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This paper introduces an innovative path planning strategy tailored to Unmanned Aerial Manipulation (UAM) systems for pick-and-place
applications. It offers a solution for effectively coordinating the aerial platform with the manipulator robot to navigate around obstacles.
This is achieved by establishing two distinct paths, one for the aerial platform and another for the manipulator robot, ensuring seamless
operation and preventing collisions within the entire system. The core of this approach relies heavily on the novel Random Geometric
Model (RGM) to position the aerial platform close to the target object, thus confirming that the object is within reach of its end-effector. It
employs sampling-based methods and geometric models to efficiently explore the configuration space and generate collision-free path. The
fundamental concept underlying this approach is to randomly generate points within the workspace of the UAM as destination objectives.
These points act as guiding references for the sampling-based algorithms, simplifying the creation of connectivity graphs between the
starting position and the intended destinations for the aerial manipulator. The effectiveness of this strategy is demonstrated across various
scenarios, highlighting its superior performance in terms of efficiency, computation time, and path length when compared to existing path
planning techniques like RRT� and Informed RRT�.
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1. Introduction

Unmanned Aerial Vehicles (UAVs) have captured substan-
tial attention in recent years, owing to their versatile
applications, encompassing surveillance, reconnaissance,
logistics, and gas distribution mapping applications [2].
However, despite these advancements, many UAVs face
limitations in their ability to directly interact with and
modify their environment. The integration of manipulator
arms with UAV platforms has emerged as a transformative

solution, unlocking new possibilities for intricate aerial
tasks, commonly referred to as aerial manipulation [20].

Unmanned aerial manipulators boast enhanced capabil-
ities, making them applicable in a wide array of scenarios.
These applications encompass transporting vital first aid
kits to remote and perilous locations where manned mis-
sions pose significant risks. They are invaluable for high-
risk tasks such as power line maintenance, construction in
otherwise inaccessible sites, and precise aerial pick-and-
place operations, as evidenced in [7, 14, 25]. Additionally,
they excel in scenarios necessitating manipulation and
evacuation in hazardous environments, such as post-
nuclear disaster situations or the delicate task of diffusing
improvised explosive devices (IEDs) during military
operations [23], all without jeopardizing human lives [19].
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In the majority of these operations, aerial manipulators
offer distinct advantages when compared to ground-based
platforms. Their maneuverability allows them to navigate
obstacles and rugged terrain with ease, all while main-
taining the capability to impact their environment similarly
to ground-based vehicles [9].

Aerial manipulation operations can be divided into three
distinct phases: first, navigating from the take-off position
to the vicinity of the workspace, ensuring collision avoid-
ance and reactivity to unexpected obstacles; second,
approaching the desired operation position with greater
accuracy; and third, performing manipulation tasks with
precise position and interaction control [21].

Many practical approaches for path planning of aerial
manipulators decouple the planning of the aerial platform
and the manipulator. Initially, these algorithms plan a
trajectory for the center of gravity (CoG) of the aerial
platform to position it suitably for manipulation. Subse-
quently, they plan the motion of the end-effector, assuming
the aerial platform remains in the same position and ori-
entation during manipulation. However, these approaches
have several drawbacks. First, the geometric approach does
not account for orientation, which is crucial in aerial
manipulation. Second, the decoupling between the aerial
platform and the manipulator can be inefficient in terms of
energy and execution time. Third, this decoupling can be-
come unfeasible when the manipulator’s motion is neces-
sary to avoid obstacles. Lastly, the decoupling is also
impractical when the manipulator’s movement significantly
impacts the platform’s motion [21].

Kinodynamic planning addresses the kinematic and dy-
namic constraints of aerial manipulators. A straightforward
decoupling approach starts with geometric planning for a
sphere surrounding the aerial platform, using methods like
RRT to compute segments with zero velocity and acceler-
ation at endpoints. This path is then transformed into a
trajectory that satisfies the kinematic and dynamic con-
straints. Finally, velocities and accelerations are adjusted
along local paths without altering their geometry, ensuring
collision avoidance [1]. Control-aware planning, as pro-
posed in, maintains surface contact, and some methods in-
tegrate motion planning and control to sustain this contact
[26]. In the AEROARMS project, an RRT� algorithm was
used for simultaneous motion planning of the aerial
platform and arm joints while transporting a bar in an
obstacle-dense environment. An eight-variable planar
model was employed for the aerial manipulator. The motion
of the long-reach aerial manipulator’s arms, when holding
the bar, affects the aerial robot’s CoG and subsequently its
platform’s motion. Without considering this coupling, col-
lisions may occur. Therefore, an RRT� algorithm with dy-
namic awareness was developed and implemented to avoid
such collisions [5].

However, the development of an optimal, collision-free
path for aerial manipulators to perform complex tasks with
precision is one of the main challenges driven by several
factors. Aerial Manipulators, unlike traditional UAVs, are
comprised of both an aerial platform and a manipulator
robot. This configuration introduces a significant obstacle
avoidance challenge, necessitating the establishment of dual
paths. These paths are vital; one guides the UAV, and the
other guides the manipulator robot. Their purpose is to
ensure seamless operation and prevent collisions through-
out the entire system.

Furthermore, UAMs are classified as floating-base sys-
tems, distinct from fixed-base manipulators. This classifi-
cation adds complexity, as achieving precise positioning of
the aerial platform in close proximity to a target object and
ensuring accessibility by the manipulator’s end-effector
demands a high level of precision. Addressing these chal-
lenges calls for the definition of specific mathematical tools
to empower the aerial manipulator in fulfilling its desig-
nated tasks effectively.

Recently, there has been a growing interest in the use of
sampling-based algorithms to solve the problem of path
planning for aerial manipulators, such as RRT� and PRM�

[15], Informed RRT�[11, 18], Fast Marching Trees (FMT�)
in [13], C-FOREST in [22], and Batch Informed Trees (BIT�)
developed in [10] are typically more efficient and scalable
than other Graph-based searches path-planning algorithms
[30] (such as Dijkstras algorithm [8] and A� [24]).

In their work, Brunner et al. [4] proposed a sampling-
based approach for fully-actuated MAVs that can exert
forces and torques in six degrees of freedom (6 DoF). This
makes them well-suited for aerial manipulation tasks that
require precise control. The sampling-based approach uti-
lized in their work does not rely on an analytical model of
the interaction dynamics. This allows the approach to
handle multiple and recurring contacts between the aerial
manipulator and the environment. In [28], Yavari et al.
proposes an integrated planning strategy for object
retrieval using a sampling-based approach called Lazy-
Steering-RRT�. This approach plans the motion of an Un-
manned Aerial Manipulator (UAM) from its starting point to
a pre-grasp state while minimizing the motion of the
arm. Limited-range sensors onboard facilitate on-the-fly
planning using Machine-Learning based.

The authors in [16] propose a path planning approach
for an aerial pick-and-place task, where an aerial manipu-
lator is required to pick up or place an object at specified
waypoints with partial state variable constraints. The pro-
posed framework is based on the informed RRT� algorithm
in a bidirectional manner and incorporates an extra merg-
ing process to integrate the trees from the start and goal
points. In [6], an airborne robotic system with two arms
and a lengthy bar extension is designed for long-range
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manipulation in crowded settings. The authors provide
detailed information on the trajectory planning perfor-
mance of this system using a planner based on the Rapidly-
exploring Random Tree (RRT�) algorithms. In [17], the
authors present the planning of multiple aerial manip-
ulators for cooperative transport. The desired path for
each aerial manipulator is obtained by using RRT� to
transport an object to the desired position while taking into
consideration the constraints of the end effector’s capture
point. Ying et al. introduced an enhanced version of the
RRT algorithm called IRRT, which improves the selection
strategy of the root node and incorporates trajectory dis-
tance constraints to enhance the quality of the planned
trajectory [29].

This paper presents a solution of path planning for
Aerial Manipulators that leverages sampling-based algo-
rithms in conjunction with Direct Geometric Model (DGM)
and Inverse Geometric Model (IGM) equations to capture
the interconnected motions between the UAV and its
manipulator arm. The proposed methodology combines the
advantages of sampling-based techniques and Random
Geometric Model (RGM) methods, enabling the generation
of UAV arrival points near the target object while ensuring
the manipulator arm’s reachability to the object. These
algorithms rely on a meticulous representation of the
robot’s physical structure, encompassing factors like shape,
size, joint angles, and boundaries. By leveraging this
detailed information, these algorithms are capable of cal-
culating feasible and safe paths while avoiding singularities
or “unreachable spaces.” These unreachable spaces refer to
states wherein an aerial manipulator cannot manipulate an
object due to limitations imposed by its physical structure
or task-specific constraints.

Moreover, the proposed approach guarantees collision-
free path not only for the UAV but also for the manipulator
arm. Furthermore, this algorithm effectively explores high-
dimensional spaces and offers efficient solutions in terms of
computational time and path length, surpassing conven-
tional methods reported in the existing literature. These
features render it highly valuable in real-world scenarios
that require precise and efficient path planning.

The remainder of the paper is structured as follows.
Section 2 delves into the geometric modeling of aerial
manipulator systems, including both the direct and IGMs of
UAMs. Section 3 formulates the mathematical aspects of
path planning for this category of systems. It also provides
necessary definitions for key concepts in path planning.
Section 4 thoroughly expounds the proposed path planning
strategy and provides in-depth insight into the algorithm
developed in this study. Section 5 presents the diverse
results achieved when implementing the algorithm in var-
ious scenarios. Finally, Sec. 6 concludes by summarizing the
results and offering recommendations for future research.

2. Geometric Modeling

We consider a UAM, which is a combined system of a UAV
and an n-DoF robotic arm. The earth fixed frame fIg ¼
ðOI ; XI ; YI ; ZI Þ, the body fixe frame fBg ¼ ðOB; XB; YB; ZBÞ
attached to the center of mass of UAV, the fBjg ¼
ðOj; Xj; Yj; ZjÞ reference frame that are attached to the link j of
the arm, and the fBeg ¼ ðOe; Xe; Ye; ZeÞ reference frame,which
is attached to the end effector. They are defined as in Fig. 1.

The position of fBg attached to the center of UAV with
respect to fIg is given by the vector XB ¼ IPB ¼ ½x y z�T
and Xe ¼ IPe ¼ ½xe ye ze�T is the position of the end effector
relative to the reference frame fIg. The system state can be
decomposed into two vectors.

The first vector � ¼ ½X T
e ©

T
e �T , where ©e ¼ ½�e�e e�T is

expressed as the generalized coordinate of the end effector.
The second vector represented by the collection of state

variables of the UAV and the arm joint as � ¼ ½X T
B ©T

B QT
a �T ,

with ©B ¼ ½� �  �T gives the orientation of the UAV with re-
spect to the fixed reference frame fIg, Qa ¼ ½q1 q2 . . . qn�T
represent the joint vector of the n-DoF manipulator’s.

2.1. Direct geometrical models

The direct geometrical problem consists in determining the
operational coordinates IPe of the end effector, according to
the movements of the UAV as well as the movement of the
manipulator’s joints.

Definition 1. Consider DG as a mathematical function
describing the transition from the joint space N � R6þn to
the operational coordinate space M � R6 as follows:

DG : N ! M
� ! � ¼ DGð�Þ

: ð1Þ

The DG function is derived geometrically by solving the
following system of equations:

IPe ¼ IPB þ IRBð©BÞBPeðQaÞ
IReð©eÞ ¼ IRBð©BÞBReðQaÞ ¼ Rð©B;QaÞ;

�
ð2Þ

Fig. 1. Configuration space of an unmanned aerial manipulator
(i.e. a UAV with a robot arm with n-DoF).
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where bRa is the rotation matrix from frame fag to
frame fbg.

Based on the system of Eq. (2), the function DG can be
given as follows:

DG ¼ Dþ
G

D�
G

� �
¼ Xe

©e

� �
¼ XB þ Gð©B;QaÞ

Hð©B;QaÞ
� �

; ð3Þ

where function Gð©B;QaÞ ¼ IRBð©BÞBPeðQaÞ and the
function Hð©B;QaÞ is defined as

Hð©B;qÞ ¼
atan2ðRð©B; qÞ23;Rð©B; qÞ13Þ
atan2ð

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
R2

13 þR2
23

p
;�Rð©B; qÞ33Þ

atan2ðRð©B; qÞ32;�Rð©B; qÞ31Þ;

8><
>: ð4Þ

where Rð©B;QaÞij represents the elements of the matrix
Rð©B;QaÞ.

2.2. Inverse geometrical models

The inverse geometric approach for UAM is used to calcu-
late the UAV position and manipulator arm joint variables
required to move the end effector to a desired position.

Definition 2. Consider IG as a mathematical function
describing the transition from the operational coordinate
space M to the joint space N as follows:

IG : M ! N
�! � ¼ IGð�Þ:

ð5Þ

Let’s consider Eq. (3). We have a system of nonlinear
equations of several variables from R6 ! R6þn. The inverse
analytical resolution of this system is quite complex due to
several factors: the problem to be solved is a system of
generally nonlinear, several solutions can be found, as well
as no solutions can be found after an analytical mathe-
matical calculation.

Several numerical and analytical approaches have been
proposed to solve this problem. Among these approaches,
the general inversion method of Paul in [27] emerges as a
leading mathematical technique used to solve inverse geo-
metric problems in robotics. This approach uses homoge-
neous transformation matrices jTi to achieve the desired
position and orientation of the end effector given by the
matrix UðIReð©eÞ; IPeÞ as follows:

UðIReð©eÞ; IPeÞ ¼
IReð©eÞ IPe
01�3 1

� �
: ð6Þ

The passage from the frame attached to the end effector
fBeg to the inertial frame fIg is provided by the matrix:

U ¼ ITe ¼ ITB BT1
1T2

2T3 . . .
nTe ð7Þ

we use this Eq. (7) to compute the manipulator arm state
variables Qa using the following recursive method:

U ¼ ITB BT1
1T2

2T3 . . .
nTe

BTIU ¼ BT1
1T2

2T3 . . .
nTe

1TB BTIU ¼ 1T2
2T3 . . .

nTe

2T1
1TB BTIU ¼ 2T3 . . .

nTe

..

.

nTn�1 . . .
2T1

1TB BTIU ¼ nTe

9>>>>>>>>>>=
>>>>>>>>>>;

! Qa: ð8Þ

With the assumption of hovering manipulation (� ¼ � ¼ 0),
we can easily deduce the vector Qa ¼ LðXe;©eÞ by solving
the system of Eq. (8). Then to determine the position of the
UAV presented by the vector XB , we use the function Dþ

G
developed in Eq. (3), hence the position expression of the
UAV is XB ¼ Xe � Gð©B;QaÞ.

Finally, the function IG described the IGM can be given
as follows:

IG ¼
I þ

G
©B
I �

G

2
64

3
75 ¼

XB
©0

B
Qa

2
64

3
75 ¼

Xe � Gð©0
B;QaÞ

©Bð0; 0;  dÞ
LðXe;©eÞ

2
64

3
75: ð9Þ

2.3. Application example

The direct and IGMs can be derived through various
methods. In this work, we opt for the modified Denavit–
Hartenberg convention, often referred to as the Khalil–
Kleinfinger convention. This method is chosen for its
simplicity and ease of implementation.

Consider our aerial manipulation system developed in
[12] (shown in Fig. 2). The manipulator’s arm consists of
three main rigid links which represent the body of the arm
and three rotary joints capable of three rotations ð�1; �2; �3Þ.
Figure 3 shows the final version of the prototype designed
by Solidworks.

Fig. 2. Visual diagram depicting the system-related frame.
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The transformation matrix from the reference frame
fBjg ¼ ðOj; Xj; Yj; ZjÞ to the reference frame fBig is given by
the following formula:

iTj ¼
iRj

iPj
01�3 1

� �
: ð10Þ

The four M.D.H. parameters are used to express the
rotation matrix iRj as follows:

iRj ¼
c�j �s�j 0

c�j
s�j c�j

c�j �s�j

s�j
s�j s�j

c�j c�j

0
@

1
A ð11Þ

and the position vector:

iPj ¼
dj

�rj s�j

rj c�j

0
@

1
A ð12Þ

Based on the M.D.H. parameters for the 3-link manipu-
lator presented in Table 1, the five transformation matrices
are given as follows:

BT0 ¼
1 0 0 0
0 1 0 0

0 0 �1 �b
0 0 0 1

2
664

3
775 ¼

BR0
BP0

01�3 1

� �
; ð13Þ

0T1 ¼
c�1 �s�1 0 0

s�1 c�1 0 0
0 0 1 L1
0 0 0 1

2
664

3
775 ¼

0R1
0P1

01�3 1

� �
; ð14Þ

1T2 ¼
c�2 �s�2 0 0
0 0 �1 0
s�2 c�2 0 0

0 0 0 1

2
664

3
775 ¼

1R2
1P2

01�3 1

� �
; ð15Þ

2T3 ¼
c�3 �s�3 0 0

0 0 1 L2
�s�3 �c�3 0 0
0 0 0 1

2
664

3
775 ¼

2R3
2P3

01�3 1

� �
; ð16Þ

3Te ¼
1 0 0 0
0 1 0 0
0 0 1 L3
0 0 0 1

2
664

3
775 ¼

3Re
3Pe

01�3 1

� �
ð17Þ

the passage from the body frame fBg to the reference frame
attached to the terminal organ fBeg, is provided by the
matrix:

BTe ¼ BT0
0T1

1T2
2T3

3Te ¼
BRe

BPe
01�3 1

� �
ð18Þ

BRe is the rotation matrix from frame fBeg to frame fBg, is
given by

BRe ¼
c�1 c�2 c�3 � s�1 s�3 �c�1 c�2 s�3 � s�1 c�3 �c�1 s�2
c�2 c�3 s�1 þ c�1 s�3 s�1 s�3 c�2 þ c�1 c�3 �s�1 s2�2

s�2 c�3 �s�2 s�3 c�2

0
@

1
A

ð19Þ
BPe is the position of the end effector relative to the refer-
ence frame fBg

BPe ¼
Bxe
Bye
Bze

0
B@

1
CA ¼

�c�1 s�2ðL2 þ L3Þ
s�1 s�2ðL2 þ L3Þ

�c2ðL2 þ L3Þ � L1 � b

0
B@

1
CA ð20Þ

We can define the position of the end effector as follows:

IPe ¼ IPB þ IRBBPe ð21Þ
with IRB given as

IRB ¼
c�c s�s�c � c�s c�s�c þ s�s 
c�s s�s�s þ c�c c�s�s � s�c 
�s� s�c� c�c�

0
@

1
A: ð22Þ

Equation (21) can be written as

xe
xe
ze

0
@

1
A ¼

x
y
z

0
@

1
Aþ IRB

�c1s2ðL2 þ L3Þ
s1s2ðL2 þ L3Þ

�c2ðL2 þ L3Þ � L1 � b

0
B@

1
CA ð23Þ

Fig. 3. Final structure of the manipulator arm designed by
Solidworks.

Table 1. M.D.H. parameter table.

j �i dj �j rj �j

1 0 0 0 L1 �1
2 0 0 þ �

2 0 �2
3 0 0 � �

2 L2 �3
e / 0 0 L3 0
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Based on the system of Eq. (22), the function Dþ
G can be

given as follows:

Dþ
G ¼ Xe ¼

x
y
z

0
@

1
Aþ IRB

�c1s2ðL2 þ L3Þ
s1s2ðL2 þ L3Þ

�c2ðL2 þ L3Þ � L1 � b

0
B@

1
CA ð24Þ

To address the direct geometric problem, it’s essential to
calculate the d function, which corresponds to the set of
Euler angles that align with the rotation matrix of the end-
effector. Let us base on the calculation of matrix IRB , which
can be given as follows:

IRe ¼ IRBBRe ¼
r11 r12 r13
r21 r22 r23
r31 r32 r33

0
@

1
A: ð25Þ

When the terms rij are function of q and ©B , we assume
that elements r13 and r33 are not equal to zero, we can
express it as follows:

�e ¼ atan2ðr23; r13Þ
�e ¼ atan2ð

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
r 213 þ r 223

p
; r33Þ

 e ¼ atan2ðr32;�r31Þ

8><
>: : ð26Þ

Choosing a positive sign for the term
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
r 213 þ r 223

p
limits the

range of possible values of �e to ½0; ��. So, the function D�
G is

defined as

D�
G ¼ ©eHð©B; qÞ ¼

atan2ðr23; r13Þ
atan2ð

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
r 213 þ r 223

p
; r33Þ

atan2ðr32;�r31Þ

0
B@

1
CA: ð27Þ

Now, let’s turn our attention to the IGM, which involves
expressing the joint coordinates in terms of the operational
coordinates. Solving the geometric inverse model is a
complex task for several reasons:

(1) The problem at hand typically involves a system of
nonlinear equations.

(2) Multiple solutions may exist for a single problem.
(3) In the case of redundant systems, there could be an

infinite number of potential solutions.
(4) Analytical mathematical solutions may not be readily

available.

However, when dealing with redundant manipulators, it’s
possible to find multiple potential solutions for a given end-
effector position. we denote by IP d

e and IRd
e , the desired

end-member position and orientation, expressed by

IPe ¼ x d
e y d

e zde
� 	T ; ð28Þ

IRd
e ¼

rx nx ax
ry ny ay
rz nz az

0
@

1
A: ð29Þ

Let U0 be the transformation matrix describing the de-
sired orientation and position:

U0 ¼
IRd

e
IPd

e

01�3 1

� �
: ð30Þ

To find the joint values for a given end-member position,
the UAM is in the situation of gripping and manipulating the
target. In a situation of flight stability, i.e. its speed is close
to zero. In this case, the pitch and roll angles are close to
zero.

2.3.1. Assumptions

In a hovering position of the UAM, we assume that:

. The pitch and roll angles equal to zero (� ¼ � ¼ 0), no
movement on x and y axes.

. 8IPd
e 2 R3 the UAM can reach any point in space.

This means that roll and pitch angles are virtually zero,
so we’ll set them to zero, from (7) and (8), the inverse
geometry of the system can be derived from the following
equation:

U0 ¼ ITe ¼ IT0
0T1

1T2
2T3

3Te: ð31Þ
The three variables �1, �2 and �3 expressed as follows

(we can suppose any value for  and obtain �1):

�1 þ  ¼ atan2ð�py; pxÞ
�2 ¼ atan2ðc1px � s1py; s1px þ c1pyÞ
�3 ¼ atan2ðs1rx þ c1ry; s1nx þ c1nyÞ:

8><
>: ð32Þ

Therefore, the function I �
G described the variable q

ðnotic©0
B ¼ ©Bð0; 0;  dÞÞ can be given as follows:

I �
G ¼ q ¼

atan2ð�py; pxÞ �  d

atan2ðc1px � s1py; s1px þ c1pyÞ
atan2ðs1rx þ c1ry; s1nx þ c1nyÞ

0
B@

1
CA: ð33Þ

Finally, the UAV position is determined from Eq. (23) as
follows:

x
y
z

0
@

1
A ¼

xd
e

y d
e

zde

0
B@

1
CA�

�c�1þ s�2ðL2 þ L3Þ
s�1þ s�2ðL2 þ L3Þ

�c�2ðL2 þ L3Þ � L1 � b

0
B@

1
CA: ð34Þ

The function I þ
G described the IGM can be given as follows:

I þ
G ¼ XB ¼

x d
e þ c�1þ s�2ðL2 þ L3Þ

yd
e � s�1þ s�2ðL2 þ L3Þ

zde þ c�2ðL2 þ L3Þ þ L1 þ b

0
B@

1
CA: ð35Þ
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3. Mathematical Formulations of the Problem

Path planning for an aerial manipulator involves identifying
a collision-free path that both the UAV and its manipulator
arm can follow, starting from an initial position and
reaching multiple points in the vicinity of the target object.
The primary objective is to guarantee that the manipulator
arm successfully reaches the target object while avoiding
any potential collisions.

The formulation of this problem may vary depending on
the scenario and the scenario objectives, but here is the
mathematical formulation used in path planning to pick up
an object:

. Let X � R3 be the state space of the planning problem.

. The states that collide with the obstacles are called
Xobs � X , and Xdead � X is the dead space or “unreachable
space”, states in the vicinity of the target object in which
an aerial manipulator cannot pick up an object it is
unable to reach due to the limitations of its physical
structure or the constraints of the task.

. Let Xfree ¼ XnXobs \ XnXdead be the set of admissible
states that results for the aerial robot, the initial state is
Xstart, and the desired finale state is Xgoal.

3.1. Point-to-point problem

Most of the existing path planning strategies aim to find a
feasible and optimal path between a starting point and an
end point (i.e. a Point-To-Point (PTP) problem). However,
some robotic applications, such as pick-up and place sce-
narios, require other types of path planning techniques
involving what we call a Point-To-PointS path planning
problem (PTPS). In other words, the UAV manipulator has
several arrival points close to the target object, in order to
its end effector be able to reach the target object.

Let XB;start and Xe;start represent the initial positions of the
UAV and its manipulator arm, respectively. Xfinal 2 G

denotes the ultimate position of the UAV in the vicinity of
the target object located at position Xgoal, where G ¼
fXiji¼0;...mj9Qa 2 M : Xi ¼ Xgoal � Gð©0

B;QaÞg is the set of
goal points chosen by the UAV, and M � Rn is the space of
joint variablesQa boundary betweenQmin andQmax, denote
the minimum and maximum limits of joint, respectively.

Definition 3. A feasible path is defined for an aerial
manipulator system, if it is a collision-free path and if there
is a sequence of states � ¼ ½�B; �e� defined as follows:

� : ½0; 1� � ½0; 1� ! Xfree � Xfree
	! �ð	Þ ¼ ½�B; �e�

ð36Þ

with �ð0; 0Þ ¼ ½XB;start; Xe;start� and �ð1; 1Þ ¼ ½Xfinal; Xgoal�.

The search for the optimal path ��
e and ��

B , which mini-
mizes a specified cost function, c : ¡ ! Rþ, which connects
Xstart to Xgoal through the free space Xfree is the formal defi-
nition of the optimal planning problem and is expressed as
follows:

��
B ¼ argmin

�B2¡
fcð�BÞj8s 2 ½0; 1�; �BðsÞ 2 Xfreeg: ð37Þ

One advantage of the geometric method is that it
provides a mathematical solution to the inverse geometric
problem for UAV manipulators. However, this method may
disregard constraints such as obstacle avoidance, as shown
in Fig. 4.

In contrast, sampling-based methods such as RRT and
RRT� are helpful for generating feasible paths that satisfy
constraints such as obstacle avoidance, as shown in Fig. 5.

Fig. 4. UAV and end effector path obtained from the IGM.

Fig. 5. The path planning through the sampling approaches.
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The solution presented in this work comprises two distinct
methods: a sampling-based approach and a geometrical
model of the system (as illustrated in Fig. 6). Both methods
consider the coordinated positioning of the UAV and its end
effector to facilitate the efficient reaching of the target ob-
ject. By combining these two techniques, the proposed so-
lution aims to optimize the path planning process and
enable the successful manipulation of the target object.

This work presents a solution of path planning for Aerial
Manipulators that leverages sampling-based algorithms in
conjunction with DGM and IGM equations to capture the
interconnected motions between the UAV and its manipu-
lator arm (while ensuring a safe transition between the
DGM and the IGM using the functions Dg and Ig developed
in Sec. 2). The following section presents the proposed
algorithmic solution, all based on the geometric model de-
veloped in Sec. 2.

4. Path Planning Strategy

Sampling-based planners’ algorithms have shown remark-
able potential in efficiently solving path planning problems
for high-dimensional robotic systems. These methods excel
in scenarios where traditional approaches struggle due to
the complexity of the configuration space, enabling the
generation of feasible motion paths with significantly
reduced computational cost. A key advantage of some
sampling-based planners, such as Informed RRT�, lies in
their ability to not only find solutions but also optimize
motion plans according to specific cost functions. By in-
corporating heuristics, these planners are guided toward
more optimal regions of the search space, thereby im-
proving both the quality and efficiency of the generated

paths. Informed RRT�, for instance, leverages information
about the problem’s structure to refine its exploration,
allowing it to focus on areas more likely to yield low-cost
solutions. This capability makes sampling-based planners an
attractive choice for applications requiring fast, optimized,
and reliable path planning, especially in complex environ-
ments with stringent performance criteria. Ongoing research
continues to explore enhancements to these algorithms,
further pushing their effectiveness in aerial robotic systems.

The algorithm is an extension of the RRT algorithm,
which uses heuristics to guide the exploration of the RRT
tree to the goal location using information about the dis-
tance to the goal and the quality of the paths that have been
explored so far. These techniques allow Informed RRT* to
find an optimal path to the goal in a more efficient manner
than the original RRT algorithm.

In this work, path planning for a manipulator UAV using
sampling and RGM-based methods is a technique used to
generate feasible path for an UAV with a manipulator’s arm.
This technique is divided into two steps, in the first step the
sampling is based on Informed RRT* to ensure optimal
search in theworking spacewhere the target object is located
while avoiding obstacles. In the second stage, the sampling
introduces the RGM which provides information on the sys-
tem geometry to guide the sampling to converge quickly to
the position where the UAM is able to position its body and
manipulate it with its arm to reach the target objects while
ensuring a safe transition between the DGM and the IGM
using the functions Dg and Ig developed in Sec. 2.

In the first phase (as shown in Figs. 7(b) and 7(c) 3D and
2D representation, respectively), the target object is indi-
cated by a goal point Xgoal in red and the arrival point Xfinal
is shown in green. The blue paths represent the trajectories
generated by RRT and informed RRT from the UAVs initial
position, represented by a green star. These trajectories

Fig. 6. Illustrative diagram of a UAV manipulator’s path planning strategy for picking up an object.

126 Z. Housseyn, B. Yasser & G. Mohamed

December 16, 2025 2:36:39pm WSPC/284-US 2550085 ISSN: 2301-3850



expand iteratively, taking into account drone and manipu-
lator constraints, to explore the space around the arrival
point Xfinal and ensure that the manipulator arm can reach
the target object located at position Xgoal.

Once the target object is found, the algorithm proceeds
to the final phase, which involves finding all possible posi-
tions of the UAM to pick up the object. All desired paths are
clearly shown in Figs. 7(d) and 7(e), which shows the

(a) The path planning phases of the aerial manipulator
that must pass to pick up the object.

(b) During each iteration in the first phase, the search extends
to the target object around the goal point using RGM.

(c) 2D representation of the first phase of the search for
the target object.

(d) When the target object is found, the algorithm ends with the final phase
to find all possible positions of the UAM to pick up the object.

(e) 2D representation of the final phase to pick up the object.

Fig. 7. The start and end positions of the UAM are shown in green and red stars. Orange points indicate the final position of the UAV near
the target object. Each purple and red line shows the path of UAV and its effector position, respectively.
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optimized final path, highlighting how the search process
successfully navigates to the target object while maintaining
collision-free conditions.

Algorithm 1 presents the pseudocode for the suggested
algorithm using the RGM.

In order to apply this general, some of the intermediate
functionalities have been adapted to the studied problem.
These particular developments will be discussed below.

4.1. The RGM function

This function generates a random sample in the configu-
ration space around the target object, using the IGM and a
random value of ©0

B;Qa, all based on Eq. (38)

XB;RGM ¼ I þ
G ðXgoalÞ ¼ Xgoal � Gð©0

B;rand;Qa;randÞ: ð38Þ

As shown in Eq. (12), the RGM uses random values of the
articulation variables Qa and the attitude of the UAM ©0

B to
obtain all the possible positions of the drone so that it can
be manipulated with its arm correctly (Fig. 8 show the
cloud of points generated by the RGM for two types of UAM,
H-RRR in [31] and Q-PRR in [3]).

The RGM in Algorithm 2 is a compact representation of
the workspace of a UAM that can be used for efficient
sampling for the manipulator arm that is likely to lead to a
successful path to the target.

4.2. Nearest neighbor function

This function finds the nearest node in the tree T to a given
configuration XB;RGM or XB;rand. It calculates the distance
between each node in T and XB;rand and returns the node
with the smallest distance XB;nearest.

4.3. The near vertices function

This function finds all nodes in the tree T within a certain
radius r of a given configuration X. It calculates the distance
between each node in T and X and returns the nodes with
distances less than r.

4.4. The steer function

This function generates a new configuration XB;new by
steering from the nearest node XB;nearest to configuration
XB;rand towards a randomly generated configuration rand.
The new configuration XB;new is generated by taking a small
step in the direction of XB;rand while ensuring that the aerial
manipulator remains collision-free.

4.5. Check collision with obstacle

Obstacle avoidance for aerial manipulators involves ensur-
ing that both the manipulator arm and the UAV can navigate

Fig. 8. RGM cloud points for two types of UAM, H-RRR and Q-PRR.
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through their environment without colliding with obstacles.
Here are explanations for both cases:

(1) In the context of aerial manipulators, the manipulator
arm’s obstacle avoidance focuses on preventing colli-
sions between the manipulator’s links and any obsta-
cles in its surroundings. The obstacle avoidance
strategy for the manipulator arm may involve altering
joint angles, adjusting the end-effector pose, or even
temporarily halting motion until a safe trajectory can be
planned.

(2) For the UAV component of the aerial manipulator,
obstacle avoidance is vital to prevent collisions between
the flying platform and any obstacles present in its
flight path. UAV obstacle avoidance is typically achieved
through the integration of sensors to perceive the en-
vironment. Algorithms, such as potential fields or rap-
idly exploring random trees (RRT), are commonly
employed for UAV obstacle avoidance.

An advanced planning algorithm is proposed in this
work to achieve efficient obstacle avoidance for both
aspects of the aerial manipulator system by introducing
new function of collision verification.

This function based on the transition between the DGM
and the IGM using the functions Dg and Ig is developed in
Sec. 2. It examines whether the drone’s path from the
nearest node XB;nearest in the configuration XB;rand to the
new configuration XB;new remains free of collisions. Subse-
quently, the verification process assesses whether the path
of the manipulator arm, spanning from the nearest node
Xe;nearest to the fresh configuration Xe;new, also maintains a
collision-free status. This entails scrutinizing the absence of
collisions between the aerial manipulator and the obstacles
within the environment, as delineated by the map.

Introducing safety margins around boundary obstacles is
crucial to provide a buffer zone for the aerial manipulator,
ensuring that the manipulator maintains a safe distance from
the boundaries to avoid collisions. These obstacles often
present physical or geographical constraints that the aerial
manipulator must navigate around or avoid altogether. The
following illustration depicts how an aerial manipulator can
successfully avoid boundary obstacles.

4.6. Add function

This function adds a new configuration XB;new to the tree T
by connecting it to its nearest neighbor XB;nearest via a
nearby node XB;near. It creates a new edge in the tree
between XB;near and XB;new through XB;near.

4.7. Rewire function

This function rewires the tree T to ensure optimality. It
checks if any nodes in the tree within a certain radius of
XB;new can be reached with a shorter path via XB;new. If so, it
re-parents these nodes to XB;new and updates the cost of the
path to each of these nodes.
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4.8. DualPath function

This function finds the optimal paths from the start con-
figuration XB;start to the final configuration XB;Final, and from
the configuration Xe;start to the goal configuration Xgoal with
the desired end effector orientation ©e;goal. It uses a bidi-
rectional search algorithm to simultaneously search for a

path from the start and end configurations and then merges
the two paths T �

B and T �
e to find the optimal solution.

4.9. Aerial pick and place

Aerial pick-and-place path planning refers to the process of
generating a path or route for an aerial vehicle, such as a
UAV, to autonomously navigate and manipulate objects by
picking them up from one location and placing them at
another designated location, as shown in Fig. 9(a).

This involves a series of complex steps that allow the drone
to interact with its environment in a coordinated and precise
manner. Figure 9(b) depicts the comprehensive architecture
of the aerial manipulator planning and control system
designed for the task of picking up and placing objects. This
architecture is organized into three distinct components: path
planning, pick and place state, and controller.

(a) Aerial manipulation for pick-and-place operations using an aerial vehicle type hexarotor.

(b) Overall structure of the proposed method for aerial pick-and-place.

Fig. 9. Aerial pick-and-place illustration.
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The path planning step stands as the initial and vital
phase in the aerial pick-and-place process. In our study, we
introduce a novel strategy that builds upon both sampling
techniques and the geometric model outlined in Sec. 4. This
strategy aims to enhance the efficiency and precision of
aerial pick-and-place operations.

Figure 10 illustrates a streamlined rendition of the
proposed path planning methodology. The process com-
mences with the object of interest situated at a designated
position, denoted as Xgoal. Starting from this Xgoal location
and employing the IGM function I þ

g , the RGM initiates the
generation of random points in the vicinity of the target
object. These points serve as target locations for the
UAV while simultaneously ensuring the manipulator arm’s
ability to reach the target object.

To iterate this process, a stepping method is employed to
generate a new configuration, XB;new, by taking incremental
steps in the direction of XB;RGM.

This is done while ensuring that both the UAV and its
manipulator arm comply with the DGMs (Dgþ) function.
Sampling continues until the object becomes reachable,
denoted by XB;new ¼ XB;RGM, signifying that the UAV is
prepared to pick up the object.

At this juncture, the algorithm employs the IGM and the
Ig� function to compute the manipulator’s articulation
vector, denoted asQa. This vector facilitates themovement of
the manipulator’s end effector to the Xgoal position. As the
manipulator approaches the pick-up location, the gripper
initiates the grasping process. Once the destination for plac-
ing the object, Xp, is determined, the vehicle transitions to a
relative pre-placement and placement position, releasing the
target object precisely at the intended destination.

In the following section, we present and dissect the
results obtained from our rigorous simulations, providing
valuable insights into the performance of the overhead
pick-and-place strategies discussed. These results highlight
the effectiveness and efficiency of our proposed approach in
real-life scenarios, facilitating a comprehensive under-
standing of its impact and potential applications.

5. Simulation Results and Discussion

To evaluate the efficacy of the proposed S-RGM� algorithm
in path planning, we employed MATLAB as the simulation
platform for this study. The simulation experiments were
conducted in a three-dimensional (3D) environment, ini-
tially without any obstacles in the first scenario, and sub-
sequently compared to RRT� and IGM results. In the second
scenario, we examined a 2D environment with obstacles
and compared the path planning results of UAM using the
RRT� and S-RGM� algorithms, analyzing search time and
path length under identical conditions for the systems
(H-RRR).

5.0.1. The first scenario

In the first scenario, the algorithm generates a trajectory for
a UAM with no obstacles in a 3D environment that has
dimensions of 4m� 4m� 4m. The desired object being
handled by the UAM is located at the position (3.5, 3.5, 1)
within the 3D environment. The results obtained by the
three approaches S-RGM�, RRT�, and IGM are presented in
Figs. 11(a)–11(c) from different perspectives.

Fig. 10. The path planning phases of the aerial manipulator that must pass to pick and place an object.
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Upon completing 500 iterations, as depicted in Fig. 13(c),
the path generated by the S-RGM� algorithm quickly con-
verged to the region where the UAM could effectively ma-
nipulate the desired object, surpassing the conventional
RRT� method Fig. 13(a). This superiority can be attributed
to the advantage of using point clouds, which allowed the
UAM to perform its task with greater efficiency. These point
clouds were generated by the RGM and employed to guide
the sampling method towards converging on the ideal po-
sition, thereby shortening the path distance between the
initial and final points.

Table 2 illustrates a comprehensive performance com-
parison among three approaches, namely RRT�, IGM, and
S-RGM�, in thefirst scenario. It provides a comparative analysis
of thepath length for eachapproachwith respect to theUAVand
ARM, along with the presence or absence of collisions.

According to the table, the RRT� approach had a path
length of 8.6850 for the UAV and 9.1033 for the ARM.
Importantly, this method was able to produce a collision-
free outcome.

On the other hand, the IGM approach showed a path
length of 5.181 for the UAV and 6.0494 for the ARM, but
unfortunately, it resulted in a collision.

Finally, the S-RGM� approach demonstrated the shortest
path length, with 4.9705 for the UAV and 5.2205 for the
ARM, and also achieved a collision-free outcome, similar to
the RRT� approach.

In conclusion, the S-RGM� approach stands out as the
most efficient method in terms of path length for both the
UAV and ARM, while ensuring a collision-free outcome.

5.0.2. The second scenario

In the second scenario, the algorithm is deployed within an
environment where obstacles impede the trajectory to-
wards the desired object. To replicate this scenario, three
obstacles are introduced into the 3D environment, as
depicted in Fig. 12. Within this scenario, two distinct cases
are distinguished for the UAV to attain its target:

(1) In the first case, the aerial manipulator operates within
a set and unchanging plane of flight, typically at a
constant altitude (Fixed Flight Plane). Subsequently, the
algorithm searches for the optimal path while main-
taining a constant altitude. The algorithm undergoes
1500 iterations, and the resulting trees generated by
the algorithm are illustrated in Fig. 13.

(2) In the second case, the aerial manipulator operates in a
more complex, 3D environment, possibly involving
changes in altitude, orientation, or other flight para-
meters (Dynamic Flight Plane). The algorithm operates
for 2000 iterations, and the corresponding trees pro-
duced by the algorithm are depicted in Fig. 14.

By differentiating between these cases, the algorithm
aims to ascertain the most efficient path for the UAM, taking

Table 2. Comparison performance table of three approaches
RRT� , IGM, and S-RGM� in the first scenario.

Path length [UAV] Path length [ARM] Collisionfree

RRT� 8.6850 9.1033 Yes
IGM 5.181 6.0494 No
S-RGM� 4.9705 5.2205 Yes

(a) (b) (c)

Fig. 11. The path planning phases of the aerial manipulator that must pass to pick up the object. The start and end positions of the UAM
are shown in a green and red star. Each purple and red line shows the trajectory of the aerial manipulator’s body and effector position,
respectively.
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into account both the horizontal and vertical aspects of the
environment.

Tables 3 and 4 provides a comprehensive analysis of the
performance of three distinct approaches: RRT�, RRT�-
RGM�, and S-RGM�, within the context of the second sce-
nario. The table showcases key metrics, including the
sampling time, sampling number, and path lengths for both
the UAV and the manipulator arm.

In the first case, the RRT� approach exhibited a sampling
time of 82.24 s, using a total of 972 samples. It resulted in a
UAV path length of 4.543m and an ARM path length of
4.94m. Conversely, the RRT�-RGM� approach achieved a
slightly reduced sampling time of 57.78 s with 547 samples,
producing a UAV path length of 4.20m and an ARM path
length of 4.93m. Lastly, the S-RGM� approach showcased
superior efficiency, utilizing a sampling time of 34.22 s withFig. 12. Aerial pick-up strategy in the second scenario.

(a) RRT�-2D (b) RRT�-3D

(c) RRT�-RGM�-2D (d) RRT�-RGM�-3D

Fig. 13. The first case of path planning in the second scenario to pick up the object. Each purple and red line shows the trajectory of the
aerial manipulator’s body and effector position, respectively.
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(e) S-RGM�-2D (f) S-RGM�-3D

Fig. 13. (Continued )

(a) RRT�-2D (b) RRT�-3D

(c) RRT�-RGM�-2D (d) RRT�-RGM�-3D

Fig. 14. The second case of path planning in the second scenario to pick up the object. Each purple and red line shows the trajectory of
the aerial manipulator’s body and effector position, respectively.
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475 samples, leading to a UAV path length of 4.00m and an
ARM path length of 4.80m.

For scenario 2, the RRT� approach recorded a higher
sampling time of 144.57 s, employing 1312 samples. This
resulted in a UAV path length of 5.72m and an ARM path
length of 6.12m. Conversely, the RRT�-RGM� approach
demonstrated increased efficiency with a reduced sampling
time of 66.47 s and 626 samples. The resulting UAV path
length was 4.54m, while the ARM path length measured
4.94m. Similarly, the S-RGM� approach showcased notable
efficiency with a sampling time of 38.38 s, utilizing 594
samples, resulting in a UAV path length of 4.3307634876m
and an ARM path length of 5.08m.

In summary, the S-RGM� approach exhibited superior
performance across both scenarios, achieving shorter path
lengths for both the UAV and the ARM. The RRT�-RGM�

approach demonstrated improved efficiency in terms of
sampling time (as shown in Fig. 15(a) and sampling number
(given in Fig. 15(b). Meanwhile, the RRT� approach show-
cased higher path lengths for both the UAV and the ARM in
scenario 2 (see Figs. 15(c) and 15(d).

5.0.3. The third scenario

In this scenario, where an unmanned aerial manipulator has
to navigate in a constrained environment with tight spaces,

(e) S-RGM�-2D (f) S-RGM�-3D

Fig. 14. (Continued )

Table 4. Comparison performance table of three approaches RRT�, RRT�-RGM�, and S-RGM� in the second scenario.

Scenario 3 Approach Sampling time [S] Sampling number Path length [UAV] (m) Path length [ARM] (m)

1 RRT� 235.7566 1609 5.9980 6.4002
S-RGM� 68.3118 577 3.9137 4.4226

2 RRT� 215.3571 1141 6.0232 6.4254
S-RGM� 64.0025 355 5.8283 6.2010

Table 3. Comparison performance table of three approaches RRT�, RRT�-RGM�, and S-RGM� in the second scenario.

Scenario 2 Approach Sampling time [S] Sampling number Path length [UAV] (m) Path length [ARM] (m)

1 RRT� 82.2411588 972 4.5432720327 4.9454903938
RRT�-RGM� 57.7834467 547 4.2019639913 4.9374771523
S-RGM� 34.2245274 475 4.0003855859 4.8003868179

2 RRT� 144.574231 1312 5.7248080639 6.1270264249
RRT�-RGM� 66.4797705 626 4.5432720327 4.9454903938
S-RGM� 38.3879616 594 4.3307634876 5.0809982024
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the challenge is to find a collision-free path while taking
into account the additional complexity of the UAM, such as
its manipulator arm. Let’s imagine a situation where the
UAM has to move through a congested warehouse or dense
urban area. There may be narrow gaps between obstacles
where the main body of the UAM cannot pass, but the
smaller and more flexible UAV base is able to move.

To evaluate the performance of the proposed approach,
two separate experiments were carried out comparing the
proposed method with RRT�.

In the first case, the aerial manipulator operates within a
set and unchanging plane of flight, typically at a constant
altitude (Fixed Flight Plane). Subsequently, the algorithm
searches for the optimal path while maintaining a constant
altitude. The algorithm undergoes 1500 iterations, and the
resulting trees generated by the algorithm are illustrated in
Fig. 16.

In the second case, the aerial manipulator operates in a
more complex, 3D environment, possibly involving changes
in altitude, orientation, or other flight parameters (Dynamic
Flight Plane). The algorithm operates for 2000 iterations,
and the corresponding trees produced by the algorithm are
depicted in Fig. 17.

The table compares the performance of tow path plan-
ning algorithms: RRT� and S-RGM�-across several metrics
in a specific scenario. The metrics measured include

sampling time, the number of samples taken, and the path
length for both the UAV base and its manipulator arm. The
scenario involves navigating a UAM through an environ-
ment, and the goal is to evaluate the computational
efficiency and path quality of each method.

Sampling Time: One of the most noticeable differences is in
the sampling time required by each method. In both test
cases, RRT� requires significantly more time to find a path.
In the first test case, RRT takes 235.76 s, whereas S-RGM�

only needs 68.31 s. Similarly, in the second case, RRT� takes
215.36 s, while S-RGM� completes the task in 64 s. This
demonstrates that S-RGM� is substantially faster, offering
3–4 times more computational efficiency than RRT�. The
reduction in sampling time can be particularly beneficial
in real-time applications where quick decision-making is
crucial.

Sampling Number: The number of samples required also
differs significantly between the approaches. In the first test
case, RRT� generates 1609 samples, while S-RGM� only
requires 577 samples to find a path. In the second case,
RRT� uses 1141 samples, while S-RGM� generates just 355
samples. The fewer samples required by S-RGM� indicate
that it is more efficient in exploring the configuration space,
reducing the computational load and time required for path
planning.

(a) Comparison results of sampling time. (b) Comparison results of number of samples.

(c) Comparison results of length of path. (d) Comparison results of length of path.

Fig. 15. Performance table of three approaches RRT�, RRT�-RGM�, and S-RGM�in the second scenario using bar charts.
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(a) (b)

(c) (d)

Fig. 16. The first case of path planning in the third scenario to pick up the object. Each purple and red line shows the trajectory of the
aerial manipulator’s body and effector position, respectively.

(a) (b)

Fig. 17. The second case of path planning in the third scenario to pick up the object. Each purple and red line shows the trajectory of the
aerial manipulator’s body and effector position, respectively.
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Path Length (UAV and ARM): In terms of the path length
for both the UAV and the robotic arm, S-RGM� generally
provides shorter or comparable paths, which translates into
more efficient movement. In the first case, S-RGM� gen-
erates a UAV path of 3.91m and an ARM path of 4.42m,
compared to 5.99m and 6.40m for RRT�, respectively. This
indicates that S-RGM� finds shorter, more direct paths. In
the second case, the path lengths for the UAV and ARM are
slightly closer between the two methods, with S-RGM�

providing a 5.83m UAV path and a 6.20m ARM path, while
RRT� produces paths of 6.02m for the UAV and 6.43m for
the ARM. Even in this scenario, S-RGM� offers marginally
more efficient paths.

The results clearly show that S-RGM� outperforms RRT�

in both computational efficiency and path quality. It con-
sistently requires less sampling time and fewer samples
while generating shorter paths for both the UAV and
the manipulator arm. This makes S-RGM� a more suitable
choice for environments where quick and efficient navi-
gation is critical, especially in complex and constrained
spaces.

5.0.4. The fourth scenario

The objective of this scenario is to perform a pick-and-place
operation with the aim of transporting an object and pre-
cisely depositing it at a predetermined target location. In
this task, the aerial manipulator initially takes flight to ap-
proach and retrieve the object.

Subsequently, it transports the object to the specified
target location and carefully positions it there. A compre-
hensive overview of this entire experimental process is
provided in Fig. 18.

To assess the performance of the proposed approach,
two distinct experiments have been conducted:

(1) In the first experiment, the aerial manipulator is con-
figured to maintain a constant altitude while navigating
within a fixed plane in the experimental field. The
object’s position and orientation angles are consistently
set at [2.3, 4, 2.5] and 0 degrees, respectively. Likewise,
the target location remains stationary at [0.5, 0.5, 2.5].

(2) In the second experiment, the aerial manipulator oper-
ates in a dynamic 3D environment. It represents a more
challenging and dynamic operational setting where
adaptability and obstacle avoidance become crucial.
Here, the object’s position and orientation angles are
maintained at [2.3, 4, 2.5] and 0 degrees, while the target
location retains its position at [0.5, 0.5, 0].

(c) (d)

Fig. 17. (Continued )

Fig. 18. The aerial pick-up and place strategy in the third scenario.
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As depicted in Fig. 18, there exists an obstacle in close
proximity to the object and an additional three obstacles
near the designated target placement. The aerial manipu-
lator must navigate carefully to avoid any collisions with
these obstacles during the execution of its tasks.

Figures 19(a)–19(d) show the results of scenario 3 for
the two aerial pick-and-place experiments. Table 5 presents
the performance metrics of the aerial pick-up and place
strategy employing the S-RGM� approach in the third

scenario. The data provided in this table encapsulate critical
aspects of the strategy’s execution, offering valuable
insights into its efficiency and effectiveness.

In Scenario 3, we observe two distinct experiments,
labeled as ‘1’ and ‘2’. For both experiments, the S-RGM�

approach is utilized.
Sampling Time (S): In the first experiment (Scenario 3,

Experiment 1), the sampling time is recorded as 11.7526 s.
In the second experiment (Scenario 3, Experiment 2), the
sampling time slightly increases to 15.1733 s. This metric
reflects the time required for the algorithm to generate
potential path points and configurations.

Sampling Number: Experiment 1 involves 181 samples,
while Experiment 2 utilizes 308 samples. This metric sig-
nifies the number of sample points considered during the
path planning process, with Experiment 2 requiring a
higher number of samples.

Path Length (UAV): The path length covered by the UAV
during Experiment 1 is 7.0956m, whereas in Experiment 2,

(a) (b)

(c) (d)

Fig. 19. Simulation results of the proposed aerial pick-and-place planner under different conditions. The purple line indicates the
trajectory of the UAV body position. The red line indicates the trajectories of the link end.

Table 5. Performance of the aerial pick-up and
place strategy using S-RGM� in the third scenario.

Scenario 3 1 2

Sampling time [S] 11.7526 15.1733
Sampling number 181 308
Path length [UAV] (m) 7.0956 7.6089
Path length [ARM] (m) 10.9335 11.8253
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it extends to 7.6089m. This metric measures the distance
traveled by the UAV during the execution of the task.

Path Length (ARM): Experiment 1 results in a path
length of 10.9335m for the manipulator arm, while Ex-
periment 2 reports a path length of 11.8253m. This metric
quantifies the distance traversed by the manipulator arm
while manipulating the object.

The table provides a comprehensive overview of the
performance of the S-RGM� approach in both experiments,
aiding in the assessment of its suitability for the specified
aerial pick-up and place scenario.

6. Conclusions

This paper has introduced and thoroughly explored the
S-RGM� approach, a novel sampling-based strategy for path
planning in the context of aerial pick-and-place operations,
incorporating geometric methodologies. Through compre-
hensive experimentation and analysis, we have demon-
strated the efficacy and versatility of this approach across
varying scenarios.

Our findings highlight the remarkable performance of
S-RGM�, showcasing its ability to generate efficient and
collision-free trajectories for both the UAV and its manipu-
lator arm. This approach exhibits adaptability in different
environmental conditions, including fixed and dynamic flight
planes, while successfully avoiding obstacles. Moreover, the
relatively low computational demands of S-RGM� make it a
promising choice for real-world applications where timely
decision-making and resource efficiency are paramount.

The S-RGM� approach not only streamlines the path
planning process but also contributes to the advancement
of aerial manipulation systems, enabling them to tackle
complex tasks with precision and agility. By seamlessly
integrating geometric models and sampling techniques, we
have taken a significant step forward in the domain of aerial
pick-and-place operations.

In conclusion, the S-RGM� approach exhibits promise as a
valuable tool in the repertoire of aerial robotics, opening
doors to a wide array of applications that demandmeticulous
path planning, enhanced safety, and efficiency. Future re-
search may explore further refinements and potential
extensions of this approach, ultimately pushing the bound-
aries of what is achievable in aerial manipulation and beyond.
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