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1
Introduction

This chapter gives an introduction to the thesis report: ”Safe Online Continuous Reinforcement Learn-

ing for Flight Control”. The report is written at the Control & Simulation department of the Faculty of

Aerospace Engineering of Delft University of Technology. First the motivation for the research is pre-

sented, this is followed by an overview of the research objectives, research questions and the scope

of the research in section 1.2. Lastly an outline of the report is given.

1.1. Motivation
Aviation is widely regarded as the safest means of transport [63]. Continuous advancements from the

aviation industry alongside with strict international rules make that the number of incidents per year

are still declining1, whilst the total number of flights are increasing2. The introduction of Flight Control

Systems (FCS) has enhanced this safety by adding closed loop stability, putting boundaries on pilots

inputs and reducing the pilots workload [17]. FCSs have been designed using linear control theory

for many years, with satisfactory results. Nonetheless, linear control theory suffers from performance

degradation due to non-linearities, uncertainties in the model, and faults or damage taken by the air-

craft in reality. Furthermore the design of FCSs using linear control theory is costly due to required

gain scheduling because of the large range of dynamics in the operating range of the aircraft. Linear

control theory is also not optimal for coupled systems such as aircraft [2]. This performance degrada-

tion can also lead to safety issues when damage occurs. ICAO found that in the period of 2006-2010

Loss of Control was number one cause for fatalities in aviation [33]. Although not every incident was

a consequence of linear control theory being used, the use of adaptive flight control can improve the

safety of aircraft in unexpected circumstances.

In order to combat the performance degradation a lot of research has been performed and proven.

Doyle, Lenz, and Packard [22] have shown that H∞ loop shaping in combination with 𝜇-synthesis allows

for the shaping of the controller via a mathematical optimization function such that the robustness

and performances are balanced even when uncertainties are present. However this method is often

complex to apply and is still based on linear models. Furthermore Kulcsár [43] has shown how a Linear

Quadratic Regulator (LQR) can be used to control an aircraft. LQR make use of a quadratic cost

function to find the optimal solution that minimizes undesired deviations. Again this is a linear method

and therefore is less effective as the system becomes more complex and non-linear.

Next Non-linear Dynamic Inversion (NDI) has shown to be able to cope with non-linearities as it

linearizes the system with an inner loop [55], but lacks robustness to uncertainties and sensor noise.

[60, 47] have presented Incremental Non-linear Dynamic Inversion (INDI) is presented which is more

robust and can handle uncertainties and sensor noise. All the above methods have been used in actual

flight [6, 25] and showed improved performance over classical linear control methods, they can deal

with uncertainties. In particular NDI and INDI are interesting as they can also cope with non linearties,

NDI and INDI also have the ability to adapt to changing aircraft behavior due to faults or damage when

1http://www.baaa-acro.com/statistics/crashs-rate-per-year
2https://www.statista.com/statistics/564769/airline-industry-number-of-flights/

1

http://www.baaa-acro.com/statistics/crashs-rate-per-year
https://www.statista.com/statistics/564769/airline-industry-number-of-flights/


2 1. Introduction

assisted by online model identification. However implementation of the above mentioned methods can

be mathematically complex and its performance dependent on the sensor accuracy.

The advancement of reinforcement learning in recent years along with its highly adaptive character

made that is has also found its way into the field of control theory and thus also the field of adaptive

flight control. In the field of computer science state-of-the-art reinforcement learning algorithms using

neural networks combined with an increase in computing power have resulted in high performance

on simple and complex tasks. In 2015 the DDPG algorithm [44] showed how reinforcement learning

can be used on continuous tasks ranging from simple pendulum swings to more complex locomotion

tasks. Furthermore reinforcement learning has also shown to be effective in adapting to changing cir-

cumstances [7]. In this research agents were trained for a particular task, but when put in a different

environment, they could use their learned skills in an innovative way in order to survive.

In reinforcement learning an agent must learn from its own experiences through trial and error. It does

not have any information with regards to the system it is controlling or what states can be expected

depending on the actions taken. By means of a reward signal it is reinforced and receives feedback

on its decisions. Once fully trained, a reinforcement learning agent is able select the actions resulting

in the highest rewards and achieves optimal performance. When system dynamics change, the agent

will see its reward signal change accordingly and adapts its policy. Many exploring trials may be re-

quired before an optimal policy is found. Additionally, exploration can be dangerous as fatal states can

be encountered from which further learning is impossible. In many instances problems can only be

solved using reinforcement learning when specific hyper parameters are chosen. As an aircraft faces

many different tasks this is undesirable and optimally the controller is robust to these hyper parameter

settings.

Reinforcement learning methods such as Heuristic Programming, Dual Heuristic Programming and

Incremental Dual Heuristic Programming [76], recently applied on aerospace systems, have shown that

high performance can be acquired whilst also being robust to unforeseen changes such as faults and

damage to the aircraft. The control law will automatically adapt itself. However, no guarantees about

safety can be given as the controller needs to explore in order to learn. This concern for safety during

exploration is not just evident in the aerospace industry but a general drawback of using reinforcement

learning as evident from e.g. [48, 41, 23, 21].

In this research an investigation into state-of-the art safe online reinforcement learning methods is

performed and applied into the field of flight control. The model free character of reinforcement learning

in combination with the demonstrated robustness to aircraft damages or faults offers many advantages

that could be of use in the field of adaptive flight control. However, before these methods can be applied

on a real aircraft, guarantees about safety have to be given [34]. The main goal of the research is to

develop a safe online reinforcement learning flight controller that retains the adaptiveness exhibited in

previous research [76] whilst also observing predefined safety limits. The controller should be robust

to both changes in the environment as well as to different learning settings.

1.2. Research Objective and Questions
A complete solution for safe online reinforcement learning in flight control is still far from completion.

In order to guide this research, a research objective is defined. Furthermore, research questions are

used to structure the study and to create a well supported conclusion. Next, to limit the study and to

create an achievable goal in the time available, a scope is provided.

The objective of this research is to increase the safety of aerospace systems through online rein-

forcement learning by developing a state-of-the-art safe reinforcement learning method and by com-

paring its performance to existing online reinforcement learning methods.

The following questions are used to structure the research. Each question provides more knowledge

and experience of a specific sub-problem such that, after all question have been answered, the research

objective is met.

1 What is the state-of-the-art in the field of online reinforcement learning?
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• What training methods are used for online reinforcement learning

• What is the state-of-the-art in the field of safe online reinforcement learning?

• What is the state-of-the-art in the field of safe online reinforcement learning in flight control?

2 How is a trade-off performed between safety and performance in reinforcement learning?

• How is safety compared/measured?

• How is performance compared/measured?

3 How is safety guaranteed when using reinforcement learning in flight control?

• How is safety defined in flight control?

• What (initial) information needs to be available to the system to ensure safety?

• What methods are available to ensure safety in initialization and exploration?

4 How does the performance of the selected safe online continuous reinforcement learning method

compare to existing continuous reinforcement learning controllers, such as (i)ADP?

• How does safety compare?

• How adaptive is the safe reinforcement learning method compared to existing reinforcement

learning controllers?

Question 1 will help provide the necessary knowledge and state-of-the-art methods that are required to

fulfill the research objective. Next, answering question 2 provides an insight in safety from the perspec-

tive of reinforcement learning. In order to successfully apply the knowledge on flight control problems

question 3 is used. Additionally question 3 also gives a view on safety based on current flight control

standards. Lastly, a comparison is made with current state of the art methods by answering question 4.

From the objective and the research questions the scope of the research can be limited to continuous

online reinforcement learning on a flight control problem. The focus is mainly on safety and robust-

ness of the algorithm and secondly on performance. A comparison between the proposed methods

is performed using a tracking task, whilst the information about the aircraft dynamics is unknown be-

forehand. As no aircraft dynamics are known by the reinforcement learning controller, initialization of

the simulations will not take place near failure states. Furthermore, known aircraft state limits are also

given to the algorithm. Lastly, as this research is a proof of concept, only longitudinal control is studied.

1.3. Outline
This report consist of 4 sections. First in Part I the research is presented in the formal of a scientific

paper. This can be read as a standalone document and provides the reader with a full understanding

of the research carried out. Furthermore, relevant conclusions and suggestions for further research

are also included. In Part II the basis of the research is given. chapter 2 presents a literature overview

of both the basics and state-of-the-art of reinforcement learning and safe reinforcement learning. Also

the topic of safety in flight control is touched upon. Next chapter 3 presents the preliminary analysis

performed, which presents a proof of concept using tabular q-learning. The proof of concept led to

the framework studied in this research. Lastly, Part III shows additional results not presented in the

paper. This includes examples of individual runs on the height trajectory task in chapter 4, a discus-

sion of the accuracy and usability of the predicted states in chapter 5, and a discussion regarding the

provided learning impulse in chapter 6. Next an extensive conclusion answering all research questions

is provided in chapter 7 and finally recommendations for future research are given in chapter 8.
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Safe Online Continuous Reinforcement Learning for Flight
Control

Rick R. Feith∗

Delft University of Technology, P.o. Box 5058, 2600GB Delft, Nederland

Online continuous reinforcement learning has shown promising result in flight control
achieving near optimal control within seconds and the capability to adapt to sudden changes
in the system. However no guarantees about safety and performance can be given, needed for
use in general aviation. Furthermore performance is often dependent on the precise tuning
of the hyper parameters inside the system. These issues are not solely faced in aviation, but
encountered in every safety-critical sector. As an initial step in providing guarantees about
safety and performance, this paper presents Safe Incremental Dual Heuristic Programming
(SIDHP). SIDHP combines the fast learning speed of Incremental Dual Heuristic Programming
(IDHP) with a safety layer, able to keep the aircraft within a predetermined safe flight envelope
during training. SIDHP is demonstrated and compared to IDHP using a high fidelity nonlinear
flight simulation of a Cessna Citation II in three separate experiments. SIDHP is more robust
with respect to changing hyper parameters compared to IDHP allowing for a more general
application. Furthermore it is shown that SIDHP does not reduce convergence speed and is
still able to cope with sudden changes within the system.

Nomenclature

s = state vector
at, ap, ac, as = action vector, proposed action vector, corrective action vector, safe action vector
La, LC = Actor and Critic Loss
r = reward
t = current timestep
WC,W A = critic neural network weights, actor neural network weights
ηC , ηA, ηs = critic learning rate, actor learning rate, safe learning rate multiplier
F, F̂ = state matrix, estimated state matrix
G, F̂ = input matrix, estimated input matrix
γ = discount factor
e = error vector
v(s) = value function
λ(s) = partial derivative of the value function with respect to each state
π(s) = policy function
Θ = RLS weights
Λ = RLS covariance matrix
X = RLS measurement matrix
ε = RLS prediction error
k = RLS forgetting factor
n, q, α, θ, V , H = load factor, pitch rate, angle of attack, pitch attitude, Velocity, Height
δe = elevator deflection

∗MSc Student, Faculty of Aerospace Engineering, Control and Simulation Department, Delft University of Technology.
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I. Introduction

Aviation is widely regarded as the safest means of transport [1]. Continuous advancements from the aviation
industry alongside with strict international rules make that the number of incidents per year are still declining∗,

whilst the total number of flights are increasing†. The introduction of Flight Control Systems (FCS) has enhanced this
safety by adding closed loop stability, putting boundaries on pilots inputs and reducing the pilots workload [2]. FCSs
have been designed using linear control theory for many years, with satisfactory results. Nonetheless, linear control
theory suffers from performance degradation due to non-linearities, uncertainties in the model, and faults or damage
taken by the aircraft in reality. Furthermore the design of FCSs using linear control theory is costly due to required gain
scheduling because of the range of dynamics in the operating range of the aircraft and the need for an accurate model
which might not be readily available [3]. The performance degradation can also lead to safety issues when damage
occurs. With the rise of autonomous systems this need for adaptive control and safety becomes even more apparent.

In order to combat the performance degradation a lot of research has been performed and proven on aircraft. For
example Doyle, Lenz, and Packard [4] have shown H∞ loop shaping in combination with µ-synthesis, whilst Kulcsár
[5] has shown how a Linear Quadratic Regulator (LQR). Both allows for the shaping of the controller such that the
robustness and performances are balanced. However both are mathematically complex linear methods and therefore less
effective as the system becomes more complex and non-linear.

Next Non-linear Dynamic Inversion (NDI) has shown to be able to cope with non-linearities as it linearizes the
system with an inner loop [6], but lacks robustness to uncertainties and sensor noise. In [7] Incremental Non-linear
Dynamic Inversion (INDI) is presented which is more robust and can handle uncertainties and sensor noise. These
methods have been used in actual flight [8, 9] and showed improved performance over classical linear control methods.
In particular NDI and INDI are interesting as they can cope with uncertainties, non-linearities and have the ability to
adapt to changing aircraft behavior due to faults or damage. However implementation of the above mentioned methods
can be mathematically complex and its performance dependent on the sensor accuracy.

The advancement of reinforcement learning in recent years made that it has found its way into the field of adaptive
flight control. In the field of computer science state-of-the-art reinforcement learning algorithms using neural networks
have resulted in high performance on simple and complex tasks. The DDPG algorithm [10] showed how reinforcement
learning can be used on continuous tasks ranging from simple pendulum swings to more complex locomotion tasks.
Furthermore, reinforcement learning has also shown to be able to adapt to changing circumstances [11].

In fundamental reinforcement learning an agent must learn from its own experiences through trial and error. It does
not have any information with regards to the system it is controlling. By means of a reward signal it is reinforced and
receives feedback on its decisions. Once trained, a reinforcement learning agent is able to select the actions resulting in
the highest rewards and achieves optimal performance. When system dynamics change, the agent will see its reward
signal change accordingly and adapts its policy. Many exploring trials may be required before an optimal policy is
found. Additionally, exploration can be dangerous as fatal states can be encountered from which further learning is
impossible. In many cases convergence is only achieved with specific hyper parameter settings.

Reinforcement learning methods such as Heuristic Dynamic Programming (HDP), Dual Heuristic Dynamic
Programming (DHP) and Incremental Dual Heuristic Dynamic Programming (IDHP) [12], recently applied on aerospace
systems, have shown that high online performance can be acquired whilst also being robust to unforeseen changes such
as faults and damage to the aircraft. However, no guarantees about safety can be given as the controller needs to explore
in order to learn. This concern for safety during exploration is not just evident in the aerospace industry but a general
drawback of using reinforcement learning as evident from e.g. [13–16].

The contribution of this research is a Safe IDHP (SIDHP) reinforcement learning flight controller. The model free
character of reinforcement learning in combination with the demonstrated robustness to aircraft damages or faults offers
many advantages that could be of use in the field of adaptive flight control. However, before these methods can be
applied on a real aircraft, guarantees about safety have to be given [17]. SIDHP can learn a near optimal policy online
whilst a safety layer keeps the aircraft from entering unsafe states. This is done by predicting the next states, using the
chosen action, and replacing the action if the predicted state is deemed unsafe. The entire framework is demonstrated on
a high fidelity non-linear model of a Cessna Citation II. SIDHP shows robustness to both changes in the environment as
well as to different learning settings.

The paper is structured as follows. First, in section II, previous research used is summarized. Next, in section III the
concept of SIDHP is explained. This is followed by the experimental setup in section IV. section V presents the results.
Lastly, section VI provides the conclusion and recommendations for future work.

∗http://www.baaa-acro.com/statistics/crashs-rate-per-year
†https://www.statista.com/statistics/564769/airline-industry-number-of-flights/
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II. Methodology
In this section a short motivation for the choice of IDHP is given followed by an explanation of IDHP. A background

into safe reinforcement learning is provided after which a novel safe approach for aircraft control is presented.

A. Incremental Dual Heuristic Programming
In reinforcement learning an agent learns to control an environment through trial and error. The only information

received is the current state and the accompanying reward, the output consequently is the action taken. This is also
visualized in Figure 3. The agents objective is to maximize the total cumulative reward, or return Gt , which corresponds
to finding a near optimal control policy.

When using a reinforcement learning controller in order to control an aircraft in an online fashion, the controller
needs to learn how to control the aircraft before the aircraft is out of control. Thus a method is required that converges
quickly. Incremental Dual Heuristic Dynamic Programming (IDHP), as presented in [12], is chosen as a starting point.
This method proved to be capable of learning online. IDHP uses an actor neural network, a critic neural network, and an
incremental model to model the environment. Knowledge about the environment is more efficiently gained through
the use of the incremental model, such that online learning is possible even for non-linear environments. As an added
benefit of this method the incremental model generated by this method can also be used to predict future states, which
are used by SIDHP as shown in subsection II.B.

The function approximators for the critic and actor are small fully connected neural networks with 1 hidden layer.
These are able to approximate any non-linear function in a compact space, are differentiable, and already widely used in
reinforcement learning and intelligent control systems[11, 14, 18]. Furthermore it should be noted that although in
classical reinforcement learning the reward is determined by the environment, in the case of IDHP the reward function
is designed and known such that it is differentiable.

First the incremental model is derived, after which the critic and actor networks are described along with their
update rules. The definitions and mathematical formulas used are taken from [12]. [19] or [20] as indicated. Vectors are
written in bold.

1. Incremental Model
In fundamental reinforcement learning no knowledge of the system is known beforehand and all should be learned by

the agent through trail and error. In order to speed up this process IDHP also learns a incremental model of the system
which is then used to more accurately provide gradient updates to the critic and actor. This incremental model can be
seen as a first-order Taylor expansion of the discrete non-linear plant at a point [st ,at ] as shown in Equation 1 [19].
Here F and G are also known as the state and input matrix respectively and can be seen as the state-transition functions.

st ≈ st−1 +
∂ f (st−1, at−1)

∂ st−1
[st−1 − st−2] +

∂ f (st−1, at−1)

∂at−1
[at−1 − at−2] = st−1 + F∆st−1 + G∆at−1 (1)

In order to estimate the matrices F and G, Recursive Least Squares (RLS) is used. In addition to F and G
RLS requires a forgetting factor, k, which weights the measurements exponentially, reducing the weight of older
measurements. Furthermore a covariance matrix, Λ, is used to indicate the confidence and update rate of the model.

RLS first compiles F and G into Θ, and ∆s and ∆a into X as seen in Equation 2 and 3. Next, an estimated next
change in state, ∆ ŝ, is calculated according to Equation 4. The error between the actual change in state, ∆s, and the
estimated change in state, ∆ ŝ, can then be found using Equation 5. From here using Equation 6 and Equation 7 the RLS
model is updated. Equation 2, 3, 4, 5, 6 and 7 are taken from [12].
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Θ̂t−1 =
[
F̂
T
t−1 Ĝ

T
t−1

] T
(2)

X t = [∆st−1 ∆at−1]
t (3)

∆ ŝTt = XT
t−1Θ̂t−1 (4)

ε t = ∆s
T
t − ∆ ŝ

T
t (5)

Θ̂t = Θ̂t−1 +
Λt−1X t−1

k + XT
t Λt−1X t

ε t (6)

Λt =
1
k

[
Λt−1 −

Λt−1X tX
T
t Λt−1

k + XT
t Λt−1X t

]
(7)

2. Critic network
The role of the critic is to provide feedback to the actor by learning to estimate the partial derivative of the value

function,v(s), with respect to each state element, indicated by λ(s). This partial derivative is then used by the actor to
optimize for the maximum return. As explained IDHP requires a reward function that is differentiably. For this study
the reward function is defined as the negative of the squared error between the state and the reference state. This can be
seen in Equation 8, Equation 9 shows the property of the value function.

rt = −(st − s
re f
t )

2 (8)
vt = rt + vt−1 (9)

The loss function used to optimize the critic is defined as the mean squared error, as seen in Equation 10 [19, 20]
and needs to be minimized. The error, e, used can be found in Equation 11 [19, 20] and can interpreted as the partial
derivative of the temporal difference error with respect to the state vector. Here the need for a differentiable reward
function becomes also clear. A discount factor, γ, is used to discount future rewards, λ̂ is the output of the critic network.

LC
t =

1
2
et e

T
t (10)

et =
∂ [v(st−1) − (rt + γv(st ))]

∂ st−1
(11)

= λ̂(st−1,w
C
t ) −

[
∂r(st )
∂ st

+ γλ̂(st,w
C
t )

]
∂ st
∂ st−1

Using the learned incremental model as shown in Equation 12 [19, 20] gives us the term ∂st
∂st−1

. Here ∂π̂(st−1 ,w
A
t−1)

∂st−1
is

the current policy by the actor. As the actor is also a neural network it is guaranteed to be differentiable.

∂ st
∂ st−1

=
∂ f (st, at )
∂ st

+
∂ f (st, at )
∂at

∂at
∂ st

≈ F̂ t + Ĝt

∂π̂(st−1,w
A
t−1)

∂ st−1

(12)

The total gradient used for the network can then be found using Equation 13 [19, 20], with ∂λ̂(st ,w
C
t )

∂wC
t

being provided
by the neural networks internal learning framework. This gradient is then applied according to Equation 14 [19, 20]
where η represents the learning rate. The critic is updated at each timestep.

∂Lt

∂wC
t

=
∂LC

t

∂λ̂(st,w
C
t )

∂λ̂(st,w
C
t )

∂wC
t

= et
∂λ̂(st,w

C
t )

∂wC
t

=

[
λ̂(st−1,w

C
t ) −

(
∂rt
st
+ γλ(st )

) (
F̂ t + Ĝt

∂π̂(st−1,w
A
t−1)

∂ st−1

) ]
∂λ(st )

∂wC
t

(13)
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Fig. 1 Overview of informational flow when IDHP is used. Dotted lines represent feedback loops used for
learning.

wC
t+1 = wC

t − η
C ∂Lt

∂wC
t

(14)

3. Actor network
The goal of the actor network is to find a policy that yields the maximum reward, or π(st ) = arg maxat

v(st ). As
such the the loss function used to optimize is defined in Equation 15 [19, 20].

LA
t = −v(st ) = − [r(st ) + γv(st )] (15)

The learning rule used to update the actor can thus be derived and this is shown in Equation 16 [19, 20]. The need
of the learned incremental model is again visible in Ĝt . Additionally it can also be seen how the critic network, which
outputs ˆλ(st ), is used and affects the performance of the agent. Lastly the weight updates are performed according to
Equation 17 [19, 20]. The actor is also updated during each timestep.

∂Lt

∂wA
= −
∂ [rt + γv(st )]
∂wA

t

= −

[
∂rt
∂ st
+ γ
∂v(st )

∂ st

]
∂ st
∂at−1

at−1

wA
t

≈ −

[
∂rt
st
+ γλ̂(st )

]
Ĝt
∂at
∂wA

(16)

wA
t+1 = wA

t − η
A ∂Lt

∂wA
(17)

A complete overview of the informational flow used in IDHP can be found in Figure 1.

B. Safe Reinforcement Learning
Finding a near optimal control policy can take many trials as in theory all state-action pairs will have to be visited to

find the optimal policy. If not enough state-action pairs are explored the optimal policy may not be found, spending
too much time exploring is also not desirable as this time could be used to gather rewards instead. This problem is
known as the exploration-exploitation dilemma[13]. Additionally, not all state-action pairs are safe or lead to safe states
which makes exploring dangerous. In practice this often means that a reinforcement learning controller only works
with a very specific initialization and learning rate and even then no guarantees about safety can be given. During
computer simulations the worst that can happen is a failed trial run. In real life exploring the entire state-space could
prove dangerous. An aircraft could end up in an unrecoverable stall or dive, or a robot could possibly damage itselves or
its surroundings. Therefore a lot of research has already been performed on safe reinforcement learning. Here a short
overview of safe reinforcement learning is provided.
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In order to increase the safety of reinforcement learning during exploration one must realize reinforcement learning
makes use of exploration in order to obtain knowledge about the environment. If exploration is therefore limited
somehow, external knowledge needs to be provided [15, 21].

A simple and widely adopted approach is to simply penalize unwanted states. As such the agent will learn to avoid
these [22]. In this case extra knowledge is added to the reward function. However, the agent will still have to experience
these states before knowing that a penalty is inflicted and therefore for aerospace control this is not a desirable solution.
Additionally, a risk-sensitivity approach can be taken by the agent in which case not only reward, but also the risk
is taken into account in the decision process [15]. Combining this with a backup trajectory to a known safe state as
shown in [13] has yielded promising results. However, these method often require a conservative but safe controller as a
starting point. This controller is not always known.

Furthermore "learning from demonstration", in which case the agent tries to emulate a (human) controller, has also
been studied extensively [15, 22, 23]. Here knowledge is added in the form of safe examples. Another approach, found in
[24], uses reinforcement learning to tune a safe, but not optimal controller, such that safety is guaranteed but performance
increases. Again, for this method to work, an initial controller has to be available. Next, [14] uses reinforcement learning
in combination with robust control theory. The robust controller maintains stability and reinforcement learning increases
performance. For this approach an uncertain model of the environment needs to be available. As a last example, in [16]
a safety layer is used in order to constrain the output of the agent to actions that are known to keep the environment in a
safe state. Here an offline training phase is used to generate the safety layer such that it knows which actions and states
are safe.

It can be seen that each method requires some form of external knowledge to work. For the problem this study tries
to solve, namely online safe exploration without prior knowledge of the environment or controller, however none seem a
fit solution. Therefore this study presents a novel adaptation of IDHP, Safe IDHP, increasing the safety in reinforcement
learning problems without prior knowledge of the controller or environment.

III. Safe Incremental Dual Heuristic Dynamic Programming
In this section the application of Safe Incremental Dual Heuristic Dynamic Programming (SIDHP) is presented.

The specific problem of safe online continuous reinforcement learning for flight control requires the controller to learn
online, preferably without prior knowledge, but to also learn safe. As such SIDHP is developed based on IDHP [12] and
the concept of a safety layer as presented in [16].

A. Safety in Flight Control
In flight control safety is expressed in the stability of the aircraft, and the safe flight envelope the aircraft has to adhere

to. In reinforcement learning these terms would coincide with "convergence" and adhering to the "safe states." A stable
aircraft will contribute to safety as it will return to its initial state after a disturbance such as a windgust. Furthermore, to
increase performance an aircraft is often tuned to be slightly underdamped [25]. For reinforcement learning stability is
difficult to express, as the controller is constantly changing. This also creates issues during certification of the controller.
The current tests and metrics used are unable to certify adaptive controllers, as expressed by [26] and [27]. This however
is outside the scope of this research.

The safe flight envelope of an aircraft indicates in what states the aircraft can fly as directed by the design limits. As
opposed to stability, which can be improved through tuning of the controllers, the design limits can not be altered. For
example, aerodynamic constraints can lead to a maximum angle of attack, and structural constraints have an influence
on the maximum load factor. Furthermore the current state of the aircraft, such as velocity and aircraft weight affect
the safe flight envelope. Modern aircraft often have a flight envelope protection system to increase the safety during
operation [2]. Additionally during flight, altitude and speed limits can be given by the local authorities. Identifying
these limits is a complex procedure and not non-trivial, but outside the scope of the research. The safe flight envelope is
directly correlated with the safe states the aircraft can explore using a reinforcement learning controller. For the specific
problem of safe online continuous reinforcement learning for flight control it is thus known in advance what the safe
states space (SSS) [13] is under normal operation. This knowledge can thus be provided in advance.

B. Safety Layer
The addition of a safety layer as presented in [16] ensures that actions leading to an unsafe state are replaced by

an action leading back to a safe state much like a flight envelope protection system for PID control. A comparison
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Fig. 2 Reinforcement learning framework transition by the addition of a safety layer.

with respect to fundamental reinforcement learning can be found in Figure 2. The same concept is applied on IDHP.
In [16] first an offline learning phase is performed to learn the safe states and an internal constraint model. This is
undesirable as a solution for online learning is required. With the assumption that the safe states are known in advance
through the safe flight envelope this offline learning phase is not required. Additionally, the incremental model included
in IDHP provides a basis for predicting future states and can be used to determine if the safety layer should replace the
current action. Benefits of using an incremental linear model instead of using a second non-linear model trained trough
reinforcement learning have been expounded upon in [12], the general motivation is the speed of convergence for linear
models.

The safety layer performs four steps to ensure the aircraft stays within its safe flight envelope. First, a prediction of
the future state is calculated using the learned incremental model contained in IDHP using Equation 18. By repeating
the calculation st+n can be found, where n indicates the number of future time steps to be predicted. Increasing this
number also increases the uncertainty of the result since a prediction of a prediction is made. Furthermore, the algorithm
makes the prediction assuming the same action is applied at each timestep, this can differ from reality.

ŝt+1 ≈ st + F̂ t∆st + Ĝt∆at (18)

Secondly, a check is performed whether the predicted state vector is within the safe flight envelope or not. If the
predicted state vector is within the boundaries the learning algorithm continues without intervention. If the predicted
state vector is outside of a boundary a new action is proposed that brings the aircraft further back into the safe state
space. The new action is determined by looking at the sign of Ĝt of the corresponding state that exceeds the boundaries.
In order to keep the process relatively smooth the previous action at−1 is taken as starting point and from there the
safety layer adjusts the action according to Equation 19 where ac is a constant corrective parameter and as represent the
safe action. This smoothness is required to ensure that the learned models and controllers have time to adapt and no
discontinuities are encountered.

as = at−1 + signum(Ĝt )ac (19)

Lastly, in order for the agent to learn from this action the learning process is now altered for the actor. Instead of
using Equation 15 and 16 to find ∂Lt

∂wA Equation 20 and 21 are used. Here at indicates the proposed action by the actor,
ηs is a learning rate multiplier to increase the impact of the safety layer. Basically the actor learns to emulate the safety
layer when it is activated. With this step the actor is provided information with regards to the safe states and is able to
learn the bounds of the safe flight envelope. This can be compared to "learning from demonstration" [23].

LA
t = −η

s(as − at )
2 (20)

∂Lt

∂wA
= −2ηs(as − at ) (21)

(22)

To further smoothen the process, the safety layer is only active if it was not active the previous timestep. This allows
for more accurate critic updates as no discontinuties in the states are encountered. If the safety layer were to bring the
aircraft into an entire different part of the state space in one timestep, the current critic and actor might not be valid
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Algorithm 1 Overview of Safety Layer
Require: IDHP-agent, Safe State Space, simulation environment, ac

at , F̂ t , Ĝt ←IDHP-agent
st ←environment
for i in n do

st+i+1←st+i + F̂ t∆st+i + Ĝt∆at
end for
if st+n ∈ SSS then

∂Lt

∂wA ←−

[
∂rt
st
+ γλ̂(st )

]
Ĝt

∂at

∂wA

else
as ←at−1 + signum(Ĝt )ac
∂Lt

∂wA ←−2ηs(as − at )
end if

Fig. 3 Reinforcement learning framework transition by the addition of a safety layer.

there. A more gradual and smooth approach means they maintain their validity and performance. An overview of the
informational flow is found in Figure 3, whilst Algorithm 1 contains the pseudocode.

In [16] a method is proposed to deal with multiple boundaries crossings at a single timestep. As SIDHP is applied
to an aircraft control task an aviation approach is used. Upset recovery strategies have been researched extensively
in the past and therefore the same strategy is applied here, boundaries are checked in the following order according to [28]:

1) Structural loading: the loadfactor n.
2) Angular accelerations: as only longitudinal tests are performed this consists of only the pitch rate q.
3) Stall limit: angle of attack α.
4) Airspeed: Velocity of the aircraft V .
5) Altitude: The height of the aircraft H.

As an example, an aircraft is flying lower than the reference and even below the minimum altitude. The controller
therefore proposes an extreme pull-up manoeuvre. SIDHP predict the proposed action will result in a crossing of the
maximum loadfactor and it detects that the aircraft is flying to low. Still it will replace the action with a less extreme
action to avoid the structural limits as this has a higher priority.

IV. Experimental setup
In order to compare the performance and safety of IDHP and SIDHP three separate experiments are executed.

The first experiment is a simple proof of concept tracking a pitch rate reference qR, the second experiment compares
safety and performance in nominal flight, by tracking a height trajectory HR, the last experiment tests the controllers
ability to deal with sudden changes, again tracking a pitch rate reference qR. All experiments are performed using only
longitudinal control.

A. Simulation Model
The experiments are performed using a high fidelity non-linear, six-degrees-of freedom model of a Cessna Citation

500, similar to the research aircraft used by the faculty of Aerospace Engineering of Delft University of Technology,
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Table 1 I/O of Cessna Citation 500 model.

Input (action) Input Limit Output (state)

δe [−20.05,14.90] ° q,θ,α,V ,H,n, qR or HR

Fig. 4 PH-LAB research aircraft operated by Delft University of Technology and similar to the simulation
model used [29].

developed with the Delft University Aircraft Simulation Model and Analysis Tool (DASMAT) [29, 30]. This model
has also been used with success in previous research [19, 20]. For the experiments the model is initialized in a steady
straight flight at an altitude of 2000 meter and a velocity of 90 m/s. Since only longitudinal motions are used, the
ailerons and rudder are not used, only the elevator deflection is controlled by the agent. Unless stated otherwise the
aircraft is in untrimmed condition and thus will slowly drift from its initial state. Time steps have a size of 0.2 seconds.

B. Controller Design
For experiment 1 and 3 a pitch rate reference,qR is tracked and the reference signal outputted by the simulator can

be used by the controller. For task 2 however, a height reference is given, which proved difficult to learn online. Other
reinforcement learning methods such as Hierachical Reinforcement Learning [31] where one controller learns to map
HR to qR and a second controller maps qR to δe could provide an outcome. This is outside the scope of this research.
Therefore an outerloop PID controller is used, as demonstrated in previous studies [19, 20]. The complete loop requires
2 PID controllers, as seen in Figure 5. For all experiments it is assumed that the measurement are clean.

C. Reinforcement Learning Controller parameters
For the IDHP and SIDHP controllers multiple (hyper-) parameters have to be configured. These are chosen based on

literature and/or early experiments.
As inputs the controller receives q and qR, it outputs δe. Additionaly the incremental model also receives α, γ,θ, V ,

Fig. 5 Outer loop PID controller layout.
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Table 2 Hyper parameters used by IDHP and SIDHP during the different experiments, values in bold are used
in experiment 1 and 3, experiment 2 loops over all values.

Parameters Values

ηWA ,ηWC [0.1, 0.2, 0.5,1, 2,5], [0.2, 0.4, 1, 2, 4, 10]
ηBA ,ηBC [0, 0.0001, 0.001], [0, 0.0002, 0.002]
ηs 10
γ 0.8
W A

0 , WC
0 µ = 0, σ = [0.001,0.01,0.1]

BA
0 , BC

0 0
F̂0, Ĝ0,Λ0 0,0, I
k 1
ac 0.0035 rad
t + n 10 steps or 0.2 sec

H, and n as input. These are required to predict future states. The choice could also be made to add all inputs to the
controller, early tests showed that this did not increase either safety or performance, but did increase running time.

The neural network consists of 1 hidden layer with 1 node for both the actor and the critic. The hidden layer uses a
hyperbolic tangent function whilst the output layer is linear. As only q and qR are given as input to the network this
proved most effective, decreasing converging times. An overview of all the hyperparameters that are used for the neural
network, the incremental model and the safety layer can be found in Table 2. The bold parameters are the optimal
parameters and used in experiment 1 and 3. Experiment 2 uses the complete range of values.

V. Results and Discussion
In order to compare the performance of SIDHP to IDHP three experiment are executed. Each experiment

demonstrates a different ability of the algorithms.

A. Experiment 1: Tracking a Reference Pitch Rate
For the first experiment a reference pitch rate is generated. The algorithms have to successfully learn to track

the reference. Additionally, a virtual bound is given on the maximum and minimum pitch rate, representing a safe
flight envelope. These bounds get narrower as time progresses using exponential decay. The motivation being that the
controllers should be able to more accurately follow the reference as time progresses and less space for exploration is
required. This demonstrates the working principle of SIDHP.

The reference trajectory consist of a sinusoid with an amplitude of 5 ° and a frequency of 0.1 Hz. The run starts
with random exitation to allow for faster converge. If the reference would move outside the bounds, the bound becomes
the reference. In Figure 6 the results of the experiment can be seen for 100 runs using IDHP and 100 runs using SIDHP.
Next in Figure 7 a randomly selected single run is shown and the different behaviour near the bound can clearly be seen.
In Figure 8 the elevator deflection outputted by the respective agents can be found for a randomly selected single run.

For this particular task the overall tracking performance between IDHP and SIDHP is similar, as can be seen in
Figure 6. The difference between IDHP and SIDHP becomes clear when looking at the behaviour near the bound,
shown in Figure 7. It can be seen that IDHP tracks the reference well, but suffers from overshoot. As the reference
follows the bound IDHP shows underdamped behaviour as it oscillates until the reference moves away from the bound
again. In the case of SIDHP it can be seen that the algorithm predicts a crossing of the boundary and activates the safety
layer. As a result the boundary is never crossed and after a short oscillation period SIDHP moves away slightly from the
boundary. As the reference moves away from the bound SIDHP continues tracking the reference. That SIDHP moves
away from the boundary can be explained by the learning impulse the safety layer gives to the network, according to
Equation 21. As it learns to emulate the safety layer SIDHP learns to avoid the boundary. The same behaviour is seen in
Figure 8, the safe action applied gives a learning impulse which reduces the maximum elevator deflection encountered.
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Fig. 6 Experiment 1: Tracking a reference pitch rate
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Fig. 7 Experiment 1: Enlarged view of Figure 6 show-
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Table 3 Overview of the limits used during the height tracking task

State Lower Bound Upper Bound

n [-] -0.5 3
q [deg/s] -15 20
α [deg] -5 12
V [m/s] 80 130
H [m] 1800 2600

B. Experiment 2: Sensitivity Analysis
The robustness of reinforcement learning is often an issue. Convergence for a specific problem is often only achieved

with specific learning rates and/or weight initializations whilst for a different problem these specific parameters could
be far from ideal. For an aircraft, encountering a variety of different problems during its flight, this is undesirable.
Therefore, in this experiment the robustness of IDHP and SIDHP with respect to their hyper parameters is compared.
Both controllers have been applied to a height tracking task as seen in Figure 15. Each controller performs 100 runs
for all combinations of hyper paramers as seen in Table 2. Additionally, limits have been set for n, q, α, V and H
beforehand, which should not be crossed, representing a safe flight envelope that should be adhered to. These limits can
be found in Table 3, it can be seen that the limits are now set beyond a normal flight envelope unlike in experiment 1. If
these bounds are crossed the run is considered a failure.

In Figure 9, Figure 10 and Figure 11 the number of failed runs are shown with weight initializations of 0.1, 0.01
and 0.001 respectively. In these figures the x-axis shows the learning rate of the weights whilst the different markers
show which specific bias-learning rate is used. In these figures 0 failures is optimal, whilst 100 failed runs is the worst
performance achievable. The exact number of failures can be found in Table 4.

In all figures, and Table 4, it can be seen that with low learning rates IDHP does not converge in time and fails in
(almost) every run. SIDHP however is also not able to converge quickly, but due to the safety layer and the accompanied
learning impulse it manages to find a working policy and converge. An example of single run for both IDHP and SIDHP
can be seen in Figure 15 and Figure 16 shows the elevator deflection given by IDHP and SIDHP. It can be seen that
up until the convergence of SIDHP the safety layer makes small adjustment to ensure the given limits are not crossed.
Although the controller is only able to control the inner loop pitch rate, the safety layer is able to ensure the outer loop
altitude limits are not crossed. Using upset recovery strategies ensure that correction to the altitude only occurs if it is
permitted according to the complete state. At low learning rates IDHP was unable to stay within the predetermined safe
flight envelope in over 2300 out of 2700 runs, whereas SIDHP was unable stay within the safe flight envelope in only 3
out of 2700 runs.

For the data point with a learning rate of 1 IDHP and SIDHP perform similarly showing 0 failures for almost every
combination of bias learning rate and weight initialization. In total IDHP exceeds the bounds in 39 out of 900 runs
whilst SIDHP does so in 1 out of 900 runs. For a learning rate of 2 and 5 it can be seen that IDHP again is unable to find
a working policy, except for the instance where the weight initialization was 0.1. SIDHP is also unable to attain low
failure rate as the learning rate starts to increase. However the number of failures is still less than for IDHP. Again the
exception is for the weight initialization of 0.1, here SIDHP actually creates more failures than IDHP. For the higher
learning rates closer inspection showed that failures where mainly due to numerical errors. The high learning rate either
ensured quick converge, or created an exploding gradient. The exploding gradient lead to infinite inputs of the elevator
deflections which caused the simulation to fail. The safety layer is now effectively slowing down the learning process to
ensure safe movements. Altough SIDHP was not created to combat these issues still a general improvement over IDHP
can be seen.

In Figure 12, Figure 13 and Figure 14 the performance difference between IDHP and SIDHP is shown where the
average of the square root of the cumulative reward of the successful runs is compared. The cumulative reward is
defined according to Equation 8 and 9 and can be interpreted as the cumulative sum of the pitch rate error. This metric is
comparable to the transient performance measure (TPM2), which is proposed to be used in future aircraft certifications
for adaptive control by [27]. The cumulative rewards are capped at -75, while 0 is the maximum achievable reward.
When 100 failures occur the average reward is also set to -75.

It can be seen that IDHP and SIDHP are both unable to reach a reward above the threshold of -75 for low learning

18



Table 4 Overview of the number of failures for both IDHP and SIDHP categorized according to the learning
rate.

Learning Rate IDHP Failures SIDHP Failures
0.1 894 1
0.2 887 2
0.5 597 0
1 39 1
2 361 98
5 387 227
Total 3165 329
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ferent combinations of learning rate and bias learning
rate with a weight initialization of 0.001. Blue shows
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rates. As the learning rate improves and IDHP is able to complete a run its performance can be seen to be around 15%
higher than for SIDHP. For higher learning rates the difference in performance is negligible. The fact that IDHP is not
constrained in exploration can explain this increased performance. However, it is this freedom of exploration that also
leads to failures.

In conclusion, it can be seen that SIDHP can be considered to be more robust to hyper parameters settings compared
to IDHP. The number of failures is lower. The performance of IDHP is around 15% better on the successful runs, but
only at low learning rates.

C. Experiment 3: Simulated Elevator Failure
This experiment displays the algorithms ability to deal with sudden changes in the environment. IDHP and SIDHP

are both tasked with tracking a pitch rate reference similar to experiment 1. This time the limits on the pitch rate stay
constant and the aircraft starts in trimmed condition. At 56 seconds a failure with the elevators is simulated. A loss
of trim is experienced and the elevator effectiveness is decreased to 50%. In order to continue to fly the aircraft, the
controllers have to both apply a different offset as the trim is lost, and increase the magnitude of command to compensate
for the loss of elevator effectiveness. Again 100 runs are performed. In Figure 18 the average of 100 runs is shown, also
displaying the minimum and maximum values encountered. Figure 19 zooms in on the behaviour at the time of the
failure for a single run and in Figure 17 the elevator command is shown for a single run.

From the figures it can be seen that both controllers are able to converge online in a similar manner to a working
control policy in around 30 seconds. When the failure occurs the aircraft drops in pitch rate due to the loss in trim. This
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Fig. 19 Experiment 3: Enlarged view of Figure 18
showing the behaviour around the failure for a single
run. Green indicates an activation of the safety layer.

is detected by both controllers and it can be seen, that after a short learning period and some corrective commands, the
pitch rate reference is tracked again. Figure 17 shows how the offset has changed from around 0° to around -3° as a
result of the loss of trim. Furthermore, it can be seen that the magnitude of the commands increase in order to deal with
the loss of elevator effectiveness, as expected.

When zooming in on the behaviour near the failure occurrence, it can be seen that the safety layer almost
instantaneously recognizes the failure. As a consequence a corrective action is proposed for SIDHP. This helps in
evading the boundary and thus increases safety. The performance is very similar to IDHP demonstrating that the safety
layer does not take away from the learning capabilities of the algorithm.

VI. Conclusion
The purpose of this research is to improve the robustness of continuous online reinforcement learning in flight

control. SIDHP is presented as an improvement of IDHP, improving robustness and safety. This is done by adding a
safety layer which uses predictions from a learned incremental model to alter actions which move the aircraft into a
unsafe state. SIDHP is demonstrated on a high fidelity non-linear aircraft simulation of a Cessna Citation.

Experiment 1 proves the concept of SIDHP, showing how bounds set beforehand are not exceeded. Actions moving
the aircraft outside the bound are corrected, increasing safety and performance. Experiment 2 compares the safety
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and robustness of SIDHP and IDHP on a height tracking task. It shows that SIDHP is more robust to changing hyper
parameters. At low learning rates IDHP is unable to stay within the predetermined safe flight envelope in over 2300 out
of 2700 runs, whereas SIDHP was unable stay within the safe flight envelope in only 3 out of 2700 runs. At the optimal
learning rates for this problem the safety performance was similar. In total IDHP exceeds the limits in 3165 out of 5400
runs, compared to only 329 out of 5400 runs for SIDHP. Tracking performance on succesful runs is around 15% better
for IDHP. Lastly experiment 3 demonstrates that the safety measures taken do not take away from the algorithms ability
to adapt to sudden changes in the environment. After a simulated elevator failure both IDHP and SIDHP are able to
converge to a new working policy. SIDHP is able to stay closer to the reference trajectory as a corrective action and
learning impulse is provided by the safety layer.

Although more work is required, SIDHP shows a new method of introducing safety guarantees for the field of online
continuous reinforcement learning in flight control. This results in a controller robust to aircraft damages or faults,
but also to changing hyper parameter settings, allowing it to solve a wider range of problems. SIDHP provides a new
solution that could allow the certification of reinforcement learning flight controllers on actual aircraft.

For further research it is recommended to investigate if the action corrective parameter can be adapted online using
the incremental model. This is expected to improve safety at higher learning rates. Additionally, an adaptive learning
rate can be implemented as has been done in [12]. Furthermore, this method could be combined with a risk signal, as
used in [13], to not only correct the actions and provide the learning impulse when crossing of the bounds is imminent,
but to get advance information about the bounds into the network. Lastly, in this research a safe flight envelope was
identified beforehand, applying an online safe flight envelope identification system in combination with SIDHP would
provide a complete solution.
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II
Literature and Preliminary Analysis

All chapters in Part II have been graded during the Literature Study.
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2
Literature Overview

In order to familiarize ourselves with the topic of safe online continuous reinforcement learning an

overview of the performed literature study is given in this chapter. First the topic of reinforcement

learning is introduced in section 2.1, followed by an overview of the current state-of-the-art in (safe)

reinforcement learning shown in section 2.2. Lastly the topic of safety in flight control is discussed in

section 2.3.

2.1. Introduction to reinforcement learning
The purpose of this section is to introduce the topic of reinforcement learning. This is done by first

providing a short history of reinforcement learning. Next an overview of the methodology used is given.

It should be noted that most information in this chapter is taken from ”Reinforcement Learning: an

Introduction” [65].

2.1.1. Short history of Reinforcement Learning
According to Sutton and Barto [65] the history of reinforcement learning can be separated into three

separate threads that later combined, formed reinforcement learning as we now know it. One thread

was concerned mostly with learning via trial and error and is visible in the earliest days of artificial

intelligence. The second thread focuses on the problem of optimal control using value functions and

dynamic programming and did not involve learning. The last thread using temporal difference methods

(see subsection 2.1.2) developed itself parallel to the first thread but only found its way into reinforce-

ment learning at the end of the 1980’s. In the 1980’s all threads combined to form what is now regarded

as the field of reinforcement learning.

Trial and error learning, finds its roots in animal learning. Thorndike worded the ”Law of Effect” to

describe the effect of reinforcing events after actions were taken [67]. Pavlov’s research on conditioned

reflexes first contained the term ”reinforcement” to describe how a pattern or behaviour is strengthened

based on a reward or punishment. Trial and error learning in a computer was also already mentioned in

the earliest ideas for artificial intelligence. Alan Turing describes a ”pleasure-pain system” which learns

based on a feedback signal [68] where a pain signal cancels all behaviour and a pleasure signal makes

the behaviour permanent. In 1950 W. Walter demonstrated his ”mechanical tortoise” which are tortoise

shaped robots capable of simple learning [69] through analog components and sensors. The idea of

using a brain-like computer structure can already be found in Marvin Minsky’s Phd Thesis, here he

used analog components to build a network of synapses that resembles the synapses in the brain [51].

The machine could alter its connection based on a reward signal. He also used the term reinforcement

learning in engineering literature to describe trial-and-error learning.

The coming forth of digital computers allowed programming of various learning tasks. However

pure trail-and-error learning, that is learning on the basis of evaluative feedback, became rare during

the 1960’s and 70’s. This can be attributed to the rise of supervised learning and a confusion that arose

about the relationship of supervised learning and reinforcement learning. Many researchers used terms
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Figure 2.1: Modern implementation of the cartpole task as used by Michie and Chambers. The goal is to balance the pole by

controlling the cart by means of force inputs left or right. The task terminates when the pole falls or the cart moves off the rail.

such as reward and punishment, reinforcement learning terms, whilst their systems were supervised

systems or included an all-knowing teacher within their systems.

In 1961 Michie presented a reinforcement learning controller MENACE which was able to learn

how to play tic-tac-toe through reinforcement learning. Later in 1968 Michie and Chambers presented

GLEE which could also master tic-tac-toe and BOXES. BOXES was applied on a pole balancing task

hinged on a moving cart with a failure signal giving feedback when the pole fell or the cart reached

the end of the track [50]. A modern implementations of the cartpole task can be seen in Figure 2.1.

This can be seen as one of the best early examples of reinforcement learning, the controller does not

know anything beforehand and learns through experience. It is also an early example of reinforcement

learning being used in control task and not just to play a game.

In 1972 Harry Klopf realized that the adaptive behaviour of reinforcement learning was lost as re-

search focused more and more on supervised learning. As a results he focused on trial-and-error

learning and opted for a more hedonic approach [40]. Later Sutton and Barto provided a clear separa-

tion between supervised learning and reinforcement learning [8].

The second thread describes the problem of designing a optimal controller. In 1950 Richard Bellman

and others extended the Hamilton Jacobi equation and created the Bellman equation. Here an optimal

return function is used to define what we now know as the Bellman equation. When solving problems

using the Bellman equation it is known as dynamic programming. He also introduced a discrete version

which we know now as a Markov Decision Process (MDP) [10]. Much research has been done on the

subject of dynamic programming, but it was not until 1987 that Werbos proposed to combine dynamic

programming with learning methods [72]. Next Watkins used reinforcement learning in combination

with MDP’s in order to create an online learning method using dynamic programming [71]. From this

point the connection between reinforcement learning and dynamic programming has only grown.

The third thread concerning temporal difference learning also find its roots in animal learning psychol-

ogy. Minsky realized early on that this principle could also be important in artificial intelligence. Next

Arthur Samuel implemented a learning method that contained several temporal difference ideas in

1959. Then for a long time, as with trial-and-error learning, no work was done on the subject of tempo-

ral difference learning until Harry Klopf revived the idea in 1972. Sutton and Barto, who were inspired

by Klopf and animal learning theories, then developed a model that included temporal difference learn-

ing. They developed the actor-critic architecture and applied to the same pole-balancing task Michie

and Chambers used [9].

When Watkins started developing Q-learning in 1989 all threads described above were joined together

[70]. Continued development has created reinforcement learning agents that are capable of outper-

forming humans in simple computergames and more complex tasks such as Chess or Go [61].

2.1.2. Methodology of Reinforcement Learning
To introduce the methodology of reinforcement learning this section will first present the basic idea

driving reinforcement learning. This followed by discussing different methods found within the field of

reinforcement learning.
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”Reinforcement learning is learning what to do, how to map situations to actions, so as to maximize

a numerical reward signal [65].” Actions may have effect not only on the immediate reward, but also

on future rewards. An algorithm, or agent, must learn from its own experience and is not told what

action to take or what reward can be expected. In this research the FCS takes the role of agent and

must choose which action to take such that the aircraft behaves as desired. The taken action will have

an effect on the environment, consisting of the full aircraft dynamics, and in turn the agent receive the

states and reward signal as feedback to close the loop. From these states the agent will choose a new

action again. This is displayed in Figure 2.2. From experience the agent must learn what actions is best

given a certain state. This is done by maximizing the cumulative rewards received, where the rewards

signal can be seen as a rating for the state the agent is in. Using a reward signal to reach a capable

controller is a key concept of reinforcement learning. The reward signal should therefore be designed

such that it guides the agent towards the desired controller. For example if we want an agent to fly an

aircraft and follow a certain trajectory we can design the reward signal such that it receives a reward of

1 when it follows the trajectory and a reward of 1 minus the tracking error when the aircraft deviates.

In the long run the agent will receive the maximum reward when it follows the trajectory precisely and

will learn to do so.

For simple problems with limited states information regarding what action is best given a certain

state can be stored in a simple look-up table, but for more complex problems these tables would re-

quire an immense amount of memory due to the ”curse of dimensionality” and thus approximations

are used. In this research these approximations are created using neural networks. This also has the

extra benefit that the neural network can approximate from experience what the optimal action is in a

state it has never encountered. These look-up tables and networks can then be trained using different

reinforcement learning algorithms and functions.

In this section the concepts of value functions and policy functions are explained. This is followed

by a short overview of the basic learning methods most often used, namely Dynamic Programming,

Monte Carlo learning and Temporal Difference learning. These learning methods will be discussed

based on a discrete finite problem which can be solved using a look-up table. Next continuous learning

is discussed and the use of approximations is presented, this leads to a solution also capable of solving

continuous problems.

Figure 2.2: Overview of a simple Reinforcement learning setup.

Policy function
A policy is a stochastic rule by which the agent selects actions as a function of the current states [65].

It decides what action to take not based on the expected return, but based on its current state. For

example when driving a car and the light turns orange a policy could be: ”I will stop when I ammore than

30 meters from the light.” In Equation 2.1 it can be seen that a policy defines the conditional probability

of each action given a certain state.

𝜋(𝑎|𝑠) = 𝑃𝑟{𝐴𝑡 = 𝑎|𝑆𝑡 = 𝑠} (2.1)

A special case of a policy is a greedy policy. It only chooses the action that has the highest probability

of reward and can be considered an optimal policy. When an agent applies such method it will never

visit states with low probability, however it can thus also not experience subsequent states that possibly

lead to higher reward. Thus from a learning perspective a greedy policy is not optimal and exploration

of all states is required.
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Value function
The goal of the learning agent is to maximize the cumulative rewards it receives in the long run. In

literature this is referred to as return, 𝐺𝑡, given in Equation 2.2. Here 𝑅𝑡+1, 𝑅𝑡+2, 𝑅𝑡+3, .. indicate the

rewards received after timestep 𝑡 and 𝑅𝑇 is the reward in the final timestep.

𝐺𝑡 = 𝑅𝑡+1 + 𝑅𝑡+2 + 𝑅𝑡+3 + ... + 𝑅𝑇 (2.2)

Equation 2.2 works well when a final timestep exist and training can be performed episodically. How-

ever many tasks are continuous and can not be broken up into episodes. This will lead to infinite

rewards disrupting the learning process. Therefore future rewards are discounted using a discount

factor, 𝛾, which varies between 0 and 1. If 𝛾 is closer to 0 the agent will focus on immediate returns,

when 𝛾 is closer to 1 the agent will look more into the future when deciding which action to take. Equa-

tion 2.3 and Equation 2.4 show how the discounted return function is defined where Equation 2.4 can

be easier to implement in algorithms.

𝐺𝑡 = 𝑅𝑡+1 + 𝛾𝑅𝑡+2 + 𝛾
2𝑅𝑡+3 + ... =

∞

∑

𝑘=0

𝛾𝑘𝑅𝑡+𝑘+1 (2.3)

𝐺𝑡 = 𝑅𝑡+1 + 𝛾𝐺𝑡+1 (2.4)

Value functions estimate how good a specific state is or how good a specific action in a given state is.

This is done by assigning to each state the expected total return, where future rewards are usually dis-

counted, based on the current policy. Equation 2.5 shows the definition of an on-policy value function,

meaning that starting from state 𝑠, policy 𝜋 is followed resulting in the state-value function.

𝑣𝜋(𝑠) = 𝔼𝜋[𝐺𝑡|𝑆𝑡 = 𝑠] = 𝔼𝜋[

∞

∑

𝑘=0

𝛾𝑘𝑅𝑡+𝑘+1|𝑆𝑡 = 𝑠] (2.5)

It is also possible to use a so called off-policy function or action-value function as shown in Equation 2.6.

Here the expected return is calculated given a certain state 𝑠 and taking action, 𝑎, possibly differing

from policy 𝜋, and thereafter following policy 𝜋.

𝑞𝜋(𝑠, 𝑎) = 𝔼𝜋[𝐺𝑡|𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎] = 𝔼𝜋[

∞

∑

𝑘=0

𝛾𝑘𝑅𝑡+𝑘+1|𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎] (2.6)

The state-value and action-value function can be estimated from experience. During training, experi-

ence refines the value function and it increases in accuracy. When using look-up tables the values in

the table are some sort of mean value (depends on the method) of all previous decisions. When an

approximation function is used the parameters of the function are altered with each update as to ”fit”

all measurements.

Dynamic Programming
Although Dynamic programming (DP) is at the basis of reinforcement learning as it used today, DP in

itself is less applicable to most reinforcement learning problems. This is due to the fact that DP as-

sumes that a perfect model of the environment is known which, in the case of reinforcement learning,

is usually not the case. Furthermore DP can have a significant computational expense.

DP can be seen as iterative loop, where first the value function is predicted, then the policy is altered

such that it is greedy with respect to the new value function. Next the value function is again estimated

with the new policy and so forth until the solutions converge. Starting from policy 𝜋0 this can be visualed,

where 𝜋∗ and 𝑣∗ indicate the optimal policy and optimal value function respectively:

𝜋0 → 𝑣𝜋0 → 𝜋1 → 𝑣𝜋1 → ... → 𝜋∗ → 𝑣∗

.

In DP finding the value function is known as policy evaluation. This is done according to Equation 2.7

where we start from Equation 2.5. Here 𝑝(𝑠′, 𝑟|𝑠, 𝑎) indicates the probability of ending up in state 𝑠′
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and receiving reward 𝑟 when action 𝑎 is taken in state 𝑠. DP assumes this knowledge is known for all

states and actions as was stated above.

𝑣𝜋(𝑠) = 𝔼𝜋[𝐺𝑡|𝑆𝑡 = 𝑠] = 𝔼𝜋[𝑅𝑡+1 + 𝛾𝐺𝑡+1|𝑆𝑡 = 𝑠]

= 𝔼𝜋[𝑅𝑡+1 + 𝛾𝑣𝜋(𝑆𝑡+1)|𝑆𝑡 = 𝑠]

=∑

𝑎

𝜋(𝑎|𝑠)∑

𝑠′

∑

𝑟

𝑝(𝑠′, 𝑟|𝑠, 𝑎)[𝑟 + 𝛾𝑣𝜋(𝑠
′)] (2.7)

In practice this is done using iterative policy evaluation. An array 𝑉(𝑠) = 0 is initialized for all states

and the current policy is used as input. Next for each element in 𝑉(𝑠) the value is calculated using

Equation 2.7. When the updates are sufficiently small or |𝑣𝑘+1(𝑠) − 𝑣𝑘(𝑠)| < 𝜃, where 𝜃 is a threshold

set in advance, the loop is halted.

With the value function known the policy can be improved known as policy improvement. For this use

is made of the action-value function as defined in Equation 2.6, this leads to Equation 2.8

𝑞𝜋(𝑠, 𝑎) = 𝔼𝜋[𝐺𝑡|𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎] = 𝔼𝜋[𝑅𝑡+1 + 𝛾𝑣𝜋(𝑆𝑡+1)|𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎]

=∑

𝑠′

∑

𝑟

𝑝(𝑠′, 𝑟|𝑠, 𝑎)[𝑟 + 𝛾𝑣𝜋(𝑠
′)] (2.8)

As the action-value function determines the value for an action, 𝑎 ≠ 𝜋(𝑠), it can then be compared to

the value function. If 𝑞(𝑠, 𝑎) > 𝑣𝜋(𝑠) the selected action yields more reward and it is thus better to select

action 𝑎 instead of following 𝜋(𝑠). When this is extended to all possible states and actions Equation 2.9

defines the new policy 𝜋′. Argmax𝑎 indicates the value 𝑎 where the expression is maximized, such that

the policy is greedy with respect to the value function.

𝜋′(𝑠) = argmax
𝑎
𝑞𝜋(𝑠, 𝑎) (2.9)

= argmax
𝑎
∑

𝑠′

∑

𝑟

𝑝(𝑠′, 𝑟|𝑠, 𝑎)[𝑟 + 𝛾𝑣𝜋(𝑠
′)] (2.10)

With the improved policy now a new value function needs to be found. Policy iteration combines iter-

ative policy evaluation and policy improvement looping over them until the optimal policy and optimal

value function is found. This is displayed in Figure 2.3. When the new greedy policy gives the same

value function as the old policy, or 𝑣𝜋 = 𝑣′𝜋, 𝑣𝜋 and 𝑣
′
𝜋 are equal to the optimal value function. This also

means that 𝜋 and 𝜋′ are both optimal policies.

Different variants of DP exist each, but all make use of Generalized Policy Iteration (GPI). This term

defines the general idea of letting the policy evaluation and policy improvement interact to obtain the

optimal value and policy function. As both functions are improved the process stabilizes and thus the

optimal functions are reached.

Monte-Carlo learning
Unlike DP Monte-Carlo (MC) learning methods do not need any knowledge or model to reach a solu-

tion. MC is based purely on experience, either actual experience or simulated experience, and is still

capable of reaching the optimal policy. It solves reinforcement learning problems based on averaging

the sampled returns. MC methods only works for episodic tasks where each episode eventually termi-

nates. Just as with DP, MC methods make use of GPI. After an episode terminates the experience is

used to update the value estimation. This is then used to obtain a new policy.

In order to estimate the value function from experience all returns obtained after visiting a certain state

for the first time are averaged, as more returns are observed, the average will converge towards the

expected value following the Law of large numbers (alternative strategies exist, but for simplicity only

the first-visit MC method is used to illustrate the principle). However as a model is not available in most



32 2. Literature Overview

Figure 2.3: Policy iteration is shown as an interaction of policy evaluation and policy improvement starting with a random value

and policy. [65]

problems state values are not sufficient. One must look at the action values in order to be useful in

suggesting a policy as it impossible to simply look one step ahead and choose the action corresponding

to the highest value without a model. Therefore MCmethods try to estimate 𝑞𝜋(𝑠, 𝑎)where 𝑠, 𝑎 is a state

action pair. Each state action pair will have to be visited an infinite amount of times to converge to the

expected value. This leads to a problem as many state action pair are not visited if a deterministic policy

is used. In order to maintain exploration each state action pair should have a non-zero probability of

being selected. Alternatively the policy can be stochastic resulting in all state action pairs being visited.

Equation 2.11 shows how a single action value is obtained, where 𝐺𝑡 are the returns after the first visit

of the state-action pair. As the number of visits 𝑁 increase the estimated value approaches the true

action value. Equation 2.12 shows an incremental version that is easier to implement. Here 𝛼 defines

the step-size and can be constant, but also vary as the number of updates increase.

𝑄(𝑠, 𝑎) =mean((𝐺0|𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎), (𝐺1|𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎), ..., (𝐺𝑁|𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎)) (2.11)

𝑄(𝑠, 𝑎) = 𝑄(𝑠, 𝑎) + 𝛼[𝐺𝑡 − 𝑉(𝑆𝑡)] (2.12)

Through the estimated action value function an improved policy can be found. This is done by making

the policy greedy with respect to the action value function. A greedy policy, shown in Equation 2.13,

is a policy that always chooses the action, 𝑎, that has the highest action value in the given state, 𝑠. In

Equation 2.14 the new greedy policy 𝜋𝑘+1 is shown to always be better or equal to the previous policy.

If the policies are performing just as well this shows both policies are optimal policies just as with DP.

𝜋(𝑠) = argmax
𝑎
𝑞(𝑠, 𝑎) (2.13)

𝑞𝜋𝑘(𝑠, 𝜋𝑘+1(𝑠)) = 𝑞𝜋𝑘(𝑠,argmax
𝑎
𝑞(𝑠, 𝑎))

=max𝑎𝑞𝜋𝑘(𝑠, 𝑎) (2.14)

≥ 𝑞𝜋𝑘(𝑠, 𝜋𝑘(𝑠))

Temporal Difference learning
Temporal Difference (TD) learning combines the advantages of both DP and MC. It uses bootstrap-

ping just as DP does (TD updates its estimates based on other learned estimates) and TD is capable

of learning directly from experience and thus does not require a complete model as is the case with

MC. Additionally TD is an online method, meaning that adjustments can be made during an episode. In

practice this usually results in faster convergence when compared to MC in a similar setting. A math-

ematical prove of TD outperforming MC has yet to be given.

The benefit of bootstrapping can be illustrated using a car journey as an example. Lets say a standard

journey takes around 30 minutes. If we get stuck in a traffic jam with an expected delay of 15 minutes

a TD method can immediately change its journey time to 45 minutes. From this estimate we can then

determine whether an diversion would now be beneficial (i.e. changing the policy). When MC is used

we first have to arrive at our destination before the update can be made and no diversions are made.
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As bootstrapping uses estimates to learn a new estimate a guarantee of convergence is needed.

In [64] this was given for the case of tabular learning.

As no model is used the action value needs to be estimated as was the case with MC. This is done

according to Equation 2.15 when the SARSA method is used and according to Equation 2.16 when

Q-learning is applied. As can be seen Q-learning and SARSA both use the estimate value of the

next state-action, the only difference being that Q-learning always takes the maximum of the next

possible state-action pair estimate values regardless which state-action pair is actually visited whilst

SARSA uses the estimates value of the state-action pair that is visited. This makes SARSA an on-

policy learning method and Q-learning an off-policy learning method Equation 2.11 and Equation 2.12

showed the action value when using MC and are interesting to compare.

𝑄(𝑠𝑡, 𝑎𝑡) = 𝑄(𝑠𝑡, 𝑎𝑡) + 𝛼[𝑅𝑡+1 + 𝛾𝑄(𝑠𝑡+1, 𝑎𝑡+1) − 𝑄(𝑠𝑡, 𝑎𝑡)] (2.15)

𝑄(𝑠𝑡, 𝑎𝑡) = 𝑄(𝑠𝑡, 𝑎𝑡) + 𝛼[𝑅𝑡+1 + 𝛾max𝑎𝑄(𝑠𝑡+1, 𝑎𝑡+1) − 𝑄(𝑠𝑡, 𝑎𝑡)] (2.16)

TD also used GPI in order to obtain both the optimal value function and the optimal policy function in

a similar fashion as MC does. Therefore this explanation will not be given again here. Throughout

reinforcement learning TD methods are often used due to their simple model-free online implementa-

tion. Various algorithms with various extensions exist that make TD even more powerful. All algorithms

however make use of what is known as the TD error defined in Equation 2.17.

𝛿𝑡 = 𝑟𝑡 + 𝛾𝑉𝑠𝑡+1 − 𝑉𝑠𝑡 (2.17)

Continuous Learning Methods
One of the big challenges in reinforcement learning is the amount of simulation that needs to be per-

formed in order for the agent to converge to a solution. All state-action pairs have to be visited many

times before the solution converges. As the state space and action space increases the amount of

simulation required also increases. In order to use continuous state- and action-spaces and allow

for faster convergence faster convergence an approximation of the policy function can be used, or

so called policy gradient method. Different types of approximations can be used, but in this research

each function is approximated using a neural network that maps the respective input to the respective

output. The policy function is now a parameterized policy, where the parameters 𝜃 are the weights

of the neural network, which can select an action without consulting the value function. This can be

written as 𝜋(𝑎|𝑠, 𝜃) = 𝑃𝑟(𝐴𝑡 = 𝑎|𝑆𝑡 = 𝑠, 𝜃𝑡 = 𝜃). This greatly increases the convergence speed as the

parameterization also has a learned solution for state-action pairs not visited. Therefore continuous

state spaces and action spaces can also be solved.

As now a parameterization is used instead of a lookup-table the update process is slightly different.

First a performance measure is needed with respect to the policy parameter, 𝐽(𝜃). The policy can

then be optimized using Equation 2.18. Here the expectation is used as the experience gathered only

approximates the true gradient. Which performance measure is used differs per algorithm.

𝜃𝑡+1 = 𝜃𝑡 + 𝛼𝔼[∇𝐽(𝜃𝑡)] (2.18)

Examples of policy gradient methods are REINFORCE and Actor-Critic learning. REINFORCE uses

MC learning and can thus typicaly only be applied on episodic task and offline learning. Actor-Critic

learning on the other hand makes use of TD learning which reduces variance and increases conver-

gence speed. In order to estimate the value function also an approximation is used which is used to

assist in training the policy function. Actor-Critic learning has received more attention and many further

developments when compared to REINFORCE.

The method used to by actor-critic algorithms is best shown in Figure 2.4. It can be seen that the

environment outputs a state and a reward. The value function, or critic, uses this state to give a value

estimation. It can then subsequently use the reward signal to train itself on providing the best value

estimation possible. The value estimation outputted by the critic can then be used to train the policy

function, or actor, by using the TD error given in Equation 2.17. The actor is given the state of the

environment and is tasked with mapping it to an action. This action is then send to the environment to

complete the loop.
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Figure 2.4: Overview of a generic Actor-Critic algorithm. [65]
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Figure 2.5: Rewards obtained during training pro-

cess of different algorithms. DDPG is shown to out-

perform other methods on this particular environ-

ment.[31]

Figure 2.6: Rewards obtained during training pro-

cess of different algorithms. PPO is shown to per-

form similar to other state of the art methods be-

sides being much simpler.[31]

2.2. State-of-the-Art and Safe Reinforcement Learning

In this section first some state-of-the-art RL algorithms used for control tasks are presented that could

benefit this research. Next the state-of-the art in safe reinforcement learning is discussed.

2.2.1. State-of-the-Art Reinforcement Learning

SinceMichie first used reinforcement learning to control a process [50] much development and research

has been performed on the topic of reinforcement learning. Reinforcement learning has been applied

in a wide range of control tasks such as self driving cars, robot locomotion, quadcopter control and

helicopter control [29, 14, 53, 49]. Furthermore reinforcement learning has also proven itself in other

fields such as strategy games, resource managements, etcetera. In general research has lead to

highly optimized algorithms using Artificial Neural Networks (ANN) as approximation function to solve

complex situations. First DeepDeterministic Policy Gradient (DDPG) is outlined followed by Normalized

Advantage Function (NAF), the only non actor-critic method in this section. Furthermore the Proximal

Policy Optimization (PPO), Dual Heuristic Programming (DHP) and Incremental model based Dual

Heuristic Programming (IDHP) algorithms are presented. The choice for these algorithms is made as

these have either progressed the field of reinforcement learning or seem applicable to adaptive flight

control.

Deep Deterministic Policy Gradient (DDPG)

DDPG [44] is the first actor-critic model-free algorithm using deep neural networks as approximation

functions capable of working with continuous action spaces. DDPG combines the actor-critic approach

with insights from DQN [52]. As such it makes use of TD learning and policy gradient methods as

described in subsection 2.1.2. This resulted in an algorithm that is shown to robustly solve over 20

simulated physics tasks ranging from the classic cartpole tasks to legged locomotion. Furthermore the

amount of samples required for training proved to be a factor 20 less than with DQN, but still required

up to 2.5 million steps of experience. In Figure 2.5 DDPG is shown to outperform much more recent

algorithms, Figure 2.6 on the other hand shows that on a different task DDPG is outperformed by the

same algorithms.

The authors firstly attribute the success to training off-policy with a replay buffer. This entails storing

all experience in a buffer and learn from this experience by random sampling out of the buffer. Using

a replay buffer is used to minimize correlations between samples. Secondly updating the target Q

network is done with so called ”soft” target updates in order to stabilize the learning process. Next

they name batch normalization, were all states are normalized to account for the fact that states often

have different units. Lastly the authors encouraged exploration by adding a noise parameter to the

actor policy which was possible as off-policy algorithm was used. The critic network is updated using

Equation 2.19 as loss function, Equation 2.20 shows how the gradients for the actor are estimated.

Where 𝜇, 𝜃𝑄 and 𝜃𝜇 represent the actor network function, the weight of the critic network and the

weight of the actor network respectively. 𝛿𝑖 is the TD error as shown in Equation 2.17.
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𝐿 =
1

𝑁
∑

𝑖

(𝛿𝑖 − 𝑄(𝑠𝑖, 𝑎𝑖|𝜃
𝑄))2 (2.19)

∇𝜃𝜇𝐽 ≈
1

𝑁
∑

𝑖

∇𝑎𝑄(𝑠, 𝑎, |𝜃
𝑄)|𝑠=𝑠𝑖,𝑎=𝜇(𝑠𝑖)∇𝜃

𝜇𝜇(𝑠|𝜃𝜇)|𝑠𝑖 (2.20)

(2.21)

Normalized Advantage Function (NAF)
NAF, as presented in [27], can be seen as a continuous version of the Q-learning algorithm by us-

ing function approximators. Furthermore the authors have studied the impact of implementing known

model knowledge into the algorithm. Since it is not an actor-critic method NAF is considerably easier

to implement in comparison to the other algorithms presented here.

In NAF a neural network is used to output the value function term 𝑉(𝑠) and an advantage term

𝐴(𝑠, 𝑎). These are consequently used to determine the action and also needed to provide network

updates. Optionally a linear model is iteratively refitted and allows for off-policy training, simultaneous

to on-policy application on the simulator. The authors have also incorporated experience replay and

soft target updates as was the case with DDPG.

NAF is shown to outperform DDPG for different tasks. The use of learned models allows for faster

training, but it only proves to be significant during the first phase of the learning process. The authors

further state that it was imperative for the algorithm to also experience unsuccesfull actions as this

builds an accurate estimate of the Q-function.

Proximal Policy Optimization (PPO)
In 2015 TRPO [59] was presented which proved to outperform other state-of-the-art RL algorithms.

This was done by analytically proving a monotonic improvement using a Kullback–Leibler divergence

which stabilizes the training. Unfortunately TRPO also proved to be computationally expensive. PPO

[58] tries to maintain the advantages of TRPO whilst being less computationally expensive and easier

to implement. This is done by increasing the training stability through clipping the probability ratios

within the objective functions. This allows for training with multiple epochs on training data, something

that has not been accomplished before. Furthermore an advantage function is used as described in

[57], which can be seen as a measurement of how much better or worse the chosen action was than

expected. Combined this leads to the loss clipped loss function described in Equation 2.22, where 𝑟𝑡(𝜃)

is given in Equation 2.23.

𝐿clip = 𝐸̂𝑡 [min(𝑟𝑡(𝜃) ̂𝐴𝑡, clip(𝑟𝑡(𝜃), 1 − 𝜖, 1 + 𝜖) ̂𝐴𝑡] (2.22)

𝑟𝑡(𝜃) =
𝜋𝜃(𝑎𝑡|𝑠𝑡)

𝜋𝜃𝑜𝑙𝑑(𝑎𝑡|𝑠𝑡
(2.23)

PPO is also capable of running multiple simulations in parallel, according to the authors this actually

increases performance as the correlation within the experience is lessened. Indeed PPO proved to

perform just as well as TRPO, but with less sample complexity and decreased wall clock time. Fur-

thermore implementing PPO is much simpler. Again Figure 2.5 and Figure 2.6 show benchmarks that

compare PPO, TRPO and DDPG. ACKTR also shown in the figures can be ignored for this study.

Dual Heuristic Programming (DHP)
The state-of-the-art algorithms described above often need many trials before a working policy is found.

They can be applied to complex problems, starting with no knowledge of the environment at all and use

Deep Reinforcement Learning (DRL) to find solutions. Another area of research called Approximate

Dynamic Programming (ADP) uses Adaptive Critic Designs (ACD) to find solutions specifically for non-

stationary control problems. In order for this method to work a model of the environment is required to

enable feedback to the critic and/or actor. On the plus side these methods converge quickly and can

be adapted online (after an initial offline training). Using a model to speed up learning has recently also

been applied on deep reinforcement learning with promising results [26, 46].
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Figure 2.7: Overview of the DHP algorithm flow [54]. The 2 critic’s displayed are actually the same critic, but at different timesteps.

Multiple variants of ACD exist, with Heuristic Dynamic Programming (HDP) being one of the most

known variants. HDP is later extended to DHP which up to now proves to be the best performing

variant. In DHP the critic is used to estimate the partial derivatives of the value function to each state

instead of the value function itself as is the case with HDP [54]. These derivatives are required for

training the actor. Approximating the derivatives instead of approximating the value function and then

obtain the approximated derivatives through back-propagation leads to a better quality in estimation.

In Figure 2.7 the flow of the DHP method is shown, it can be seen that a model of the environment

is required in order to back-propagate the gradients to the actor and critic. The derivative of temporal

difference error is used as a loss function for the critic, whilst the actor tries to maximize the value

function.

Incremental Heuristic Dynamic Programming (IHDP)
Although its adaptive behaviour and short training are very desirable, the dependency on an accurate

model is a drawback of using DHP. IHDP replaces the model with a estimated incremental model

which is found using recursive least squares[76]. This allows for near optimal control without any prior

knowledge of the system dynamic. Furthermore the offline training phase has also beenmade obsolete.

The authors have shown that IHDP outperforms DHP when it comes to online learning, accuracy

and robustness. Furthermore in the case of rapid changing system dynamics (i.e. faults or damages)

IHDP can estimate a new incremental model and a new near optimal control policy online without

losing control. This is highly desirable for adaptive flight control. Furthermore IDHP has recently been

demonstrated to work on a simulation model of the Cessna Citation II [32, 42, 45].

2.2.2. Safe Reinforcement Learning
Throughout history reinforcement learning has followed the principle of trial-and-error learning. In the-

ory infinite exploration is required to reach the optimal policy. Finding a balance between exploration

and exploiting the optimal policy, or the exploration-exploitation dilemma, is a key component of re-

inforcement learning. Too little exploration means the optimal policy is not found, whilst delaying ex-

ploitation for too long means more performance could have been achieved. In practice agents often

spend more time exploring at the beginning of their training after which they exploit their found policy.

In real life situations exploration could even lead to dangerous situations [37, 39]. In a computer

simulation of a chess game the worst possible outcome is a lost game. Aircraft exploring their entire

state-space however could end up in an unrecoverable stall or dive. Robots could possibly damage
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themselves or their surroundings when exploring all possible states [1, 28, 30]. Therefore the concept

of safety is of paramount importance when applying reinforcement learning on real-life problems.This

section is not intended as a complete survey of safe reinforcement learning, rather it summarizes the

research performed on safe reinforcement learning taken as inspiration for this thesis.

Reinforcement Learning primarily uses rewards to get information about the system. Actions lead-

ing to unsafe states will receive negative reinforcement in the form of lower rewards or penalties. In

the long run these penalties will lead to the policy not visiting these states anymore. However if the

rewards are not tuned properly or the occurrence of the state is low, the agent might not be able to

learn that the state is unsafe. Furthermore visiting an unsafe state once might already do damage to

the agent or the environment. This leads to the need of additional required methods in order to safely

explore an environment without the risk of damaging oneself or its surroundings.

In this section methods for safe reinforcement learning are discussed. They are grouped in two cate-

gories:

• Constrained exploration methods, which constrain the policy of the actor to a safe policy

• Controller based methods, which combine non-reinforcement learning control methods with rein-

forcement learning methods to obtain a safe policy

Furthermore it is important to realize that reinforcement learning uses exploration to obtain knowl-

edge. If this exploration is thus somehow limited external knowledge needs to be provided [23, 27].

In [23], which is widely accepted, different categories are used applicable to all reinforcement learn-

ing problems to differentiate between safe reinforcement methods, however for simplicity the methods

found to be applicable to adaptive flight control in this study can be assigned to the categories listed

above.

Constrained Exploration
In this research constrained exploration is used to describe reinforcement learning methods that con-

strain the outcome of the actor in some way to a set of safe actions. This means that only actions are

taken that are known to keep the agent in a safe state. Figure 2.8 visualizes the concept using the

definition of allowable policies to indicate the safe policies in comparison to the total policy space.

Actions that are not in the allowable policy may very well lead to a safe state, however since the

agent is not aware of this, the action will not be taken. As exploration continues and the agent learns

more about its environment it might increase the allowable policy space to include more actions that it

now deems safe base on previous experience. In order for this type of method to succeed some initial

knowledge about the agent and its environment are required [3, 5, 4].

Garcia and Fernandez [24] introduced the PI-SRL algorithm which uses a case-based risk function,

based on the distance between an unknown and a known state, to asses the safety of unknown states

during exploration. It showed its effectiveness on four different continuous problems, autonomous

car parking, the cart-pole problem, helicopter hovering and business management. The authors here

assume that a safe policy is already known, but increases performance is desired. As the agent moves

away from its baseline policy it can increase its known state space. As the distance between known

and unknown states increases so does the risk, based on a configurable risk-parameter new policies

can be explored in a organized manner.

The authors underline the importance of an initial baseline policy, however poor it performs, as

this directs the exploration (in comparison 𝜖-greedy explore completely random). Although not entirely

failure free the authors state that with PI-SRL higher rewards can be obtained with less failures in com-

parison to other risk-sensitive methods.

Another research presented by Mannucci et al. [48] introduces Safety Handling Exploration with Risk

Perception Algortihm (SHERPA) and OptiSHERPA. SHERPA also includes risk in its decision process.

Here it is assumed that the agent can perceive risk with onboard sensors. This enables an onboard

safe-state-spacemodel to be updated by the risk perceived in nearby states as it explores. Furthermore

safe exploration is guaranteed by means of backups. This is described as a sequences of control inputs

that bring the system close to a state it has visited in the past, and thus safe, when a state with high
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Figure 2.8: Visualization of the constrained or safe policies as a subset of the total policies.[23]

risk is encountered. Users will have to provide a baseline policy and an uncertain model of the system,

a bounded model is used to take the uncertainty of the system into account. The procedure using

backups is visualized in Figure 2.9.

OptiSHERPA adds metrics to assess safety for all available actions and includes an evasion strat-

egy which relies on the current belief of the state space. SHERPA is demonstrated on a UAV exploring

an unknown indoor environment, OptiSHERPA is demonstrated on simulation of a fighter aircraft ex-

ploring its flight envelope.

Next Dalal et al. [21] achive safety by using a safety layer located behind the agent. The role of the

safety layer is to perturb the action given by the policy such that the system states stay within a set

of upper bounding constraints. The result is a zero-constraint-violations method shown using a ball

tracking task and a spaceship control task. The safety layer can be added to any existing learning

algorithm. Since exploration is now constraint to safe states the addition of a safety layer also proved

to increase convergence speed.

In order for this method to work the authors assume that the boundaries of the environment are

known in advance. Secondly the dynamics of the system are first approximated with a linear model

using a set of state-action tuples (𝑠𝑗, 𝑎𝑗, 𝑠
′
𝑗). In this research the authors obtained these tuples by

first exploring the environment using random exploration policy. Then with knowledge of the system

already in the safety layer, training of the reinforcement learning agent could begin. During this stage

the linearized model can continually be updated as new experience comes in.

As the agent is trained each action given by the policy is fed through the safety layer. Here Equa-

tion 2.24 is solved such that an action is selected as close to the original action as possible but still

within the constrained space.

arg min
𝑎

1

2
||𝑎 − 𝜇𝜃(𝑠)||

2 (2.24)

s.t.𝑐𝑖(𝑠, 𝑎) ≤ 𝐶𝑖

To minimize the computational cost the authors furthermore state that only one constraint is active at

a time, or rather only one constraint can be crossed at a single time. This leads to minimal extra com-

putational cost and a fully differentiable solution.



40 2. Literature Overview

Figure 2.9: Example of backup generation. As an agent starting from 𝑥(0) is now reached 𝑥𝑘 following the trajectory outlined.

The dashed lines indicate the means of the proposed backups. Backup 𝑢1 is discarded as it violates the known safe state space,

𝑢2 is also discarded as [𝑥𝑘+𝑚]2
does not satisfy the closeness condition with an earlier explored state. Backup 𝑢3 is completely

in the safe state space and satisfies the closeness condition.[48]

Figure 2.10: Overview of the SafeOpt method. Controller parameters are updates based on a safe bayesian optimization. [14]

Controller based reinforcement learning
As opposed to constrained exploration, controller based reinforcement learning makes use of analytical

controllers to control the system at hand. Reinforcement learning is then used to increase performance

in the safe but often very conservative controllers [11, 13, 15]. This can be done in different ways, some

methods found to be particularly interesting for adaptive flight control are highlighted below. These type

of methods require an initial safe controller as a starting point for their exploration.

SafeOpt as presented by Berkenkamp, Schoellig, and Krause [14] is a safe optimization algorithm

making use of Bayesian optimization. This is particularly useful as Bayesian optimization tries to find

the global maximumof an unknown function where it ”assumes that evaluating the function is expensive,

whilst computational resources are cheap” [14]. This fits nicely in the field of safe reinforcement learning

where evaluating a policy on a real system takes time, causes wear, and has the probability of leaving

the safe boundaries. In order to do so a Gaussian Process (GP) is used to find an approximation of a

non-linear action to value map.

Figure 2.10 shows an overview of the SafeOpt method. An initial safe controller is used control

the system. Based on the returning values, SafeOpt adaptively selects new controller parameters that

increase performance. In order to ensure that the new controller is also safe, SafeOpt restricts itself

to only learning a safe set of controller parameters by enforcing Equation 2.25 which states that only

parameters that lead to an improvement in comparison to a minimum threshold value 𝐽min.

𝑆 = {𝑎 ∈ 𝐴 | 𝐽(𝑎) ≥ 𝐽min} (2.25)

As learning starts most of the value function is uncertain and thus only parameters with a high probability

of being safe are used. SafeOpt then tries to find the global maximum of the current known set of
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Figure 2.11: Optimization with the SafeOpt algorithm. The blue line indicates the approximation of the underlying function, with a

confidence interval (light blue). The grey dashed line represents the minimum value 𝐽min required to guarantee safety. Through

samples the safe region is expanded and the global optimum is found.[14]

Figure 2.12: Actor-Critic learning in conjunction with a robust controller that ensures stability.[41]

parameters called potential maximizers, additionally it also aims to expand its safe set of controllers

through potential expanders. An example of how SafeOpt works is visualized in Figure 2.11.

Furthermore the authors show how SafeOpt is used to fly a quadrotor and increase its performance.

Continuous development also led to a further decoupling of safety and performance to allow for appli-

cation on robotics where high performance through high gains can have a negative effect on safety

[12]. Junell et al. [36] conducted a similar test with similar results.

Next the method shown by Kretchmar et al. [41] is discussed. Here reinforcement learning is applied

in conjunction with a robust controller. Robust control is able to deal with uncertainties in a model.

It allows for a stable controller by sacrificing performance to gain stability. This is particularly helpful

when the model used to create the controller is not an accurate representation of the reality. This is

done by creating an uncertainty bound. In this research the authors use this attribute of robust control

to counter uncertain outputs of a reinforcement learning controller.

An overview of the method is shown in Figure 2.12, where the nominal controller is a robust con-

troller. Based on the known uncertain plant dynamics and a known maximal disturbance of the actor

network a robust controller is generated that creates a stable system. As can be seen an actor-critic

learning method is used. During learning the actor will learn what actions to add to the robust controller

in order to increase performance based on feedback provided by the critic. Therefore an optimal policy

can be created in reality even though no accurate model of the system is available. The weights of

the neural network are bounded to ensure that the total system is always stable. If an update leads to

an increase of the weight of the neural network outside this bound, the robust controller is retuned to

allow for different disturbances to be added by the actor. The disturbance magnitude is calculated by

converting the neural network to a linear time invariant uncertainty model. The result is a stable system

even when the actor network is being trained.

Figure 2.13, Figure 2.14 and Figure 2.15 show the different responses to a step input for a conven-

tional controller, a robust controller, and a robust controller aided by an actor-critic respectively when

tuned on an uncertain distillation column model and then used on the real system. It can be seen that

the conventional controller has a high peak due to the mismatch in model and reality, the robust con-

troller is stable but slow, and the solution as presented by Kretchmar et al. [41] performs best. Recently
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Figure 2.13: Response to a step

input of a conventional controller

tuned on a model and evaluated on

the real system.[41]

Figure 2.14: Response to a step in-

put of a robust controller tuned on

a model and evaluated on the real

system.[41]

Figure 2.15: Response to a step in-

put of a robust controller in conjunc-

tion with an actor-critic on the real

system.[41]

Jin and Lavaei [35] used a similar approach on a multi-agent system.
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Figure 2.16: Overview of different dynamics in a system response to a step input.

2.3. Safety in flight control
As in this research safe reinforcement learning is applied on adaptive flight control in this section safety

in flight control is discussed. From a control engineering perspective the stability of the entire aircraft

system is key to ensure a safe flight. Other engineering departments will also pose limits on the aircraft

leading to the creation of a safe flight envelope. The types of limits encountered can given an indication

as to which safe reinforcement learning method is optimal for adaptive flight control. This section is

divided into two sections namely stability and safe flight envelope.

2.3.1. Stability
Stability in a system is key not just for aircraft control, but for all systems. Through properly tuned con-

trollers unstable systems can be made stable. On the other hand an ill-tuned controller can decrease

stability. A system is defined as stable when it always returns near the steady state. An unstable

system moves further away from this state without being bounded when an input is given. Lastly we

speak of marginal stability when a system is somewhere between stable and unstable. Furthermore

a system can be underdamped, critically damped or overdamped, which characterizes the oscillations

experienced by the system. Figure 2.16 shows all these types of stability through a system response

when excited by a step input.

For an aircraft it is desirable to attain a stable system. This will contribute to safety when the aircraft

is exposed to disturbances such as wind gusts or turbulence, as the aircraft will always return to its

steady state. This eases the workload of the pilot. Furthermore as heavily damped systems also

create a slow response, aircraft are often slightly underdamped to increase performance [19]. If an

aircraft initially does not display these control characteristics the controller needs to be tuned in order

to attain these.

When using PID controllers the gain and phase margin can be consulted to obtain some sort of

safety margin. For a neural network and adaptive flight controllers in general however this is not the

case. Bhattacharyya et al. [16] present a complete overview of the challenges that come when certify-

ing adaptive controllers. The authors also state that when the adaptive controllers provide a significant

benefit whilst dependability can be shown, it is worth considering how this controller can be certified.

The certification process is outside the scope of this research. Stepanyan et al. [62] introduce per-

formance metrics which could possibly be used to certify adaptive controllers. Here the authors state

that, just as with PID controllers, the gain margin can still be used when assessing the stability of an

adaptive flight controller. Furthermore the phase margin can only be used to check for stability if the

adaptive flight controller has converged to a steady solution. Next they introduce the time-delay margin

as an extra measurement which is defined as the time delay 𝑡𝑑 the closed loop system can tolerate

without instability.

For the transient response metrics such as overshoot or undershoot are used to indicate perfor-
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mance of the controller. For adaptive controllers however the authors of [62] propose to use a transient

performance measurement, TPM, as shown in Equation 2.26. Here 𝑥(𝑡) indicates the state of the

adaptive system and 𝑥𝑚(𝑡) is the reference given. It can be interpreted as the maximum occurring

error between 𝑡0 and the final measurement 𝑡𝑓. The measurement is normalized to allow for a gen-

eral comparison. An alternative would be to use the ℒ2 norm instead of the ℒ∞ norm which allows for

intervals to be analyzed and takes oscillations into account. This is shown in Equation 2.27.

𝑇𝑃𝑀∞ =
||𝑥(𝑡) − 𝑥𝑚(𝑡)||ℒ∞

||𝑥𝑚(𝑡)||ℒ∞
=

max
𝑡∈[𝑡0,𝑡𝑓]

||𝑥(𝑡) − 𝑥𝑚(𝑡)||

max
𝑡∈[𝑡0,𝑡𝑓]

||𝑥𝑚(𝑡)||
(2.26)

𝑇𝑃𝑀2 =
||𝑥(𝑡) − 𝑥𝑚(𝑡)||ℒ2

||𝑥𝑚(𝑡)||ℒ2
=

√∫
𝑡𝑓

𝑡0
||𝑥(𝑡) − 𝑥𝑚(𝑡)||

2𝑑𝑡

√∫
𝑡𝑓

𝑡0
||𝑥𝑚(𝑡)||

2𝑑𝑡

(2.27)

Adaptive flight controllers should be able to quickly learn a new policy in order to create a stable

system with the desired performance when a failure or damage occurs. This requires online learning

in combination with model-free reinforcement learning as shown by Prokhorov and Wunsch [54] and

Zhou, Kampen, and Chu [76]. Also the safety constraint as shown by Jin and Lavaei [35] could assist

in providing stability guarantees. The metrics introduced above will still work when adaptation to a

changed system is tested.

2.3.2. Safe Flight envelope
The safe flight envelope of an aircraft indicates in what states the aircraft can fly as directed by the

design limits. This is entirely different from control stability in the sense that a controller can be used

to change the type of stability of the aircraft, but the design limits can not be altered. These limits can

exist based on all types of constraints. For example aerodynamic limits can lead to a maximum angle

of attack, structural constraints have an influence on the loadfactor, and the engine thrust will affect the

maximum altitude that can be reached. The current state of the aircraft also has an influence on the

actual limit, e.g. the current aircraft weight affects the stall speed.

All these limits combined generate a so-called safe flight envelope. An example of such an envelope

can be seen in Figure 2.171. Here it can be seen that how the maximum load factor is affected by the

airspeed of the aircraft. Safe operation can be guaranteed as long as the aircraft stays in the grey

area. Similar plots could be drawn also showing altitude. If an aircraft finds itself outside this safe flight

envelope extensive studies into upset recovery strategies have led to an optimal return back to the safe

flight envelope [20].

For regular airplanes these limits are usually known, this helps in designing a controller for the

aircraft that keeps the aircraft within the safe operating regime. Airbus for example has a stall pro-

tection system which does not let the pilot pull the aircraft past the maximum angle of attack or load

factor [17]. Knowing these limits can also help in creating a safe reinforcement learning controller, in

subsection 2.2.2 the category of constrained exploration can easily cope with limits known beforehand.

Smaller aircraft or UAV’s may not always have a completely known safe flight envelope. Here it be-

comesmore difficult to pose hard limits on the reinforcement learning controller and risk based methods

based on sensor measurements might be more appropriate as shown in [48].

If for some reason the dynamics of the system change, e.g. failures or damages occur, the safe flight

envelope might also change. This is illustrated in Figure 2.182. Although flight envelope prediction is

outside the scope of this research, since the flight controller makes use of reinforcement learning it

could potentially learn the new safe flight envelope and keep the aircraft in a safe state through the

feedback it receives. Uncertainty bounds as used in [41] or risk signals used in [24] and [48] can help

the controller obtain a safe operating region.

1http://aviation_dictionary.enacademic.com/879/basic_flight_envelope
2http://cs.lr.tudelft.nl/syscon/projects/flight-envelope-prediction/

http://aviation_dictionary.enacademic.com/879/basic_flight_envelope
http://cs.lr.tudelft.nl/syscon/projects/flight-envelope-prediction/
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Figure 2.17: Example of flight envelope. (source: http://aviation_dictionary.enacademic.com/879/basic_

flight_envelope)

Figure 2.18: Example of adjustable flight envelope due to damage. (source: http://cs.lr.tudelft.nl/syscon/

projects/flight-envelope-prediction/)

http://aviation_dictionary.enacademic.com/879/basic_flight_envelope
http://aviation_dictionary.enacademic.com/879/basic_flight_envelope
http://cs.lr.tudelft.nl/syscon/projects/flight-envelope-prediction/
http://cs.lr.tudelft.nl/syscon/projects/flight-envelope-prediction/
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2.4. Conclusion
This chapter provides an introduction to reinforcement learning by first providing a historical background

and then presenting the methodology of reinforcement learning. Also state-of-the-art research is dis-

cussed followed by an overview of safe reinforcement learning methods applicable to flight control.

Lastly safety in flight control is discussed. The goal of the chapter is to get acquainted with the topic

of safe reinforcement learning and create ideas in how to apply safe reinforcement learning to flight

control problems.

In subsection 2.1.2 the basics of reinforcement learning are explained using discrete spaces later

generalizing to continuous action spaces. From this we can conclude that reinforcement learning in its

purest form will converge to a solution by seeing each state-action pair infinite times. This will build an

accurate value function for each discrete state-action pair. TD-learning has shown to outperform MC

learning in terms of convergence speed, as approximations are used to build the estimate and training

can be performed online. Online training is also a requirement for this research. In order to move

to continuous spaces function approximators are introduced. They are able to generalize to unseen

states and thus inherently capable of applying reinforcement learning in continuous space.

State-of-the-art methods found in section 2.2 show that reinforcement learning is capable of solving

complex tasks with the use of ANN. Following this example ANN are also used as approximators in this

research. However learning without failing is not trivial, and not a direct objective of deep reinforcement

learning. Methods using some sort of model such as DHP and IHDP are able to converge to solution

much faster due to the extra knowledge provided. Even with this extra knowledge provided an offline

training period may be required before the actual training begins. Furthermore constrained exploration

allows for incorporation of knowledge from the environment and could be beneficial to creating a safe

reinforcement learning algorithm. Controller based methods show promising results, but require an

initial safe controller as a baseline, something which may not be present for all problems.

Lastly section 2.3 shows us the type of limits an aircraft has to adhere to in order to stay in the safe

space. It also introduces the 𝑇𝑃𝑀2 and 𝑇𝑃𝑀∞ metric which can be used on adaptive controllers to test

the stability of the controller.



3
Preliminary Analysis

In the literature study it was found that using constrained exploration offers possible solutions in the

field of adaptive flight control. The safe flight envelope of the aircraft can be taken as the exploration

space of the reinforcement learning agent. In this chapter a preliminary analysis is performed in order

to validate that constrained exploration works in adaptive flight control. Furthermore it is investigated

whether the safe flight envelope can be taken as a safe exploration region. Lastly the analysis is used

to gain experience in working with safe reinforcement learning.

First the simulated environment that will be used to test the performance is explained in section 3.1.

Next the applied method is presented in section 3.2. This is followed by a discussion of the results in

section 3.3.

3.1. Problem statement
In order to test the performance an environment is created that simulates an aircraft tracking a height

reference signal. The environment is based on the OpenAI gym structure [18]. This means that the

environment takes an action as input and returns the next observation, the reward and whether the

episode is terminated. Figure 3.1 shows a sample of screenshot of the environment. As it is only a very

rudimentary simulation focused primarily on safety the aircraft dynamics are simplified to Equation 3.1.

To also asses the adaptiveness of the different algorithms after a set number of episodes Equation 3.2 is

usedwhere the action 𝑎 now leads to an opposite result than before. The rewards are given according to

Equation 3.3, here ℎ𝑟𝑡 and ℎ𝑠𝑡 are the reference height and the aircraft height at timestep 𝑡 respectively.

Δ𝐻 represents the safety bound used for the safe flight envelope and is used to obtain a normalized

value. Should the episode terminate a reward of −50 is given. Lastly Equation 3.4 shows how the

reference signal is created. The constants 𝐴1, 𝐴2, 𝐴3, 𝑓1, 𝑓2 and 𝑓3 are randomly generated at the start

of each simulation.

[
𝑢

ℎ
] = [

1 0

1 1
] + [

1

1
] ⋅ 𝑎 (3.1)

[
𝑢

ℎ
] = [

1 0

1 1
] + [

−1

−1
] ⋅ 𝑎 (3.2)

𝑅𝑡 = {
1 −

|ℎ𝑟𝑡−ℎ𝑠𝑡|

Δ𝐻
, if|ℎ𝑠𝑡| ∈ Δ𝐻

−50, otherwise
(3.3)

ℎ𝑟𝑡 = 𝐴1sin(2𝜋𝑓1𝑡) + 𝐴2sin(2𝜋𝑓2𝑡) + 𝐴3sin(2𝜋𝑓3𝑡) (3.4)

To further simplify the problem the environment is discretized such that function approximators are not

yet required and the focus can solely lie on the safety aspect of the research. To asses the safety a

limit on the minimum and maximum height is set, with respect to the starting altitude, as can also be

seen in Figure 3.1. For this research Δ𝐻 = 5. A second limit is imposed when the aircraft obtains a

vertical velocity of more than two height steps per timestep. These limits are used to represent the safe

47
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Table 3.1: Overview of the inputs and outputs used by the environment and consequently the agent.

Environment Agent

input 𝑎(−1, 0, 1 ℎ𝑟𝑡 − ℎ𝑠−𝑡, 𝑢

output ℎ𝑟𝑡 − ℎ𝑠𝑡, 𝑢 𝑎(−1, 0, 1)

Figure 3.1: Discrete training environment used to test the performance of the agents. The red lines indicate the boundaries of

the safe flight envelope, the blue line is the trajectory that needs to be tracked.

flight envelope of the aircraft and moving outside of this region results in a termination of the episode

and a negative reward bonus. To challenge the controller even further the reference signal is allowed

to move outside the safe flight envelope, the controller should then decide to not follow the reference

signal due to safety limits. Table 3.1 gives an overview of the states outputted and the inputs taken by

the environment. It also shows that the agent will have to provide exactly the opposite, it should take

the outputs of the environment as input and provide the action to take as output.

3.2. Methods
In order to gain insight in constrained explorationmethods it is decided to implement themethods shown

in [21] also explained in subsection 2.2.2. This method is chosen based on the promising results shown

in the research and due to the fact that it can be applied to an already existing reinforcement learning

framework which simplifies implementation. Tabular Q-learning is chosen as reinforcement learning

framework as this is proven to work well with discretized environments and is also easy to implement

in an online learning fashion.

3.2.1. Tabular Q-learning
In subsection 2.1.2 the Q-learning algorithm was introduced as a form of TD-learning. As such it makes

use of older estimates in order to update its current estimates. Equation 3.5 shows again how the Q-

value of each state action pair is obtained. For this analysis 𝛼 = 0.2 and 𝛾 = 0.8.

𝑄(𝑠𝑡, 𝑎𝑡) = 𝑄(𝑠𝑡, 𝑎𝑡) + 𝛼[𝑅𝑡+1 + 𝛾max𝑎𝑄(𝑠𝑡+1, 𝑎𝑡+1) − 𝑄(𝑠𝑡, 𝑎𝑡)] (3.5)

In order to apply tabular Q-learning a table, or array, needs to be generated which has a separate entry

for each state-action pair encountered in the learning process. Next the state from the environment is

received and the table is used to find the best action for that state, in order to facilitate exploration the

action is selected based on a probability distribution provided by the softmax of the action values. This

action is then applied and the reward and next state are received. First the reward and the new state

are used to update the value estimate of the previous timestep, after which the new state is used to

again select the best action. In Algorithm 1 the complete pseudocode can be found.
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Algorithm 1 Q-learning applied to test environment

Require: 𝑁, 𝛼, 𝛾, env

initialize (𝑄[𝑠, 𝑎] for all 𝑠 ∈ 𝑆, 𝑎 ∈ 𝐴) = 0, ep
𝑛
= 0, 𝑅array

while ep
𝑛
≤ 𝑁 do

𝑠, done← env.reset

while done = False do

𝑎← from 𝑄[𝑠, ∶ ] using 𝜋(𝑎|𝑠) = softmax𝑄[𝑠, 𝑎]

𝑠′, 𝑟,done← using 𝑎 on env.step

append 𝑠′, 𝑟, 𝑎 to 𝑆array, 𝑅array, 𝐴array

𝑄[𝑠, 𝑎]← 𝑄[𝑠, 𝑎] + 𝛼[𝑟 + 𝛾max𝑎𝑄[𝑠
′, 𝑎] − 𝑄[𝑠, 𝑎]]

𝑠← 𝑠′

ep
𝑛
← ep

𝑛
+ 1

end while

end while

Figure 3.2: The safety layer is positioned behind the tabular Q-learning algorithm. Actions leading to unsafe states are minimally

altered in order to stay in safe space.

3.2.2. Safety Layer
The purpose of the safety layer is first to guarantee that the action will lead to a safe state, and secondly

to minimize the difference between the proposed action by the Q-learning algorithm and the safe action.

This is shown in Equation 3.6.

arg min
𝑎

1

2
||𝑎 − 𝜇𝜃(𝑠)||

2 (3.6)

s.t.𝑐𝑖(𝑠, 𝑎) ≤ 𝐶𝑖

For this purpose the safety layer, 𝑆𝐿, is positioned behind the Q-learning algorithm. This is displayed

in Figure 3.2. In [21], first an initial training phase is required in order to find the safe space. The au-

thors then state that learning the safe space can continue during training of the reinforcement learning

algorithm, but this did not provide them with any additional benefits. As this method is now applied

on a flight control problem, more knowledge about the environment is already known. Whilst Dalal

used 1000 random episodes with random actions in order to find the complete safe space, here only a

few timesteps are required to find the state-space model using a rolling-window-least-squares method.

The actual safety limits are assumed given as the safe flight envelope is usually known as stated in

section 2.3. Furthermore as also the adaptiveness of the method is tested now the continuous training

of the safe space is expected to benefit the performance.

In the safety layer the proposed action is used as input on the learned state-space system. The output

is then used to check the margins with respect to the boundaries. If a proposed action leads to crossing

the boundaries or a trajectory from which the boundaries are inevitably crossed, a different action is

selected. This is done by calculating the action closest to the proposed action but still staying the safe

space. The complete pseudocode for this problem can be found in Algorithm 2.
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Algorithm 2 Q-learning followed by a safety layer.

Require: 𝑁, 𝛼, 𝛾, Δ𝐻, env

initialize (𝑄[𝑠, 𝑎] for all 𝑠 ∈ 𝑆, 𝑎 ∈ 𝐴) = 0, ep
𝑛
= 0, 𝑅array, 𝑆array, 𝐴array

while ep
𝑛
≤ 𝑁 do

𝑠, done← env.reset

𝑆𝐿← from exploratory actions taken in env and Δ𝐻

while done = False do

𝑎← from 𝑄[𝑠, ∶ ] using 𝜋(𝑎|𝑠) = softmax𝑄[𝑠, 𝑎]

𝑎← check (and alter if required) 𝑎 using 𝑆𝐿

𝑠′, 𝑟,done← using 𝑎 on env.step

append 𝑠′, 𝑟, 𝑎 to 𝑆array, 𝑅array, 𝐴array
𝑆𝐿← check (and alter if required) using rolling window LS and 𝑆array, 𝐴array

𝑄[𝑠, 𝑎]← 𝑄[𝑠, 𝑎] + 𝛼[𝑟 + 𝛾max𝑎𝑄[𝑠
′, 𝑎] − 𝑄[𝑠, 𝑎]]

𝑠← 𝑠′

ep
𝑛
← ep

𝑛
+ 1

end while

end while

3.3. Results

The Q-learning method and the Q-learning followed by a safety layer are both trained on the tracking

task for 500 episodes with a maximum length of 100 timesteps. Furthermore after 250 episodes the

internal dynamics of the aircraft changed from using Equation 3.1 to Equation 3.2 to test the robust-

ness of the different methods to altering aircraft dynamics. As a reference a tuned PID controller has

also been simulated. In this section the performance and safety of the algorithms are compared and

discussed. First the performance is discussed more from a reinforcement learning perspective. This is

followed by a discussion from a safe flight control perspective.

3.3.1. Performance

In order to measure the performance of the different methods use is made of the total rewards received

per episode. This can be seen in Figure 3.3 for all three methods. Furthermore in Figure 3.4 the length

per episode is presented.

When looking at Figure 3.4 it can be seen that adding a safety layer worked as expected. No premature

episode terminations are required and using the rolling-window-least-squares method quickly provided

enough information about the system. Q-learning without a safety layer proves capable of learning the

task, but fails prematurely many times in the process. From Figure 3.3 it can be seen that Q-learning

requires the negative reinforcement through exploration in order to discover the safe space. Adding a

safety layer also improves the convergence speed of the method. This can be explained by the fact that

since episodes last longer more rewards are received and more learning takes place. It can be seen

that both Q-learning methods cannot outperform a tuned PID controller. From episode one the PID

controller is able to perform well receiving almost maximum rewards, it only failed when the reference

trajectory itself went outside the safe region. However as the dynamics of the aircraft change the PID

controller is no longer of use and both Q-learning methods are able to adapt and perform. It takes both

Q-learning methods around 75-100 episodes to adapt to the new dynamics and perform around the

same level as before. Interestingly the Q-learning with safety layer starts performing better again after

the change in aircraft dynamics but never reaches the same performance as before. Without safety

layer however the performance continues to increase. This could be explained by the fact that softmax

was used to create a categorical probability function. When the state action values are close together

there is no action that is clearly better. Unlearning a value is harder when a safety layer is active as

no negative reinforcement is applied. When the aircraft dynamics change, the rolling-window-least-

squares method is again able to quickly provide enough information such that the aircraft stays within

the safe space.
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Figure 3.3: Average reward per episode for the method with and without safety layer. The dashed red line indicates where the

dynamics of the aircraft changed. Also a PID controller is added for comparison

Figure 3.4: Average length per episode for the method with and without safety layer. The dashed red line indicates where the

dynamics of the aircraft changed.
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Figure 3.5: 𝑇𝑃𝑀2 for a PID controller and the Q-learning method with safety layer. The red dashed line indicates where the

dynamics of the aircraft changed.

Table 3.2: Overview of 𝑇𝑃𝑀2 and 𝑇𝑃𝑀∞ for each method using only the episodes before the internal dynamics changed.

Q-learning Q-learning with safety layer PID-controller

𝑇𝑃𝑀2 27.4 1.28 0.29

𝑇𝑃𝑀∞ 3.98 0.92 0.14

3.3.2. Safety

In order to inspect the safety of the different methods use is made of Figure 3.4, where the length of

each episode is shown, Figure 3.5 which presents the transient performance measurements 𝑇𝑃𝑀2,

and Table 3.2, which shows the 𝑇𝑃𝑀2 and 𝑇𝑃𝑀∞ values calculated using only the episodes before the

change in aircraft dynamics, this allows for a reliable benchmark from the PID controller.

As Q-learning with safety layer is the only method to consistently reach the maximum number of

timesteps the safety layer enables the aircraft to successfully stay within its safe flight envelope. Fur-

thermore using constrained exploration showed capable of dealing with adaptive flight control as ex-

pected. Even when the reference trajectory moves outside of the safe flight envelope the aircraft is

able to stay within the safe flight envelope.

The stability performance is not satisfactory compared to the PID controller. The 𝑇𝑃𝑀2 of the Q-

learning method with safety layer reduces slightly from the start but stays at 1.28 compared to 0.29 for

the PID controller. This means that a lot of oscillation is present throughout the flight, this was also

seen in visualisations of the simulations. Oscillations are not only uncomfortable for the passengers,

but could also lead to excessive accelerations and loads. The 𝑇𝑃𝑀∞ indicating the maximum occurring

error is also larger than the PID controller, but still within the safe flight envelope. It can be seen that

adding a safety layer increases the stability of the aircraft, but does not yield significant performance

to allow for comfortable and safe flight.

As only a discretized tabular Q-learning algorithm was used it was not expected that the method

would create competitive performance to a PID controller. The stability might improve when using a

more sophisticated learning framework such as an adaptive critic design using function approximators.

Secondly using controller based reinforcement learning could also create significant improvement to

the stability of the system.
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3.4. Conclusion
In this chapter a constrained exploration method, described in [21], in combination with tabular Q-

learning on an discrete control problem calling for an adaptive flight controller is successfully imple-

mented. It is seen that the aircraft does not leave the safe space when the safety layer is active.

Furthermore a change in dynamics is recognized such that the safety layer continues to work. It can

be seen that the rewards received per episode are comparable to a PID controller. When looking at

the stability however the safety layer provides some help, but not enough. The aircraft is constantly

oscillating and performs considerably worse than a tuned PID controller. The use of more advanced

continuous reinforcement learning algorithms such as DHP or IHDP can improve the stability. Further-

more ideas from controller based reinforcement learning could also benefit this issue.
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4
Example runs for experiment 2: height

tracking task

In order to provide further understanding about the failures encountered in experiment 2 additional

figures showing individual runs can be found here. In Part I the general results are presented by using

all of the 100 runs for each data point. As such the total failures and the average reward was shown.

Furthermore, an individual run was shown for the low learning rates to further show the impact of

SIDHP at low learning rates. In this chapter figures are shown for the optimal learning rate, which was

discovered to be 1, and a run using a learning rate of 5 is displayed.

First, in Figure 4.1 and Figure 4.2 the height and elevator deflection respectively, for IDHP and

SIDHP, are shown when the ideal hyper parameters are used. It can be seen that in general the lines

overlap, and follow the height reference accurately. Within the first seconds IDHP and SIDHP both

know nothing about the aircraft and thus first deviate only to learn the correct control policy. During this

period the safety layer is activated briefly which results in slightly less aggressive commands as can

be seen in Figure 4.2. Since the safety layer makes use of the incremental model, which converges

faster than the actor, it is able to propose safe actions even before the controller converges to a suitable

control policy. Therefore it increase safety during exploration.

Next, in Figure 4.3 and Figure 4.4 the height and elevator deflection are shown when a learning rate

of 5 is used. Other hyperparameters have not been altered. Again an initial exploration period can be

seen after which both IDHP and SIDHP converge. As the learning rate is now higher learning is more

aggressive. In Figure 4.4 this can be seen as during exploration the maximum elevator deflection is

used for around 5 seconds on IDHP. Using SIDHP the safety layer is able to avoid such rapid changes.

For the displayed runs it can be seen how, although at a different time, both IDHP and SIDHP adapt

their policy too aggresively due to the high learning rate. IDHP loses track of the control policy at around

110 seconds which again results in maximum elevator deflection being applied for a long period of time

untill the simulaton crashed due to numerical errors. SIDHP also shows a similar behaviour around

120 seconds, but the safety layer helps in converging back to the control policy. It should be noted that

the safety layer is not always able to guarantee safety as seen in Part I. If SIDHP also fails a behaviour

similar to IDHP is seen.
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Figure 4.1: Experiment 2: results for IDHP and SIDHP using ideal hyper parameter settings for a single run.
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5
State Predictions

SIDHP makes use of an incremental model to predict future states. In this chapter the usability and

accuracy of the predictions are discussed by comparing the states and the predicted states of experi-

ment 1 (tracking a reference pitch rate) and 3 (reaction to a simulated elevator failure), as explained in

Part I. This is done by first reiterating the purpose of the predictions, next the comparison is performed.

In order to estimate if an action is safe, the future states are predicted using the proposed action

for 10 timesteps using Equation 5.1 also found in Part I. Predicting further into the future increases the

uncertainty as 1) a prediction is made using a prediction as input and 2) the proposed action is applied

for 10 timesteps where as in reality a different action could be applied after the initial step. Next, a

check is performed whether the predicted state is inside the safe state space, 𝑠̂𝑡+𝑛 ∈ 𝑆𝑆𝑆. If not an

alternative action is proposed. Since this method is used to ensure safety, it has to be kept in mind that

a false positive is undesirable, but allowed. A false negative however, is not allowed as this means the

aircraft will move outside the safe flight envelope.

𝑠̂𝑡+1 ≈ 𝑠𝑡 + 𝐹̂𝑡Δ𝑠𝑡 + 𝐺̂𝑡Δ𝑎𝑡 (5.1)

In Figure 5.1 it can be seen how the predicted 𝑞 and 𝛼 values compare to the actual values near the

boundary for experiment 1. It can indeed be seen that as the aircraft approaches the boundary for 𝑞

the predicted values are roughly 0.2 seconds in front of the actual values. As the boundary is crossed,

the safety layer proposes a different action ensuring that the actual values do not cross the boundary.

As this evasive action is applied for 10 timesteps the predicted values are not representative untill the

safety layer is no longer active. This can be seen in the large downward spikes of the predicted 𝑞

values. Small spikes can also be seen for 𝛼. Figure 5.2 shows the predicted values of the load factor.

Again it can be seen that the predicted values are approximately 0.2 seconds ahead of the actual val-

ues and again small spikes are visible. Additionally, it can be seen that the predicted values cross the

actual values at (or near) the local maxima and local minima of the measured value. This shows the

usability of the method as this behaviour indicates that a false negative does not occur. As the deriva-

tive of the actual value is positive in general the predicted value is above the actual value and vice versa.

For experiment 3 the same figures are displayed in Figure 5.3 and Figure 5.4. As the behaviour is

more aggressive due to the failure the accuracy of the predictions as the model changes is of greater

importance. It can be seen that for all states the predicted values are again ahead of the actual values

and cross at, or near, the local maxima and local minima of the measured values. It can also be seen

that although the system changes due to the simulated elevator failure the accuracy of the predictions

stays similar.
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Figure 5.1: Experiment 1: predicted and actual values of 𝑞 and 𝛼.
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6
Learning Impulse

When the safety layer activates, it not only proposes a safe action, but also provides the actor network

with a learning impulse. This is done by using the safety layer as a ”teacher” and emulating the proposed

behaviour [56]. Via this method the controller can learn about the limit and, perhaps on the long-term,

avoid it. On the short-term it avoids rapid oscillation around the boundary as control passes between

the safety layer and the controller. Here the result of the learning impulse on the actor network is

discussed using experiment 1 and experiment 3. As a baseline the IDHP actor network is used.

Figure 6.1 and Figure 6.2 show the weights and the biases changes for experiment 1 over time

respectively. It should be noted that multiple working combinations of weights and biases exist and due

to random initialization the actual value of a specific weight and bias is of less interest. The behaviour

due to the learning impulse is of greater interest. In general it can be seen that, after an initial exploration

process, the weight converge to a specific value. As the reference trajectory oscillates the biases also

oscillates at the same frequency (0.1 Hz) in order to get the desired output.

The consequence of the learning impulse can also be seen. For the weights it is visible how IDHP

looks noisy. SIDHP on the other hand displays a ”stair” pattern where the learning impulse creates the

steps. For the biases similar characteristics are visible. IDHP displays what looks like a noisy square

wave. SIDHP again looks less noisy, a clearer square wave is visible were the steps are provided by

the learning impulse.

In Figure 6.3 and Figure 6.4 the actor weights and biases change over time for experiment 3 are

visible. A similar behaviour to experiment 1 is seen, the weights seem to converge to a specific value,

whereas the bias is used to create an oscillatory behaviour just as the reference. After the simulated

failure the weights converge to a different specific value and the bias displays oscillatory behaviour, but

at a completely different offset. The safety layer is only activated as the aircraft undergoes a simulated

failure. It can be seen how the learning impulse provided, moves the weights and biases much more

than in experiment 1 as the safety layer is active for much longer. As can be seen in Part I the trajectory

stays smooth after control is handed back even though the actor receives a large discontinuity in state

and reference. The weights and biases of IDHP can be seen to follow the same direction but slower

as no impulse is provided. From the new positions IDHP and SIDHP converge to a new control policy

taking into account the elevator failure.
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7
Conclusion

Safety in aviation has always been the highest priority. With the coming of Flight Control Systems

this safety has only been enhanced. The advancements of autonomous flights and self-learning flight

controllers brings exciting new possibilities, but safety guarantees are still lacking. This research aims

to increase the safety of aerospace systems through online reinforcement learning by developing a

state-of-the-art safe reinforcement learning method and by comparing its performance to existing on-

line reinforcement learning methods. For the main research Incremental Dual Heuristic Programming

(IDHP) is compared to Safe Incremental Dual Heuristic Programming (SIDHP), which consist of IDHP

together with a safety layer, using a non-linear high fidelity simulation model of the Cessna Citation II.

The research objective is split into research questions. Using the research questions stated in chap-

ter 1 the contributions of this research are discussed.

1 What is the state-of-the-art in the field of online reinforcement learning?

• What training methods are used for online reinforcement learning

• What is the state-of-the-art in the field of safe online reinforcement learning?

• What is the state-of-the-art in the field of safe online reinforcement learning in flight control?

In chapter 2, the literature overview, it is seen that an optimal policy is obtained through, in theory, in-

finite experience. This is required to explore all states and gain knowledge of the environment by means

of the reward signal. With continuous spaces this is problematic as infinite experience is unattainable

and therefore the use of function approximators is introduced. Function approximators are capable of

generalizing the experience such that the information is efficiently stored and also meaningful estimates

of unseen states can be made. When studying the state-of-the-art in the field of reinforcement learning

Artificial Neural Networks (ANN) are identified as a powerful function approximator. From literature it

is identified that in order to train online TD-learning is the most suitable training method.

Furthermore the exploration-exploitation dilemma is discussed. During exploration the agent learns

through experience in order to find the optimal policy. This also makes exploration dangerous as unsafe

state can be visited. Often this risk mitigated by first introducing an offline training phase such that the

agent already has some knowledge of the system beforehand. Adding additional knowledge of the

system to the agent using different methods can thus also increase safety as the agent does not have

to experience this knowledge, increasing both safety and efficiency. For control tasks Incremental

Dual Heuristic Programming (IDHP) shows most potential as it can also be applied in an online fashion

without any prior knowledge of the system due to the added benefit of an incremental model.

As reinforcement learning builds upon experience it is not immediately designed for safety. How-

ever the need for safe exploration in various industries and sectors has lead to different methods using

various ways to provide additional knowledge to agent such that safety is increased. From literature it

is concluded that two types of safe reinforcement learning show most potential for application in adap-

tive flight control. First, constrained exploration reinforcement learning, were actions are constrained
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based on an internal model of the safe states. These safe states are either given beforehand or esti-

mated using risk signals. It shows promising gains with only limited extra information required by the

algorithm. Secondly, controller based reinforcement learning algorithms also show impressive results.

Here reinforcement learning is used in combination with linear control theory. These methods require

a safe baseline controller which may be difficult to obtain or simply not available. The choice for con-

strained exploration is made as an internal model is already available when using IDHP and therefore

little extra knowledge is required. The incremental model is then used, not only during training, but also

to predict future states. A safety layer is then added to ensure only safe actions are taken. This results

in Safe Incremental Dual Heuristic Programming (SIDHP).

2 How is a trade-off performed between safety and performance in reinforcement learning?

• How is safety compared/measured?

• How is performance compared/measured?

As reinforcement learning is becoming more widely used, safe reinforcement learning is getting

more attention from various industries and sector. Whereas fundamental reinforcement learning learns

trough trial and error, safe reinforcement learning mostly tries to enhance a safe but conservative pol-

icy. Learning online without prior knowledge thus requires additional system knowledge to be added

such that a safe policy can be guaranteed. Safety is measured in the number of failed runs, or the

number of runs before a working policy is found. Performance is measured using the total return, or

cumulative reward. Reward is defined depending on the task at hand. Also the 𝑇𝑃𝑀2 metric is intro-

duced which is proposed to be used to certify adaptive flight controllers. In tasks where safety is crucial

a trade-off between safety and performance is irrelevant. Furthermore chapter 3 showed that using

safety measures can also increase performance.

3 How is safety guaranteed when using reinforcement learning in flight control?

• How is safety defined in flight control?

• What (initial) information needs to be available to the system to ensure safety?

• What methods are available to ensure safety in initialization and exploration?

In order to apply reinforcement learning on flight control problems it is important that the safe flight

envelope of the aircraft is adhered to as explained in chapter 2. This can be considered the safe state

space of the reinforcement learning problem. This fits well with constrained exploration reinforcement

learning as knowledge of the bounds are known in advance. Using the safe flight envelope in combi-

nation with constrained exploration thus leads to increased safety and robustness of the algorithm. In

theory actions resulting in an unsafe state are replaced and the safe state space is thus always adhered

to. In the preliminary analysis this method led to zero failures. During the research as presented in

Part I SIDHP reduced the number of failures, but could not be entirely failure free. This can be attributed

to the fact that high learning rates were used.

The stability of the system is also of importance as oscillations could lead to uncontrollable move-

ments. An example of this behaviour is the response of IDHP and SIDHP when large learning rates are

used. It is seen how an exploding gradient creates unstable response to the task at hand. However

simply applying small learning rates does not solve the problem as the controller then becomes less

capable of adapting to changing circumstances in the environment.
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4 How does the performance of the selected safe online continuous reinforcement learning method

compare to existing continuous reinforcement learning controllers, such as (i)ADP?

• How does safety compare?

• How adaptive is the safe reinforcement learning method compared to existing reinforcement

learning controllers?

In Part I IDHP and SIDHP are compared in terms of safety, performance and adaptiveness using

three different experiments. Of these characteristics safety is considered to be the highest priority.

Safety is assessed by looking at the number of failed simulation runs, performance is evaluated by

looking at the cumulative reward, and the adaptiveness is tested by inspecting the response to an

elevator failure.

The safety of IDHP and SIDHP is tested by comparing the number of failed runs on a height tracking

task. A virtual safe flight envelope is given to which the algorithms have to adhere. Multiple hyper

parameter settings are selected to also test the robustness of the algorithm to these settings. Often

problems can only be solved using reinforcement learning when specific hyper parameters are chosen.

As an aircraft facesmany different tasks this is undesirable and optimally the controller is robust to these

hyper parameter settings. For learning rates up to 1 SIDHP shows increased safety as only 3 out 2700

simulation failed whereas IDHP failed in 2300 runs. For higher learning rates SIDHP is still safer than

IDHP but also fails in 326 out of 2700 runs. IDHP fails in 865 runs. This number of failures are attributed

to the high learning rate creating instability. SIDHP tries to slow down the learning process, but is not

always capable in doing so. On succesful runs IDHP shows better tracking performance which can be

explained by the extra exploration that occurs, however it is this freedom that also results in failed runs.

To test the adaptiveness IDHP and SIDHP are tasked with tracking a pitch rate reference. At a pre-

determined time an elevator failure is simulated resulting in a loss of trim whilst, elevator effectiveness

is reduced to 50%. Both IDHP and SIDHP are able to recover from this failure and learn a new control

policy, showing that SIDHP is still as adaptive as IDHP. Furthermore the learning impulse provided by

the safety layer helps SIDHP in correcting the failure even after control is passed back from the safety

layer to the controller.

The objective of the research is to increase the safety of aerospace systems through online reinforce-

ment learning by developing a state-of-the-art safe reinforcement learning method and compare its

performance to existing online reinforcement learning methods.

A new safe online continuous reinforcement learning controller for flight control is presented com-

bining knowledge of the safe flight envelope with constrained exploration and IDHP. This results in

SIDHP, a safe reinforcement learning controller for flight control capable of online learning without

prior knowledge whilst adhering to a safe flight envelope. Additionally, it proves to be able to adapt to

sudden changes in the environment, whilst adhering to a safe flight envelope. Lastly, it is more robust

to hyper parameter settings compared to IDHP. The tracking performance of SIDHP is slightly worse

due to the constrained exploration. The proposed framework can still not provide the much wanted

safety guarantees needed for certification on a real aircraft, but provides a stepping stone for further

research.





8
Future Work

This research has provided new knowledge on safe online continuous reinforcement learning in flight

control by introducing SIDHP. As with every research the results lead to new questions and ideas for

future research:

• During this study the scope was limited in order to investigate the proposed proof of concept.

One of these assumptions is the fact that clean measurements of the state are used. For further

research it would provide value insight to also add noise to the measurement. In particular the

effect of noise on the accuracy of the state prediction used to activate the safety layer would be

interesting.

• Within the current framework knowledge about the limits of the safe flight envelope is provided as

the predicted values go outside the safe flight envelope. Another technique that could be applied

is to also provide this information via risk signals such as in [48]. As the limits are approached the

risk could increase. In this study only 10 timesteps (or 0.2 second) into the future are predicted.

Not only could a risk signal provide knowledge about the limits, but it could also increase the time

the safety layer has to react and provide safe actions.

• In this study it is shown that IDHP is very sensitive to the learning rate. SIDHP although more

robust was also incapable of dealing with learning rates larger than 2. However low learning rate

show considerably less tracking performance. As such adaptive learning rates as shown in [8]

and applied in [76] can provide stability whilst also increasing performance.

• As a non-linear high-fidelity simulation was used it proved to complex to control the altitude 𝐻

and flight path angle 𝛾 directly using an online method. Therefore a PID controller was used

as an outer loop controller to provide a pitch rate reference. Applying cascaded networks might

solve this problem as also shown in [76, 75, 74] and get rid of the PID controller outer loop. This

would also allow for a more generalized control policy eventually leading to increased safety and

performance.

• SIDHP has been shown to increase safety and robustness in aircraft control, however to simplify

the problem only longitudinal control has been performed. Applying SIDHP on both longitudinal

and lateral control would provide further insight into the performance. Instead of 1 output, the

elevator, SIDHP should then provide 3 commands, the elevator, ailerons and rudder. This would

also impact the method of choosing a corrective action as now the magnitude of incremental

model should play a role. Therefore it is also advised to include the magnitude of the specific

entries of the incremental model into the corrective action vector 𝑎𝑐 instead of only the sign.

• In this study the longest simulation runs took less than 5 minutes. It would be interesting to see

the effect of longer simulations on the incremental model and the critic and actor networks. In

this study the network weights seemed to converge to a value whilst the bias kept oscillating.

Other studies have encountered exploding networks when longer simulation times were used

[38]. Furthermore the adaptability of the incremental model becomes less as time progresses.

Therefore this should be investigated.
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• To prove the concept of SIDHP identifying the safe flight envelope was kept outside the scope of

this study. State-of-the-art online safe flight envelope identification method which also are able to

recognize failures as found in [73, 66] combined with SIDHP would provide a complete solution

and replacement for current flight envelope protection systems.
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