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Abstract

The paper presents part of the work conducted within the project “Automatic Control of a Compound Helicop-
ter” led by Warsaw University of Technology and sponsored by the BOEING Company. The aim of the paper
is to present a proposal for the realisation of a control system for a small-scale compound helicopter utilizing
one category of machine learning — reinforcement learning. For a given purpose, the theoretical foundations
of reinforcement learning are presented and the DDPG methods, as a proposed approach for solving the
control issue, is described. The comparison between the traditional control system and the way reinforcement
learning works demonstrates the applicability of the artificial intelligence subcategory to control issues. The
presented control object, helicopter ARCHER, is developed and evaluated in FLIGHTLAB software. An im-
portant part of the paper is the suggested implementation of the reinforcement learning method in MATLAB /
SIMULINK software. Further plans for the development and testing of the control system are also revealed.

1. INTRODUCTION

Unmanned aerial vehicles, due to their wide range of
capabilities, have found applications not only in the
military field, but in recent years they have also
started to appear in more and more branches of sci-
ence, industry (Ref. 1). Especially aircraft with vertical
take-off and landing (VTOL) capabilities such as
multi-rotorcraft, helicopters attract interest. However,
the aerodynamic phenomena (mainly stall and com-
pressibility effects) occurring on the lifting rotors place
limitations on any rotorcraft in terms of maximum
achievable forward airspeeds. A solution could be
compound helicopters, which are developed to obtain
vehicles with simultaneous hovering maneuver capa-
bilities and achieve high flight speeds. The applied
additional components, such as pusher and puller
propellers, lifting surfaces, enable the main rotor to be
offloaded in term of the required values of the gener-
ated thrust and lift forces (Ref. 2). Thus, the main ro-
tor's angular velocity could be decreased, which not
only reduces the required profile power, but also
shifts the occurrence of undesirable aerodynamic
phenomena to appear at higher flight speeds and at
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stabilizing and performing simple maneuvers, but
also automatically execute planned missions.

A review of the literature indicates that to date, a lot
of work has been done to develop control systems for
multi-rotorcraft and classic helicopters especially in
hover and for low-speed maneuvers. Meanwhile,
hardly any work has been encountered that deals with
the control of small, compound helicopters.

The classical control approach associated with the
use of proportional-integral-derivative controller, PID,
is commonly encountered in industry. For example,
the PID controllers are used in Ref. 4. However, this
type of controller is appropriate for linear, SISO mod-
els, provides adequate operation only near the point
of work for which it is designed. In order to ensure that
the aircraft, as more complex systems, meet perfor-
mance requirements while fulfilling certain physical
limitations, the linear, optimal controllers have begun
to be considered as more appropriate for multi-input,
multi-output systems. The linear quadratic regulator,
LQR, provides minimization of the cost function and
gives better results than with the use of PID controller.
In Ref. 5 is shown the application of LQR to control a
small-scale helicopter. However, in the presence of
parameter uncertainties and disturbances, the afore-
mentioned controller is still inadequate, since regard-
less of the uncertainties’ character, in LQR they are
modelled as Gaussian, white noise. Because of linear
controllers’ limitations, there are eager attempts to
control unmanned aircraft using non-linear tech-
niques. In Ref. 6 a PID controller is supported with a
feedback linearisation controller. In Ref. 7 a predictive
control method is proposed. In Ref. 8 a controller us-
ing gradient descent optimization method is pre-
sented. In Ref. 9 a controller using robust and perfect
tracking is developed. In Ref. 10 for the compound
helicopter, the Pi—Sigma neural network adaptive
controller is shown. An intriguing approach classified
as non-linear methods is intelligent control using deep
reinforcement learning, which allows the develop-
ment of an optimal or suboptimal controller without
any knowledge of the control object's dynamics
model. Considering the subjects of unmanned air-
craft, reinforcement learning (RL) might be applied in
such areas as path planning (Ref. 11), navigation
(Ref. 12) and control (Ref. 13). It is worth mentioning
the strengths of hybrid systems, where by using more
than one type of controllers, it is possible to merge the
advantages of the individual controllers used. In Ref.
14 a combination of fuzzy-logic based and PID con-
trollers is used. In Ref. 15 a fuzzy controller coupled

with a model-based, Takagi-Sugeno controller are
used.

The aim of this work is to present a theoretical con-
sideration, a proposal to develop a control method for
an unmanned helicopter using reinforcement learning
and the implementation of the control system. Ulti-
mately, a compound helicopter model made in
FLIGHTLAB software will be used and the control
system will be developed in MATLAB / SIMULINK
software. During validation of the finished system, the
data exchange between the two programs will be en-
sured. Due to the complex and non-linear dynamics
of the chosen control object, it has been decided to
consider using a neural network-based controller
trained by a reinforcement learning algorithm to de-
velop the control system. The choice of an approach
involving one category of artificial intelligence is dic-
tated partly by the possibility of obtaining a controller
with similar performance to optimal controllers, as
well as by the lack of requirement for knowledge of
the control object’s dynamics.

The following sections of the paper include the theo-
retical background of reinforcement learning, present
the possibility of applying the discussed category of
machine learning to design a control system for flying
object, provide a detailed treatment of the agent train-
ing method, which is selected with regard to the
solved issue, introduce the control model and elabo-
rate on the proposed implementation of previously
discussed theory.

2. FUNDAMENTALS OF
LEARNING

REINFORCEMENT

Reinforcement learning (RL), together with super-
vised and unsupervised learning, constitute the main
categories of machine learning. However, RL does
not rely on static data sets prepared before starting
the learning process (as the other aforementioned
categories), but requires an environment model that
is the source of information — the data used in the
training process — and that is closely related to the
objective defined in the solved task. RL represents a
computational approach to learning and decision-
making related to a specific target (Ref 16).

The basis of RL is the interaction of some part of the
software called an agent with dynamic environment.
The agent, which is a learning component, at time
step collects information about the current state of the
environment, s;, and the immediate reward, R;, re-
ceived from environment for previous actions, a;_,,



taken in the previous state of the environment, s,_,,
and based on this, takes actions, a;, according to the
actual policy = and thus the agent can influence a
change in the environmental state. The environment
is called the agent’s operating space. The interaction
of the two mentioned main elements is a dynamic and

iterative process.
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Figure 1: Interaction between the agent and the envi-
ronment

In general, the acquired information about the real-
number reward values is feedback on the correctness
of the performer actions and is the only means ena-
bling the agent to learn, since according to RL theory,
any goal set for the agent can be transformed into the
task of maximising the expected value of the return,
G, defined as the sum of consecutive, discounted,
immediate rewards received from the environment,
Gy = Yr 11V "1 Ry,. The discount factor, 0 <y <
1, enables consideration of the tradeoff between ex-
ploration and exploitation of the environment by the
agent during the training phase. The goal of agent
training is to learn the optimal policy ©* to ensure that
actions are taken that maximise the expected, cumu-
lative, long — term reward. In the way of determining
the value of the reward signal, the destination of the
agent is taken into account, which includes the de-
sired state of the environment. The agent is not given
information about which actions in which states are
appropriate, but is required to figure out on its own
(usually by trial and error) which actions in specific
states result in capturing the greatest reward value.

Formally, RL may be represented as a Markov Deci-
sion Process (MDP), which is a probabilistic model of
a sequential decision-making process. In MDP, future
states do not depend on the past, but only on current
states and the actions taken in them, which is a so-
called Markov property. MDP is described by tuples:
{S,A, P, R}, where S is the state space, 4 is the action
space, P(s'ls,a) :=Pr{s;,; =5, |s; =s,a, =a} is
the state transition function that determines the prob-
ability of passing to the next state of the environment,
s', as a result of taking an action, a, in the current

state, s, and r(s,a) = E[R;41|s; = s,a, = a] is the re-
ward function defining the expected value of the im-
mediate reward, R;,,, received when transitioning be-
tween successive states s and s’ as a result of taking
action a. In RL, the environment model is assumed to
be uncontrollable and beyond the knowledge of the
agent, so that there might be stochastic changes in
the environmental states with probability distributions
unknown to the agent. In addition, the agent has no
influence on the parameters of the environment, in-
cluding the disturbances acting on it. The agent can
modify only its behaviour, the parameters of the es-
tablished strategy structure. The part of the agent re-
sponsible for mapping states into actions is the policy,
which in non-deterministic form is referred to as con-
ditional probability: m(als) := Pr{a, = a|s; = s}. In
addition to policy, the agent also includes a reinforce-
ment learning algorithm, which varies depending on
the applied specific RL method and, therefore, the is-
sue being solved, and which is used during the train-
ing phase. Also important in RL are state value func-
tions, v™(s):= E[G¢|s; =s], or state-action value
functions, q7"(s, a) = E[G¢|s; = s, a; = a], which are
defined as the expected values of the returns re-
ceived when initiating actions in the current state and
indicate the benefits of being in a given state and tak-
ing actions that are in line with the current strategy.
The quantity searched for is the optimal policy which,
for each state, results in taking the optimal action,
thus maximising the long-term reward, so also realis-
ing the goal of RL. Optimal policies correspond to op-
timal value functions.

Theoretically issues being defined as MDPs could be
solved using Bellman’s recursive optimality equations
(1) and (2), from which optimal value functions and
optimal policies are determined.

v™(s) = maxE[Ryys + yv™ (ses)ls = 5,0, = a ] (1)

q"(s,a) =
=E [Rt+1 +ymax q" (Se+1, al)|5t =s,a; = a] (2)

However, most often in real applications it is not pos-
sible to directly use the given equations, due to im-
possibility of simultaneously satisfying three assump-
tions: accurate knowledge of the dynamics of the en-
vironment in the form of a transition function, having
sufficient computational resources, satisfying the
Markov property. For given reasons, methods that
give approximate solutions to Bellman optimality
equations are used. In the RL algorithms, collected



experience in the form of information about transitions
between successive environment states is used in
place of expected values to solve Bellman optimality
equations. The agent's ability to learn the optimal
strategy represents the ideal case that is aimed when
using RL algorithms. For issues with small and finite
state and action spaces, tabular methods are used, in
which the approximated quantities are stored in the
form of tables or matrices. However, it is much more
common to encounter issues with continuous or large
spaces, for which it would be impracticable to present
the relevant quantities in tabular form, therefore it is
appropriate to represent policies and/or value func-
tions using function approximators, which can be neu-
ral networks. By virtue of neural networks versatility,
almost any complex input-output (state-action) rela-
tionship could be mapped, and the same, unchanging
network structure could be used with different envi-
ronments. One of the advantages of using RL for ap-
proximate solving of MDP issues is that, despite using
only approximated quantities, it is possible to train the
model in such a way that it generates actions that
more closely correspond to optimal actions for more
frequently occurring states while reducing the time
spent learning the correct actions for less frequently
occurring ones.

3. THE USE OF REINFORCEMENT LEARNING
AS A CONTROL METHOD

One possible approach to the control issue, different
from the methods known from classical control the-
ory, is the approach using reinforcement learning.
When considering the anatomy of RL, it could be easy
to perceive the similarity to the issue of control, as in
both cases the aim is to determine the appropriate in-
put signals that will result in the desired system be-
haviour. It could be noted that RL and classical con-
trol theory use slightly different approaches and ter-
minology to achieve the same effect. Classical control
methods mainly rely on models, while control using
RL is based on collected experience, which can be
used to control objects that are difficult to model or
have unknown model dynamics. The development of
the agent together with the police can be compared
with the development of a controller, which converts
the current input (observed state and reward value)
into a control signal (action), which in turn affects the
control object (environment). The reference signal
can be included in both the reward function and the

observed state of the environment. The given ap-
proach is correct because, from the RL point of view,
the environment is everything except the agent, so
the environment includes not only the control object,
by also feedback and reference signals, disturbances
and noise. The reward value generated using a re-
ward function designed for the individual solved task
should reflect the goals of the agent’s performance,
since in RL this is the only feedback signal indicating
the correctness or incorrectness of the undertaken
actions, and therefore also showing whether the
agent is learning in the desired way, corresponding to
what the system designer envisioned. In addition, the
reward function could be compared to the cost func-
tion known from optimal control theory. This is due to
the desire in both approaches to achieve optimal val-
ues of certain quantities. In optimal control, the most
common goal is to achieve the minimum value of cer-
tain quality indicator, while in RL the aim is to maxim-
ise received rewards, which is associated with the
search for approximations of optimal strategies that
will ensure taking action that result in the highest pos-
sible reward values in an unknown and dynamic en-
vironment. For this reason, it is encountered to call
RL the optimal control method. Figure 2 schematically
illustrates the analogies between a traditional control
system with feedback and a system using RL.

4. DDPG ALGORITHM FOR HELICOPTER CON-
TROL

In order to solve the unmanned helicopter control is-
sue, it is proposed to use the model-free, online and
off-policy DDPG (Deep Deterministic Policy Gradient)
method belonging to the group of actor-critic meth-
ods, which are currently among the more commonly
used reinforcement learning techniques. In actor-
critic methods, there is approximation of both policies
and value functions. This makes it possible to use the
desired properties of both types of methods. Tech-
nigues using value functions are distinguished by the
use of estimates to update the estimated quantities,
which introduced bias and causes dependence of the
results on the quality of approximated functions. On
the other hand, methods based on policy approxima-
tions, despite their tendency to reach local minima
and slow learning rates, allow implementation of al-
gorithms in real time and are applied to tasks with
continuous action spaces.
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Figure 2: Comparison of RL with traditional control approach

The purpose of applying the critic, associated with the
approximation of the value function, is to assess the
correctness of the action taken by the agent in ac-
cordance with the applicable policy, which in turn is
associated with the other part of the agent — the actor.
The process of policy learning, whose approximation
takes place using two neural networks (the actor and
critic), begins with the delivery of the observed state
to both networks. The actor, following the current pol-
icy, through taken actions changes the state of the
environment, and additionally provides the critic with
information about the types of actions taken. The
critic network predicts the value of the value function
on the basis of the observed state-action pair. At a
given time step, the estimated value function is com-
pared with an also estimated value function, but ob-
tained from the immediate reward received from the
environment and the discounted value function for the
current state. The difference calculated between the
two estimated values of the value function is used to
update the critic’'s network parameters. Subse-
qguently, the actor’s network parameters are adjusted
with the critic’s recommended direction of greatest in-
crease in reward value being used instead of using
the reward signal directly (Ref. 17).

The proposed DDPG method is used with continuous
state and action spaces and is chosen primarily be-
cause it is a crucial and willingly used technique in
control issues (Ref. 17). DDPG uses a value function
approximation and a deterministic method to deter-
mine the strategy gradient as it combines the two
methods: DQN (Deep Q-Networks) and DPG (Deter-
ministic Policy Gradient). Actor-critic agent to esti-
mate the deterministic strategy, u, and the corre-
sponding state-action value function, Q*, uses the
Belman equations and an approach from the off-

policy method characterized by the use of two strate-
gies: one which is being improved to obtain its optimal
form and the other used to explore the state-action
space and generate data. The DDPG method uses
approximators of four relationships: the actor’s net-
work (based on observations, it returns actions that
maximise the long-term reward), the actor’s target
network (introduced to improve the stability of optimi-
zation; the parameters of the target network are up-
dated periodically using the latest parameters of the
actor’s network), the critic’s network (based on obser-
vations and undertaken actions, returns the expected
long — term reward) and the critic’s target network (in-
troduced to improve the stability of optimization; as in
the actor’'s target network, the parameters are ad-
justed with the use of the critic’s network parameters).
During training, neural network parameter values are
tuned, and after completion of the training process,
they are maintained at the tuned values (Ref. 18). An
important issue is the use of the typical for DQN
method’s elements: replay buffer, which is a memory
in which the agent’s experience is stored in the form
of a certain amount of data samples, and an addi-
tional target network. Both the actor and critic net-
works are updated using random samples drawn from
the replay buffer to ensure that there is no correlation
between the data used for training.

In the DDPG it is convenient to use the following form
of the Bellman equation for the state-action value
function:

Q*(sp,a) = E [Rt+1 + yE[Q”(St+1uu(St+1))]] 3)

The policy is defined using a greedy approach as
u(s) = argmax Q*(s,a). The parameter vector of the
a



critic’s network, referred to as ©9 and corresponding
to the approximated function Q#, is determined by
minimizing the loss function L(89):

L(QQ) = E[(Q*(s¢, at|90) — Ry
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Figure 3: Scheme of the DDPG method

In order to ensure the convergence of the learning
process of the critic’'s network by delaying the deter-
mination of the value function, the critic’s target net-
work QT* is used with the corresponding parameter
vector 0,9 Moreover, also to avoid the appearance
of divergence when calculating Q#, an actor target
network u” with a parameter vector @,k is intro-
duced. The parameters of both the actor’s and critic’s
target networks are varied in a smooth manner using
the hyperparameter — smoothing factor z:

OAnN < TOann + (1 — T)OnN ®)

Utilizing techniques form the DPG method makes it
possible to include an actor neural network with pa-
rameters @', representing an approximation of the
deterministic strategy u(s|®%4yy) which maps current
states directly to actions taken by agent instead of us-
ing action probabilities. The actor’s network is trained
using a gradient method, where the quality function is
defined as J(©4yy) = E[G], and its gradient is ap-
proximated by the following relation:

VG”](GZNN)
~ E[VaQM(S =Spa= #(st)|®gNN)v®”ﬂ(S = st|®§NN)]

(6)

One of the advantages of using the off-policy DDPG
method is the ability to take into account and decou-
ple the issue of exploration from the RL algorithm. To

better ensure exploration, noise is added to the deter-
ministic actions taken by agent during the training
phase. Originally, temporally correlated Ornstein-Uh-
lenbeck noise was recommended, however, uncorre-
lated Gaussian noise also gives good results (Ref.
19). Due to the addition of a noise value sampled from
a random process, V', a new policy is constructed,
' (sy) = u(s;|®4yy) + V. However, it should be re-
membered that noise introduction only takes place
during the learning phase, not during system testing.

The algorithm of the DDPG method is shown in table
1 (Ref. 18, 20). M stands for the number of episodes
with a maximum of T time steps in each episode.

5. CONTROL OBJECT

The control object is the unmanned helicopter
ARCHER, which was created in 2018 for a project
conducted at Warsaw University of Technology (Ref.
21). The aircraft provides a research platform for eas-
ily acquiring different helicopter configurations by
adding components such as puller and pusher pro-
pellers, wings and stabilators. In the basic version,
the helicopter has one main rotor and tail rotor, both
powered by separate electric motors. The basic pa-
rameters of the ARCHER in classical configuration
are shown in table 2.

Figure 4: ARCHER in classical configuration

At present, the physical model of the used helicopter
exists in classical configuration. The helicopter simu-
lation model developed in FLIGHTLAB corresponds
to a physical one (Ref. 22). There are also developed
numerical models of the helicopter in the compound
configuration including thrust-compounding configu-
ration with additional pusher propeller mounted at the
end of the tail boom and fully-compounding configu-
ration which includes vertical and horizontal stabi-
lizers, wings and two puller propellers symmetrically
located on the lifting surfaces.

The two-blade main rotor is modelled using the blade
element method. Its aerodynamic loads determined
with a quasi-steady model are validated from
ARCHER baseline flight data, and its induced velocity
is determined with a Peters-He Six state model.



Table 1: DDPG algorithm

DDPG algorithm

1) Randomly initialize the network parameter vectors @/, and 8%, for the actor’'s network, u(s|®%y,),

and critic’s network, Q* (s, a|@2yy ), respectively

2) Initialize the target network parameter vectors 0.4 = 0%, . and 0.2 = 0%, for the actor’s target net-
work, 17 (s|@4hy), and critic’s target network, Q#(s, a|@} 2y ), respectively

3) Initialize replay buffer
for episode =1: M do

a) Initialize a random process NV for action exploration

b) Receive initial observation state, s;
fort=1:Tdo

i) Select action a, = u(s;|®4yy) + N; according to the current policy and exploration noise
ii) Execute action a;, observe new state s;,, end reward R,
iii) Store experience (s, a;, Ry41, St4+1) in replay buffer
iv) Sample a random minibatch of N experiences (s;, a;, R; 41, Si+1) from replay buffer
V) If s;441 IS a terminal state, set y; = R;. Otherwise, set:
Yi = Rist + Q™ (Sivr, 17 (511 @4 ) 1O
Vi) Update critic by minimizing the loss function:

1 2
L =55 20— 0o alOfu)
Vii) Update the actor parameters using the sampled policy gradient:

1
V@”](GZNN) ~ Nz VoQ4(s = s;,a = H(Si)|@Q)V®“M(5 = Silgsz)
i

viii)  Update the target networks:

T T
@Azl\luv < TG}:NN +(1-17) ®A1l\lIN

er¢
end
end

T
ANN < TGgNN +@1- T)G)AI(\?IN

Table 2: Basic ARCHER characteristics.

Characteristic Metric
Main rotor diameter 1,78 m
No. of MR blades 2

MR RPM 2’000
Tail rotor diameter 0,158 m
No. of TR blades 2

TR RPM 7’200
MR & TR rotorhubs rigid, no flapping
TOW 8 kg

MR blades airfoil NACA23012
TR blades airfoil NACA23012

The tail rotor, pusher propeller and two puller propel-
lers are modelled in the same way — they have two
blades each and their loads are derived using more
numerically efficient disk theory. In addition, because
the use of rigid type for all rotors, the blade flapping is
prevented. The two symmetrical wings and the

horizontal and vertical stabilizers attached to the end
of the tail boom are modelled as single segment lifting
surfaces. The fuselage is modelled as a rigid object
with 6 DOF, which aerodynamic characteristic are de-
termined by the CFD model.

The control of the ARCHER depends on its configu-
ration. In the case of all the aforementioned configu-
rations, the control is carried out by selected control
variables typical for the classical part of the helicopter
(main rotor longitudinal and lateral cyclic pitch angles,
main rotor collective pitch angle and tail rotor collec-
tive pitch angle with the control variables respectively
XB, XA, XC, XP), and depending on the additional
components included, there is also a possibility of us-
ing variable rotational speeds and collective pitch an-
gles of the puller and pusher propellers. The ability to
independently change both mentioned rotors’ param-
eters makes it possible to apply different control strat-
egies for additional components in the overall control
system.



Figures 5 — 7 show exemplary performance for fully
compound helicopter model developed in
FLIGHTLAB software. Figures 5 and 6 present exam-
ples of the aircraft's trim variables in forward flight,
namely helicopter roll (¢) and pitch (6) angles, lateral
stick, longitudinal stick, collective stick and pedal po-
sitions as a function of total airspeed, labelled as
“speed”. Furthermore, figure 7 shows collective pitch
angles (®) for both right, R, and left, L, puller

propellers. For clarity, the right propeller has positive
lateral coordinates in the conventional, aircraft coor-
dinate system. The notations used are as follows: 0,
and Q are the initially preset values of collective pitch
angles and angular velocities of the puller propellers
respectively, “classical configuration” corresponds to
the helicopter’s basic version.
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The curves in figures 5 — 7 show performance for fully
compound ARCHER’s configuration for different
combinations of constant, initial values of pulling pro-
pellers’ parameters and for one wing angle of inci-
dence with respect to the classical configuration. De-
spite the assumption of fixed pitch values, for the right
propeller they are changeable as a function of speed.
This is due to the necessity to compensate for the
drag torque from the main rotor.

The aircraft model is fully ready to be used as a con-
trol object in an automated control system, the devel-
opment of which is the step currently being performed
and required to complete the overall concept of the
work.

6. IMPLEMENTATION

In the given chapter, a proposition for implementing
one of the RL methods to create a control system for
an unmanned helicopter is described. In particular,
the proposal for the values of the parameters used,
the reward function, the observed variables and con-
trol signals are highlighted. It should be mentioned
that the information shown relates to the implementa-
tion of a control system for a helicopter in a classical
configuration. The choice is driven by two reasons:

1) Successful agent training for a simpler helicopter
model (in the given case in the classical configura-
tion) will allow confirmation of the correctness of the
selected method, chosen settings, values of variable
coefficients and parameters, reward function, as well
as the proposed type and number of observed varia-
bles and control variables. In addition, subsequent
modifications of the system carried out to adapt it to
the helicopter's compound configuration might by
simpler than the direct correct creation of the system
for the compound helicopter.

2) Separate development of the control system for the
classical part of the helicopter makes it possible to
use a hybrid control system for the compound config-
uration, in which additional components specific to
compound aircraft (puller and pusher propellers)
could be controlled using controllers of a different
type than RL.

The chosen programming environment in which the
control system is to be developed is MATLAB / SIM-
ULINK software.

In the initial stage of training, the helicopter model in
classical configuration is implemented in the form of
state equations, and the matrices required for it are

taken from the linearised aircraft model, which in turn
is derived from the non-linear numerical model devel-
oped in FLIGHTLAB. As the agent training stage pro-
gress, there will be an opportunity to directly use the
non-linear helicopter model through data exchange at
each time step between the two programs. The ob-
served environmental state variables used by the
agent are: helicopter position in the inertial frame of
reference (x, y, z), helicopter linear velocities in the
body frame of reference (V;, V,, V;), helicopter roll,
pitch and yaw angles in the body frame of reference
(¢, 6, ¥), helicopter angular velocities in the body
frame of reference (p, q, r), as well as the differences
between the reference and current position coordi-
nates (Ax, Ay, Az), yaw angle (Ay) and angular veloc-
ities (Ap, Aq, Ar). Considering differences is supposed
to help the agent learn to adapt to various states of
the environment (Ref. 23). Before feeding the ob-
served state variable to the agent, the given quanti-
ties are normalized, which is a necessary activity
when using neural networks (Ref. 24). The estab-
lisher means of normalization is to divide the appro-
priate signals at each time step by the fixed values,
which for variables related to position, linear veloci-
ties, attitude angles and angular velocities are re-
spectively 1000, 300, 1/2 = and 100/180 =. The out-
put signals from the agent (actions) and, simultane-
ously, the input to the control object are four control
variables typical for a classical helicopter configura-
tion: XB, XA, XC, XP. When converting the control
system to a version corresponding to a compound
helicopter, it is proposed to add variable rotational
speeds and/or collective pitch angles of the
puller/pusher propellers as additional control varia-
bles — additional actions taken by agent.

It is worth noting that in the fully compound ARCHER
model, the variable XP is distributed equally between
the two puller propellers and changes the pitch angles
by increments of the same value (in one propeller
adding and in the other subtracting an increment).
However, this does not compensate for the torque
from both puller propellers, since the torque is not lin-
early dependent on the collective pitch angles. There-
fore, it is necessary to take into account supplemen-
tary propeller control that will ensure generation of
such forces and moments that it will be possible to
execute of the preset manoeuvres.

The agent, which is created using MATLAB's built-in
functions rlQValueFunction and rlContinousDeter-
ministicActor, consists of two neural networks: a critic



and an actor, whose architectures and characteristic
features are shown in figures 8 and 9.
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Despite the risk of adverse phenomena associated
with the nonlinear tanh activation function (such as
neuron saturation and the associated zero or small

gradient flow through the network in the process of
tuning network parameters) (Ref. 25), it is decided to
use that activation function in the last layer of the
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actor network, which is due to the easy scaling of the
output of the tanh function and the need to have ac-
tion signals in a limited range from 0 to 100.

The other proposed settings related to the DDPG
agent and the training process are listed below. The
sampling time is 0.01 seconds. Learn rate, typical for
optimization algorithms, is assumed to be 5 107* for
both actor and critic networks. The threshold value for
the gradient, above which it is clipped, is 1. The cho-
sen optimizer to train the network is algorithm adam
(Ref. 26). The size of experience buffer, in which the
training-gathered experience is stored, has a length
of 10%. During each training episode, an experience
mini-batch of size 256 is sampled from the experience
buffer to calculate gradients for updating the critic’s
network parameters. The value of the smooth factor
parameter is set to 0.001, and the discount factor, ap-
plied to future rewards during training and related to
the tradeoff between exploitation and exploration of
the environment, is set to 0.99. The important param-
eters for the DDPG agent are the parameters in the
noise model used, which according to the MATLAB
documentation is Ornstein — Uhlenbeck action noise.
Considering the remark that for continuous action sig-
nals the value of standard deviation, std, should sat-

isfy the relation that std - /sampling time is equal to
1+ 10% of the action range, where actions take the
valuesis 1 + 10, std = 50 is applied. Standard devia-
tion decay rate, related to the number of samples af-
ter which the value of the std decreases by half is
0.0015.

The general idea of the agent training process is to
achieve such control of the helicopter which allows
flight along a preset trajectory. To achieve this, it is
necessary to start the learning with the simplest
tasks. As a first step, the agent is planned to learn
how to keep the helicopter in one place (the initial po-
sition is the same as the target position and the agent
is only expected to compensate for non-zero angular
velocities, non-zero differences between the current
and preset yaw angles and obtain roll and pitch an-
gles as small and as close as possible to those occur-
ring during hovering maneuver). With the progress of
the training process, the distance between the initial
and preset positions of the helicopter is to be in-
creased while maintaining the requirements of lead-
ing the control object to the preset location and then
keeping the hover condition.

The reference state variables (with the subscript ref)
have zero values, except for the coordinates of the

three-dimensional position, which can have any val-
ues from the assumed range. However, it should be
remembered that in the hovering state, the helicop-
ter's orientation angles - pitch and roll - are not zero,
their values are derived from equilibrium conditions.
Only the reference yaw angle may be correctly as-
sumed as zero. The given issue is reflected in the re-
ward function defined in the following part of the pre-
sent chapter. The initial environmental state variables
(with a subscript of 0) are updated at the beginning of
each episode using a custom reset function. The ini-
tial linear velocities, angular velocities and attitude
angles are assumed to have zero values each time
an episode is started, and only the initial position is
variable with random position coordinate values from
an established range around the reference position
coordinates.

Before training the agent’s network, the maximum
number of episodes and time steps in each episode
are determined. The first value depends on the
agent’s rate of learning and the second one is as-
sumed to be 1000 with time step of 0.01 seconds. Av-
eraging the scores, rewards, and number of steps is
assumed with a window length of 10. The terminal
state ending each episode occurs at the moment of
execution of the maximum number of time steps or
the occurrence of a helicopter collision, which hap-
pens when the limit angles of orientation are ex-
ceeded (zr for roll, £ /2 for pitch and £2 = for yaw)
or when the helicopter is outside the accepted area
with horizontal coordinates from -100 to 100 ft and
vertical coordinate from O to 200 ft.

The crucial element affecting the agent’s ability to
learn correctly, encouraging the agent to pursue the
goal set in the task is the reward function. It could be
defined in many ways depending on the creativity of
the author of the system designer, the solved issue
and the set goal. The proposed reward function in-
cludes the following elements, with the used notation
dK indicating the absolute value of the difference be-
tween the initial or current value of the variable and
the corresponding reference quantity, dK = |K, —
Krr|, and the notation dKD corresponds to the anal-
ogous quantity from the previous time step.

1) Reward, rr, received for keeping and object alive:
rr = 10* - (0.5 + time) (7

2) Penalty, rp, for finding the helicopter in a position
away from the reference position:



o1 = —25- (10 + time) - \/dx? + dy? + dz2 (8)

{800, Jdx2 +dy? +dz2 <0.5 9

T, =

o, Jdx*tdy?+dz2>05

Tp3 = —15- (10 + time) - (dx + dy + dz) (10)
Tp =Tp1 +Tpz + Tp3 (11)

3) Penalty, r,, for deviations of attitude angles from
zero values:

4 = —1000 - (10 + time) - (d¢p + d6 + 2 - dy) (12)

4) Penalty, g, for non-zero angular velocities:

g = —1000- (10 + time) - (dp + dq + dr) (13)

5) Penalty/reward, rp,, for moving away/approaching
selected state variables from/to reference values in
successive time steps:

Tp1 = —10% - (dx — dxD + dy — dyD + dz — dzD)(14)
py = —107 - (dp — dpD + dq — dqD + dr — drD)(15)
Tp3 = =5 % 10° - (d¢p — dpD + d6 — dOD + 2

- (dy — dyD)) (16)

(17)

Tp = Tpy +1pz + Tp3

After summing the listed components and dividing the
result by the constant value, the total reward function
is as follows:

_TT+TP+TA+TR+7'D
"= 10000

(18)

Analogous to the observed state variables, it is rec-
ommended to normalize the reward signal before
providing it to the neural network. An approach using
a logarithmic function for reward rescaling is pro-
posed (Ref. 24). The normalized reward is given by
(29):

Tnorm = Sign(r)logio(1 + |r|) (19)

The variability of the coefficients as a function of time
is due to the need to acquire the right proportions be-
tween the values of rewards and penalties at different
states of the environment and the number of time
steps passed in each episode. The included variabil-
ity is also intended to encourage the agent to keep for
a longer time the helicopter in a state close to the de-
sired one and to punish the agent for keeping the ob-
ject in a state far from the reference one for a long
time.

When designing the reward function, it is important to
examine a given function for the presence of local ex-
tremes, since their appearance can prevent conver-
gence during the learning process.

7. STATUS OF THE WORK

At the given stage of work helicopter models made in
FLIGHTLAB software are prepared for implementa-
tion in the designed control system. Regarding control
system development, the agent training phase is cur-
rently in progress to achieve control of the classical
helicopter configuration, for which the linearised
ARCHER model is used. This is a long-running part
of the control system design process, as it requires
testing many combinations of tuned parameter values
and improving the self-defined reward function. After
successfully completing a given step, the trained
agent will be examined for correct control of the line-
arised helicopter model. First, it is planned to test the
ability of performing hovering, then to reach set posi-
tion in space and the possibility of doing turns (by
changing the yaw angle). After that, retraining of the
agent is expected to occur with the use of a more ac-
curate, non-linear model of the helicopter in classical
configuration. Having a controller developed in a
given way, it will be possible to develop a hybrid con-
trol system for a compound helicopter, in which addi-
tional components will be controlled using a different
type of controller than RL. In case of choosing to ex-
ecute the control system exclusively using RL, any
settings and functions used for the successful devel-
oped controller for the classical configuration will be
able to be transformed accordingly in order to adjust
them to the compound configuration. However, the
agent training process will then be required again.
The test campaign of the final control system will in-
clude the above-mentioned tasks checking the cor-
rectness of the pre-developed control system of the
classical configuration, and also will be performed a
flight of the compound helicopter along the set trajec-
tory. Further plan for the development of the work is
to acquire a control system that ensures proper con-
trol of the helicopter both in hover and at high forward
speeds, achievement of which is desirable especially
for compound configurations.

8. CONCLUSION

The paper addresses a proposal for the design and
implementation of an unmanned helicopter control
system using reinforcement learning. For the given
purpose, the foundations of RL are discussed and
DDPG methods, which is addressed to issues similar



to those presented within the paper, is detailed. The
analogies presented between the traditional control
system and the way RL works highlight the possibility
of applying the discussed subcategory of artificial in-
telligence to control issues. In the paper the ARCHER
helicopter model, which is created in FLIGHTLAB
software and which will be included as the control ob-
ject in the finally developed control system, is de-
scribed. Lastly, the control system implementation
proposal, the current status of the work and plans for
further development and testing of the system being
created are presented.
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