end-
effector. The simulation results yielded three sets of data that
were identical to those obtained in SIMULATION1.

a: SIMULATION 2-1
Figs. 25–27 present the results obtained when the three
obstacles were placed near the straight trajectory of the

FIGURE 27. Command and output velocity of mobile robot
(SIMULATION2-1).

FIGURE 28. Pose graph (SIMULATION2-2).

end-effector. In Fig. 25, the mobile robot smoothly avoided
each obstacle, making three large rotations, and the
end-effector successfully followed the target trajectory.
As shown in Fig. 26, the average and maximum position
errors were 0.00864 m and 0.0383 m, respectively. The
absolute angle errors reached peaks of 1.89◦, 3.40◦, and
6.42◦ along the x-, y-, and z-axes, respectively. Compared to
the obstacle-free SIMULATION1-1, SIMULATION2-1 pre-
sented larger pose errors overall and approximately twice the
maximumposition error. This is attributed to the large angular
velocity of the mobile robot caused by obstacle avoidance.
In the velocity graph in Fig. 27, it can be observed that the
mobile robot exhibited a pattern of alternating positive and
negative angular velocities, as it followed an S-shaped trajec-
tory for obstacle avoidance. The linear velocity was similar
to the planned velocity of the end-effector while maintaining
an appropriate distance from it.

b: SIMULATION 2-2
Figs. 28–30 present the results obtained when two obstacles
were positioned near the straight trajectory of the end-
effector. In Fig. 28, the end-effector successfully tracked the
desired trajectory, and the mobile robot avoided the obsta-
cles effectively while following the end-effector. In Fig. 29,
the average and maximum position errors were 0.0148 m
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FIGURE 29. Pose error of end-effector (SIMULATION2-2).

and 0.0363 m, respectively, while the absolute values of
the angle error peaked at 2.18◦, 7.16◦, and 5.53◦ for
the x-, y-, and z-axes, respectively. Based on the results,
when compared to the obstacle-free curved environment in
SIMULATION1-2, a larger overall pose error was observed,
particularly in terms of the orientation error. In the velocity
profile of the mobile robot in Fig. 30, the linear velocity was
similar to the planned velocity of the end-effector and the
angular velocity represented the values generated to avoid
obstacles while moving along the curved trajectory.

Through SIMULATION2, it was confirmed that the pro-
posed motion planning method successfully achieved the
trajectory following the end-effector and obstacle avoidance
of themobile robot. An analysis of the pose error revealed that
a larger pose error was observed owing to obstacle avoidance
compared to that in SIMULATION1. A noteworthy obser-
vation for both SIMULATION1 and SIMULATION2 was
that as the angular velocity of the mobile robot increased,
the overall pose error increased. Furthermore, the graph of
the angle error for the z-axis of the end-effector presented a
shape very similar to that of the angular velocity graph, but
in an inverted form. The reason for the inverted shape of the
graph is that the z-axis of the mobile robot and end-effector
are opposite to each other. This result indicates that the
end-effector was unable to maintain its position and rotated
along with the mobile robot owing to the angular velocity
of the mobile robot. It will be possible to improve the pose
error in the future by enhancing the control performance
of both the manipulator and mobile robot, particularly by
achieving robust control of the manipulator base even during
the movement caused by the velocity of the mobile robot.

3) SIMULATION 3
Fig. 31-33 present the results obtainedwhen various obstacles
were positioned near the straight trajectory of the end-
effector. In Fig. 31, the mobile robot successfully navigated
the short passage and avoided the sphere and cylindrical
obstacles while the end-effector closely followed the desired
trajectory. Fig. 32 displays the average and maximum posi-
tion errors as 0.0104m and 0.0362m, respectively, and shows
the absolute values of the angular errors peaking at 2.81◦,

FIGURE 30. Command and output velocity of mobile robot
(SIMULATION2-2).

FIGURE 31. Pose graph (SIMULATION3).

FIGURE 32. Pose error of end-effector (SIMULATION3).

3.68◦, and 5.97◦ for the x-, y-, and z-axes, respectively. In the
velocity graph in Fig. 33, the linear velocity closely matched
the planned velocity of the end-effector, and the angular
velocity was generated to circumvent the obstacles.

In SIMULATION3, we assessed whether the mobile
manipulator could navigate through the narrow passage and
various obstacles on a complex map. The results confirmed
that the proposed motion planning method successfully
enabled the robot to follow the planned trajectory while over-
coming diverse obstacles. The pose error was relatively small
and comparable to the results from SIMULATION2.
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FIGURE 33. Command and output velocity of mobile robot
(SIMULATION3).

FIGURE 34. Algorithm execution time (SIMULATION1-1).

FIGURE 35. Algorithm execution time (SIMULATION1-2).

4) COMPUTATIONAL TIME OF ALGORITHM
We measured the algorithm processing time required for
the main algorithms used in our motion planning method
proposed in SIMULATION1, SIMULATION2 and SIMU-
LATION3. Time measurements were conducted in two parts.
The first part is the time required to update the energy cost
of the local costmap centered at the mobile robot, which
is used as the cost function of the VIEF. The second part
is the time required to select the optimal velocity sample
with the minimum value among all the velocity samples in
the DWA algorithm by calculating the total cost for all the
velocity samples based on the cost function of the updated
local costmap. The measurement data for the algorithm

FIGURE 36. Algorithm execution time (SIMULATION2-1).

FIGURE 37. Algorithm execution time (SIMULATION2-2).

FIGURE 38. Algorithm execution time (SIMULATION3).

processing times of SIMULATION1-1, SIMULATION1-2,
SIMULATION2-1, SIMULATION2-2, and SIMULATION3
are presented in Figs. 34–38 and Tables 2–6. The aver-
aged update time of the VIEF, indicated by blue dots, was
0.212 ms, 0.205 ms, 0.213 ms, 0.217 ms and 0.215 ms for
SIMULATION1-1, SIMULATION1-2, SIMULATION2-1,
SIMULATION2-2, and SIMULATION3, respectively. The
respective average time to sort the optimal velocity sample in
the DWA, indicated by yellow dots, was 6.33 ms, 11.11 ms,
6.51 ms, 8.10 ms and 9.40 ms. The update time of the
VIEF was approximately 1/54-1/30 of the calculation time
for selecting the optimal velocity sample within the DWA.
This confirmed that the update time of the VIEF was negligi-
ble, exerting minimal impact on the overall processing time.
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TABLE 2. Algorithm execution time analysis (SIMULATION1-1).

TABLE 3. Algorithm execution time analysis (SIMULATION1-2).

TABLE 4. Algorithm execution time analysis (SIMULATION2-1).

TABLE 5. Algorithm execution time analysis (SIMULATION2-2).

TABLE 6. Algorithm execution time analysis (SIMULATION3).

Furthermore, the respective measured total processing time
of our motion planner, which added both the time data, was
as follows:6.54 ms, 11.32 ms, 6.73 ms, 8.32 ms and 9.62ms.
This indicates that the average time from updating the VIEF
to obtaining the optimal velocity using the DWA was at most
a maximum of 11.32 ms. As a result of comparing the time
measurements in all simulations, the update time for the
VIEF showed nearly identical values, and the DWA time did
not increase in SIMULATION2 and SIMULATION3, even
with obstacles to the map. Notably, even in SIMULATION3,
which features complex obstacles, there was no significant
increase in computing the time to select the optimal velocity
sample in the DWA.

V. CONCLUSION
This paper proposed a motion planner based on a VIEF for
mobile manipulator systems. When the desired trajectory of
the end-effector for a specific task is planned, the motion

planner considers the differences in the characteristics of the
manipulator and mobile robot. The manipulator was con-
trolled using a Cartesian PD controller to track the velocity
and acceleration profiles that were planned using the LSPB.
Impedance forces were applied to the mobile robot through a
virtual impedance relationship between the end-effector and
mobile robot. By converting these forces into the VIEF, it was
possible to consider even nonholonomic mobile robots as
applicable robots. The mobile robot performed motion plan-
ning and velocity control using the DWA algorithm as a local
planner, which reflected the VIEF as a cost function. Con-
sequently, the manipulator successfully followed the desired
trajectory, while the mobile robot maintained a distance from
the end-effector and avoided obstacles in its surroundings.
Our motion planner is adaptable to the other types of mobile
manipulator and various tasks, such as opening doors or
moving objects, and can be further developed as a compliant
motion planner for human-guided mobile manipulators in
industrial settings. This is particularly useful for transporting
large sheets of glass or other sizable panels.

To validate the performance of our motion planner, we con-
ducted simulations to confirm whether the proposed motion
planner worked well for both the straight and curved trajec-
tories of the end-effector. As a result, we comprehensively
checked the pose change graph of the mobile robot and end-
effector, pose error of the end-effector, and velocity of the
mobile robot. Specifically, the maximum position error was
measured at 0.0383 m and the orientation error at 7.16◦ (y-
axis). Thus, we validated that the end-effector tracked the
desired trajectory, and that the mobile robot followed the
end-effector while successfully avoiding obstacles. The pose
error was greater in the case of curved trajectories than the
straight trajectories and was greater when obstacles were
present than when there were no obstacles.

In addition, we measured the processing time required for
themain algorithms used in our motion planningmethod. The
average update time of the VIEF was 0.212 ms. The average
time to calculate the optimal velocity sample within the DWA
was 8.29 ms. The update time of the VIEF was short and did
not significantly affect the total processing time compared
to the time required to select the optimal velocity sample.
The average total processing time of our motion planner was
sufficiently short at approximately 8.51 ms. Therefore, it was
confirmed that online motion planning was possible.

Our motion planner has the following limitations. Firstly,
because we assumed p̈d to be 0 for a short period of time
during the derivation of the VIEF-related equation, the move-
ment of pd did not exactly match the intended impedance
relationship between the manipulator andmobile robot owing
to the robot’s inertia. Secondly, this study was focused on
applying the VIEF to a mobile manipulator platform, and
an analysis on the performance variation of the motion
planner based on the ratio of the spring constant Kd and
damping constant Bd was not performed. Thirdly, this study
did not address mathematical optimality and smoothness.
Therefore, future work will involve evaluating and comparing
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these aspects with other existing motion planning models,
particularly in environments with more complex dynamic
obstacles. Additionally, we aim to conduct experiments in
real-world environments to address challenges such as sensor
noise, modeling inaccuracies, and the demands of real-time
performance.
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