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Proximal cooperative aerial manipulation 
with vertically stacked drones

Huazi Cao1,2, Jiahao Shen1, Yin Zhang1, Zheng Fu1, Cunjia Liu3, Sihao Sun4 & Shiyu Zhao1,5 ✉

Enabling vertical-stack proximal cooperation between multirotor flying robots can 
facilitate the execution of complex aerial manipulation tasks. However, vertical- 
stack proximal flight is commonly regarded as a dangerous condition that should be 
avoided because of persistent and intense downwash interference generated between 
flying robots1,2. Here we propose a cooperative aerial manipulation system, called 
FlyingToolbox, that can work stably with sub-centimetre-level docking accuracy 
under vertical-stack flight conditions. The system consists of a toolbox micro-aerial 
vehicle (MAV) and a manipulator MAV. The robotic arm of the manipulator MAV can 
autonomously dock with a tool carried by the toolbox MAV, in which the docking 
accuracy reaches 0.80 ± 0.33 cm in the presence of downwash airflow of up to 
13.18 m s−1. By enabling midair tool exchange in proximity, FlyingToolbox resolves  
the paradox between flight proximity and manipulation accuracy, suggesting a  
new model for heterogeneous and interactive flying robot cooperation in diverse 
applications3–5.

Aerial manipulators, which combine the mobility of multirotor 
micro-aerial vehicles (MAVs) with the dexterity of robotic arms, offer 
rapid and precise manipulation at hard-to-reach locations3,6–8. They 
have demonstrated promising potential in various tasks, including 
aerial pick-and-place9–11, contact-based inspection and repair12–15, aer-
ial additive manufacturing16,17, peg-in-hole assembly18,19 and object 
manipulation20–22. However, complex aerial manipulation tasks often 
require versatile tools or materials, making single aerial robots inca-
pable because of their restricted payload. A promising solution to 
overcome this limitation is through cooperation between multiple 
heterogeneous aerial robots, in which different robots carry payloads of 
versatile abilities. For instance, one aerial robot carries tools necessary 
for a task and hands them over to another aerial robot one at a time to 
perform a series of dedicated operations—much like a theatre nurse 
passing tools to the surgeon during a complex surgical procedure. This 
cooperation allows each aerial robot to specialize in its role, ensuring 
seamless task execution while reducing downtime and resource use. 
The cooperation can be extended to other applications, such as aerial 
battery replacement and material replenishment, providing solutions 
for complex aerial manipulation tasks.

Despite the appealing concept, these cooperative aerial systems face 
a paradox between flight proximity and manipulation accuracy. On 
the one hand, vertical-stack proximal flight is essential for two aerial 
robots exchanging payloads in the air. On the other hand, such a flight 
condition generates persistent and intense downwash interference that 
can greatly downgrade control accuracy, increasing the likelihood of 
task failure. Existing aerial swarming systems typically treat these flight 
conditions as dangerous and deliberately avoid them4,23–26. Although 
vertical-stack flight appears in aerial landing27–30, aerial hanging31 and 
swarming flight1,32–34, these flight conditions are short-lived, and these 

tasks do not require precise aerial manipulation. Furthermore, tasks 
such as cooperative transportation5,35–39, material delivery40–43 and aerial 
assembly44–46 involve physical interactions between MAVs, but they do 
not involve vertical-stack flight with aerial manipulation.

Here we propose a cooperative aerial manipulation system called 
FlyingToolbox that consists of a toolbox MAV and a manipulator MAV 
(Fig. 1a). The toolbox MAV carries a toolbox that contains a set of 
end-effector tools for dedicated tasks such as grasping, cutting and 
inspection. The manipulator MAV flies above the toolbox MAV and can 
autonomously dock with any tool using its robotic arm. After complet-
ing a manipulation task, the manipulator MAV can return the tool to 
the toolbox MAV or switch to another to perform a different task. The 
autonomy of the system is realized by having all necessary perception, 
estimation and control functions onboard. To ensure successful dock-
ing, the horizontal displacement between the bottom of the robotic arm 
and the top of a tool must be less than 1.5 cm. However, as the vertical 
distance between the two MAVs may reach as close as 0.6 m during aerial 
docking, intense downwash airflow up to 13.18 m s−1 can be generated 
and hence substantially downgrade the control performance.

To address these challenges, we designed three core modules: (1) 
compliant electromagnetic docking mechanisms; (2) airflow distur-
bance estimation and compensation methods; and (3) high-accuracy 
docking and manipulation control techniques. These modules enable 
high-accuracy aerial docking under conditions of persistent down-
wash interference. Specifically, 20 consecutive docking experiments 
demonstrate the high robustness of the system and quantify a docking 
accuracy of 0.80 ± 0.33 cm (mean ± s.d.). This sub-centimetre accuracy 
represents a substantial improvement over the accuracy (6–8 cm) of 
existing aerial docking systems without robotic arm compensation2,31. 
It is also comparable to the state-of-the-art accuracy (0.7–1.29 cm) of 
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Fig. 1 | Hardware system. a, The system consists of a toolbox MAV and a 
manipulator MAV. The toolbox MAV consists of a hexacopter and a toolbox. 
The manipulator MAV consists of a quadcopter and a delta robotic arm.  
b, The docking mechanism. The top of a tool and the bottom of the robotic arm 
can be attracted by an iron plate and a wirelessly controlled electromagnet.  
A soft mechanism, in which elastic tethers connect the tool to its placement 
ring, ensures a high success rate of docking even when the relative pitch angle 

between the two MAVs is as large as 8 degrees. c, We designed six tools for the 
FlyingToolbox system: a two-finger rigid gripper, a three-finger soft gripper,  
a scissors tool, an electromagnet tool, a water quality detector and a glue 
dispenser. d, An illustration of the docking procedure, in which the soft docking 
mechanism ensures successful docking although the bottom of the robotic arm 
is non-parallel to the top surface of the tool.
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single-MAV manipulation with robotic arm compensation18, despite 
our system addressing more challenging aerodynamic coupling effects 
arising from two MAVs flying in close proximity. Furthermore, it is 
demonstrated that multiple manipulator MAVs can reliably perform 
complex, multi-stage aerial manipulation through sequential tool 
switching using the toolbox MAV. By resolving the paradox between 
flight proximity and manipulation accuracy, FlyingToolbox suggests an 
unprecedented model that may open up new possibilities for complex 
aerial tasks in diverse applications.

Hardware system
The FlyingToolbox system consists of three hardware components: 
a toolbox MAV, a manipulator MAV and a docking mechanism (Fig. 1 
and Extended Data Fig. 1).

The toolbox MAV consists of a hexacopter with a 1.02 m motor-to- 
motor distance and a specially designed toolbox (Fig. 1a and Extended 
Data Fig. 1a). The toolbox has four circular tool slots, each with a 
diameter of 0.12 m. We developed six end-effector tools with distinct 

functions, including rigid and soft grasping, cutting, magnetic attrac-
tion, liquid inspection and adhesive spraying (Fig. 1b,c). The manipu-
lator MAV consists of a quadcopter with a 0.65 m motor-to-motor 
distance and a delta robotic arm (Fig. 1a and Extended Data Fig. 1a). 
The delta arm, controlled by three servos, enables three degrees of 
translational freedom at its bottom. The manipulator MAV is addition-
ally equipped with a downward-looking vision system that can provide 
relative positioning during aerial docking (Extended Data Fig. 2).

The design of the docking mechanism directly affects the success rate 
of aerial docking. At the bottom of the robotic arm of the manipulator 
MAV is a conical recess containing an iron plate (Fig. 1b and Extended 
Data Fig. 1b). On top of each tool is a conical protrusion with an electro-
magnet (Extended Data Fig. 1c). When the electromagnet and iron plate 
attract each other, they generate an attraction force of 80 N, thereby 
linking the tool to the robotic arm. Each tool is additionally equipped 
with a wireless controller and a battery, allowing the electromagnet to 
be wirelessly activated or deactivated.

The relative attitude between the bottom of the robotic arm and the 
top of the tool also affects docking success. A large angle between the 
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neural network is inspired by a physics-based analytical model. The estimated 
downwash force and velocity are further used to estimate the disturbance torque. 

The control of the toolbox MAV incorporates the estimated force and torque to 
counter the downwash airflow. The control of the manipulator MAV consists of 
high-level reference generation and low-level flight control. Details are given in 
the Methods.
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two contact surfaces of the iron plate and the electromagnet prevents 
proper magnetic attraction between them. Experiments showed that 
docking can be stably achieved when the angle is less than 2°. However, 
the relative pitch angle between the two MAVs typically varies up to 5°. 
To address this challenge, we designed a soft mechanism in which elastic 
tethers are used to connect the tool to its placement ring (Fig. 1b). This 
mechanism allows the electromagnet to passively adjust its attitude 
when pressed by the bottom of the robotic arm, exhibiting compli-
ance and ensuring proper magnetic attachment. It can also avoid rigid 
impacts between the bottom of the robotic arm and the top of the tool 
in the presence of control errors, thereby enhancing operational safety. 
Experimental results indicated that the soft mechanism ensures suc-
cessful docking even when the relative angle is as large as 8°, effectively 
accommodating the attitude variations between the MAVs (Fig. 1d).

The relative position control between the bottom of the robotic arm 
and the top of the tool is essential for successful docking. The maximum 
allowable horizontal position error is 1.5 cm, determined by the radius 
of the conical recess of the robotic arm and the conical protrusion of the 
tool. Vertically, to ensure successful magnetic attraction, the robotic 
arm applies slight downward pressure on the tool when docking, but 
this downward distance should be precisely controlled within a margin 
of 1.5 cm to avoid a clash. To meet the high-accuracy requirement, we 
developed a series of estimation and control modules as detailed below.

Estimation and control
During aerial docking, the toolbox MAV hovers at a designated posi-
tion. The manipulator MAV moves to a position about 1 m above the 
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Fig. 3 | Estimation datasets and results. a, An anemometer was used to collect 
the airflow velocity measurement dataset at different positions beneath the 
manipulator MAV. b, A visualization of the airflow velocity field model that was 
fitted using the velocity measurement dataset shown in d. c, The measurement 
datasets were collected when the toolbox MAV hovers and the manipulator 
MAV moved along different trajectories within a cylindrical region of 1.2 m 
radius, at different heights of 0.7 m, 1.1 m, 1.5 m, 2.1 m and 2.5 m above the 

toolbox MAV. d, The collected velocity measurements at different heights  
and the fitted results. The error bars represent the standard deviation.  
e, Verification results of the trained force estimation model. The proposed 
model achieves an average estimation error of 2.1 N with a standard deviation 
of 0.31 N. The ablation study showed that inputting both relative position and 
downwash velocity to the neural network improves estimation accuracy.



Nature  |  www.nature.com  |  5

Pick up object Place object Release rigid gripper Return to initial con�guration  

Cut  rope

Pick up object

Cut  rope

Pick up object

Place object

b

Initial con�guration Cut ropeMount scissors Switch to rigid gripper 1 2 3

4 5 6 7

d

a

End-effector tracking in stage 1

End-effector tracking in stage 2

c

1

32

4

5

6

7

1

7

e

0 5 10 15
–0.15

–0.10

–0.05

0

Time (s)

30 35
–0.10

–0.05

0

0 5 10 15

–2.4

–2.1

–1.8

–1.5

Time (s)

0 5 10 15

0.92

0.96

x en
d
 (m

)
x en

d
 (m

)

y en
d
 (m

)
y en

d
 (m

)

z en
d
 (m

)
z en

d
 (m

)

Time (s)

30 35
–1.15

–1.10

–1.05

Time (s) Time (s) Time (s)

1.5
2.3

Toolbox MAV Manipulator MAV

0

2

4

6

8

10

Tr
ac

ki
ng

 e
rr

or
 (c

m
)

30 35
–2.4

–2.2

–2.0

–1.8
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a, The complete procedure. Starting from an initial location, the manipulator 
MAV firstly mounted a scissors tool; secondly cut a rope; thirdly released the 
scissors tool and switched to a rigid gripper; fourthly picked up an object from 
the right pillar; fifthly placed the object on the left pillar; sixthly released the 
gripper tool; and seventhly flew back to a desired location. b, Snapshots of 

object manipulation during the task. c, Snapshots of the FlyingToolbox system 
during the task. d, The median values of the position tracking errors of the 
toolbox and manipulator MAV bases across the entire experiment are 1.5 cm 
and 2.3 cm, respectively. e, The curves of the end-effector position control in 
two representative stages. Dotted and solid curves represent reference and 
actual values, respectively.
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toolbox MAV and then descends at a speed of approximately 0.1 m s−1 
until its robotic arm is able to reach a tool. Throughout this process, an 
onboard vision system on the manipulator MAV provides 50 Hz rela-
tive position measurement by recognizing the QR code array on the 
toolbox MAV (Extended Data Fig. 2). The average positioning error of 

the onboard vision system is 0.48 cm (Extended Data Fig. 2d), which 
is sufficient to support high-accuracy docking control.

During the docking process, the propellers of the manipulator MAV 
generate persistent and intense downwash disturbances on the toolbox 
MAV underneath. For instance, when the vertical distance between the 
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consecutive docking processes. a, Snapshots of the 20 docking processes. 
The complete experimental procedure is shown in Supplementary Video 3.  
b, Tracking errors in three directions of the 20 docking processes (grey curves). 
The initiation time of each docking process is defined by the issuance of the 
docking command, whereas the completion time is marked by the fly-up 
command. The duration of the 20 docking processes ranges from 12.56 s to 
16.72 s, with an average duration of 14.57 s. The plots align all error curves based 

on their initiation times. By considering the absolute errors during the final two 
seconds of each docking process, we obtained the average docking errors in 
the x-, y- and z-directions across the 20 trials as 0.42 cm, 0.32 cm and 0.45 cm, 
respectively. The overall average docking error in three directions was 0.80 cm 
and the standard deviation was 0.33 cm. The maximum instantaneous error 
caused by strong airflow disturbances during the final 2 s across all docking 
trials was 1.98 cm.
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two MAVs is 0.6 m, the downwash speed can reach 13.18 m s−1, exerting 
an unsettled disturbance up to 24.9 N, which is 40.2% of the weight of 
the toolbox MAV (6.32 kg). To counter the downwash airflow, it is impor-
tant to estimate and then compensate for the induced disturbance force 
and torque. Here, we model the downwash velocity field as a Gaussian 
profile, which enables the prediction of airflow velocities at arbitrary 
positions below the manipulator MAV (Fig. 2 and Methods). The airflow 
velocity prediction is further used to estimate the disturbance force 
and torque. Specifically, the disturbance force is estimated through a 
multilayer perceptron (MLP), whose inputs include the relative hori-
zontal and vertical distances between the manipulator and toolbox 
MAVs, along with the Gaussian-predicted airflow velocities at all six 
rotor locations of the toolbox MAV (Fig. 2). The design of the inputs of 
the neural network is inspired by a physics-based analytical model, as 
detailed in the Methods. The proposed method incorporates airflow 
velocities as additional inputs to the neural network estimator in con-
trast to existing methods1,27. As the airflow velocity model integrates 
aerodynamic principles with real-world velocity sensing data, it can 
provide rich information to enhance estimation accuracy. Furthermore, 
the estimated disturbance force and the downwash velocity are used 
to estimate the disturbance torque (Fig. 2 and Methods).

The effectiveness of the proposed estimation method was verified 
on seven docking trajectory datasets (Fig. 3e). The median of the aver-
age disturbance estimation errors is 2.1 N, corresponding to a 10.5% 
relative error against a typical 20 N disturbance force. An ablation 
study showed that incorporating both relative distance and downwash 
velocity information can improve the estimation accuracy by 19.2% 
compared with using only relative distance information, and by 30.0% 
compared with using only downwash velocity information (Fig. 3e).

The control of the manipulator MAV consists of two modules: 
high-level reference generation and low-level flight control. The goal 
of the reference generation is to guide the MAV base to a desired posi-
tion above the toolbox MAV, and in the meantime, the end-effector 
reaches its desired position (Methods). The control of the toolbox MAV 
incorporates the estimated disturbance forces and torques (Methods) 
to counter downwash airflow so that the toolbox MAV can maintain 
a stationary position during docking. Experiments showed that the 
proposed controller works effectively (Extended Data Fig. 3a) and 
outperforms a PX4 open-source flight controller and the proposed 
controller without disturbance compensation, in terms of position 
error and settling time (Extended Data Fig. 3b). For instance, the median 
of the average height errors across trials is 0.7 cm for the proposed 
controller, compared with 12.3 cm and 3.2 cm for the other two con-
trollers (Extended Data Fig. 3b). Ablation studies also showed that the 
compensation of disturbance torque markedly improves the horizontal 
position accuracy of the toolbox MAV by reducing the maximum error 
in the y-direction from 11.9 cm to 4.8 cm (Extended Data Fig. 3c).

Demonstrations
Figure 4 exhibits the complete procedure of a cooperative manipulation 
task where one manipulator MAV conducts multi-stage manipulation 
tasks with the support of a toolbox MAV fully autonomously. In this task, 
the manipulator MAV first mounted a scissors tool and cut a string using 
the scissors. Subsequently, it released the scissors tool and switched 
to a gripper tool, which was then used to pick up and place an object 
from one location to another. The complete procedure is shown in 
Supplementary Video 1. The aerial docking between the manipulator 
and toolbox MAVs was based on onboard vision sensing, whereas object 
manipulation was based on an indoor positioning system.

A more complex experiment in which two manipulator MAVs 
(denoted as M1 and M2) collaborate with one toolbox MAV to perform 
multi-stage manipulation tasks fully autonomously was conducted. 
As shown in Extended Data Fig. 4 and Supplementary Video 2, M1 first 
docked with an electromagnet tool, picked up the iron plate from the 

right pillar and placed it on the middle pillar. M2 first docked with a 
soft gripper tool, picked up the ball from the left pillar and eventually 
stacked the ball on the iron plate that had been placed on the mid-
dle pillar. As the experimental space was confined, the three flying 
MAVs generated highly dynamic airflow in the field, as evidenced by 
the movement of the window curtains and red ribbons in the videos. 
These experiments demonstrate the robustness and versatility of Fly-
ingToolbox for complex multi-stage aerial tasks.

To further demonstrate the high accuracy and repeatability of Fly-
ingToolbox, we conducted an experiment of 20 consecutive docking 
operations, which comprised 10 pick-ups and 10 returns (Fig. 5 and 
Supplementary Video 3). The primary challenge of this experiment 
lies in the repeated retrieval and return of the same tool, as any minor 
inaccuracy during the return phase in one docking trial could compro-
mise the success of the subsequent pick-up. The average error of the 20 
docking trials is 0.80 cm with the standard deviation as 0.33 cm. This 
sub-centimetre accuracy represents a substantial improvement over the 
6–8 cm accuracy for docking systems without robotic arm compensa-
tion2,31, whereas matching the state-of-the-art accuracy (0.7 ± 0.36 cm) 
for setpoint control tasks achieved with robotic arm compensation 
(table VI of ref. 18). While the toolbox MAV maintained a hovering state 
in the demonstrations presented earlier, we further challenged the 
system by considering a more complex aerial-docking-in-motion task, 
in which the toolbox MAV was in motion and the manipulator MAV 
successfully performed aerial docking to retrieve a tool, as shown in 
Extended Data Fig. 5 and Supplementary Video 4. This demonstration 
showcases the potential of the proposed system in more demanding 
scenarios, expanding the boundaries of its abilities.

Discussion
The FlyingToolbox system achieves physically interactive and 
high-accuracy aerial docking in the presence of persistent airflow inter-
ference. The accuracy, robustness and versatility of the system make 
it a potential solution for a wide range of real-world tasks. We believe 
that it may inspire the community to develop complex cooperative 
aerial manipulation systems, for example, for battery replacement and 
material replenishment, substantially expanding the abilities of aerial 
manipulators. FlyingToolbox has the following limitations that may 
be overcome in the future. First, although vision sensing was used for 
relative positioning during the docking process, an external position-
ing system was also used to navigate the MAVs for object manipulation 
tasks. Environmental mapping and object detection47,48 may be inte-
grated to achieve fully autonomous navigation for aerial manipulation 
in the future. Second, the robotic arm adopted by the manipulator MAV 
is a delta arm, which only has three degrees of translational freedom. 
It can be replaced by a multi-joint serial robotic arm49 that has more 
degrees of freedom to adapt to more complex manipulation tasks.
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Methods

Downwash velocity estimation
The rotors of the manipulator MAV, due to their rapid spinning, create 
a downwash field beneath. The velocity field of the downwash airflow 
can be represented by a Gaussian profile50,51:

v h k k h( ) = − , (1)A,max a,1 a,2

v r h v h
r k

k k h
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1
2

−
+

, (2)A A,max
a,3

a,4 a,5

2






















where r, h > 0 are, respectively, the horizontal distance and vertical 
distance between the centre of the toolbox MAV and the centre of the 
manipulator MAV. During aerial docking, r and h are obtained through 
the onboard vision sensing system. Here, v h( ) ∈A,max R is the maximum 
airflow velocity at h, and Rv r h( , ) ∈A  is the airflow velocity at position 
(r, h). To determine the parameters of the Gaussian profile, k{ }i ia, =1

5 , we 
used an anemometer to measure the airflow velocity at 44 different 
positions underneath the manipulator MAV (Fig. 3a,d). The param-
eters were then determined by solving the following optimization 
problem:

∼∑ v r h vmin ( ( , ) − ) , (3)
k i

n

i i i
{ } =1

A A,
2

i ia, =1
5

A

where ri, hi, and v iA,
∼  represent the horizontal distance, vertical distance 

and measured airflow velocity in the ith observation, respectively, and 
nA denotes the total number of measurements.

Downwash force and torque estimation
As the downwash flow field generated by a multirotor MAV adheres to 
the quasi-steady-state assumption during low-velocity operations52,53, 
an MLP can effectively model the downwash-induced disturbance force 
as a nonlinear function. The neural network consists of two hidden 
layers, each containing 50 nodes with the activation function as ReLU.  
A mean squared error loss function and the Adam optimizer with a learn-
ing rate of 0.001 were used for training. The number of training epochs 
was 1,000. The output of the neural network is the one-dimensional 
estimated magnitude of the disturbance force. The design of the input 
of the neural network is inspired by the following analysis.

The thrust generated by the ith propeller of the toolbox MAV is 
Rf c v ω= ( ) ∈i i ip A,

2  (ref. 54), where vA,i is the airflow velocity above the 
propeller, cp(vA,i) > 0 is the thrust coefficient of the propeller, which is 
a function of vA,i, and ωi is the spinning speed of the propeller. In the 
absence of downwash disturbances, the thrust is f c ω= (0)i ip

2 where 
vA,i = 0. Hence, the disturbance force experienced by the rotors of the 
toolbox MAV can be expressed as f c v c ω= ∑ [ ( ) − (0)] ∈r i

n
i iD, =1 p A, p

2r R, 
where nr is the number of rotors on the toolbox MAV (here nr = 6). The 
first-order Taylor expansion of cp(vA,i) yields cp(vA,i) ≈ cp(0) + bvvA,i, where 

Rb c v= ∂ /∂ ∈v ip A, . Then, fD,r becomes

∑f b v ω= . (4)v
i

n

i iD,r
=1

A,
2

r

The expression of fD,r in equation (4) requires the rotor speed ωi of 
the toolbox MAV. However, MAVs usually cannot measure their rotor 
speeds with high frequency. Motivated by this, note that the toolbox 
MAV hovers nearly steadily during aerial docking, and hence the speeds 
of different rotors are approximately identical. Denote ω  as this iden-
tical value and ω ω≈ i for any i. Then, equation (4) becomes

∑f b ω v= . (5)v
i

n

iD,r
2

=1
A,

r

The expression of fD,r in equation (5) requires bv and ω, which are non-
trivial to obtain because they both depend on the airflow. As a result, 
equation (5) cannot be directly used in practice, but it can guide us 
to design a neural network to estimate fD,r. First, equation (5) indicates 
that fD,r is a function of the downwash velocities v v, , nA,1 A, r

⋯ . Second, 
the parameters bv and ω  that depend on the airflow are also functions 
of h and r. Therefore, we identify the key factors determining the 
disturbance force at the rotors as v v h r[ , …, , , ] ∈n

n
A,1 A,

+2
r

rR  where 
nr = 6.

Notably, the total disturbance exerted by the manipulator MAV on 
the toolbox MAV includes not only disturbances at the rotors but also 
disturbances on the body. The irregular shape of the toolbox makes it 
challenging to mathematically describe the disturbance force on the 
body. Fortunately, the factors identified by the above theoretical 
analysis can not only describe the airflow velocity at the peripheral 
rotors but also effectively characterize, to a considerable extent, the 
airflow velocity field within the region enclosed by these rotors. Con-
sequently, these factors can also effectively infer the disturbances 
acting on the body of the toolbox MAV. Therefore, we design the input 
of the neural network as v v h r[ , …, , , ] ∈n

n
A,1 A,

+2
r

rR  to estimate the total 
disturbance magnitude. The accurate estimation performance in Fig. 3e 
verifies the rationale of this design.

The neural network was trained offline on a dataset. To collect the 
dataset, the toolbox MAV was kept hovering while the manipulator MAV 
approached the toolbox MAV from different directions at different 
speeds. As the downwash of the manipulator MAV is primarily within a 
cylindrical region with a radius of 1.2 m (Fig. 3b), we collected trajecto-
ries within this region at different heights of 0.7 m, 1.1 m, 1.5 m, 2.1 m and 
2.5 m above the toolbox MAV (Fig. 3c). The dataset consists of 15 trajec-
tories, containing a total of 15,272 data points. The test set consists of 
seven actual aerial docking trajectories, comprising a total of 4,245 data 
points (Fig. 3e). Inspired by ref. 1, the ground truth of the disturbance 
force, denoted as f R* ∈D

3, can be obtained as m m* = ¨ − +D tool tool toolf p g f,  
whose magnitude is p g f∥ ∥ Rf m m* = ¨ − + ∈D tool tool tool , where Rm ∈tool  
is the mass of the toolbox MAV, Rg= [0, 0, 1] ∈T 3g , ¨ ∈ 3Rp  is the total 
acceleration of the toolbox MAV that can be measured by a HWT905 
IMU, and the control force vector is given by f= [0, 0, − ] ∈tool

T 3f R R , 
where f f= ∑i

n
i=1

r  is the total thrust from the rotors and Rtool ∈ SO(3) is the 
rotation matrix of the toolbox MAV and can be obtained by the IMU. 
Here, fi is calculated based on a speed-to-thrust model, calibrated by a 
Series 1585 thrust stand bundle, combined with the spinning speed of 
propeller i measured by an ALPHA DATA LINK v2 acquisition system.  
As the spinning speed can only be measured at 10 Hz, the speed meas-
urements were merely used for offline neural network training.  
The deployed neural network can achieve 50 Hz estimation during  
flight.

The neural network outputs a scalar value ̂fD, which represents the 
estimated magnitude of the total disturbance force. The estimated 
disturbance force vector, expressed in the world frame with the z-axis 
pointing vertically downwards, is then obtained as ̂ ̂ Rf= [0, 0, 1] ∈D

T
D

3f . 
This formulation assumes that the disturbance force acts in the direc-
tion of the z-axis. This assumption is reasonable because the magnitude 
of the disturbance force along the z-axis is dominant1. By focusing on 
the dominant z-axis component, this simplification provides a tracta-
ble yet effective method for estimating the disturbance force.

The estimated disturbance force can be further applied to estimate 
the disturbance torque R∈D

3τ̂  caused by the downwash. As f f≈ ∑i
n

iD =1 p,
r̂ ̂  

and ̂f b ω v b ω v= ≈i v i vp,
2

A
2

Ai i
, we have f b ω v≈ ∑v i
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D

2
=1 Ai

r̂  and hence 
̂ ̂f f v v/ ≈ /∑i i j

n
jp, D A, =1 A,

r . As a result, the magnitude of the disturbance force  
on the ith propeller is ̂ ̂f f v v= /∑i i j

n
jp, D A, =1 A,

r . Then, the total disturbance 
torque in the body frame can be estimated as

̂ ̂τ r n∑ f= × , (6)
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where R= [0, 0, 1] ∈B T 3n  and Rr ∈ip,

B 3 is the centre position of the ith 
propeller in the body frame of the toolbox MAV.

The proposed learning-based method for estimating airflow dis-
turbance offers several advantages over existing approaches. First, 
it fully leverages pretraining and real-time communication to exploit 
cooperative characteristics, achieving superior performance. Experi-
ments comparing it with two representative reactive methods—the 
unscented Kalman filter (UKF)55 and extended state observer (ESO)56—
demonstrate a maximum error of 2.6 cm, representing a 63.3% reduc-
tion compared to the reactive methods (Extended Data Fig.  6).  
The reason that reactive methods exhibit higher latency and lower 
accuracy is that they can estimate disturbances only after state 
changes occur. Second, as a data-driven approach, the proposed 
method overcomes the limitations of fluid dynamics-based meth-
ods57,58 that rely on simplified assumptions, and hence provides more 
accurate disturbance estimation for MAVs with complex body shapes, 
such as the toolbox MAV. Third, compared with the existing neural 
network methods1, our method achieves higher accuracy by incor-
porating additional information on the airflow velocity field of the 
upper MAV, as demonstrated by the results in Fig. 3e. Furthermore, 
although the six velocity inputs constitute spatial information, given 
their sparsity, we selected an MLP rather than a convolutional neural 
network, which requires dense spatial inputs to function effectively, 
achieving high accuracy at modest training and computational  
costs.

Toolbox MAV control
The dynamical model of the toolbox MAV is

p v̇ = , (7)tool tool

v g
f ḟ
m

= −
−

, (8)tool
D

tool

R R ω= [ ] , (9)tool tool tool ×
̇

ω̇ M τ ω M ω τ= [ − × ( ) + ], (10)tool tool
−1

tool tool tool D

where p v, ∈tool tool
3R  represent the position and velocity, respectively; 

Rtool ∈ SO(3) and R∈tool
3ω  denote the attitude and angular velocity, 

respectively; mtool and R∈tool
3×3M  denote the mass and the inertia 

matrix, respectively; R, ∈ 3f τ  represent the control force in the world 
frame and torque vectors in the body frame, respectively; Rf τ, ∈D D

3 
represent the disturbance force and torque caused by the downwash, 
respectively; [⋅]× denotes the skew-symmetric operator.

The flight controller was designed based on our previous work56.  
In particular, it consists of a position controller and an attitude control-
ler. The estimated disturbance force and torque are compensated in 
the controllers. The position control aims to generate the control force 
vector f for the toolbox MAV so that the desired position Rp ∈tool,d

3 
can be tracked. It is designed as56

f g K r v ḟ ̂m= ( + − ) + , (11)v vtool r D

where the reference velocity ∈r
3v R  is expressed as ̇v p= −r tool,d  

∼ ∼Λ p Λ p τ τ∫2 − ( )d
t

p tool p
2

0 tool
 and ∈v

3Rr  is given as = + 2 +v tool p tool
∼̇ ∼r p Λ p  

Λ p∫ τ τ( )d
t

p
2

0 tool
∼ . Here, p p p∼ = − ∈tool tool tool,d

3R  represents the position 
error; K ∈v

3×3R  and Λ ∈p
3×3R  are positive diagonal matrices.

The attitude control aims to generate the control torque vector τ 
for the toolbox MAV to track the desired rotation matrix 
Rtool,d = [b1, b2, b3] ∈ SO(3). Let ψd denote the desired yaw angle of the 
MAV base. We define ψ ψ= [cos , sin , 0]d d

Ta . Then, we have b3 = f/∥f∥,  
b2 = b3 × a/∥b3 × a∥, b1 = b2 × b3. The attitude control is designed as56

̇ ̂ ∼
k= − + × ( ) − − , (12)r ω ω β vtool tool, D tool tool toolτ M ω τ ω M ω K r β

where ω R∈rtool,
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T
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∧̇ω R R  is the desired angular velocity, and 
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β

 with [⋅]∨ denoting the inverse operation of [⋅]×; 

∈ω
3×3K R  and RΛ ∈q

3×3 are positive diagonal matrices, and k ∈β R is a 
positive constant. This control approach simplifies the design process 
by enabling convenient control gain tuning and allowing easy param-
eter determination based on specific performance requirements. These 
features make the method efficient, adaptable and user-friendly, reduc-
ing complexity and saving time in controller design and optimization. 
More details of the MAV control can be found in ref. 56.

Manipulator MAV control
A unified controller was used for both aerial docking and manipulation 
tasks. Let Rp ∈base

3 and p ∈end
3R  be the positions of the MAV base and 

the end-effector of the robotic arm, respectively. Denote p ∈O
3R  as 

the position of the target. For aerial docking, pO refers to the position 
of the target tool, defined as 5.8 cm vertically above the geometric 
centre of the tool slot, in which the target tool is positioned. For aerial 
manipulation, pO refers to the position of the target object. Let 
Rbase ∈ SO(3) be the rotation matrix from the body frame of the manip-
ulator MAV to the world frame. Then, we have

= + , (13)end base base end
basep p R p

p p R p= + , (14)O base base O
base

where p ∈end
base 3R  and R∈O

base 3p  are the positions of the end effector  
and the target in the body frame of the manipulator MAV, respectively. 
The value of end

basep  can be obtained through the forward kinematics  
of the robotic arm, whereas O

basep  can be obtained from the onboard 
camera. Equations (13) and (14) imply p R p p= ( − )end

base
base
T

end base  and 
= ( − )O

base
base
T

O basep R p p .
Let ∈base,d

3p R  be the designed position of the MAV base in the world 
frame. It is selected as a point above the target: pbase,d = pO + ls[0, 0, −1]T, 
where Rl ∈s  is the distance from the centre of the workspace of the 
robotic arm to the xy-plane of the body frame of the MAV base. The 
control objective is to make pbase, pend converge to pbase,d, pO, respectively. 
The high-level velocity command is designed as

k= − ( − ), (15)base,c base,d B base base,d
̇ ̇p p p p

p p p p R p pk k= − ( − ) − ( − ), (16)end,c
base

O
base

E end
base

O
base

V base
T

base,d base
̇ ̇

where kB > 0, kE > 0 and kV > 0 are control gains. The command in equa-
tion (16) drives pend to pO while helping the MAV base of the manipulator 
MAV maintain its position at pbase,d. When the robotic arm contacts the 
target, the resulting contact force pushes the MAV base. The calcula-
tion in equation (16) compensates for the movement of the MAV base, 
adjusting the motion of the arm to counteract the speed of the base. 
This reduces the force on the MAV base, helping it return to the desired 
position. The velocity command generated above may violate physical 
constraints, resulting in infeasible results for the manipulator MAV to 
track. To address this issue, we allocate velocity reference commands 
based on quadratic programming. The detailed method can be found 
in (section VI of ref. 56).

Task planning
The operation procedure of the manipulator MAV is represented as a 
simple state machine with five states: move, wait, operate, mount tool, 



switch tool and release tool. The operation of the toolbox MAV corre-
sponds to two states: move and wait. Based on the task requirements 
and the state machines, we developed a task planning software that 
can plan discrete waypoints while ensuring safe multi-MAV operation 
(Extended Data Fig. 7). After the waypoints have been planned, the 
motion trajectories for both the manipulator MAV and the toolbox MAV 
are generated using a Bezier curve-based method, which involves flight 
corridor generation and trajectory generation59. As waypoint planning 
can ensure that no MAVs are flying in the same area simultaneously, safe 
flight corridors can be generated by considering only static obstacles 
to avoid collisions. Task and trajectory planning for multiple mobile 
robots is a mature research field60. It is not the core contribution of this 
work. The above-proposed method is already sufficient to demonstrate 
the cooperative aerial manipulation tasks.

Data availability
The data supporting the findings of this study are presented in the paper 
or the extended data. Other source data related to the study are avail-
able from the corresponding author upon reasonable request. Source 
data are provided with this paper.

Code availability
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sensing, trajectory generation and task planning are available at GitHub 
(https://github.com/WindyLab/FlyingToolbox).
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Extended Data Fig. 1 | Hardware components of FlyingToolbox. a. The motor-
to-motor distances of the manipulator MAV and the toolbox MAV are 65 cm  
and 102 cm, respectively. The toolbox MAV is designed to be larger than the 
manipulator MAV to ensure sufficient payload capacity to support the toolbox 
and counteract disturbances caused by the manipulator MAV. The weight of the 
manipulator MAV including all payloads such as the robotic arm and batteries is 
5.08 kg. The weight of the toolbox MAV including all payloads but tools is 6.32 
kg. The six tools weigh between 0.20 kg and 0.34 kg. The dimensions of the 
Delta arm are shown in the figure. The reason to choose a Delta arm is that since 
the heavier components of the Delta arm, such as joint servos, are fixed to the 
MAV’s body, the moving parts are lighter in mass, resulting in smaller disturbances 
and faster end-effector response speed. The Delta arm’s end-effector can achieve 

a maximum linear velocity of 1.2 m/s, with a workspace of around 16  × 16  × 20 cm. 
When the base is fixed, its end-effector control accuracy reaches 0.2 cm.  
The manipulator MAV is equipped with a NUC12WSHi5 onboard computer with 
a hybrid Core i5 processor, while the toolbox MAV is equipped with an NVIDIA 
Jetson Xavier NX onboard computer incorporating a 6-core NVIDIA Carmel 
ARMv8.2 64-bit CPU cluster. b. At the bottom of the manipulator MAV’s robotic 
arm is a conical recess containing an iron plate. The dimensions in the figure 
are in millimeters, and the same applies to the following two figures. c.  
Each tool features a conical protrusion with an electromagnet on top.  
The electromagnet can be activated or deactivated wirelessly. d. The top 
surface of the toolbox has four circular holes, each with a radius of 60 mm.



Extended Data Fig. 2 | Onboard vision system of FlyingToolbox. a. The design 
of the onboard vision system involves six steps: three offline steps (QR code 
array design, camera calibration, and hand-eye calibration) and three online 
steps (QR code detection, 6D pose estimation, and filtering at 50 Hz). b.  
Offline hand-eye calibration was performed using a motion capture system to 
determine the transformation between the camera frame and the manipulator 

MAV base frame. The two manipulator MAVs are equipped with an Intel 
RealSense L515 camera and a D435i camera, respectively, both operating at 
640 × 480 pixel resolution. c. The onboard camera can detect a subset of the 
QR codes during aerial docking. d. The vision system achieves an average 
positioning error of 0.48 cm with a standard deviation of 0.12 cm when the 
vertical distance between the manipulator MAV and the toolbox MAV is 0.6 m.
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Extended Data Fig. 3 | Performance evaluation of the controller of the 
toolbox MAV. a. Experimental setup. The toolbox MAV remains stationary while 
the manipulator MAV gradually approaches from above until the bottom of the 
robotic arm is 6 cm above the toolbox. This creates three phases of influence on 
the toolbox MAV: approach, above, and leave. Here, “above” refers to the phase 
when at least one of the manipulator MAV’s rotors enters the vertical projection 
area determined by the rotors of the toolbox MAV. b. Ablation study of force 
compensation. The proposed controller is compared to two baseline controllers, 
a PX4 open-source flight controller (baseline 1) and the proposed controller 
without force compensation (baseline 2). As can be seen, the proposed controller 

outperforms the baselines in terms of both control accuracy and settling time. 
The settling time is defined as the time at which the toolbox MAV’s height first 
enters the  ± 1 cm error band. The statistical results were based on 5, 8, and 13 
trials of experiments using baseline 1, baseline 2, and the proposed controller, 
respectively. c. Ablation study of torque compensation. As can be seen, torque 
compensation can improve control accuracy especially when the downwash of 
the manipulator MAV starts or ends impacting the toolbox MAV. For instance, 
the maximum error in the y-direction can be reduced from 11.9 cm to 4.8 cm 
with torque compensation.



Extended Data Fig. 4 | A more complex multi-task demonstration that 
involves three MAVs. Two manipulator MAVs (denoted as M1 and M2) collaborate 
with a toolbox MAV to perform multiple manipulation tasks fully autonomously. 
a. The complete procedure. An iron plate and a ball were initially placed on top of 
the right and left pillars, respectively. The goal is to move the iron plate and the 
ball to the top of the middle pillar so that the ball is placed right on the iron 

plate. M1 first docked with an electromagnet tool, picked up the iron plate from 
the right pillar, and placed it on the middle pillar. M2 first docked with a soft 
gripper tool, picked up the ball from the left pillar, and eventually stacked the 
ball on the iron plate that had been placed on the middle pillar. b. Snapshots of 
object manipulation during the task. c. Snapshots of the FlyingToobox system 
during the task.
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Extended Data Fig. 5 | Aerial docking in motion. a. The manipulator  
MAV docked with the toolbox MAV, which moves at a speed of 0.16 m/s.  
The manipulator MAV successfully retrieved a gripper tool from the toolbox. b. 
The reference (gray dotted curve) and the actual value (blue curve) of the position 
of the bottom of the robotic arm of the manipulator MAV before docking. c. The 
reference (gray dotted curve) and the actual value (green curve) of the position  
of the toolbox MAV before docking. The transition of the toolbox MAV from a 

hovering state to a moving state transforms the control problem from setpoint 
control to tracking control. The proposed control method demonstrates the 
capability to handle time-varying references. To obtain the time-varying 
position and velocity of the toolbox MAV, this experiment relies on a high-
accuracy indoor positioning system rather than the onboard vision system.  
All other elements, such as disturbance estimation, remain consistent with the 
hovering case.



Extended Data Fig. 6 | Comparison of three disturbance estimation methods: 
unscented Kalman filter (UKF)55, extended state observer (ESO)56, and our 
proposed method. a. Experimental setup. The manipulator MAV moves along a 
straight line from one side of the toolbox MAV to the other side, creating three 
phases of influence on the toolbox MAV: before, above, and after. Here, “above” 
refers to the phase when at least one of the manipulator MAV’s rotors enters the 
vertical projection area determined by the rotors of the toolbox MAV. Three 
methods were respectively used to estimate the vertical disturbance force, 
while the other system components remained the same. b. Maximum height 
error. For each estimation method, 18 experimental trials were conducted. 

Across the 18 trials, the proposed method’s average maximum error was 2.1 cm, 
representing at least 61.1% reduction compared to 5.4 cm and 5.9 cm of the UKF 
and ESO methods. c,d, and e show the height variations of the toolbox MAV for 
the three estimation methods. Each gray curve represents a single trial. Each 
thick curve indicates the average over 18 trials, while the shaded area depicts 
the standard deviation. As can be seen, the height fluctuation by the proposed 
learning-based method was considerably smaller than that of the reactive 
methods. Notably, when the disturbance appeared, the learning-based method 
resulted in a slight height increase rather than a decrease in the reactive case, 
demonstrating its predictive characteristics.
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Extended Data Fig. 7 | Motion planning of the FlyingToolbox system.  
a. Path planning for each MAV is performed by a specially designed user 
interface. b. Motion trajectories for both the manipulator MAV and toolbox 
MAV are generated using a Bezier curve-based method, which incorporates 
flight corridor and trajectory generation. Safe flight corridors are established 

by considering only static obstacles, ensuring that MAVs do not enter the same 
area simultaneously to avoid collisions. c & d. The toolbox MAV and manipulator 
MAV follow state machines that define the actions to be performed after 
completing their respective trajectories. These actions enable the MAVs to 
execute the corresponding manipulation tasks.
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