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Abstract— Mobile manipulators have recently gained signifi-
cant attention in the robotics community due to their superior
potential in industrial and service applications. However, the
high degree of freedom associated with mobile manipulators
poses challenges in achieving real-time whole-body motion
planning. To bridge the gap, this paper presents a motion
planning method capable of generating high-quality, safe, agile
and feasible trajectories for mobile manipulators in real time.
First, we present a novel environment-adaptive path searching
method, which can generate paths in real-time in various envi-
ronments by adaptively adjusting searching dimension based on
environment complexity. Additionally, we propose a real-time
spatial-temporal trajectory optimization method that takes into
account the whole-body safety, agility and dynamic feasibility of
mobile manipulators. Moreover, task constraints are applied to
ensure that the trajectory can fulfill specific task requirements.
Simulation and real-world experiments demonstrate that our
method is capable of generating whole-body trajectories in real-
time in challenging environments. We will release our code to
benefit the community.

I. INTRODUCTION

Recently, mobile manipulators have garnered widespread
attention from researchers owing to their potential in in-
dustrial and service applications. Compared to traditional
fixed-base manipulators, mobile manipulators possess the
ability to manipulate objects and move, allowing them to
handle a broader range of tasks [1], including inspection,
cargo transportation, and housekeeping. This study focuses
on the challenge of motion planning for wheeled mobile
manipulators in complex environments.

Finding a real-time, feasible, and high-quality path for a
mobile manipulator remains a significant challenge. Existing
methods [2] divide the mobile manipulator into multiple
subsystems and plan the path of each subsystem sequentially.
However, the simple hierarchical strategy lacks environ-
mental adaptablility, which causes massive sampling and
unpredictable computation time. On the other hand, other
methods [3]–[5] consider all the degrees of freedom of
mobile manipulators simultaneously. However, they require
substantial computational time to identify a satisfactory path
due to the high dimensionality of the searching problem.
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safe and dynamic feasible trajectory, we benchmark our

(a)

(b)

Computation Time:419.2ms

Fig. 1: The agile and safe motion for the mobile manipulator,
which involves grasping objects, navigating beneath tables,
traversing narrow passages, and ultimately reaching the goal
state. The movement diagram of the real-world view (a) and
point cloud view (b). The planning time on the onboard
computer is 419.2ms.

An additional challenge stems from the absence of a real-
time trajectory generation method that can achieve agile,
non-conservative, and safe motion in complex environments
while ensuring dynamic feasibility and accomplishing spe-
cific tasks. To address this challenge, optimization-based
approaches [6, 7] are employed. However, achieving ag-
ile motion requires simultaneous optimization of all joint
configurations and execution time, resulting in increased
optimization variables. Ensuring non-conservative and safe
motion requires a precise collision model, which in turn ex-
tends the time required for collision checking. To generate a
dynamically feasible and safe trajectory for task completion,
it becomes imperative to impose nonlinear constraints on
the optimization problem. These factors together result in
a challenging trajectory optimization problem.

To tackle these challenges, we introduce a real-time whole-
body motion planning method for mobile manipulators,
which comprises an environment-adaptive path searching and
a spatial-temporal trajectory optimization. The environment-
adaptive search primarily explores paths for the mobile base
and manipulator in a decoupled manner, reducing problem
dimensionality and efficiently finding high-quality paths in
environments with moderate obstacle density. When con-
fronted with highly narrow regions, it dynamically identifies
the corresponding sections and performs dedicated local
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whole-body path searching, ensuring completeness in chal-
lenging scenarios. In the trajectory optimization, we leverage
the MINCO trajectory class [8] as our representation, decou-
pling the number of optimization variables from the number
of constraint points to simplify the problem. To maximize
the utilization of safe space, we approximate the mobile
manipulator as a collection of collision spheres. To address
nonlinear constraints, we employ a constraint transcription
method to eliminate them, transforming the constrained
optimization problem into an unconstrained one. Simulations
and real-world experiments validate our method’s capability
to generate real-time flexible motion with a high success
rate in typical complex scenarios. Our contributions can be
summarized as:

1) An environment-adaptive path searching method that
finds a high-quality path for the mobile manipulator in
real time while ensuring completeness.

2) A spatial-temporal optimization method capable of gen-
erating a smooth, agile, safe and dynamically feasible
trajectory that can meet specific task requirements in
real time.

3) We demonstrate the effectiveness of the proposed
method in simulation and real-world experiments. The
code will be released at https://github.com/
SYSU-STAR/REMANI-Planner.

II. RELATED WORKS

Path planning in complex environments with high-
dimensional configuration spaces often leads to time-
consuming path finding processes. To address this issue,
some methods [9]–[11] fold the manipulator and plan a 2D
path for the mobile manipulator. However, these methods
significantly waste the degree of freedom of the mobile
manipulator, thus limiting its applications. Some researchers
proposed dimensionality-reduction-based methods [2, 12].
These methods divides the mobile manipulator into two
subsystems: the mobile base and the manipulator. It plans
a path for one subsystem while keeping the other fixed.
However, these approaches often generate conservative tra-
jectories and result in inconsistent movements. Sampling-
based methods [5, 13]–[16], the mainstream planning method
used in high-dimensional configuration spaces, can find
collision-free paths for high-dimensional systems. However,
these methods bring unpredictable computation time to the
mobile manipulator. The optimality of these methods comes
at the expense of excessive time consumption, making it
impractical for real-time applications.

Numerous methods have been proposed to address the
problem of trajectory generation for wheeled mobile ma-
nipulators. Tang et al. [17] proved that wheeled mobile
manipulator model is differentially flat and plan the tra-
jectory in the flat output space. However, it restricts the
movement of the mobile base to forward only and does not
consider obstacle avoidance or dynamic feasibility. Several
optimization-based methods [6, 7, 18] have been proposed
to generate collision-free trajectories for high-dimensional
manipulators. However, these methods cannot be executed in

(b)Collision Model(a) Coordinate definition
e onboard computer is 302.9ms and 419.2ms, respectively.

(a) (b)

Fig. 2: The definition of coordinates (a) and the collision
model (b). Each color represents a specific link to which the
frame of the mobile manipulator is attached, as well as the
link that the collision spheres cover.

real time because of large number of optimization variables
resulting from their trajectory representation. Recently, sev-
eral Model Predictive Control (MPC)-based methods [19, 20]
have been proposed, enabling coupled, dynamically feasible,
and safe movements for mobile manipulators. However, these
methods heavily rely on a reference path, which may lead
to failure in reaching the goal in complex environment or
unnecessary movements if a low-quality reference is used.

III. PRELIMINARIES

A. Coordinates Definition and Collision Model

In this paper, the left superscript of vectors and matrices
indicates the coordinate frame in which they are expressed.
We employ a total of 2+L right-hand coordinate frames, as
illustrated in Fig. 2(a). To avoid conservative motion, we
approximate the mobile manipulator as a set of collision
spheres, as illustrated in Fig. 2(b). lpl,m denotes the position
of the center of the m-th sphere covering link l, where
l ∈ {0, 1, · · · ,L}. The centers of these spheres in the world
frame W can be obtained through the forward kinematics of
the mobile manipulator:

Wpl,m = WTl
lpl,m,

∀l ∈ {0, 1, · · · ,L} ,∀m ∈ {1, · · · ,ml} ,
(1)

where ml denotes the number of spheres covering link l,
WTl is the homogeneous transformation from l frame to
W frame. We use rl to represent the radius of the collision
spheres covering link l.

B. Dynamic Model

In this paper, we study on a mobile manipulator controlled
by velocity. The mobile manipulator comprises a differential
drive base and a L-DOF manipulator. The states of the
mobile manipulator can be represented as x =

[
x⊤
b ,x

⊤
m

]⊤
,

where xb = [q⊤
b , ψ]

⊤ = [qx, qy, ψ]
⊤ indicates the position

and orientation of the mobile base, and qm = [q1, · · · , qL]⊤
corresponds to the joint angles of the manipulator. The
control inputs for the system consist of the wheel and
joint angular velocities, represented as u = [ωl, ωr, q̇

⊤
m ]

⊤.
Additionally, x, u and u̇ can be represented in terms of the
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Fig. 3: The overview of the proposed real-time whole-body
motion planning framework for mobile manipulators.

generalized joint configuration q =
[
q⊤
b , q

⊤
m

]⊤ ∈ R2+L and
their derivatives: ψ = atan2 (ηq̇y, ηq̇x),

ωl(r) =
1

2rw

(
2η ∥q̇b∥2 −

(+)
dwωb

)
, (2a)

ω̇l(r) = αl(r) =
1

2rw

(
2η

q̇T
b q̈b

∥q̇b∥2
−
(+)

dwαb

)
, (2b)

where rw denotes the radius of the wheels, dw represents
the distance between two wheels. η = −1 and η = 1
indicate the backward and forward movements of the mobile
base, respectively [21]. ωb and αb are angular velocity and
acceleration of the mobile base, respectively [22].

C. System Overview

In this paper, we present a real-time whole-body motion
planning method for mobile manipulators, illustrated in
Fig.3. Firstly, we determine a path for the mobile manipulator
by utilizing environment-adaptive path searching, detailed in
Sec. IV. By using this path as an initial guess, we construct a
spatial-temporal trajectory optimization problem considering
certain constraints to obtain a safe and feasible trajectory,
detailed in Sec. V, which enables the mobile manipulator to
complete specific tasks.

IV. ENVIRONMENT-ADAPTIVE PATH SEARCHING

Our environment-adaptive path searching is illustrated in
Fig. 4. Firstly, we utilize Hybrid A* [23] to find a smooth,
safe, feasible and minimum-cost path for the mobile base,
based on which a Multilayer Constrained RRT*-Connect
(Sec. IV-C) is utilized to find a path of the manipulator.
If no solution is found, we identify the interrupted part
and conduct dedicated whole-body path planning locally
(Sec. IV-D). This strategy ensures finding high-quality path
efficiently in areas with moderate obstacle density, while
also guaranteeing completeness when narrow passages are
encountered.

A. Mobile Base Path Generation

At the beginning of our algorithm, we utilize Hybrid A*
to determine a path for the mobile base. The path of the
mobile base, denoted as Pb = {Pb,1, · · · ,Pb,N}, consists of
N sub-paths. Pb,i = {Qb,i,1, · · · ,Qb,i,Mi+1} represents the
i-th sub-path, where Qb,i,j = [px, py, ψ]

⊤ ∈ R3 is the j-th

waypoint in Pb,i. Each sub-path corresponds to a forward or
reverse direction, indicated by ηi ∈ {−1, 1}. Additionally,
we also get the time allocation of i-th sub-path Ti ∈ RMi .
Eventually, we get mobile base path Pb, η = {η1, · · · , ηN}
and time allocation T =

[
T⊤

1 , · · · ,T⊤
N

]⊤
.

B. Multilayer Manipulator Searching Space

Given the above path of the mobile base, we further search
a feasible path of the manipulator based on it. Specifically,
for each waypoint Qb,i,j ∈ Pb,i, we would like to deter-
mine a manipulator state waypoint Qm,i,j ∈ RL, which
in combination with Qb,i,j forms the complete state of the
mobile manipulator Qi,j = {Qb,i,j ,Qm,i,j}. In this way,
we search for a complete path P = {P1, · · · ,PN} for
mobile manipulator, where Pi = {Qi,1, · · · ,Qi,Mi+1} is
the mobile manipulator path consisting of multiple sub-paths
corresponding to those of the mobile base.

To determine the manipulator state path, we construct a
searching space for the manipulator and utilize the Multilayer
Constrained RRT*-Connect method (detailed in Sec. IV-C)
to search for a feasible path. For each mobile base waypoint,
manipulator states can be combined with it as long as certain
constraints are met, these states constitute a searching space
(see light green ellipses in Fig. 4(a)). Furthermore, there is
a sequential relationship among the mobile base waypoints.
Thus the association between manipulator states and mobile
base waypoints making the manipulator searching space a
multilayer structure.

C. Multilayer Constrained RRT*-Connect

In Sec. IV-B, we introduce the multilayer structure of
the searching space. Considering the high dimension of the
manipulator and the multilayer nature of the searching space,
we propose a Multilayer Constrained RRT*-Connect method
to find the appropriate manipulator state for each waypoint.

The Multilayer Constrained RRT*-Connect has a similar
structure to RRT*-Connect [4]. We will explain how to
expand the searching tree under the multilayer constraint.

EXTEND* process is the most important process in both
RRT*-Connect and our method, which contains 3 steps:
SAMPLE, NEAREST and STEER. In SAMPLE step, we
random sample a state xrand = (qm,rand, hrand) (see the
purple dotted node in Fig. 4(a)) which consists of a ran-
dom manipulator state qm,rand and a random layer hrand.
Then, in NEAREST step, we attempt to find the nearest
node xnearest = (qm,nearest, hnearest) on one of the two
searching tree (see Tree 1 and purple node in Fig. 4(a)).
These trees are alternately selected during different sampling
steps. STEER step will create a new node xnew (see red
dot and edge in Fig. 4(a)) at layer hnearest + 1 due to the
multilayer constraint. Finally, a process similar to rewire in
RRT* is performed, which only need to consider nodes in
adjacent layers.

After extending a new node, we try to find a connection
from the nearest node in another searching tree (see purple
node in Fig. 4(b)) to xnew using the CONNECT process
layer by layer until a collision occurs (see red dotted line
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Fig. 4: The overview of the environment-adaptive path searching algorithm proposed in Sec.IV. We construct a multilayer
manipulator searching space based on the mobile base path and conduct Multilayer Constrained RRT*-Connect proposed in
Sec.IV-C to find a feasible path for manipulator. The EXTEND* process and CONNECT process are respectively illustrated
in (a),(b). If no solution found, the local high dimension path searching is employed to complete the path (c).

in Fig. 4(b)), which is similar to Alg. 7 in [4]. This process
will generate nodes within the layers where the connection
passes through (see red node in Fig. 4(b)). If the predefined
termination condition, such as a time limit, is not met, we
repeat the above process, in which the role of two searching
trees are exchanged.

D. Local Whole-body Path Searching

Our Multilayer Constrained RRT*-Connect efficiently
generates feasible and high-quality paths in areas with
moderate obstacles. However, due to the separate search
processes for the mobile base path and manipulator path, our
method is susceptible to getting stuck in highly narrow envi-
ronments. In such cases, an interrupted part emerges between
the two searching trees where no feasible connection can be
found (as shown in Fig. 4(c)). Fortunately, the bidirectional
search offers an effective means to leverage previous search
results and bridge the interrupted part, eliminating the need
for conducting whole-body path planning from scratch.

In this settings, we locally perform whole-body path
searching, where the searching space corresponds to the
whole configuration space of mobile manipulator. The initial
state and goal state are set corresponding to the interrupted
part of the two searching trees. We collect the manipulator
states in both ends of the interrupted tree and merge them
with the associated mobile base states into the whole-body
states (see purple doted lines in Fig. 4(c)). Then, we formu-
late it as a multi-start, multi-goal path planning problem,
which is solved using RRT*-Connect [4] algorithm. Our
local whole-body path searching guarantees the discovery
of a complete path connecting the previously interrupted
part, as illustrated in Fig. 4(c). This strategy empowers our
method to dynamically adapt the search space and maintain
completeness even in challenging environments. Typically, it
entails resolving just two simpler search problems in R3 and
RL, resulting in high-quality paths in shorter time. In the
worst-case scenario, it may need to search the entire path in
R3+L.

V. SPATIAL-TEMPORAL TRAJECTORY OPTIMIZATION

Given the initial path obtained in Sec. IV, we formulate
a non-linear optimization problem for whole-body trajectory

planning of mobile manipulators, which generates smooth,
safe and feasible trajectories that satisfies specific task con-
straints in real time.

A. Optimization Formulation

As we discussed in Sec. III-B, the state, input, and input
derivative can be expressed in terms of the generalized joint
configuration. Therefore, we choose the generalized joint
configuration q as our planning space.

After obtaining a collision-free path P along with their
corresponding forward and backward variables η, we par-
tition the trajectory into N segments. The i-th segment is
represented as a Mi-piece (2 + L)-dimensional piece-wise
polynomial with a degree of 2s − 1, which is denoted as
qi (t) for t ∈ [0, Ti]:

qi,1 (t) = cTi,1β
(
t− T̄i,0

)
, t ∈

[
T̄i,0, T̄i,1

]
...

...
qi,Mi

(t) = cTi,Mi
β
(
t− T̄i,Mi−1

)
, t ∈

[
T̄i,Mi−1, T̄i,Mi

]
where Ti = ∥Ti∥1 and Ti = [Ti,1, · · · , Ti,Mi

]
⊤ represents

the time allocation. T̄i,j =
∑j

k=1 Ti,k, j ∈ {0, · · · ,Mi}
denotes the timestamp of the start of qi,j+1 (t) or the end
of qi,j (t). ci,j ∈ R2s×(2+L) is the coefficient matrix and
β (t) =

[
1, t, · · · , t2s−1

]⊤
represents the time basis.

To generate a smooth, safe and feasible trajectory for the
mobile manipulator to complete a specific task, we formulate
the objective function of the trajectory generation problem
as followed:

J =

N∑
i=1

Js,i + JT,i + Jp,i, (3)

where Js,i =
∫ Ti

0
q
(s)
i (t)⊤q

(s)
i (t)dt is the control efforts of

the trajectory. JT,i = ωTTi is the time regulation term, which
makes the execution time of the trajectory to be as small as
possible.

Jp,i =

Mi∑
j=1

∑
d∈D

ωdIΣ (Gd (qi,j)), (4)

is the penalty of the inequality constraints Gd(qi,j) ≤ 0,
which will be further discussed in Sec.V-B, Sec.V-C and
Sec.V-D. IΣ(·) represents the sparse and dense sampling
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strategy utilized to sample the trajectory more densely around
points with highly nonlinear constraints, ultimately improv-
ing the convergence rate of the optimization. In order to
maintain brevity, we direct interested readers to [22] for more
details about the sampling strategy. ωT and ωd are weights
of time and penalty, respectively. And then, we can get the
trajectory by solving Eq. (3) using MINCO [8] trajectory
optimization.

B. Safety Constraints

This subsection introduces safety constraints for both
obstacle avoidance and self-collision avoidance.

1) Obstacle Avoidance: To guarantee no collisions be-
tween the obstacle and the robot, we build the ESDF map
[24] and ensure that the ESDF values DESDF (·) at the
centers of the collision spheres, which is discussed in Sec.III-
A, are greater than their respective radius rl:

Gso(q, q̇b) = rl −DESDF

(Wpl,m (q, q̇b)
)
,

∀l ∈ {B, 1, 2, · · · ,L} ,∀m ∈ {1, · · · ,ml} ,
(5)

2) Self-Collision Avoidance: We check for collisions be-
tween every pair of links:

Gss(qm) = rl′ + rl −
∥∥∥ l′pl′,i − l′Tl

lpl,j

∥∥∥
2
,

∀l′ ∈ {0, · · · , l − 1} ,∀l ∈ {1, · · · ,L} ,
∀i ∈ {1, · · · ,ml′} ,∀j ∈ {1, · · · ,ml} .

(6)

C. Feasibility Constraints

To ensure the trajectory not to surpasses the tracking
capabilities of a mobile manipulator, it is imperative to
incorporate feasibility constraints within the robot’s motion
planning framework.

1) Wheel Constraints: For the mobile base, we impose
restrictions on the angular velocity and acceleration of the
left and right wheels, limiting them to the maximum values
ωw,max and αw,max respectively:

Gωl(r) (q̇b, q̈b) = ω2
l(r) (q̇b, q̈b)− ω2

w,max, (7a)

Gαl(r) (q̇b, q̈b,
...
q b) = α2

l(r) (q̇b, q̈b,
...
q b)− α2

w,max. (7b)

The values of ωl(r), αl(r) can be computed using Eq. (2).
Moreover, if ∥q̇b∥2 = 0, the angular velocity and accelera-
tion of the wheel become infinite. Therefore, a constraint is
imposed on the minimum velocity as follows:

Gv̄(q̇b) = v2min − q̇T
b q̇b, (8)

where vmin ∈ R>0 is a extremely small value. In this paper,
vmin is defined as 0.05.

2) Joint Constraints: For each joint l of the manipulator,
where l ∈ {1, · · · ,L}, we consider the limits on joint angle,
velocity, and acceleration:

Gqθ
(ql) = ql − ql,max, (9a)

Gqθ̄
(ql) = ql,min − ql, (9b)

Gqω
(q̇l) = q̇2l − ω2

l,max, (9c)

Gqα(q̈l) = q̈2l − α2
l,max, (9d)

TABLE I: ABLATION STUDY RESULTS

hb(m) 0.7 0.6 0.5 0.4
Baseline 98.16% 53.75% 2.37% 0.00%

Ours 100.00% 100.00% 100.00% 100.00%

: Proposed : Interrupted part

(a) (b)

Fig. 5: The generated path in ablation study. (a): hb = 0.7m.
(b): hb = 0.4m.

where ql,min and ql,max represent the minimum and maxi-
mum joint angles of joint l, and ωl,max and αl,max represent
the maximum joint angular velocity and acceleration of the
l-th joint.

D. Task Constraints
In numerous instances [25], the end-effector of the mobile

manipulator is required to follow a designated trajectory or
maintain a specific orientation. To achieve these tasks, task
constraints are introduced. We restrict Euclidean distance
between the position of the end-effector Wpe and the target
position Wpt within the tolerance distance dp:

Gtp (q) =
∥∥Wpe − Wpt

∥∥
2
− dp. (10)

And the minimum rotation angle between the orientation
of the end-effector WRe and target orientation WRt is
constrained within the tolerance angle do:

Gto (q) = arccos

(
1

2

(
tr
(

WRt
⊤ WRe

)
− 1

))
− do.

(11)

VI. EXPERIMENT

In this section, we conduct simulations and real-world
experiments to demonstrate proposed method’s efficiency.

A. Benchmark Comparison
Simulation benchmarks are conducted to demonstrate the

effectiveness of our method. All simulations are performed in
the Robot Operating System (ROS) on a computer equipped
with Intel i7-13700KF CPU.

1) Ablation Study: We conduct an ablation study to vali-
date the effectiveness of our local whole-body path searching
method proposed in Sec.IV-D. The baseline is chosen as our
method proposed in Sec. IV without local whole-body path
searching. The study is conducted in scenarios involving a
bridge hole and a passage (see Fig. 5). We adjust the height
of the bridge (hb) from 0.7m to 0.4m with a resolution of
0.1m and limit computation time to 600ms. The success rate
for both methods are shown in Table I.

As the height of the bridge decreases, the success rate of
baseline quickly falls to 0. On the contrary, our method can
automatically identify and complete the interrupted part (see
Fig. 5(b)), resulting in a high level of completeness.
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Fig. 4: Simulation environments. (a): Cuboids. (b): Bridge.

(a)

(a)

(b)

(b)
: Proposed : RRT*-Connect

: Proposed : Interrupted part

Fig. 6: The generated path in Cuboids (a) and Bridge (b).

TABLE II: PATH PLANNING RESULTS

method tp(ms) lb(m) lj(rad) succ

Cuboids Ours 57.22 7.75 19.82 100.00%
RRT*-Connect 119.67 10.52 36.19 43.50%

Bridge Ours 12.96 5.70 19.56 100.00%
RRT*-Connect 107.37 6.04 22.99 12.62%

2) Path Planning: We compare our environment-adaptive
path searching method with RRT*-Connect [4]. We perform
the comparison in two different scenarios, as illustrated in
Fig. 6. The Cuboids scenario is an 8m × 8m room with
cuboids positioned both on the ground and in the sky. In
the Bridge scenario, the height of the bridge is set to 0.7.
To achieve real-time planning, a planning time limit of
200ms is enforced. The RRT*-Connect algorithm terminates
either upon finding a path or upon reaching the time limit.
We measure and record the average planning time (tp),
path length of the mobile base (lb), path length of the
manipulator joints (lj), and success rate (succ). These results
are presented in detail in Table II.

Our method achieves perfect success rate while offering
an improvement in computation time and trajectory quality
compared to RRT*-connect.

3) Trajectory Generation: To validate the real-time ca-
pability of our trajectory optimization method in generating
feasible trajectories, we conduct a benchmark comparison
with CHOMP [6] in two distinct scenarios the same as Fig.
6. The initial guess for both methods is determined using
the approach proposed in Sec.IV, and we ensure that both
methods have the same number of constraint points. We
record the average optimization time (to) and success rate
in simulation, detailed in Table III.

Our method achieves a significant improvement in opti-
mization time, as well as better success rate. Besides, the
trajectory generated by our method is dynamic feasible for
the mobile manipulator while the one generated by CHOMP
is not.

B. Real-world Door-Pushing Experiment

To demonstrate the effectiveness of our method in han-
dling task constraints, we conduct a real-world door-pushing

TABLE III: TRAJECTORY GENERATION RESULT

method to(ms) succ feasible

Cuboids Ours 294.17 92.35% ✓
CHOMP 5791.48 68.20% ✗

Bridge Ours 175.67 100.00% ✓
CHOMP 2279.35 98.79% ✗

safe and dynamic feasible trajectory, we benchmark our

(a) (b) (c)

Fig. 7: The snap shot of door pushing experiment with
collision-avoiding in real world.
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Fig. 8: Position and orientation error between target value
and trajectory for door pushing task.

experiment. During pushing the door, the end-effector is
required to remain relatively stationary and perpendicular
to the door. Namely, the trajectory of the end-effector has
to be a circle with constant height. In this experiment,
dp = 0.05(m) and do = 0.15(rad). Fig. 7 shows the process
of pushing the door in real world. As demonstrated in Fig. 8,
initially, the error between the target pose and the trajectory
of the end-effector exceeds the tolerance limit. Then, the
error quickly diminishes and remains within the tolerance.

C. Real-world Planning in Dense Environment

To validate the feasibility of the proposed framework on a
real mobile manipulator, we conduct real-world experiments
in a 7m×5m craft room with tables, shelves and some square
obstacles, as shown in Fig. 1. Given the goal state xgoal ∈
R3+L, the mobile manipulator is required to determine a
trajectory originating from the current state that leads to
xgoal. Our platform, equipped with an onboard computer
(Intel Core i7-1260P CPU), is illustrated in Fig. 2. The
state of the mobile base is acquired using a motion capture
system, while the manipulator’s state is obtained through the
built-in encoder. The point cloud map of the environment
is pre-constructed using FAST-LIO2 [26]. We conduct six
experiments with different start and goal states. One of the
experiments is shown in Fig. 1, which shows the agile,
coupled and safe motion of the mobile manipulator. The
complete experiments can be viewed in the attached video.

VII. CONCLUSION

In this paper, we present a real-time whole-body motion
planning framework for mobile manipulators. We propose
an efficient environment-adaptive path searching method,
which achieves high-quality, real-time path planning while
ensuring completeness. Additionally, we propose a spatial-
temporal trajectory optimization method that takes safety,
dynamic feasibility, and task constraints into account. We
conduct extensive simulations and real-world experiments to
demonstrate the effectiveness of our method. In the future,
we will extend this framework to cooperative transportation.
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