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Abstract— Aerial manipulation has received increasing re-
search interest with wide applications of drones. To perform
specific tasks, robotic arms with various mechanical structures
will be mounted on the drone. It results in sudden disturbances
to the aerial manipulator when switching the robotic arm or
interacting with the environment. Hence, it is challenging to
design a generic and robust control strategy adapted to various
robotic arms when achieving multi-task aerial manipulation.
In this paper, we present a learning-based control algorithm
that allows online trajectory optimization and tracking to
accomplish various aerial interaction tasks without manual
adjustment. The proposed energy-saved trajectory planning
approach integrates coupled dynamics model with a single rigid
body to generate the energy-efficient trajectory for the aerial
manipulator. Addressing the challenges of precise control when
performing aerial manipulation tasks, this paper presents a
controller based on deep neural networks that classifies and
learns accurate forces and moments caused by different robotic
arms and interactions. Moreover, the forces arising from robotic
arm motions are delicately used as part of the drone’s power to
save energy. Extensive real-world experiments demonstrate that
the proposed method can adapt to various robotic arms and
interactions when performing multi-task aerial manipulation.

I. INTRODUCTION

Nowadays, there is much research on aerial robots in
civilian applications [1]. While aerial robots continue to
be a highly active field of study, most of these studies
focus on contact-free flight such as object detection [2],
precision agriculture [3], and disaster monitoring [4]. This
is due to that physical contact of the aerial manipulation
system causes additional perturbations to drones. Unmanned
aerial vehicles (UAVs), especially multi-rotors, are inherently
flexible, easy to control, and highly versatile. Besides the
various applications like surveillance [5] and navigation [6],
drones show great potential in aerial manipulation tasks.
Aerial manipulation brings the ability that interact with
other robots to UAVs, leading to more potential for multi-
robot cooperative tasks. Moreover, the physical interaction
of the manipulation system provides UAVs the capability
to exchange manipulation actuators and charge batteries in
ground robots. This technique is efficient from the energy
point of view and task diversity, which presents widespread
applications for aerial manipulation.

Aerial manipulation involves many challenges for UAVs:
1) A UAV carrying a load and a manipulation actuator leads
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Fig. 1. The quadrotor grips a 570 ml bottle of water through a three-
degree-of-freedom robotic arm. The aerial manipulation system performs
different manipulation tasks (grabbing, affixing a hook, et al.) with robotic
arms of various configurations.

to modeling uncertainties on the whole system. In practice,
due to the complexity of aerial manipulation systems, it is
difficult to obtain a precise model. Without a precise model,
the planning and control of a dynamically stabilized interac-
tion will be quite difficult; 2) The disturbances caused by the
robotic arm’s dynamic behavior should be compensated to
keep the aerial manipulation system stable. The energy loss
caused by compensatory of robotic arm disturbances reduces
endurance time. To address these challenges, we present a
generalized, robust, and energy-efficient control strategy for
multi-task aerial manipulation with various robotic arms.

To perform an interaction with environment, e.g., aerial
grasping [7], [8], opening a drawer/door [9], [10], slid-
ing along irregular surfaces [11], trajectory optimization is
critical for an aerial manipulation system. Compared to a
single-UAV system, aerial manipulation is more concerned
about the end-effector trajectory of the robotic arm and less
concerned about the quadrotor trajectory. [12], [13] convert
the UAV state into the end-effector state considering the
coupled dynamics model through the differential flatness
property of system, which relies on an accurate model. This
methods designed for the coupled dynamics model have a
strong reliance on model precision that could not replace
manipulation actuators with different configurations. [14],
[15] decouple the mission trajectory planning of the aerial
manipulation system into two parts: UAV and robotic arm,
meaning that the flight trajectory of UAVs is not related
to the flight trajectory of the robotic arms. This approach
can deal with different tasks, but the manual adjustments of
parameters are indispensable when changing robotic arms.
One trajectory optimization method for complicated models
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is simplifying a complicated model as a single rigid body
(SRB) for the optimal reduced-order trajectory planning that
has proven to be practical and effective in Quadrupedal robot
[16]. However, this optimization method through SRB model
has never been studied in the aerial manipulation field for
trajectory optimization.

From a control perspective, aerial physical interactions
also cause uncertain perturbations in UAVs. There exists
much literature on robot control under such perturbations
including mechanical improvement of robotic arm [17], [18],
the use of force/torque sensor [11], [19], [20] and disturbance
estimator [21], [22]. The smart mechanical design of the joint
between the UAV and the arm can zero the reaction forces
caused by the motion of robotic arm[17], [18]. The model-
based controller presented in [24] and [25] strongly relies
on the precise measurements of the force sensor to react
to various environmental properties. Both these techniques
further improve the mechanical complexity and the total
weight of the whole system. The disturbance estimator can
handle different perturbations without the need for additional
mechanical design [21], [22]. However, most disturbance
estimators rely on state feedback and the tracking accuracy
would be affected by the hysteresis of feedback. Indeed,
the perturbations caused by robotic arms obey a certain
distribution law related to the state of the UAV and its arm.
And the learning-based approach could be used to learn a
distribution law of external disturbance [23], [26]. Examples
combining the neural network and adaptive controller can be
found in UAVs [26][27], manipulation [23], and Quadrupedal
[16]. Particularly, [26] presents a learning-based approach
(Neural-Fly) that can adapt to perturbations of different wind
speeds.

Given the challenges of multi-task aerial manipulation, this
paper presents a novel control strategy to perform different
aerial manipulation tasks with automatic arm-switching in
the air. Firstly, by simplifying the modeling of an aerial
manipulation system, the disturbances from the robotic arm
are exploited to generate minimum energy trajectory. In
addition, under the perturbation caused by robotic arm move-
ments, a deep neural network is employed to learn different
disturbances. This learning method only uses 10 minutes
flight data of each robotic arm for offline training. In this
paper, a complete multi-task aerial manipulation is performed
including peg placement, hanging a picture, and exchanging
robotic arms in the air. The main contributions of the paper
are summarized as follows:

e An aerial manipulation system is simplified a model
containing a spring and center of mass. The simplified
model can efficiently plan optimized reference trajec-
tories for different robotic arms with various masses
and spatial configurations. In addition, the perturbations
arising from robotic arm motions are delicately used as
part of the drone’s power to save energy.

o The learning-based control law can efficiently online
learn and adapt to the disturbances caused by various
robotic arms as well as the environmental interactions.
Extensive real-world experiments show that, with the

proposed method, the aerial manipulation system can
automatically replace various robotic arms to perform
different environmental interaction tasks without man-
ual parameter adjustment.

II. MODELING

The aerial manipulation system contains a quadrotor and
a robotic arm, and the robotic arm physically interacts
with the environment. It is assumed that the dynamics of
quadrotor, the mechanical structure of robotic arm, and the
environment are known. This paper adopts a decoupling
modeling approach for quadrotor and robotic arms. Hence
this section introduces the dynamics of quadrotor and the
generic model of robotic arm.

A. Quadrotor

The aerial manipulation model contains a quadrotor and a
multi-axis robot arm that attaches to the quadrotor. As shown
in Fig. 1, O,, represents the world coordinate system, Oy
represents the body coordinate system fixed at the quadrotor
center of mass, and O, represents the end effector coordinate
system fixed at the robotic arm end-effector. Since quadrotor
is an underactuated system, its dynamics model can be
written as:

mpg = RF + Fopp + G (1)
T=JQ+ QX IV Torm 2)
PQ = PQ 3)
R = RQ. 4)

Herein, pg denotes global position of quadrotor, and €2
represents body angular velocity of quadrotor. The attitude
rotation matrix of quadrotor is given by R. F' and T are
the total thrust and torque generated by the propellers.
G represents the gravitational force, and J is the inertia
matrix of the drone’s body. Additionally, F,.,, and Tgrm,
refer to the force and torque generated by the robotic arm.
Our approach is implemented in the position control and
calculates a desired force u, that decomposed to a desired
force and desired attitude matrix for DJI N3 controller.
Therefore, its dynamics model can be simplified for position
control in the following format:

M(pq)pq + C(pqg,PQ)Pq + G = ud + Furm  (5)
where M = mlI and C = 0.

B. Manipulator

The structure of the robotic arms in this paper is illustrated
in Fig. 1 and Fig. 3. To model the n-axis robot arms with
different structures, we first employ a kinematic represen-
tation method based on SFE(3). The transformation matrix
from joint ¢ — 1 to joint ¢ is as follows:

i _ | Rioy pi
1-’7;71 - |: 01><3 1 :| (6)

. . A2
where R = exp(Q;60;) = I + Q;sind; + Q, (1 — cosb;)
denotes the rotation matrix from joint ¢ — 1 to joint ¢, 6;
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Fig. 2. The control framework for aerial manipulation with different arms. The blue area corresponds to the planning part for generating energy-effective
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Fig. 3. The single rigid body of the manipulation system. The quadrotor is
simplified as a mass point (sphere) while the arm is simplified as a spring
(red broken line). The [ and 6 show the relative position of the mass point
and the spring.

means the angle of 7 th joint, {2; means the rotation axis of
1 th joint and p;_; represents the relative displacement from
joint ¢ —1 to joint ¢. The kinematic model of the robotic arm
is:

Ti(01,0o,- - -0;) = ToT7 -+ T, (7)

where T represents the transformation matrix from Oy, to
O., and p}y represents the position of the end effector in
body coordinate system. For a given desired trajectory of end
effector, the angle of each joint could be calculated through
inverse kinematics of (7).

III. PLANNING AND CONTROL FRAMEWORK

The goal of our method is to enable a quadrotor to execute
different manipulation tasks with various robotic arms while
autonomously planning energy-effective trajectories and re-
placing robotic arms. As shown in Fig. 2, our optimization
and control strategy is as follows:

1) The whole system of aerial manipulation is simplified
as a center-of-mass spring model for trajectory optimization
with different robotic arms, which reduces the computation
complexity of the planning algorithm. The trajectory plan-
ning algorithm of coupled system uses the perturbation by
the robotic arm as part of UAV flight power to achieve energy
optimization and trajectory smoothing.

2) The control strategy consists of an adaptive control law
of quadrotor, an impedance controller of a robotic arm and
a neural policy to learn interactions between the quadrotor
and arm. This method combines data-driven and model-based
approach to keep stability of the system with various robotic
arms motion through short-duration offline training.

A. SRB model

Since quadrotors are underactuated, the robotic arm mo-
tion first affects the quadrotor attitude then changes the
position. Firstly, the robotic arm motion would affect the
mass distribution of manipulation system. And the center
mass of the whole system shifts towards the direction of the
arm reaching motions. That means the z—axis of O, would
offset in the arm reaching direction and quadrotor offset to
that direction. Utilizing the centroid displacement caused by
the robotic arm in an unmanned manipulation system, the
disturbance of robotic arm could be exploited as a “joystick™
to move the quadrotor attitude to the desired direction.
Therefore, as shown in Fig. 3, we present a reduced-order
model that the robotic arm is modeled as a spring (robotic
arm) pulling the quadrotor toward its stretch direction. The
kinematic model of a reduced-order model between the end
effector position p,, and pq is:

cos ) sin 6
sin ¢ sin 0
cosf

PQ = Pm — l (8)

where v is the yaw angle of the quadrotor. And the distur-
bance force model from spring acted on quadrotor is written

as:
cossinf

sin 1 sin 0
cos 6

Fopm = (k- AL+b-10) 9)

where k and b represents the elastic coefficient and damping
coefficient of spring.

B. Trajectory planning of coupled system

The trajectory planning of coupled system can generate the
trajectories of quadrotor and robotic arm. The planner in this
paper can exploit the force and torque generated by robotic
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arm as power for quadrotor flight. First, for a given waypoints
of end effector, the desired waypoints of quadrotor are
calculated from (8). Then a desired trajectory of quadrotor
Pod(t),(0 < t < t.) is generated by polynomial spline
with the constraint that quadrotor has zero velocity and
acceleration at the start and terminal position.

To use the perturbation force by robotic arm, the quadro-
tor acceleration and the perturbation force from arm acted
on quadrotor could not be along opposite direction. The
direction of perturbation force Fj,., can be calculated by
assuming Al = [, —ly. Thus, if (Farm)Tp"Q > 0, the desired
trajectory of robotic arm s = [l4(t),04(t)] is generated by
polynomial spline in (0 <t < &) as:

t
s(t)=a+dt* +et* + ft°, (0 <t < -2)
2 (10)

le
s(t) = se, (5 <t <te).

If (Farm)Tp'Q < 0, the desired trajectory of robotic arm
[la(t),04(¢)] is generated by polynomial spline in (0 <
te .

te
s(t) =80, (0<t < 5)

: (11)
s(t) = a+dt® +et* + ft°, (56 <t<te)

where a, d, e and f is the parameters of polynomial spline.
The subscrs 0 and e means the start and end state.
C. Adaptive control

We begin with defining some notations. The error of
impedance control for each robotic arm joint is defined as:

eq, = 0; — 0iq (12)

where 6,4 is desired angle of joint ¢ calculated by s in (10)

and (11). The impedance control law of the arm joint ¢ is:
ug, = mdégl + bdégi -+ kdegi (13)

where mg, by and kg4 are the parameters of the impedance
controller. The track error of quadrotor is:

ep = PQ — PQd- (14)

The control law of this quadrotor w4p is:
uap = urp +urp — ¢(PQ, PQ, Pm,Pm)  (15)
urr = M(pQ)pga + C(pq, Q)P + G (16)
upD:—erp—KDép—KI/epdt a7

where the uwrr is nonlinear feedforward terms, ugp is PID
feedback terms and ¢ is the learning-based feedforward term.
And Kp, Kp and K are positive gains.

In general, a standard PID controller combined with
feedforward terms (baseline controller mentioned below)
can keep dynamically stable with a nonlinear dynamics
model. However, this baseline controller compensates the
unknown perturbations only through PID terms leading to
slow reaction to unmodeled perturbation force. Thus, we

Algorithm 1: Train process of ¢
param: o > 0,0 < p <1
Data: D = {D,,, -+, Dg, }
Initial : Neural network ¢ and h
1 repeat
2 | Random sample N = {Ny, - -, N;} from D;
3 Train ¢ use stochastic gradient descent and
spectral normalization with loss:

D> (i~ @) —arloss(h(¢()), k):
k=11i=1
if rand() < p then
4 Train h use stochastic gradient descent and
spectral normalization with loss:
K N .
> (- loss(h(e(@;)). k));
k=1 i=1

5 end
6 until convergence;

improve this controller by a learned representation 1) of
unmodeled perturbation of different robotic arms. Assume
7 can infinitely approximate Fj,.,,, the dynamics model of
quadrotor in (5) could be written as:

ép = —erp—KDép—KI/epdt. (18)
The system is exponentially stable with proper gains Kp,
Kp and Kj. Substituting (16) and (17) into (5), (5) is
calculated as:

m[.).Q +G— (UFF +UFD) = —mép—i—upp + Form. (19)

Hence, mpg + G — (upr + upp) exponentially approaches
Farm'

D. Learning to close the gap

This subsection is to introduce the detail of learning a
representation ¢ to approximate F,,,,. First, to generate
training data of ¢, the quadrotor and robotic arm both track
some random trajectories with the baseline controller. The
input of training data :c,(;) is robotic arm index, the attitude
of quadrotor, relative position between quadrotor and end ef-
fector, and total thrust of quadrotor. The label of training data
y,(j) is mpgo +G — (upp + upp). And D,, is the training
data of the kth robotic arm. Given the training data, the goal
of learning is to learn a representation to approximate Fy,.,
for any robotic arm. Hence, the representation ¢ solves the
optimization problem as:

K N,
min° 3 [y~ ol (20)
k=11=1

where Nj means the amounts of data D,,. In this paper,
we use deep neural network (DNN) to represent ¢ that is
shared by each robotic arm. As long as ¢ has adequate
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(a) arm for pegging (b) arm with a gripper

Fig. 4. The arms using to place signboard on the wall.

(a) Reaching action
Fig. 5.

(b) Contraction actions

Schematic of the reaching and contraction movement

neurons, the F,.,, is approximated by ¢. However, for
same input a:kl , Fyrm vary from various arms. By (20),
the distribution of sc,(;) is memorized by ¢, while ¢ could
not reflect the distributions of different robotic arm. To
solve this problem, inspired by [26], we designed a modified
optimization problem as:

mascmin Y° 3 (g} ~ (el —a-loss(h(d(af)). k)
k=11=1

21
where h is a DNN as learned regularization to avoid over-
fitting, loss(+) is a cross entropy loss, and « > 0 is a hyper-
parameter of DNN h. Intuitively, h is the discriminator to
predict the model index out of K robotic arms (training by
the outer max), while ¢ is to follow Fj,.,, as closely as
possible (training by the inner min). The details of training
process of the DNN ¢ and h are shown in the Algorithm 1.

IV. EXPERIMENTS

In this section our control strategy is evaluated based on
two selected manipulation tasks: 1) The robotic arm carries
a heavy object (0.6kg) to execute different actions behind
quadrotor; 2) The aerial manipulation system executes a
complete task that contains peg placement, switching robotic
arm, and hanging a picture.

A. Experimental setup

The quadrotor and robotic arms used in the experiments
are shown in Fig. 1 and Fig. 4. The experiments are per-
formed indoors equipped with an Optirack motion capture
system. The quadrotor with mass m = 6 kg is assembled
with a NUC i7 computer and a DJI N3 controller, while
each robotic arm with stretch length 0.6 m is assembled
with a STM32 chip for independent motion control. The
quadrotor communicates with robotic arm through a serial
port protocol.

To perform the task of placing a signboard on the wall,
we have designed two robotic arms with different structures.

) = = = — O-baseline
\ — = = = 0.3kg-baseline

\ ~ = = — 0.6kg-baseline
’ g
0.2k [0S i

0-learned
0.3kg-learned
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~i
&
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6
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(a) The position error of quadrotor
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0.6 : 0.3kg-disturbance
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b 0.6kg-DNN & b
- ! 14 A L
: 1 b 4 1 d "\i
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(b) The disturbance y(1) and DNN output ¢>(1)

Fig. 6. The state of quadrotor when robotic arm executes reaching and
contraction actions. The blue area in a) and b) means arm executes reaching
action and the pink area in a) and b) means arm executes contraction action.

our method
~ = == — separate plan

[fu dtmis]

tis]
Fig. 7. The integral of control output w, under our planning and

control framework and planning separately strategy. The solid line means
our planning and control framework and the dotted line means planning
separately strategy.

As shown in Fig. 4, since the peg placement requires apply
some pressure to the wall, the arm of peg placement (Fig.
4a) is equipped with a slider—crank mechanism and two
vacuum chucks. This pegging arm has only a single degree of
freedom for straighten that the vacuum chuck can be attached
to the wall, and then slider—crank mechanism exert force
on the hook to adhere to the wall. The arm of hanging a
signboard (Fig. 4b) is a three-degree-of-freedom arm with a
gripper on the end, which is more flexible to grab objects
from the surrounding environment.

The quadrotor collects the training data for 10 minutes
with each robotic arm. And the hyper-parameter of learning
network is & = 0.01 and p» = 0.5. The parameters of baseline
controller are defined as:

Kp = diag(]3.0,3.0,3.0]) (22)
Kp = diag([1.5,1.5,1.5]) (23)
K| = diag([0.2,0.2,0.2]). (24)

B. The robotic arm execute dissimilar actions

This experiment considers three conditions: 1) The robotic
arm carries different payload weighing (0 kg, 0.3 kg and 0.6
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peg (f).

0.1

0.08

0.06

le, m)

0.04

0.02]

0’
0 20 40 60 80 100 120 140 160 180

t[s]
Fig. 9. The position errors throughout the entire experimental process: a)
peg placement, b) robotic arm switching, ¢) signboard acquisition, and d)
signboard hanging

kg) to execute dissimilar actions under baseline controller;
2) The robotic arm carries different payload weighing (0 kg,
0.3 kg and 0.6 kg) to execute dissimilar actions under our
learning-based controller;

The robotic arm first executes the reaching action and then
executes contraction actions. Fig. 5 shows the contraction
and reaching actions of the robotic arm. As shown in Fig. 6,
when robotic arm makes reaching movement, the disturbance
reaches the maximal range, and our learning-based control
algorithm outperforms baseline controller in all conditions.
Even carrying a load weighing up 0.6 kg, the error caused
by the continuous movement of arm can also be controlled
under the accuracy of 0.10 m by our algorithm, while the
steady-state error of baseline controller is 0.40 m. Fig. 6 also
shows that our learning-based controller can better match the
dynamics of arm disturbance in different mass arm.

C. The aerial manipulation system executes different tasks

Two aerial manipulation experiments are conducted in
two conditions. One is that aerial manipulation system ex-
ecutes reaching movement under our planning and control
framework, and the other is that aerial manipulation sys-
tem executes reaching movement under planning separately
strategy and our learning-based controller. Then, this whole

experiment is performed in the following order: 1) peg
placement 2) switching robotic arm and 3) hanging a picture.

Our method calculates and executes the movement trajec-
tory of the robotic arm during flying. For planning separately
strategy, the quadrotor first flies to the target position and
then executes the reaching action of robotic arm. As shown
in Fig. 7, it is obvious that the integral of control output
ug of our framework is less than that of planning separately
strategy, which shows energy efficiency of our methods. Fig.
8 and Fig. 9 show the whole manipulation steps of our
methods containing peg placement, dropping the pegging
arm, assembling arm of hanging, taking signboard and hang-
ing signboard. Meanwhile, this method can precisely track
desired trajectories with error less than 0.10 m throughout
the experiments. It has been demonstrated that our learning-
based controller automatically learns perturbations of differ-
ent robotics arm motions, and no manual interventions were
necessary.

V. CONCLUSIONS

This paper presents a universal and robust control frame-
work that can generate an energy-effective trajectory and
stably track the desired trajectory for different aerial ma-
nipulation tasks. The proposed approach delicately utilizes
the perturbations caused by the robotic arms to partly
control the quadrotor’s rotation. With the proposed control
strategy, manual parameter adjustment is not needed when
the drone replaces various robotic arms. Extensive real-
world experiments demonstrate the energy optimization as
well as perturbation resistance of the proposed controller,
which enables automatically performing multi-task aerial
manipulation. Future work will consider more complicated
aerial manipulation tasks and study multi-robot collaborative
aerial manipulation tasks.
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