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Abstract: Waypoint tracking is a common task for quadrotors, which is usually achieved by the Inner-Outer loop PID
control method. The outer loop is implemented by establishing PID control for the position and velocity errors of the
quadrotor. This method requires the quadrotor's desired flight rate as an input. However, setting a fixed desired flight
rate cannot match to changes in waypoints and the quadrotor's own state, which can lead to a large time consumption
or even mission failure. To solve this problem, this paper uses a neural network trained by the DDPG algorithm to
control the desired flight rate of the quadrotor during flight, so that the quadrotor can adjust the desired flight rate
flexibly to achieve a better waypoint tracking performance. Simulation results show that the method proposed in this
paper can improve the performance of the Inner-Outer loop PID control system through adjusting the desired flight

rate.

Keywords: quadrotor, waypoint tracking, PID, reinforcement learning, neural network

1. INTRODUCTION

In recent years, tremendous progress has been made in
researches related to quadrotors (L'Afflitto et al., 2018). And
this leads to a wide range of applications, such as in the field
of photography, transportation and rescue (Penicka and
Scaramuzza, 2022). Waypoint tracking is one of the common
tasks for quadrotors (Larsson et al., 2020; Qian et al., 2017).

For the quadrotor waypoint tracking task, the dominant
solutions are derived from PID control, which consists of
proportional, integral and differential components. Due to its
simple structure, PID control has effective parameter tuning
methods (Mohamad Ali Tousi et al., 2020; Kumar et al., 2021).
Therefore, it is widely used in industry (Mahmud et al., 2020;
Bo et al., 2016). The Inner-Outer loop PID control method
derives from PID control and has been widely used for
quadrotor control (Julkananusart and Nilkhamhang, 2015).
(Saraf et al., 2020) approximately linearized the model of the
quadrotor and presented a comparison between the PID
method and LQR method acting on a quadrotor. However, the
fixed PID parameters cannot adapt to complex path conditions
and the quadrotor may generate large error signals along some
complicated paths, causing PID controllers to fail. (Zhang et
al., 2020) proposed a PID gain adjustment method based on
the reinforcement learning algorithm, and improved the
dynamic performance and the stability of the PID controller.
(Cajo et al., 2018) used a fractional order PD control method
to achieve the path-following control of the quadrotor. (Farid
et al., 2018) used interpolation methods on linear trajectories
to generate a series of waypoints to generate a smoother path
in order to increase the possibility of completing the task. But
this method does not reduce the time consumption of the task.
(Song et al., 2022) introduced the fuzzy PID controller to
improve the flight stability and the robustness of the quadrotor.
But the simple fuzzy processing of the information of the
control system leads to a reduction in the control accuracy, and
the design of the fuzzy rule relies on experience.

With the development of neural networks and deep learning,
people begin to seek for new control methods for quadrotors.
(Lambert et al., 2019) used neural networks to predict changes
of the state of a quadrotor with different control inputs and
selected the one that brought the predicted velocity and
acceleration closest to 0 to keep the quadrotor hovering in the
air. (Rubi et al., 2020) used neural networks and the DDPG
algorithm to calculate the expected yaw angle of the quadrotor.
(Song et al., 2021) used neural networks trained by the PPO
algorithm, one of the reinforcement learning algorithms
(Schulman et al., 2017), to directly control the rotor voltage to
complete a racing competition in a less time consumption than
quadrotors controlled by professionals. This shows that it is
feasible to control quadrotors through reinforcement learning
algorithms and neural networks.

However, controlling quadrotors through neural networks
faces two major challenges: a long training time consumption
and difficulties in convergence (Hwangbo et al., 2017). These
mainly come from two points: the control instability at the
beginning of the learning process leading to a large time
consumption for trial and error and the difficulties of designing
a proper reward function to avoid local optima of the RL
algorithm.

The contribution of this paper is using neural networks trained
by the DDPG algorithm to control the desired flight rate, which
is the input of the Inner-Outer loop PID control method of the
control system. On the one hand, PID control guides the
quadrotor in the right direction to ensure a reasonable reward
during reinforcement learning, which largely reduces the
training difficulties and time consumptions. On the other hand,
the DDPG algorithm makes use of the nonlinearity and self-
learning ability of neural networks to approximate a control
policy of the desired flight rate. The simulation result proves
that using neural networks trained by DDPG to control the
input of PID controller improves the performance of the
original Inner-Outer loop PID control method.
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2. THE MODEL OF A QUADROTOR
2.1 Rigid Body Model of a Quadrotor

The model of a quadrotor used in this paper is based on the
Section 4 of the work from (Zhang et al., 2014). The quadrotor
is a 6 degree-of-freedom rigid body.

There are two reference frame concepts in this paper: the flat
Earth reference frame (0.X.Y.Z.) and the body-fixed
coordinate frame (0, X,Y,Z;,). The schematic of the quadrotor
and reference frames is shown in Fig. 1.
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Fig. 1. The schematic of the quadrotor and reference frames.

Where m is the mass of the quadrotor, g is the gravitational
constant, L is the arm length of the quadrotor, which is the

distance from the center of the rotor to the center of mass of
the quadrotor, and F; is the thrust force generated by rotor i.

I,,),where I, I

Let the inertia matrix be | = diag(lyy, Iy, Yy

1, are inertia components along x, y and z axis.

During the flight, the position p, and the velocity v, in the flat
Earth reference frame satisfy the relationship:

Pe = Ve €))

The body angular velocity w, and the attitude angles of the
quadrotor satisfy the relationship:

[@ 1 0 0 0
w,=[0|+]|0 cosg sing||g

L0 0 —sing cos@llo
1 0 0 7f[cos@® © —sin@l [Ol

+|0 cose sing 0 1 0 0
[0 —sing cosellsind 0 cos@ Iy
11 0 —sind 1|

=|0 cosp singcosO||d 3]
[0 —sing cos@sinél] |y

Where ¢ is the roll angle, 6 is the pitch angle and ) is the yaw
angle.

In accordance with Newton's second law, the linear motion of
the quadrotor is generated by the combined external forces
provided by four rotors, and satisfies the relationship:

0
0 0
mv, = [ 0 l — Ryze | (3)
mg Z F;
i=1

Where Rj,. is the rotation matrix from the body-fixed
coordinate frame to the flat Earth reference frame.
RbZe =

cos@cosy singsinfcosyp —cos@siny singsiny + cos @ sin b cos P

cosfsiny cosqcosy +sin@sinfsiny cos@sind siny — sing cosy | (4)

—sinf sin¢ cos 6 cos ¢ cos 6

The angular motion of the drone is generated by the moments
of four rotors, and the relationship between the moments and
the body angular velocity can be obtained according to Euler's
equation as:

L(F, = F)

L(F, = F3) (5)
MZ + M4_ - Ml - M3

Jbp = —wp X (Jwp) +

Where M; is the moment generated by rotor i.
2.2 Motor Dynamical Model

The thrust force and the moment generated by a rotor are
proportional to the square of the rotor speed (Li, Qi et al.,
2020). Assume each rotor has a rotational force coefficient of
cr and a rotational moment coefficient of c,,. The actual rotor
speed of rotor i is n;.

Then the thrust forces and moments generated by rotors can be
obtained by following formulas:

Fi=cpn?,i=12,34 (6)
M; = cyn?,i=1,2,3,4 @)

The actual rotor speed and the desired rotor speed of rotor i
satisfy the relationship:

1
mo=g (ndes —n;) (8)

Where T is the time constant of the first-order inertial system
and ndes is the desired rotor speed of rotor i. The actual rotor
speed is limited to the range of [1200,7800]rpm.

The desired rotor speeds can be broken down by the effect
produced into different components: the component n,, that
keeps the vehicle hovering, the component An that produces
the lift, and the components An,,, Angy, An,, that cause the
attitude angles to change. Thus, we can calculate the four
desired rotor speeds by using the following equation:

n‘lies 10 1-1 np +Anp

nge | _ l1 10 1] An ©)
ndes| =10 —1-1|| Ang

nges 1-10 1 Anlp

From the force analysis of the hovering state, n,, satisfies the
relationship:

4cpn? = mg (10)
Hence, n,, can be calculated as:
n, = |2 (11)

4cr
The variables and parameters used to model the quadrotor in
Section 2 are shown in Table 1 and Table 2 according to the
order of appearance.
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Table 1. Variables used to model the quadrotor.

track a path, and then converts the calculated force into the
desired attitude angles and the thrust force for lift. The inner

Symbol (Unit Definition . .
Y (Unit) loop uses the PID control method to follow the desired attitude
p.(m) Position in the geodetic coordinate system angles.
v,(m-s™1) Velocity in the geodetic coordinate system The structure of the Inner-Outer loop PID control method with
- i constant desired flight rate is shown in Fig. 2 and the inputs to
wp(rad - s7) Body angular velocity this system are a set of waypoints and the desired flight rate
o(rad) Roll angle v?es of the quadrotor. The implementation of the control
modules will be interpreted in Section 3.1 and Section 3.2.
A (rad) Pitch angle
Table 2. Parameters used to model the quadrotor.
d \Z I
Y(rad) awange Symbol (Unit) Definition Value
Rotati tri
Ryze otation matrix m(kg) Mass of the quadrotor 0.5
F;(N Thrust i i
:(N) rust force generated by rotor i T Arm Tength 02
M;(N - M t ted by rotor i
{(N-m) oment generated by Totor ¢ J(N-s?-rad™1) Inertia Matrix diag(Lex, Iy L)
n;(rpm) Actual rotor speed of rotor i -
I.(N-s?-rad-1) Inertia components 0114
ndes (rpm) Desired rotor speed of rotor i > along x axis
Rot d tfor h : 2. 1 Inertia components
ny, (rpm) otor speed component for hovering IL,(N-s*-rad™) along y axis 0.114
Ang(rpm) Rotor speed component to produce lift o "
I,(N-s%-rad™) ner :a components 0.158
An,(rpm) Rotor speed component to change roll angle along z axis
g2 itati
Ang (rpm) Rotor speed component to change pitch angle g(m:-s™) Gravitational constant 2.8
) _ Rotational force 2
Any, (rpm) Rotor speed component to change yaw angle cg(N - rpm~2) coefficient 6.11 x 10
3. PID CONTROL OF WAYPOINT TRACKING cu(N-mrpmz) | Roteliora) moment 15% 10
The Inner-Outer loop PID control method is the most common B ST
control methc_)d for quadrotors, which _con5|sts _of RID T(s) first-order inertial 10
controllers. It is easy to understand what this method is trying system
to do. What’s more, this method requires little computation
Fime and memories which r_nakes it possible for further . (pm) Rotor speed component mg
improvements (Cao, 2016; Parivash et al., 2017). niP for hovering 4c
The outer loop calculates the force needed by the quadrotor to
Waypoints Ang
Position Motor [F,M]
Dynamical Quadrotor
Control ; 4 4 Model
es es es .
paes [, 69%%, %] | Attitude | [Ang, Ang, Any
Control
[Pe, Vel [, 0,]

Fig. 2. The structure of the original PID control method.

3.1 Attitude Control

According to (9), the control signals for different attitude
angles are decoupled, so it’s easy to establish PD control over
attitude angles respectively. The control signals can be
obtained by the following formulas:

Ango = kp,go ((Pdes —¢)+ kd,qo((pdes - (p)
Bng = iy o (8% — ) + k(6% — )

Any, = ky, o, (Y2 — 1) + kd,w(lﬂdes —-1)

(12)
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Where @@es, g€ )¢S are the desired attitude angles and
kij,i=p,d,j=@,0,¢ are the control parameters of PD
controllers.

3.2 Position Control

(Hoffmann et al., 2008) proposed a control method for
quadrotor waypoint tracking. They established PID control
over the cross-segment position error and the velocity error.
Section 3.2 is based on the work of Hoffmann.

The position error from the segment e, and the speed error
eq: Of the quadrotor during flight are shown in Fig. 3.

Pe
des
el

€t des
I pe,i+1
d;

(a) Position error

vdes di
(b) Speed error

Fig. 3(a), (b). The position error and the speed error of the
quadrotor.

Where d; is the unit vector pointing from the waypoint pffs to
the waypoint p2¢; ;. e., and ey, can be computed from (13)
and (14).

€ct = ((pe - pgfs) : di) : di - (pe - ngs) (13)
eqe = V% - d; — (v, - dy) - d; (14)

PID control is established to e.; and PI control to e,;. The
control signals along x, y and z axis is obtained as follow:

ux
Uy

Uy

t
= kp,ctect + kd,cte'ct + ki,ct ectdt +
0

t

kp,ateat + ki,at f eatdt
0

(15)

Assume that the roll angle ¢ and the pitch angle 8 of the
quadrotor are very small, the yaw angle iy changes in a small
range and the total pull is approximately equal to the gravity
of the quadrotor:

sing = ¢,cosp = 0
sinf =~ 6,cosf =~ 0

lp ~ .Lpdes

4
Z F; = mg
i=1

(16)

s, 9 An, can be calculated by substituting (16) into (3).
1
pdes = — 5 (uy siny — uy, cos )

1
gaes = —E(ux cosy + u, siny) (17)

Anp = = 8cpny, Uz

By combining (9), (12) and (17), the desired motor speeds of
the four rotors can be computed. Thus, the Inner-Outer loop
PID control method for quadrotor waypoint tracking task is
obtained.

Table 3. Variables used in PID controllers.

Symbol (Unit) Definition
vS(m-s~1) Desired flight rate
@5 (rad) Desired roll angle
095 (rad) Desired pitch angle
p4es(rad) Desired yaw angle
eqe(m) Position error from the segment
eqe(m-s71) Speed error
p&s* (m) Waypoint i
d; Unit vector pointing from p2¢* to pZ¢;;
u,(m-s7?) Control signals along x axis
u,(m-s7?) Control signals along y axis
u,(m-s72) Control signals along z axis

The variables and parameters of PID controllers in Section 3
are shown in Table 3 and Table 4 according to the order of
appearance.

Table 4. Parameters of PID controllers.

Proportionality Integration Differential
Coefficient Coefficient Coefficient
Q@ 2000 0 4000
At g 2000 0 4000
P 800 0 4000
position | €ct 0.5 3x107* 1
Control = 0.5 3x 10 0

4. CONTROL OF DESIRED FLIGHT RATE THROUGH
NEURAL NETWORKS

4.1 Task Model

The task was modelled on a Markov Decision Process (MDP)
which is defined by the tuple (s;, as, 7, Sg41)-

The observation space is s; = [p,, Ve, Wy, Rpze], Where p,, is
the relative positions to waypoints, and R,,,, is the expansion
of the rotation matrix. The action space is a, = [v?¢5]. The
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reward r; is used to evaluate the performance of the action a,
taken in the observation space s;.

4.2 Control Method

The structure of the control method proposed in this paper is
shown in Fig.4. To change the desired flight rate of the
quadrotor flexibly, the observation space of the quadrotor s, is
mapped onto the action space a, using an Actor neural
network. And this paper uses the DDPG algorithm, one of the
reinforcement learning algorithms, to train the Actor network
to give it proper weights for controlling the desired flight rate.

4.3 DDPG Algorithm

The DDPG algorithm is a reinforcement learning algorithm
based on the AC architecture. It derives from the DQN
algorithm and uses an Actor neural network to compensate for
the inability of handling continuous control tasks (Lillicrap et
al., 2015). The DDPG algorithm has been successfully applied
in different environments (Zhang et al., 2020; Li, Ma et al.,
2020). There are also precedents for using the DDPG
algorithm in the field of quadrotor control (Rubi et al., 2020;
Rodriguez-Ramos et al., 2019).

The Actor network in the DDPG algorithm is used to fit a
policy function that maps the observation space directly to the
action space, while the Critic network is used to fit a function
that calculates the Q value, which is the expectation of the total
future reward that the RL agent will receive. Under the
observation space s;, a better action a, will get a higher Q
value. When the Actor policy is u, which means u(s;) = a,,

Where @Q* means the Q value is calculated based on the policy
#, By, s,.,~¢ denotes the expected discounted future reward
from taking a; in s; to the end of the task, r( s;, a;) is the step
reward received by the RL agent when taking a, in s, and y €
[0,1] represents the discount factor for the future reward.

The goal of the DDPG algorithm is to find the strategy u* that
brings the greatest expected discounted reward in one episode.

tr

p* = argmaxk,,- Z yir(t) (19)
t=0

Where t; is the end time of the task.

Assume that there is an initialized Critic network Q*(s, a|8?)
and an initialized Actor network u(s|6*) where 9 and g*#
are respectively the weights of the Critic network and the
Actor network. From (18), it is clear that the calculation of
Q" (s, a,) requires the use of Q#(sy41, u(se41)). Therefore,
updating the network parameters of Q* (s, a|69) will produce
a situation where the Critic network estimates itself, resulting
in overestimation and oscillation of the Q value. To make the
training process more stable, the DDPG algorithm introduces
the target Critic network Q'#'(s,a|6?") and the target Actor
network p'(s|6*") with the same initial weights as the original
networks.

To get the greatest reward shown in (19), the Actor network is
updated by maximizing Q*(s, a).

. . . H
the Q value of action a; in s, is as follow: max Q (S' “(S)) (20)
Q*(spar) = [Ert,st+1~E [T'( Se, ap) + VQ”( St+1» M(5t+1))] (18)
|_ _________ |
| 2 e s 1
1 | |
I ) I Ang |
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! i [ipe, w21 lio.6, 1 | |
| I L

Fig. 4. The structure of the control method proposed in this paper.

4.5 Reward Function

For the quadrotor waypoint tracking, the major task is to
reduce the time consumption for a quadrotor to pass all
waypoints in sequence. Once the waypoints are set, the
quadrotor is expected to fly on the line connecting adjacent
waypoints, and there is no additional effort for computing the
reference path. The reward function consists of four
components: the progress reward 7,(t), the position error
reward 7, (t), the action reward r, (t) and the terminal reward

T (t).

The progress reward is set to measure the length of the route
completed by the quadrotor per step. A greater progress reward
means the quadrotor completes more distances in this step. As
is not easy to measure the length of the completed route in

three dimensions, this paper uses the projection of the
quadrotor’s position on the line connecting adjacent waypoints
as an approximation.
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(a) The structure of the Actor neural network
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(b) The structure of the Critic neural network

Fig. 5(a), (b). The structures of the Actor neural network and
the Critic neural network.

According to Fig. 3(a), at time t, the projection of the
quadrotor on the line connecting the adjacent waypoints sp (t)
is defined as follow:

— pdes). (pdes _ pdes
Sp(t) — (pe pe,lde)s (pe,l;-els pe,z ) (24)
||pe,i+1 — Peji ”

This gives the progress reward for the quadrotor at time t as
follow:

() = sp(t+1) —sp(t)

The position error reward 7, (t) is used to penalize the position
error from the flight path. Because the position error is the
input of the PID controllers according to (15), and the PID
controller will fail if the input is too large. The position error
reward is determined by the positional error of (13):

Te (t) = _”ect”

The action reward 7, (t) is used to avoid a large desired flight
rate when the quadrotor is close to waypoints or a small desired
flight rate when the quadrotor is away from a waypoint. The
PID controller outputs the control signal when the error signal
appears and it takes some time for the integrator in the PID
controller to "ramp up" to eliminate the error signal. However,
if the quadrotor is moving too fast when approaching
waypoints, the position error increases quickly before the
quadrotor slows down and the PID controller will fall due to
the large error input. In fact, it is hard for the RL agent to learn
to slow down when closing a waypoint, as it has to give up
some step rewards to gain a greater total reward, like jumping
out of the local maximum to find the global maximum (Kamar
et al, 2020). Thus, 1, (t) can reduce the quadrotor crash and
accelerate the training process of the RL agent.

(25)

(26)

At time t, the distance between the projection of the quadrotor
and the next waypoint sz(t) can be calculated as follow
according to Fig. 3(a):

des des
(pe i+1 ~ De,i )
SR(E) = T—for——gesyr — SP (D) (27)
Ipess, —peee|l
Introduce A as follow:
A: {at ) tR - SR(t)l at ) tR - SR(t) 2 0 (28)
a, - tg — min(sg(t), ai'tg), a, - tg — sg(t) < 0

Where tg is a parameter for time and a}* is the upper bound of
the action a, (which is set to 20m - s~ in this paper), and
min(sg (t), attg) limits the range of A when a; -tz —
sg(t) < 0. The action reward 7, (t) is defined as follow:

—A)2
Lt =-1+2-¢@ (29)

Where ¢ is a hyperparameter to control the range of % S0 7, (t)

will change significantly while A changes. Equation (29) is
derived from the equation as follow:

y=-1+2-¢* (30)

Equation (30) has a large gradient when x € [—2.5,2.5], so,
when A is away from 0, which means the action a; is either
too big or too small for s;(t), the action reward r, (t) will
decrease quickly. The action reward is big when |A| is small.
The image of (30) is shown in Fig. 6 and can help to understand
the action reward 7, (¢t).

1.00
0.75
0.50
0.25
> 0.00
-0.25
-0.50
-0.75 , ‘
~1.00 — S

Fig. 6. Theimage of y = =14 2-e™*".

The terminal reward r,(t) is used for penalizing the quadrotor
crash. The quadrotor crashes when |e.,| is too big to eliminate.
r.(t) makes the quadrotor easier and faster to learn to avoid
the crash. The terminal reward r.(t) can be calculated as
follow:

1, if crash
n@ = {1 o] 31)

Where r, < 0. Combining (25), (26), (29) and (31) gives the
reward function as follow:

r(t) = a1 (8) + ap7e (t) + asra (¢) + 7(0) (32)

a,, a,, az are hyperparameters that balance the order of
magnitude of different rewards.

5. SIMULATION AND DISCUSSIONS

The quadrotor model is built in the Simulink environment
according to the formulas in Section 2 and Section 3, and the
DDPG algorithm is implemented by PyTorch. The interaction
between Simulink and Python is achieved with the MATLAB
Engine API for Python.

A time metric and position error metrics are set in order to
describe the control performance.

The time metric t; is the time it takes for the quadrotor to pass
all waypoints in sequence, which is the main goal of the task.

The position error metrics are used to describe the extent to
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which the quadrotor deviates from the path. During flight, the
largest position errors occur when switching waypoints and the
quadrotor has the biggest possibility to get out of control. In
this paper, the maximum position error when switching
waypoint d,, and the cumulative position error during the
whole flight d, are used to describe the local and overall
position errors of the quadrotor. A smaller d,, means the
quadrotor will be less likely to get out of control. A smaller d,.
means the quadrotor will fly more accurately along the path.
The cumulative position error d. is given by:

tf
d, = f llewll de(m - s)
t

=0

(33)

The starting point of the quadrotor is set to [0,0,0](m). The
randomly generated set of waypoints is shown in Table 5.

Table 5. The set of waypoints.

No. Position(m)
[244.42,83.55,19.82]
[271.74,164.06,19.51]
[38.10,287.25,32.68]
[
[

274.01,289.47,88.03]
189.71,47.28,47.11]

U A W N

5.1 Policy Training

The main challenge during training is that the experiences
stored in the replay buffer have an uneven distribution, as there
are more experiences when the quadrotor is away from
waypoints than close to waypoints. Therefore, the RL agent
has less chance to learn how to pass a waypoint as the
experiences in the replay buffer have equal importance. (Hou
etal., 2017) proposed a prioritized replay buffer method using
prioritized sampling. In this paper, the replay buffer is divided
into two parts, respectively storing the experiences when the
quadrotor is far from the waypoints and close to the waypoints.
This helps the quadrotor learn to pass waypoints and reduces
the training time.

The policy training process with the DDPG algorithm in this
paper is shown below.

Algorithm 1 Policy Training with the DDPG algorithm

1: Randomly initialize Actor network and Critic network
2: Initialize target networks with the same weights

3: Initialize two replay buffers to store experiences when
the quadrotor is far from waypoints and close to
waypoints respectively

: for episode < 1 to M do
Initialize the quadrotor
fort—1to T do

N g k&

Compute a; according to the current actor network
and exploration noise

96

8: Execute a, in the Simulink environment and
compute s;,, and r;

9: Store tuple (s, ag, 13, S¢+1) In one of two replay

buffers according to the distance between the quadrotor
and waypoints

10: Sample a random minibatch ofg in each replay
buffer

11: Update the Actor network using (20)

12: Update the Critic network using (21) and (22)

13: Update target networks according to the soft
update strategy

14: end for
15: end for

(Song et al.,, 2021) used a parallelized implementation
simulating hundreds of quadrotors in parallel to collect up to
25000 environment interactions per second, which was even
larger than the memory capacity of the replay buffers in this
paper. With the help of the Inner-Outer loop control method,
the control instability at the beginning of learning is reduced,
and thus reducing the time consumptions and the cost of
computation needed for training. It takes 3 hours for training
50 episodes.

The average step reward gained by the RL agent is shown in
Fig. 7. In the first four episodes, a, increased very fast and
caused the quadrotor to crash, therefore, the average reward
reduced at the first 4 episodes. After that, the quadrotor didn’t
crash anymore with the training set of waypoints.

The loss curves of the Actor network and the Critic network
are shown in Fig. 8.

15 average step reward B i
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Fig. 7. Average step reward gained by the RL agent.
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0.6 u route in this paper successfully.
A \ Method B is gained from the shape of the output of the Actor
o004 network, and is defined by s, (t) in (27):
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Fig. 8(a), (b). The loss curves of the Actor network and the
Critic network.

The metrics during training are shown in Table 6. Fig. 9 shows
the outputs of the Actor network before and after training. Fig.
10 shows the quadrotor’s trajectories after different episodes.
This can give an intuitive view of the learning process of the
RL agent.

Table 6. The metrics during training.

tr(s) dpm (m) d.(m-s)
1 episode 140.14 8.30 139.52
4 episodes Crash
30 episodes  76.26 14.36 219.53
50 episodes  74.78 14.06 206.89
25
desired flight rate
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% 10/
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Fig. 9(a), (b). The output of the Actor network.
5.2 Training Results

To evaluate the performance of the trained Actor network, this
paper introduces three methods as baselines.

Our method is the method proposed in this paper.

des —

o1 >
des — {ZOm s_l, sg(t) = 100m 34)
10m - s, sgz(t) < 100m

Method C is the sliding mode control method based on the
backstepping approach (Bouadi et al., 2007).

The metrics of different control methods are shown in Table 7.

Table 7. The metrics of different control methods.

tr(s)  dp(m) de(m-s)
Ours 7478 14.06 206.89
Method A 102.12 14.66 208.32
Method B 78.40  14.19 208.45
MethodC ~ 79.97 533 138.63

The quadrotor’s real trajectories using different control
methods are shown in Fig. 11.
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Fig. 10. The quadrotor’s trajectories after different episodes.
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Fig. 11. The quadrotor’s trajectories using different control
methods.
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To compare the performances directly, this paper uses the
length of the path completed by the quadrotor as the x axis of
the figures, which is equal in different control methods.

For four control methods, the quadrotor’s motions along x, y
and z axis are shown in Fig. 12.
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(c) the quadrotor’s motions along z axis

Fig. 12(a), (b) and (c). The quadrotor’s motions along x, y and
z axis.

5.3 Discussions

Method A and method B are Inner-Outer loop PID control
methods that are the same as the method proposed in this
paper. According to Table 7, the method proposed in this paper
outperforms both Method A and method B in terms of all three
metrics. This demonstrates that the method proposed in this
paper is able to control the desired flight rate of the quadrotor
properly and improve the performance of the Inner-Outer loop
PID control system. The performance of the method B is
similar to the method proposed in this paper, and this is
because the output of the Actor network after training in this
paper is easy to imitate due to the upper bound on the desired
flight rate.

Method C is another common type of control method for
quadrotors. According to Table 7, the method proposed in this
paper does better in t, while is not as good as the method C in
terms of d,,, and d.. As shown in Fig. 13, the trajectory of the
method C presents a permanent tracking error which also
occurs in the paper of the method C.
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Fig. 13. The position errors of the quadrotor using different
control method.

As shown in Fig. 14, the velocity of the quadrotor using the
method C changes drastically compared with the quadrotor
using the method proposed in this paper, and this leads to
higher energy consumption which will reduce the quadrotor’s
endurance. Additionally, there is chatter when using the
method C based on the sliding mode control in Fig. 14 that
does damage to the quadrotor and increases the risk of
quadrotor crash if applied in reality (Lin et al., 2022). What’s
more, the proper parameters of the sliding mode control
(method C) are more difficult to find than those of the PID
control method (method proposed in this paper). Therefore, the
method proposed in this paper is more suitable for practical
application with less time consumption.
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Fig. 14. The speed curves of the quadrotor.
6. CONCLUSIONS

This paper uses neural networks to control the input of the
Inner-Outer loop PID control method, the desired flight rate,
to accomplish the quadrotor waypoint tracking task. Firstly,
this paper presents the Inner-Outer loop PID control method to
complete the waypoint tracking task. In order to make the
quadrotor adjust its flight rate flexibly, the Actor network is
introduced to control the desired flight rate and is trained by
the DDPG algorithm. Simulation results prove that the
proposed method is able to adjust the desired flight rate
successfully and improve the performance of the Inner-Outer
loop PID control system.
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In future, there is room for improvements of the control system
in this paper. Using fractional order PID controllers can
improve the performance of PID control (Trivedi and Padhy,
2021). Using more advanced reinforcement algorithms like
twin delayed deep deterministic policy gradient algorithm
(Fujimoto et al., 2018) and changing the structures of the
networks like using multilinear map of state and action as a
new input (Long et al., 2018) are possible improvements from
a reinforcement learning perspective.
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