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Whole-Body Integrated Motion Planning
for Aerial Manipulators

Weiliang Deng, Hongming Chen, Biyu Ye, Haoran Chen, Ziliang Li and Ximin Lyu

Abstract—Expressive motion planning for Aerial Manipulators
(AMs) is essential for tackling complex manipulation tasks,
yet achieving coupled trajectory planning adaptive to various
tasks remains challenging, especially for those requiring ag-
gressive maneuvers. In this work, we propose a novel whole-
body integrated motion planning framework for quadrotor-based
AMs that leverages flexible waypoint constraints to achieve
versatile manipulation capabilities. These waypoint constraints
enable the specification of individual position requirements for
either the quadrotor or end-effector, while also accommodating
higher-order velocity and orientation constraints for complex
manipulation tasks. To implement our framework, we exploit
spatio-temporal trajectory characteristics and formulate an op-
timization problem to generate feasible trajectories for both the
quadrotor and manipulator while ensuring collision avoidance
considering varying robot configurations, dynamic feasibility,
and kinematic feasibility. Furthermore, to enhance the ma-
neuverability for specific tasks, we employ Imitation Learning
(IL) to facilitate the optimization process to avoid poor local
optima. The effectiveness of our framework is validated through
comprehensive simulations and real-world experiments, where we
successfully demonstrate nine fundamental manipulation skills
across various environments.

Index Terms—Aerial manipulator, delta arm, motion planning,
collision avoidance, waypoint constraint.

I. INTRODUCTION

AERIAL manipulators, which consist of Unmanned Aerial
Vehicles (UAVs) and manipulators, have garnered sig-

nificant interest from researchers and industries due to their
wide operational range and agile manipulation capabilities [1].
These systems have proven to operate effectively in challeng-
ing or hazardous environments, facilitating applications across
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Fig. 1. Demonstration of aerial striking using whole-body integrated motion
planning. (a) The aerial manipulator executes a planned trajectory to reach
a constrained waypoint, maintaining an attitude parallel to the inclined
plane while configuring its delta arm for balloon striking. (b) Time-lapse
visualization capturing the complete execution of the planned motion.

various fields such as 3D printing, inspection, transportation,
grasping, repair and perching [2]–[7]. Various aspects of
aerial manipulators have been extensively studied, including
platform design [8]–[11], motion planning [12], [13], and
precise control [14]–[16]. However, most existing approaches
have been developed for specific tasks with corresponding
algorithms and hardware [17]. Developing integrated plan-
ning frameworks that can autonomously accomplish multiple
manipulation skills, particularly those requiring aggressive
maneuvers, remains challenging.

Unlike decoupled approaches that separately plan UAV
and manipulator trajectories, coupled planning enables coor-
dinated motion generation for the entire system, preserving
its full maneuverability for complex tasks [18]. However,
coupled planning for aerial manipulators presents significant
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Fig. 2. Coordinate frames of the aerial manipulator system: World frame
(FW ), Body frame (FB), and Delta frame (FD).

challenges, with the most fundamental stemming from the
high-dimensional state space. The inclusion of additional
joints from the manipulators greatly increases the system’s
dimensionality, resulting in a vastly expanded search space. To
address the challenges of high-dimensional motion planning,
various approaches have been developed. Early work proposes
an optimization-based framework for aerial manipulators, fo-
cusing on aerial grasping of moving targets [19]. However,
this approach primarily prioritizes time minimization while
overlooking other critical performance metrics, such as energy
consumption. The method in [20] performs trajectory search
in the task space and employs a controller as a local planner
to generate whole-body motions. However, this approach lacks
global optimization considerations and therefore cannot guar-
antee overall trajectory smoothness or energy efficiency. The
approach in [21] integrates end-effector and UAV dynamics
within an NMPC framework for aerial writing tasks. More
recently, a discrete-mechanics-based time-optimal trajectory
planning framework with complementarity constraints was de-
veloped for aerial manipulators [4]. However, both approaches
are designed for specific single tasks and their formulations
make them difficult to systematically determine more con-
strained intermediate states, for example striking a point or
being inclined at a certain angle, and lack flexibility to address
broader manipulation tasks.

To enable versatile aerial manipulation, a planning frame-
work should be capable of accommodating various simple
skills, including grasping, striking, pushing, pulling, writing,
and so on [22], [23]. Intuitively, these complex skills can
be naturally broken down into fundamental subtasks: point
traversing for the quadrotor, point reaching for the end-
effector, and combining with extra velocity and orientation re-
quirements as needed at these points. Therefore, we introduce
flexible partial waypoint constraints, which allow selective
specification of position, velocity, or orientation requirements
for individual quadrotors or end-effectors at different way-
points, rather than imposing complete state constraints at every

point. However, the diverse types of waypoints pose significant
challenges due to the need to satisfy precise intermediate-
state requirements while maintaining feasibility across the
entire trajectory [24]. Existing methods for handling waypoint
constraints fall into two main categories: multi-stage sampling
and optimization integration methods. Multi-stage sampling
divides the trajectory into segments by setting multiple start
and goal points [25]. While this approach can effectively
handle partial waypoint constraint problems, it primarily fo-
cuses on position without considering orientation information.
Introducing orientation constraints may lead to a significantly
enlarged search space or even result in the inability to find
feasible solutions. For optimization integration methods, sev-
eral approaches have been proposed with varying strategies.
The method in [26] treats both polynomial trajectories and
waypoint arrival times as optimization variables, then penal-
izes the distance between the end-effector and target points at
those specific times. This method provides valuable insights,
but for multiple waypoint constraints, it should introduce
more time optimization variables to determine the waypoint
constraints scope and more variable constraints which may
make it difficult to solve. Gaussian penalty functions have been
used as soft constraints to incorporate waypoint constraints
into MPC [27]. However, since arrival times are provided by
higher-level planners, this approach still lacks adaptability and
an inappropriate time may lead to an unfeasible solution. Re-
cently, a general spatio-temporal optimization framework with
geometric constraints, named MINCO [28], has been proposed
to address whole-body trajectory generation for quadrotors.
It operates by optimizing the positions of intermediate way-
points and the intervals between these points and then solves
the complete trajectory. This optimization structure makes it
particularly well-suited for incorporating waypoint constraints
on these intermediate points, which forms the foundation for
our implementation approach.

For most skills, given a target waypoint along with some
orientation or velocity constraints, it is generally possible to
optimize a feasible trajectory that accomplishes the task. How-
ever, for highly dynamic maneuvers, such as parallel grasping
or striking on an inclined plane, as shown in Figure 1 (a), di-
rectly using a single waypoint constraint may converge to poor
suboptimal solutions. For such highly attitude-constrained tra-
jectories, there exist inherent underlying motion patterns that
should be leveraged. For example, quadrotors tend to follow
arc-shaped trajectory patterns to satisfy their dynamics, as
shown in Figure 1 (b), with this tendency becoming more pro-
nounced as the attitude angle increases. Therefore, we propose
a novel guided optimization approach for aerial manipulations
that initially imposes additional waypoint constraints to steer
the trajectory optimization toward desired local optima that
better satisfy both task requirements and dynamic feasibility
constraints, and then progressively relaxes these auxiliary
constraints to allow for further refinement. The question then
becomes: how should we properly select these waypoints?
Recently, IL has demonstrated significant capabilities in the
robot manipulation domain. For instance, Diffusion Policy [29]
learns data distributions through imitation learning to achieve
policy learning, while OpenVLA [30] and π0 [31] achieve task
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generalization through imitation learning on large-scale robot
training data. A recent work, Flying Hand [17], is the first
to incorporate teleoperation into aerial manipulators, training
an ACT [32] policy and achieving some basic tasks. Current
mainstream IL approaches typically learn to output single-
step actions or complete trajectories based on environmental
information. However, we aim to leverage this capability of
imitation learning through a lightweight network that imitates
our aerial manipulator’s local behavior near target points when
performing large-attitude manipulation, using this information
as a prior for guided optimization.

In this paper, we propose a whole-body integrated planning
framework for aerial manipulators that incorporates flexible
waypoint constraints which can be used to freely combine into
many fundamental skills. First, we develop an improved safe
flight corridor (SFC) generation strategy that not only expands
the feasible solution space but also guarantees the feasible
waypoint constraint implementation. Second, we modify the
dimension and the dynamics from [28] and then formulate a
spatio-temporal optimization problem for aerial manipulators
to generate a 6-dimensional trajectory, which includes the
quadrotor’s trajectory in the world frame and the manipulator’s
trajectory in the local frame. In addition, we improve the
constraint formulation from [28], specifically by introducing a
varying ellipsoid to model the changing collision volume of the
aerial manipulator caused by the motion of the manipulator.
Third, we introduce a comprehensive approach for handling
waypoint constraints and incorporate various task-specific
constraints, including partial or complete position constraints
(with individual x, y, z axis constraint), velocity, and ori-
entation requirements. Building upon this constraint handling
approach, we further introduce the concept of IL-guided opti-
mization that employs IL to generate guide points, which serve
as waypoint constraints to improve trajectory convergence.
Finally, we validate our framework through comprehensive
comparative and ablation studies in simulation, as well as
real-world aerial manipulation experiments to demonstrate its
effectiveness. The main contributions of this work are:

1) Whole-body Planning Framework: We propose a
novel whole-body integrated motion planning frame-
work for aerial manipulators. This framework simulta-
neously optimizes the trajectory of both the quadrotor
and the manipulator to achieve coordinating whole-body
motion and complete a series of tasks, strike, grasp, lift,
write, pull, push, wind, cross and press. Additionally, we
develop a novel varying ellipsoid method to model the
changing collision volume to guarantee the whole-body
collision-free manipulations under any requirements.

2) Flexible Partial Waypoint Constraint: We introduce
a comprehensive waypoint constraint formulation that
enables selective specification of position, velocity, or
orientation requirements for individual quadrotors or
end-effectors at different waypoints. This approach al-
lows flexible task-specific partial waypoint constraints
that only constrain the necessary degrees of freedom
while leaving others free for optimization, providing sig-
nificantly greater flexibility and more constraint options

compared to existing methods.
3) IL-Guided Optimization for Complex Tasks: We in-

troduce an IL-guided optimization approach to overcome
poor local optima in challenging manipulation scenarios,
such as grasping or striking on inclined surfaces. The
method learns from high-quality demonstration data to
generate a sequence of waypoints to guide the optimiza-
tion process in the first stage, and then progressively
relaxes these guided constraints in the second stage to
find better solutions.

4) Comprehensive Validation and Open-source Imple-
mentation: We demonstrate the versatility and effec-
tiveness of our framework through extensive validation,
including diverse benchmark tasks, ablation studies,
simulations on different types of manipulators, and real-
world aerial manipulation experiments. The complete
framework is made publicly available to support the
research community and promote reproducible research
in aerial manipulation planning.1

Our framework overview is depicted in Figure 3. The paper
is organized as follows. Section II introduces the notation, sys-
tem model, and trajectory representation. Section III presents
the improved SFC generation strategy, while Section IV elabo-
rates on the basic optimization problem formulation. Section V
introduces the implementation of waypoint constraint and IL-
guided optimization. Section VI validates the effectiveness of
the proposed method through simulations and experiments.
Finally, conclusions are presented in Section VII.

II. PRELIMINARIES

A. Notation

The aerial manipulator system discussed in this paper
consists of a quadrotor platform integrated with a 3-DOF
parallel delta robot with 3-RSS configuration similar to [33],
as illustrated in Figure 2. We experimentally determine the
Center of Mass (CoM) of the entire aerial manipulator system
by placing the delta arm in its initial state and measuring the
resulting CoM, which we denote as cm0. For convenience, we
define three distinct coordinate frames:

1) World Frame (FW ): This frame is denoted by
{xW ,yW , zW}, where zW points upwards, opposing
the direction of gravity.

2) Body Frame (FB): This frame is represented by
{xB,yB, zB}. The origin of this frame is located at cm0.
In this frame, xB points forward and zB aligns with the
total thrust generated by the rotors.

3) Delta Frame (FD): This frame is specified as
{xD,yD, zD} and is related to the body frame FB
through a translational transformation only.

Unless explicitly stated otherwise, the pre-superscript of a
vector indicates the frame in which the vector is expressed. For
conciseness, when a vector is expressed in the world frame,
the pre-superscript will be omitted. For instance, pb represents
the position of the CoM of the aerial manipulator, in FW ,
while Dpe denotes the position of the end-effector in FD.

1https://github.com/SYSU-HILAB/am-planner.git

IEEE Transactions on Robotics (T-RO) paper, presented at ICRA 2026, Vienna, Austria. Cite as T-RO paper.



IEEE TRANSACTIONS ON ROBOTICS, PREPRINT VERSION, ACCEPTED SEPTEMBER 2025 4

Fig. 3. Overview of the proposed integrated motion planning framework for aerial manipulation. The framework consists of seven key components: (a) Prior
Information module that employs a Diffusion Transformer to generate trajectory tendencies and processes user-defined waypoint constraints; (b) Quadrotor
module integrating motion capture (Mocap), Extended Kalman Filter (EKF), and IMU for robust state estimation; (c) Delta Arm module handling servo control
and forward kinematics for Cartesian space state computation; (d) Safe Flight Corridor (SFC) Construction module for path searching, active polyhedron
generation, and conventional SFC construction; (e) Optimization Framework addressing waypoint constraints, collision avoidance, and dynamic/kinematic
feasibility; (f) IL-guided two-stage optimization where guide points serve as hard constraints in the initial stage and are subsequently released for free
optimization; (g) Trajectory Generation module producing smooth polynomial trajectories; and (h) Skills module performing various basic manipulation skills.

Analogously, the matrix RB represents the rotation from FW
to FB.

Let po =
[
p⊤
b,o,

Dp⊤
e,o

]⊤
∈ R6 and pf =

[
p⊤
b,f ,

Dp⊤
e,f

]⊤
∈

R6 denote the origin and final positions of the aerial manipu-
lator in FW and end-effector in FD, respectively. We define a
waypoint constraint set in frame FW that consists of arbitrary
combinations of two types of waypoint constraints:

Wcons := {wλ | λ ∈ {1, . . . , nΛ}} (1)

The two types of waypoint constraints are defined as:

wλ :=

{
pcons
b,λ , if λ ∈ Λb

pcons
e,λ , if λ ∈ Λe

(2)

where Λb and Λe are disjoint index sets with Λb ∪ Λe =
{1, . . . , nΛ}, representing quadrotor and end-effector waypoint
constraints, respectively.

B. Modeling

We use Newton-Euler equations to model the whole-body
dynamics. Following [34], we treat the aerial manipulator
as a rigid body system and focus on quasi-static forces
from manipulator motion and environmental interactions. This
approach is reasonable as the delta arm’s mass represents
only a small fraction of the total system mass [35], and we
will strictly limit the manipulator’s velocity during planning.
For instantaneous actions such as grasping and striking, we

cannot model these transient disturbances, but we do model
the environmental external forces, that occur during sustained
operations like pulling and holding grasped objects.

1) Aerial Manipulator Dynamics: The coupled dynamics
of the aerial manipulator system are described by:

ṗb = vb (3)

v̇b =
1

mc
RB(

Bf + Bfe)− gzW (4)

Bω̇b = I−1
c (Bτ + Bτ e − Bωb × Ic · Bωb) (5)

Ic = I+me · diag(Bpe − Bpe0)
2 (6)

where pb and vb represent the position and linear velocity
of the aerial manipulator, respectively. The combined system
mass and the end-effector mass are denoted by mc and me

respectively. Bf and Bτ are the thrust and torque generated by
the quadrotor, while Bfe and Bτ e are the force and moment
generated by the end-effector. Ic is the combined inertia,
where I = diag(Ix, Iy, Iz) is the inertia tensor of the aerial
manipulator with the arm at its initial state. Here, Bpe0 and
Bpe denote the initial and current positions of the end-effector
in the body frame FB, respectively.

Now we consider the force Bfe and moment Bτ e caused
by the end-effector:

Bfe =
BRWf ext (7)

Bτ e =
Bpe × Bfe + (Bpe − Bpe0)× (BRW ·megzW) (8)
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where f ext is the external forces applied to the end-effector,
for example, the gravitational force when grasping an object,
or the frictional force when pulling or pushing.

2) Delta arm Kinematics: Our quadrotor incorporates a 3-
DOF delta arm mounted directly beneath the vehicle. This con-
figuration offers significant advantages in terms of lightweight
construction, cost-effectiveness, and operational speed, making
it widely adopted in recent research [2], [35]. The kinematic
model for the delta arm is formulated as follows:

pe = RB(
BpD + Dpe) + pb (9)

ve = [ωB]
×RB(

BpD + Dpe) +RD
Dve + vb (10)

where pe and ve represent the position and velocity of the end-
effector in frame FW , and [·]× denotes the skew-symmetric
matrix operator.

Since the above representation operates in Cartesian space,
inverse kinematics (IK) must be employed to establish the
mapping between the end-effector position Dpe and the joint
angles q = [q1, q2, q3]

⊤ ∈ R3. In this formulation, Lu

and Ll denote the lengths of the upper arm and lower
arm, respectively, while rs represents the circumradius of
the static platform and rd represents the circumradius of the
end-effector. Following the methodology outlined in [36], the
relationship between the end-effector position in the delta
frame Dpe and the joint angles q is obtained by solving the
following equation:∥∥∥∥∥∥Dpe − DRi ·

rs + Lu sin qi
0

−Lu cos qi

∥∥∥∥∥∥
2

2

= L2
l , (11)

where i ∈ {1, 2, 3}, and DRi denotes the z-axis rotation
matrix by {0, 2

3π,
4
3π} radians, respectively. By differentiating

both sides of the above equation with respect to time and
rearranging the terms, we obtain:

q̇ = J Dṗe, (12)

where J denotes the Jacobian matrix. The explicit expression
for this matrix is detailed in [36].

C. Trajectory Representation

In this study, we adopt a hybrid coordinate representation
for trajectory planning: the quadrotor’s trajectory is planned in
the frame FW while the end-effector trajectory is planned in
the frame FD. This definition offers two key advantages: (1) it
enables better capture of the end-effector’s motion relative to
the quadrotor, facilitating accurate collision volume modeling
and workspace constraint enforcement; (2) when no manipu-
lation tasks are required, the system can directly operate as a
standard quadrotor without representation switching.

Based on this design, we utilize 6-dimensional spatio-
temporal polynomial trajectories that decompose multi-
segment trajectories into waypoints and their corresponding
time intervals. We denote the trajectory as:

T = {p(t) : [0, Ti] 7→ Rm | C = C(q,T), i = 1, . . . ,M}
(13)

where m = 6 represents the dimension of the trajectory.
C =

[
c⊤1 , · · · , c⊤M

]⊤ ∈ R2Ms×6 denotes the polynomial co-
efficient matrix, where M represents the number of segments
in the polynomial trajectory and s represents the order of the
integrator chain for control effort. q =

[
q1, · · · , qM−1

]⊤ ∈
R(M−1)×6 represents the intermediate points, where the first 3
dimensions correspond to the quadrotor and the last 3 dimen-
sions correspond to the end-effector. T = [T1, · · · , TM ]

⊤ ∈
RM

>0 represents the non-negative time vector. C(q,T) denotes
the parameter mapping constructed from Theorem 2 in [28].

For the i-th segment of the trajectory, the position at time
t is defined as:

pi(t) = c⊤i β(t), t ∈ [0, Ti] , (14)

where i ∈ {1, 2, . . . ,M}, and Ti represents the duration of
the i-th segment. The polynomial coefficient matrix for the
i-th segment is denoted by ci ∈ R2s×6, and the basis vector
function β(x) is defined as β(x) =

[
1, x, · · · , x2s−1

]⊤ ∈
R2s.

Algorithm 1 Active SFC Generation
1: Input: path, {pcons

x,λ }
nΛ

λ=1 where x ∈ {b, e}
2: Output: S // S : Corridor
3: S ← ∅, Q ← ∅ // Q: Polyhedron queue
4: for λ = 1 to nΛ do
5: (P1, P2) ← ACTIVEGENERATE(pcons

x,λ )
6: Q.push(P1), Q.push(P2)
7: end for
8: i← 1
9: while i < |path| do

10: for j = i+ 1 to |path| do
11: if ISFARTHESTPOINT(path[i], path[j]) then
12: S.push(GENERATE(path[i], path[j]))
13: i← LASTPOINTINPOLY(path, S[−1]), break
14: end if
15: if Q ≠ ∅ and INSIDEPOLY(Q[0], path[j]) then
16: S.push(Q.pop()), S.push(Q.pop())
17: i← LASTPOINTINPOLY(path, S[−1]), break
18: end if
19: end for
20: end while
21: return S

III. ACTIVE SFC GENERATION

Given the constrained waypoint positions pcons
b,λ and pcons

e,λ

(λ ∈ {1, 2, · · · , nΛ}), our objective is to generate a safe
and feasible trajectory for the aerial manipulator while sat-
isfying all waypoint constraints. However, according to [37],
waypoints should intersect with non-empty regions formed by
the intersection of two consecutive polyhedra. To achieve this
objective, we propose a modified SFC generation strategy that
combines multi-stage path searching with an active polyhedron
generation method at constrained points, which not only
enables waypoint constraint implementation but also enlarges
the solution space. The complete algorithm is presented in
Algorithm 1.
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Fig. 4. Active polyhedrons generation algorithm: (a) hollow spaces from
SFC generation on inclined surfaces; (b) computation of averaged points pavg

1

and p
avg
2 from path points; (c) projection onto auxiliary planes yielding p

proj
1 ,

p
proj
2 and extensions pext

1 , pext
2 ; (d) polyhedron generation using constrained

waypoints with points pext
1 and pext

2 for compact adherence to the surface.

A. Active Polyhedron Generation

Prior to the SFC construction, we leverage existing path
searching algorithms JPS [38] to obtain a reference path that
sequentially traverses through all waypoints pcons

b,λ and pcons
e,λ

from the start to the end. Traditional construction methods
[37], [39] directly generate a sequence of continuously in-
tersecting polyhedrons by identifying and linking the farthest
unblocked points along the reference path. However, obsta-
cle occlusion and environmental factors introduce significant
uncertainties during the polyhedron generation process. These
uncertainties make it difficult to accurately locate intersection
regions and can lead to reduced feasible solution spaces,
such as hollow areas that may form between surfaces and
polyhedrons, as illustrated in Figure 4 (a). To address the chal-
lenge, we develop an active polyhedron generation strategy
that extends the polyhedron around constrained waypoints of
interest, inspired by the method proposed in [40].

As illustrated in Figure 4 (a), we define an arbitrary and
winding purple path that orderly connects the start point pb,o,
several constrained waypoints (pcons

b,λ or pcons
e,λ ), and the end

point pb,f . For clarity, we focus on the situation at one of the
constrained points.

According to [37], the convex polyhedron generation is
strongly related to the input line segment, obstacle distribution,
and the bounding box configuration. This relationship naturally
leads us to consider a key geometric constraint: constructing
two line segments that connect the constrained waypoint to
its previous and subsequent points can guarantee that the
two corresponding polyhedrons form a non-empty intersection
region containing the constrained waypoint. More crucially,
if the expanding ellipsoid’s x-axis is aligned parallel to the
inclined plane, the bounding box can be optimally oriented to
maximize coverage of the available space on the slope, thereby
enlarging the feasible solution space for trajectory optimiza-
tion. To determine the directions towards and away from the
constrained points, we calculate the average of a given number
of points before and after the constrained point along the path,

denoted as pavg
1 and pavg

2 respectively, as shown in Figure 4 (b).
These points are then projected onto an auxiliary plane parallel
to the previous plane but passing through the constrained
waypoint, resulting in two projected vectors pproj

1 and pproj
2

as illustrated in Figure 4 (c). After normalizing and scaling
these vectors by rp, we obtain two new generation points,
pext
1 and pext

2 . By connecting the constrained point to these
generation points, we can directly generate two polyhedrons
that are tightly fitted to the inclined plane, as illustrated in
Figure 4 (d). These constrained polyhedrons are then stored in
a temporary queueQ. Additionally, we define two jump points,
pjump
1 and pjump

2 , which are the first and last points along the
path within these two polyhedrons respectively. Their specific
applications will be discussed in the following subsection.

B. SFC Generation

After generating two polyhedrons for each constrained point
as described above, the complete SFC is constructed through
an iterative process along the path. During this iteration,
when the current point reaches a predefined threshold distance
from the last point, the algorithm pauses to generate a new
polyhedron and then resumes iteration from the last point
within this newly generated polyhedron. When the iterative
point reaches pjump

1 , the iteration immediately pauses, and the
two constrained polyhedrons are popped from the temporary
queue Q and incorporated into the SFC. The iteration then
resumes from the corresponding pjump

2 and continues the
standard generation process. Ultimately, we obtain the SFC
in H-representation as a series of consecutively intersected
polyhedrons [41]:

S :=

M⋃
i=1

Hi ⊂ R3 (15a)

Hi :=
{
x ∈ R3 | Aix ⪯ bi

}
(15b)

where M is the total number of polyhedrons in the SFC.

IV. BASIC PROBLEM FORMULATION

This section presents our basic optimization problem for-
mulation for aerial manipulators, which guarantees trajectory
smoothness, safety, and dynamic and kinematic feasibility
without considering task-specific waypoint constraints. We
begin by formulating a comprehensive objective function that
balances control effort and time consumption metrics. The
objective function is subject to multiple constraint categories:
collision-free constraints implemented through a varying el-
lipsoid, and maximum velocity, acceleration, thrust, body rate,
and workspace constraints.

A. Objective Function

We focus on generating a 6-dimensional trajectory p(t) =
[p⊤

b (t),
Dp⊤

e (t)]
⊤ ∈ R6 for an aerial manipulator. As dis-

cussed in Section II-C, we decompose the complete trajectory
into intermediate points and intervals. For convenience, we

IEEE Transactions on Robotics (T-RO) paper, presented at ICRA 2026, Vienna, Austria. Cite as T-RO paper.



IEEE TRANSACTIONS ON ROBOTICS, PREPRINT VERSION, ACCEPTED SEPTEMBER 2025 7

separate these intermediate points for the quadrotor and the
manipulator into:

P =
[
pb,0,pb,1, · · · ,pb,M

]⊤ ∈ R(M+1)×3, (16)

Q =
[Dpe,0,

Dpe,1, · · · ,Dpe,M

]⊤ ∈ R(M+1)×3. (17)

Accordingly, the coefficient matrix is also decomposed as C =
[cb, ce]. Combined with the previously mentioned time vector
T, we can formulate the optimization problem as:

min
P,Q,T

J =

∫ Tσ

0

∥p(s)(t)∥2dt+ ρTσ (18a)

s.t. G(p(t), . . . ,p(s)(t)) ⪯ 0, ∀t ∈ [0, Tσ] (18b)

p
[s−1]
1 (0) = po, p

[s−1]
M (TM ) = pf (18c)

Ti > 0, i ∈ {1, 2, · · · ,M} (18d)

where Tσ =
∑M

i=1 Ti is the total time consumption with
regularization factor ρ > 0, and G denotes the inequality
constraints over [0, Tσ]. The notation p[s−1] represents the
multi-order differentials matrix [p, ṗ, . . . ,p(s−1)] ∈ R6×s .
Let po,pf ∈ R6×s denote the initial and terminal conditions
for the aerial manipulator in FW and the end-effector in FD.
Ti denotes the duration of the i-th segment, and M is the total
number of segments.

The inequality constraints in Equation (18b) encompass
multiple aspects, including safety, dynamic, kinematic and
attitude constraints. We adopt a penalty-based approach to
handle these constraints efficiently by incorporating them
into the objective function with appropriate weights, thereby
transforming the original constrained optimization problem
into an unconstrained one. To reduce the computational com-
plexity, we approximate the continuous integral using discrete
numerical integration:∫ Tσ

0

JGdt ≈
M∑
i=1

N−1∑
n=0

Ti

N
J i
G(

nTi

N
) (19)

where J i
G represents the soft penalty terms for the i-th seg-

ment, and N denotes the number of discretization points per
segment.

B. Control Effort and Total Time Penalty

We define the control effort penalty Jc as the integral of the
squared third-order derivatives (i.e., minimum jerk) for both
the aerial manipulator and the end-effector. The total control
effort is given by:

Jc =

∫ Tσ

0

∥∥∥p(3)(t)
∥∥∥2 dt = M∑

i=1

∫ Ti

0

∥∥∥p(3)
i (t)

∥∥∥2 dt. (20)

In addition, to ensure trajectory efficiency, we incorporate a
time penalty term Jt, defined as the total trajectory duration:

Jt = Tσ =

M∑
i=1

Ti, (21)

where Ti represents the duration of the i-th trajectory segment.

Fig. 5. Visualization of the safety penalty mechanism: The aerial manipulator
achieves whole-body collision avoidance by optimizing its configuration
through orientation adjustment and delta arm extension, while maintaining
task constraints at specified waypoints within the SFC limits.

C. Safety Penalty

We extend the approaches proposed by [41] and [37] by
modeling the entire aerial manipulator system as a vary-
ing ellipsoid during task execution. The ellipsoid, designed
with fixed semi-major axes of length re in the xy-plane,
incorporates a variational function h(t) to dynamically adjust
its length along the z-axis, accounting for the manipulator’s
motion range and ensuring complete coverage of the entire
system, as shown in Figure 5. The formulation of this ellip-
soidal model is given by:

E(ξ, t) = G(t) · (RB(t)ξ) + pb(t), ξ⊤ξ ≤ 1, (22a)

G(t) = diag(re, re, h(t)) ∈ R3×3
>0 , (22b)

h(t) =
(DpB − Dpe(t)

)⊤
e3, (22c)

where ξ ∈ R3 represents any vector within a unit sphere, and E
represents the approximated ellipsoid in the world frame FW .
The matrix G(t) encodes the semi-lengths of the ellipsoid’s
three axes along its diagonal. e3 = [0, 0, 1]⊤ is the unit vector.
DpB denotes the translation from FD to FB.

To guarantee safety, we constrain the dynamic ellipsoid to
remain within the SFC using the aforementioned methodolo-
gies, as shown in Figure 5. This containment constraint can
be mathematically expressed as:

E ⊂ S (23)

where S is the space defined in Equation (15a). To achieve
this, we define the following penalty functions:

Js =

M∑
i=1

N−1∑
n=0

Ki∑
k=1

Ti

N
K (Ps,i,n,k) , (24a)

Ps,i,n,k =
(
pk
i,n(τ)− p̂k

i

)⊤
n̂k

i + ds (24b)

where τ = nTi

N , a definition that holds for all subsequent
derivations. Here, K(·) denotes the cubic smooth function
defined as K(x) = max(x3, 0). For the i-th polyhedron
containing Ki half-planes, p̂k

i represents an arbitrary point on
the k-th half-plane with n̂k

i as its outward-pointing normal
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vector, and ds defines a small safety margin. The term pk
i,n

represents the point on the ellipsoid’s surface where its normal
vector is perpendicular to the k-th plane. This point can be
solved by inverting the ellipsoidal tangent point equation and
be computed as follows:

pk
i,n(τ) = RB,i(τ) · Bpk

i,n(τ) + pb,i(τ),

Bpk
i,n(τ) = ±

G2(τ) · (R⊤
B,i(τ)n̂

k
i )∥∥∥G(τ) · (R⊤

B,i(τ)n̂
k
i )
∥∥∥
2

,

Bpk
i,n(τ) ·

(
R⊤

B,i(τ) · n̂
k
i

)
≥ 0.

(25)

Then, we can easily derive the gradient of the safety cost with
respect to the optimization variables P, Q, and T.

D. Kinematics and Dynamics Penalty

To ensure the physical feasibility of the generated tra-
jectories, we need to consider both kinematic and dynamic
constraints. The kinematic constraints govern the system’s
workspace, velocities, and body rates, while the dynamic
constraints regulate the thrust forces.

We first consider the kinematic constraints. For the delta
arm to operate safely and effectively, its end-effector must
remain within a prescribed workspace. Following [12], we
model this workspace as a cuboid in the Cartesian coordinate
system, where κ ∈ {x, y, z} denotes any of the three axes.
The workspace is bounded by:

κe,ℓ ≤ e⊤κ
Dpe(τ) ≤ κe,u, (26a)

where κe,ℓ and κe,u denote the lower and upper bounds along
axis κ, respectively, and eκ represents the unit vector along the
κ-axis. To enforce these workspace constraints, we introduce
the following penalty terms:

Jk =

M∑
i=1

N−1∑
n=0

∑
κ

Ti

N

(
K (Pkℓ,i,n,κ) +K (Pku,i,n,κ)

)
, (27a)

Pkℓ,i,n,κ =
(
e⊤κ

Dpe,i(τ)
)2 − κ2

e,u, (27b)

Pku,i,n,κ = κ2
e,ℓ −

(
e⊤κ

Dpe,i(τ)
)2

. (27c)

To prevent excessive motion, we also constrain the velocities
of both the aerial manipulator and the end-effector. The aerial
manipulator’s velocity is limited to an upper bound vb,u,
while the end-effector velocity is constrained by ve,u. These
constraints are incorporated through the following penalty
terms:

Jk,vel =

M∑
i=1

N−1∑
n=0

Ti

N

(
K (Pb,v,i,n) +K (Pe,v,i,n)

)
, (28a)

Pb,v,i,n =
∥∥ṗb,i(τ)

∥∥2 − v2b,u, (28b)

Pe,v,i,n =
∥∥Dṗe,i(τ)

∥∥2 − v2e,u, (28c)

where ṗb,i(τ) represents the velocity of the aerial manipulator
in FW , and Dṗe,i(τ) represents the velocity of the end-effector
in FD.

As another kinematic constraint, we consider the aerial
manipulator’s body rates. Given that yaw angle variations are

neglected in our framework, we focus only on the body rates
in the xy-plane. The corresponding penalty terms are defined
as:

Jk,bdr =

M∑
i=1

N−1∑
n=0

Ti

N
K (Pω,i,n) , (29a)

Pω,i,n =
∥∥Bωxy,i

∥∥2 − ω2
xy,u, (29b)

where Bωxy,i = [ωx, ωy]
⊤ represents the body angular rates

in the xy-plane, and ωxy,u denotes the upper limit of the body
rates.

For dynamic constraints, we consider the aerial manipu-
lator’s thrust capabilities. The thrust f must remain within
physically realizable bounds:

fℓ ≤ f ≤ fu, (30)

where fℓ and fu denote the lower and upper thrust limits. We
formulate the corresponding penalty terms as:

Jd,thr =

M∑
i=1

N−1∑
n=0

Ti

N

(
K (Pfu,i,n) +K (Pfℓ,i,n)

)
, (31a)

Pfu,i,n =
∥∥mc(p̈b,i(τ) + gzW)− f ext

∥∥2 − f2
u , (31b)

Pfℓ,i,n = f2
ℓ −

∥∥mc(p̈b,i(τ) + gzW)− f ext

∥∥2 , (31c)

where p̈b,i(τ) denotes the aerial manipulator’s acceleration.
The gradients of all kinematics and dynamics penalty terms

with respect to the optimization variables P, Q and T can be
efficiently computed using the method described in [39], [42].

With the complete formulation of constraints and their
corresponding gradients for the aerial manipulator’s basic
flight planning, we can solve the optimization problem using
L-BFGS to obtain collision-free flight trajectories for the aerial
manipulator.

V. WAYPOINT CONSTRAINTS AND IL-GUIDED
OPTIMIZATION

Having established the basic optimization formulation in the
previous section, we now turn to the incorporation of task-
specific waypoint constraints, which can be applied to either
the quadrotor or the end-effector in the frame FW indepen-
dently, as shown in Figure 6. These constraints include higher-
order velocity and orientation requirements at designated way-
points. Building upon this framework, we further propose an
IL-guided optimization approach to improve performance for
specific manipulation tasks.

A. Waypoint Constraints Implementation

Based on our modified SFC generation strategy, each
constrained waypoint corresponds to an intersection of two
polyhedrons and an intermediate point. We define the mapping

ϕ : {1, . . . , nΛ} → {1, . . . ,M − 1} (32)

to map constrained waypoint indices to their corresponding
intermediate point indices.

1) Quadrotor Waypoint Constraints: Since the quadrotor
trajectory is planned in frame FW , we exploit the spatio-
temporal trajectory decomposition property by fixing certain
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Fig. 6. Illustration of representative manipulation primitives achieved through
waypoint constraints. The figure demonstrates various fundamental skills
including Grasp, Strike, Pull, Cross, Push, Lift, and Write. All these manip-
ulation tasks can be effectively accomplished by implementing appropriate
waypoint constraints combined with motion restrictions during execution.

waypoints as constants while maintaining others as optimiza-
tion variables. The quadrotor waypoint constraints are denoted
as:

Pcons
b := {pb,ϕ(λ) = pcons

b,λ | λ ∈ Λb}. (33)

The modified optimization variables become:

P̄ = P \Pcons
b (34)

where \ denotes set difference. Due to the spatio-temporal
trajectory properties, the resulting trajectory is guaranteed to
traverse all constrained waypoints in Pcons

b .
2) End-Effector Waypoint Constraints: The end-effector

trajectory is planned in FD and cannot be directly fixed
like the quadrotor trajectory. Instead, we enforce end-effector
waypoint constraints through a soft penalty approach. We have
generated polyhedron intersections near each pcons

e,λ to ensure
the corresponding trajectory intermediate points pass through
their vicinity. Therefore, using the end-effector’s world frame
position from Equation (9), we formulate the penalty term:

Je =
∑
λ∈Λe

∥∥∥pe,ϕ(λ) − pcons
e,λ

∥∥∥2 . (35)

B. Task-Specific Constraints

1) Axis-Wise End-Effector Motion Constraint: When
executing specific manipulation skills such as pulling, pushing,
and writing tasks, the aerial manipulator’s end-effector must
maintain its position parallel to a defined plane [43]. More
restrictively, operations involving sliding mechanisms require
the end-effector to remain constrained to a line throughout
the motion. These geometric constraints pose significant chal-
lenges for trajectory planning, as conventional point-to-point
planning methods cannot guarantee such continuous spatial
restrictions.

To address these requirements, we introduce axis-wise end-
effector position motion constraints that enforce planar or

Algorithm 2 IL-guided Optimization
1: Input: po, pf , pinc, oinc, ϵloose, ϵstrict
2: Output: p(t), t ∈ [0, Tσ]
3: a ← IMITATIONLEARNING( pinc, oinc, po)
4: wguide ← SAMPLEPOINTS(a)
5: wtask ← TASKSPECIFIC(pinc, oinc)
6: x1 ← INIT(po, [wguide, wtask], pf )
7: x2 ← OPTIMIZATION(x1, ϵ loose, [wguide, wtask])
8: // Release the IL guided constraints
9: x3 ← OPTIMIZATION(x2, ϵstrict, wtask)

10: return POLYNOMIAL(x3)

linear motion during designated trajectory segments. The
constraints are formulated as follows:

Jpe =

M∑
i=1

Ip(i)
N−1∑
n=0

Ti

N
∥c⊤p (pe,i(τ)− pdes,λ)∥2 (36)

where Ip(i) ∈ {0, 1} that activates constraints for specific
trajectory segments, and cp ∈ R3 is a user-defined binary
vector where setting any dimension to 1 indicates that the
corresponding coordinate should be constrained. These axis-
wise motion constraints are typically employed in conjunction
with two end-effector waypoint constraints to ensure that
the constrained dimensions maintain identical values between
consecutive waypoints.

2) Velocity Constraint: In certain manipulation tasks, the
end-effector’s velocity must be constrained to ensure precise
operation. For instance, during object grasping maneuvers, the
end-effector may need to maintain zero velocity or a small
downward velocity along the zB to achieve stable contact.

The velocity constraint is formulated as:

Jve =
∑
λ∈Λe

Iv(λ)∥c⊤v (ṗe,ϕ(λ) − ṗdes,λ)∥2 (37)

where Iv(λ) ∈ {0, 1} is a binary selector that activates
velocity constraints for waypoint λ, cv ∈ R3 is a user-
defined binary vector specifying which velocity components
to constrain, and ṗdes,λ is the desired end-effector velocity at
the constrained waypoint.

3) Orientation Constraint: Since the end-effector in the
delta arm configuration shares the same orientation as the
quadrotor, orientation constraints can be naturally imposed on
the quadrotor’s intermediate waypoints. This inherent coupling
eliminates the need to distinguish between quadrotor and end-
effector orientations. The orientation constraint is formulated
as:

Joe =
∑
λ∈Λe

Io(λ)∥fλ − ∥fλ∥odes,λ∥2 (38)

where Io(λ) ∈ {0, 1} is a binary selector for activating
orientation constraints, fλ = mc(p̈b,ϕ(λ)+gzW)−f ext is the
actual thrust vector, and odes,λ is the desired unit orientation
vector at the λ-th waypoint.

C. IL Prior

Several complex manipulation tasks requiring extreme ori-
entations, such as inclined surface grasping and striking,
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Fig. 7. Visualization of the IL-guided optimization framework. The process
begins with collecting various successful spatio-temporal trajectories from
demonstration data. These trajectories are fitted using polynomial approxima-
tion to extract motion tendencies. A DiT model learns to reconstruct these
motion tendencies through noise embedding, condition embedding, and time
embedding. The optimization process consists of two stages: Stage 1 employs
guide waypoints as hard constraints; Stage 2 releases these hard constraints,
allowing free optimization.

present significant challenges for trajectory optimization.
These tasks involve inherently conflicting constraints - for ex-
ample, orientation requirements conflict with maximum body
rate limitations, and zero end-effector velocity during grasping
conflicts with time penalty objectives. The complexity of
these constraint interactions significantly amplifies the non-
convex nature of the optimization problem. Since optimization
fundamentally involves balancing competing objectives, poor
initial solutions can lead the optimizer to converge to local
optima that completely sacrifice task constraints [44].

We focus on two tasks requiring aggressive maneuvers:
inclined grasping and inclined striking. For these complex
tasks, designing simple waypoint constraints wtask that con-
tain position pinc and corresponding orientations oinc often
results in poor local optima that fail to satisfy overall task
requirements. To address this challenge, we analyze successful
trajectories from both tasks and discover that they exhibit
distinct flight ”tendencies.” For example, striking tasks consis-
tently demonstrate arc-like trajectory patterns. These observed
patterns provide valuable priors that can guide more effective
flight planning.

Given the recent influence of imitation learning in trajectory
planning [17], we employ IL to incorporate the observed
trajectory priors into our planning framework. To promote
training efficiency and reduce unnecessary input complexity,
we adopt a compact observation space o := [prel,xy, θinc],
where prel,xy encodes the relative position of the quadrotor in

the horizontal plane with respect to the inclined surface, and
θinc denotes the surface’s inclination angle, derived from the
surface orientation vector oinc. The action space comprises lo-
cal polynomial trajectory parameters near the surface, defined
as a := [cx, cy, cz]. This polynomial parameterization enables
a compact network architecture to learn trajectory ”tendencies”
more effectively and stably than approaches based on discrete
trajectory points.

Moreover, for analogical observations, multiple reasonable
trajectories may exist. A deterministic network modeling
(o→ a) risks learning averaged action patterns that may not
represent valid individual trajectories [45]. Diffusion models
can naturally handle this multi-modality by modeling the con-
ditional probability p(a|o). Therefore, we design a Diffusion
model to address the multi-modal nature of valid trajectories
[46]. The model structure can be seen in Figure 7.

We collect many high-quality, effective single-task trajecto-
ries as training data. For each clean action a0, we perform K
Gaussian noise addition steps to obtain noisy action aK :

ak =
√
ᾱka

0+
√
1− ᾱkϵ, ϵ ∼ N (0, I), k = 1, . . . ,K (39)

where ᾱk =
∏k

i=1 αi and αk = 1 − βk with βk being the
noise schedule. The denoising network fθ is trained to predict
the noise:

L(θ) = Ek,a0,ϵ

[
∥ϵ− fθ(a

k, k,o)∥2
]

(40)

During inference, we sample from the learned distribution
through the reverse process:

ak−1 =
1
√
αk

(
ak − βk√

1− ᾱk
fθ(a

k, k,o)

)
+ σkz (41)

where σk =
√
βk and z ∼ N (0, I). This reverse diffusion

process generates diverse trajectory parameters that capture the
multi-modal distribution of successful manipulation strategies.

D. IL-guided Optimization

After learning polynomial trajectories through IL, we lever-
age the IL prior trajectories as guidance for optimization
by incorporating them as quadrotor waypoint constraints. We
sample k guide points from the IL prior polynomial trajectory
and insert them into Equation (1):

wguide := {pguide,1, . . . ,pguide,k} ⊂Wcons (42)

where pguide,i represents the i-th guide point. These sampled
guide points ensure that the aerial manipulator follows the
desired trajectory direction, thereby improving success rates
to some extent.

However, trajectories constrained to fixed guide points may
still be suboptimal due to their rigidity. To address this limi-
tation, we implement a novel two-stage optimization strategy.
In the first stage, we enforce guide point constraints with a
loose gradient tolerance condition ϵloose, which ensures that the
optimization is guided toward the desired direction during the
initial search phase. In the second stage, we remove the guide
point constraints and apply strict convergence criteria ϵstrict,
allowing the optimizer to discover locally superior solutions
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while maintaining the beneficial trajectory structure estab-
lished in the first stage. This two-stage approach combines
the global guidance from successful demonstrations with local
optimization refinement, significantly improving both success
rates and trajectory quality for complex manipulation tasks.
The complete procedure is detailed in Algorithm 2.

VI. EXPERIMENTS

This section presents a comprehensive experimental evalu-
ation of the proposed framework across multiple dimensions.
We begin by detailing the imitation learning data collection
and training procedures for the DiT model. Subsequently,
we conduct ablation studies to validate key components: the
SFC enlarge strategy and the IL-guided optimization approach.
We then benchmark different collision volume approximation
methods, comparing static ellipsoid and multi-sphere fitting
approaches. Simulation experiments demonstrate the frame-
work’s versatility across various manipulator configurations,
including telescopic manipulators, 1-DOF, and 2-DOF robotic
arms. Finally, real-world experiments validate the system’s
performance through the execution of 9 fundamental manipu-
lation skills: strike, grasp, lift, press, wind, write, cross, push,
and pull, confirming the practical applicability and versatility
of our integrated approach.

A. Data Collection and IL Training

For the IL-guided optimization, we focus on grasp and
strike skills. Expert trajectories are generated on inclined plane
scenarios with angles uniformly sampled from 20◦ to 60◦.
Initial robot positions are randomly sampled within annular
regions of 1.5m to 3.0m radius centered on the inclined
plane, with a task-specific waypoint constraint for the end-
effector positioned at 0.05m directly above the plane. Due
to low success rates in direct planning, we apply the two-
stage optimization algorithm similar to Section V-D. However,
the guide points are strategically selected through expert
knowledge before and after critical strike and grasp phases.
Generated trajectories with total optimization cost exceeding
1× 105 are discarded to ensure solution quality.

To obtain stable trajectory tendencies within local regions,
we extract trajectory segments of ±1s duration around the
grasping and striking phases. From each segment, we sample
15 discrete points that are subsequently fitted using a three-
dimensional fifth-order polynomial [cx, cy, cz]. The resulting
15 polynomial coefficients constitute the trajectory tendency
representation that serves as training targets for the diffusion
model. Through this process, we collected approximately
3,000 high-quality trajectory samples for each skill type
(grasping and striking) along with their corresponding poly-
nomial representations. The data collection process requires
an average generation time of about 33s per sample, which
allows for practical data collection at scale.

The imitation learning component employs a Diffusion
Transformer (DiT) architecture specifically designed for trajec-
tory tendency learning. The model utilizes a 128-dimensional
embedding space with 8 attention heads across 6 transformer

Fig. 8. Comparison of different polyhedron generation methods for inclined
surface grasping: (a) original method from [13] without modifications, (b)
ablated method with manually constrained intersection above the inclined
surface, and (c) our proposed Active Polyhedron Generation method. The
pink boxes indicate the locations of adjacent polyhedron intersections.

TABLE I
QUANTITATIVE COMPARISON OF ACTIVE POLYHEDRON GENERATION

METHODS

Method Utilization Rate (%) Final Cost Distance (m)

Ablated 27.1 9.51 × 105 0.267
Proposed 100.0 3.54 × 103 0.027

layers, incorporating adaptive layer normalization and cross-
attention mechanisms for effective condition-context fusion.
With approximately 3M parameters, the network maps 3-
dimensional input conditions (relative position prel,xy and in-
clination angle θinc) to 15-dimensional polynomial coefficients
representing trajectory tendencies. Training is conducted on
an NVIDIA RTX 4090 with 24GB memory for approximately
one hour using mixed precision and a learning rate of 3×10−4

with cosine annealing.

B. Ablation Study

We designed two ablation experiments to validate the effec-
tiveness of our Active Polyhedron Generation and demonstrate
the improvement provided by IL-guided Optimization.

1) Active Polyhedron Generation: To verify that our Ac-
tive Polyhedron Generation not only maintains compatibility
with our waypoint constraint framework but also expands
the solution space, we designed an inclined surface grasping
scenario with three different configurations: (1) the original
method from [13] without any modifications; (2) a modified
version that ensures the intersection of two polyhedrons exists
directly above the inclined surface to enable waypoint con-
straint application; and (3) our proposed Active Polyhedron
Generation method.

The results are shown in Figure 8. In Figure 8 (a), without
predetermined intervention points in SFC generation, the re-
sulting SFC exhibits significant randomness. The polyhedron
intersections are located on both sides of the inclined surface,
making it difficult to effectively apply waypoint constraints. In
Figure 8 (b), although we constrained the intersection to exist
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Fig. 9. Convergence results for IL-guided optimization variants. Yellow
trajectories represent the motion of the quadrotor, while orange trajectories
show the end-effectors movement in FW . Red points indicate IL-derived
guide points, and aerial manipulator orientations at strike instant are shown
in the lower-left corners.

directly above the inclined surface, substantial unused space
remains, particularly near the center of the inclined surface,
resulting in the ”hollow” region we mentioned. In contrast,
Figure 8 (c) demonstrates our proposed Active Polyhedron
Generation, which actively generates polyhedrons that nearly
achieve full utilization of the feasible space above the inclined
surface.

Since configuration (1) cannot accommodate waypoint con-
straints, we conducted quantitative analysis only on configu-
rations (2) and (3). We applied our optimization framework to
optimize the grasp skill trajectory, with results shown in the
lower panels of Figure 8 (a) and (c), where orange trajectories
represent the end-effector path and yellow trajectories repre-
sent the quadrotor path. Our proposed method successfully
reaches the target, while the ablated method suffers from
conflicts between end-effector waypoint constraints and safety
constraints due to limited solution space. This leads to failure
in reaching the target point, and excessive safety penalties in
the vicinity result in significantly degraded trajectory quality.

Table I presents a quantitative comparison of three key
metrics. The Utilization Rate measures the percentage of free
space coverage within a 0.5m radius sphere around the target
point. The Final Cost represents the objective function value
after convergence. The Distance quantifies the end-effector
positioning error at the waypoint constrained location.

2) IL-guided Optimization: To validate the effectiveness
of our IL-guided optimization framework, we conduct a com-
prehensive ablation study examining strike success rates on
inclined surfaces. This study addresses three key questions:
whether our IL-guided optimization can improve strike suc-
cess rates, the rationale for sampling points from polynomial
trajectories rather than learning discrete points directly, and the
optimal number of sampling points for trajectory guidance.

We design the experimental scenario with varying inclined
surfaces and designated target points for strike operations.

Fig. 10. Convergence curves comparison across optimization methods.
Normalized iteration lengths account for varying convergence requirements.
Dashed lines: first-stage optimization; solid lines: second-stage optimization.

A successful strike requires two simultaneous conditions at
contact: the aerial manipulator maintains parallel alignment
with the inclined surface, and the end-effector remains within
0.03m of the target center. Initial positions are randomly
sampled within a 1.5− 3m annular region around the surface
for training, while out-of-distribution (OOD) testing uses a
3−4m annular region to evaluate generalization performance.
We assume prior knowledge of target location and surface
inclination angle, establishing fixed end-effector waypoint
constraints and corresponding orientations. Our experimental
design comprises six configurations tested across four scenar-
ios: 25◦, 40◦, and 55◦ surface angles with in-distribution initial
positions, 40 with OOD initial positions.

The baseline completely removes IL-guided optimization,
relying solely on direct trajectory optimization. The second
configuration (Learned Points Guidance + Relaxation) trains
the IL model to predict four discrete points, maintaining
consistency with our training methodology but reducing the
projection dimension from 15 to 12. The third approach (Two-
Point Guidance, No Relaxation) implements our polynomial
trajectory imitation learning, sampling one point before and
after strike as guide points with strict convergence criteria. Our
primary method (Two-Point Guidance + Relaxation) extends
the third configuration by incorporating relaxed convergence
criteria and two-stage optimization, removing guide points in
the second stage for stricter optimization. Finally, we evaluate
Four-Point and Six-Point Guidance + Relaxation variants,
differing only in the number of polynomial trajectory sampling
points.

Figure 9 illustrates convergence results for challenging cases
where initial positions lie behind the inclined surface. The
baseline approach in Figure 9 (a) demonstrates complete fail-
ure, with the end-effector trajectory (orange) missing the target
entirely due to convergence to poor local optima. In contrast,
learned point guidance in Figure 9 (b) successfully captures
required trajectory tendencies, achieving target strikes. Our
two-point sampling approach Figure 9 (c) produces quadrotor
trajectories (yellow) that accurately traverse the red guide
points, resulting in desired trajectory generation. Both two-
point and four-point guidance Figure 9 (d) and (e) consistently
accomplish the task, while six-point guidance Figure 9 (f)
suffers from over-constraint, leading to suboptimal solutions.
Figure 10 quantitatively demonstrates that all proposed IL-
guided methods achieve superior local optima compared to
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TABLE II
COMPARISON OF ROBOTIC MANIPULATION OPTIMIZATION METHODS ACROSS DIFFERENT ROLL ANGLES

Method Roll (◦) Performance Trajectory Quality Efficiency

Success Rate (%) Cost Time (s) Length Jerk Iteration Runtime (s)

Baseline
(Complete
Ablation)

25 100 2137.4 3.7 6.2 277.7 1536 5.1
40 50† 4541.7 6.8 9.6 281.1 1726 6.1
55 0† — — — — — —
40(OOD) 70 3703.1 4.6 8.5 488.2 2619 7.9

Learned Points
Guidance +
Relaxation

25 90 3903.5 6.6 8.1 338.5 34306† 132.4
40 70 5527.5† 10.1† 9.7† 400.8 37209 139.4†
55 80 5127.2 8.2 11.1 886.0 19653 86.5
40(OOD) 60 4081.4 6.2 8.8 440.6 47118† 151.2†

Two-Point
Guidance
(No Relaxation)

25 100 3994.9† 5.8 8.0 401.5† 8272 31.7
40 70 3243.0 4.7 8.0 579.1† 10653 35.4
55 100 4137.0 6.1 12.6 974.4† 5590 21.9
40(OOD) 90 3035.4 4.9 9.7 580.1 6904 27.2

Two-Point
Guidance +
Relaxation
(Ours)

25 100 2568.9 4.4 6.8 317.2 9364 34.6
40 100 3584.1 5.4 9.0 563.1 16357 50.9
55 100 4612.0 7.3 13.2† 857.1 6741 27.4
40(OOD) 100 2719.2 4.2 8.8 584.9† 9566 35.6

Four-Point
Guidance +
Relaxation
(Ours)

25 80 2842.3 4.4 7.3 377.8 22529 88.2
40 70 3112.3 5.0 8.5 575.8 37550 126.2
55 70 4376.9 6.9 11.9 852.5 17751 88.4
40(OOD) 90 4053.7† 7.1† 11.4† 446.8 7460 34.0

Six-Point
Guidance +
Relaxation
(Ours)

25 70† 3838.8 6.9† 8.6† 325.7 33666 172.9†

40 50 4250.7 6.8 9.1 519.4 56956† 239.6
55 60 6097.0† 10.5† 12.6 737.4 23621† 146.0†

40(OOD) 30† 3389.2 5.9 9.3 406.6 37985 149.3

Bold: Best performance within each roll † Worst performance within each roll OOD: Given out-of-distribution initial states

baseline optimization, as evidenced by their lower convergence
costs. Single-stage optimization outperforms baseline but re-
mains inferior to two-stage approaches, confirming that the
relaxation strategy further enhances local optimum extraction
by allowing more effective exploration in the first stage
followed by refined convergence in the second stage.

Table II presents comprehensive quantitative analysis across
performance metrics, trajectory quality, and computational
efficiency. Our Two-Point Guidance + Relaxation achieves
100% success rates across all scenarios, significantly outper-
forming alternatives, particularly in the challenging 55◦ case
where baseline success rate drops to zero. This demonstrates
the critical importance of IL guidance for steep surface manip-
ulation. Two-Point Guidance without relaxation ranks second,
while Four-Point and Six-Point Guidance exhibit reduced suc-
cess rates due to over-constraint in the first optimization stage,
where two points already provide sufficient information for
trajectory guidance, and additional points excessively constrain
the trajectory during the first stage, thereby compromising the
second stage’s search capability.

Regarding generalization performance, while Learned
Points Guidance + Relaxation achieves comparable success
rates in standard scenarios, it significantly underperforms in
OOD conditions. This performance gap stems from polyno-
mial fitting’s superior ability to integrate multi-point infor-
mation, producing more stable results compared to discrete
point prediction, which suffers from data sparsity as identical
trajectories generate numerous possible point combinations.

Additionally, Learned Points Guidance + Relaxation exhibits
significantly longer convergence times and more iteration
times compared to our proposed methods, indicating that the
learned points deviate substantially from the desired optimal
trajectory, further highlighting the deficiencies of this ap-
proach.

Computational analysis reveals that increasing guide points
extends convergence time compared to baseline performance,
as guide points direct optimization toward potentially distant
desired directions, which increases the iteration requirements.
This indicates that setting more guide points leads to increased
solution time and complexity for the optimization problem.

Interestingly, Two-Point Guidance + Relaxation occasion-
ally produces higher final costs than the no-relaxation variant,
reflecting optimization randomness where relaxed first-stage
criteria may lead to different local optima. However, cost
differences remain minimal, which is still acceptable. In terms
of trajectory quality, we observe that IL successfully learns
high-quality trajectory tendencies from demonstration data.
Furthermore, increasing the number of guide points yields
lower final jerk values, indicating that more guide points
drive the optimization closer to these learned high-quality
trajectories.

These findings collectively demonstrate that our IL-guided
optimization framework successfully enhances performance,
with our polynomial approach exhibiting superior stability and
generalization compared to learned point methods. Moreover,
selecting merely two points can provide sufficient trajectory
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Fig. 11. Collision avoidance performance comparison across three benchmark
scenarios: narrow gate (left), tilted hole (middle), and random cubes (right).
The fixed ellipsoid method (top row) results in collisions due to rigid
volume representation. The spheres method (middle row) achieves collision-
free navigation. Our varying ellipsoid method (bottom row) demonstrates
superior performance through adaptive manipulator retraction.

tendency information while maintaining computational effi-
ciency.

C. Benchmark

To validate the superiority of our varying ellipsoid method
for collision volume approximation, we designed three
obstacle-rich scenarios and evaluated the aerial manipulator’s
collision avoidance performance through each environment.

The first scenario, termed ”Narrow Gate”, consists of two
rectangular obstacles positioned to create a narrow passage
between them, as illustrated in the first column of Figure 11.
We systematically varied the gap width from 0.60m to 0.25m
in 0.05m decrements, resulting in eight experimental trials.
Throughout these experiments, the aerial manipulator was
manually configured to maintain an extended state at both
the initial and final positions, with the end-effector position
set to Dpe,z = −0.2m to ensure consistent testing conditions.
The second scenario, ”Tilted Hole,” features a wall with an
inclined hole, as shown in the second column of Figure 11. We
examined three different inclination angles: 20◦, 40◦, and 60◦.
For each angle, the manipulator’s initial end-effector positions
were set to Dpe,z = −0.07m, −0.13m, and −0.2m respec-
tively, yielding a total of nine experimental configurations. The
third scenario, ”Random Cubes”, involves randomly distribut-
ing 12 cubic obstacles within a three-dimensional workspace.
Ten different random configurations were generated to provide
diverse navigation challenges for the aerial manipulator. For
all experiments, a trial was considered successful if the aerial
manipulator reached the target position without any collision
occurrence during the entire trajectory.

We compared our approach against two established colli-
sion volume approximation methods: Fast-Racing [39] and
REMANI [47]. The Fast-Racing method employs a single
fixed ellipsoid to approximate the entire aerial manipulator
system. To ensure collision safety, this fixed ellipsoid must be

sized to accommodate the manipulator in its fully extended
configuration. The REMANI method utilizes multiple spheres
to represent the aerial manipulator’s geometry: four spheres
with 0.08m radius for the quadrotor body, one sphere with
0.025m radius for the end-effector, and fifteen spheres with
0.025m radius distributed along the upper and lower arm
segments. All experimental comparisons maintained identical
constraint weights and hyperparameters across the 27 total
trials.

The results presented in Figure 11 demonstrate clear per-
formance distinctions between methods. The fixed ellipsoid
approach failed to navigate collision-free through gaps smaller
than or equal to 0.45m, as the rigid geometric representa-
tion prevented adaptive arm retraction during narrow passage
traversal. Similarly, this method failed in the tilted hole
scenario when the initial end-effector positions were set to
−0.13m and −0.2m. The random cubes scenario also resulted
in collisions when narrow passages were encountered.

As summarized in Table III, the fixed ellipsoid method
achieved only 37.5% and 33.3% success rates in the first two
scenarios, respectively, while maintaining 70% success in the
random cubes scenario due to the relatively sparse obstacle
distribution.

In contrast, both the sphere-based method and our proposed
varying ellipsoid approach achieved 100% success rates in the
narrow gate and tilted hole scenarios. However, their collision
avoidance strategies differed significantly, as observable in the
bottom-right panel of the second column in Figure 11. The
sphere-based method tends to induce lateral (xy-axis) ma-
nipulator movements, while our approach primarily achieves
collision avoidance through strategic end-effector retraction
along the z-axis.

For the random cubes scenario, our proposed method
achieved an 80% success rate compared to 70% for the sphere-
based approach. The failures in both methods were primarily
attributed to path planning limitations that forced the aerial
manipulator into excessively constrained regions where suffi-
cient SFC volume could not be established. Additionally, the
sphere-based method’s failures resulted from the cumulative
high costs generated by multiple spheres in proximity to
obstacles, preventing the optimizer from adequately balancing
other essential constraints and leading to localized collisions.

The computational efficiency comparison in Table III re-
veals that our method’s average iteration time closely matches
that of the fixed ellipsoid approach while significantly out-
performing the sphere-based method. This efficiency stems
from our approach’s O(n) computational complexity, as only
a single ellipsoid-to-polyhedron cost evaluation is required per
iteration, compared to the O(mn) complexity of the sphere-
based method that necessitates individual cost calculations for
each sphere.

In summary, our varying ellipsoid fitting method success-
fully combines the computational efficiency of ellipsoidal rep-
resentations with comprehensive whole-body collision avoid-
ance capabilities for aerial manipulators.
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TABLE III
PERFORMANCE COMPARISON OF OBSTACLE AVOIDANCE METHODS

Method Narrow Gate Tilted Hole Random Cubes Avg. Iteration Time

Fast-Racing [39] 37.5% 33.3% 70.0% 33.85 ms
REMANI [47] 100.0% 100.0% 70.0% 123.73 ms
Proposed 100.0% 100.0% 80.0% 45.85 ms

Fig. 12. Validation of the planning framework across different manipulator
configurations. (a) Three manipulator types: vertical motion (top), 1-DOF
circular arc motion (middle), and 2-DOF planar motion (bottom). Left column
shows 3D end-effector trajectories within their respective workspaces (gray
regions). Right column displays the corresponding position profiles for each
axis over time. All trajectories remain strictly within workspace boundaries,
demonstrating the framework’s adaptability to various kinematic constraints.

D. Simulation

We formulate the end-effector planning in Cartesian space
specifically to accommodate different aerial manipulator con-
figurations. This section validates that our approach can work
with various manipulator types through comprehensive simu-
lation studies.

Due to hardware limitations, we evaluate the feasibility
of our approach through simulation analysis. As illustrated
in Figure 12 (a), we consider three distinct manipulator
configurations with different kinematic constraints. The first
type is a telescopic manipulator that permits only vertical
(z-axis) motion of the end-effector. The second type is a 1-
DOF manipulator that allows the end-effector to move along
a circular arc in the xz-plane. The third type is a 2-DOF
manipulator that enables planar motion within the entire xz-
plane. The respective workspaces for each configuration are
visualized as gray regions in the left column of Figure 12.

We designed a planar grasping scenario with a waypoint

Fig. 13. Real-world aerial manipulator platform used for validation.

constraint for the end-effector in the world frame FW , set-
ting the terminal velocity to zero at the target position. For
the telescopic manipulator, the workspace bounds were set
to Dpe,z ∈ [−0.25,−0.06]m. For the 1-DOF manipulator,
the workspace is constrained to a circular arc with radius
0.18m in the xz-plane. For the 2-DOF planar manipulator,
the workspace was defined as Dpe,x ∈ [−0.2, 0.2]m and
Dpe,z ∈ [−0.25,−0.06]m.

The trajectory planning results demonstrate high accuracy,
with minimum distances to the target point of 6.851×10−3m,
4.857 × 10−3m, and 2.055 × 10−3m for the three manipula-
tor types, respectively. These errors are sufficiently small to
confirm successful target reaching. The 3D end-effector trajec-
tories in the frame FD, shown in the left column of Figure 12,
strictly adhere to their respective workspace constraints. The
right column presents the individual axis variations over time,
further confirming that all planned trajectories remain within
the prescribed workspace boundaries.

These results demonstrate that our whole-body planning
framework successfully adapts to different manipulator types
while maintaining workspace compliance and trajectory accu-
racy.

E. Real-world Implementation

Our system is implemented in C++11 on Ubuntu 20.04 with
ROS Noetic. As illustrated in Figure 13, the experimental
platform integrates an NVIDIA Jetson Orin NX 16GB as
the onboard computer and an NxtPX4v2 flight controller
on a quadrotor equipped with a delta arm. The delta arm
utilizes three DYNAMIXEL XL430-W250-T servo motors and
features a needle end-effector for precise manipulation tasks.
For state estimation, the system employs an Extended Kalman
Filter (EKF) that fuses data from the NOKOV Motion Capture
System and an onboard IMU. We implement a separated
control framework inspired by the composite control scheme in
[35], which employs an NDOB to compensate for internal cou-
pling and external disturbances, while using a high-pass filter
to enhance manipulator agility. Throughout the experimental
validation, we assume that interaction forces including gravity
and friction are constant and known during the planning phase.

To validate our approach in real-world scenarios, we focus
on a fundamental question: whether our flexible waypoint
constraints can effectively operate in practical environments
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Fig. 14. Experimental results for strike and grasp tasks. (a)-(c) show aerial striking experiments while (e) and (f) present aerial grasping results. (d) The first
two plots demonstrate IL-generated guide points and resulting quadrotor and end-effector motion in the xy-plane. The third plot shows roll angle variations
across four strike maneuvers. (g) The first two plots show IL guide point generation for grasp skills. The third and fourth plots present quadrotor velocity and
comparison between planned and actual thrust curves for the aerial manipulator.

and successfully execute diverse manipulation skills. To ad-
dress this question systematically, we design 9 fundamental
manipulation skills: striking, grasping, lifting, pressing, wind-
ing, pulling, pushing, crossing, and writing. We conduct a
total of 17 experiments across these skills and analyze their
performance comprehensively.

1) Strike: We design a striking scenario with an inclined
surface positioned at approximately 37.6 degrees at the center
of the test area. To thoroughly validate our IL-guided optimiza-
tion framework, we position the aerial manipulator behind the
inclined surface and conduct experiments from two distinct
initial positions: one within the training data distribution (1.5-
3m radius) and another outside this distribution (beyond 3m
radius). The strike skill requires setting a single end-effector
waypoint constraint in FW along with its corresponding
orientation.

As shown in Figure 14 (a) and (b), given the initial
relative position and the surface inclination angle, our IL-
guided framework generates guide points as demonstrated
in Figure 14 (d) (first two plots). To further validate the

orientation capabilities of our waypoint constraints, we test
the aerial manipulator’s striking performance on four different
inclined surfaces with angles of 15◦, 30◦, 45◦, and 60◦.
To eliminate the influence of other constraints and focus
solely on orientation variations, we specify that the delta arm
should extend to Dpe = [0.0, 0.0,−0.2]⊤ m, and subsequently
calculate the corresponding quadrotor position to set as the
waypoint constraint. This approach enables isolated observa-
tion of orientation changes. As illustrated in Figure 14 (c)
and the third plot in Figure 14 (d), the aerial manipulator
successfully achieves the desired corresponding attitude at the
target position.

2) Grasp: We design complementary grasping scenarios
with two experimental configurations. In each test, an ob-
ject of known mass is placed on an inclined surface, with
its position tracked using the motion capture system. The
aerial manipulator is tasked with planning and executing a
grasping maneuver. This grasp skill requires setting an end-
effector waypoint constraint, and to improve success rates, we
additionally impose a velocity constraint of 0.2 m/s downward
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Fig. 15. Real flight results for seven tasks: lift, press, wind, pull, push, cross, and write. (a)-(e) show xyz trajectory variations in the world frame for the first
five tasks. (f) presents end-effector z-axis motion trajectory in FD during the cross task. (g) and (h) show actual end-effector movement during the write task
and corresponding error distributions, respectively.

for end-effector along zB at the waypoint, while constraining
velocities in xB and yB directions to zero.

To validate our framework’s advantages, we again position
the aerial manipulator behind the inclined surface as the
initial position. The first experimental group has an initial
position at (-3, 1) m with a surface inclination of approxi-
mately 42.3◦, while the second group starts at (-2.5, 2.5) m
with an inclination of 26.7◦. The actual flight performance
is shown in Figure 14 (e) and (f), demonstrating success-
ful object grasping in both cases. Figure 14 (g) (first two
plots) illustrates the corresponding IL-generated guide points
and the resulting quadrotor and end-effector trajectories in
the xy-plane. The third plot in Figure 14 (g) shows the
quadrotor’s grasping velocity, demonstrating rapid grasping
speeds of nearly 3 m/s while confirming that the quadrotor
reduces speed appropriately to satisfy the constraints. The
fourth plot compares the planned versus actual thrust forces,

showing that despite using a simplified model that considers
only quasi-static forces and assumes fixed external forces,
these assumptions remain reasonable for simple manipulation
tasks. However, the observed discrepancies during contact
phases indicate that more sophisticated contact-rich planning
methods would be necessary for more complex or dynamic
manipulation scenarios.

3) Lift, Press, Wind: These three tasks can be completed
by applying one or several waypoint constraints. The lift task
requires the aerial manipulator to use a hook to lift a basket,
which is considered successful when the basket is lifted. We
apply two waypoint constraints: one below the basket handle
and another directly above it. The press task requires the
end-effector to press a button, with success indicated by the
button emitting red light, achieved by setting a single waypoint
constraint at the button’s position. The wind task involves
threading a line through three hooks at known positions,

IEEE Transactions on Robotics (T-RO) paper, presented at ICRA 2026, Vienna, Austria. Cite as T-RO paper.



IEEE TRANSACTIONS ON ROBOTICS, PREPRINT VERSION, ACCEPTED SEPTEMBER 2025 18

with success defined as the line successfully passing through
all hooks. This requires setting three end-effector waypoint
constraints. The experimental results shown in Figure 15
(Lift, Press, Wind) demonstrate successful completion of all
three tasks. The corresponding motion trajectory curves are
presented in Figure 15 (a)-(c), where gray areas indicate the
task execution regions.

4) Pull, Push: We design specific scenarios to validate
the two skills independently. For the pull task, we attach a
sponge to the end-effector and program the aerial manipulator
to perform a table-wiping task. We set three coplanar waypoint
constraints beyond the table surface and constrain the z-
component variation of the end-effector position to zero within
these points, enabling movement within a single plane. For
the push task, we place a wooden block on a table surface
and program the aerial manipulator to push it off the table
while restricting end-effector movement to the x-axis direction
only, with y and z-axis position components constrained.
The results shown in Figure 15 (Pull, Push) demonstrate
successful task execution. Figure 15 (d) and (e) show that
the gray constraint regions effectively limit motion: the pull
task maintains minimal z-axis variation, while the push task
shows consistent y and z-axis values within the gray constraint
region.

5) Cross: We design a narrow racing gate that requires the
aerial manipulator to retract its robotic arm to successfully pass
through. To increase experimental complexity and comprehen-
sively validate our framework’s capability, we extend the end-
effector to the -0.2m position before and after crossing, thereby
demonstrating both obstacle avoidance and manipulation ca-
pabilities. Figure 15 (Cross) shows the aerial manipulator’s
state during gate traversal, while Figure 15 (f) presents the
end-effector’s z-axis trajectory in FD during flight, clearly
demonstrating the robotic arm’s retraction-extension sequence
from initial extension through retraction for gate passage to
re-extension afterward.

6) Write: The final task we design is writing, which is com-
paratively complex, requiring numerous waypoint constraints
while ensuring end-effector movement within the same plane.
The positional constraints vary dynamically; for example, writ-
ing ”T” requires initial constraint to x-axis movement, lifting
the brush pen, then constraining to y-axis movement. Writing
”R” requires multiple constrained movement transitions. The
experimental results shown in Figure 15 (Write) demonstrate
successful completion of writing the letters ”TRO” using a
brush pen. The actual end-effector movement can be observed
in Figure 15 (g). We note slight oscillations at corners when
writing ”O,” attributed to unstable connections between the
end-effector and brush, as well as uneven paper surfaces. The
position errors for these three experiments, shown in Figure 15
(h), maintain median end-effector errors within 3cm, which
falls within acceptable ranges. This further validates that while
our planning employs simplified models, most disturbances
and unconsidered dynamic coupling effects can be resolved at
the controller level, with our planner providing highly effective
reference trajectories.

VII. CONCLUSION

This paper introduces a novel whole-body integrated mo-
tion planning framework for aerial manipulators that jointly
optimizes the motions of the quadrotor and the manipulator.
We propose an efficient varying ellipsoid collision avoidance
method that dynamically adapts to the aerial manipulator’s
configuration changes, enabling safe navigation in complex
environments. The framework introduces flexible partial way-
point constraints for precise task specification and an IL-
guided optimization approach to address the limitations of
standard optimization methods in handling large-attitude ma-
nipulation tasks. This IL-guided method leverages imitation
learning to provide appropriate guide points, significantly
improving planning success rates for challenging manipulation
scenarios. Our comprehensive experimental validation through
17 real-world experiments spanning 9 fundamental manipula-
tion skills demonstrates the framework’s excellent scalability
and versatility across diverse manipulation tasks.

While our algorithm demonstrates outstanding performance
across various manipulation skills, the current computational
requirements prevent real-time operation. This limitation re-
stricts the framework’s ability to handle highly dynamic and
complex environments where real-time replanning and adap-
tive adjustments are essential for safe operation. Additionally,
as evidenced by the discrepancies observed in thrust force
comparisons during grasp experiments, the simplified quasi-
static force models limit our ability to consider tasks involving
strong interaction forces during the planning stage. Therefore,
future work will focus on developing advanced dynamic
models and improving computational efficiency, with the goal
of enabling real-time performance in complex, contact-rich
scenarios.
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