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Abstract—Learning techniques are increasingly empow-
ering aerial robots with manipulation capabilities and have,
as a result, attracted growing attention over the past
decade. This work provides a focused review of recent
advancements in learning-based methods for aerial manip-
ulation (AM). Four categories of learning-based methods,
i.e., imitation learning, reinforcement learning, deep learn-
ing, and learning-based control, are identified and analyzed
in detail. The AM tasks enabled by these methods are
also summarized and analyzed, resulting in six categories:
Grasping, pick-and-place, load transportation, contact-rich
operations, contact impact, and human–UAV interaction.
In addition, we provide further discussions and perspec-
tives on the current achievements and future directions of
learning-based AM.

Index Terms—Aerial manipulation (AM), deep learning,
imitation learning, learning-based control, reinforcement
learning, unmanned aerial vehicles (UAV).

I. INTRODUCTION

THE field of aerial robotics has received large attention
and experienced rapid development over the past decade,

spanning areas from mechanical design and hardware systems to
algorithms and software development [1], [2], [3], [4], [5]. The
driving force behind this progress is the significant potential of
aerial robots across diverse applications, such as surveillance,
rescue, navigation, and manipulation, making them one of the
key contributors to the emerging low-altitude economy.

Aerial manipulation (AM) has emerged as one of the primary
research directions in aerial robotics [6], [7], [8], [9]. It typically
involves an unmanned aerial vehicle (UAV) equipped with one
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Fig. 1. Number of publications indexed by Google Scholar using the
keywords “learn” and “aerial manipulation” since 2015.

or more robotic manipulators, either rigid or soft, that enable
physical interaction with the environment. This capability allows
aerial robots to go beyond passive sensing and perform contact-
based tasks such as inspection, maintenance, repair, and additive
manufacturing in hard-to-reach or hazardous environments [10],
[11], [12], thereby reducing costs and risks for human opera-
tors. However, AM presents significant challenges in both the
modeling and control of UAV systems, as it must handle highly
nonlinear, time-varying system dynamics and/or interaction dy-
namics in complex environments, which are typically difficult
even for ground-based robotic systems.

Learning techniques, especially Deep Learning (DL) and
Reinforcement Learning (RL), have demonstrated remarkable
performance in high-level task planning, accurate perception,
and agent–environment (including human) interaction, thanks to
their strong ability to solve nonlinear problems. As a result, they
have been extensively employed to advance the development of
robotics including aerial robots [13], [14], [15], [16]. Naturally,
learning techniques have been introduced in AM to address chal-
lenges that are typically difficult to overcome with traditional
methods, thanks to their data-driven advantages, such as adapt-
ability to complex systems, generalization from experience, and
reduced reliance on explicit modeling. According to our search
result on Google Scholar, the number of publications related
to learning-based methods for AM has increased significantly,
particularly over the past five years, as shown in Fig. 1.

This work aims to provide a focused review of learning-based
AM, with the goal of helping readers especially beginners to
understand the state of the art in this research direction. Ap-
proximately 80 papers were selected as the core materials for
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Fig. 2. Graphical illustration of the main algorithms used in learning-
based aerial manipulation and their applications, which will be detailed in
Sections III and IV. The red arrows indicate that one learning approach
can serve as a foundation for another. IL: Imitation Learning; RL: Rein-
forcement Learning; DL: Deep Learning; LC: Learning-based Control.

this review, based on searches in mainstream databases such
as Google Scholar, IEEE Xplore, and Web of Science. After
a thorough literature review and classification, we identify four
main categories of learning methods: 1) Imitation Learning (IL);
2) DL; 3) RL; and 4) Learning-based Control (LC). The main
learning algorithms used in these methods, along with their
application scenarios, are illustrated in Fig. 2.

This review will elaborate on how these four categories of
learning methods empower UAVs with advanced manipulation
capabilities. In short, IL enables a UAV to replicate human
manipulation skills either by learning a model offline from
demonstration data or through direct online teleoperation using
a device such as a VR headset. DL enhances a UAV’s perception
capabilities by enabling robust and accurate target recognition,
object detection, and localization in dynamic environments,
which are critical for the success of subsequent AM tasks. RL,
including deep RL, enables the autonomous learning of skill
or task models for AM through trial-and-error interactions with
the environment. This process often takes place in a simulated
environment, where the UAV can explore various strategies
and refine its manipulation capabilities before transferring these
skills to reality. LC ensures safe, adaptive, and robust UAV-
environment (physical) interactions by seamlessly integrating
learning techniques into traditional control strategies to handle
environmental uncertainties and enhance overall performance.

In addition, one learning paradigm can serve as the foundation
for other learning-based methods, including: 1) Deep Neural
Networks (DNNs), as typical models of DL, are used to learn task
representations in IL; 2) IL can be used to initialize RL policies in
UAV tasks; and 3) DL and RL have been utilized to adapt key pa-
rameters in controllers such as Proportional-Integral-Derivative
(PID) and Sliding Mode Control (SMC).

In this review, we also specifically analyze the AM tasks
enabled by these learning techniques. In particular, we have
identified six categories of learning-based AM tasks as follows.

1) Grasping: An aerial robot, typically a multirotor UAV
equipped with a gripper or other end-effector, physically
grasps and holds an object.

2) Pick-and-place: An aerial robot grasps an object, trans-
ports it, and places it at a specified target location.

3) Load transportation: Two or more aerial robots cooper-
atively transport a payload from one location to another,
often requiring coordinated motion and force planning.

4) Contact-rich tasks: A UAV maintains continuous contact
with the environment (e.g., inspection, polishing, or sur-
face interaction) to accomplish the desired task.

5) Contact-impact tasks: A UAV makes intermittent or
forceful physical contact with the environment, such as
striking, pushing, or landing maneuvers.

6) Human–UAV interaction: One or more UAVs physically
interact with a human operator to jointly perform a task
in a cooperative manner.

These AM tasks will be presented and discussed in detail
alongside the introduction of the relevant learning methods later
in this review. In summary, the applications of learning-based
methods span nearly all AM tasks, ranging from grasping and
contact-rich operations to human–UAV interaction, demonstrat-
ing increasing potential in both indoor and outdoor industries,
such as logistics [17], agriculture [18], infrastructure inspec-
tion [19], and beyond. It can be concluded that learning-based
methods are opening new avenues for enhancing the versatility
and effectiveness of UAVs across a wide range of applications.

The rest of this article is organized as follows. Section II
highlights the differences between our work and existing review
papers in the literature. Section III provides a detailed review
and analysis of learning-based methods for AM. Section IV
summarizes the application tasks of learning techniques in
AM. In Section V, we present discussions and perspectives on
learning-based AM. Finally, Section VI concludes this article.

II. DIFFERENCES BETWEEN OUR REVIEW AND EXISTING

REVIEW PAPERS ON AERIAL ROBOTS

We find several review and survey papers on aerial robots that
have been published in the literature in the past several years.
Specifically, [7] provided a concise review of aerial manipula-
tion, focusing primarily on the technological and control aspects
of the field. The authors in [20] examined the advancements
in small-scale rotorcraft unmanned robotic systems (SRURSs),
focusing on two key aspects: 1) mechanical structure design
and 2) modeling and control. The authors in [8] provided a
comprehensive review of single and multi-UAV aerial manipula-
tion, emphasizing platforms equipped with aerial manipulation
capabilities. The survey also explored strategies for interacting
with the environment, such as implementing force/torque control
and visual servoing techniques. The authors in [21] reviewed
the advancements in aerial robotic manipulators, beginning with
a summary of various aerial robotic platforms, including heli-
copters, conventional underactuated multirotors, and multidi-
rectional thrust platforms equipped with robotic manipulators.
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The paper then highlighted recent progress in perception and
planning techniques for aerial robotics. The authors in [22] pro-
vided a brief survey of recent advancements in utilizing single or
multiple aerial robots for tracking and grasping moving objects.
The authors in [23] focused on cooperative aerial manipulation,
highlighting prototype systems implemented in real-time across
various application scenarios, as well as the underlying modeling
and control approaches. The authors in [24] presented a com-
prehensive and detailed survey on AI-based methods for UAVs,
with a particular focus on nonmanipulation applications such
as path planning and surveillance. The authors in [25] surveyed
machine learning-based approaches for intrusion detection in
UAV systems. The authors in [26] provided a comprehensive
review of aerial robots designed for physical interaction tasks.
The paper begins by presenting various prototypes of aerial
robots developed for physical manipulation. It then offers a
detailed analysis of dynamic modeling and interaction strate-
gies for aerial robots operating in environments where physi-
cal contact with surroundings is required. The authors in [27]
reviewed recent advancements in novel aerial robot designs,
emphasizing materials and manufacturing technologies, actu-
ation mechanisms, and perception and control systems. They
also highlighted cutting-edge developments and applications of
various innovative aerial robots, including flapping-wing mi-
croair vehicles, perching aerial robots, amphibious robots, and
operational aerial robots.

The aforementioned review papers have thoroughly addressed
most aspects of aerial robots. However, one crucial aspect, i.e.,
learning-based methods, has yet to be systematically summa-
rized. This work aims to fill that gap by providing a focused
review on aerial manipulation using advanced learning tech-
niques, including deep learning and reinforcement learning. Fur-
thermore, we place particular emphasis on aerial manipulation,
as opposed to other tasks such as navigation or surveillance. To
summarize, this work provides a detailed review of state-of-the-
art learning-based methods tailored for aerial robots to perform
manipulation tasks.

III. LEARNING-BASED METHODS FOR AERIAL MANIPULATION

In this section, we review learning algorithms, including im-
itation learning, reinforcement learning, deep learning, mainly
developed for motion/task planning in AM tasks. We also review
learning-based control algorithms for AM. For each learning
technique, we first introduce the relevant literature and then
provide a summary highlighting its key characteristics and chal-
lenges.

A. Imitation Learning

Robotic imitation learning (IL) refers to the process by which
a robot acquires manipulation skills by observing and imitating
the behaviors of humans or other agents. Imitation learning has
been extensively studied in various types of robots, such as in-
dustrial robots [28], humanoid robots [29], and dexterous robotic
hands [30]. While it has also been largely used for aerial robots
in navigation and searching tasks [31], [32], its application to
aerial robots for learning more challenging manipulation skills

is a more recent development. Thus far, only a few papers in the
literature have addressed imitation learning-based methods for
aerial manipulation. These methods can be categorized into the
following three aspects.

Trajectory-level imitation methods have been developed to
learn and adapt UAV movements based on human demonstra-
tions. These methods involve learning a task-specific model
from a limited number of demonstrations, typically employing
one-shot or supervised learning techniques. During runtime,
the learned model generates reference trajectories or low-level
control policies, enabling aerial robots to execute the given
tasks. This work [33] explored the use of a quadrotor to play
table tennis through a learning-from-demonstration approach.
To achieve this, the researchers first create a skill library of
“hitting motions,” encoded using the Dynamic Movement Prim-
itives (DMPs) model [34]. These motions are derived from
demonstration data provided by a human expert. During runtime,
the quadrotor imitates the expert’s motion to hit the ball based on
its location, determined via vision-based perception. It does so
by selecting and blending appropriate movement primitives from
the established skill library. In [35], [36], the authors introduced
a robust motion-planning method called RRT*-PDMPs, which
integrated the Rapidly-exploring Random Tree Star (RRT*)
algorithm [37] with the parametric dynamic movement prim-
itives (PDMPs) model [38]. This approach generates obstacle-
avoiding trajectories that ensure safe manipulation poses while
adhering to dynamic and kinematic constraints. PDMPs, a com-
monly used imitation learning technique for motion representa-
tion, can efficiently learn from demonstrations in a supervised
manner, such as using Gaussian process regression (GPR). By
combining RRT* and PDMPs, the method achieves efficient
motion planning, with PDMPs enabling rapid computation and
RRT* providing optimized trajectories for learning. The pro-
posed method is validated in a real-world load-carrying task
involving two multirotor-based aerial manipulators navigating
environments with unknown obstacles, as shown in Fig. 3(a). Re-
sults indicate that RRT*-PDMPs successfully generate effective
trajectories for aerial manipulators in novel scenarios, ensuring
safe obstacle avoidance while minimizing energy consumption.
The authors in [39] presented a one-shot learning framework
for aerial manipulation that combined local features with task-
dependent knowledge to identify optimal contact points for UAV
interactions. Unlike traditional methods that depend exclusively
on handcrafted features or local geometric data, the proposed
approach incorporates intrinsic task-specific information, en-
hancing robustness and adaptability. The framework relies on
prior knowledge extracted directly from a single demonstration,
eliminating the need for extensive datasets. While this method
marks progress toward reliable aerial manipulation by integrat-
ing local geometric characteristics with task-aware strategies, it
also acknowledges the limitation: the necessity of developing
new models for each unique scenario.

Researchers have employed deep neural networks (DNN)
to enable UAVs to learn manipulation tasks through imitation
learning. These approaches involve constructing a DNN to learn
the mapping between observation data (typically images and
videos) and the robot control commands necessary to perform a
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Fig. 3. Typical examples of UAV manipulation based on imitation learn-
ing. (a) Two UAVs co-transport an object using the motion planning
algorithm RRT*-PDMPs [36] © [2018] IEEE. (b) The UAV robot performs
fruit-grasping tasks based on DNN model [40] © [2021] IEEE. (c) A
VR-based teleoperation system for aerial manipulation [41] © [2019]
IEEE. (d) The UAV performs multiple tasks using the IL framework
developed in [42].

task [43], [44]. Consequently, it requires collecting a substantial
dataset to train the DNN model effectively before deploying it
to an aerial robot. As shown in Fig. 3(b), Baraban et al. [40]
proposed an imitation learning network architecture tailored
for UAVs engaged in fruit grasping tasks, see Fig. 3(b). Their
network is trained based on the dataset collected from successful
executions of a baseline controller. Thus, it can imitate the
successes of the baseline while preventing its flaws. Compared
with the baseline, they add a prediction neural network to predict
the currently active task phase and the corresponding desired 3-D
poses of the robot, according to the input data which consists of
i) RGBD images of the tree, ii) segmented images containing
the information of the target fruit, and the estimated fruit pose.
In [44], a lightweight DNN-based imitation learning algorithm
was proposed for error recovery during human-provided direc-
tional corrections in UAV tasks.

Teleoperation is also an feasible approach for enabling UAVs
to imitate human behaviors, allowing them to perform specific
tasks through direct human control and demonstration [45]. As
the name implies, this approach, which can be viewed as a special
case of imitation learning, involves a human-in-the-loop setup,
where a human operator uses specialized teleoperation devices to
control an aerial robot and perform a specific manipulation task.
In [46], a bilateral teleoperation system was developed for aerial
manipulation in outdoor industrial inspection and maintenance
tasks. The Time-Domain Passivity Approach (TDPA) (e.g., [47])
was integrated into the system to ensure stability under nominal
communication time delays. Virtual reality (VR)-based teleop-
eration systems for UAV manipulation have been recently devel-
oped [48]. For example, as shown in Fig. 3(c), [41] developed
a VR-based UAV teleoperation setup based on the HTC VIVE

device and the VICON motion capture system, where the VR
trackers worn on the user’s arm and a tracking glove provide
vibrotactile feedback to the user, enabling more stable and robust
teleoperation. [49] built a virtual VR simulation environment in
Unity to increase the teleoperation experience of the user and
also created a simulation environment in Gazebo in which they
performed a pick-and-place task on the PX4 autopilot aerial
robot with their proposed teleoperation system. Mixed Reality
(MR)-based interfaces [50], [51] have recently been developed
to enhance the user experience during the teleoperation of aerial
robots by providing real-world scene feedback through MR
technology.

In [42], an end-effector-centric framework was developed to
enable versatile UAV manipulation, integrating two high-level
motion policy modules: 1) a teleoperation interface; and 2) a
DNN-based imitation learning module. The teleoperation in-
terface allows users to directly control the end-effector’s pose,
while the imitation learning module learns UAV autonomous
manipulation policies from demonstration data using the Ac-
tion Chunk with Transformer (ACT) model [52]. Their frame-
work represents a seamless integration of DNN-based and
teleoperation-based methods, effectively combining the advan-
tages of both sides. As shown in Fig. 3(d), their framework
enables the UAV to perform a variety of physical interaction
tasks.

Summary of IL-based AM: Trajectory-level imitation learning
methods allow an aerial robot to efficiently acquire manipulation
skills by training a lightweight model using a limited amount
of data. However, due to their reliance on supervised learning
techniques, these methods typically produce time-sequential ref-
erence trajectories with constrained adaptability. Consequently,
they often face challenges in achieving robust generalization
to new scenarios. DNN-based methods offer relatively better
generalization capabilities due to the enhanced information
encoding provided by DL models. In addition, these methods
can leverage multiple modalities to enhance the robot’s ma-
nipulation performance. However, they typically need a time
consuming process to gather a large amount of data and train an
effective DNN model to yield reliable motion control policies.
Teleoperation-based methods represent a low-autonomy control
paradigm in which an aerial robot’s actions are directly guided by
a human operator. This approach offers an intuitive and flexible
means of performing tasks and enables real-time correction of
motion errors. However, it inherently restricts the system’s au-
tonomy. In addition, it is challenging to offer adequate feedback
to the user, which may increase their workload. These methods
may also suffer from the time delay and communication issues.

B. Reinforcement Learning (RL)

RL has been a foundational approach in robotics for quite
some time [53], [54]. Robot manipulation performance has
significantly improved with the integration of RL, particularly
with the advancement of deep reinforcement learning (DRL).1

1For simplicity, the term “RL” is used to refer to both reinforcement learning
and deep reinforcement learning techniques throughout this article.
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Fig. 4. General diagram of using RL-based methods for AM.

This progress has led to numerous impressive achievements
within the robotics community. RL is also playing a pivotal role
in advancing aerial manipulation.

Fig. 4 illustrates the general framework of RL-based control
for aerial manipulation. The RL policy is initially trained in
a simulated environment and subsequently deployed for real-
world scenarios. In practice, at each control loop, the RL policy
outputs an action, such as the robot’s pose, based on environmen-
tal observations. This action is then passed through a low-level
controller to generate control commands for the aerial robot,
using state feedback from the robot.

Early Applications of RL in AM: Looking back ten years,
researchers had already begun using RL to address path planning
problems in aerial manipulation. [55] investigates the use of RL
for trajectory tracking in an aerial robot tasked with manipulating
suspended loads, as shown in Fig. 5(a). Specifically, the authors
propose a model-free method based on least-square policy iter-
ation [56] to solve the problem of tracking and controlling the
position of a suspended load that is critical to mission success.
The method enables quick learning of a policy function to
minimize the tracking error of the load with respect to the given
reference trajectory. The experiments show that their learned
policy allows the system to different types of trajectories includ-
ing simple straight lines and complex Lissajeou curves. In [57],
the authors presented a RL-based approach for manipulating and
transporting parts and assembling 3-D structures in a moderately
constrained and dynamic environment using an aerial robot. The
method involves learning the sequence of vehicle maneuvers, the
assembly order of parts, and selecting the appropriate structural
elements for each assembly point. A heuristic search algorithm is
integrated into the learning process to optimize the aerial robot’s
navigation path through the dynamic environment. The approach
is validated through real-world tests involving the construction
of a 3-D structure. Experimental results show that the method
enables the aerial robot to effectively learn optimal sequences
for both maneuvers and assembly, successfully overcoming the
structural and environmental constraints.

The authors in [58] introduced a self-reflective learning frame-
work for aerial manipulators, designed to safely adapt and
discover optimal policies in novel situations. The framework
operates in three stages: 1) detecting the presence of a new
situation; 2) reoptimizing the policy using RL; and 3) determin-
ing when self-reflection should conclude. When a new situation
arises, the approach employs the Approximate Value Iteration
(AVI) RL algorithm [59] to adjust the aerial manipulator’s policy
to better suit the new conditions. The method is tested in a
simulated object-transportation task, where results demonstrate
its effectiveness in reducing task failure rates.

Fig. 5. Examples of RL-based UAV manipulation in real-world sce-
narios. (a) Suspended load carrying [55]©[2013] IEEE. (b) Sliding
along surface [65]©[2022] IEEE. (c) Rock-and-walk [66]©[2022] IEEE.
(d) Opening a cabinet door [67]©[2023] IEEE. (e) Nonprehensile aerial
grasping [68]©[2024] IEEE.

Recent Advancements in RL for AM: Very recently, many
more RL-based methods for AM have been reported in the lit-
erature. In [60], authors focuses on developing a robust tracking
control strategy for aerial manipulators using Deep Determin-
istic Policy Gradient (DDPG) [61], to address the complexities
of aerial manipulators, such as dynamic coupling between the
aerial platform and the manipulator arm. Their method simplifies
the control of complex aerial manipulator systems with robust
tracking capabilities to handle disturbances and uncertainties
during operation. Additionally, by taking advantage of both RL
and robust controllers, the residue of interactive force/torque
after using DDPG is compensated to ensure stability and track-
ing performance. The authors in [62] proposed a trajectory
planning method based on a value function approximation-based
RL algorithm [63] to address the challenge of cable-suspended
load transportation using three quadrotors. The goal of trajec-
tory planning is to minimize load swinging while reaching the
target position as quickly as possible. In the RL framework, the
value function is approximated using a parameter vector and a
problem-specific feature vector. The parameter vector is updated
using a batch method, and a greedy strategy is then employed to
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generate the desired trajectory. Simulation results demonstrate
that the proposed method enables smooth transportation of the
suspended load from the starting location to various target
positions. The authors in [64] tackled the complex problem of
coordinating robotic systems, such as multiple UAVs, to per-
form joint perception-action tasks. Their proposed framework
consists of two hierarchical modules. The high-level decision-
making module develops a RL algorithm called multiagent
state-action-reward-time-state-action (MA-SARTSA) within a
multiagent partially observable semi-Markov decision process.
The low-level module integrates coordinated control and plan-
ning to provide probabilistic guarantees for action agents during
manipulation tasks.

In [65], the authors introduced an RL-based adaptive con-
trol approach for aerial surface-sliding tasks, as illustrated in
Fig. 5(b), based on the Proximal Policy Optimization (PPO) al-
gorithm [69]. Specifically, the gains of a conventional impedance
controller are dynamically tuned by a neural network policy
informed with proprioceptive data and tactile signals. The policy
is trained in a simulation environment with simplified actuator
dynamics using a student-teacher learning framework. To vali-
date its effectiveness, the proposed method is tested on a tilt-arm
omnidirectional aerial vehicle. By integrating data-driven tech-
niques with model-based control, the proposed method achieves
seamless transfer from simulation to real-world deployment
without an additional fine-tuning process. The success of this
sim-to-real transfer is attributed to incorporating feedback con-
trol during both the training phase and implementation. The
authors in [70] presented a RL-based method for trajectory
generation in quadrotor aggressive perching tasks. The trained
RL trajectory planner efficiently identifies a feasible path after
undergoing training in a simulation environment. A trajectory-
tracking controller is then employed to follow the RL-generated
path while ensuring the quadrotor’s stability. The proposed
approach is validated through real-world experiments, demon-
strating that the learned policy network responds effectively
to step changes and maintains stability during omnidirectional
autonomous aggressive perching, even under challenging initial
conditions. The authors in [66] employed RL to enable a robot
to perform rocking-and-walking tasks [Fig. 5(c)] by utilizing
the interaction between the object and its supporting surface, as
well as the natural influence of gravity. The authors present a
framework designed to develop a control policy for transporting
objects in a dynamic simulation environment that accounts for
both the object and the support surface. The effectiveness of
the approach is demonstrated through a series of simulated and
real-world experiments, where an aerial robot manipulates the
object using a nonprehensile way. The results reveal that the
robot, guided by the learned policy, can propel the object forward
with a consistent gait by managing its mechanical energy and
posture. Furthermore, the robot successfully navigates the object
through challenges such as terrain irregularities and external
disturbances.

Cuniato et al. [71] introduced an RL-driven approach to
train an end-to-end pose controller for an overactuated tiltrotor
platform, designed to handle significant external disturbances
and model discrepancies. During training, the agent is exposed

to various actuator model parameters and external perturbations,
enabling it to develop a robust control policy. This policy effec-
tively leverages the diverse motor dynamics of the platform and
maintains stable performance in flight scenarios involving shifts
in inertia or aerodynamic disturbances. Notably, the method
achieves this without relying on complex modeling efforts or
additional disturbance observation mechanisms. The authors
in [67] proposed to use RL to learn optimal reactive motion
behaviors for an omnidirectional micro aerial vehicle (OMAV)
to perform door-opening tasks, [see Fig. 5(d)]. Their policy
is first trained by PPO [69] in a simulation environment and
then transferred to a real-world OMAV setup. The RL model
takes a 19-D vector containing information about robot veloc-
ity, hook-to-door distance, body-to-door orientation, and door
angle as input, and outputs the desired position and rotation
commands. The experiment indicates that the learned policy is
more robust than the optimization-based Model Predictive Path
Integral (MPPI) controller, which was also developed for the
UAV door-opening task [72]. This robustness can be attributed
to domain randomization during RL training, which exposes the
policy to variations in initial conditions, sensor noise, and envi-
ronmental parameters, thereby improving tolerance to modeling
errors.

In [73], the authors presented a Q-learning approach for con-
trolling the trajectory of the end-effector of a 2-DoF robotic arm
mounted on a UAV. Specifically, the authors developed a motion
planning model based on Time to Collision (TTC) [74], allowing
a quadrotor UAV to navigate around obstacles while maintain-
ing the manipulator’s reachability. They further implemented
a model-based Q-learning algorithm (see e.g., [75]) to learn
the optimal joint torque sequence to independently track the
manipulator’s end-effector trajectory, given an arbitrary baseline
trajectory for the UAV platform. They verify their proposed
method in a trajectory-tracking task in simulation.

Lin et al. [76] introduced a method based on the Twin Delayed
Deep Deterministic Policy Gradient (TD3) algorithm [77] for
position control in a nonlinear two-quadrotor payload trans-
portation system. The primary objective is to achieve precise
cable-suspended payload delivery and system stabilization. The
approach begins with the development of a dynamic model for
the two-quadrotor-payload system. Using this model, a TD3-
based controller is designed by appropriately defining the reward
function, observation states, and action space. The effectiveness
of the proposed method is validated through simulation experi-
ments on a payload transportation task.

Focusing on scenarios where multiple UAVs must collaborate
to complete a shared task, this work [78] models each UAV
and its manipulator as an independent agent. It utilizes the
Multiagent Deep Deterministic Policy Gradient (MADDPG)
algorithm [79], an extension of DDPG, to achieve coordinated
navigation and load manipulation. The study tackles the problem
of navigating to grasping points in both targeted and flexible
settings, emphasizing the development of model-free policies
that do not depend on trajectory planners. To address the chal-
lenges posed by scenarios with a growing number of grasping
points, the framework incorporates demonstrations from the Op-
timal Reciprocal Collision Avoidance (ORCA) algorithm [80]
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to guide policy training and introduces two innovative enhance-
ments to the MADDPG structure. In addition, curriculum learn-
ing integrated with an attention mechanism is employed to trans-
fer knowledge from simpler tasks with fewer grasping points to
more complex scenarios. Experimental results demonstrate that
the proposed method outperforms baseline approaches such as
swarm optimization algorithms, achieving higher success rates,
particularly in scenarios with numerous grasping points. The
learned policies effectively enable UAVs to navigate to and hover
over all designated grasping points without collisions before
initiating manipulation tasks.

The authors in [81] focused on developing path-planning
techniques for space AM operating in microgravity. Using the
DDPG-based RL framework, the authors address challenges
unique to space robotics, such as dynamic coupling between
the manipulator and its base spacecraft, collision avoidance, and
noise in state observations. The study introduces a novel reward
function tailored to these requirements, utilizing quaternions for
orientation control instead of Euler angles to reduce pose mis-
alignment and dynamic singularities. The results demonstrate
the effectiveness of the method, showing improved convergence
rates, precision, and resilience under dynamic coupling and
observation noise. The authors in [82] developed a maneuvering
decision-making algorithm for UAVs utilizing the DDPG frame-
work combined with the Prioritized Experience Replay (PER)
algorithm [83]. The integration of PER enhances learning effi-
ciency and accelerates convergence by prioritizing the sampling
of more informative experiences during training. The proposed
algorithm was applied to an air-delivery task; however, its eval-
uation was conducted solely in simulation, without validation in
real-world scenarios. The authors in [68] presented a method for
achieving robust control and nonprehensile aerial manipulation
in unstructured environments using model-based DRL, as shown
in Fig. 5(e). Specifically, the approach leveraged the DreamerV3
algorithm [84] to simultaneously construct a world model of
the environment and optimize a policy for effective interaction.
The method is validated through an autonomous push task in
simulation, where a UAV engages in nonprehensile manipula-
tion of a target object, maintaining continuous contact with the
environment to accomplish the task. Experimental results show
that this approach exhibits greater robustness in environmental
interactions, such as manipulation through foliage and handling
occlusions, compared to previous methods.

Specialized RL Applications in AM: Some RL-based meth-
ods have been developed to address specialized challenges in
AM. In particular, [85] investigated the problem of identifying
weaknesses and safety vulnerabilities in deep control policies
for various robots, including AM systems. To address this, they
proposed an automated black-box testing framework based on
adversarial RL. Their experiments showed that the proposed
framework was able to uncover weaknesses in DNN-based UAV
control policies that were not apparent during standard online
testing. The authors in [86] introduced ARES, a novel variable-
level vulnerability assessment framework designed to uncover
deeper bugs by integrating cyber and physical perspectives.
ARES employs a RL-based approach to illustrate how attackers
can exploit memory vulnerabilities and parameter flaws within

legitimate memory views. It strategically crafts adversarial vari-
able values to compromise the safe operation of a UAV. Feng
et al. [87] presented an admittance-based framework that lever-
ages RL algorithms to develop an optimal policy for balancing
energy efficiency with trajectory tracking under external forces.
As a result, the UAV is capable of maintaining stable operation in
dynamic and uncertain environments involving external forces.
Their method was tested in a simulated environment with three
distinct external force scenarios, and further evaluations on
various UAV platforms and configurations of low-level control
parameters confirmed the superior performance.

Summary of RL-based AM: RL has shown remarkable
promise in enabling aerial robots to achieve dexterous manip-
ulation capabilities, a key advancement in robotic autonomy.
Traditional motion planning methods often struggle to address
complex aerial manipulation tasks such as (e.g., object grasping
and moving [66], load transportation [62], or nonprehensile ma-
nipulation [68]), where precise and adaptive control is essential.
However, RL offers a flexible approach by allowing the agent to
learn directly from interaction with the environment. Through
the trial-and-error mechanism, RL can enable aerial robots to
optimize their actions and strategies, overcoming the limitations
of predefined motion strategies.

More importantly, RL provides the unique advantage of en-
abling an agent to thoroughly explore a diverse task environment,
adjusting to various task conditions and environmental distur-
bances. By leveraging multiple modalities, such as vision, force
feedback, and proprioception, RL allows aerial robots to learn
more robust and adaptive manipulation skills that are less reliant
on static models or predefined rules. As a result, aerial robots can
acquire generalizable manipulation skills, empowering them to
perform a wide range of tasks across different scenarios with
minimal human intervention, thus significantly enhancing their
task autonomy.

Recent studies have explored the integration of imitation
learning and RL to accelerate the learning process (e.g., [82]).
Imitation learning, by leveraging expert demonstrations, can
provide a rich source of prior knowledge, helping the robot
bootstrap its learning and converge to effective policies more
quickly. When combined with demonstrated policies, this hybrid
approach allows for more efficient exploration and exploitation
of the task space, further improving the robot’s ability to perform
dexterous manipulation tasks in real-world environments.

Nevertheless, several complex challenges continue to impede
the progress of RL-based aerial manipulation. Although vari-
ous simulation platforms have been successfully developed for
different types of robots, there remains a significant gap in the
availability of robust and effective simulation platforms tailored
specifically for aerial manipulation, which require to adequately
account for the unique and intricate characteristics of aerial
robots, such as their complex aerodynamics and the interaction
between rotor forces and external disturbances. We note that
several RL-based methods mentioned above have only been
evaluated in simulated scenarios (see, e.g., [62], [73], and [82]),
without further implementation in the real world. This is due to
the fact that sim-to-real transfer presents a significant challenge
for RL-based methods, particularly in the context of AM. The
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Fig. 6. Examples of DL-based UAV manipulation: (a) Contact inspec-
tion [46]© [2018] IEEE. (b) Grasping an object [91]© [2018] IEEE.
(c) UAV-human handover [102]© [2022] IEEE.

dynamic environment in which aerial robots operate, character-
ized by factors such as wind and varying payloads, introduces an
additional layer of complexity that current simulation platforms
struggle to replicate accurately. This gap between simulation and
the real world further limits the development and practical ap-
plication of RL-based algorithms for AM. Moreover, large-scale
open-source benchmark tasks and baseline models could greatly
accelerate the advancement of RL in aerial robotics; however,
they are still lacking in the community. This will be further
discussed in more depth in Section V.

C. Deep Learning

Researchers began exploring the application of neural net-
work models to UAVs as early as twenty years ago [88]. Given
the limited capacity of NN models in the early stages, studies
primarily focused on basic tasks, such as maintaining hover.
With the advancement of deep learning (DL) technologies, more
complex UAV manipulation tasks have been explored in recent
years [16], [89], [90]. Typically, image-based object detection
is a prerequisite for UAV manipulation tasks. In [46], two DL
architectures were developed to enable UAVs to perform indus-
trial inspection and maintenance tasks [see Fig. 6(a)]: one for
UAV localization and another for crawler localization, allowing
the UAV to pick up and release the crawler as needed. In [91],
the well-known Single Shot Detection (SSD) algorithm [92] was
used as the object detection solution for a hexacopter equipped
with a 2-DoF robotic arm to perform grasping tasks, as shown
in Fig. 6(b). In their study, a stereo camera installed on the
hexacopter was employed to estimate the 3-D coordinates of the

target object relative to the UAV system using the SSD-based de-
tection method, then a sliding mode controller was implemented
to guide the UAV toward the target for grasping. The authors
in [93] open-sourced a soft robotic platform for autonomous
aerial manipulation in both indoor and outdoor environments,
which ingrates a DL-based pipeline for target object localization
and grasping.

In [94], the authors employed a MobileNet-based detec-
tor [95], which is a modified version of the SSD architecture,
to estimate the target’s location and distance, which are further
used to help the UAV to perform stable landing. The authors
in [96] reported a DL-based approach to enable UAVs to au-
tonomously perform object pick-and-place tasks in GPS-denied
environments. In this work, the authors developed a compu-
tationally efficient CNN-based DL model capable of unified
multitask visual perception, including instance-level detection,
segmentation, and tracking. Moreover, they developed a CNN
model to continuously monitor grasp state feedback, ensuring
robust operations by formulating UAV grasp state feedback as
an image classification problem.

In [40], a CNN was employed to encode both image data
and UAV state information, which is subsequently passed to a
classifier to predict the current sub-phase of the fruit-picking
task. [97] presented an interesting system for the cooperation
between a mobile manipulator and Micro Aerial Vehicle (MAV)
scouts, where the author utilized a monocular depth estimation
model [98] to generate dense depth map estimates from visual
imagery relayed by the MAVs, enabling visual-servoed explo-
ration for the guidance of mobile manipulation. The authors
in [99] developed a vision-based end-to-end landmark detection
system for MAVs, in which a Convolutional Neural Network
(CNN) model was designed to detect landmarks from images,
drawing on the principles of YOLO [100] and SqueezeNet [101]
architectures. Their experiments demonstrated that the proposed
CNN model exhibits strong robustness across various types of
landmarks and under different lighting conditions, both in indoor
and outdoor environments.

The authors in[103] proposed a learning-based extended
Kalman filter (EKF) to address the state estimation problem for
dual-arm tendon-driven aerial continuum manipulation systems
(ACMSs). They trained a DNN to learn the highly nonlinear
Jacobian of the system, which typically imposes a heavy com-
putational burden for real-time implementation. During runtime,
the Jacobian estimated by the DNN is subsequently integrated
into an EKF to obtain the ACMS states. [104] proposed an
autonomous control strategy for a UAV, enabling it to track
horizontal pipe structures while maintaining continuous contact.
In their approach, a custom-designed CNN model is developed
for pipe detection and feature extraction from image data. The
CNN’s output is then integrated into an EKF to fuse the visual
information with LIDAR sensor data, enhancing the system’s
perception performance for robust control. Based on the modi-
fied relay feedback test (MRFT) algorithm [105] and the DNN-
MRFT algorithm [106], [107] proposed a DNN-based noise-
tolerant approach, termed DNN with Noise-Protected MRFT
(DNN-NP-MRFT), for real-time system identification and para-
metric tuning in the visual servoing control of UAVs. [108]
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proposed using a DNN to model the feedforward term of a
nonlinear adaptive controller, enabling effective compensation
for both internal and external uncertainties in the UAVs system.

Human–UAV interaction and collaboration based on deep
learning techniques has also been explored in recent stud-
ies [109]. Typically, [110] developed an intuitive human–UAV
interaction interface, in which the UAV’s movements are con-
trolled based on the operator’s body pose, estimated by a NN
model using RGB-D camera data. Focusing on human-UAV
payload handover tasks, [102] developed a real-time human–
UAV interaction detection method based on a Long Short-Term
Memory (LSTM) neural network. Specifically, the LSTM model
is employed to recognize state patterns arising from human
interaction dynamics, using proprioceptive inputs such as IMU
and position sensor measurements. Furthermore, by leverag-
ing the DNN-MRFT algorithm [106], they enable the trained
model to generalize across various UAV platforms without the
need for fine-tuning. Their method was verified through mul-
tiple real-world human–UAV interaction scenarios, as shown
in Fig. 6(c). The authors in [111] investigated the problem
of adversarial attacks on DNN-enabled UAV systems. They
proposed an approach that simultaneously optimizes multiple
adversarial patches and their positions within input images.
Experimental results demonstrated that the proposed method
was able to successfully kidnap a UAV, misleading it away
from its intended task of following a human user, by exploiting
vulnerabilities in the DL-based model PULPFrontnet [112].

Summary of DL-based AM: DL-based methods for UAV
manipulation can be broadly categorized into two groups. The
first category involves using DL models for target detection, lo-
calization, or feature extraction from sensory data (see. e.g., [91],
[94], [97]), particularly images and videos. In this context, DL
models typically serve as the perception module of the systems,
providing essential environmental awareness that enables sub-
sequent high-level decision-making or low-level control. Many
computer vision (CV) algorithms have been adapted and ap-
plied to UAV platforms for this purpose. However, due to the
limited payload and onboard computational capacity of UAVs,
especially Micro Aerial Vehicles (MAVs) [97], [99], lightweight
models are often required, as conventional CV models tend to
demand large computational resources. In addition, DL has also
been applied to recognize human motion based on sensory data
collected from the user [102], [110]. This information is then
used to adapt the UAV’s motion policies accordingly, thereby
facilitating effective and intuitive human–UAV interactions.

The second category involves using DL models to estimate
highly nonlinear terms in the modeling or control of UAVs [103],
[104], [107]. These nonlinear components are often difficult
to accurately represent using traditional analytical techniques,
especially in complex and dynamic environments. DL models,
however, offer a powerful alternative due to their strong capabil-
ity to capture and approximate nonlinear relationships from data.
The learned models are typically integrated into state estimation
frameworks or control architectures, enabling more robust and
adaptive control performance for UAVs, even in the presence of
uncertainties and external disturbances.

D. Learning-Based Control for Aerial Manipulation

Learning control is a crucial area in the field of aerial robots.
Numerous learning-based controllers have been developed and
applied primarily for trajectory-tracking [113], fault-tolerant
control [107], [114], attitude control [115], and disturbance ob-
server [116]. For instance, [117] presented a hierarchical learn-
ing control framework that tackles the challenges of structural
complexity and dynamic interactions by employing separate
controllers for the flight platform and the manipulator. Specif-
ically, this work first focused on the design of a model-based
parametrized attitude controller for the flight platform, where
the torque exerted by the manipulator on the aerial platform is
regarded as a disturbance. Then, a radial basis functions neural
network (RBFNN) is utilized for estimation of the unknown
parameters in the controller. [118] developed an adaptive dy-
namic programming-based learning control approach for track-
ing control of a quadrotor UAV system under the presence of
time-varying and coupling uncertainties. NN was applied to
approximate the optimal control laws within this controller, and
the authors only evaluated their controller in simulations. The
authors in [119] proposed a type-2 fuzzy-neural networks (FNN)
based controller for UAVs to resist disturbances caused by the
robotic arm motion and wind gust. Their controller eliminates
the need for parameter tuning by continuously learning system
dynamics and disturbances online. Both simulation and real-
world experiments demonstrate improved tracking performance
compared to conventional PD and PID controllers. The authors
in [120] proposed the LAMDA (Learning Algorithm for Multi-
variable Data Analysis) control strategy for trajectory tracking
tasks and demonstrated that it achieves performance comparable
to other control methods, such as Inverse Dynamics and Sliding
Mode Control (SMC).

In [91] and [94], DL-based algorithms were employed for
target detection, and the detection results were subsequently in-
tegrated into a SMC or a fuzzy logic controller to enable UAVs to
perform grasping or landing operations. In [104], a CNN model
was employed for feature extraction from image data, followed
by information fusion through an EKF. The fused information
is then fed into a SMC to enable autonomous tracking control
of the UAV. Similarly, [103] proposed using a DNN model to
learn the Jacobian matrix of a dual-arm tendon-driven ACMS.
The learned Jacobian is then used for state estimation with EKF,
which is followed by a SMC for control execution.

The authors in[40] employed Model-Predictive Control
(MPC) for UAVs to perform picking tasks, using waypoints
generated by a learning architecture based on RGBD data. The
authors in [121] proposed a learning-based variable whole-body
MPC framework for agile aerial manipulation under strong wind
conditions. In their approach, the problem of estimating un-
known variables in MPC is formulated as a probabilistic policy
search, which is solved using the widely adopted the weighted
maximum likelihood and Expectation-Maximization (EM) algo-
rithm. In addition, online Gaussian Process Regression (GPR) is
employed to estimate disturbances caused by external environ-
mental factors. Experimental results demonstrated good stability
and robustness when operating in strong winds or under sudden
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wind disturbances. The authors in [122] proposed a DNN-based
controller, which was pre-trained using data generated from both
MPC and PID control strategies, to enable a UAV to dynamically
track a moving target.

Targeting pregrasp planning tasks for dual-arm aerial contin-
uum manipulation systems, [123] developed a learning-based
control scheme using neural networks to address the high com-
putational demands of processing system dynamics. In addi-
tion, they proposed a NN-based high-level planner for trajec-
tory optimization. The proposed methods were evaluated in
simulation for pre-grasping both fixed and moving objects.
In [124], an integrated antidisturbance backstepping control
framework was proposed for aerial manipulators, leveraging
adaptive NN to enhance system performance in complex and
dynamic environments. By combining a NN-based feedforward
compensation for coupling disturbances with real-time adaptive
feedback, the method effectively mitigates a wide range of in-
ternal and external disturbances commonly encountered during
aerial manipulation tasks. They verified the proposed controller
in both simulation and real-word dynamic tracking tasks, show-
ing superior performance compared with other three control
methods. The authors in [125] proposed embedding NN into
baseline Lyapunov-stable controllers, such as the Linear Active
Disturbance Rejection Controller (LADRC), for fully-actuated
flying platforms of aerial manipulation systems. In their formu-
lation, the control performance can be enhanced by updating the
controller parameters under Lyapunov stability conditions. The
effectiveness of the proposed method was validated through a
virtual grasping task. In [108], a learning-based RISE (Robust
Integral of the Sign of the Error) controller was proposed for
dual-arm UAV systems. Within their control framework, a DNN
model was trained to estimate the feedforward term of the
RISE controller by leveraging the universal approximation prop-
erty [126], thereby enhancing the system’s robustness against
parameter uncertainties and external disturbances. In addition,
the stability of the DNN-based RISE controller was rigorously
analyzed. The effectiveness of the proposed approach was val-
idated through various real-world tasks, including dual-arm
collaborative grasping and object delivery, as demonstrated in
Fig. 7(a). Very recently, [127] employed the SO-BFBEL (Self-
Organised Bidirectional Brain Emotional Learning) controller,
developed in [128] and based on fuzzy neural networks, to enable
UAVs to transport long objects.

Researchers have been advancing learning-based adaptive
control methods for UAVs to handle physical interaction tasks.
Notably, learning-based adaptive stiffness/impedance control
is one of the most commonly used techniques for enabling
compliant interactions between UAVs and their environments.
For example, [131] proposed an impedance control scheme for
UAVs performing contact-based surface inspection, where the
stiffness is learned (estimated) online to regulate the contact
force, thereby enhancing the robustness of the UAVs system.
The authors in [129] introduced an energy tank-based con-
trol algorithm to enable UAVs to perform physical interaction
tasks in uncertain dynamic environments, e.g., pushing a cart
as shown in Fig. 7(b). The impedance/force profiles in their
controller are learned and adapted online with passivity guar-
antee based on the energy tank concept, which has been widely

Fig. 7. Examples of learning-based control for UAV manipulation:
(c) Dual-arm collaborative grasping and delivery [108]. (b) Pushing
a cart [129]© [2022] IEEE. (c) Physical interaction with a white-
board [130]© [2023] IEEE.

applied in robotic manipulators. The authors in [65] used RL
to adapt the impedance control gains for optimal and compliant
UAV–environment interaction, by properly constructing a cost
function based on the distance between the end effector and the
surface.

Force control has been demonstrated to be crucial for enabling
UAVs to interact with the environment. [132], [133]. Adaptive
force control based on learning methods has also been explored
recently in this context. The authors in [134] proposed a force
control strategy based on iterative learning and applied it to a
UAV knot-tying task. In [130], an adaptive impedance control
strategy was developed for UAVs to maintain stable contact
forces with the environment, where environmental parameters,
including stiffness, are learned online and used to generate a ref-
erence position trajectory for the subsequent position controller.
Their method was validated in both simulation and real-world
scenarios, including physical interaction with a whiteboard
shown in Fig. 7(c).

Summary of learning-based control for AM: Learning-based
UAV control methods can generally be classified into the fol-
lowing three groups, as illustrated in Fig. 8.

1) The first group adopts a linear combination of a learning
module and a controller, where the output of the learning
module is used directly as the input to the controller.
Examples can be found in [40], [91], [94].

2) In the second group, the learning module is typically
employed to adapt or tune the key parameters of the
controller [135], and this strategy is often implemented in
learning-based adaptive impedance control for compliant
UAV manipulation [129], [131].
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Fig. 8. Graphical illustration of the three categories of learning-based
control methods: (a) the learning module and the controller are inte-
grated in a sequential (linear) manner; (b) the learning module is used
to adapt key variables within the control system; and (c) the learning
module is embedded as an integral part of the controller.

3) The third group integrates the learning module directly
into the controller itself [119], [125]. In this approach,
the learning module is used to estimate modeling errors
or unknown system dynamics, and the learned outputs are
leveraged to compensate for these uncertainties, enhanc-
ing the controller’s robustness and adaptability.

Learning-based control is an effective technique for enabling
UAVs to acquire robust manipulation capabilities. It offers
unique advantages in handling highly dynamic, nonlinear, and
uncertain environments compared to traditional control meth-
ods [118], [120], [124]. By leveraging learning techniques, the
system and interaction dynamics can be effectively modeled, a
task that is often difficult or even infeasible for conventional ap-
proaches, thereby significantly enhancing control performance.
Furthermore, it allows control policies to adapt to the envi-
ronment or to overcome external disturbances by learning key
parameters of the controllers and/or the UAV systems [121],
[129], [130]. Nevertheless, learning-based control methods, es-
pecially those based on DL and RL, often suffer from higher
computational and real-world implementation costs, as noted
in [136].

IV. SUMMARY OF LEARNING-BASED AERIAL MANIPULATION

TASKS

Table I provides a summary of typical UAV manipulation
tasks enabled by the aforementioned learning methods. As
mentioned above, these tasks can be generally grouped into
six main categories: 1) Grasping; 2) Pick-and-place; 3) Load
transportation; 4) Contact-rich tasks; 5) Contact-impact tasks;
and 6) Human–UAV interaction tasks.

We observe that DL has been widely used in UAV grasping
tasks. This is primarily because it is advantageous to localize
grasping targets using image data, leveraging well established

DNN models in the field of computer vision (CV). Picking-
and-placing tasks are generally more challenging than grasping
tasks, as they require not only accurate target localization but
also trajectory generalization to ensure successful object de-
livery, often involving obstacle avoidance. In this context, IL
and RL have been effectively used to generate appropriate UAV
trajectories. Most load transportation tasks are addressed using
RL-based methods, likely because RL is particularly well suited
for handling environmental uncertainties, such as variable wind
conditions, shifting payload dynamics and unstructured envi-
ronments. Furthermore, multiple UAVs are often employed to
cooperatively transport a single object. In contact-rich scenarios,
learning-based control methods play a vital role due to their
ability to ensure compliant interaction with the environment. In
comparison, contact-impact and human–UAV interaction tasks
have received relatively limited attention in the field, which
may be due to the complexity of the interactions and safety
concerns. Again, thanks to the advantages of DL-based methods
in environmental monitoring, they have been applied for contact
point localization and human state estimation, respectively, in
these two types of UAV tasks.

In summary, DL and IL/RL represent two complementary
approaches to AM. DL-based methods are typically employed
for perception and prediction tasks, such as object detection or
learning mappings from sensor inputs to control commands. In
contrast, IL and RL are primarily used for planning (including
both task planning and trajectory planning) and control (often
flight control). In particular, RL learns control policies (often
in an end-to-end manner) through interaction with the environ-
ment, making it especially well suited for AM tasks that require
sequential decision-making. Furthermore, LC is employed to
address the challenges of interaction control during AM.

In some studies, two or more learning techniques are com-
bined to enhance performance. For example, DL is first em-
ployed to identify the target’s position, followed by the use of
IL or DL to generate motion commands that guide the UAV
to the target and complete a specific task, as demonstrated
in [40] and [68]. Furthermore, both learning and control methods
are necessary to address contact-rich tasks, as discussed in
Section III-D.

The application of learning-based methods to UAV manipu-
lation has primarily emerged over the past five years, with most
current tasks involving a single UAV equipped with a single ma-
nipulator. Researchers have begun addressing more challenging
UAV manipulation problems, such as those involving multiagent
UAV systems, using learning techniques, which will be further
discussed in the following section.

V. DISCUSSIONS AND PERSPECTIVES ON LEARNING-BASED

AERIAL MANIPULATION

A. Learning With Multimodal Data

Learning from multimodal data has proven to be an effective
approach for training robust models by leveraging the advan-
tages of various modalities [137]. Most existing works on UAV
manipulation heavily rely on using images as input for location
recognition and feature extraction based on DL techniques.
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TABLE I
SUMMARY OF TYPICAL LEARNING-BASED AERIAL MANIPULATION TASKS

Learning from multimodal information to build reliable robotic
skill and task models has been extensively studied in other areas
of robotics [138]; however, it has been less explored in aerial
manipulation. Therefore, an important open question is how to
effectively leverage multimodal sensory data to enhance AM
performance.

Force and tactile signals play a crucial role in physical inter-
action tasks [139], providing complementary information that
vision alone often cannot sufficiently capture, such as contact
conditions, surface properties, and slip detection. Effectively
fusing these modalities with vision data through learning mod-
ules, such as DL and RL, can enable a better understanding of the
interaction dynamics, offering a promising solution to enhance
the adaptability, dexterity, and robustness of UAV manipulation.
This fusion allows the UAV to perform more complex and
delicate tasks in unstructured environments, such as grasping,
assembling, interacting with fragile objects or soft manipula-
tors [66], [93], [140], where purely vision-based learning strate-
gies often fall short.

Certain sensory data play a particularly critical role in spe-
cific UAV tasks [141], [142]. For example, ultrasound sensing
has been employed to enable UAVs to perform contact-based
inspection of structural assets, allowing for measurements and

evaluations that require physical interaction with surfaces [143],
[144], [145], [146]. Inertial Measurement Units (IMUs) are
critical for stabilizing the UAV systems during manipulation and
ensuring fine control of manipulators and tools by continuously
monitoring the UAV’s motion states and dynamics [147], [148].
Therefore, leveraging these modalities through learning-based
frameworks opens new possibilities for developing more robust
and reliable UAV manipulation skills.

Advanced multimodal learning techniques developed in
the field of computer science and widely applied in various
robotic manipulation scenarios, such as attention-based models
(e.g., Transformers [149], [150]), Generative Adversarial Net-
works (GANs) [151], and Multimodal Variational Autoencoders
(MVAEs) [152], can offer powerful tools for enhancing UAV
manipulation capabilities by effectively fusing heterogeneous
sensory inputs.

B. Learning Control-Aware Policies

Learning models typically focus on generating high-level
motion policies that guide robotic task execution, while con-
trol modules are responsible for handling low-level, hardware-
specific, and task-specific details, ensuring reliable interaction
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with the environment. However, without adequately incorporat-
ing control knowledge, such as system dynamics, compliance
mechanisms, and stability constraints, the learned policies often
suffer from reduced robustness and stability. To address these
challenges, integrating control priors and domain-specific rules
into learning frameworks has emerged as a promising direc-
tion [87], [153]. The “learning-meets-control” approach seam-
lessly integrates the adaptability and generalization of learning
systems with the reliability and precision of traditional control
methods, offering significant potential to enhance UAV manip-
ulation performance, particularly in complex physical contact
tasks where stability, safety, and trustworthiness are critical.

For example, learning control-structured output actions using
RL, rather than black-box end-to-end policies, can improve
the robustness and explainability of the robotic system while
providing safety guarantees, which has been validated in various
robotic manipulation scenarios including AM [87], [154], [155].
Another typical example is the integration of DNN-based offline
learning with model-based control for robotic online adapta-
tion to dynamic environments, as illustrated in Fig. 8(c). In
this approach, an offline learning process is first employed to
model highly nonlinear dynamics, including interaction [156],
environmental, or internal system dynamics [108]. A controller
is then applied using the learned models to enable the robot to
stably adapt to given tasks.

C. Generalizable Aerial Manipulation

Generalizing learned policies across diverse task conditions
is pivotal for advancing the manipulation capabilities of UAVs.
For the aforementioned manipulation tasks, such as grasping,
transportation, inspection, and assembly, UAVs often operate
under diverse and dynamic conditions. These include variations
in object properties (e.g., shape, size, weight, and hardness),
task requirements (e.g., positioning accuracy and target loca-
tions), and environmental factors (e.g., wind and lighting). This
capability could largely enhance the efficiency and scalability
of task execution in real-world applications. The challenge
lies in developing generalizable AM skills that allow UAVs to
adapt efficiently to new task scenarios without requiring time-
consuming and resource-intensive retraining for each specific
case.

RL has played a pivotal role in enhancing the generaliza-
tion capabilities of robotic systems by enabling them to learn
adaptable motion policies through trial-and-error interactions
across diverse environments, resulting in robust models capable
of handling environmental uncertainties. Techniques such as
Domain Randomization [157] and Digital Twins [158], [159] are
often employed in RL to bridge the sim-to-real gap, enabling the
effective transfer of models trained in simulation to real-world
scenarios by thoroughly interacting with diverse and realistic
variations during training. As discussed in Section III-B, one
of the main challenges facing RL-based UAV manipulation is
the absence of high-fidelity simulators tailored to UAV systems,
as well as a lack of well-defined benchmark tasks to evaluate
and compare performance. Multiple UAV simulators have been
developed by the research community, including RotorS [160],

AirSim [161], Flightmare [162], RotorTM [163], and Fast-
Sim [164], and the simulator for Integrated Aerial Platforms
(IAPs) [165]. For a comprehensive overview of UAV simulators,
we refer readers to the survey in [166]. Despite these advance-
ments, there is still a notable absence of simulators that are both
highly compatible with RL (particularly DRL) and capable of
accurately modeling contact-rich AM tasks. The recently devel-
oped Aerial Gym simulator [167], built on the NVIDIA Isaac
Gym [168], represents a promising solution to this challenge
by offering high-performance simulation capabilities that are
well-suited for DRL.

In addition to RL-based methods, alternative learning
paradigms such as Action Chunk with Transformer (ACT)
model [42], [52], Diffusion Policy [169], and large pre-trained
models including Vision Language Models (VLM) [170] and
Large Language Models (LLM) [171], present promising av-
enues for UAV manipulation. These approaches have already
demonstrated impressive generalization capabilities in a range of
robotic manipulation tasks and offer strong potential to enhance
adaptability in aerial robotic applications. This emerging direc-
tion is expected to receive increased attention and exploration
in the near future.

D. Learning for Multiagent Cooperative Manipulation

Multiagent UAV cooperative manipulation usually offers
several advantages over single-UAV systems in some specific
scenarios, including increased payload capacity and stability
during transportation, greater flexibility in task allocation, and
improved robustness through redundancy control and task co-
ordination. Several types of UAV cooperative systems have
been developed, including: 1) single UAVs equipped with mul-
tiple manipulators to increase manipulation dexterity and task
coverage [103], [108], [123], [145], [175]; 2) multiple UAVs
working in a coordinated manner to share tasks or handle larger
payloads [11], [36], [78], [172], [176], [177]; 3) heteroge-
neous systems involving UAVs collaborating with other types
of robots, such as mobile robots [97], [178], [179], unmanned
surface vehicles (USV) [173], or unmanned ground vehicles
(UGVs) [180], to leverage complementary capabilities; and 4)
human–UAV cooperation systems [102], [110], [174], where
UAVs assist or collaborate directly with human operators in
complex tasks. Several examples of the four multiagent UAV
manipulation systems are shown in Fig. 9.

Learning cooperative motion policies for multiagent UAV
systems is inherently challenging due to factors such as dynamic
coordination requirements, communication constraints, and the
heterogeneous nature of the agents involved. The complexity fur-
ther increases when human users are incorporated into the loop.
Nevertheless, methods based on multiagent learning [78], [177],
multitask learning [181], and distributed learning and optimiza-
tion paradigms [182], [183] have been explored. These studies
have demonstrated feasible solutions to this challenge; however,
significant research efforts are still needed to achieve more
advanced performance in multiagent co-manipulation tasks. In
human–UAV cooperation systems, it is crucial to account for
the human user’s state and motion intent to ensure effective
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Fig. 9. Examples of multiagent UAV cooperative manipulation.
(a) A UAV equipped with multiple manipulators [145]. (b) Two UAV robots
co-carry an object [172]© [2018] IEEE. (c) USV-UAV cooperation [173]©
[2024] IEEE. (d) Human–UAV cooperative transportation [174]© [2024]
IEEE.

interaction and collaboration. This involves accurately inter-
preting cues such as body posture, gestures, and physiological
signals using, for example, DL techniques [184], and integrating
the information into the UAV’s decision-making and control
processes.

VI. CONCLUSION

This article provides a focused review of recent advancements
in AM using learning-based approaches, along with the corre-
sponding AM tasks enabled by these methods, which are built
upon four main types of learning techniques: IL, RL, DL, and
LC. Despite these achievements, learning-based methods often
face challenges that stem from general limitations of learning
models or arise from the unique demands of aerial robotic
applications. For example, training highly robust RL models and
generalizing them to diverse real-world environments remains
challenging, largely due to the limited availability of simulators
specifically tailored for AM.

Looking ahead, several key aspects require attention to ad-
vance learning-based AM. In particular, the representation of
AM skills and tasks should be learned from multimodal sensory
data; control-aware manipulation policies must be developed,
especially for scenarios involving physical contact; task auton-
omy should be improved by learning generalizable AM policies;
and the ability to learn multiagent cooperative behaviors is
essential for tackling more complex scenarios. To summarize,
learning-based methods are accelerating the application of aerial
robotics in the real world.
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