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SUMMARY

Advancements in aerial vehicles have presented new challenges for flight control system
design. The disturbed airflow caused by rotors and flapping wings and the nonlinearity
and uncertainty increased by morphing components impede the identification of a globally
accurate model of these vehicles. Additionally, complex components can increase the risk
of structural damage and faults and pursuing large wingspans and a high aspect ratio can
result in unstable flight dynamics because of structural flexibility. Moreover, current control
systems are limited in their ability to adapt to unanticipated or changing circumstances.

Given these challenges, the aerospace community has turned to intelligent methods to
enhance the autonomy of flight controllers. Reinforcement learning (RL) has been popu-
lar in recent years because it offers self-learning approaches that improve agent policies
through interaction with the environment. Fruitful cross-fertilization of RL and control
theory produced adaptive dynamic programming (ADP), which has been successfully ap-
plied to a wide range of nonlinear control systems, including aerial vehicles. ADP inherits
dynamic programming’s optimality while enabling adaptability. Furthermore, with the
facilitation of artificial neural networks (ANNs), ADP can handle complex control demands
and demonstrate the capability of online learning. Consequently, the main research goal of
this dissertation is:

To improve the adaptability and online learning capability of flight control
systems by designing nonlinear ADP approaches.

RL and ADP are relatively new in the field of flight control. Despite the promising
benefits, applying ADP to aerial vehicles in flight control presents challenges. Online
learning efficiency is a concern due to uncertainties, disturbances, and sudden faults during
flight. Imperfect measurements and partial observability further complicate the application
of ADP. The lack of a unified paradigm for different categories of ADP also hinders learning
efficiency. Therefore, these challenges lead to the first research sub-question:

1. How to synthesize and improve current online ACDs to cope with dynamic and mea-
surement uncertainties, partial observability, external disturbances and sudden faults?

This research question is answered through the development of global dual heuristic
programming (GDHP) with explicit analytical calculations and an incremental model,
which synthesizes current online ACDs without requiring prior knowledge of system dy-
namics. It uses a critic network to approximate the cost function and analytically computes
derivatives based on the approximation, while incorporating an incremental model to
estimate state transitions using instant and historical data sets. Through applications to
attitude control problems in a nonlinear aircraft, the proposed method demonstrates the
ability to handle imperfect measurements, unknown and time-varying dynamics, diverse
initial conditions, and sudden faults while maintaining efficient control.
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The second challenge in Adaptive Dynamic Programming (ADP) is ensuring online
learning stability for aerial vehicles. As system complexity increases, accurate modeling
becomes difficult, and control input constraints must be considered. However, theoretical
analysis of control stability is limited due to the complexity of Artificial Neural Networks
(ANNs). RL flight controllers also have a low success ratio in online learning control due
to stochastic processes. These challenges lead to the second research sub-question:

2. How to achieve optimality and stability of ADP for discrete-time (DT) and continuous-
time (CT) systems, while dealing with input constraints of aerial vehicles?

This research question is answered through the construction of an enhanced non-
quadratic integral utility function and a bounding layer in the actor network. The new
utility function allows for analytical calculations of constrained control inputs. A bounding
layer with activation functions is designed for DT systems, addressing asymmetric control
input constraints. Three solutions are proposed to enhance stability. Firstly, the incremental
model and improved GDHP technique enable quick online learning with a success ratio
exceeding 99%. Secondly, the iterative adaptive critic algorithm improves performance
through multiple iterations. Besides, simplified analytical calculations and the concept
of explainable GDHP (XGDHP) are introduced. Finally, for continuous-time nonlinear
systems, an improved update criterion eliminates the need for initial admissible control
while ensuring Lyapunov closed-loop stability considering network approximation errors.

The third challenge in online ADP flight control is the high computational load. This
dissertation introduces the event-triggered control (ETC) scheme to optimize computational
utilization, and applies ETC to aerial vehicles with intelligent optimal control. ETC reduces
update frequency and affects policy exploration, ultimately impacting control performance.
Therefore, the third research sub-question is formulated:

3. How to save computational and communication load by event-triggered ADP without
significantly affecting overall performance?

This research question is answered through the respective investigation of DT and CT
systems. This research combines ETC with XGDHP for DT systems, with ETC acting as
the outer loop of XGDHP. The triggering condition for stability is improved and a more
specific proof is provided. For CT systems, ETC is incorporated in the ADP algorithm
with a novel triggering condition considering input constraints. The Zeno phenomenon is
analyzed and avoided based on the derived triggering condition. The closed-loop stability
of the ETC scheme is theoretically proven and verified through simulation. Results show
that ADP benefits from ETC in terms of computational and communication load while
achieving comparable control performance.

In conclusion, this dissertation develops ADP flight control methods to enhance the
autonomy of aerial vehicles despite uncertainties and constraints, and successfully answers
the following main research question:

How can aerial vehicles benefit from ADP to improve autonomy and online
learning in an uncertain environment, while satisfying requirements on input
constraints, adaptability, stability and computational efficiency?



INTRODUCTION

1.1 AuToNOMOUS CONTROL IN AERIAL VEHICLES

The last hundred years have witnessed an unprecedented surge of automated control in
various domains, ranging from household appliances to industrial manufacturing and
aerospace systems. Since the great industrial revolution, automation has now been widely
accepted and has freed people from tedious and monotonous physical activities and thus
decreased costs. In the information age, great importance has been attached to higher
automation for better economic benefits and a more comfortable life. These incentives
encourage increased automation in all social sectors.

The development of aerial vehicles is no exception to this trend. Since their first proto-
typical versions, which consisted only of mechanical components and depended heavily on
manual operations, a variety of aerial vehicles has been created for a multitude of usages,
as shown in Fig. 1.1. Taking Delft University of Technology (TU Delft) as an example,
there are various unmanned aerial vehicles (UAVs) and manned aircraft developed or under
development in recent years. In terms of UAVs, the Delfy Nimble bio-inspired ornithopter
(Fig. 1.1a) is one of the most famous, which imitates the tailless structure of the fruit fly
and can achieve agile flying [1]. As to manned aircraft, sustainable aviation is becoming a
concept recognized by more people, and therefore energy-efficient aircraft are receiving
more attention, such as the Flying-V prototype aircraft (Fig. 1.1b). In addition to these
complete aircraft, research on aircraft components is also underway. For instance, the
SmartX project develops a biomimetic seamless morphing wing (Fig. 1.1d) that can actively
optimize its shape, minimize the air resistance and thus save energy [2, 3]. Researchers
in other parts of the world also investigate novel aerial vehicles that can work in various
environments. For instance, for urban air mobility, Airbus develops the CityAirbus demon-
strator (Fig. 1.1c), which is a multi-passenger, autonomous piloted electric vertical takeoff
and landing vehicle [4]. For multimodal environments, scientists at Harvard University
developed an insect-scale robot with a pair of flapping wings, which is capable of hybrid
aerial and aquatic locomotion [5] (Fig. 1.1e).

Nonetheless, with the rise and success of these projects, they also become more complex
in terms of their structure and working environment and bring about new challenges for
the control system. For example, conventional flight control methods require piecewise
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(a) DelFly Nimble ornithopter [1]  (b) Flying-V aircraft ©TU Delft (c) CityAirbus demonstrator [4]

(d) SmartX-Alpha seamless morphing wing ©T. Mkhoyan (e) Hybrid RoboBee robot [6]

Figure 1.1: Examples of recently developed aerial vehicles and components.

mathematical models of the physical system and generate control laws around each op-
erating point by appropriate methods such as stability analysis and manual tuning [7].
However, rotors and flapping wings disturb the airflow that interacts with the UAV body,
which impedes the analysis of the force and moment mechanisms. Simultaneously, mor-
phing components in the morphing wing also increase the nonlinearity and uncertainty,
which complicates the system identification. Therefore, constructing a globally accurate
model is intractable and often not practical for these structurally complex systems. Fur-
thermore, these complex components may also increase the risk of structural damage
and sudden faults [8], as presented in Fig. 1.2a. Moreover, although the high-precision
aerodynamics and kinematics of fixed-wing aircraft can be identified offline, the pursuit
of a large wingspan and a high aspect ratio for aerodynamic efficiency often leads to
structural flexibility. When encountered with moderate air turbulence, the interaction of
the structural and rigid-body modes can result in unstable flight dynamic modes [9] like the
phugoid mode, which in extreme situations can cause oscillations and even lead to a crash,
such as the loss of NASA’s Helios prototype aircraft [10] shown in Fig. 1.2b. Under these
unanticipated or changing circumstances, current control systems are seriously challenged
because they often lack the capability to adapt to situations for which they have not been
designed. Consequently, with the trend of designing novel and advanced aerial vehicles,
more stringent, improved and intelligent approaches to autonomous control are required
to deliver guaranteed performance and the satisfaction of prescribed targets, instead of
merely automated control.

The difference between automated control and autonomous control is not always clear
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(a) A quadcopter with a single rotor detached, ©S. (b) Helios at high wing dihedral prior to struc-
Sun tural failure and in-flight breakup, ©NASA

Figure 1.2: Examples of structural failure of aerial vehicles during flight.

due to the nearness of their definitions. They are overlapping but different concepts and
have already been distinguished by lots of researchers [11-14]. Specifically, automated
control can utilize limited logic or feedback to react accordingly to several predetermined
circumstances with limited-to-no human interaction. Autonomous control mentioned
in this dissertation encompasses forms of automated control but additionally allows for
decision making in circumstances that are not explicitly accounted for by designers or
can find solutions that are not predetermined or preprogrammed by designers [14]. In
other words, autonomous control extends the concept of automated control with aspects
of adaptive or online learning capability, which is also named as intelligence. Therefore,
autonomous control has more potential to overcome the challenges brought about by the
increase in the complexity of aerial vehicles.

Recent years have witnessed significant developments and innovations in artificial
intelligence (AI) and machine learning (ML), which provide promising solutions to the
increase of autonomy, and therefore the involvement of AI/ML in aerial vehicles has
become an active research field. For instance, the European Union Aviation Safety Agency
(EASA) has published a human-centric Al technical roadmap, intending to depict the
development prospect of Al in aviation [15]. As shown in Fig. 1.3, Al and ML play a vital
role in achieving more autonomous flight in this vision. Nonetheless, many ML approaches
rely on offline training with prior-collected data, which is limited when facing complex
unforeseen circumstances. Therefore, what if an intelligent approach exists to enable the
controller to adapt and learn online by interacting with the environment?

1.2 REINFORCEMENT LEARNING

One solution to address the aforementioned issues is reinforcement learning (RL), a class
of ML algorithms that draws its inspiration from the way humans or animals learn [16].
In the context of this dissertation, the capability of adapting or online learning is defined
as that an agent can improve its policy and thus performance via experience gained from
interaction with its environment. RL by nature learns from the environment and therefore
this intelligent approach can empower the controller to be autonomous [17].
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2021 2022 2024
First usable First usable First usable 2026
guidance for guidance for guidance for Finalized 2028
Level 1 AI/ML Level 2 AI/ML Level 3 AlI/ML guidance for Finalized 2029
(human assistance/ (human/machine (more autonomous Level 1 and 2 Al/ guidance for Adapt to further
augmentation) collaboration) machine) ML Level 3 Al/ML innovation in Al

Al ROADMAP
DELIVERABLES

Phase I: exploration Phase II: Al/ML framework e B
and first guidance development consolidation P 9

2020 2021 2022 2023 204 EFE 2026 2027 2028 2029 EED 2031 2032 2033 203 €D
>
==
=2 2019 2025 2030 2035
‘3 (=) First EASA Al/ML First approvals Single-pilot Autonomous
Q= IPCs & applications of Al/ML CAT operations* CAT operations*
290
=
a - * For Large Aircrafts, based on roadmaps from major players

Figure 1.3: Human-centric Al roadmap published by EASA in 2020 [15].

1.2.1 WORKING PRINCIPLE OF RL

As the complexity of aerial vehicles increases, the need for the individual components to
work with each other is inevitable. Flight control systems thus tend to seek optimality
in terms of a specific performance indicator. Dynamic programming (DP) lays out the
fundamentals of optimal control and is an important theoretical support for early RL
theory [16, 18, 19]. However, DP is not natural for implementation in real time because
it is fundamentally an offline approach that requires an accurate model. Moreover, DP
calculates the policy in a time-backwards way and does not offer methods for solving
optimal decision problems online in a forward manner. Furthermore, traditional DP
approaches are devised for discrete state and action spaces by using a lookup table [16].
With real-world applications, in particular aerial vehicle control problems, traditional DP
approaches have been confronted with high-dimensional or continuous spaces, which can
result in the infamous "curse of dimensionality", a phenomenon where the number of states
and actions grows exponentially [7, 16, 19-22].

Fortunately, this issue can be handled by some RL methods. RL is closely linked with
optimal control, in that learning behaviour that gets maximum reward is equal to pursuing
a control policy that optimizes certain performance-based cost functions. The working
principle of RL is visualized in Fig. 1.4, where the agent, represented by a quadcopter, takes
an action that interacts with the environment, and then accordingly perceives the new
state and collects the feedback (reward or penalty) corresponding to the state transition
[16]. This process can be iterative and therefore provides the agent with a guideline to
learn rewarding behaviours online.

One family of online RL methods is built with the actor—critic structure, in which
the actor applies an action or a control policy to the environment, whereas the critic
assesses the value of that action [23]. With these two components, the temporal-difference
(TD) approach can be employed to perform time-forward calculations. Therefore, the
actor—critic structure is particularly well adapted for solving optimal decision problems
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in real time through RL techniques [21, 23]. Adaptive dynamic programming (ADP) is a
common alias of practical actor—critic methods for solving optimal control problems in real
time in the control engineering [22, 24]. For handling the curse of dimensionality, ADP
often utilizes function approximations to develop practical algorithms for complex systems
with disturbances and uncertain dynamics [23, 24]. As its name suggests, ADP not only
inherits the capability of DP for pursuing optimality, but also empowers the controller to
be adaptive. Developed by hybridization between RL and control theory, ADP has become
a key direction for future research in building autonomous systems.

State sk o <y
Reward
7(Sk, T(Sk), Sk+1) Agent Action
a =1(sy)

Sk+1

Environment

Figure 1.4: Working principle of RL visualized by an example. In this representation, the quadcopter agent aims to
keep tracking shots of athletes steadily in a changing environment defined by everything included in the graph,
such as the ground, athletes, the football, birds and even the status of the quadcopter itself. The agent observes
its state in this environment and may receive rewards for successfully recording video meanwhile keeping a safe
flight, and subsequently decides what actions to take for transitioning its state in the environment.

1.2.2 ADAPTIVE DYNAMIC PROGRAMMING

When reviewing the literature, there is often confusion about ADP-related terminologies
due to its several synonyms [25], such as adaptive critic design [26], approximate dynamic
programming [27], neuro-dynamic programming [28, 29], relaxed dynamic programming
[30], actor-critic control [31] and also reinforcement learning [21, 32, 33]. Despite slight
differences in detail and emphasis, these terminologies are essentially the same type of
approach in the context of optimal control. This dissertation focuses on adaptability and
online learning of control systems. Therefore, to highlight adaptability and to distinguish
it from the larger concept of RL, this dissertation refers to such approaches uniformly as
adaptive dynamic programming (ADP) and gives its definition as follows:

Definition 1.1. Adaptive dynamic programming (ADP) is a class of adaptive optimal
control methods which use function approximations to approximate values or policies and
solve the Bellman equation in a time-forward way via a TD approach.
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It is noteworthy that the implementation of ADP shows differences when applied to
discrete-time (DT) and continuous-time (CT) in terms of dealing with the time-bootstrapping
property, in that for CT systems the impact of bootstrapping is often neglected. To distin-
guish these situations, this dissertation exploits the adaptive critic design (ACD) to describe
the situation when the system or controller is DT, and this terminology is widely used in
previous work [7, 26, 34]. The taxonomy of these terminologies is visualized in Fig. 1.5.

TD methods

Figure 1.5: Taxonomy of the different methodologies of ML, RL, ADP and ACD.

ADP falls within the scope of TD methods, as illustrated in Fig. 1.5, owing to their
shared foundational principles and iterative approaches in updating the value function.
Both ADP and TD methods employ bootstrapping techniques, enabling online learning from
incomplete experiences. Throughout this dissertation, all developed ADP methodologies
adhere rigorously to Definition 1.1, which encapsulates the essential characteristics of
ADP as outlined in [21]: function approximation and TD-based approaches. Consequently,
ADP specifically encompasses a subset of TD methods that utilises approximators, such
as artificial neural networks (ANNSs), to approximate solutions of the Bellman equation,
marking a key distinction within the broader TD framework.

All RL approaches, including ADP, are developed based on the Markov assumption.
Therefore, the mechanism depicted in Fig. 1.4 can accordingly be modeled as a Markov
decision process (MDP). Choose the DT system as an example. The Markov property
guarantees that the state transition towards a new state si,; and the acquired reward r
depend uniquely on the current state s; and the action a; generated by current control
policy n(sx) [35]. Hence, the target of the controller is to maximize the total discounted
sum of future rewards (or to minimize the cost) and therefore a value function can be
implicitly expressed as follows:

N-1

> YR (s (1), s11)

I=k

V(s = lim k=0 (1.1)

where E,[-] denotes the expected value of a random variable given that the agent follows
policy 7, and y € (0,1] is a discount factor determining to what extent future rewards can
affect current behaviour [16]. According to Bellman’s principle of optimality [16, 18, 19],
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the optimal value V*(sx) is compliant with the Bellman equation:
Vi(sk) = Hﬁx(”(sk, Ak, Sks1) + Y V' (Sk1)), Vk. (1.2)

Solving Eq. (1.2) is the key procedure when designing an optimal controller, and it is
impossible for generic nonlinear systems to obtain the analytical solution. ADP solves it
iteratively based on the TD error by subdividing the Bellman equivalence into multiple
updates as:

V(sk) <= V(sk) + n(r(sk, ak, Ske1) + ¥ V(ske1) = V(sk), (1.3)

where 1 denotes a learning rate whose role is to facilitate convergence [35]. At each update
step, the control policy 7(sk) is also accordingly updated. These iterative procedures, updat-
ing value function and control policy, are called policy evaluation and policy improvement,
respectively [16], which rely on each other to gradually converge to the optimal policy.

From Eq. (1.3), it can be observed that the update process relies on the result from
the future, i.e., it is bootstrapping regarding time. To cope with this issue, the actor-critic
scheme is commonly employed with the facilitation of ANNs [36]. For DT systems, two
ANNSs, namely actor network and critic network, are constructed to respectively generate
and evaluate the control policy. Policy improvement and policy evaluation procedures are
conducted when updating these ANNs. This kind of control approach is classified as ACDs
in this dissertation, which is a subclass of ADP.

For CT systems, when the time interval tends to 0, the update of states will also tend to
0, which approximately eliminates the impact of bootstrap and the control architecture can
be simplified. Specifically, only a single critic network is required for CT control systems to
evaluate the control policy, and building an actor network is often not necessary, because
the control policy can accordingly be computed through the critic network by solving the
Bellman equation [37].

1.3 CHALLENGES OF ADP ror FLicHT CONTROL

Unlike Monte Carlo methods that rely on sampling the whole episode and DP methods
that require a time-backwards calculation, ADP makes use of TD error and function
approximation to enable online learning. That is to say that ADP can accomplish the
objective of online intelligent optimal control. Nevertheless, ADP for flight control is often
confronted with three main challenges to be dealt with, as will be illustrated in this section.

1.3.1 THE CHALLENGE OF ONLINE LEARNING EFFICIENCY

When arriving at a new situation or meeting with emergencies, humans can often adapt
quickly with very few iterations. ML approaches, however, usually require many samples.
In emergencies, it is vital to control the aircraft before it crashes, so there are not many
samples to learn from, which is the main reason why we need to improve the sample
efficiency.

When people talk about RL, it is often accompanied by the model-free concept because
some RL methods can directly learn from the environment without building a system
model to achieve direct adaptive optimal control [38], which can also be accomplished by
ADP. Nevertheless, being model-free does not mean that the system dynamics are totally
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uninvolved. Actually, the system and environment dynamics are implicitly incorporated
in the learned control policy in these approaches [39]. A typical example of model-free
RL is Q-learning [40, 41], which employs a Q(sk, ax) function to calculate the quality of
a state—action combination instead of the value function V(si) formulated in Eq. (1.1).
Since the policy evaluation in these approaches is directly based on not only states but
also actions, in the ADP field, the class of methods is also called action-dependent (AD)
[26, 39, 42].

However, such direct learning approaches have drawbacks that decrease online learning
efficiency from both theoretical and practical perspectives. Since the control policy in
AD-ADP methods implicitly incorporates the system dynamics, the complexity of the critic
network [7] and also the sampling complexity of the algorithm are increased, particularly
when using high-dimensional function approximators, which tends to limit their appli-
cability to physical systems [40]. Furthermore, previous studies on ACD and AD-ACD
have reported that ACD outperforms its AD form in success ratio and adaptability [26, 39].
Consequently, another module is often constructed in the ADP scheme to approximate
the unknown system dynamics and provide state transition information, normally based
on ANNs [43-45]. Due to the demand for efficient online adaptability, the approximated
dynamics should be as accurate as possible. However, uncertainties, disturbances and even
sudden faults can happen during flight [8, 46], which requires fast adaptation of the ADP
controller, especially the identifier. Furthermore, conventional ADP assumes the availabil-
ity of full state feedback [39, 43-45]. However, either output feedback (OPFB) where there
exist unmeasurable inner states in deterministic systems [47, 48] or partial observability
(PO) that involves stochastic or time-varying dynamics [49, 50] can be encountered by
aerial vehicles. All of these factors bring about challenges in the system identification for
efficient online intelligent flight control.

Despite the importance of the learned network parameters, the network structure
plays a fundamental role. Compared to the actor network that maps states to actions, the
critic network is often more complex in the low-level control task because it bears the
responsibility for policy evaluation which instructs policy improvement. Based on different
targets to be approximated by the critic network, current ADP (especially ACD) methods
can be categorized into different types, such as heuristic dynamic programming (HDP)
[42], dual heuristic programming (DHP) [34, 36] and global DHP (GDHP) [43, 45]. Each
method has benefits and drawbacks, but all these methods do not share the same network
structure so they cannot directly be transferred to each other without being redesigned.
Therefore, a unified structure is needed to cope with complex situations, which will be
covered in this dissertation.

1.3.2 THE CHALLENGE OF ONLINE LEARNING STABILITY

The stability of the flight is crucial. For the flight controller, stability can be evaluated
separately from both theoretical and experimental perspectives. In this dissertation, a
controller is said to be stable if a control method is able to achieve a 100% success ratio
through simulation verification or if the closed-loop stability can pass a rigorous theoret-
ical analysis. It is noted that the success ratio depends on how realistic the simulation
environment is, and this dissertation will take the random and unanticipated factors that
affect the stability of online learning into consideration.
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When interacting with the real world, the automatic flight control system is significant
for preventing aerial vehicles from getting into dangerous situations. A traditional and
common solution is to build a simulation environment with accurate system dynamics
such that a primitive control policy can be trained offline to guarantee safety, after which,
online fine-tuning is implemented for better performance [51-53]. However, the reality
gap between simulation and the real world broadens as the system becomes complex.
As analyzed in Section 1.1, it is difficult to construct a globally accurate model for aerial
vehicles, let alone the unforeseen disturbances and faults. Consequently, enhancing online
learning stability is crucial in these situations.

In many cases, enhancing flight stability is consistent with learning efficiency in that
aerial vehicles can swiftly adjust to new conditions. Nevertheless, the prerequisite is that
the controller knows what the proper behaviour is. Therefore, designing a sound reward
is important, which however is still an open research topic in the RL field. Furthermore,
aerial vehicles always suffer from control input constraints [2], which should be considered
in the controller design. Because of the complexity of ANNS, literature in ADP-based flight
control rarely theoretically analyzes the control stability, which mostly is demonstrated
through tests [32, 34, 39, 42]. However, it is difficult to make comparisons among these
research works because of different systems and different ways to define success. Therefore,
this dissertation intends to enhance flight control stability by increasing the success ratio
compared to existing methods, or preferably by providing theoretical proof.

1.3.3 THE CHALLENGE OF COMPUTATIONAL LOAD

One of the widely known shackles of Al is its high computational load. For instance, it
took the famous AlphaGo Zero 40 days of computations on multiple high-performance
processors to achieve its impressive performance [41]. The computational restrictions are
harsher for aerial vehicles because they are systems with limited resources and continuous
state and action spaces. For a quadcopter, months of training can be spent before a stable
flight RL-based controller is obtained [52]. This has seriously hampered the application
and dissemination of intelligent flight control methods.

Computational load is also closely related to learning efficiency. In addition to the
factors mentioned in Subsection 1.3.1, another cause of high computational load is the low
sampling efficiency that requires a huge amount of interactions [54]. Similar to other RL
approaches, ADP can suffer from low sampling efficiency, which may result in unbearable
computational costs or even infeasibility in online flight control applications. However,
different from those cases where the reward is sparse, such as the Go game in which, only
after the game ends, a reward can be collected [41], flight control, particularly low-level
control, often rich feedback is used to speed up learning. Rich feedback requires high
bandwidth sensors. Conventionally, the calculation regarding ANNs parameters update is
conducted once the feedback is obtained so as to evaluate and update the control policy.
However, if the performance is sufficiently good at present, continued update of the ANNs is
a waste of computational resources. So why not only calculate and update when necessary?

There exists such a technique called event-triggered control (ETC). Arising from net-
worked control systems, ETC was originally designed to enhance communication resource
utilization [55, 56]. Recently, it has been introduced to spacecraft control problems [57, 58],
but they are not solved with optimal control and the spacecraft is different from aerial ve-




10 1 INTRODUCTION

hicles in aerodynamics and disturbances. The application of event-triggered ADP methods
to aircraft has not yet been explored. Furthermore, ETC decreases the update frequency
and at the same time has an impact on policy exploration, which will ultimately affect
the control performance. Therefore, this dissertation will investigate the application of
event-triggered ADP to flight control.

1.4 RESEARCH QUESTIONS, METHODOLOGY AND SCOPE
This section illustrates the objectives, the contributions and the limitations of the disser-
tation. Sub-section 1.4.1 proposes the research goal and derives the research questions.
Then the research approaches and contributions in this dissertation are enumerated in
Sub-section 1.4.2. Finally, Sub-section 1.4.3 defines the research scope of the dissertation
and clarifies the limitations.

1.4.1 RESEARCH GOAL AND QUESTIONS

This dissertation focuses on the control approach development for aerial vehicles with a
big-picture aim of an autonomous system. The challenges stated in Section 1.1 motivate
the main research goal of this dissertation:

Research goal

To improve the adaptability and online learning capability of flight control systems
by designing nonlinear ADP approaches.

While ADP offers promising benefits, effectively leveraging its potential in the context
of aerial vehicles requires addressing the challenges outlined in Section 1.3. Hence, the
main research question of this dissertation focuses on dealing with the challenges of ADP
and is formulated as follows:

Main research question

How can aerial vehicles benefit from ADP to improve autonomy and online learning
in an uncertain environment, while satisfying requirements on input constraints,
adaptability, stability and computational efficiency?

Specifying further, the main research question can be decomposed into 3 sub-questions
concerning the previously discussed challenges of ADP for flight control from different
aspects:

+ learning efficiency,
« control stability,

« computational load.

Accordingly, the research sub-questions can be formulated as:
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Research sub-questions

RQ1: How to synthesize and improve current online ACDs to cope with dynamic and
measurement uncertainties, partial observability, external disturbances and sudden
faults?

RQ2: How to achieve optimality and stability of ADP for DT and CT systems, while
dealing with input constraints of aerial vehicles?

RQ3: How to save computational and communication load by event-triggered ADP
without significantly affecting overall performance?
.

J

Each of the sub-questions is answered in several chapters with a considerable overlap
in this dissertation, since by design each method or task usually corresponds to more than
one challenge.

1.4.2 RESEARCH APPROACHES AND CONTRIBUTIONS

This dissertation presents an online intelligent optimal controller design using the ADP
approach for DT and CT aerial systems respectively. Improvements are made in system
identification, algorithm training, computational reduction, constraint satisfaction and
stability enhancement. The contributions can be elaborated from two aspects. On the one
hand, it contributes to adaptive optimal control approaches:

« Proposal of a novel explainable global dual heuristic programming (XGDHP) ap-
proach for discrete-time (DT) aerospace systems. This method synthesizes and
improves current ACD techniques. (RQ 1)

+ Development of the incremental model and theoretical proof regarding its conver-
gence. The incremental model is further combined with XGDHP to improve the
adaptability and online learning of the controller, even under some unanticipated or
changing circumstances. (RQ 1)

+ Design of an incremental model-based XGHDP method to deal with tracking con-
trol problems of an aircraft with respect to full state measurements and partial
observability. (RQ 1)

« Improvement of ADP with facilitation of ANNSs to deal with nonlinear optimal control
problems and actuator saturation constraints for both DT and CT systems. (RQ 2)

Introduction of the event-triggered control scheme to both DT and CT systems,
which can effectively decrease the computational burden and simultaneously save
communication load between the host computer and the actuator. (RQ 3)

The developed approaches can be directly applied to other nonlinear uncertain systems
complying with similar formulations and assumptions, i.e., the preceding contributions
are applicable to generic systems, not necessarily aerial vehicles. On the other hand, the
dissertation also makes contributions to flight control applications, which are listed as
follows:
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1 « Verification by simulations that the RL-based intelligent control framework can help
aircraft adapt to a wide range of dynamic and measurement uncertainties, external
disturbances, sudden faults and structural damages. (RQs 1-3)

« Design of an event-triggered constrained-input ADP controller for an aeroelastic sys-
tem to stabilize limit cycle oscillations. Via theoretical proof, the Zeno phenomenon
is avoided and the Lyapunov stability of the proposed method is guaranteed. (RQ 3)

1.4.3 RESEARCH SCOPE AND LIMITATIONS
In order to achieve the research goal stated in Sub-section 1.4.1, the scope of this dissertation
is restricted as follows:

Validation methodology: In control, RL and aerospace engineering literature, it is com-
mon to employ simulations to prove the validity of an algorithm. This is because, for
theoretical development, simulations allow engineers to better understand the agent’s
behaviour under different circumstances. For physical systems, safety and cost also need
to be handled carefully. Consequently, as well as to reduce the complexity of research, the
approaches developed in this dissertation are investigated, tested and validated exclusively
via simulations.

Targeted applications: This dissertation focuses on low-level control. The proposed
approaches in this dissertation are originally designed for aerial vehicles, but the applica-
tions are not limited to this area. All aerial vehicle models utilized in this dissertation are
publicly accessible and do not involve any confidentiality.

Online learning control: RL is by nature learning online from interactions with the
environment. It can learn from rewards, penalties or even failures. In some literature, the
learning is episode-based. However, this dissertation places more stringent demands on
online learning, that at a single flight, the controller needs to update the control policy
online recursively and learn a feasible policy before failure. This is because, in this way,
the controller is able to adapt to unanticipated or changing circumstances. Nevertheless,
this does not mean that pre-training cannot be applied, but this is out of the scope of this
dissertation.

ANN: Every algorithm developed in this dissertation is facilitated by ANNs, which are
also important cornerstones of modern Al technology development. Different types of
ANN s have their specializations. For the low-level control problems in this dissertation,
no great importance needs to be attached to feature extraction and abstraction. Therefore,
simple feedforward neural networks with shallow layers are adopted, which are fast, easy
to analyse, and sufficient to achieve satisfying performance.

1.5 OUTLINE OF DISSERTATION

The outline of this dissertation is visualized in Fig. 1.6. The research is divided into terms
of DT and CT systems. Chapter 2 proposes a novel ACD algorithm for synthesizing and
improving current ACDs. Then, Chapters 3 and 4 enhance the algorithm with improved
incremental models to deal with imperfect measurements. Chapter 5 introduces the ETC
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Figure 1.6: Architecture of the chapters in the dissertation.

scheme into XGDHP based on the work in previous chapters. Chapter 6 expands on the
ETC scheme and the approach to dealing with input constraints in CT systems.

Chapter 2 proposes incremental model-based GDHP (IGDHP) to generate a self-learning
adaptive flight controller, in the absence of sufficient prior knowledge of system dynamics.
An incremental technique is employed for online local dynamics identification, instead
of the ANNs commonly used in GDHP, to enable fast and precise learning. This chapter
for the first time computes the derivatives of the performance function required by the
GDHP technique with explicit analytical calculations based on differential operations. This
chapter is based on full-state feedback (FSF) functions as a starting point for the rest of the
DT system part.

In Chapters 3 and 4, the IGDHP is further enhanced by incorporating the previous data
sets into the incremental model to deal with unmeasurable inner states. Chapter 3 expands
the idea of IGDHP to the partially observable control system, whose tracking reference is
assumed unknown, and the augmented incremental model is accordingly developed, whose
feasibility and convergence are theoretically analyzed. The performance of IGDHP-PO is
evaluated in multidimensional aspects such as different initial conditions, the presence of
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noises as well as sudden disturbances and faults. Chapter 4 investigates the OPFB situation
and incorporates the control input constraints into performance design. The technique to
cope with input constraints is inherited in the following chapters.

Chapter 5 combines the ETC scheme and ADP to deal with the nonlinear control
problems. ETC is able to decrease the amount of computation, and the stability analysis is
provided in this chapter, with fewer assumptions compared to most existing ACD studies
that investigate ETC for DT systems. Furthermore, this chapter simplifies the method to
calculate the required derivatives of performances which is proposed in Chapter 2 and
employed in Chapters 3 and 4, and originally proposes the concept of XGDHP. Besides, the
performance function is also improved to handle asymmetric input constraints.

Chapter 6 enhances the application section of ADP in that the approach is originally
designed particularly for an aeroelastic system with input constraints. This chapter designs
a CT ADP approach that uses a single critic network, with a novel triggering condition that
considers input constraints, avoiding the Lipschitz assumption on the inverse hyperbolic
tangent function. This chapter also employs an improved weight updating criterion, which
can eliminate the requirement of initial admissible control. Furthermore, the closed-loop
Lyapunov stability is guaranteed and the Zeno phenomenon is avoided through theoretical
proof.

Finally, Chapter 7 summarizes the results and findings of the previous chapters and
demonstrates how this dissertation addresses the research goal of improving the adaptability
and online learning of the flight control system through proposed ADP approaches. In
addition, this chapter proposes several points of further development for the autonomy of
aerial vehicles.

All of the chapters are created from published journal papers, which are listed as
follows:

« Chapter 2 is based on the following article:

B. Sun and E. van Kampen, "Incremental Model-Based Global Dual Heuristic Pro-
gramming with Explicit Analytical Calculations Applied to Flight Control", En-
gineering Applications of Artificial Intelligence, vol. 89, pp. 103425, 2020. Doi:
10.1016/j.engappai.2019.103425.

« Chapter 3 is based on the following article:

B. Sun and E. van Kampen, "Intelligent Adaptive Optimal Control Using Incremental
Model-Based Global Dual Heuristic Programming Subject to Partial Observability",
Applied Soft Computing, vol. 103, pp. 107153, 2021. Doi: 10.1016/j.as0c.2021.107153.

« Chapter 4 is based on the following article:

B. Sun and E. van Kampen, "Reinforcement-Learning-Based Adaptive Optimal Flight
Control with Output Feedback and Input Constraints", Journal of Guidance, Control,
and Dynamics, vol. 44, no. 9, pp. 1685-1691, 2021. Doi: 10.2514/1.G005715.

« Chapter 5 is based on the following article:

B. Sun and E. van Kampen, "Event-Triggered Constrained Control Using Explain-
able Global Dual Heuristic Programming for Nonlinear Discrete-Time Systems",
Neurocomputing, vol. 468, pp. 452-463, 2022. Doi: 10.1016/j.neucom.2021.10.046.
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« Chapter 6 is based on the following article:
B. Sun, X. Wang and E. van Kampen, "Event-Triggered Intelligent Critic Control with
Input Constraints Applied to A Nonlinear Aeroelastic System", Aerospace Science and
Technology, vol. 120, pp. 107279, 2022. Doi: 10.1016/j.ast.2021.107279.
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2

IGDHP wiTHa ExpPLICIT
ANALYTICAL CALCULATIONS
APPLIED TO FLiIGHT CONTROL

Incremental Model-Based Global Dual Heuristic Programming with Explicit Ana-
lytical Calculations Applied to Flight Control

The first research question of how to synthesize and improve current online adaptive critic
designs (ACDs) will be addressed in this chapter. As discussed in Chapter 1, there is a demand
for efficient online dynamics identification for flight control systems, and there is a lack of
a method of unifying existing ACDs that allows easy conversion between different methods.
Therefore, this chapter will first introduce an incremental model as the online local dynamics
identifier, instead of the common artificial neural networks (ANNs) to enable a fast and precise
identification. Then, a novel structure will be proposed in this chapter to synthesize ACDs,
called global dual heuristic programming (GDHP) with explicit analytical calculations. Finally,
this chapter will verify the method with numerical simulations on a tracking control task of a
nonlinear aerial vehicle, by taking measurement noises and sudden faults into consideration.

This chapter is based on the following article:

B. Sun and E. van Kampen, "Incremental Model-Based Global Dual Heuristic Programming with Explicit Analytical
Calculations Applied to Flight Control", Engineering Applications of Artificial Intelligence, vol. 89, pp. 103425, 2020.
Doi: 10.1016/j.engappai.2019.103425 [59].
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ABSTRACT

A novel adaptive dynamic programming method, called incremental model-based global
dual heuristic programming, is proposed to generate a self-learning adaptive flight con-
troller, in the absence of sufficient prior knowledge of system dynamics. An incremental
technique is employed for online local dynamics identification, instead of the artificial
neural networks commonly used in global dual heuristic programming, to enable a fast and
precise learning. On the basis of the identified model, two neural networks are adopted to fa-
cilitate the implementation of the self-learning controller, by approximating the cost-to-go
and the control policy, respectively. The required derivatives of cost-to-go are computed by
explicit analytical calculations based on differential operations. Both methods are applied
to an online attitude tracking control problem of a nonlinear aerospace system and the
results show that the proposed method outperforms conventional global dual heuristic
programming in tracking precision, online learning speed, robustness to different initial
states and adaptability for fault-tolerant control problems.

2.1 INTRODUCTION

Controller design for aerospace systems, especially airplanes, is challenging for many
reasons. One of the most challenging parts is the difficulty of modeling the dynamics of
the system. Especially for complex, nonlinear vehicles, global plant information may be
impossible to obtain. The aircraft can be susceptible to uncertainties, sudden faults and
structural damages, which changes the real plant compared to the previously obtained
model [60]. To deal with these problems, one promising solution is to create learning or
adaptive controllers.

Reinforcement learning (RL), for instance, which links several bio-inspired artificial
intelligence techniques, can make a system learn desired policies without accurate models
of its dynamics or environment and can adapt to changing situations [16]. For these reasons,
there have been a number of RL methods developed to enable model-free flight control in
various types of aerospace systems [34, 52, 61-63]. However, different from ground robots,
it is difficult to employ end-to-end training approaches on aerospace systems because of
their special working environments. Consequently, a combination of RL and traditional
control theory is a promising strategy to improve adaptive flight control. The combination
of an actor-critic structure, dynamic programming, and neural networks, results in the
adaptive/ approximate dynamic programming (ADP) algorithm, which is regarded as an
effective technique to design adaptive optimal controllers and can achieve certain levels of
adaptiveness and fault-tolerance [25, 33, 64, 65]. According to optimal control theory, for a
nominal system, given a cost function, the analytical optimal solution can be obtained by
solving the Hamilton-Jacobi-Bellman (H]JB) equation. However, for complex or nonlinear
systems, analytical solutions to the HJB equation can be difficult or even impossible to get,
let alone in real time. To conquer the difficulty of directly solving the HJB equation online
for general nonlinear systems, the adaptive critic framework and artificial neural networks
(ANNS) are often involved in order to approximate the HJB solution [25, 66, 67].

As a class of ADP methods, adaptive critic designs (ACDs), which separate policy
evaluation (critic) and policy improvement (actor), have shown great success in optimal
adaptive control of nonlinear aerospace systems [34, 36, 39, 62, 63]. ACDs can generally
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be categorized into several groups [26]: heuristic dynamic programming (HDP), dual
heuristic programming (DHP) and global dual heuristic programming (GDHP) and their
action-dependent (AD) versions. HDP is the most basic form and most often used structure,
which employs the critic to approximate the cost-to-go. The critic in DHP approximates
the derivatives of the cost-to-go with respect to the critic inputs, and in many practical
applications, it outperforms HDP in success rate and precision [68]. GDHP, which ap-
proximates both the cost-to-go and its derivatives so as to take advantage of two kinds
of information, has several different forms [26]. Among them, the straightforward form,
where the critic approximates the cost-to-go and its derivatives simultaneously [43, 63, 69],
is most commonly used because of its simple structure. In this architecture, two kinds of
outputs share the same inputs and hidden layers, making them strongly coupled. Although
these outputs have explicit mathematical relationships, without analytical calculations,
weight update processes can suffer from this coupling due to inconsistent errors, and
sometimes it even leads to instability. In this chapter, explicit analytical calculations of the
mixed second-order derivatives of the critic network outputs with respect to its input vector
and weight matrices are introduced for adaptive flight control. [26] and [70] illustrate how
to calculate these derivatives in an element-wise way. However, [71] clarifies that vectors
and matrices more often appear as a whole in practical applications rather than multi-
variable functions, and this holistic view is easier to obtain the chain rule. Therefore, one
contribution of this chapter is deriving a direct method based on differential operation [71]
to compute these second-order derivatives in a holistic way so as to tackle the inconsistent
errors between the approximated cost-to-go function and its derivatives.

ACDs can be model-free if the critic is an AD network, which means the control
signals are also introduced as network inputs [72, 73]. Nevertheless, to achieve model-free
application, an alternative is building a third module to approximate the plant dynamics
and ANNs are often regarded as the first choice [39, 43-45, 74]. [39] illustrates how this
three-network structure outperforms AD ones if rewards only depend on system states.
Although ANNs can approximate the nonlinear function with arbitrary precision, many
samples are required before the weights converge for online identification of complex plant
dynamics like aerospace systems, which can be dangerous especially at the start of training
because the critic and actor networks are then trained based on the incorrect model. For
these complex systems, offline training is normally involved to obtain a primary model
and it often remains constant in applications [39, 43, 44], which, however, cannot achieve
adaptive control when facing unforeseen uncertainties and sudden disturbances in realistic
application.

The main contribution of this chapter is an incremental model-based GDHP (IGDHP)
method that enables online model-free flight control based on our latest work [63]. Different
from conventional GDHP, an incremental model is involved for adaptive control to deal
with the absence of full system information. Assuming sufficiently high sampling rate
for discretization, incremental techniques are able to accurately identify system dynamics
online, preventing the controllers from initial failure, and have been successfully applied
to design adaptive flight controllers, such as incremental nonlinear dynamic inversion
(INDI) [75], incremental back-stepping (IBS) [76], incremental sliding mode control (ISMC)
[46,76] and IADP [47, 50], IACDs [34, 42, 63]. However, these existing incremental methods
have some limitations. For instance, INDI, IBS and ISMC cannot deal with optimal control
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problems, and IADP requires linear quadratic reward and offline training process. Compared
to existed methods, IGDHP develops current IACDs to achieve online adaptive optimal
control. In summary, the primary advantages lie in that the novel algorithm speeds up
online policy learning without knowing system dynamics or offline training a model
network, and the analytical calculations make use of the information of cost-to-go function
and its derivatives without introducing inconsistent errors.

The remainder of this chapter is structured as follows. Section 2.2 presents the basic
formulation of three-network GDHP with explicit analytical calculations. Section 2.3
introduces the incremental method for online identification and uses it to simplify the
weight update process of the actor and critic networks. Then Section 2.4 provides the
necessary information for verification, where an F-16 Fighting Falcon model is built and
possible noises, faults and damages during flight are explained. Section 2.5 verifies the
approaches by applying both GDHP and IGDHP on a longitudinal attitude tracking task in
various conditions and analyzing their results. Finally Section 2.6 summarizes the chapter
and puts up possibilities for future research.

2.2 GDHP IMPLEMENTATION

GDHP, which combines the advantages of HDP and DHP, can be implemented as a model-
free technique with three ANNs, namely model, critic and actor. The variables or pathways
corresponding to these ANNs are denoted by the subscripts m, ¢ and a, respectively. The
architecture of GDHP with explicit analytical calculations is illustrated in Fig. 2.1. Based
on current states, the actor network generates an action to control both real system and
plant model. The model network estimates the states at the next time step, which are
connected to the critic network to approximate cost-to-go, whose derivatives are computed
analytically. All weights of the ANNs are updated in a back-propagation way according to
the gradient-descent algorithm [26].
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Figure 2.1: The architecture of GDHP with explicit analytical calculations, where solid lines represent the
feedforward flow of signals, and dashed lines represent the adaptation pathways.
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2.2.1 GLOBAL MODEL

For a full-state feedback system, the inputs of the system model are the current state vector
x; € R" and current control vector u; € R™, while the output is the estimated next state
vector x;.1 € R". However, because the future true value of state vector x;,; is unavailable
at time step ¢, the update is implemented with current and previous data, i.e. the network
weights are updated by minimizing the difference between the current measured state
vector x; and the estimated state vector x;:

En(t) = 2 eh(0)0ment®) (2.1)

where e, (t) = X; — x;, and Qp, € R™" is a positive definite matrix. For simplicity, Q, is usually
defined as a diagonal matrix, i.e. Qp, = diag({1, {2, -, {»), where the elements respectively
select and weigh the approximating errors.

The weights are updated by a gradient-descent algorithm:

JE (¢t
Wm(t+ 1) = Wm(t) —Nm- aw:nn((t)) (22)
where 7, is the learning rate, and
OEn(t)  OEn(t 9% ox
W) OEND) 0% 0% )
Iwn(t) Xy dwn(t) dwp(t)

2.2.2 THE CRITIC NETWORK

GDHP combines HDP and DHP and requires the information of both the cost-to-go J(x;)
and its derivatives with respect to the network inputs X;, where x; = x; - xtrEf stands for
tracking error vector. The critic network only employs J(E) to approximate the true cost-
to-go J (xt,xt“’f), which is the cumulative sum of future rewards r; from any initial state

)Z'ti
T ="y n, (2.4)
I=t

where y € (0,1) is the discount factor, used to control the extent to which the short-term
cost or long-term cost is concerned. The derivative of the cost-to-go with respect to the
input vector /Al()Et) is shown in Appendix 2.A .

The goal of the experimental setup is to track the reference states contained in x!f, so
a one-step cost function with a quadratic form is designed:

re = r(x, x0) = (- x50 Qu(xe - %70 = % Q. %, (2.5)

where Q. € R™" is a non-negative definite matrix.

Because future rewards are required, a temporal difference (TD) method is introduced
to iteratively update the critic network [16]. The principle is to minimize the temporal
difference error, the error between the current and successive estimates of the state value.
Similar to the model network, the weights of the critic network are updated with current
and previous data. The critic errors are as follows:

et (t) = J(Fro1) - o1 — YJ(F0), (2.6)
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and

O (Ry-1) - Fro1 — vJ (%)) A - — Y AF) — (2.7)

eca(t) =
c2(?) OXs1 OX;1 9X¢-1

where e (t) is the TD error of the estimated cost-to-go f()?t_l) with current network
weights, while e (t) is the TD error of the computed derivatives /i(it_l) with current
network weights. 7 denotes the estimated reward, because true states are unavailable to
evaluate updated control policy. GDHP combines both of them in an overall error function
E(t):

E(D) = B i)+ (1- ) (D), 9)

where f is a scalar indicating the importance within a range of [0,1]. If f = 1, then it
becomes pure HDP. If § = 0, then the tuning of weights merely depends on the TD error of
computed derivatives /Al()?t) , and consequently it is equivalent to DHP, which is different
from the straight form in [43, 63, 69], where if = 0, the back-propagation channel of the
actor is cut.

The critic weights are updated using a gradient-descent algorithm with a learning rate
1. to minimize the overall error E.(t):

we(t+1) = we(t) = 1jc - % (2.9)

where
OE(t) _ OEt) 3J(i) & OEt) 0ME-) _ o JEe) a1 0ME)
3Wc(t)_aj(fct_1) aweld)  2iy) aweld) Pec(t) (D) (1-Pe(t) Fwelt)
(2.10)

where 8;1(3Et_1)/ ow(t) represents the second-order mixed gradient of the estimated cost-to-
go J(%X;-1). An example of how to obtain it is illustrated in Appendix 2.A.

2.2.3 THE ACTOR NETWORK

The actor network outputs control action u;, which is an input of the model network, and
thus it will affect the critic outputs at the next time-step. The goal of the actor network
is to produce an optimal control policy by minimizing the error between the current
approximated cost-to-go j (%;) and the ideal one J*(t), which depends on the given reward
function and is set to be zero in this chapter:

u; = argmin E,(2), (2.11)
ur
where E,(t) is the overall actor error function and is defined as:
1
Eo(t) = Eeﬁ(t), (2.12)

where R
ea(t) = J(Xe) =T (). (2.13)
Different from the straight form in [43, 63, 69] where the actor network can be trained
through the pathways either leading from J(%) or carried out by )1(72,), there is only one
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back-propagation way for GDHP with explicit analytical calculations to update the actor
weights and the information from both j (x;) and /Al()?t) can be utilized. As illustrated in
Fig. 2.1, the actor weights are updated along the 4th back-propagation direction with a
learning rate n,:

wal£41) = W)~ 7o jfv((?) (214)
where
OE,(t)  OE,(t) . a](;ft). Oxy  dur _ (&) a](fft)‘ Oxy QU (2.15)

owa(t)  9j(x) 0% duy Iwg(t) oXy  dupy dwa(t)

2.3 IGDHP IMPLEMENTATION

Aerospace systems have complex nonlinear dynamics for which ANNs can fail to achieve
accurate online identification fast enough. In this section, an incremental technique is
introduced to ensure a quick and accurate approximation using locally linearized mod-
els (Fig. 2.2). In addition to online learning and quick adaptation, it also reduces the
computational burden of the network weight update processes.

,/; _________________ T /i(iu)—a‘ﬁl/aﬁl
o o @« - BL-3(%y) | R %,y
5 A J 4 EXpIiCil iThrough pathways (3.a) and (3.b)
——> Critic  —J(X)—> Analytical — A(%X)
Y Y e Calculations
| @ v< RN X
o N System — %
: Xl' xI ! A ul u( — y
—————> Actor >
! “@h" Sl -~--
H | e
: P Tx:> Incremental !
! Lo — > Model Ray
| | | PR 2 v(3a)
| \__bt-—m-------G F
b e e e e e |
7! e

Figure 2.2: The architecture of IGDHP with explicit analytical calculations, where solid lines represent the
feedforward flow of signals, and dashed lines represent the adaptation pathways.

2.3.1 INCREMENTAL MODEL
Although most physical systems are continuous, modern processors work in a discrete way,
leading to discrete measurements and computations. With the assumption of sufficiently
high sampling frequency and relatively slow time-varying dynamics, one can represent
a continuous nonlinear plant with a discrete incremental model and retain high enough
precision. The derivation [34] can be generally given as follows:

Consider a nonlinear continuous system described by:

x(t) = f(x(8), u(t)), (2.16)
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where f[x(t), u(t)] € R" provides the dynamics of the state vector over time. The general
form can be used to describe dynamic and kinematic equations of complicated aerospace
systems.

By taking the first order Taylor series expansion of Eq. (2.16) around time # and omitting
higher-order terms, the system is linearized approximately as follows:

x(t) = x(to) + F(x(to), u(to))(x(2) = x(t0)) + G(x(to), u(to))(u(t) = u(to)), (2.17)

where
af (x(1), u(t)) |
ox(1) x(to),u(to)>

a ), u(t
%u(tg),u(l‘o)’ (2~19)

F(x(tp), u(tp)) € R™" is the system matrix and G(x(%), u(ty)) € R™™ is the control effective-
ness matrix. Assuming the states and state derivatives of the system are measurable, i.e.

Ax(t), Ax(t) and Au(t) are measurable, an incremental model can be used to describe the
above system:

F(x(ty), u(ty)) = (2.18)

G(x(to), u(to)) =

Ax(1) = F(x(to), ulto))Ax(t) + G(x(to), u(to)) Au®). (2.20)

With a constant, high sampling frequency, i.e. the sampling time At is sufficiently small,
the plant model can be written approximately in a discrete form:

Xi+1 = Xt
+At = Fr_q - (%t = x4-1) + Gro1 - (U — up-1), (2.21)
where Fy_y = & ((;;") 4,10, € R™" is the system transition matrix and G,_; = < ((;;’”) X €

R™™ is the input distribution matrix at time step ¢ - 1 for the discretized systems. From
Eq. (2.21), the following incremental form of the new discrete nonlinear system can be
obtained:

Axii1 = Fioi AtAX; + Gio1 AtAuy. (2.22)

In this way, the continuous nonlinear global plant is simplified into a linear incremental
dynamic equation. The obtained local plant model can be identified online with the
recursive least squares (RLS) technique, to take advantage of its adaptability to cope with
time variations in the regression parameters and fast convergence speed [66], so as to avoid
training a complex ANN. Although some information is omitted, such as state variation
related nonlinear terms and higher-order terms in their Taylor series expansion, with the
identified I:}_I and Gt—l matrix, the next system state can be predicted:

32'141 =X+ ﬁp]AtAX[ + ét,lAtAut. (2.23)

2.3.2 ONLINE IDENTIFICATION USING RLS

A RLS approach is applied to identify the system transition matrix F;_; and the input
distribution matrix G;_; online with the assumption of full-state feedback. The incremental
form of the states in Eq. (2.22) can be rewritten in a row-by-row form as follows:

T
Ft—l

Axp = [Ax] - Auf]- [GL

] -At. (2.24)
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Since all increments of the states share the same covariance matrix, the parameters can be

.
identified together as ®;_; = [gtfl ] € R("*mn [34]  Therefore, the state prediction equation
t-1
Eq. (2.23) can be rewritten as follows:

Axiq = X[ O, AL, (2.25)

Ax, . . . . . -
where X; = [ Aut € R M1 ig the input information of the incremental model, and it is
t

assumed to be measured directly.
The main procedure of the RLS approach is presented as follows:

e =Ax - AX] (2.26)
N N Covi1 X €
O,=6,,+ St (2.27)
YRLS +Xt Covt_lXt At
1 Covi1 X; X Cov,_
Covy = — (Covt_l - 1 ; ! g 1), (2.28)
YRLS Yris + X; Cove 1 Xy

where €; € R¥*" stands for the prediction error, also called innovation, Cov; € R(n+m)x(n+m)
is the estimation covariance matrix and it is symmetric and semi-positive definite, and yrrs
is the forgetting factor for this RLS approach.

For most ACD designs, sufficient exploration of the state space guarantees good per-
formance. Although RLS depends less on global exploration, it is better to satisfy the
persistent excitation (PE) condition [34] for identifying the incremental model. A 3211
disturbance signal is introduced to excite the system modes at the start of training.

2.3.3 NETWORK UPDATE SIMPLIFICATION

Considering Eq. (2.7), the last term —yi()?t) a—‘;ffl needs to be dealt with carefully, because
there are two pathways for x;_; to affect x;. One is through the model network directly
(pathway 3.a), and another one firstly goes through the actor network and then through

the model network (pathway 3.b), as shown in both Figs. 2.1 and 2.2:

a.i't 6xt axt

= = m m’
OXt-1  OXp-q 9xt-1 dup-q 9Xt-1

axt 8ut,1

la. (2.29)

pathway (3.a) pathway (3.b)

In conventional GDHP, the two system model derivative terms in Eq. (2.29) are calculated
back through the global system model, while IGDHP introduces the identified incremental
model information directly to approximate them, whose computation burden is decreased
compared to GDHP:
O Fiy A+ Gy At
9Xt-1 9xt-1

dup-1

la- (2.30)

Similarly, the actor weight update process can also be simplified by the incremental in-
afh-l

formation. Specifically, the term %2 in Eq. (2.15) can be approximated by the identified
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input distribution matrix Gi1 directly:

ox, .
Lo G- At (2.31)

aut

Therefore, with the identified system transition matrix Fi_1 and input distribution
matrix G;_1, one can simplify the update processes of the critic network and actor network
and thus accelerate the learning.

References [46, 75, 76] demonstrate that under the assumption that the sampling rate
is sufficiently high, in other words, At is small enough, the errors due to linearization and
discretization can be ignored. In this chapter, At is set to be 1 ms, which is realistic and
accurate enough. The stability analysis of the GDHP method is investigated in [43, 69].
However, to the best of our knowledge, the theoretical assurance for the closed-loop
convergence of online model-free control algorithms is still an open problem. The parameter
convergence of control policy requires accurate and stable model information, which in turn
depends on the parameter convergence of the control policy, making a circular argument.

2.4 NUMERICAL EXPERIMENTS SETUP

The first part in this section introduces a nonlinear longitudinal model of F-16 Fighting
Falcon for evaluation of the proposed algorithms. The second part briefly introduces some
potential uncertainties in practical flight. The third part discusses some related issues of
the network structures for implementation of the aforementioned algorithms, including
the activation function, the hierarchical actor network, etc.

2.4.1 AEROSPACE SYSTEM MODEL
IGDHP can be applied to nonlinear aerospace systems, whose dynamic and kinematic state
equations can be generally represented as:

x(t) = f(x(2), u(t), d(1)), (2.32)

where d(t) represents the disturbances and noises.

To verify the proposed method and compare the effect of these differences for a practical
case, a nonlinear longitudinal model of F-16 Fighting Falcon [77, 78] is introduced. The
model consists of the longitudinal force and moment equations, and it is a specific example
of Eq. (2.32):

. GS GS si
V = gsin(a - 0) + cosa ., wcx,v + MCM,
) sina qsc qs
a:%cos(a—G)— VT (1+ ImVE Cra)q+ VCz,a,
Gse gse (2.33)
—C —Cyq»

TR A E e

0=q,

h = Vsin(a - ),
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in which
c
Cyv = Cx(a,8e) + ﬁCxq(a)q,
c
Coov = Cyla, 8e) + ﬁczq(a)q’
Cxa = Czg(@)cosa — Cyg(a)sina,
Coa = Colat, 82) cos @ — Cola, 8,) sin a, (2.34)

Cx,q = Ecmq(a) + E(Xcgr - Xcg)czq(a),
Ceg= Cin(at, &) + (Xcgr - Xcg)cx(a),

- 2

q=5PV"

where V denotes the velocity, « and 6 denote angle of attack and pitch angle, ¢ denotes
pitch rate, T denotes engine thrust, J, denotes elevator deflection, m denotes aircraft
mass, q denotes dynamic pressure, p denotes air density, ¢ denotes mean aerodynamic
chord, S denotes wing planform area, Iyy denotes pitch moment of inertia, X, and X,
denote centre of gravity (CG) location and reference CG location, g denotes a gravitational
constant, Cy, C;, Cxq, C;q are aerodynamic force coefficients and Cp,, Cp,q are aerodynamic
moment coefficients. All parameters are determined by simulating this model around a
steady wings-level flight condition at an altitude of approximately 15000f¢ with the speed
of 600ft/s based on [78].

Although the model has multiple states, two main states are selected as identified
system states, which are the angle of attack, which is to be controlled and the pitch rate
g, the basic inner state. In this chapter, only one control input, elevator deflection Je, is
considered, and engine thrust T is set to be constant. Before elevator deflection is practically
adjusted, the control signal that is generated by the actor u, or §; in this attitude tracking
problem, has to go through the actuator, which consists of a command saturation and a
first-order filter with rate saturation, as shown in Fig. 2.3. §¢ is bounded in the range of
[-25°,25°] and changing rate of elevator deflection is limited in the range of [-60°/s,60°/s]
[78].

J; __ Command Band Rate 1 3,
Saturation _width Saturation S

Figure 2.3: The dynamics of the actuator, which is a first-order filter with command and rate saturation.

2.4.2 UNCERTAINTIES

In flight control system design, system uncertainties, such as measurement uncertainties,
unexpected changes in system dynamics or even sudden failures, need to be taken into
account [34, 46]. This section will introduce the uncertainties the system has to deal with.
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In practice, sensors have measurement uncertainties, and the magnitude of real-world
phenomena used in this chapter is illustrated in Table 2.1 [79]. The bias acting on the
feedback signals is based on the mean of the disturbances, while the noise acting on the
signals is based on the standard deviation of the disturbances.

Table 2.1: Sensor uncertainties of F16 aircraft (adapted from [79]).

Bias Noise

q[/s] 1.7-107 3.1072
al] 22-100  1.8-1073
5. [F] 26-1071  4-.1072

Sudden partial damages might be encountered during flight. The effects of the aircraft
structural damages have been investigated in [46]. It has been found that actuators, as
moving components, can be affected by unforeseen faults. The first actuator fault considered
in this chapter is the sudden decrease of elevator bandwidth, which is initially set to be
20.2 rad/s [76, 78]. The bandwidth, which numerically equals the reciprocal of the time
constant of the first-order filter, denotes the maximum frequency of sinusoidal command
that the elevator can follow. A smaller bandwidth may lead to a high gain control policy,
which can result in oscillation or divergence. Another actuator fault scenario considered is
the reduction of control effectiveness, which can be caused directly by actuator damages
or indirectly by structural damages that change aerodynamics.

For longitudinal dynamics, damage of the horizontal stabilizer needs to be taken into
consideration, which leads to significant loss in both static and dynamic stability on
the directional axis with an approximately linear relationship with the scale of tip loss,
whose effectiveness is reflected by the changes of the aerodynamic moment coefficients
Cm and Cpq. Besides, these structural damages are usually accompanied by mass loss,
instantaneously shifting the CG to a new location.

2.4.3 NETWORK STRUCTURE

ANN:Ss, or more specifically multilayer perceptions (MLPs), are utilized to approximate the
actor, critic and global model. For simplicity, the introduced ANNS are fully connected and
consist of only three layers of nodes: an input layer, a hidden layer and an output layer.
The activation function o in the nodes of the hidden layer is a sigmoid function:

—0

1-e

0)= . 2.35
s(0) = (2:35)
It is anti-symmetric, zero-center and differentiable, with output bounded between -1 and
1. Its derivative is continuous, differentiable and positive at every point:

9g(0)
do

- (-4 (236)

The actor is implemented as a hierarchical structure, or specifically a cascaded actor
network [34, 39, 63], as shown in Fig. 2.4. The first sub-network outputs a virtual reference
signal of the pitch rate g, which is one input of the second sub-network, and the second
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sub-network produces the control command. Compared to the “flat” actor with only one
end-to-end network, the virtual reference signal ¢™f provides a more direct instruction.
This hierarchical structure takes advantage of the physical properties of the system, by
putting some prior knowledge into the design of the controller, which in theory will reduce
the complexity of the problem. To improve stability, the output layers of the actor sub-
networks adopt a sigmoid function as the activation function, to add restrictions to the
pitch rate reference and the control action, which is different from the global model and
the critic, where linear functions are employed. The pitch rate and the elevator deflection
commands are bounded in the range of [-20°/s,20°/s] and [-25°,25°], respectively.

ref
Xer X0

»

]
1
D

S}
4
>
zZ
P
o
L-Qﬂ
U=
>
=z
P
)

Figure 2.4: The architecture of the cascaded actor network [63], where the physical properties of aircraft dynamics
are utilized.

The critic and actor networks in both GDHP and IGDHP have the same settings.
The DHP technique generally surpasses HDP in tracking precision, convergence speed
and success rate because the costate function is employed [34, 67]. Therefore, to take
advantage of the information of derivatives, f is set to be 0.01. More neurons will improve
approximation precision, but can also increase computational burden or even lead to
overfitting, which will decrease the robustness of the controller. As a trade-off, the number
of hidden layer neurons in the actor is 15, while in both the critic and the global system it is
25. Initial weights of the neural networks can have a great influence on the learning. In this
chapter, all weights are randomly initialized within a small range of [-0.01,0.01] to reduce
the impact of initialization, and bounded within the range of [-20,20] to prevent sudden
failure in the learning process. To guarantee effective learning, learning rates have to be
chosen carefully. A descending method is applied, which means that the initial learning
rates are set to be large numbers which gradually decrease as the weights are updated.

2.5 RESULTS AND D1scUSSION

Both the GDHP and the IGDHP algorithms are applied to a simulation of controlling the F16
aircraft longitudinal model. First, the flight controller learns to track a changing reference
at different initial conditions. Then, these two methods are compared in the failure cases
where actuator faults and structural damages take place. All numerical experiments are
implemented in the presence of sensor uncertainties.

2.5.1 DIFFERENT INITIAL CONDITIONS

Figures 2.5-2.7 compare the performance of the IGDHP and GDHP approaches, when
applied to control the F16 aircraft to track a given reference signal online at different initial
states. To be more specific, the controllers are required to control the angle of attack «
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to track the reference signal o**f, which is a sinusoidal wave with the amplitude of 10
degrees and the period of 47 seconds. The sub-figures on the top present how the angle of
attack « tracks the reference signal o' using these two approaches respectively, while the
sub-figures on the bottom provide the tracking errors during these tasks.

10 .,
Y

—— QGDHP
— QIGDHP
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; |
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(b)
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Figure 2.5: Online attitude tracking control with the zero initial state, ¢ = 0° using GDHP and IGDHP approaches.
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Figure 2.6: Online attitude tracking control with a negative initial state, oy = -2° using GDHP and IGDHP
approaches.

Take every two degrees as a scale to examine the influence of the initial states. When
the initial state ¢ is +2°, both methods perform similarly to the simulation results with zero
initial states, as shown in Figs. 2.5 and 2.6. When the initial state is 4°, although tracking
precision decreases for the GDHP method, both methods can successfully complete the
tracking task, as shown in Fig. 2.7. Nevertheless, compared to GDHP, IGDHP spends less
time finding a feasible actor, leading to a smaller settling time. These results imply that
incremental techniques can accelerate the learning process of the actor and critic networks.
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Figure 2.7: Online attitude tracking control with positive initial state, ay = 4° using GDHP and IGDHP approaches.

Furthermore, when the initial state ¢ is beyond the range of [-2°,4°], the GDHP method
cannot track the reference signal without oscillation. On the other side, the IGDHP method
can deal with a wider range of initial states within [-10°,10°] without the loss of precision.
As presented in Fig. 2.8, the angle of attack a can follow the given reference signal a™f in
less than 1 second in all initial conditions using the IGDHP approach, which shows that
IGDHP is more robust than GDHP to various initial states.
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Figure 2.8: Online attitude tracking control with different initial states using the IGDHP approach.

However, Figs. 2.5-2.8 only present the nominal results when the task is successfully
performed. Random factors, including initial weights of the neural networks and sensor
noises, can affect the performance and sometimes can even lead to failure. To compare
how robust the proposed algorithms are to these random factors, a concept of success ratio
is introduced to indicate their performance, which has been widely used in [34, 39, 63].
The success ratio used in this chapter is defined as that the angle of attack « can track the
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given reference signal o™ after one period of o™, 47 seconds, and the tracking errors will

not exceed +2° hereafter. Without adjustment of parameters, 1000 times of Monte Carlo
simulation are implemented to evaluate the performance of algorithms.

The results are illustrated in Table 2.2. The reason why the highest success ratio
is not 100% lies in the difficulty of achieving optimal PE condition due to the circular
argument between PE condition, accurate system information and stable control policy.
Improving several factors can increase the success ratio and improve robustness, such as
the performance of sensors, exploration noise, parameter initialization and learning rates.
However, the improvement of these factors still remains an open problem and therefore this
chapter only concentrates on the comparison of robustness between different methods. As
presented in Table 2.2, the success ratios of IGDHP are higher than those of GDHP at any
initial state. When applied to non-zero initial states, success ratios decrease dramatically
for GDHP, which means that the global model is not robust enough for various initial
conditions. However, the success ratios of both IGDHP and GDHP degrade heavily due
to measurement uncertainties, and the impacts on IGDHP are even more severe. That
is because, to achieve the quick and high-precision identified model, the incremental
method adapts quickly to locally acquired data. Nevertheless, IGDHP still shows better
performance.

Table 2.2: Success ratio comparison for different initial states and measurement uncertainties situations with 1000
times of Monte Carlo simulation.

o/l -2 0 2 4

Without GDHP 1.1% 50.3% 1.9% 1.4%
uncertainties IGDHP 32.4% 91.6% 41.3% 36.6%

With GDHP 0.7% 439% 1.6% 1.0%
uncertainties IGDHP 19.5% 54.3% 25.1% 19.8%

2.5.2 FAULT-TOLERANT EXAMINATION

The capability to adapt is one of the most important advantages of ACDs compared to other
traditional control techniques. It allows the controller to learn sound policies automatically
by tuning the weights of the networks and this merit makes ACDs suitable for fault-tolerant
control (FTC). Fault diagnosis is a significant part of the FTC area, but will not be discussed
in this chapter. It is assumed that when a sudden fault occurs, the controller can recognize
it immediately. One challenge of FTC is that the controller is unable to change its policy
quickly enough when faced with sudden changes in plant dynamics, while in this situation
the originally learned control policy may even increase the instability of the closed loop
plant. Therefore, in this chapter, the way the controller adapts to new situations is to reset
the actor weights to small random numbers within the range of [-0.01,0.01] and to increase
the corresponding learning rate as long as the fault is detected.

Figure 2.9 compares the online adaptability of the GDHP method and the IGDHP
method in the presence of the sudden decrease of elevator bandwidth to 18 rad/s. This
change is introduced after the convergence of the policy for the original system at 4,
4.5 and 57 seconds, respectively, which corresponds to different values of the reference
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signal. As shown in Fig. 2.9, GDHP shows poor adaptation performance and it results
in divergence in sub-figure (c). Although the GDHP method can adapt in sub-figures (a)
and (b), its tracking performance degrades and the adapted controller leads to unexpected
oscillations due to a higher gain control policy. On the contrary, IGDHP is able to adapt
to elevator faults, and continues to track the commands precisely. The adaptation of the
actor weights during this online FTC task is presented in Fig. 2.10. There are in total 60
weights belonging to two cascaded networks. Figure 2.10 demonstrates how the controller
achieves a convergent policy by adapting actor weights and sub-figures (b) and (c) take
a closer look at the main learning processes at the beginning and after the elevator fault
happens, respectively.
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Figure 2.9: Online fault-tolerant tracking control using GDHP and IGDHP approaches in the presence of a sudden
decrease of elevator bandwidth at 3 different times.
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Figure 2.10: Convergence of the actor weights using the IGDHP approach when faced with a sudden decrease of

elevator bandwidth at 4 seconds.
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The second fault scenario considered is that the elevator suddenly loses 30% of its
effectiveness during flight at 47, 4.57 and 57 seconds, respectively. As can be seen from
Fig. 2.11, only when this sudden fault happens at 4z seconds, GDHP can recover from this
situation, but it encounters slightly growing oscillations thereafter, making the tracking
errors have larger root mean square value. If the sudden damage occurs at the points where
a'®f has a non-zero value, GDHP will suffer from divergence. On the other hand, IGDHP is
able to rapidly adapt to the elevator fault with smaller tracking errors.

of’]

al’

Time [s]

Figure 2.11: Online fault-tolerant tracking control using GDHP and IGDHP approaches in the presence of a
sudden reduction of control effectiveness at 3 different times.

The last fault scenario considered is that at the three different times mentioned above,
the left stabilator is damaged, while the right stabilator is still working normally. Accom-
panying the left stabilator damage, the CG shifts forward and to the right, producing both
rolling and pitching moment increments. However, only the effects of pitching moment
increments are considered for this longitudinal model and rolling effects are omitted. The
reduced longitudinal damping and stability margin are also influencing the closed-loop
system responses. The results are illustrated in Fig. 2.12, where at all three times, GDHP
fails to adapt to the new dynamics while IGDHP shows satisfying performance.

2.6 CONCLUSION

This chapter develops a novel approach, called incremental model-based global dual heuris-
tic programming (IGDHP), to generate an adaptive model-free flight controller. Different
from traditional global dual heuristic programming (GDHP), which often employs an
artificial neural network to approximate the global system dynamics, IGDHP adopts in-
cremental approaches instead to identify the local plant model online and to speed up
policy convergence. Besides, this chapter derives a direct method from a holistic viewpoint
based on differential operation, to explicitly analytically compute derivatives of cost-to-go
function with respect to the critic inputs, rather than utilize conventional neural network
approximation, so as to eliminate the inconsistent errors due to coupling.

Both methods are applied to an online longitudinal attitude tracking task of a nonlinear
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Figure 2.12: Online fault-tolerant tracking control using GDHP and IGDHP approaches when horizontal stabilizers
are partially damaged at 3 different times.

F-16 Fighting Falcon system, whose dynamics are unknown to the controller. The numerical
experiment results uniformly illustrate that, in comparison to conventional GDHP, IGDHP
improves tracking precision, accelerates the online learning process, has advantages in
robustness to different initial states and measurement uncertainties, and has increased
capability to adapt when faced with unforeseen sudden faults.

This study generalizes the basic form of the IGDHP but still has limitations for realistic
applications. Further research should, therefore, concentrate on the investigation of various
types of function approximators, the improvement of stability and success ratio, and
expansion to other application scenarios.

2.A VECTOR AND MATRIX DERIVATION

The following derivation process to calculate derivatives is based on differential operation
[71]. Consider a critic network with a single hidden layer architecture the numbers of
network inputs, neurons and outputs are n, p and 1, respectively. For convenience, define
I, as an identity matrix with a dimension of r, where r can be n, p and 1, respectively.

2.A.1 COMPUTATION OF A(X;)
The feed-forward process of the three-layer critic network is given as:

J = who(wlz), (2.37)
where w,; denotes the weight matrix connecting the input layer and the hidden layer, we,
denotes the weight matrix connecting the hidden layer and the output layer, and o(-) is an
element-wise operation applied to the transfer function in the hidden layer. Compute the

differentials of both sides:

df = deZO'(WCTlfc) + w;da(wchJ?) = WIZ(U'(WCTIJ?) ® (wCT1 -dx)), (2.38)
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where © denotes Hadamard product, and ¢”(-) denotes the first order derivative of function
o. Perform trace operation on both sides:

tr(d)) =dJ = tr(w(o” (wh %) o (w]; - dX)))

2.39
=tr((wez © 0’ (wg )T (w3 %)) = tr((wea (wez © 07 (we; %)) "), @39

The relationship between the derivative of scalar with respect to vector and their
differentials, the first order derivative of critic network output with respect to its inputs, is:

i) = 2 = waa(war 00’ (W] 9). (2.40)

2.A.2 COMPUTATION OF ai(a?t)/awc

Since the critic network has two weight matrices, the second-order derivatives have to be
calculated separately. Perform the differential operation on both sides of Eq. (2.40):

AA(%) = dwer (Wez © 07 (W], %)) + wer - d(wep © 07 (w)s £)). (2.41)

Firstly consider ai(it)/awcg and regard w,; as a constant matrix, then Eq. (2.41) can be
modified as:

d/i(it) = wer - d(wez © O',(W;rli)) = wer(dwez © O',(W;rli))ll- (2.42)
Reshape both sides to column vectors:

vec(dA(%)) =dA(%) = vec(we - d(wez © o’ (wly £)Iy) 2.43)

=(I; ® we1) - vec(dwep © cr'(wCTlfc)) = (I ® wep) - diag(a'(wchJ?)) -vec(dwgy)

where vec(-) is vector reshaping function, diag(-) reshapes the vector to a diagonal matrix,
and ® is Kronecker product. 8;1(3Et)/awcg is the derivative of the vector )At(fct) with respect
to the matrix w,;. Based on the relationship between 8/1(3?:)/ 9w,y and the differentials of
;1(3?,) and we; [71], a/i(it)/awcz can be obtained:

IA(%:)

vl ((I; ® we1) - diag(o” (w), %))" = diag(c’ (W], 2))( ® w)). (2.44)
c2

Then consider 8;1(3?[)/ 0w,y and regard w,; as a constant matrix. Perform the differential
operation on both sides of Eq. (2.40):

di(it) =dwg (w0 U’(wchfc)) + wer(dwez © 0’(wCTl)E) + WO do'(wchJ?)) (2.45)
= I, - dwe - (wez © 0/ (W) %)) + wer (weg © do” (w], %)),
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Recall Eq. (2.36) and reshape both sides to column vectors:
vec(dA(z)) =dA(Z)
- 1 . -
=((wez © 0’ (w1%))" ® I)vec(dwer) + (I ® wer Jvec(wez © d;1-o “(we %))

=((wez 0 0’ (W X)) T ® I) - vec(dwe; )+
(I ® Wer) - vee(wez © (=0 (we; %) © (0 (w3 %) © ((dwer) T 5)))
=((we @ a/(wch 3?))T ®I,)-vec(dwer)-
(I ® w1 )diag(vec(wez)) - diag(o(wh; X))diag(o” (we; )))vee(Iy(dwer ) X)
=((wez © 0’ (W, %)) ® I~
(I ® w1 )diag(vec(wez))diag(a(wl, %))diag(c” (w) X))(x" ® I[,)K)vec(dwer),
(2.46)

*2 is an element-wise square operation, and K is a commutation matrix of w;.

where -
Similar to 8;1(3@)/ 0wz, based on the relationship between the derivative of the vector i()?t)

with respect to the matrix w,1, and the differentials of /Al()?t) and w1, 6;1(3@)/ 9w, is obtained
as follows:

OA(%)
IWe1

=((wez @ O'/(Wz-l f))T ® I, = (I ® we):

diag(vec(wez))diag(co(w; %)) - diag(c” (wl, )% ® I,)K)" (2.47)
=(w 00’ (wh %) eI, -K' (¥ & L,)-

diag(o” (w}, %)diag(o(wf, ©) - diag(vec(wea)) (i @ wh).

Note that in order to obtain the derivative of a vector with respect to a matrix, tensor
operation is involved, which, however, reduces the dimensionality of the original matrix.
Therefore, after calculating the gradients of error with respect to weights (referring to
Eq. (2.15) by chain rule), dimensionality analysis is required to reshape the results.
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Intelligent Adaptive Optimal Control Using Incremental Model-Based Global Dual
Heuristic Programming Subject to Partial Observability

Chapter 2 developed an incremental model-based global dual heuristic programming (IGDHP)
in the full-state feedback (FSF) situation. The situation of partial observability (PO) that
involves immeasurable stochastic or time-varying dynamics will be further explored in this
chapter. The incremental model will be augmented using historical observations to approxi-
mate the unknown dynamics. Then, the approximation error of local linearization and the
convergence of the recursive least square algorithm that is used for updating the incremental
model will be analysed. Finally, this chapter will make numerical comparisons between FSF
and PO scenarios, and will verify the proposed algorithm under the circumstances of external
disturbances and sudden faults.

This chapter is based on the following article:

B. Sun and E. van Kampen, "Intelligent Adaptive Optimal Control Using Incremental Model-Based Global Dual
Heuristic Programming Subject to Partial Observability", Applied Soft Computing, vol. 103, pp. 107153, 2021. Doi:
10.1016/j.as0¢.2021.107153 [80].

The identification method based on the incremental model developed in this chapter has been validated via an
experiment in the following article:

B. Sun, T. Mkhoyan, E. van Kampen, R. De Breuker and X. Wang, "Vision-Based Nonlinear Incremental Control
for A Morphing Wing with Mechanical Imperfections", IEEE Transactions on Aerospace and Electronic Systems, vol.
58, no. 6, pp. 5506-5518, 2022. Doi: 10.1109/TAES.2022.3175679 [3].
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ABSTRACT

The scarcity of information regarding dynamics and full-state feedback increases the
demand for a model-free control technique that can cope with partial observability. To
deal with the absence of prior knowledge of system dynamics and perfect measurements,
this chapter develops a novel intelligent control scheme by combining global dual heuristic
programming with an incremental model-based identifier. An augmented system consisting
of the unknown nonlinear plant and unknown varying references is identified online using
a locally linear regression technique. The actor-critic is implemented using artificial neural
networks, and the actuator saturation constraint is addressed by exploiting a symmetrical
sigmoid activation function in the output layer of the actor network. Numerical experiments
are conducted by applying the proposed method to online adaptive optimal control tasks
of an aerospace system. The results reveal that the developed method can deal with
partial observability with performance comparable to the full-state feedback control, while
outperforming the global model-based method in stability and adaptability.

3.1 INTRODUCTION

Conventional controller design for aerospace systems is commonly based on the known
linearize models at different equilibrium or trimmed conditions and on PID controllers
with human-scheduled gains to cover the complete operating envelope [81]. However,
more complex demands such as optimization and adaptation have emerged recently, which
cannot be tackled within this traditional scheme. The demand for optimization involves
optimal control, in which the dynamic programming (DP) principle plays a fundamental
role [82], and the Hamilton-Jacobi-Bellman (HJB) equation is often involved [83]. However,
as a partial differential equation, the HJB equation is arduous to be solved analytically
due to its nonlinear nature. Besides, DP-based approaches are by nature offline planning
approaches in a backwards-in-time way and generally require the full knowledge of the
system dynamics [24]. However, for complex systems, sometimes not only the internal
dynamics, but also the information to infer its internal states can be unaccessible, i.e.,
full-state feedback (FSF) is no longer available[47, 50, 84]. These factors prevent traditional
optimal control methods from further applications. On the other hand, adaptive control is
another focal point of aerospace systems control [81, 85], which is generally considered a
separate paradigm from optimal control [86]. Adaptive control concentrates on how the
controller can adapt to uncertain system dynamics, and changing environments and tasks,
and does not feature optimality as its paramount target. Both optimal control and adaptive
control can be significant for aerospace systems. Therefore, the purpose of this chapter
is to develop an adaptive optimal control approach so as to improve the optimal tracking
performance without known system dynamics and perfect measurements.

Reinforcement learning (RL) is a class of bio-inspired artificial intelligence techniques,
by which the agent improves its policy to maximize the received reward (or minimize the
penalty) during interaction with the environment [16]. From a theoretical point of view, RL
is closely linked with adaptive optimal control methods [21, 38]. A fruitful cross-fertilization
of RL and control theory produces adaptive/approximate dynamic programming (ADP),
whose essential goal lies in approximating the solutions of DP [25, 87]. With two essential
ingredients of temporal difference (TD) error and value function approximation (VFA)
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[21], ADP is a class of effective approaches to deal with adaptive optimal control problems.
ADP divides the learning process into two parts, namely policy evaluation and policy
improvement, which, in comparison to conventional DP, enables the controller to be
computed forward in time and makes online computation feasible. Linear ADP (LADP)
is a widely used technique to deal with linear optimal control problems with a quadratic
performance index function [47, 50, 88, 89], and an explicit solution can be constructed [90].
Nevertheless, relying on the assumption that the dynamic system is linear time-invariant
(LTT), LADP is not suitable for dealing with nonlinear or time-varying systems [50]. What
is more, LADP is constricted to only employ a linear quadratic form cost, i.e., x! Ox+ u'Ru,
where Q is a positive semi-definite weight matrix and R is a positive definite weight matrix.
This prevents LADP from further applications with different demands, such as addressing
input saturation constraints [91-95], or releasing the input constraints [34, 59, 63, 84], i.e.,
R is positive semi-definite.

As an expansion of LADP, adaptive critic designs (ACDs) break the linear quadratic
constraints that exist in LADP, and have demonstrated impressive success in adaptive
optimal control problems [96, 97]. ACDs normally exploit artificial neural networks (ANNs)
to approximate evaluation (critic) and improvement (actor) of the control policy, and
consequently they can be applied to nonlinear system control problems with complicated
rewards. Based on the information utilized by the critic network, ACDs are generally
categorized as heuristic dynamic programming (HDP), dual heuristic programming (DHP),
and global dual heuristic programming (GDHP) [26]. Among them, GDHP combines
the information used by HDP and DHP and thus takes advantage of the two methods
[59, 63, 98-100]. There are several structures of the critic network for GDHP [26] and the
most widely used structure is the straightforward form that approximates the performance
index function and its derivatives simultaneously [63, 99, 100]. However, this structure
can introduce undesired inconsistent errors, so this chapter employs explicit analytical
calculations derived in [59] to eliminate these inconsistent errors.

Directly learning from unknown real systems usually requires a lot of trials or episodes
[97] and may even cause disasters such as misconvergence or even divergence in some
extreme cases [39]. Therefore, for complex and delicate systems, such as aerospace systems,
information about state transition is required. For instance, for a time-invariant affine
system, given the explicit information of control effectiveness, a convergent control policy
can be generated based on some assumptions [94, 101]. However, sometimes system
dynamics are completely unknown. Consequently, an extra structure, such as an ANN,
is introduced to approximate the system model in some literature [44, 45, 98, 100, 102].
Because training ANNSs require some efforts before the parameters converge, the model
network is trained offline and kept unchanged for online application in [98, 100, 102], which
lacks the capability to adapt if the system is changed, whereas in [44, 45], the information
of partial system dynamics is still required for online identification.

To tackle the limits of learning global system models and to achieve online fast adap-
tation, an incremental model is introduced in this chapter. According to a local linear
regression (LLR) technique [103], the incremental model only approximates the local dy-
namics of the original nonlinear system instead of the global model, on the assumption of
sufficiently high sampling frequency [59]. The incremental technique has been successfully
combined with various classic control methods to obtain adaptive nonlinear control ap-
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proaches, such as incremental nonlinear dynamic inversion (INDI) ([104]) and incremental
sliding mode control (ISMC) [8, 46]. These approaches have shown success in the reduction
of the model dependency and fault tolerance, but have still not addressed the optimality.
On the other hand, the synthesis of incremental techniques and ACDs leads to the incre-
mental model-based adaptive critic designs (IACDs) ([34, 59, 63]. These approaches have
been applied to several flight control problems and performed well to generate adaptive
optimal controllers with FSF. Nevertheless, real applications are often more complex and
FSF can be unrealistic, which results in a partial observability (PO) problem. According
to [50, 105], the methods coping with deterministic systems and measurements are often
regarded as output feedback methods [45, 47, 48, 84, 86, 89, 106], whereas if stochastic
time-varying dynamics are involved, the control problems are linked with partially observ-
able Markov decision processes (POMDPs) [49, 50, 105, 107]. PO often occurs in aerospace
systems, whose internal dynamics can be difficult to obtain and may be time-varying or
stochastic, such as liquid sloshing in spacecraft with fuel tanks, infrared camera tracking
with unpredictable target maneuvering, and unforeseen damages to aircraft structures
changing system dynamics suddenly [50, 105]. In [50], the incremental model is for the
first time applied to a flight control problem with only tracking errors directly measurable
by improving LADP, and extends the approach by combining the HDP approach in [105].
However, HDP has shown inferiority in convergence speed and control precision compared
to DHP and GDHP[34, 59]. In addition, the convergence of the identification technique is
not analyzed in all existing literature adopting the incremental model.

The main contribution of this chapter is dealing with the PO condition in adaptive
optimal tracking control of unknown nonlinear systems by introducing an augmented
incremental model into the GDHP algorithm, such that an incremental model-based GDHP
(IGDHP) approach is developed. The principal advantage of the IGDHP approach lies in
that the incremental model accelerates online policy learning without knowing global
system dynamics or offline training a model network, which allows for quick adaptation
to system changes. Although some previous works are based on the incremental model
[34, 47, 50, 59, 63, 84, 98, 105], this chapter discusses the convergence of the identification
technique and achieves the highest 100% success ratio for the first time. The output layer
of the actor network exploits a symmetrical sigmoid activation function, to satisfy the
demands for tackling input saturation constraints, by multiplying an additive-determined
weight vector. Different from [59], this chapter focuses on the PO situation, and improves
the previous IGDHP approach by an augmented incremental model so as to deal with
the unavailability of the information referring to inner system states and the unknown
time-varying reference. The present research aims at bridging the gap between the dis-
cussed algorithms and real-world systems, by taking more realistic application scenarios
into consideration for verification, including sensor noises, fault-tolerant tasks, parame-
ter variations, load disturbances, and combination with other controllers in higher-level
control.

The remainder of this chapter is structured as follows. Section 3.1 presents the basic
formulation of the continuous optimal tracking control problem subject to input constraints.
In Section 3.3, the incremental technique is introduced for online identification in both
FSF and PO conditions. Section 3.4 presents the IGDHP algorithm with explicit analytical
calculations and addresses the input constraints via the actor network. Then Section 3.5
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verifies the developed IGDHP method by applying it to various control problems of an
aerospace system. Finally, the conclusion and future research are presented in Section 3.6.

3.2 PROBLEM STATEMENT
Consider a nonlinear continuous system described by:

x = f (), u(?)), (3.1)

where x(t) € R", and u(t) € R™ are the state vector and control vector, respectively, and
f(x(t), u(t)) € R" provides the physical evaluation of the state vector over time. Assume
that f is Lipschitz continuous on a set Qg ¢ R"” and that the system (3.1) is controllable on
Q.

The output of the nonlinear system is represented as:

y(t) = h(x(1)), (3.2)

where y(t) € R?, and h[x(t)] € R? is the Lipschitz continuous output function. The system
is also assumed to be observable.

The problem investigated in this study is in the framework of optimal tracking control
problem, so the objective of the controller is to minimize the tracking error between system
output y(t) and reference trajectory y™!(¢), which is defined as:

e(t) = y(1) - y(), (3.3)

where e(t) € R? and y™f(t) € R?.

In the ADP scheme, the performance index function, also called cost-to-go, of optimal
tracking control problem is usually presented as the cumulative sum of future costs from
any initial time #:

J(e(t),u(t °°)):/ y™r(e(r) u(z))d, (3.4)

t

where u(t : 00) = {u(r) : t = 7 < oo} denotes the system control produced by control law
1(e(r)) € R™ from time instant ¢ to oo, r(e(t), u(t)) € R denotes the cost at the time instant
t, and y € (0,1] is the discount factor that indicates the extent to which the short-term
cost or long-term cost is concerned. For simplicity, J(e(¢), u(t : o)) is denoted by J(t) and
r(e(t), u(t)) is denoted by r(t) in the following part.

Input constraints are taken into account in this chapter, which cannot be tackled
merely by the linear quadratic cost. A non-quadratic functional is employed in [91, 93, 95]
for regulation optimal control problems with input constraints. Nevertheless, this non-
quadratic functional can relatively improve the complexity of the GDHP technique, in
that the backpropagation processes need to compute partial derivatives. Moreover, in the
existing standard solution to the optimal tracking control problems, a transformation is
conducted with the aid of a desired control input u4(t) to build a regulation optimal control
formation concerning the tracking error e(t) and the feedback input u.(t) = u(t) — u4(t).
However, as claimed in [92], it is impossible to encode the input constraints into this new
control problem simply by a non-quadratic functional, since only the feedback part of
the control input u,.(t) can be directly obtained by minimizing the performance function.
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Therefore, a saturation function is directly imposed upon the control commands to satisfy
the input constraints, which will be addressed by modifying the structure of the actor
network in Section 3.4. In this way, the tracking problem is transformed into a regular
optimal control problem subject to input constraints.

Based on TD technique [21], the cost-to-go can also be represented as:

t+T
J(t) = /t r(r)dr+yJ(t+T), (3.5)

where T > 0 is a time horizon. According to Bellman’s optimality principle, the optimal
cost-to-go is given as:

t+T

J(t)= min (/ r(r)dr+yJ (t+ T)) , (3.6)
u(t:t+T) ¢

where J* stands for the optimal value of J. Therefore, the optimal control law can be

expressed as:

t+T
p(e(t)) =arg min J'() = arg min </ r(t)dr+yJ (t+ T)) . (3.7)
u(t:t+T) u(t:t+T) +
For nonlinear systems, the solution of Eq. (3.6) is usually intractable to be obtained
analytically. Therefore, an IGDHP algorithm is introduced to iteratively solve this optimal
control problem.

3.3 INCREMENTAL MODEL IMPLEMENTATION

The IGDHP algorithm requires the information of the cost at the next time instant, so the
predictability of the system states is significant. This chapter considers a PO situation,
where although the system is observable, the only measurement is the tracking error
and even the reference can be unknown and changing. This scenario can happen in real
applications in aerospace systems control problems. For instance, the docking sensors for
automated transfer vehicles and the International Space Station are infrared cameras, which
only measure the relative distance and angles between them as the navigation information
[50]. Therefore, it is desired to build a new module to provide a mapping from the system
input to the observation, which will be dealt with using the incremental model in this
section.

3.3.1 INCREMENTAL MODEL WITH FSF
The derivation of the incremental model starts from the FSF condition while for all incre-
mental techniques, the following assumption is a prerequisite:

Assumption 3.1. The sampling frequency is sufficiently high, i.e., the sampling time At is
sufficiently small, and the system dynamics are relatively slowly time-varying.

Remark 3.1. There are two important parts referring to Assumption 3.1. Firstly, a discrete
incremental model can be introduced to represent a continuous nonlinear plant and retain
high enough precision. Secondly, the discrete model does not change the properties of the
original system, including controllability and observability.
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It is assumed that the system is first-order continuous with respect to time at around
time instant ¢ - At (denoted by #;). Then, taking the first-order Taylor series expansion and
omitting higher-order terms, the system dynamics of Eq. (3.1) at around time instant #, can
approximately be linearized as follows :

x(t) = x(to) + F(x(to), u(te))(x(£) = x(t9)) + G(x(to), u(to))(u(t) - u(ty)) + O((Ax(1))*, (Au(t))?),
(3.8)

.
where F(x(ty), u(ty)) = %WM%M(%) € R™" denotes the system transition matrix

and G(x(ty), u(ty)) = %Wh(to),u(to) € R™™ denotes the control effectiveness matrix.
F(x(t), u(ty)) and G(x(t), u(t)) are bounded due to the Lipschitz continuity of f in Eq. (3.1).

For ADP-based methods, the control policy cannot be determined in advance, and there-
fore the higher-order term can behave as a perturbation term to affect the closed-loop per-
formance. Nevertheless, as claimed in [46, 75], the higher-order term, O((Ax(t))?, (Au(t))?)
satisfies:

lim [[O(AX(1), (Au(®))’)]2 = 0, ¥x € R",Vu € R™, (3.9)

which means the norm value of the higher-order term is negligible given a sufficiently
high sampling frequency. Equation (3.9) also indicates that YO > 0, 3At > 0, satisfies that
for all 0 < At < At, Vx € R", Yu € R™Vt = ty, || O((Ax())%, (Au(t))?)||2 < O, i.e., there exists a
At that guarantees the boundedness of the higher-order term and the bound can be further
diminished with the increase of the sampling frequency. Besides, the LLR technique is
adopted and the linearization errors will not accumulate but only affect the local system
identification. Furthermore, the real-world experiments, including the ground robot [104]
and aerospace systems [8, 108], have been successfully carried out based on this lineariza-
tion process. Therefore, in the following part, the higher-order term is omitted for the
convenience of controller design.

Assuming the states and state derivatives of the system are measurable, i.e., Ax(%),
Ax(t), Au(t) are measurable, an incremental model can be utilized to describe the system
(3.8):

Ax(t) = F(x(to), u(to))Ax(t) + G(x(to), u(to)) Au(t). (3.10)

Despite the fact that physical systems are usually continuous, modern processors
work in a discrete way, leading to discrete measurements and computations [59, 63].
Consequently, given a sufficiently small sampling time At, based on Assumption 3.1, the
plant model (3.10) can be represented approximately in a discrete form:

Xee1 —Xp Xp— X1
At At

= Fro1(x = x1-1) + Groy (ur — 1), (3.11)

.
in which the subscript ¢ stands for the current sampling time instant, F;,_; = of a(;’u) 1 €

.
R™™ and G;_; = o a(;c’“) lxi1.u; € R™™ denote the system transition matrix and the input

distribution matrix at time instant ¢ -1 for the discretized systems, respectively. From
Eq. (3.11), the following incremental form of the new discrete system can be obtained:

Axpiq ~ (I + Fo1 At)Axy + Go AtAuy, (3.12)

where I, denotes an identity matrix and subscript n shows its dimension.
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In the FSF situation, matrices F;_; and G;_; can be identified online with a recursive
least square (RLS) algorithm [59] and each update only requires the latest data.

3.3.2 AUGMENTED INCREMENTAL MODEL
This subsection will focus on the construction of the locally incremental model using
tracking error and input measurements based on the augmented state.

Considering Eq. (3.2), the output of the system around time instant #, can be linearized
with Taylor expansion:

y(t) = y(to) + H(x(t))(x(2) - x(t0)), (3.13)

where H(x()) = ah;izct()t» lx(to) € RP*" denotes the observation matrix. Given a sampling

time At, the incremental dynamics of the system output can be written as:

Ayp1 = HiAxpq, (3.14)

.
in which H; = ahaix) |x, € RP*" denotes the discrete observation matrix. It has been examined
that, if a nonlinear system is completely observable with its output, then the system can
still be regarded as deterministic [47, 50], suggesting that the unmeasurable internal states

can be reconstructed with adequate observations to provide transition information [84].

Lemma 3.1. Given the measured input/output data over a long-enough time horizon, [t -
N +1,t], N = n/p, the output increment Ay;,; can uniquely be determined as follows:

Ayt+1 = E[Tyt,N +QtﬂtN’ (315)

where F, € RP*NP denotes the extended discrete system transition matrix, G, € R”N™ denotes
the extended discrete input distribution matrix, andﬂt,N = [AutT,AutTfl, ,AutT_N+1]T e RNm
and Ay, = (AYT ALy, AyT v, 17 € RNP are the measured input/output data of N previ-
ous steps, respectively.

Proof. Based on Assumption 3.1, the new discrete system described by Egs. (3.12) and (3.14)
is observable. Then the detailed proof can be found in [47, 88] and is omitted here. O

If the reference signal is slow-varying in comparison to the system dynamics, then
in the time horizon [t - N +1,¢], the increment of the reference signal can be ignored.
Accordingly, considering Egs. (3.3) and (3.15), the output tracking error at the next time
instant can be written as:

ref
€t+1 = Vi+1 ~ Vi1

ref ref

~ Yt +EtTy,,N + G Aurn - (V] +Ayis

_ _ (3.16)
e +£tAyt,N +G,Auy N

Q

Q

€+ Etﬂt,N + Qtﬂt,N,

ref

where e;,1 € R? and y$; € RP. However, it is impossible to directly identify Matrices F,
and G, since the reference is unknown, and put another way, the system output cannot
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be measured separately. Furthermore, the last approximation in Eq. (3.16) relies on the
assumption that the reference remains constant within the time horizon [t - N + 1, t], which
can be invalid in numerous scenarios.

Consequently, a more general situation corresponding to POMDP is taken into account,
and the following assumption is given:

Assumption 3.2. The bandwidth of the reference signal is comparable with that of the system
dynamics, and the dynamics of the reference signal can be represented as:

7 = eyt (1), y (1)), (3.17)

where ™t is Lipschitz continuous on a set Q, ¢ RP, and differentiable almost everywhere
except for finite isolated points.

The reference signal is often independent of the system output, while in some other
cases the reference can partially be determined by the system output, such as moving targets
equipped with anti-tracking systems [50]. Equation (3.17) provides a general reference
description that can also be expressed by the time-based function, as long as the reference
signal is continuous and piecewise differentiable. Similar to Eq. (3.12), the reference signal
can be represented as a discrete incremental form by Taylor expansion and discretization:

Ayt = (I, + FEEE A Ay + Gt AtAyy, (3.18)

ref T, ref ref T, ref
where Fief = 50| e RPP, and Gif = L2050 e RPP. Ff and GI¥{ can be
t

yref

time-varying and since ™ is Lipschitz continuous, F/®f and G are bounded. If the

reference is independent of the controlled system, the matrix G} is a zero matrix.
Accordingly, an augmented system that consists of the system state and reference

dynamics can be constructed by combining system representation Egs. (3.12) and (3.14) and

reference representation Eq. (3.18) [89]. Define z; = [x/, ' 7] and Az, = [Ax], Ayt T]T,

and then the following augmented system can be obtained:

Azpy ~ Fr1Dzy + G Auy, (3.19)
and
Aeriy = HiAzpiq, (3.20)
I, + F A
where ;1 = nt At 0 e R#PXmp) G | = [G],At,0]T € R™P™ and

GitH, At I+ FlefAt
H; = [H;,-1,] € RP*P),

Hence, given the current time instant ¢, the increment of system state and output
reference can uniquely be represented by the historical data as an augmented state equation:

Azpat * Fiorp-MmDZe-pa1 + UnDug p, (3.21)

where 5~Tt—a,t—b = H,t[bﬂ Fi, and Uy = [QH,THgtfz,'~-jt71,t7M+1gt7M] € RPmM _ Gimj-
larly, the tracking error can be represented by previous data:

Aegps = VarDze-yer + Tubugy, (3.22)
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in which Et,M = [AEI,Aell,"',Ae;r_MH]T €RPM, ’_VM = [(—q‘[t—lj'—t—Z,th)t(}[t—zj'—tf?:,th)T»"',
_{]_[t'l_'M]T € ]Rpr(rH—p) and

0 Hi1Grz H1Fr-2Gr-3 - }[t—l.‘z'—t—z,t—Ma-l - Gi-M
0 0 Hi2Gr-3 o H o Froz M1t Ge-M
Ty = | : : : € RPMxmM
0 0 0 Hy M1 Gr-M
0 0 0 0

Vectors Ae; pr and Auy y are the increments of observation and input sequences over the
time interval [ - M + 1, t], which represent the available measured data. Then the following
lemma is given:

Lemma 3.2. Let the augmented system described by Egs. (3.19) and (3.20) be observable.
Then the increment of the system state and output reference is determined uniquely in terms of
the previous data sequences over a sufficiently long time horizon [t - M +1,t], M = (n+ p)/p.

Proof. Since the z_lugmented system is observable, there e_xists a K, the observability index,
such that rank(%)s) < n+p for M < K, and that rank(7)) = n+p for M = K. Note that
K = (n+ p)/p. Therefore, let M = K, and there exists a matrix M € R"?*PM sych that:

Fr-1.0-m = MV (3.23)

Since 7y has a full column rank, and its left inverse ‘1-/1}}& is given by:

Vet = (V) vy (3.24)
then ) o
M = Frg e VS + Z(Lnp = Vi Vi) = Mo + M, (3.25)

holds for any matrix Z, with M, denoting the minimum norm operator and P(R(Vy)) =
Inip— Vi 'V/{jﬂ being the projection onto a range perpendicular to ) [88].
Note that F_1; yAzi_pe1 = MVyAz, 141 so that, according to Eq. (3.22),

.{j'-t—l,t—MAzt—Mﬂ = M(I_/MAZt—Marl ~ ME[,M - M@Mﬂt,Ma (3.26)
(Mo + My) VaDze-pr = (Mo + My)Aey v — (Mo + My) Ty Aug pr. (3.27)

Note, however, that M; ¥ = 0 so that MVyAz;_pr.1 = MoVyAzi_pr:1, and applying M; to
Eq. (3.22) yields: i o
MiAepn — My Ty Aug pp = 0. (3.28)
Therefore, ) o o
Fr1,0-MAzZi_pe1 = MoVaAzp_prar = MoDeryg — Mo Ty Aug p (3.29)

independently of M;. Then from Eq. (3.21), it can be obtained that:
Azyq = MoDeg pg + (Ung — MoTag) Aug . (3.30)

This result expresses the increment of the system state and reference Az;,; in terms of
the inputs and observations from time instant t - N + 1 to time instant ¢, which ends the
proof. 0
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Lemma 3.2 provides a deterministic relationship between the historical data and future
states. To build a direct mapping from the historical observations and inputs to the future
observations regardless of the inner states, the following theorem is presented based on
Lemma 3.2:

Theorem 3.1. Let the augmented system described by Egs. (3.19) and (3.20) be observable.
The tracking error increment Ae;.q can be determined uniquely from the observations and
control inputs over a sufficiently long time horizon, [t - M +1,t], M = (n+ p)/p:

Aeyq = itﬂt,M +gtﬂt,M, (3.31)
where F , = }[tﬂ}t,lyt,Mfl_/X;ﬂ € RPM? s the augmented transition matrix, and G, = (HyUp -
}[tfft_l,,_M @X;ft‘fM) € RPM™ s the augmented input distribution matrix.

Proof. Substitute Eq. (3.30) into Eq. (3.20) and the dynamics of the measurement can directly
be obtained:

Aerq = }[tj:t—l,t—M q_/]{/?ftﬂt,M +(H Uy - -']'[tj'—t—l,t—M @Eft'iM)Ht,M- (3.32)
This completes the proof. 0

Theorem 3.1 has a similar form to Lemma 3.1 but includes the reference signal in its
representation, which enables the incremental model to predict tracking error without
knowing the reference function. Matrices ¥, and G , in Eq. (3.31) can be identified using
the RLS algorithm and then the one-step prediction of the tracking error can be made as:

1 =e+ oy Ner+ Ty Nerq +QluAut +le’tAut_1,M_1, (3.33)

x x(M—-
llt ]RP P and ’f]-' ]RP ( 1)?

are partitioned matrices from i ,» and gll , € RP™ and g , € RPM-Dm are partltloned

where * stands for the estimated or approximated value,

matrices from G .

In this way, the original continuous non-affine system is transformed approximately
into a new discrete affine system, based on which, the IGHDP algorithm can design the
control increment Au;.

3.3.3 ONLINE IDENTIFICATION WITH RLS ALGORITHM
A RLS algorithm is applied to the pending matrices 7, and G online [50, 59]. For conve-
nience, Eq. (3.31) is represented a row-by-row form as follows
fT
Nef,y = [AetM A“tM] [g{' :

=t

(3.34)

Define %; = [EIM,MZM]T € RM@+m1 a5 the input information of the augmented
incremental model identification, and ©, = [# ,, G t]T € RMP+m*p a5 the pending augmented
matrix to be determined using the RLS algorithm.

A sliding window technique is employed to store sufficient historical data for online
identification [84, 103]. Considering the demands for fast computation, identification and
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adaptation, the width of the data window should be as small as possible with guaranteed
accuracy. Consequently, according to Lemma 3.2 and Theorem 3.1, let M = (n+ p)/p.
The main procedure of the RLS algorithm is presented as follows [63, 109]:

Néfy =X1 8,4, (3.35)
€ =Nel, ~ N}, (3.36)

R N Cov, X
0,=60,,+ Lt €t, (3.37)

T T~ .. =
yris + x; Cov,_;X;

= =T
Cov,_,%,x; Cov,_, >
,

3.38
YRLS + YICOVt_lft ( )

Cov, = — (Covt—l -
YRLS
where €; € RP denotes the prediction error, Cov, € RP*™M*(p+mM gtands for the estimation
covariance matrix, which is symmetric and positive definite, and yrrs € (0,1] is the forgetting
factor in the RLS algorithm. It is noted that Aé;,; is approximated by ©, ; during the
implementation because Qt is obtained by the RLS algorithm after Ae;,; is observed.
Assumption 3.1 implies that in a certain horizon & = [1,t], M <t < P, M K P < oo,
the slowly varying augmented system dynamics can be regarded as a linear plant with
constant pending parameters. Hence, based on the following assumption [109], the locally
approximate convergence of the RLS algorithm is analyzed.

Assumption 3.3. For the locally linear system (3.33), in the local domain <7, the observed
vectors X, -+, X; constitute the samples of an ergodic process, such that the time averages can
be utilized. The unmodeled dynamics noises within one sliding window are formulated as a
zero-mean white noise vector as:

Nefiy =% O+ ey, (3.39)
where e, is the equivalent plant noise independent of the samples x;.

Theorem 3.2. If Assumptions 3.1-3.3 hold, and the RLS algorithm is implemented using
Egs. (3.35)-(3.38), the approximate augmented matrix ©, has the trend of converging to the
locally optimal matrix ©.

Proof. Because the optimal augmented matrix © is valid over .27, the previous observations
can uniformly be written as:
T _ =T
AE, =%,©+E,,;, (3.40)

where AE;,1 = [Aepge1, s Aeps]), X = [Xar, -+, X, and Ey ¢ = [€o01,++» €0,¢]. The PE condition
is indispensable for convergence analysis, which guarantees X;x] is positive definite. Ac-
cording to [109], it can be obtained that Cov;! = x,I',; x|, where T, = diag([yﬁg’f, yﬁié/l‘l, 1)),
and diag(-) reshapes the vector to a diagonal matrix. Therefore, the approximate augmented
matrix @t can be represented as:

N

0,=0+0, =0+Cov,x,I\E,,, (3.41)

where ©, is the approximate error vector.
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Define the approximate error correlation matrix as:
- < =T
Ly = E(@t@[ )s (3-42)

where E(-) is the expectation operation. Substituting Eq. (3.41) into Eq. (3.42), and noticing
both Cov, and I'; are symmetrical matrices, we can obtain that:

A~

Ly = E(Cov,X T Eo.E, T/} Cov,). (3.43)
Recalling the independence of e,; and X;, and the white noise property of e, ; yields:
Ly = E(Cov, %I E(E, Eq )T/%, Cov,) = 62E(Cov,Cov,yCov,), (3.44)

where o? is the variance of e, , and @5}[ =x,T %ftr

Rigorous evaluation of Eq. (3.44) is intractable. Hence, Assumption 3.3 is utilized to
facilitate an approximate evaluation of L; [109]. It can be found that Cov;!isaweighted sum
of the outer products f,f}, . TMYI/[' Therefore, based on Assumption 3.3, the following

approximation holds:
t-M+1

1 —
Cov;l~x = MRS p (3.45)
1-yris
where E, = E(x,x]) is the correlation matrix of observations. If the PE condition is satisfied,
XX, is positive definite and E,* can be expected.
Substituting Eq. (3.45) into Eq. (3.44) yields:

2 2(t-M+1) t-M+1
ioogr( Loyris ) 17 Yeis -1_021‘}’RL501+YRL5+E-1 (3.46)
t= %o _ =M+l _ .2 o ~ % _ -M+170 ¢ :
1= Yeis 1= Yrs T+yris 1-ygis

In the steady state, i.e., t — P — oo, the following equation holds:

- 1-yris
Lp=631+ﬁLS

EL. (3.47)

o]

It can be found that if yr;s is very close to 1, then ip — 0, which means the approximate
augmented matrix converges to the optimal matrix. This completes the proof. 0

3.4 THE IGDHP ALGORITHM

Since the incremental model discretely identifies the system dynamics, it is also necessary
to design the controller in a discrete manner. It can be found that the optimal cost-to-go
(3.6) and optimal control law (3.7), which are presented in the continuous domain, have
similar forms of discrete representation [21]. Letting the time horizon in Egs. (3.6) and (3.7)
be equivalent to the sampling time, i.e., T = At, we can discretize Egs. (3.6) and (3.7) as:

Ji = rrLitn{ re+ylials (3.48)

and
H(e(t) = argrrlllithE = argrrll}tn{ re+yliaks (3.49)
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where r; is the one-step cost function of the discrete-time design and can still be formulated
as a linear quadratic form:

re = e(t)T Qe(t) + u(t) Ru(t), (3.50)

where both Q € R™" and R € R™™ are positive semi-definite. The weight matrix R is used
to control the energy cost and note that it does not have to be positive definite.

With the incremental model technique, the IGDHP algorithm can iteratively solve
this discrete-time optimal control problem with an actor-critic scheme. Based on current
information, the actor network generates control inputs for both the real system and the
plant model. The incremental model predicts the tracking errors at the next time instant,
which are utilized by the critic network to approximate cost-to-go, whose derivatives are
computed analytically. The structure of the IGDHP algorithm is illustrated in Fig. 3.1.

/ST T T T T T T T T T T T T T T T T T T =
// (2_ _ Ecl €cal
@,/ . |
e , o Explicit i !
——> Critc »J—  Analytical —1 -
- L >(? Calculations
¥ De—- 01,/ e
et 08,100
é N 17 Explicit I Through pathways (3.3) and (3.)
—»  Criic  —> J;7—>  Analytical —>1,
ll“““—“éa‘““ Calculations -y
l @r_ % X ;
I & B U u System —tlpy, . L
: b,—» Actor t —> )
: 4—(§b—)——— ‘;—-j // ————— RLS
’ i | e Z N
! Lo ——> Incremental &, |
Lt 3
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Figure 3.1: The architecture of the IGDHP algorithm with PO taken into consideration, where solid lines represent
the feedforward flow of signals, dashed lines are backpropagation pathways, and the thick arrow represents the
weight transmission.

For simplicity, the introduced ANNs in both the critic and actor networks are fully
connected and feedforward, and consist of only three layers of nodes: an input layer, a
hidden layer and an output layer. The activation function employed in the input layer is a
unit-proportion linear function and in the hidden layer is a symmetrical sigmoid function,
which is denoted by ¢. In the following detailed implementations, the variables or pathways
corresponding to the critic and actor networks and the incremental model are denoted by
the subscripts ¢, a, and m, respectively.

3.4.1 THE CRITIC NETWORK
Although the one-step cost function consists of e; and u;, only e is set to be the input of
the critic network. The main reason is that introducing u; as an input will significantly
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improve the complexity of the backpropagation. Besides, u; is also derived from e; by the
actor network, and can still affect the approximation in an indirect way through the cost
function. There is no bias term in the critic input, because the critic output is desired to be
0 when ¢; is a zero vector in this case.

In the structure with explicit analytical calculations, the critic network only directly
outputs the approximated cost-to-go J, and its output layer utilizes a unit-proportion linear
activation function:

Ji = wCTZ’tcf(wch’te[), (3.51)

where w¢;; and we,; denote the critic weights between the input layer and the hidden
layer, and the weights between the hidden layer and the output layer, respectively, and o(-)
denotes the activation function of the hidden layer. Then explicit analytical calculations
[59] are carried out to compute A directly using Jit

i :3ft

t % = Wcl,t(wcz,t © O'/(Wz-l,tet)), (352)
t

where o is the Hadamard product, and ¢”(-) denotes the first order derivative of function
o(-).

A TD method is introduced to iteratively update the critic network [16], whose principle
is trying to minimize the TD error, the error between the current and successive estimates
of the state value. Similar to the transformation of the optimal cost-to-go, Eq. (3.5) can also
be transformed into a discrete form:

Je=re+ Y, (3.53)

Therefore the TD errors produced by the critic network are given as follows:

et =Jr =1t = Y1, (3.54)
and
oi-ri-vil + or  Oéprs
ey = TVl g ol geg (3.55)
8et aet 8et

where e;; ; denotes the TD error of the estimated cost-to-go jt with current network weights,
ec2.+ denotes the TD error of the computed derivatives /Alt with current network weights. It
is noted that j,; and A, are predicted using the weights at time instant ¢.

The computation of items in Eq. (3.55) is worth analyzing. Considering Eq. (3.50), the
second item on the right hand side of Eq. (3.55) can be computed by:

? = Q"+ Qe+ 22 (KT + Ryu), (3:56)
(73 aet

where du;/de; goes through the actor network, which will be introduced in the next
subsection. Then 9é;,1/de; requires to be handled with care since there exist two pathways
for ¢; to influence é;.1. As shown in Fig. 3.1, one pathway goes through the incremental
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model directly (pathway 3.a), while another pathway firstly passes through the actor
network and then goes through the incremental model (pathway 3.b):

aet+1 aet+1 aut a(’3t+1

= +—a-
aet aet |m 86, |a aut

| ms (3.57)

pathway (3.a) pathway (3.b)

Based on the Markov theory, the states at the time instant ¢+ 1 only have a relationship
with the states at the time instant t. Therefore, according to Eq. (3.33), Eq. (3.57) can be
simplified by the incremental model as:

derq
8et

Uy ~T

AT
=L+ F )+ EP G

(3.58)

Then, IGDHP combines both kinds of TD errors in an overall error function E;:

1 1
Ec,t = ﬁg eglyt + (1 - ﬁ)gezz,tecz’t, (359)

where f is a scalar within a range of [0,1]. If § = 1, then it becomes pure IHDP. If § = 0,
then the tuning of weights merely depends on the TD error of computed derivatives A;,
and consequently it is equivalent to IDHP.

Given a learning rate 7., the critic weights w,;, where i = 1,2, are updated with a
gradient-descent algorithm to minimize the overall error E;:

JoE,
Weit+1 = Weit — Tle - ot s (3.60)
Wit
where
oF oj; 9E., A OE oj, oA
ct Jt . c,t + t . c,t _ﬁ Jt 'ecl,t"’(l_ﬁ) t 'ecz,t, (3.61)

OWeir  MWeir 9y  OWeir 9N, OWeit OWeit

in which, ai,/ 0w represents the second-order mixed gradient of the estimated cost-to-go
Ji, and how to compute it is given without derivation [59] as follows:
If i = 2, then
A
OWeo

= diag(o” (wgy re0))(h ® wey ), (3.62)

where @ is the Kronecker product; and if i = 1, denote n, as the number of neurons in the
hidden layer, and then

s
OwWe

7. T
=(wg 00 (W, ,e))®l,—
(Wez,t © 07 (wey s€1)) ® I (3.63)

KT(e; @ I, )diag(o” (wg; ,e,))diag(a(wy per))diag(vec(wez, ) (I @ W)y ),
where K is a commutation matrix of w; s, and vec(:) is a vector reshaping function. Note

that the tensor operation can reduce the dimensionality of a matrix, and therefore dimen-
sionality analysis is involved to reshape the results after computing dA;/dw; ;.
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3.4.2 THE ACTOR NETWORK
Although in [102] a single critic network structure is utilized, since the IGDHP algorithm
is actually implemented in a discrete way, an actor network is required for approximating
the optimal control. Safety is vital for real physical systems and thus some restrictions
are usually added to system control. In this chapter, the output layer of the actor network
employs a symmetrical sigmoid activation function, and is multiplied by an additive
unchanged weight vector u;, = [ubl,'--,ubm]T, where uy; = 0, for i = 1,--, m, so that the
system control u; = [ug, -, um,t]T outputted by the actor network is bounded by uy, i.e.,
|uit| < up; for i=1,---, m, as shown in Fig. 3.2. Consequently, the actor network is presented
as:

ur = up © 6(Wgz,,0(wyy ,lef b)), (3.64)

where b, is a constant bias term, which is introduced because the system control may
not be a zero vector given zero tracking error, wg,; ; and wgy; are the weights of the actor
network, and the way to define them is similar to that of we1: and wez ;.

)

> >
» »

Input layer Hidden layer ~ Output layer

Figure 3.2: The structure of the actor network, where the input layer employs a unit-proportion linear activation
function while the hidden and output layers exploit a symmetrical sigmoid activation function.

The purpose of the actor network is to generate a near-optimal control policy to
minimize the future approximated cost-to-go Ji.1:

1
u, = argminE,; = argmin ~ e, (3.65)
U u 2"

where E,; denotes the overall error and e, ; stands for the error between the approximated
future cost-to-go fm and the target 0 cost-to-go, i.e., ey =jt+1.

The system control u; is also an input of the incremental model, so even though u; does
not appear in the reward function, i.e., R is zero, it has an influence on the critic output
at the next time instant. Therefore, a gradient-descent algorithm can be implemented
to iteratively solve Eq. (3.65) by the 4th pathway starting from Jie1 through é.1 to u.
Different from the stra1ghtforward form, whose back-propagation pathways of the actor
network can start from either Ji,; or A1, there is only one back-propagation pathway
for IGDHP with explicit analytical calculations to update the actor weights. Nevertheless,
this explains exactly why the structure with explicit analytical calculations surpasses the
straightforward structure, in that it releases the the restriction of scalar f of being 0 or 1.
Specifically, for the straightforward form, if § = 0, then the elements in w, linked to jt+1
will never be updated, and if the actor network is trained through the pathway leading from
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Ji1, the back-propagation cannot be carried out. Similarly, if the back-propagation channel
of the actor network starts from it+1, then B # 1 is mandatory for the straightforward form.
On the contrary, the structure with explicit analytical calculations has no such limitations
on f, because even though f = 0, the critic network can still be trained.

As presented in Fig. 3.1, the actor weights are updated along the 4th back-propagation
pathway with a learning rate 7,:

JE,;
Wait+1 = Wait —Ha* = s (3.66)
aWai,t
where i = 1,2, and
JE ot ouy aét 1 8jt 1 JE ot duy AT a A
at _ . +1 A+ . Aa - . gll . 'llt+1 ']t+1~ (3.67)
OWait OWgir OUr Odem1 3,y OWair b

So far the implementation of the proposed IGDHP with PO control scheme has been
introduced. The procedure is briefly summarized in the following Algorithm 3.1, where
line 6 is the dividing line between the current time instant and the next time step.

Algorithm 3.1: Design procedure of the IGDHP with PO control scheme.

1 Initialization: initialize system states, and parameters of the identifier, the critic
network and the actor network;
2 while terminal condition is not triggered do

3 compute the control input u; using the actor network (Eq. (3.64)) with the
current observation;
4 predict the one-step observation €. using the identifier (Eq. (3.32)) with the
stored data;
5 evaluate the current control policy using the critic network (Egs. (3.51) and
(3.52));
6 sample the real one-step observation e;.; by applying u; to the real plant;
7 update the weights of the actor and critic networks via the backpropagation
technique (Egs. (3.60) and (3.66));
8 if sufficient samples are stored in the sliding window then
9 ‘ update the identifier using the RLS algorithm (Egs. (3.36)-(3.38));
10 else
11 ‘ continue;
12 end
13 update the stored data in the sliding window;
14 end

Remark 3.2. The convergence analysis of the online identification has been presented
in Section 3.3.3, and the convergence analysis of the ADP scheme has been investigated
in [98, 99]. However, as stated in [59], it is currently unfeasible to theoretically prove the
closed-loop stability of the IGDHP algorithm due to its completely online implementation.
Accordingly, repeating numerical experiments are carried out in the next section for
verification.
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3.5 NUMERICAL EXPERIMENTS
This section assesses the developed IGDHP algorithm on a practical aerospace application.
Firstly, traditional GDHP with PO (GDHP-PO), IGDHP with FSF (IGDHP-FSF) and IGDHP
with PO (IGDHP-PO) are compared by applying them on an attitude tracking control task.
Then the IGDHP-PO algorithm is adopted for an altitude control problem in combination
with a hierarchy technique and PID controller.

3.5.1 AEROSPACE SYSTEM MODEL

A nonlinear model of aircraft is set up utilizing the public data [78] and only the longitudinal
dynamics are taken into consideration. All parameters without special explanation in this
chapter are determined by trimming the aerodynamic model in a steady wings-level flight
condition at 15000 ft and 600 ft/s, which will be referred to as the benchmark condition.

In this longitudinal control problem, there are 6 states, namely altitude h, airspeed v,
pitch angle 6, angle of attack (AOA) «, flight path angle yr and pitch rate q. Nevertheless,
for a specific task, it is feasible to select only some main states to reduce computation. For
instance, for the AOA tracking task, which is an attitude control problem, only pitch rate
q, the basic state in the rate loop, is chosen as the additional feature state in [59], while
other states are considered as parts of the black box to be identified.

For the longitudinal aerodynamic model, there are 3 control inputs, namely leading
edge flap deflection §j¢f, engine thrust T and elevator deflection J,. The control surface of
the leading edge flap cannot be directly changed by the pilot [78], and therefore is regarded
as an inner unknown dynamics. Out of simplicity for implementation and convenience
for analysis, a simple PID thrust control to maintain the airspeed is designed in a separate
control loop [46], such that only one control input, elevator deflection &, is taken into
concern and a mapping between one control input and one final output can be constructed.
Before the elevator deflection is practically adjusted, the system control u; generated by
the actor, or called elevator deflection command §¢ in this aerospace application, has to
go through the actuator, which is modeled as a first-order system with rate and position
constraints, as illustrated in Fig. 3.3 [59]. The bandwidth of actuator is 20.2 rad/s, deflection
cannot exceed the range of [-25 deg, 25 deg] and its changing rate is bounded in the range
of [-90 deg/s, 90 deg/s] [46, 78].

d,__ Command Band Rate 1 3,
Saturation X width Saturation > s ]

Figure 3.3: The dynamics of the actuator, a first-order system with rate and position limits [59].

In real-world applications, noise is unavoidable, and unforeseen changes in system
dynamics or even sudden failures might be encountered. Consequently, there is a need to
approximately model these uncertainties for verification of the developed method. Non-
zero mean white measurement noise acting on the feedback signals and the actuator is
taken into account, and the magnitude of real-world phenomena utilized for simulation is
given in Table 3.1 [79]. This noise can have impacts on the performance of the controller,
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but can also act as exploration noise to better satisfy the persistent excitation (PE) condition
[59]. It is noted that only PO methods requires to consider measurement noise, while in
the FSF condition, the acquired data is assumed noise-free.

Table 3.1: Magnitude of the noises having impacts on controller design (adapted from [79]).

h[m] 0, a yr[deg] q[deg/s] J [deg]

Mean 1 2.2x1071 1.7x1073 2.6x1071
Standard deviation 8x1072 1.8x1073 3%x1072 4x1072

Sudden structural damages may be encountered during flight, which require fault-
tolerant control (FTC) [87]. Fault diagnosis is a significant part of FTC, but will not be
discussed in this chapter. Several kinds of sudden faults and their aftermath have been
scrutinized in [46]. It has been investigated that moving mechanisms, such as actuators,
are more likely to be affected by unexpected faults. There are four faults taken into
consideration, namely the reduction of bandwidth, strengthening of rate limitation, output
deviation and reduction of control effectiveness, while the last situation can also be triggered
by the structural damages changing aerodynamics [59]. As to the faults of static structure,
damage of the horizontal stabilizer is selected to be investigated. This damage has a
significant impact on both static and dynamic stability for longitudinal dynamics, and mass
loss is often encountered simultaneously, which will instantaneously change the center of
gravity.

3.5.2 SIMULATION RESULTS

An AOA tracking problem is firstly taken into consideration. How to implement the GDHP
method can be found in [59] and is omitted here. For better comparison, the settings in
IGDHP-FSF, IGDHP-PO and GDHP-PO are as consistent as possible and the best possible
parameters are ascertained by repeating the experiment. The actor, critic and model
networks are all fully connected and consist of three layers of nodes. For balancing the
accuracy with the computational efficiency, we experimentally set the number of hidden
layer neurons in all three networks as 25 and a sigmoid function is adopted as the activation
function. Both actor network and model network introduce a bias term as an input, and
by = by, = 0.01. Large random initial weights can significantly affect learning performance,
whereas small ones will decrease initial exploration efficiency. Therefore, as a trade-off, All
weights are randomly initialized within a small range of [-0.1,0.1], and bounded within
the range of [-20,20]. With the information of derivatives, the DHP technique generally
surpasses HDP in tracking precision, convergence speed and success rate [50] and therefore
B is chosen to be 0.1 to take advantage of the derivative information. We experimentally
choose Q =8, R=1and y =0.99995 to formulate the critic network. It should be noted that
R can also be 0, but for the purpose of decreasing energy cost, it is set positive definite. As
mentioned above, the system state only includes AOA and pitch angle, and therefore the
minimum width of the sliding window is 3. To enhance the stability, the window width
is set to 4 for IGDHP-PO and IGDHP-FSF, and 5 sets of data are utilized by GDHP-PO to
ensure the same level of data use, in that both IGDHP-PO and IGDHP-FSF employ the
increment information, which is acquired from 5 time instants. 7 , s initialized to be
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composed by 4 identity matrices and G starts from a zero matrix. ygrs is chosen to be
0.99995. Cov, originally is a diagonal matrix with all main diagonal elements chosen to be
107 [109], since the trace of Cov, indicates the magnitude of the estimated errors, which
can initially be infinite due to insufficient or incorrect knowledge of the system [110].
Besides, a descending method is applied to guarantee effective learning, which suggests
that the learning rates are initially set to be large numbers and gradually decrease at each
time step by being multiplied by a descending coefficient until the bound is reached, and
the corresponding parameters are given in Table 3.2. All experiments are carried out with
a sampling frequency of 1kHz and computed using Euler’s method. In order to achieve the
PE condition, a probing signal is introduced at the initial exploration stage. How to design
a good probing signal is still an open problem, but for this chapter a 3211 disturbance signal
that changes its sign over time as a particular proportion [47, 59] is introduced to excite
the system modes.

Table 3.2: Parameters about the descending learning rates.

Na Ne1 Ne2 NMm
Initial value 2 1 0.2 1
Descending coefficient  0.999995  0.9995 0.995  0.999995
Lower bound 1072 107 10 1072

Firstly, the system is supposed to track a human-designed AOA reference signal online
using IGDHP-FSF, IGDHP-PO and GDHP-PO, respectively. The AOA reference signal varies
around the trimmed condition, namely 2.6638 deg. The comparison of the performance
is given in Fig. 3.4, where the system is initialized to be at the benchmark condition. If
successfully implemented, all three methods can complete the tracking task. Among them,
IGDHP-FSF shows the best performance, with a control policy that converges fast. In the
PO condition, both IGDHP-PO and GDHP-PO methods can track the reference after a
small period of vibration and get similar performances. The settling time of IGDHP-PO is
slightly smaller than that of the GDHP-PO method but it can be ignored in the practical
applications. Due to the influence of measurement noises, the tracking precision of these
PO-based methods is lower than IGDHP-FSF. As presented in subfigure (b), the tracking
errors (denoted by Aa) of IGDHP-PO and GDHP-PO keep oscillating around the mean
value of the AOA sensor noise, while the tracking error of IGDHP-FSF is approximately 0
at the stable stage.

Figure 3.5 illustrates the elevator deflection command produced by the IGDHP-PO
method starting from the benchmark condition. From the inset, it can be seen that a
3211 disturbance signal, is applied to kick off the learning process. The control input
command turns to be nearly 0 after the probing signal vanishes since the initial weights of
the actor network are tiny random values, as presented in Fig. 3.6. Then both critic and
actor networks are excited and the actor-critic scheme behaves as a high-gain controller
during the exploration stage until the weights converge. The learning process is performed
totally online and will continue even after the policy has converged.

In addition, the initial condition can have an impact on the controller while the proposed
IGDHP-PO approach can deal with a wide range of initial states within [-10 deg, 15 deg]
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Figure 3.4: Online AOA tracking control with initial benchmark condition.
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Figure 3.5: Elevator deflection command produced by the IGDHP-PO method starting from the benchmark
condition.

without loss of precision. As presented in Fig. 3.7, the AOA can track the given reference
signal @**f in less than 2 seconds for all initial conditions using the IGDHP-PO approach,
which is indicative of its competent adaptability and robustness.

Nevertheless, only when the task is successfully carried out, can the results presented
above make sense. Random factors, such as initial weights of ANNs and measurement
noises, can have impact on the performance and occasionally even trigger divergence
and failure. To compare the robustness of these algorithms to various aspects, a concept
of success ratio is introduced as a performance index. For a successful implementation,
the amplitude of the AOA trajectory cannot transcend a range of [-15 deg, 20 deg] over
the whole control period, the system is supposed to be able to track the reference signal
after 27 seconds, and the tracking errors will not exceed 1 deg hereafter. Remaining all
parameters unchanged except for the probing signal, 1000 Monte Carlo simulations are
implemented to assess the performance of these approaches.

The experiment is executed with 7 different initial AOAs and equal reference to evaluate
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Figure 3.6: Convergence of the actor weights using the IGDHP-PO approach with initially benchmark condition.

the robustness of these approaches towards initial tracking errors and the results regarding
success ratio are illustrated in Table 3.3. Both IGDHP-FSF and IGDHP-PO have a success
ratio of 100% in the benchmark condition, which implies these approaches are stable
for this tracking control problem. On the other hand, the success ratio of GDHP-PO in
the benchmark condition is merely 51.2% and for all initial states, the success ratios of
IGDHP-FSF and IGDHP-PO outclass those of GDHP-PO, demonstrating the incremental
technique can significantly improve system identification compared to the traditional
global ANN-based model in this online application. The success ratios of IGDHP-PO are
generally smaller than those of IGDHP-FSF, which is intuitively predictable, while the
differences are less than 1% for more than half of initial states and this shows that the
IGDHP-PO can cope with PO situations. It is shown that the success ratios with oy = -5 deg
and ap = 0 deg decrease by 35.5% and 21.5% for IGDHP-FSF and by 53.7% and 26.5% for
IGDHP-PO compared to the benchmark condition, respectively. Besides the algorithms
themselves, this reduction of success ratio can also be caused by the collective effect of the
nominal reference signal and inherent dynamics of the system. Besides, it should also be
noted that in multiple cases the success ratio is not 100%, which is owing to the fact that it
is arduous to accomplish optimal PE condition due to the circular argument between PE
condition, accurate system information and stable control policy [59]. Although some cases
can achieve a success ratio of 100%, random factors prevent the controller from consistently
perfect tracking. Nevertheless, there is still the prospect of full success and the results
presented in Table 3.3 are obtained based on current settings. The development of various
aspects can benefit the stability and improve success ratio, such as sensor precision, probing
signal, parameter initialization and learning rates. It is still an open problem to improve
these factors and therefore this chapter concentrates on the assessment of robustness
between IGHDP-FSF, IGDHP-PO and GDHP-PO.
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Figure 3.7: Online AOA tracking control with different initial states using the IGDHP-PO approach.

Table 3.3: Success ratio comparison for different initial states with 1000 times of Monte Carlo simulation.

ap[deg] -10 -5 0 2.6638% 5 10 15

IGDHP-FSF  100%  64.5% 78.5% 100% 100%  99.1% 99.4%
IGDHP-PO  92.7% 46.3% 73.5% 100% 99.3% 99.2%  99.6%
GDHP-PO 25.7%  38.2% 45.3% 51.2% 44.3% 41.4%  50.5%

2AOA value in the benchmark condition.

The adaptability is one of the most significant aspects through which ACD approaches
show their superiority over other conventional optimal control methods. Sound policies
can be learned automatically by updating the weights of the networks, which enables ACDs
to be applied to FTC problems. Therefore, the following part investigates and compares the
capability to adapt of IGDHP-FSF, IGDHP-PO and GDHP-PO by applying them to two fault
scenarios, where the system is supposed to track a sinusoidal reference signal. Considering
the moment when the faults happen can have an influence to the results, the faults are
designed to take place at the instants of 47 seconds and 57 seconds, respectively.

The first fault scenario examined is that the elevator actuator is partially damaged.
Specifically, the elevator suddenly loses 30% of its effectiveness and 50% of its bandwidth,
and the bound of deflection rate degrades by 1/3 to [-60 deg/s, 60 deg/s]. Besides, there is a
constant disturbance acting on the actuator, making the real deflection 2 deg larger than the
produced commands. The results are illustrated in Figs. 3.8 and 3.9, where the malfunction
of the actuator does not exceedingly affect the performance of these adaptive controllers,
especially for IGDHP-FSF, which acts completely to normal after a small oscillation, without
significant increase of tracking errors. The impacts of the sudden damage on IGDHP-PO
and GDHP-PO are more obvious, which escalates their tracking errors to varying degrees.
It can be seen that the tracking errors of both approaches increase after encountering
instantaneous damage, while IGDHP-PO relatively surpasses GDHP-PO since the latter
has larger errors. Nevertheless, all approaches are capable of handling this fault scenario.

The second fault scenario investigated is the damage of the left horizontal stabilizer.
With an intact right horizontal stabilizer, the center of gravity inevitably shifts from the
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Figure 3.8: Online AOA tracking control with a malfunction of the actuator occurring at the 4 seconds.
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Figure 3.9: Online AOA tracking control with a malfunction of the actuator occurring at the 57 seconds.

normal position, which will lead to an increment of pitching moment. This structural
damage can also affect the closed-loop performance by degrading longitudinal damping
and stability margin. As presented in Figs. 3.10 and 3.11, the static structural fault caused
by damage of the horizontal stabilizer demonstrates a bigger impact compared to the
considered actuator fault. At large positive values of AOA, the tracking performance of all
three approaches significantly degrades to different extents. On the whole, all approaches
can adapt to this sudden fault in that their performance is improving with the time. IGDHP-
PO still outperforms GDHP-PO in adaptation since after one period of reference signal,
the tracking errors of IGDHP-PO has declined to less than 1.5 deg while tracking errors
of GDHP are beyond 2 deg. Synthesizing two fault scenarios, it can be concluded that
the incremental technique has an advantage of quick adaptation over the conventional
ANN-based global model.

Then, more practical application scenarios are investigated, where the altitude control
loop assisted with the PID controller is introduced to generate a more realistic reference
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Figure 3.10: Online AOA tracking control with the left horizontal stabilizer damaged at the 47 seconds.
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Figure 3.11: Online AOA tracking control with the left horizontal stabilizer damaged at the 57 seconds.

signal. The pitch angle of the system is selected as the controlled variable of the intermediate
loop, i.e., from the outer loop to the inner loop, the controlled variables are altitude, pitch
angle and AOA, respectively, as illustrated in Fig. 3.12. Other system states are regarded
as the unmeasured inner states. Although flight path angle is more widely used as the
intermediate variable, in this experiment, choosing pitch angle shows a better performance,
which is also feasible in the real world. In practice, proportional control is often applied
alone, and in this chapter, kj = 3, kg = 5, while all other parameters are kept unchanged.
Parameter variations can affect the dynamic response of the control system. Hence,
different discounting factors are examined to further verify the robustness of the developed
IGDHP-PO algorithm. Figures 3.13 and 3.14 demonstrate the tracking performance with
different discounting factors, where the subscript 1, 2, and 3 respectively stands for the
case of y =0.99995, y = 0.9, and y = 0.85. As can be seen, if successfully implemented,
comparable performance can be obtained with different discounting factors. Because
of the initially random policy and totally online learning, the tracking performance at
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Figure 3.12: Altitude and pitch angle control loops used to generate AOA reference signal.

the beginning is also imperfect. Due to the measurement uncertainties and proportional
controllers, the generated AOA reference oscillates over the altitude control task. Despite
this, the developed approach manages to keep the tracking errors mostly within 1 deg
and controls the system to track the designed altitude reference. Nevertheless, it is also
observed that with other parameters unchanged, different discounting factors can lead to
different success ratios, specifically 99.1% for y = 0.99995, 97.3% for y = 0.9, and 70.7% for
y = 0.85. This shows that the developed IGDHP-PO approach is robust to the forgetting
factor to a certain extent.
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Figure 3.13: Altitude and pitch angle control loops used to generate AOA reference signal.

In addition, load disturbance is often encountered in flight control due to turbulence.
Therefore, the tracking performance with the presence of sudden load disturbance is
examined. Although the turbulence can act on the whole aircraft, out of the purpose of
simplicity and reproducibility, the considered load disturbance is set as an equivalent square
wave disturbance acting on the real elevator deflection, i.e. J.. As presented in Figs. 3.15 and
3.16, although sudden disturbance has an impact on tracking performance, the proposed
IGHDP-PO approach can adapt with a fast-changing deflection command. The largest
impact happens at the instant when the disturbance load appears for the first time. When
an equivalent 5 deg deflection disturbance is encountered, the controller tries to generate
an opposite action to stabilize it. Due to the overshoot, oscillations are initiated, but the
AOA signal manages to track the reference. After the onset, the subsequent changing
disturbance becomes less influential, which demonstrates the robustness and the online
learning property of the proposed method.
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Figure 3.14: Online AOA tracking control with the reference provided by altitude tracking control task.

al’]

20 I I I I I I I I I
0 10 20 30 40 50 60 70 80 90 100

(a) AOA tracking performance

Aaf’]

10 . . . . . . . . .
0 10 20 30 40 50 60 70 80 % 100
(b) AOA tracking error

Time [s]

Figure 3.15: Online AOA tracking control with the presence of sudden load disturbance.
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Figure 3.16: Evolution of the elevator deflection command and the sudden load disturbance.
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3.6 CONCLUSION

this chapter develops an incremental model-based global dual heuristic programming
(IGDHP) approach by combining global dual heuristic programming (GDHP) and aug-
mented incremental techniques, which solves the partial observability problem. Moreover,
the input saturation constraint is overcome by utilizing a symmetrical sigmoid function as
the output layer activation function of the actor network, which frees the matrix R in the
reward from having to be positive definite.

Various numerical simulation studies are conducted with an aerospace system, including
attitude control problems with different initial states and sudden structural changes, and
an altitude control problem combined with PID controller and hierarchy technique. The
results uniformly demonstrate that the developed IGDHP algorithm can effectively deal
with partial observability and surpass conventional GDHP in online stability, robustness
to different initial states, and adaptability when encountering unforeseen faults. The
applications to altitude control demonstrate that the developed IGDHP algorithm is robust
to parameter variations and load disturbance, and has the potential to be applied to realistic
complex scenarios combined with other techniques.

Future research should continue working on bridging the gap between the algorithms
and real-world systems, and approaches and skills to better satisfy the persistence excitation
(PE) condition are especially recommended.
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REINFORCEMENT LEARNING
CONTROL WITH OUuTPUT
FEEDBACK AND INPUT
CONSTRAINTS

Reinforcement-Learning-Based Adaptive Optimal Flight Control with Output Feed-
back and Input Constraints

Chapters 2 and 3 answered the research sub-question 1 in the sense of full-state feedback (FSF)
and partial observability (PO). It was found in 3 that historical measurements can be used to
identify system dynamics despite immeasurable inner states. This chapter will investigate the
output feedback (OPFB) situation in which the system to be identified is deterministic. This
chapter will build a bridge between research sub-questions 1 and 2, by taking control input
constraints into consideration. A non-quadratic performance function, as well as a bounding
actor network, will be introduced to handle input constraints. Finally, numerical simulations
will be executed to verify the novel algorithm.

This chapter is based on the following article:

B. Sun and E. van Kampen, "Reinforcement-Learning-Based Adaptive Optimal Flight Control with Output
Feedback and Input Constraints", Journal of Guidance, Control, and Dynamics, vol. 44, no. 9, pp. 1685-1691, 2021.
Doi: 10.2514/1.G005715 [111].
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ABSTRACT

This chapter aims at improving the present incremental model-based global dual heuristic
programming algorithm proposed in the recent work [59] by taking the output-feedback
situation and input constraints into consideration. Different from the common incremental
model that is based on full-state feedback, an extended incremental model utilizing previous
input/output data is introduced to identify locally linearized system dynamics for nonlinear
systems. A non-quadratic performance function combined with a constrained-output actor
network guarantees that the produced control input command satisfies actuator saturation
constraints. Through numerical simulations, the effectiveness and the feasibility of the
proposed method are verified.

4.1 INTRODUCTION

Reinforcement learning (RL) has become a promising tool for improving autonomy in
various types of aerospace systems [36, 47, 50, 59, 112, 113] because of its self-learning prop-
erty sprouting from psychological and neuroscientific perspectives on animal behaviour
[16]. By interacting with the environment, RL can make a system learn optimal policies to
achieve goals with limited or no priori knowledge of its dynamics or environment, and
have the capability of adapting to changing situations [16, 112]. These advantages enable
RL to provide a normative solution to adaptive optimal control [38].

One branch of RL is adaptive dynamic programming (ADP), which is developed from
dynamic programming (DP), and it is performed in a forward-in-time way that allows for
an online implementation [98]. ADP is often implemented with artificial neural networks
(ANNSs) and the actor-critic scheme [21], leading to adaptive critic design (ACD) [34],
whose simple diagram is depicted in Fig. 4.1. ACDs not only handle the well-known "curse
of dimensionality” [21], but also have a stronger generalization capability to deal with
nonlinearity [27, 37, 92, 98, 114]. According to the information that the critic network
approximates, ACDs can generally be categorized into three groups: heuristic dynamic
programming (HDP) [39, 84], dual HDP (DHP) [34, 115], and global DHP (GDHP) [59,
63, 98]. Among them, GDHP combines the information utilized by HDP and DHP, i.e.,
the performance function and its derivatives. The conventional GDHP utilizes a straight-
forward form [63], where two kinds of outputs of the critic network share the same input
and hidden layers, which brings in couplings. Furthermore, due to the approximating
property, inconsistent errors exist between these outputs. Nevertheless, the structure
with explicit analytical calculations proposed in [59] can overcome these limitations and
therefore it is investigated in this chapter.

Although [38] claims that RL can perform in a direct manner with no need of identifying
the system dynamics, as shown in Fig. 4.1, a third model module, next to the actor and
critic networks, is often introduced to provide system transition information and thus
to speed up learning and increase the success ratio [39]. By convention, ACDs rely on
an ANN to approximate the global system dynamics [39, 98], which can be intractable to
obtain for complex aerospace systems and can face difficulties when changing conditions
are encountered [34, 59, 115]. Consequently, an incremental model (IM) is utilized in
[34, 47, 50, 59, 115] to identify the locally linearized dynamics online so as to reduce the
dependency on global models. As an improved version of GDHP, the IM-based GDHP
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Figure 4.1: The simple diagram of ACDs, where the actor network generates the control policy that is evaluated
by the critic network, and the model network is utilized to approximate system dynamics. Solid lines are the
feedforward flow of signals, the dashed line denotes the updating pathway. x and u respectively denotes the
system state and the control input, x;.; is the estimated value of x;.1, and the subscript denotes the time instant.

(IGDHP) has shown better performance in optimal tracking control problems (OTCPs) in
the full-state feedback (FSF) condition [59].

Nevertheless, for real systems, sometimes not only the system dynamics, but also
the measurements of some internal states are not available [84], which leads to output-
feedback (OPFB) problems that cannot be tackled by the current IGDHP method. Although
some ADP algorithms have been developed for OPFB [47, 50, 88], these algorithms are
derived in a linear form with a quadratic performance function. These existing algorithms
depend on solving a linear Riccati equation, and therefore are unable to handle complex
nonlinear demands in the optimal control task, such as input constraints. However, handling
input constraints is a common demand for control systems in many applications such as
aerospace systems [116, 117]. A non-quadratic performance function is introduced to cope
with actuator saturation constraints for optimal regulation control problems (ORCPs) [93],
but cannot directly be applied to OTCPs [92]. Although an augmented system is proposed
for HDP in [92, 114] to tackle this limitation, introducing the reference signal in addition
to the tracking error into the actor and critic networks can slow down learning.

Motivated by overcoming the limitations existing in the current IGDHP method, this
chapter first of all develops an extended incremental model to deal with OPFB problems.
Then, a non-quadratic performance function as well as a bounding actor network is intro-
duced to handle input constraints. Finally, numerical simulations are executed to verify
the novel IGDHP method.

4.2 INCREMENTAL MODEL WITH OUuTPUT FEEDBACK

The situation investigated in this chapter is that the system dynamics are unknown and
only input/output information can be acquired, so an incremental model is constructed to
approximate the state transformation.

Consider an affine nonlinear discrete system represented by:

Xpa1 = (o) + gloer)ulxy), (4.1)

yr = h(x), (4.2)
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where x; € R", u; € R™ and y; € R? are the system state vector, control input vector and
measurable output state vector at the time instant ¢, respectively, f(x;) € R", g(x;) € R™™
and h(x;) denote the drift dynamics, input dynamics and output dynamics of the system,
respectively. It is assumed that f(x;), g(x;) and h(x;) are Lipschitz continuous on their
domains. The nonlinear system is assumed to be both controllable and observable. For
simplicity, u(x;) is represented by u; in the rest of this paper.

According to [34, 59], if the system is full-state feedback, around time instant ¢ - 1, the
nonlinear system (4.1) can approximately be written into the following linear equation by
taking the first order Taylor series expansion and omitting second and higher-order terms:

xee1 = (o) + Foa (06 = x1) + g(oxe-1) -1 + Gro1(us — tp-1) (4.3)
= x¢ + Froq (% = xp-1) + G (g — ug-1), .

_ OfT(x1) € R _ 98

.
where F;_1 = o and G;_ = a)gtle) € R™™ are the state transition matrix and
the input distribution matrix, respectively. F;_; and G;-; are bounded due to the Lipschitz
continuity of f(x;) and g(x;) in Eq. (4.1).

Equation (4.3) can be rewritten as:
Axt+1 ~ Ft—let + G[-]Aut. (44)

Similarly, the system output equation (4.2) can also be linearized using Taylor expansion
around time instant t:
Vee1 ® Y+ Hi(Xee1 = x2), (4.5)

.
where H; = ahTEtx,) € RP*" denotes the observation matrix. Equation (4.5) can be rewritten
as:

Ayt+1 ~ HtAle, (46)

To identify and control the new incremental model presented by Egs. (4.4) and (4.6), the
following two assumptions are required.

Assumption 4.1. The linearization does not change the property of controllability and
observability of the original system given by Eqgs. (4.1) and (4.2), i.e. (Fy_1, G¢_1) is controllable
and (F;-1, H;) is observable.

Assumption 4.2. The system is deterministic within the range of M steps, where M = n/p.

Remark 4.1. Assumption 4.2 is the prerequisite that the system can be identified via
input/output data. It has practical significance in that real systems are often influenced by
stochastic factors such as measurement noises, unmodeled states and unforeseen distur-
bances, while in a small range of time horizon, the impact is small enough to be ignored.
Assumption 4.2 can be satisfied when the sampling frequency is high enough.

It has been proved that for a deterministic observable system, the unmeasurable internal
states (full states) can be reconstructed uniquely with adequate previous observations and
control inputs [47, 50, 88]. Therefore, provided the input/output data over a sufficiently
long time horizon, [t - N +1,N], n/p < N < M, we can construct a new system called the
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extended system. The extended system regards the previous increments of the input/output
data as its system states. It can determine the next output increment Ay;.; uniquely as
follows: L L
AYHI ~ EtAyth +QtAut,N (4 7)
=Fi Ay +Fip 1Ay i oy + Gy Due + Gyg Aty N-1,
where F, € RPN and G, € R”N™ are the transition matrix and input distribution matrix
of the extended discrete system, respectively, Au;n = [Au,T,Au,T_I,---,AulNH]T € RNm
and Ay, v = [Ay], Ay 1, Ay y,,]" € RMP are the measured input/output data from N
previous steps, respectively, F1; , € RP? and Fy, , € RPN ~DP are partitioned matrices from
F,and G, , € RP"™and G, , € RPN-D™ are partitioned matrices from G,. Assume that
the generalised inverse of Gy, ; exists such that G1{ ,G,; ; = I, € R™™, where I, denotes
the identity matrix and the subscript m gives the dimensionality.

In this way, the original nonlinear system is approximated by a locally linear incremental
model and a direct mapping from the control input at the time instant ¢ to the output
at the time instant ¢+ 1 is built. Then, a recursive least squares (RLS) approach using a
sliding window technique [84] is adopted to identify the matrices F, and G, online. Rewrite
Eq. (4.7) in a vector form as:

T FT
Ayr1 = [AyIN AuIN] Gir:| . (4.8)

ot T
Define Y, = [A yIN, Auz N] € RN®*m*1 which is the input information of the extended

incremental model identification, and ©, = [F,, Qt]T € RN*m*?_\which is the extended
matrix to be determined using the RLS algorithm. Therefore, the output prediction equation
can presented as follows:
. =T A
APt =Y, -0, (4.9)
. . a7

where ©, = [E I Qt] is the approximated value of ©,, and the symbol * denotes the approx-
imated/estimated value.

The sliding window is utilized to store historical data Y, for determining ©, in each
time step, and the main procedure of the RLS approach is given as follows [84]:

€ = Ayl = AJ, (4.10)

. A Cov,_,Y
©,=0,,+ =

—_ — €, (4.11)
s + Y, Cov, Y,

1 Cov,_,x;x, Cov
Cov, = — ( Cov, | - =1 =—L1 ), (4.12)
YRLS Yrus +x; Covy ;X

where ¢; € R? denotes the prediction error, Cov, € RP+mNx(p+mN ig the estimation covari-
ance matrix , and ygrrs denotes the forgetting factor. As to initialization settings of the RLS
approach, we set E 0= [IP,O], and QO as a zero matrix. The covariance matrix is initialized
as an identity matrix multiplied by a large positive value [50] and we choose 10 in this
chapter, i.e., Cov, = 107I(p+m)N~
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4.3 OPTIMAL TRACKING CONTROL PROBLEM (OTCP)
This section deals with the input constraints in the OTCP by designing a non-quadratic
function. The OTCP aims to find the optimal control policy ] such that the system
described by (4.1) and (4.2) can track the reference trajectory y'f € R? in an optimal
manner by minimizing a predefined performance function. Furthermore, the control input
must be constrained by a bound vector w,, i.e. |u;¢| = up; for Vup; > 0, i = 1,---, m, where
u;; and up; denotes the elements of u; and uy, respectively.

To simplify the derivation and implementation of the algorithm, the reference trajectory
yref is supposed to satisfy the following assumption [50]:
Assumption 4.3. The reference signal is slow-varying in comparison to the system dynamics,

such that the increment of the reference signal between two-time instants can be ignored.

Accordingly, considering Eq. (4.7), the output tracking error at the time instant ¢ +1
can be presented as:

ref
€t+1 = Yi+1 — V41

ref

yi+E Ry, y+GAugy - (i + AyfS

4

(4.13)

4

e+ EtTyt,N + Qtﬂt,N

g

e+ Etﬁt,N + tht,N~

Based on Assumption 4.3 and Eq. (4.13), the effect caused by the dynamics of the reference
signal is approximately shielded between two sampling instants. Therefore, the original
OTCP is transformed into an ORCP, so that the non-quadratic performance function used
in [37, 92, 93, 114] can be adopted to generate constrained control input.

Then the following performance function is introduced for this new input-constrained
ORCP:

Jetsur)= Yy eler,w), (4.14)
I=t

where y is the discount factor with 0 < y < 1 and c(ej, ;) is the one-step cost function that
is defined as:
c(er ur) = e Qer + Y(wy), (4.15)

where Q € RP? is positive semi-definite and is set to be a diagonal matrix in this chapter,
and Y(u;) is a positive-definite integral function defined as:

m Uit
Y=Y, [y )R, (4.16)
i=1 /0

where 1/(-) is a bounded element-wise function satisfying |{/(-)| = 1, and is a monotonic odd
function with its derivative bounded by a constant iy, i.e. || d{/(s)/ds|| = ¥am, Vs € R, and
R; denotes the element of the positive definite weight matrix R = diag([Ry, -, Rn]) € R™™,
in which diag(-) reshapes the vector to a diagonal matrix. Without loss of generality, the
well-known hyperbolic tangent function /(-) = tanh(-) is chosen as the bounding function.
Note that Y(u;) is positive definite since 1/"!(-) is a monotonic odd function and R is positive
definite. For simplicity, J(e;, u;) is denoted by J; and c(ey, u;) is denoted by c¢; hereafter.
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According to Bellman’s principle of optimality, the optimal performance function J; is
time-invariant and satisfies the discrete-time Hamilton-Jacobi-Bellman (DTHJB) equation:

J; = mine + ) (4.17)

Differentiate the right-hand side of Eq. (4.17) along the control input u; and the following
equation should be satisfied for the optimal control u; [27]:

-
ac; N de;,q

au Y ou, A1 =0. (4.18)
where A}, = gg: . Then substituting Eqgs. (4.15) and (4.16) in Eq. (4.18) yields [37, 92, 93]:
u;, = ~upitanh(D;,),i=1,-,m, (4.19)

and Dj, is given as:
Dj, = ﬁ}inlgIn,/ﬁw (4.20)

where 81y, 18 the ith column vector of G, ;. The control input u;, is bounded within its

permitted range [-up;, up;], i = 1,---, m. The nonquadratic cost (4.16) for u is:

Y(u;) = ) lupiyAlsg, , , tanh(D; ) + uj;RiIn(1 - tanh?(Dj ). (4.21)

i=1

By substituting Eq. (4.21) into Eq. (4.17), the DTHJB equation becomes:
m
Ji= e;rQet + Z[ubiylﬂ-lgi " ttanh(th) + uiiR,- In(1- tanhz(D;,t))] +yJi- (4.22)
i=1 T

In this way, the original OTCP is recast as a new ORCP subject to input constraints.
The DTHJB equation (4.22) cannot be solved analytically in the generally nonlinear cases,
and therefore the IGDHP algorithm is introduced to iteratively solve the OTCP in the next
section.

4.4 IGDHP IMPLEMENTATION

The IGDHP algorithm is introduced in this section with the IM and ANNs facilitating the
implementation: the IM reflects the local dynamics of the nonlinear plant and the ANNs
are utilized to build the critic network and the actor network. The architecture of the
IGDHP algorithm is shown in Fig. 4.2. The reference signal at the time instant ¢+ 1, yrl,
is unavailable at the time instant ¢t. To obviate the need for this information, the actor
and critic networks are updated with the information from the time instants ¢ and ¢ -1
[59, 114].

4.4.1 THE CRITIC NETWORK

The IGDHP technique makes use of both the approximation of performance function Ji
and its derivative with respect to the network input e;, which is denoted by A;. As shown
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Figure 4.2: The architecture of the IGDHP algorithm, where solid lines represent the feedforward flow of signals,
dashed lines are backpropagation pathways, and the thick arrows represent the weight transmission.

in Fig. 4.3, the critic network is utilized to approximate the performance function (4.14)
with the facilitation of an ANN, which employs a feedforward structure with single hidden
layer as follows:

Je= WcTZ,tU(Wch,tet), (4.23)

where wg; and wg,; are weight matrices between different layers and the activation
function o is chosen to be a sigmoid function. By taking the explicit analytical calculations

[59], it is given as:
s _ A

T
r= Y = Wep f(Wear © 0’(wcl,tet)), (4.24)
t

where o is the Hadamard product, a.k.a. the element-wise product, and ¢”(-) is the first
order derivative of o(:).

Input layer

9
@ N, e

& - @—»@—‘> Analytical —»
* . /' Calculations

Hidden layer  Output layer

Figure 4.3: The architecture of the critic network, in which an ANN is utilized to approximate performance
function and then explicit analytical calculations are taken to compute first-order derivatives.
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Referring to the DTHJB equation (4.17), the approximation error of the performance
function produced by the critic network is given as:

et = jt—l —Cr-1— }/jt, (4.25)

and the approximation error of the derivative is given as:

(- —c_—j S acs— de;
2 ek et £ JO L S BV B (4.26)
derq der1  © derq

The second item on the right-hand side of Eq. (4.26) has an explicit calculation as follows:

act ou;_
1 - 2061 + 2L [R(tanh N (w-g 0 up ) o w)], (4.27)
der 1 des-q
where ‘;Z”l is derived by the actor network in the next subsection, and u;! stands for the

aet

element-wise inverse of the vector up. 57 in the last item in Eq. (4.26) is composed of two
parts [34, 59, 98]: one part is directly derlved from the incremental model (pathway 3.a),
whereas the other part starts from the incremental model and uses the control input u;_,
as the intermediate auxiliary (pathway 3.b):

0é

=L+F , ,+——G, . (4.28)
5€t-1 P 11,t 2 de e 1 11,t-2

N e’
pathway (3.a) pathway (3.5)

where Fy;, , € RP? is the upper-left partitioned matrix from F, , and G, , , € RP*™ is the
upper partitioned matrix from G,_,.

Accordingly, the overall error of the critic network combines two kinds of approximation
error as:

1 1
Eer= ﬁiegu +(1- ﬂ)ae;rz,[ecz,t, (4.29)

where f is a scalar within a range of [0, 1].
The weights of the critic network are updated by a gradient-descent algorithm with a
learning rate 5. to minimize the overall error E;:

oE
Wet+1 = Wet — He aWCt (4~30)
c,t
and
oF, oy 0E., 9l OF Y oA
c,t _ ]t ct t . Ac,t =ﬁ ] eclt (1 ﬁ) t ecz,t, (4'31)
oWt aWc,t c')], awc,t I OWe,t oW ¢

where aic,t/ W, is the second-order mixed gradient of j,, and the detailed explicit calcula-
tions can be found in [59].
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4.4.2 THE ACTOR NETWORK

The pathway 3.b needs to compute ‘;Zt’:ll , which cannot be calculated exactly. Conse-
quently, an actor network is introduced to produce the control input u; and to facilitate
backpropagation.

In this chapter, the output layer of the actor network employs a bounded element-wise
function as Eq. (4.16) to be the activation function, and is multiplied by the bound vector u,
so that the system control u; output of the actor network is bounded within the constraints,
as shown in Fig. 4.4. The actor network is also constructed as a single-hidden-layer
feedforward ANN:

up = up © Y(wiy ,0(way s€1)), (4.32)

where w1 ¢ and wg,; are weight matrices between different layers of the actor network.

Input layer Hidden layer ~ Output layer

Figure 4.4: The architecture of the actor network, in which the output is constrained by the bounded activation
function and the bound vector.

It is noted that the control input u; outputted by the actor network is directly introduced
to the IM and the real system, and that the actor network performs as a global approximation,

Quiy _ dup . . .
Get = G given the same actor weights. The actor network is supposed to approximate
tar

a target control input »;*] which is obtained by substituting 1, into Eq. (4.20) and then
Eq. (4.19) as follows:

SO

U™ = —u, o tanh(Dy_y), (4.33)

and v R

Dy = Euffl ° (R Gy y-po)- (4.34)
It can be seen that both the target control input u{*] and the real control input u; are
bounded by u,. Therefore, the actor network is aiming at minimizing the following error:

1
Eop = Ee;tea,t, (4.35)

where
eqr = U1 — U, (4.36)

As illustrated in Fig. 4.2, the actor weights are updated along the 4th pathway with a

learning rate n,:
(9Ea,t 6ut

Wat+1 = Wa,t — Na ow = Wat—Ha ow €a,t (4~37)
a,t a,t
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4.5 FL1IGHT CONTROL SIMULATION

In order to assess the performance of the developed novel IGDHP algorithm, the longitudinal
dynamics of a nonlinear aircraft [59, 78, 118] are taken into account. The initial altitude
and speed of the aircraft are set to be 15000 ft and 600 ft/s, respectively, based on which,
the aerodynamic model is trimmed. To simply and clearly compare different methods,
only short-period control is considered and the elevator deflection command is artificially
bounded within [-5 deg,5 deg]. The control system, discretized with a sampling frequency
of 100 Hz, targets for controlling the angle of attack (AOA) of the aircraft to track a
sinusoidal signal, namely o**f = 10sin(0.5¢) deg.

Zero-mean white noises with a standard deviation of 4x 1072 deg and 1.8 x 107> deg are
added onto the bounded elevator deflection command and measured AOA, respectively.
A 3211 disturbance signal is employed to kick off the learning at the beginning so as to
better satisfy the persistent excitation (PE) condition [59, 63]. Three methods are utilized
for comparison, namely GDHP with input constraints, IGDHP with input constraints, and
IGDHP without input constraints. All methods are implemented in the OPFB condition
with the sliding window width of 3. GDHP employs a model network with previous
states and control inputs as its inputs to approximate system dynamics, whereas IGDHP
approaches utilize an incremental model. All ANNs adopt the fully connected feed-forward
architecture with a single hidden layer. The number of hidden layer neurons is 10 for
the actor and critic networks and 20 for the model network. All weights are initialized
randomly within [-0.1,0.1] to decrease the impact of initialization. For IGDHP without
input constraints, the performance function is set to a quadratic form and the output layer
of the actor network employs a unit linear activation function. To compare the robustness
of these approaches, Monte Carlo simulations are also conducted, and the randomness
is introduced by aforementioned noises and initial weights. A concept of success ratio
[34, 39, 59] is introduced to indicate the performance. A successful implementation in this
chapter is defined by the tracking errors remaining within [-4 deg,4 deg] after the first 20
seconds. The simulations are carried out on an Intel Core i7-8550U @ 1.80 GHz processor,
and 8 GB RAM.

The comparison of AOA trajectories and tracking error is illustrated in Fig. 4.5. It can
be seen that although all methods can follow the reference after short online learning
stage, GDHP with input constraints takes more time to get satisfying performance and
the tracking error is the largest overall. The reason causing this phenomenon lies in that
GDHP utilizes a model network to identify the global system model which requires more
data to update weights. Without well-approximated dynamics, the control policy cannot
be appropriately generated, which in turn can have impacts on the identification of the
global model, i.e. Assumption 4.2 is not satisfied. A detailed view can be found in Fig. 4.6,
which shows the weights between the input layer and hidden layer of the actor network
wga1. The update of w,; requires information from the critic network, system dynamics
and actor network, and therefore the trajectory of wy; can be used to indicate the overall
learning performance. It is clearly shown in Fig. 4.6 that the learning of GDHP is slower
in comparison to the IGDHP methods, which results in a more conservative policy at the
beginning stage, as presented in Fig. 4.7. Furthermore, due to the inaccurate information
regarding system state transition, GDHP has the lowest success ratio for 1000 Monte Carlo
simulations, which is merely 46.4%, compared with 99.4% and 98.0% for IGDHP with and
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without input constraints, respectively.

As to IGDHP methods, after the weights have converged, both methods have a similar
tracking performance, which is better than that of GDHP. Nevertheless, the developed
IGDHP with input constraints has a slightly higher success ratio, and the benefit is brought
by the collective effect of the non-quadratic performance function and the bounded actor
network. With these measures, input constraints can be overcome. As shown in Fig. 4.6, it
is clear that the weight update of IGDHP without input constraints can be more radical
at the beginning when the policy has not converged yet. During this exploration stage,
IGDHP without input constraints performs similar to "bang-bang" control, with larger
control command that easily causes overshoot and oscillation. To further investigate the
influence of the measures to deal with input constraints, the policies directly produced
by the actor network are compared between the IGDHP methods with and without input
constraints. As presented in Fig. 4.8, given the random data of AOA and its reference
within the range of [-2 deg,2 deg], the methods can plot a mesh surface to illustrate their
learned policy at 8s. Compared to IGDHP with input constraints thus having a smooth
surface, IGDHP without input constraints has a sharper surface and tends to produce a
large control command. The learned policy of GDHP with input constraints is similar to
that of IGDHP with input constraints, and therefore its plot is omitted.

Tracking error

Angle of attack

a
e e T L e 8 ———
—15 -8
0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40
Time [s] Time [s]
--- Reference - GDHP with input constraints IGDHP with input constraints —-— IGDHP without input constraints

Figure 4.5: The tracking performance of the online AOA tracking control task. Three methods are compared and
IGDHP with input constraints is the contribution of this chapter.

s GDHP with input constraints 6 IGDHP with input constraints 6 IGDHP without input constraints
4 4 4
2 2 2 :
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Time [s] Time [s] Time [s]

Figure 4.6: The weights between the input layer and hidden layer of the actor network, wg;. The plots of three
approaches are presented, and the middle one refers to the proposed approach which is the contribution of this
chapter.

To further verify the robustness of the designed control approach when tracking
fast-varying reference signals, a simulation experiment in which the frequency of the
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GDHP with input constraints 6 IGDHP with input constraints 6 IGDHP without input constraints
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--= Input constraints =~ —— Deflection command of elevator

Figure 4.7: The deflection command of the elevator. The plots of three approaches are presented, and the middle
one refers to the proposed approach which is the contribution of this chapter.

Random initial policy IGDHP with input constraints IGDHP without input constraints

Figure 4.8: The change of the policy directly produced by the actor network from the initial stage to 8 s. The
first subfigure is the random initial policy, and the middle subfigure refers to the proposed approach which is the
contribution of this chapter.

reference signal keeps increasing is performed. The initial reference frequency is the same
as the one in the above simulation experiments, and the control input is bounded within
[-25 deg, 25 deg]. As illustrated in Fig. 4.9, after the initial exploration stage, the controlled
AOA can track the given reference signal when it is slow-varying, and the tracking error is
growing as the reference frequency is increasing. Specifically, when the reference frequency
is around 5.3 times of the initial value, the tracking error for the first time exceeds 2 deg,
and when the reference frequency is near 7.0 times of the initial value, the tracking error
starts exceeding 4 deg. The results clarify the significance of Assumption 4.3 to a certain
extent. Besides, it is noted that at the final stage of the simulation, the control input comes
close to the input constraints but does not exceed the bound. Due to the existence of input
constraints, when the reference frequency is too high, the aircraft cannot successfully
complete the tracking task and the tracking error is large. Nevertheless, the simulation
results demonstrate the developed IGDHP with input constraints is robust to the reference
signal within a range of frequencies.
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Figure 4.9: The tracking performance of the developed IGDHP with input constraints when tracking a reference
signal with its frequency keeping increasing.

4.6 CONCLUSIONS

This chapter improves the current incremental model-based global dual heuristic program-
ming (IGDHP) method for more complex application scenarios, including dealing with
output feedback (OPFB) and input constraints. Different from the GDHP method that uti-
lizes a neural network to identify the global system dynamics, the developed novel IGDHP
method exploits an extended incremental model to approximate locally linear system dy-
namics via the previous input/output data at several previous time instants. The numerical
simulation shows that the developed novel IGDHP method outperforms GDHP in the
convergent speed of parameters, tracking precision, and success ratio. Moreover, the input
saturation constraint is overcome by combining a non-quadratic performance function and
bound activation function in the output layer of the actor network. The original IGDHP
method employs a quadratic performance function and unit linear activation function, and
compared to it, the developed novel IGDHP method has a smoother policy surface and
slightly higher success ratio. In addition, through a simulation experiment, the robustness
of the developed IGDHP with input constraints is verified for reference signals with a
range of frequencies. The simulation results collectively demonstrate the effectiveness and
the feasibility of the proposed method. Further research on better satisfying the persistent
excitation (PE) condition so as to achieve a non-failure control is recommended.
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Event-Triggered Constrained Control Using Explainable Global Dual Heuristic Pro-
gramming for Nonlinear Discrete-Time Systems

In previous chapters, a novel global dual heuristic programming (GDHP) algorithm is developed
with explicit analytical calculations to synthesize and improve current online adaptive critic
designs (ACDs). This chapter will simplify these calculations by eliminating matrix dimension-
ality transformations, and propose the concept of explainable GDHP (XGDHP). In Chapter 4,
symmetric input constraints were addressed by the combination of the non-quadratic cost
function and the bounding layer of the actor network. This chapter will for the time overcome
the asymmetric control input constraints for zero-equilibrium-point stabilization problems by
involving a novel segmented utility function. Furthermore, to answer research sub-question
3, an event-triggered control (ETC) scheme will be introduced. The triggering condition will
be derived and proved to be able to guarantee the input-to-state stability and asymptotic
stability of the ETC system. The mechanism of multiple iterations at one time instant will be
introduced to enhance the system stability using XGDHP. Finally, numerical simulations on
two general nonlinear systems will be conducted to demonstrate the comparable performance
of event-triggered XGDHP with the time-based approach.

This chapter is based on the following article:

B. Sun and E. van Kampen, "Event-Triggered Constrained Control Using Explainable Global Dual Heuris-
tic Programming for Nonlinear Discrete-Time Systems", Neurocomputing, vol. 468, pp. 452-463, 2022. Doi:
10.1016/j.neucom.2021.10.046 [119].
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ABSTRACT

This chapter develops an event-triggered optimal control method that can deal with asym-
metric input constraints for nonlinear discrete-time systems. The implementation is based
on an explainable global dual heuristic programming (XGDHP) technique. Different from
traditional GDHP, the required derivatives of the cost function in the proposed method
are computed by explicit analytical calculations, which makes XGDHP more explainable.
Besides, the challenge caused by the input constraints is overcome by the combination of a
piece-wise utility function and a bounding layer of the actor network. Furthermore, an
event-triggered mechanism is introduced to decrease the amount of computation, and the
stability analysis is provided with fewer assumptions compared to most existing studies that
investigate event-triggered discrete-time control using adaptive dynamic programming.
Two simulation studies are carried out to demonstrate the applicability of the constructed
approach. The results present that the developed event-triggered XGDHP algorithm can
substantially reduce the computational load, while maintaining comparable performance
with the time-based approach.

5.1 INTRODUCTION

Optimality is one of the most significant properties of a control system. The optimal control
problem can be solved using the Hamilton-Jacobi-Bellman (HJB) equation. However, until
now, there is no effective way to analytically solve the HJB equation for nonlinear systems
[120, 121]. Nevertheless, adaptive dynamic programming (ADP) offers a promising tool to
attain satisfying numerical solutions by incorporating artificial neural networks (ANNs),
which has been applied to a wide range of nonlinear industrial applications [50, 59, 122-
124]. As a branch of reinforcement learning (RL), ADP approximately addresses optimal
control problems by iterations between policy improvement and policy evaluation [16, 125].
When dealing with the discrete-time (DT) optimal control problem, obtaining the current
control policy usually relies on the control performance at the next time step [16, 50]. This
bootstrapping property [16] can be addressed by the actor-critic scheme using two separate
ANN s that respectively improves and evaluates the policy.

When multiple ANNSs are involved, ADP is often called adaptive critic design (ACD)
[50]. Based on the information utilized by the critic network, ACDs can be categorized
into heuristic dynamic programming (HDP), dual HDP (DHP), and global DHP (GDHP)
[50, 59]. GDHP combines the information of cost function and its derivatives, and recently
has attained much attention [59, 69, 80, 99]. The most common architecture of GDHP is the
straightforward form that approximates the cost function and its derivatives simultaneously
[69, 99]. However, as claimed in [59], in this structure two kinds of outputs of the critic
network share the same input and hidden layers, making them strongly coupled. Without
analytical calculations, the approximated cost function and its derivatives can suffer from
inconsistent errors. With the development of artificial intelligence (Al), there is an emerging
need for understanding how strategies are made by Al methods, which arouses explainable
Al (XAI) [126]. Following this idea, [59] introduces explicit analytical calculations to the
GDHP technique, which makes it more explainable to designers because the approximate
cost derivatives are explicitly computed from the approximate cost function. This explain-
able GDHP (XGDHP) algorithm has shown its applicability in aerospace control systems
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[59, 80, 111]. However, matrix dimensionality transformations, a.k.a. tensor operations,
are involved in these studies, making them complicated to implement.

Besides, in practical applications, due to physical limitations or safety considerations,
handling input constraints is a common demand for control systems [127]. A classic
approach is to design a non-quadratic cost function, such that the control inputs obtained
by solving the HJB equation are limited by a symmetric bounded function [91]. However,
although there are many researches aiming at dealing with symmetric input constraints
in nonlinear optimal control problems [80, 91, 127-129], little attention has been paid to
the situation subject to asymmetric input constraints. Motivated by the industrial need,
Yang et al [130] managed to cope with the asymmetric input constraints by adjusting the
cost function with the mean and range of the control input constraints. However, there
are two limitations in their proposed method: 1) when the system states go to zero, the
control inputs are still non-zero values, specifically, the mean values of the constraint
range; 2) when the control inputs go to zero, the cost caused by the control inputs is not
zero. Consequently, this approach is not applicable to the stabilization problem with an
origin equilibrium point, which inspires our study.

Furthermore, in order to maintain the system stability, a significant number of itera-
tions within a sampling interval are normally required for ACDs, which result in a high
computational cost [131]. To enhance resource utilization and reduce the computational
burden, event-triggered control (ETC) has evolved as an alternate control paradigm and
acquired more attention in recent days [121, 131]. ETC is originally proposed in the net-
worked system to deal with the limitation of communication bandwidth [56, 132-134].
These researches target solving communication issues such as synchronization, time delays
and disturbances, rather than pursuing optimality or tackling control input constraints. A
cross-fertilization of ETC and ACD leads to the event-triggered ACD that targets solving
optimal control problems in an event-driven manner [121, 125]. Most event-triggered
studies focus on continuous-time systems [135-137] and only a few articles discuss the DT
system. The HDP algorithm is combined with the ETC in [131, 138-140] and [121, 129]
describe the event-triggered DHP algorithm. Although [69] applies the event-triggered
GDHP algorithm to a network control scenario, till now there is no related research on
event-triggered XGDHP. Among them, only [129] attempts to deal with symmetric input
constraints merely using the non-quadratic cost function, which however is not rigorous
because the control input is directly generated by the actor network that is not bounded.
Furthermore, the essence of the ETC scheme lies in that a task is executed only if a prede-
fined triggered condition is satisfied. Therefore, defining a sound triggering condition is
always the primary task for the ETC scheme. For the nonaffine system, the same triggering
condition is employed in [69, 121, 129, 138] and among them [121, 129, 138] provide the
stability analysis regarding the triggering condition. However, in [121] an extra assumption
that the state norm is bounded by the supremum of control input norm is required, whereas
in [129, 138] the input-to-state stability (ISS) Lyapunov function is directly assumed to
exist without pointing out its specific form and additional hyperparameters are involved in
[129]. These limitations prevent the proposed triggering condition from wider applications.

Motivated to tackle the limitations existing in the literature, we conduct this research
by concentrating on the event-triggered XGDHP algorithm subject to asymmetric input
constraints. The contributions are summarized as follows:
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1. XGDHP is developed to solve optimal control problems online. Compared to [59], the
XGDHP approach developed in this chapter simplifies the calculation by eliminating
matrix dimensionality transformations.

2. To the best of our knowledge, it is the first time that the asymmetric control input
constraints are overcome for zero-equilibrium-point stabilization problems. The
combination of a novel segmented utility function and the bounding layer of the
actor network guarantees strictly bounded inputs without affecting stability.

3. An event-triggered mechanism is introduced to save computational and communi-
cation load. It is the first time that ETC has been combined with XGDHP for DT
systems. Compared to existing literature, fewer assumptions are required to guar-
antee the stability of the triggering condition and a more specific proof is provided,
which demonstrates the advantage for wider applications.

The remainder of this chapter is organized as follows: Section 5.2 states the event-
triggered optimal control problem with asymmetric input constraints for the general
nonlinear DT system. The triggering condition and the stability analysis of the system
are provided in Section 5.3. Section 5.4 introduces the iterative XGDHP algorithm with
the facilitation of three ANNs. The simulation verification is presented in Section 5.5 by
applying the proposed approach to two nonlinear DT systems and Section 5.6 summarizes
this chapter and discusses further research.

5.2 PROBLEM DESCRIPTION

Consider a general nonlinear DT system described by:
xe1 = f(x,we), t €N, (5.1)

where t denotes the time instant, x; € Q < R" is the state vector, and u; € Q, is the control
input vector. Q, = {u|u € R™, Unin < Ui < Umax, i = 1,...,m}, with upin < 0 and upax > 0
denoting the minimum and maximum constraint of u;, respectively. |umin| # |Umax|, i-€., the
input constraints are asymmetric.

Assumption 5.1. System (5.1) is controllable and observable. f : R"xR™ — R" is a Lipschitz
continuous function and assumed unknown. The origin x; = 0 is the unique equilibrium point
of the system (5.1) under u, i.e., f(0,0) = 0.

Assumption 5.1 implies that there exists a continuous state feedback control policy
u = p(xy), g © Q — Q, that can stabilize system (5.1) to the equilibrium point.

Considering the event-triggered scheme, we define a sequence of triggering instants
{sk}5sg> with si satisfying s; < si.1, kK € N. The control input is only updated at the
triggering instant when a certain triggering condition is satisfied, and remains constant
during the time interval [ s, si+1) by involving a zero-order hold (ZOH) [138, 139]. Therefore,
a gap function can be defined using the event error:

€ = xsk - X[,Vt € [skask+l)’ (52)
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where x; is the current state and x;, is the triggering state held by the ZOH. Subsequently,
the feedback control policy can be represented as:

up = pi(xg,) = ple + xp). (5.3)

Accordingly, system (5.1) takes the form:

Xee1 = f (e, pi(er + x¢)). (5.4)

Considering the characteristics of system (5.4), we introduce a discounted cost formu-
lated as: -
JGe) = Y v UG (), (5.5)
I=t
where y € (0,1] is the discount factor, and U(x;, u(xs,)) is the utility function. For the
regulation task, U(x;, p(x;,)) is supposed to satisfy U(x, ) = 0 and U(0,0) = 0. Therefore,
we define U(x;, pi(x,,)) as followings:

U(xts/l(xsk)) = x;ert + Y()u(xsk))> (5.6)

where Q € R™" is a symmetrical positive definite matrix, and Y(u(x,,)) is a positive semi-
definite function that satisfies Y (u(x;,)) = 0.

Remark 5.1. The discount factor y indicates the extent to which the short-term cost or
long-term cost is concerned [59, 80]. For the regulation task, given Assumption 5.1, y < 1
can hold because of the origin equilibrium point, whereas for tasks where the equilibrium
point is not the origin, y < 1 must be satisfied to guarantee the cost function is finite
[114, 141].

The input constraints are asymmetric, which cannot be handled by the integrand
function utilized in [91, 93, 127], and for the regulation task, the modified function proposed
in [130] is not applicable. Inspired by these studies, we design Y(u(x;,))) as the following
novel piece-wise integrand function:

.u(xsk)
ZumaX/ tanh’T(v/umaX)Rdv, p(xg,) > 0,
0

y = (5.7)

p(xsy.) -
2|umm|/ tanh™" (v/|umin)Rdv, pi(x5,) < 0,
0

where tanh™T(-) stands for (tanh™'(-))", and tanh™!(-) is the inverse function of the hyper-
bolic tangent function tanh(-), both of which are monotonic odd. R = diag([r1,--,7rm]) €
R™™ is a positive definite weight matrix, where diag(-) reshapes the vector to a diag-
onal matrix. It is worth mentioning that although Y(u(x;,)) is piece-wise, it is at least
second-order continuous with respect to pi(x,, ), and that only when p(x;, ) = 0, Y (p(x,)) = 0.

Our target is to search for a feedback control law y to minimize the designed discounted
cost function (5.5). On the basis of Bellman’s principle of optimality [27], the optimal cost
function J*(x;) conforms to the DTHJB equation:

J () = }Ill(rlin){ Uz, pxsy ) + y T (xe41) - (5.8)
Ksk
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The optimal control law pi*(x,,) at time instant ¢ is accordingly defined as:

W(xg,) = arg ;&in){ U(xp, p(xs)) + v (xee1) } (5.9)

It is worth mentioning that y"(x;, ) is the optimal feedback control law for the sampled
state x,, at the triggering instant s, instead of the current state x;. To obtain appropriate
triggering instants for system (5.4), we define a triggering condition as follows:

lletll > erhr. (5.10)

where ery, is the threshold to be determined. Therefore, it is a primary task for event-
triggered control to design a sound threshold, which will be discussed in the next section.

5.3 EVENT-TRIGGERED SYSTEM ANALYSIS
In this section, the triggering condition for the DT system is developed and the ISS analysis
is carried out. First of all, the following assumption is necessary [121, 138]:

Assumption 5.2. For system (5.4), there exists a positive constant C € (0,0.5) guaranteeing
the following equation:
Ilf (e, e + x2))l| < Clixael [+ Clled]l, (5.11)

and ||e¢|| satisfies ||e;|| < ||x¢]|-
Lemma 5.1. If Assumption 5.2 holds, the triggering condition can be defined as follows:

1-(2C)"%

e =C
led > emme = €= =5

[l ]I (5.12)

Proof. Regard si as the last triggered instant. According to Assumption 5.2, for each
t € [k, Sk+1), We have:
letstll = [, = 1]l ol (5.13)

Substituting Eq. (5.11) into Eq. (5.13) yields:
llezsall = Clixel| + Cllex]. (5.14)
With Eq. (5.2), Eq. (5.14) can be rewritten as:
lless1]l = 2C][ef]| + Cllxs, |- (5.15)
Therefore, by conducting back-forward recursion, we obtain the following inequality:

lleell = 2Cllee-1][+ Cllxs, ||+ = (20) " *|Jese ||+ (2C) 7 Cllatg || + -+« + 2C) Cllxy || + Cllacs .

(5.16)
By solving Eq. (5.16) with initial condition e, = 0, we attain:
1-(2C)" %
leell < C—— 7 llxs.ll (5.17)

If Eq. (5.17) is violated, i.e., Eq. (5.12) is satisfied, the event is triggered. This completes the
proof. 0
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It is noted that the threshold value ery, is not unique since it is influenced by the
triggered state x;, and the designed constant C that is usually chosen experimentally.
Subsequently, inspired by [140], we proceed to prove the system (5.4) is asymptotically
stable under the triggering condition (5.12).

Definition 5.1. [121] A continuous function V : R" — R, is called an ISS Lyapunov
function for the system (5.4), if there exist Ko functions ¢, &, and a3, and a K function p,
such that:

ar(||xe|) = V() = x| xe]), (5.18)
V(f (xp, pler + x1))) = V() = —as(||x:]]) + p(l[ex]]), (5.19)
hold for all x; € R™ and e; € R™.

Theorem 5.1. With Assumption 5.2 and the triggering condition (5.12), the event-triggered
system is input-to-state stable and is asymptotically stable.

Proof. The following proof only takes the situation that the event is not triggered at the
time instant ¢ + 1 into consideration, because when the event is triggered, the control input
will be updated, and it will be equivalent to the time-based control at ¢ + 1. According to
the optimal control theory, stability can be guaranteed at this single instant.

We firstly define a Lyapunov function as follows:

V(xr) = x; Qxe + Y(p(xe)). (5.20)

Then, we define a series of functions as follows:

ar(llxell) = x] Quace + Y (u(acr)), (5.21)
a(llxll) = x] Qoo + Y (u(axr)), (5.22)
as([lxl)) = [lgl*(1 - 2C%)||x |, (5.23)

plled]) = 2C?||ql*le:] . (5.24)

where Q; and Q, can be selected to satisfy Eq. (5.18), and the vector g in Egs. (5.23) and
(5.24) can be determined from Eq. (5.6) as Q = qq". Therefore, x Ox; = x] qq" x = ||x" q||*.
Subsequently, the proof is conducted by presenting that Eq. (5.20) is an ISS Lyapunov
function and it is non-increasing, i.e., AV = V(x¢1) - V(x;) < 0.
For all t € [sg, Sk+1), according to the ETC mechanism, p(x;.1) = p(x;) = p(xy, ), and
therefore, we have

AV = x] Oy + Y(p(xe1)) - (x] Qo + Y(p(xr)) = x4 Opa1 — %] O, (5.25)
Substituting Eq. (5.11) into Eq. (5.25) yields:
AV < [lglP((Clixil| + Clledl)? = llx|*). (5.26)
According to the Cauchy-Schwarz inequality, Eq. (5.26) becomes:

AV =]|qlPC% ||l +2C7leq* = [1x:]*)
=(2C* = D)llglPllxell” +2C?lg| eI (5.27)
== as({[xt][) + p(llexl))-




90 5 EVENT-TRIGGERED CONSTRAINED CONTROL USING XGDHP FOR DISCRETE-TIME SYSTEMS

Consequently, referring to Definition 5.1, Eq. (5.20) is an ISS Lyapunov function. According
to [121, 129], a system is input-to-state stable if it admits a smooth ISS Lyapunov function.
Then, considering Egs. (5.2) and (5.17), Eq. (5.27) continues as:

AV <(4C* - 1)llq|*llec]l* + 2C* = D) gl s, |
1-(20)"%*
1-2C

(5.28)

<|@ct-1)c +(2C% = 1) llqlPllx |7,

Since C < 0.5 and 4C% -1 = (2C - 1)(2C + 1), the last inequality in Eq. (5.28) can be
rewritten as:

AV = ~[(2C +1)C(1 - (2C)"%) + (1 - 2C?)]||ql*||x5, I = O, (5.29)

where AV =0 if and only if ||x;, || = 0, which implies that the system has been stabilized
since the time instant s.

Overall, we can conclude that the event-triggered system (5.4) is input-to-state stable
and is asymptotically stable with the triggering condition (5.12), which completes the
proof. O

Remark 5.2. The triggering condition (5.12) has the same form as that in some existing
literature [69, 121, 129, 138]. Nevertheless, different from them, fewer assumptions are
required to guarantee asymptotic stability. Furthermore, [129, 138] assume the existence of
an ISS Lyapunov function without providing its specific formula, whereas in this chapter
the ISS Lyapunov function is specifically defined by Egs. (5.20) - (5.24).

The simple diagram of the ETC scheme is illustrated in Fig. 5.1. Only when an event is
triggered, will the XGDHP algorithm be activated and the control input be updated. In the
next section, the detailed implementation of the XGDHP algorithm will be presented.

ii@sy,) | iilzt) | o
XGDHP
D Update B

Figure 5.1: Simple diagram of the ETC scheme incorporating the XGDHP algorithm.

5.4 EVENT-TRIGGERED ITERATIVE ACD wiTH XGDHP

In this section, according to the universal approximation property of ANNs [131], we first
construct a model network, represented by subscript m, to identify the system dynamics.
Then, the event-triggered iterative adaptive critic algorithm is introduced, and the actor
and critic networks, respectively represented by subscript a and c, are built to facilitate
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the implementation. The XGDHP technique is developed based on explicit analytical
computations in the critic network, and the asymmetric input constraints are addressed by
modifying the output layer of the actor network.

All ANNSs are constructed with the full-connected feed-forward architecture, and their
hidden layers respectively has I, I, and I, neurons, all of which adopt a sigmoid function
as the activation function:

1-e

—_—, 5.30
1+e 7 ( )

o(r) =
whose derivative is ¢’(7) = 0.5(1 - (¢(1))?).

5.4.1 THE MODEL NETWORK

Since the system dynamics is unknown, a model network is built and trained in advance
before implementing the XGDHP technique. The model network is constructed offline to
identify the dynamics and predict the next state as follows:

Xt
Ut

Wml,x

Xpe1 = W,Tnzcr( )+ Emts (5.31)

Wmi,u

in which wp, € IRI'"X”,wml,x € R™Im and Wimiu € R™Im are ideal weight matrices of the
model network, and ¢, ; € R" is the reconstruction error. Subsequently, by defining wp,; =

[(Whix Wil > the identification scheme is described as:

X1 = Wi oWy [, 4l 17), (5.32)

where X;.+1, Wm1, and wy,; are the estimations of xy.1, Wp1, and wy,s, respectively.
The model network is supposed to minimize the identification error Xp s+1 = Xt41 — Xp+1,
and therefore the target performance measure is defined as:

1. -
Em,t = Exm,tﬂxm,tﬂ. (533)

The weight tuning law is designed to obey a gradient-descent algorithm:

0%¢i1 OEm;
OWma,t OXpe1’
0Xte1 OEp;
OWmt,t OXpe1

AWpyp = —Hm
(5.34)

AWy = —m

where 1, > 0 is the learning rate, and Awy,; and Aw,,; are the differences of two subsequent
updating steps.

After a sufficient training session, the model network can achieve a satisfying precision,
with the weight matrix converging to a constant value. It is important to note that after
training, the model weight matrix is kept unchanged for controller design. With the model
network, the necessary partial derivative information can be obtained for training critic
and actor networks.
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Considering the event-triggered framework, by replacing u; with p(x;, ) in Eq. (5.32)
and taking the partial derivative with respect to x; and u(x;, ), respectively, we get:

ox . . .
o = Wm0 Gy [ ()T © ), (5:35)
t
0% t41 - AT T T T A
aﬂ(xsk) = Wml,u(oj(wml [xt SH (xsk)] )Q sz)- (5~36>

By denoting F; = 9%},,/0x; and G, = 9X},,/d(x;, ), we can approximate Eq. (5.4) as a new
affine system:

Kpa1 = Frx + Gepa(x,). (5.37)
With Eq. (5.37), the optimal event-triggered control law yi"(x,, ) can accordingly be approxi-
mated as: R

7 (x5.) = $(D"(x5,))s (5.38)

where ¢(-) is a one-to-one piece-wise function defined as:

Umax tanh(7/umax), 7 >0,
$(7) = (5.39)
|tmin| tanh(z/tyin), 7 <0,
and b*(xsk) is described by:
D'(xy,) = _gR-IGSTki*(}eSM), (5.40)

in which i*(ﬁskﬂ) = 8]A*(3?sk+1)/8325k+1 is the costate function. It can be found that ¢(-) is at
least second-order continuous. Accordingly, the approximate DTHJB equation takes the
form:

TG = U fi'(x5.)) + v (Foxe + Goft' (x,)- (5.41)

5.4.2 ITERATIVE ADAPTIVE CRITIC ALGORITHM

Through Egs. (5.38) and (5.41), it can be found that the computation of j*(xt) and /1" (x, )
requires the future information. Clearly, although the system dynamics has been identified,
this bootstrapping phenomenon [16] makes it intractable or impossible to obtain the ana-
lytical solution of the DTHJB equation for nonlinear systems. Consequently, we introduce
an iterative adaptive critic algorithm with the XGDHP technique to iteratively solve it.

The procedure of the DT iterative adaptive critic algorithm is briefly depicted in Al-
gorithm 5.1, where by > 0 is a designed threshold and i € N denotes the iteration index.
It is worth mentioning that only the situation that ||e/|| > ||ern||, i-e., t = sk, is considered,
because the control input is updated only at the triggered instant. The main idea is to
construct two iterative sequences {J' (i)(xsk)} and { y(i)(xsk)} to perform the value iteration
process so as to achieve approximately optimal values [16, 121].

The convergence analysis of the DT iterative adaptive critic algorithm has been carried
outin [27, 128, 142] and thus is omitted here. The core procedure is to prove that {J (i)(xsk)}
is a non-decreasing sequence with an upper bound by, i.e.,

](0)(.) S](1)(.) <. S](°<’)(.) < by. (5.44)
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Algorithm 5.1: Iterative Adaptive Critic Algorithm

1 Initialization: Choose baj, and set i = 0 and ](O)(-) =0;
while [](i*l)(xsk) —](i*l)(xsk)| > byy do
3 compute the iterative control input as

N

P (xg,) = arg min (U (x;) + T (1)} = (DD (x,) (5.42)
Sk

4 update the iterative cost function as

](i+1)(x5k) _ rgm){ U(xsk,y(i)(XSk)) + )/](i)(}ACska-l)}
(s (5.43)

= U(xsk’)u(i)(xsk )) + y](l)(FSk xsk + Gskﬂ(xsk));

5 i=i+1;
¢ end
7 Results: Obtain the near optimal control law /I (x;, ).

Accordingly, we can further derive that the iteration between the sequences (5.42) and
(5.43) guarantees the convergence to the optimal values for both sequences, i.e., J (’)(xsk)

— J®(xy,) = J(x5,) and g (xg,) — ' (x5,) as i — oo [121, 143].

Remark 5.3. Since ](i)(xsk) —>j*(xsk) asi— oo, by denoting A(i)(xsk) = 6](i)(xsk)/8xsk, we can
conclude that the costate function sequence {A(’)(xsk)} is also convergent with A(‘)(xsk) —
X(xs,) as i — oo. Nevertheless, in practical implementation, the satisfying convergent
results can already be observed when the iteration index i is sufficiently large, rather than
infinite.

Subsequently, for carrying out the iterative adaptive critic algorithm, the actor and
critic networks are constructed to respectively approximate the control law and the cost
function in the following subsections. The derivation presents the calculations in one
iteration step and therefore the superscript is omitted for simplicity.

5.4.3 THE ACTOR NETWORK
For building a direct differentiable mapping from the state to the control input, the actor
network is constructed, whose output is directly introduced to the model network and the
real system. Inspired by [80, 111, 114], to guarantee the asymmetric input constraints, a
bounding layer is connected to the original output layer of the three-layer network. In this
bounding layer, the aforementioned function ¢(-) that is defined in Eq. (5.39) is adopted as
the activation function. Figure 5.2 illustrates the architecture of the actor network, and its
output is presented as:

fi(xs) = P(Wip0 (W X5,)), (5.45)

where w,; € R™4 and w,; € R*™ are the estimations of the ideal weight matrices wy; €
R™la and wy, € Rla*m, respectively.
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Input Hidden Output  Bounding
layer layer layer layer

Figure 5.2: The structure of the actor network, where the input layer and the output layer employ a unit-proportion
linear activation function, while the hidden layer and the bounding layer exploit aforementioned o(-) and ¢(-) as
their activation functions, respectively.

Based on Egs. (5.42) and (5.45), the performance to be minimized for the actor network
can be defined as:

Eos = %[ﬁ(xsk) — s )T [AGes) = plxs,)]. (5.46)

Similarly, with a learning rate n, > 0, the weight matrices are updated by:

Ofi(xs,) OEqs,
OWaz Ofi(xs,)’
Ofi(xs,) OEqs,
OWar Ofi(xs,)

AWgy = —Ha

(5.47)
AWg = —Ha

Remark 5.4. The combination of the segmented utility function and the bounding layer
of the actor network is one of the highlights of this chapter. With the segmented utility
function, a target policy within the designed asymmetric range is provided to the actor
network to learn. Besides, the bounding layer is necessary because the signal /i(x,, ), which
is an output of the actor network, is directly utilized to control the system.

5.4.4 THE CRITIC NETWORK
For the conventional GDHP technique, the critic network outputs the approximation of
cost function and its derivatives simultaneously [69, 99], whose description is as follows:

A

J(xsk)

Axs,)

N T
We2,J AT
Wcz,)t] o (wgXs, ), (5.48)

where Wwe; € R™k, e, JE Rk, and Wea,) € Rkxn respectively denotes the estimation of the
ideal weights w,; € R™k g, J € Rk, and Wea,) € RE*". However, due to the inevitable
approximation error, J (x5,) and /Al(xsk) approximated in this way cannot exactly provide the
derivative relationship, which is called suffering from the inconsistency error [59].
Therefore, inspired by [59, 80], a novel XGDHP technique that takes advantage of
explicit analytical calculations is developed, with the critic network only approximating
the cost function as follows: R
J(xs) = wep o (W1 xs,), (5.49)
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where W, € R is the estimation of the ideal weight matrix w,; € R*. By taking the explicit
analytical calculations, we obtain A(x,,) as:
_ aJ (xsk)

A(xsk) = Tox = Wer(Wez © Gl(w;rlxsk))’ (5.50)
Sk

where o is the Hadamard product.
XGDHP makes use of the cost function and its derivative information, so recalling
Eq. (5.43), the critic network is expected to minimize the following performance measure:

ety = J (%) = Ul fils)) = Y (Ron), (5.51)
Of (x5) - Ul filxs)) = 1J (Rsy
Cery, = U (xs,) (xskai’c(sxsk)) yJ (%, 1)], (5.52)
%
1, 1,
Ec,sk :ﬂgecl,sk + (1 _,B)Eecz,gk €c2,5> (553)

where f is a scalar within a range of [0,1]. If § = 1, it becomes pure HDP, whereas if = 0,
then the weight matrix is tuned merely based on the computed derivatives i(xsk), and
consequently it is equivalent to DHP [80].

Different from [69, 121], we also take the partial derivative of /i(x, ) with respect to x;,
into consideration in the critic network updating procedure for more precise calculations.
According to the chain rule, Eq. (5.52) can further be derived as:

aﬁ(xsk) aY(ﬁ(xsk)) _ (afskﬂ . aﬁ(xsk) afskﬂ
oxg,  If(xg,) ox;, oxg,  Ofi(xs,)

ecrs, = Axg) — 20%;, - ) Mxse1) (5.54)
where 9ji(x;, )/0x,, is computed with the facilitation of the actor network, while 9x;, ,1/9x;,
and 09Xy, .1/9fi(xy, ) are computed through the model network.

Given a learning rate 7, > 0, the weight updating algorithm is conducted by:

N OE. N OE.
AWz = e —5, Mgy = —ne——, 5.55
2 e E c1 Ne e ( )
and . X
JE.. aJ(xs,) IA(xs,)
a‘;Sk :;B aWSk €15 T (1 - /B)Ws’(ecz,s,@
c2 ) c2 9 c2 (5.56)
OE. s, a](xsk) a/l(xsk)
X = —"e +(1- — € >
OWe1 OWe1 b5k ( ﬁ) OWe1 &%k

where 8;1(xsk )/dweo and ai(xsk)/ 9w, are the second-order mixed gradients of the cost func-
tion j (%5,). To compute 8;1(xsk)/awcz and 8;1(xsk)/8ﬁlcl, Kronecker product and thus tensor
operations are involved in [59, 80, 111], which result in the need for matrix dimensionality
transformation. In this chapter, we develop a simpler computation method as follows:

(x5, ) )
= * €c2,5; =(W2—1ec2,sk) o O—,(WLxsk),
awcz
OA(xs,)

OWe1

(5.57)

« ~T T AT . ~T AT T
€c2,s; =€c2,sk(Wc2 o O'/(Wclxsk ) xsk(Wc1xsk © We2 © U(desk) < O'I(Wc1xsk)) .
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Through mathematical derivation, it can be found that Eq. (5.57) is equivalent to the method
proposed in [59].

The closed-loop stability and the convergence of weights of ANNSs can be found in [138].
Note that the weights between the input layer and the hidden layer of these networks are
also updated, which is the same as in [69, 99, 114, 121, 129] but different from [138, 139]
where they are fixed after the initialization. Nevertheless, the update behaviours in these
methods obey the same gradient descent logic and similar rules. The update is proved
successful through the simulation studies in this chapter and others [69, 99, 114, 121, 129].
In practice, one can manually set a constraint for the weights to guarantee boundedness
and safety.

Overall, the structural diagram of the present XGDHP implementation is depicted in
Fig. 5.3 to clarify the design procedure, where DER is given by:

33%3“1 a,ﬁ(xsk) afcskﬁ-l

DER = —stl (5.58)
ox;, oxs,  Ofi(xs,)
€c2,s), I It H
n €cl,sp, H .. H
x P X v | Explicit . H
%k 'I:lctr;;l'ck —>»J (a:sk )—E) Analytical —))\(.’Bsk)
‘:/ chwor ' [Calculations
K U (z,, i(zs,))

Oz,
U(zs,, (zs,))

Ty, Model islﬁrl\ Critic N Expligit /4
> Network > Network —>»J (xsk+1 ) > Analytlf:al _>)\($sk+1 )
Calculations
A
ﬂ(msk ) ~ /J’(zsk ) Compute Target
A TN Control Using (42)
T/ Signal Line
L, ) Agtor " | ------- »  Back-propagation Path
o Network ———>  Weight Transmission

Figure 5.3: Structural diagram of the developed XGDHP algorithm.

5.5 SIMULATION STUDIES

In this section, two simulation studies are carried out to illustrate the feasibility of the
developed approach and compare the performance of the event-triggered XGDHP with the
time-based approach.

5.5.1 ExaAMPLE 1
Consider the following nonlinear affine mass-spring system [128]:

{xl,m = xl,t + O.OSXZJ, (5 59)

Xg141 = =0.0005x1 ¢ — 0.0335%; , + Xp.¢ +0.05uy,
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where x; = [xl,[,ngt]T €cR?and u; € Q, = {us|us € R,-0.5 < u; < 0.2}. The parameters in
the utility function are selected as Q = I, and R = 1, and the forgetting factor is chosen as
y = 0.995.

In what follows, we perform the proposed event-triggered XGDHP algorithm with the
facilitation of ANNs. All ANNSs are constructed with 8 hidden neurons, i.e., [, = . = [, = 8.
Their weight matrices between the input layer and the hidden layer are initialized within
[-1,1], and the weights between the hidden layer and the output layer are randomly
initialized with the uniform distribution within [-0.01,0.01]. The initial weights of the
actor and the critic networks utilized to present results are provided in Appendix 5.A. The
learning rates are experimentally set as 1, = 5. = 4 = 0.01.

First of all, we employ 500 data samples to train the model network for 500 times, and
then utilize another 500 data samples for testing. The identification errors of the model
network of testing samples are illustrated in Fig. 5.4, from which, we can see that the mean
sum of squares of the identification errors is below 1.4 x 1073, Therefore, we can say that
the model network with high accuracy has been obtained. After training, the weights of
the model network are kept unchanged for controller design.

Next, we start the controller design procedure. It is noted that the simulation of the
control algorithm is conducted in an online manner, which means that the control policy
improves as it is applied to the real system. Through setting C = 0.12, we can accordingly
obtain the triggering threshold ery, as:

1-(0.24)1 %

eThr = 0.12- —o2a [E (5.60)

If the condition ||| > ||ern|| is satisfied, the controller will be updated, and the triggering
state x;, is reset with the current state. Before the occurring the next triggering event, the
control input u; is remained by ZOH as u,, . Different from all other works that apply ETC to
DT systems using ADP algorithms [69, 121, 129, 138-140], the actor and critic networks are
not updated until an event is triggered in this chapter so as to further reduce computational
burden. For the XGDHP technique, we set § = 0.5 to combine the information of the cost
function and its derivatives. For ensuring sufficient learning, the prespecified accuracy ba;
is set to be 107%, and during each time step that is triggered, at most 1000 internal cycles
for training the critic and actor networks are included to achieve satisfying performance.
With the initial state chosen as x = [1,-1]", we conduct the proposed event-triggered
XGDHP algorithm in comparison to the time-based XGDHP algorithm. Both control
algorithms share the same settings and parameters except for the triggering mechanism.
The simulation results corresponding to the systems state and the control input are depicted
in Figs. 5.5 and 5.6, respectively. Due to the event-triggered mechanism, the event-triggered
XGDHP algorithm presents a stair-steeping control input signal. With the piece-wise
integral function (5.7) and the bounding layer in the actor network, it can be observed that
the control input is bounded within the range of (-0.5,0.2). Therefore, we can say that the
asymmetric control input constraints have been addressed. The evolution of the weights of
ANNE is depicted in Fig. 5.7, where solid lines denote the weights between the input layer
and the hidden layer while the weights between the hidden layer and the output layer are
represented by dashed lines. It can be observed that all weights eventually converge to
constant values during the online learning process. The evolution of the one-step cost and
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the accumulative cost in the learning process is demonstrated in Fig. 5.8. Utilizing fewer
data samples, the event-triggered XGDHP requires 3 more steps to control the system
achieving the stage where the one-step cost is kept below 0.05, and 7 more steps below
0.01. Because of the delayed control, the event-triggered XGDHP shows a greater overshot,
which results in a larger accumulative cost. Nevertheless, in many practical scenarios where
saving computational resources is preferred, this depletion of the control effectiveness is
acceptable.
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a denote the critic and actor networks, respectively.
Subscripts 1 and 2 denote the weights between the
input and the hidden layers and the weights between
the hidden and output layers, respectively.

In addition, the evolution curve of the triggering threshold is depicted in Fig. 5.9,
which converges to around zero along with the event error. The inter-execution time is
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illustrated in Fig. 5.10, which presents the time interval between two triggered instants.
It is worth mentioning that the time-based controller requires every sample in this 100-
step task, whereas the proposed event-triggered approach only utilizes 60 samples. Since
at each triggered instant, the critic and actor networks are trained for 1000 steps, the
event-triggered approach greatly reduces the computational burden up to 40%.
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Figure 5.8: Evolution of the one-step and accumulative Figure 5.9: Evolution of the triggering condition in the
cost in the online learning process for Example 1. online learning process for Example 1.

Remark 5.5. The simulation results show that the system is gradually stabilized. Never-
theless, it is noted that due to the asymptotic stability property, the system states may not
exactly converge to zero, which makes the ETC scheme keep working during the whole
presented time range, as depicted in Figs. 5.9 and 5.10. This phenomenon is because the
triggering condition described by Eq. (5.12) is dependent on the system states. As the
stabilization continues, the triggering threshold will accordingly adapt to a stricter value to
guarantee precision. In practice, a threshold can be set for the controller, such that, when
the system states reach a certain range, the controller can be deactivated to further save
resources.

5.5.2 EXAMPLE 2
The second numerical example considered is a nonlinear multiple-input-multiple-output
nonaffine system [121] described by:

Xp,ee1 = X1, + 0.1,
X2,0+41 = —0.17 sin(x1 1) + 0.98x2 1 + 0.1uy 4, (5.61)

%3041 = 0.101 ¢ + 0.2 1 + %3 1 cOS(Uz 1),

where x; = [x14, %24, %3,]" € R® and u; € Q, = {w|u, € R?, -4 < u;; < 2,i=1,2}.

The settings for the second system are similar to those in example 1. The parameters
in the utility function are chosen as Q = I5 and R = 0.01I3, and the forgetting factor is set as
y = 0.95. According to the dimensions of x; and u;, the model network is established with
the structure of 5-10-3 while both of the critic and actor networks are built as 3-10-2, i.e.,
Im = 1. = I, = 10. The weights of all three networks are initialized within [-0.1,0.1]. The
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initial weights of the actor and the critic networks utilized to present results are provided in
Appendix 5.A. Letting 1, = 0.01, we train the model network for 1000 times using 1000 data
samples and examine its performance on a testing data set of another 500 samples. From
Fig. 5.11, it is evidently observed that the mean sum of squares of the identification errors
has been decreased to less than 6 x 1074, which indicates the high accuracy of identification.
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Figure 5.10: Evolution of the inter-execution time in Figure 5.11: The mean sum of squares of the identifica-
the online learning process for Example 1. tion errors for Example 2.

For the implementation of the XGDHP technique, we set = 0.5 and bp; = 5x 107,
and train the critic and actor networks for at most 1000 steps with the learning rates of
e = Na = 0.001 at the triggered instant. The triggering threshold is obtained by setting
C=0.15as:

(0.3)1%

1-
erhr = 0.15-

X, ||- 5.62
by (5:62)

By initializing the system state as xy = [0.5,0.5,0.5]T, we carry out the online control
simulation to verify the performance of the proposed event-triggered XGDHP algorithm.
The state trajectories of the event-triggered approach and the time-based approach are
displayed in Fig. 5.12. Comparing the event-triggered and time-based approaches, we can
observe that, although the event-triggered XGDHP algorithm involves fewer calculations,
the state eventually converges to the equilibrium point without obviously deteriorating the
converge rate. The control inputs are bounded within [-4, 2], whose curves are depicted in
Fig. 5.13. As depicted in Fig. 5.14, the weights of both critic and actor networks are initialized
randomly and updated as the controller works, and all weights eventually converge to
constant values.

As to the optimal control performance, the event-triggered XGDHP takes 10 more
steps to keep the one-step cost below 0.1 and 7 more steps below 0.01. Different from that
in Example 1, although the time-based approach converges faster, the accumulative cost
of the event-triggered XGDHP is less than the time-based approach. This phenomenon
is because the second example requires more oscillations before be stabilized. Since the
time-based approach exerts control in each time step, due to the near-optimal property, it
shows more aggressive strategies and leads to larger accumulative cost, as illustrated in
Fig. 5.15. Remarkably, the control input is only updated 64 times in a total of 200 simulation
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steps with the event-triggered approach, saving up to 68% of computational load, which
improves the resource utilization. The evolution curves of the triggering threshold and the
inter-execution time are illustrated in Figs. 5.16 and 5.17, respectively. All the simulation
results uniformly verify the effectiveness of the event-triggered XGDHP control algorithm

proposed in this chapter.
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Figure 5.12: Evolution of the system state in the online learning process for Example 2. Controllers aim at
stabilizing system states initially from xy = [0.5,0.5,0.5]T to 0.
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Figure 5.14: Evolution of the weights of ANNSs in the
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Figure 5.15: Evolution of the one-step and accumula- Figure 5.16: Evolution of the triggering condition in
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Figure 5.17: Evolution of the inter-execution time in the online learning process for Example 2.

5.6 CONCLUSION

In this chapter, we develop an event-triggered optimal control algorithm that can deal with
asymmetric input constraints for unknown nonlinear discrete-time systems. The stability
of the event-triggered control system is analyzed based on the triggering condition with
fewer assumptions than existing literature. Besides, the asymmetric input constraints are
coped with by the combination of a piece-wise integral function and a bounding layer
of the actor network. In addition, with the facilitation of artificial neural networks, the
explainable global dual heuristic programming (XGDHP) algorithm is developed to online
solve the nonlinear optimal control problem, and the calculations for the derivative of the
cost function are simplified without matrix dimensionality transformations.

Two numerical studies are included to illustrate the feasibility and effectiveness of
the proposed method. The experimental results present that the nonlinear system can
successfully be stabilized with the asymmetric input constraints handled. Furthermore,
compared to the conventional time-based approach, the developed event-triggered approach
can stabilize these nonlinear systems with at most 10 time steps delayed, while significantly
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reducing computational burden up to 40% and 68%, respectively. The communication load
between the controller and the plant can also be saved. The results collectively demonstrate
the applicability of the proposed approach.

This chapter utilizes a triggering condition that is derived based on the state feedback
scheme. However, in many practical systems, full-state feedback is infeasible. Therefore,
further investigation into output-feedback control approaches is highly recommended.

5.A INITIAL WEIGHTS
The initial weights for Example 1 are as follows:

N 0.3575,0.4863,0.3110,0.4121,-0.4462,-0.8057,0.3897,0.9004
al 0.5155,-0.2155,-0.6576,-0.9363,-0.9077,0.6469,-0.3658,-0.9311 |’
0.0012,-0.0024,0.0053,0.0059, -0.0063, -0.0002, —0.0011,0.0029] ",

Waz = [~
[ 0.6294,-0.7460,0.2647,-0.4430,0.9150,-0.6848,0.9143, 0.6006]

We = 0.8116,0.8268,-0.8049,0.0938,0.9298,0.9412,-0.0292,-0.7162
Weg = [~0.0016,-0.0083,0.0058,0.0092,0.0031,-0.0093, —0.0070,0.0087]".

The initial weights for Example 2 are as follows:

-0.0154,-0.0058,0.0277,-0.0361,-0.0185,0.0937,-0.0789,-0.0153,-0.0693,0.0054
W1 = -0.0812,0.0392,-0.0933,0.0062,0.0640,0.0063,0.0222,-0.0818,-0.0438,-0.0085
0.0197,0.0400,-0.0862,0.0309,0.0437,-0.0350,0.0058,-0.0467,-0.0120,0.0751

>

w 0.0036,0.0887,0.0275,0.0915,-0.0519,0.0352,-0.0422,0.0344,0.0390,-0.0864 ] T
a2 = >

-0.0490,-0.0552,0.0336,0.0689,-0.0311,0.0561,0.0351,-0.0987,0.0204, -0.0226

-0.0935,0.0338,-0.0079,0.0711,-0.0618,-0.0759,-0.0231,-0.0419,0.0649,-0.0312
We1 = 0.0122,-0.0619,0.0963,0.0290,-0.0143,0.0179,0.0166,0.0234,0.0965,0.0168
0.0764,-0.0262,-0.0687,-0.0247,-0.0036,-0.0548,-0.0496, -0.0469,0.0460,-0.0784

Wep = [0.0813,0.0759,0.0636,—0.0479,0.0189,—0.0955,—0.0149,—0.0375,—0.0677,—0.0642]T.

s
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EVENT-TRIGGERED INTELLIGENT
CriTic CONTROL WITH INPUT
CONSTRAINTS

Event-Triggered Intelligent Critic Control with Input Constraints Applied to A
Nonlinear Aeroelastic System

In previous chapters, research sub-questions 2 and 3 were answered with respect to discrete-time
(DT) systems. The optimality and stability were persuaded while dealing with the control
input constraints of aerial vehicles, and event-triggered control (ETC) was introduced to save
computational and communication load. In this chapter, the progress will be extended to
the continuous-time (CT) system. A single-critic-network adaptive dynamic programming
(ADP) algorithm will be introduced. Different from DT systems where the ETC loop is designed
separately, in CT systems ETC is incorporated into ADP. Therefore, this chapter will design a
novel triggering condition with control input constraints considered and the infamous Zeno
phenomenon in the ETC field will be analysed and avoided. To further enhance the system
stability, an improved weight updating criterion will be designed to eliminate the requirement
of initial admissible control. Then, the Lyapunov stability of the closed-loop system will be
analysed. Finally, the proposed method will be applied to an aeroelastic wing section for
verification.

This chapter is based on the following article:

B. Sun, X. Wang and E. van Kampen, "Event-Triggered Intelligent Critic Control with Input Constraints Ap-
plied to A Nonlinear Aeroelastic System", Aerospace Science and Technology, vol. 120, pp. 107279, 2022. Doi:
10.1016/j.ast.2021.107279 [144].
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ABSTRACT

In this chapter, we establish an event-triggered intelligent control scheme with a single
critic network, to cope with the optimal stabilization problem of nonlinear aeroelastic
systems. The main contribution lies in the design of a novel triggering condition with input
constraints, avoiding the Lipschitz assumption on the inverse hyperbolic tangent function.
Based on an improved weight updating criterion that eliminates the requirement of initial
admissible control, the control law is obtained approximately by online training of a single
critic network. The Lyapunov stability and the Zeno phenomenon of the closed-loop
system are analysed. The feasibility of the established algorithm is verified by applying
it to an optimal stabilization task of a nonlinear aeroelastic system. The results reveal
that the developed approach can handle input-constrained optimal control problems, with
performance comparable to the time-based method that updates control inputs at each
instant, while reducing the computational and communication load.

6.1 INTRODUCTION

Aeroelastic systems exhibit a variety of unstable phenomena, such as flutter and limit-
cycle oscillations (LCOs), which can significantly degrade the flight performance of an
aircraft [145-147]. For this reason, stable controller design for aeroelastic systems has been
receiving considerable attention for decades in aerospace engineering research groups [146,
148-150]. Most current controllers are designed based on feedback linearization approaches
[148]. However, with the rapid development of aviation technologies, these traditional
methods show their limitations in dealing with stronger nonlinearities. Input nonlinearities
such as saturation constraints commonly exist in real systems [37, 111], but they are rarely
investigated for aeroelastic systems in the existing literature. Furthermore, complex systems
usually involve multiple control loops closed through some communication mediums,
which brings a growing interest in enhancing resource utilization [151]. Motivated by
the demands for tackling these challenges, this chapter aims to develop a constrained-
input optimal control approach with reduced computational and communication costs for
nonlinear aeroelastic systems.

Optimal control problems pursue optimal control policies for dynamical systems by
maximizing/minimizing a pre-defined performance function that captures desired ob-
jectives [125]. When dealing with optimal control problems, it is common to solve the
Hamilton-Jacobi-Bellman (H]JB) equation, but there are few effective approaches to obtain
its analytical solutions for nonlinear systems [125, 152]. Adaptive dynamic programming
(ADP) provides a promising method to acquire numerical solutions of general HJB equa-
tions. By incorporating artificial neural networks (ANNs), ADP acquires a more powerful
generalization capability and has been successfully applied to a variety of aerospace systems
[50, 59, 80, 105, 153, 154]. As a branch of reinforcement learning (RL), the principle of ADP
lies in the effective iterations between policy improvement and policy evaluation [16, 125],
which are sometimes approximated by an actor network and a critic network, respectively
[50, 59, 105]. However, for continuous-time (CT) systems, by solving the HJB equation, the
single critic network (SCN) architecture is able to perform ADP with lower computational
cost and eliminate the approximation error introduced by the actor network [37, 155].
Different from the actor-critic architecture, where the input saturation constraints are
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addressed by the bounded output neurons of the actor network [59], the SCN structure
ordinarily utilizes a non-quadratic cost function, such that the control inputs derived from
the solution of HJB equation can be bounded by a hyperbolic tangent function [37, 91, 156].

Although time-based ADP approaches provide a mature and normative solution to
nonlinear optimal control problems, the need for reducing transmitted data is not fully
satisfied. Arising from networked control systems [55, 157], event-triggered control (ETC)
has attained a lot of attention in recent years because of its ability to reduce computational
and communication load [125]. A cross-fertilization of ETC and ADP produces event-
triggered ADP, which has successfully been implemented for optimal stabilization of
both discrete-time systems [119, 131] and CT systems [158, 159]. The key attribute of
the event-triggered mechanism lies in that the control signals are updated only when a
certain condition is triggered [119]. Therefore, designing a sound triggering condition
is the principal task of ETC. For CT systems adopting ETC methods, the inter-execution
time can be zero, resulting in the accumulation of event times. This is the infamous
Zeno phenomenon that must be avoided in the controller design. The related analysis is
conducted in [136, 160] without incorporating ANNs and in [151] without taking the input
constraints into account. Based on these studies, the closed-loop analysis is carried out to
ensure that the Zeno phenomenon is inapplicable to the proposed method.

Developing from the time-based ADP, event-triggered ADP methods inherit and con-
tinue most of the properties and techniques of the time-based ADP, including the technique
for handling input constraints with a non-quadratic cost function [136, 161]. However,
in most existing literature, the triggering condition is derived by involving a Lipschitz
constant of the inverse hyperbolic tangent function without effectively narrowing its
domain. Although satisfying experimental results can be obtained in certain circumstances,
this derivation is not mathematically rigorous. According to [162], in which the actor-
critic structure is adopted, this chapter replaces this Lipschitz constant using meticulously
mathematical transformations with the SCN architecture.

In addition, the initial admissible control is a requirement for both time-based and
event-triggered ADP methods, which weakens their application, especially for closed-loop
online learning control. Inspired by [136, 151, 163], an improved weight updating rule is
designed by adding a stabilizing term based on the Lyapunov stability theory, such that
the requirement of initial admissible control is eliminated.

The contributions of this chapter are summarized as follows:

1. Itisthe first time that an ADP-based controller is developed for a nonlinear aeroelastic
system. This chapter develops a general control method that can be applied directly
without making coordinate transformations.

2. A novel triggering condition incorporating input constraints is derived without
requiring the Lipschitz assumption on the inverse hyperbolic tangent function.

3. The demand for the initial admissible control is relaxed by an improved critic weight
updating criterion.

4. The Zeno phenomenon is analysed and avoided regarding the closed-loop system
with the event-triggered control strategy.
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The remainder of this chapter is organized as follows: Section 6.2 states the constrained-
input optimal control problem for a CT nonlinear aeroelastic system under the event-
triggered framework. Section 6.3 provides the implementation of the event-triggered
controller using ANN, and analyses the closed-loop stability as well as avoids the Zeno
phenomenon. The simulation verification is presented in Section 6.4, and Section 6.5
summarizes this chapter and states further research.

The main notations used in what follows are listed. IN is the set of all natural numbers.
R denotes the set of all real numbers. R" indicates the Euclidean space of all n-dimensional
real vectors. R™™ is the space of all nx m real matrices. |-| is the scalar absolute value
and || - || is the norm of the corresponding vector or matrix. (-)~ denotes the left continuity
and (-)T represents the transpose operation. I, denotes the nx n identity matrix and 1 is
a column vector with all elements equal to one. A(-) and A(-) respectively represents the
maximal and minimal eigenvalues of a matrix. Denote Q as a compact subset of R", Q,, as
a compact subset of R™, and 27 (Q) as the set of admissible controllers on Q. The symbol
V(-) £ 9(-)/9x stands for the gradient operator.

6.2 PROBLEM DESCRIPTION

A typical aeroelastic wing section plant with two degrees of freedom is modeled in this
section. Then, we describe the constrained-input optimal control problem of general
nonlinear systems, and present the event-triggered control mechanism.

6.2.1 AEROELASTIC WING SECTION MODEL

With the wide usage of composite materials, high aspect-ratio aircraft wings can suffer
from aeroelastic instability phenomena, including the LCOs [147, 164]. If not suppressed
by active control, LCOs can lead to structural failure and even flight accidents [146].
The schematic of an aeroelastic wing section controlled by a single trailing-edge flap is
illustrated in Fig. 6.1 [148], where c.m. is the abbreviation of center of mass. It has two
degrees of freedom: the plunge displacement /i and the pitch angle 6. In this problem, it is
assumed in the undisturbed case, that the freestream is along the airfoil chord, and thus
pitch angle 6 is equal to the angle of attack a. Consequently, the governing expressions of
motion are presented as [148, 150]:

o5 alla)-

where ky(h) and k() respectively represents the plunge and pitch stiffness, which can be
formulated by nonlinear polynomials as [146]:

h

[24

ky(h) 0
0 ke(a)

m; Moy Xo b
My X b I,

L
M] , (6.1)

ky, = 2844(1 +0.9h?)

(6.2)
ko = 2.82(1-22.1a + 1315.50% - 85800 + 17289.7a*),
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and the remaining constant parameters are listed in Table 6.1; L and M respectively denotes
the aerodynamic force and moment, which are formulated in a quasi-steady form as [148]:

h a
L=pU%bc a+—+ab— | +pU?bcrsf,
P La< U U) p 18P
] . (6.3)
272 h _ & 272
M =pU*b"cpq a+5+abﬁ +pU’b”cppf,

where @ = 0.5 - a, and f is the control surface deflection. As presented by (6.1) - (6.3),
the motion dynamics of the aeroelastic system are nonlinear. To describe the system
more profoundly, the properties of a simplified linear system are provided. By neglecting
the nonlinear terms in (6.2), the flutter speed of the resulting linear aeroelastic system
is 12.41 m/s. The natural frequencies of the corresponding linear undamped aeroelastic
system are 9.11 rad/s and 13.28 rad/s.

Figure 6.1: An two-degree-of-freedom aeroelastic system with one control surface (adapted from [148]).

The complete flight control system often involves the actuator, which can be described
as a first-order component [59]:

- kg = kgpe, (6.4)

where f; is the deflection command directly generated by the controller. In this case,
the complete state vector is x = [xl,xz,x3,x4,xs]T = [h, a,h, d,ﬁ]T, and the control input is
u = f.. Besides, due to mechanical limitations, the control surface deflection always has
constraints, which should be taken into consideration in the controller design process.

6.2.2 OPTIMAL CONTROL DESIGN WITH INPUT CONSTRAINTS
To provide a general description, we consider a class of nonlinear CT systems formulated
by:

x(t) = f(x(8) + g(x (1)) u(x(t)), (6.5)
where x(t) € Q < R" is the state vector and u(x(t)) € Q, is the control signal vector, and
Q, = {ulu € R™,|u;| < up,i = 1,...,m}, in which u; is the control saturating bound. f() is
Lipschitz continuous in Q satisfying f(0) = 0. The initial state at ¢ = 0 is x(0) = xp, and x = 0
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Table 6.1: CONSTANT PARAMETERS FOR THE AEROELASTIC SYSTEM

Symbol  Meaning Value
nondimensional distance from
. . . -0.6847
a4 the midchord to the elastic axis
b wing semichord 0.135 m
my total mass of the wing and the flap  12.387 kg
My mass of the wing 2.049 kg

nondimensional distance from

Xa the elastic axis to the c.m. (00873~ (b+ab))rb

I, moment of inertia mwxg[ b +0.0517 kg-m
cp plunge damping coefficient 27.43 kg/s

Ca pitch damping coefficient 0.036 kg - m?/s

CLa lift coefficient per a 6.28

Crma moment coefficient per « (0.5+a)cry

cLp lift coefficient per 3.358

Cmp moment coefficient per -1.94

p density of air 1.225 kg/m>

U freestream velocity 15m/s

is the equilibrium point of the system. System (6.5) is generally assumed to be controllable.
For simplicity, we denote x(t) by x hereafter.
For system (6.5), an infinite-horizon cost function can be defined as:

J(x) = /too x' QOx + Y(u)dr, (6.6)

where Q € R™" is positive semi-definite and is set to be a diagonal matrix in this chapter,
and Y(u) is a positive semi-definite integrand function utilized to handle control input
constraints. We denote U(x,u(x)) = x" Qx + Y(u) as the utility function, and U(x, u(x))
satisfies U(x, u) = 0 and U(0,0) = 0. Inspired by [37, 91], we define Y(u) as:

Y(u) = Zub/ tanh ™" (v/up)Rdv = 2uy Z/ ltanh_T(vi/ub)ridv,-, (6.7)
0 i=1 J0

where tanh™'(-) stands for (tanh™*(:)), and tanh™!(-) is the inverse hyperbolic tangent
function, which is a monotonic odd function; R = diag([r,--,r,]) € R™™ is a positive
definite weight matrix, where diag(-) reshapes the vector to a diagonal matrix. Y(u) satisfies
Y(u) = 0, and only when u =0, Y(u) = 0.

Admissible control is a prerequisite of optimal feedback stabilization, such that the cost
function J(x) is guaranteed to be finite. Choosing an admissible control law u(x) € 7 (Q),
and accordingly the Hamiltonian is defined as:

H(x, u(x),VJ(x)) = U(x, u(x)) + V]T(x)[f(x) + g(x)u(x)]. (6.8)

The optimal value of the cost function given in (6.6) is:

J®= m / " U, ux(D))dr, (69)

= min
u(x)eo (Q)
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and it satisfies the HJB equation:

0= i H(x, VT . 6.10
min Hx ). 9 () (6.10)
By making dH(x, u(x),VJ(x))/du(x) = 0, the corresponding optimal feedback control solu-
tion is derived by:
Y = in  H(x. T
u'(x) = arg o (3, u(x),VJ' (x))

(6.11)
= -y, tanh(D"),
where tanh(-) denotes the hyperbolic tangent function, and D" is given by:
1
D' = —R g (x)V]'(x). (6.12)

Zub

The control input u* is bounded by up, and the nonquadratic cost (6.7) regarding u" is:
Y(u'(x)) = upVJ T (x)g(x) tanh(D") + uZRIn(1 - tanh?(D")), (6.13)

where VJ*T(x) denotes (VJ*(x))" and R = [ry,--, 7,]". Substituting (6.11) and (6.12) into the
HJB equation produces:

0 = x' Qx + uiRIn(1 ~ tanh?(D")) + VI T (x)f (x), (6.14)

with J*(0) = 0 that leads to H(x, u*(x),VJ*(x)) = 0.

6.2.3 EVENT-TRIGGERED SCHEME DESIGN

Considering the event-triggered scheme, we define a sequence of triggering instants { s},
where s; satisfies si < sg.; with k € IN. The output of the sampled-data module is x(sg) £ xx
for all ¢ € [sg, sg+1)- Subsequently, we define the gap function using the event error:

ex(t) = X = x,Vt € [Sg, Sge1)- (6.15)

We denote e (t) briefly by e hereafter. Every time when a certain triggering condition
is satisfied, the event-triggered state vector is updated and the event error e is reset to
zero. At every triggering instant (instead of time instant), the state feedback control law
u(x(sk)) = u(xx) is accordingly updated. By introducing a zero-order holder (ZOH), the
control sequence {u(xy)}}., actually turns to be a piecewise signal that remains constant
during the time interval s, sg.1), Vk € IN. Based on the control signal u(xy), system (6.5)
takes the form:

x = f(x)+ g(x)u(x + ex),Vt € [sk, Sk+1)- (6.16)

Considering the event-triggered framework, combined with (6.12), the feedback control
function (6.11) becomes:
u*(xx) = —up tanh(D}), (6.17)

where D;, is given as:
1

D
k 2up

R gT () VI (k). (6.18)
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For system (6.5), with the infinite-horizon cost function represented by (6.6), we define
a triggering condition as follows:

llexll® > ller]?, (6.19)

where er is the threshold to be determined. We say the event is triggered if (6.19) is satisfied,
and in the following section, we present the details of how to determine the threshold.

6.3 INTELLIGENT CRITIC CONTROL IMPLEMENTATION
Since (6.14) is a nonlinear partial differential equation intractable to be solved analytically,
in this section an ANN with an improved updating rule is used to approximate the optimal
control policy. Then, the system stability is analysed and the Zeno phenomenon is avoided
regarding the closed-loop system.

6.3.1 IMPROVED NEURAL CONTROL IMPLEMENTATION
In light of the powerful generalization property of ANNs, the optimal cost function can be
reconstructed as follows:

T'(x) = wl oe(x) + £(x), (6.20)

where w, € Rk stands for the ideal weight, I. is the number of neurons, o(x). € RE de-
notes the activation function, and ¢.(x) € R represents the neural approximation error.
Accordingly, the gradient vector of the optimal cost is:

VI (x) = Vo] (x)we + Ve (x). (6.21)

Since the ideal weight vector is unavailable in advance, a critic network is constructed
to approximate the cost function with an estimated weight vector w, € R such that:

T'(x) = wl oo(x). (6.22)
Similarly, we determine:
VJ'(x) = Vo, (x)We. (6.23)
Considering the ANN formulation (6.21), (6.18) can be rewritten as:

1

D
k 2up

[R™'g"(xp) (Vo (xx)we + Veo(x))]. (6.24)

Based on the mean-value theorem [91], we can accordingly rewrite (6.17) as:
u'(x;) = —uptanh(Dyg) + Eu» (6.25)

where Dy, = 1/(2u) (R g"(xx)Vo] (xx)w), and €u, = ~1/2(1 - tanh?(&))R ' g7 (x;)Ve, where
& € R™ is selected between Dy and Dj.
Hence, according to (6.17) and (6.23), the event-triggered approximate optimal policy
can be formulated as:
i(xx) = —up tanh(Dy), (6.26)



6.3 INTELLIGENT CRITIC CONTROL IMPLEMENTATION 113

and f)k is modulated as:
1

2up (R g7 (x)V o (xi) o). (6.27)

Dy
Substituting (6.25) into the Hamiltonian (6.8) yields that:
H(x, ' (x10), we) = w, Voe(x)[f (x) + g (xi)] +xT Qx + Y (u' (1)) £ ecau, (6.28)

where u*(x;) = up tanh(D} ), and ey = ~Vel (x)[f(x)+ g(x)u’ (xr)] is the residual error brought
by the ANN. Utilizing (6.23), the approximate Hamiltonian is presented as:

I:I(x, w (), We) = Wi Vae(x)[f(x) + g(x)u" ()] + xT Qx + Y (' (x)) 2 ec. (6.29)

Defining the critic error vector as w, = w, — w, and combining (6.28) with (6.29), we obtain
an equivalent expression of e.:

ec = ec ~ W, Voo (x)[f(x) + g(x)u (xi)]. (6.30)

Hence, the aim of training the critic network is to obtain an appropriate weight vector
w, such that the objective function E, = (1/2)e] . is minimum. It is worth mentioning that
the actual control law utilized during the learning process is the approximated control
(6.26). In [161], a direct gradient-descent method is applied to adjust the critic weight

vector:
2 de
Wetrad = _Uci,\cec = -ncde., (6.31)

aIw,
where 7. > 0 is the learning rate parameter, and ¢ = Vo (x)(f(x) + g(x)a(xy)).
The admissible control is essential for the general ADP-based optimal control design but
is intractable to obtain in advance. To overcome this challenge, inspired by [136, 151, 163],
we bring in an extra stabilizing term to improve the direct gradient-descent method and
adopt it to enhance the ANN weight updating. Similar to [91, 151, 163], we make the
following assumption:

Assumption 6.1. Consider system (6.5) with the cost function (6.6) and its closed-loop form
governed by the event-triggered optimal controller (6.17) and (6.24). Let J;(x) be a continuously
differentiable Lyapunov function candidate satisfying:

J(x) = VIS [ (x) + g(x)u' ()] < 0.
Then, there exists a positive definite matrix M € R™" such that the following inequality holds:
Ji@) = VI ()MV]i(x) < ~AMD|[VJs(0)] . (6:32)

When adopting the event-triggered approximate optimal control (6.26), we should
exclude the following case to guarantee the system stability:

Jo(x) = VIS (0[f (x) + g(x)axi0)] > 0.
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Hence, the learning performance is reinforced by adjusting the time derivative of Ji(x)
along the direction of the negative gradient, which is modulated as follows:

; _ VT (x)[f(x) + g(x)a(xp)]
c,stab = s awc (6,33)

= - 1o(w)g(aR (1 - tanh*(D)g" ()TJ(x)

where 715 > 0 is the designed learning rate. By combining the stabilizing term (6.33) and the
traditional rule (6.31), we established the improved ANN learning criterion as follows:

We = ":’c,trad + E(x, a(xk))wc,staba (6~34)

where Z(x, t(xy)) is a sign function utilized to eliminate the effect of the reinforced term
when the system is already stable, which is defined as:

=(x, () = {O’WhenJ s(x) <0, (6.35)

1,elsewhere.

Remark 6.1. The improved updating rule (6.34) with the reinforced term relaxes the
demand for initial admissible control, which implies that the critic weight vector can
initially be set as any random vector.

6.3.2 CLOSED-LOOP STABILITY ANALYSIS
We firstly construct the error dynamics of the critic network by defining w, = w. -~ W, and
finding that w, = -w,. Consequently, the critic error dynamics is presented as:

We = —1¢ ¢(¢T We — €cH) — %r]sE(x, i(xi))Vo (xx)g(xx)R™ (1 - tanh? (ﬁk))gT(x)V]s(x). (6.36)

Remark 6.2. The persistent excitation (PE) assumption is required. If the PE condition
holds, we easily derive A(¢¢") > 0 [158], which is of great significance for stability analysis.
A common approach to achieve PE is introducing a probing noise to excite the system
[59, 136, 163].

Subsequently, we study the closed-loop stability based on the approximate event-
triggered feedback control incorporating the weight estimation dynamics. Before pro-
ceeding, the following assumptions are required, which are commonly employed in ADP
literature, such as [91, 136, 151, 157].

Assumption 6.2. g(x) is Lipschitz continuous rendering ||g(x) - g(xi)|| < Lg||exl|, and is upper
bounded as ||g(x)|| < by, where Lg are by are positive real constants.

Assumption 6.3. Denote Lys,, bys,, bue,, bs,., and b, as positive real constants. Vo (x) is
Lipschitz continuous guaranteeing ||[Voe(x) - Voo (xi)|| < Lve, |lex|l. Voc(x), Ve(x), ey, , and ecq
are all upper bounded, such that |Voc(x)|| < bye,, [[Ve(x)|| < bye,, [léw; || < be,., and |ech| < be,; -

Theorem 6.1. Considering Assumptions 6.1-6.3, utilizing the formula (6.34) to update the
critic network, and with the event-triggered approximate optimal control policy (6.26), the



6.3 INTELLIGENT CRITIC CONTROL IMPLEMENTATION 115

closed-loop system is asymptotically stable while the weight error dynamics is ultimately
uniformly bounded (UUB) if

-l 2y Y(uw .
e« AT T s e, (6.37)

and ||we||* = W, where n € (0,1), C; and W are given in the proof.
Proof. We construct a Lyapunov function candidate as:
L=Ly+Ly +Ly +Lj, (6.38)

where Ly = J'(x), Ly, = J"(xx), Ly, = (1/2)w] w,, and Lj, = n4Js(x). The proof consists of two
situations conforming to whether the event is triggered or not.

Situation I: the events are not triggered, i.e., Vt € [sg, sg+1). Computing the time deriva-
tive of the Lyapunov function, the second term is ka =0.

Considering the closed loop system using the approximate feedback control (6.26), and
the optimal HJB equation (6.14), the first term can be derived as:

L =] (x) = VT T(0)[f (x) + g(x)i(xx)]

=— xTQx - uiBln(l - tanhz(D*)) . V]*T(x)g(x)ﬁ(xk). (6.39)

According to the definition of the utility function, the second term of (6.39) is converted
into:

w'(x)

u?RIn(1 - tanh*(D")) = / 2uy tanh ™" (v/up)Rdv + Y (k) - upVJ T (x)g(x) tanh(D").

e
(6.40)
Besides, (6.11) and (6.12) imply that:
VT (x0)g(x) = —2up tanh ™" (" (x)/up)R. (6.41)
Therefore, the last term in (6.39) can be rewritten as:
U(xy)
VI () g (x)a(xg) = / 2up DT (x)Rdv - upVJ"T (x)g(x) tanh(D" (x)). (6.42)
u'(x)
Substituting (6.40) and (6.42) into (6.39) yields:
. d(xg)
Ly =-x"0x-Y(i(x)) +/ 2up[tanh™ (v/up) + D']" Rdw. (6.43)
u'(x)
Letting v = —up tanh(w), the last term in (6.43) is written as:
() Dy
/ 2up[tanh ™! (v/up) + D']"Rdv = / 2ui(w- D")'R[1 - tanh*(w)]dw
u'(x) D (6.44)

< u¥(Dg - D) 'R(Dy - D).
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Therefore, (6.43) satisfies:
X 1 N
Ly = =27 Qx = ¥(i(0) + s ARlg (07 () - & T W, (6.45)

where Vj(xk) = Vo (xx)We. According to Assumptions 6.2 and 6.3, we obtain:

g eV (x) - g ()W) ()]
=g (X)Vo, (x) - g (Vo (i) we + g (x)(Vory (x)We + Vee(x))| (6.46)
<2[[Voe(x)g(x) - Voo(xe) g (xi)|[P 1 Well? + 263 (B [ WeI* + BE,.),
in which
Vo o(x)g(x) - Vo (i) g (xi)1°
<2||Vor(x)(g(x) - g(x)) I + 2I|(Voe(x) - Vo (x1) g (i) lI° (6.47)
Sz(b%UEL?g + L%oc bg)Hek”z

Therefore (6.45) continues as:

Ly = Col|welPllexl* + Cal[Wwel * + C3 = Y (a(xi0)) = nA(Q)l1x|[” - (1 - pAQ)lIxII®,  (6.48)

where C; = AR)(b2,, L2 + 1%, b?), C; = JAR)BABE,,, and Cs = LA(R)B2DE, .

Then, we investigate the last two terms in (6.38). By taking the definition of Z(x, @(xy))
into consideration, two scenarios are examined separately.
I: E(x, @i(xt)) = 0. We have Lj, < 0 and

L = =] (" e + ecar) = ~Cal|ve][* + s, (6.49)
where Cy = 1n.A(¢¢") and Cs = 1 1c€%;. Combining (6.48) and (6.49), we observe:
l;, =Lx + L,;,c
<Cal|Wel Pllex[® + CallWell* + €5 = Callwel[* + C5 = nAQ)lIx* = (1 = DAQ)IIx][* = ¥ (dt(oxi)).
(6.50)
By choosing an appropriate 7., we can achieve C4 > C,. Therefore, when ||w,|* = (C3 +

C5)/(C4—Cp) = Wy and ||e||? < ||.'3T||2 we have £ <0, Vx # 0.
II: E(x, di(x)) = 1. We combine Lj, with the stabilization term of Ly, as:

F =iy, + 1,
T L) + 800 - 5 oW T ()8R (1~ tanh(De))g (7 (x)

. 1 P .
=nsVJ] (x)f (x) = sV (x)g(x)[up tanh(Dy) + ;- tanh®(D)R™ " (i) T () we .
(6.51)
By taking the first-order Taylor series expansion of tanh(Dy), we obtain:

tanh(Dy) = 1(1 tanh?(DR))R g7 ()0 T () We + tanh(Dy) + o[ Dk - DR)’], (6.52)
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where o[(Dy - f)k)z] has a bound, which is denoted by b,p [91]. Substituting (6.52) into
(6.25) and then (6.51) yields:

=15J7 (%) = VI (x)g(x)ew; +nsVIT (2)g(x)upol(Di - Dy)?]
= = nAMM)|[VJs(|? + nsCo|[VJs(x) |

(6.53)
C, 2
== 1sA(M) (IIV]s(x)ll )> +C,
where C = bg(b,,. +upbop), and C; = 1nsC2/(4A(M)). Accordingly, we obtain:
L;, IL +LW +Lfs
<= nAQ)Ixl* - (1 - MAQ)lIxI[* - Y(a(xx))
+ Cy|wel Pllel” + Cal [well® + Cs = Ca [ e (6.54)

C 2
2A<M)> e

Therefore, when ||w,||> = (C3 + Cs + C7)/(Cq — C2) = Wy and ||ex||? < ||ér|[?, we have L < 0,
Vx # 0.
Consequently, combining I and II, we can conclude that, if the event is not triggered,
ie., ||ex|? < ||ér||?, if ||We|[?> = max{W;, Wy} £ W is satisfied, then we have L < 0, Vx # 0.
Situation 2: the events are triggered, i.e., Vt = sy,;. Utilizing (6.38), the difference terms
are derived as:

+ Cs - noA(M) (HVJs -

AL =ALy + ALy, + ALy, + ALy,
=J (%iee1) = (x(se1)) + T (i) = J " (o) (6.55)

2 W ) ekar) = 5 0 S (5E00) 1 et) =51

From Situation 1, we find that if ||e|* < ||é7]|* and || w|* = W, L < 0, Vt € [sg, S+1). Since
the states and cost function are both continuous, according to the property of the limit, we
have ALy + ALy, +ALj, < 0 and then obtain AL < ALy, < ~x(||ex.1 — ek|]), in which x(-) is a
class-x function [165]. Hence, (6.38) is still decreasing when Vit = si, ;.

In summary, if ||ex||* < ||é7||* and ||w,||* = W hold, we can reach the conclusion that the
closed-loop state is asymptotically stable while the critic error dynamics is UUB, which
ends the proof. O

6.3.3 ANALYSIS OF ZENO PHENOMENON IN THE CLOSED-LOOP SYSTEM
For nonlinear CT systems with event-triggered control inputs, the inter-execution time
is denoted as As = sg,1 — s, and the minimal inter-execution time Asp;, = mingen{sg:1 -
sk} might be zero, which can lead to the accumulation of event times, a.k.a., the Zeno
phenomenon. Hence, the condition of As > 0 should be guaranteed such that the undesired
Zeno phenomenon is avoided.
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Theorem 6.2. Considering the closed-loop form of the nonlinear system (6.5) governed by
the event-triggered approximate optimal control (6.26), the k-th inter-execution time Asy
determined by (6.37) has a lower bound as:

1 ke||é
Asg = —1In ( llér

— I 4+1)>0, keN, (6.56)
kf kf||ek||+bgub

where ky is a positive constant.

Proof. We apply the approximate optimal control (6.26) to formulate the closed-loop dy-
namics as follows:

x = f(x) - g(x)(xg)- (6.57)

By noticing the fact that @(xy) is upper bounded by u;, and according to Assumption 6.2,
we can derive that:

(1€ = 1f (x) - g()a(xic)l| < kellxll + bg . (6.58)

Considering (6.15), we can further derive that:
llexll = kpllxill + kllex|| + by up, YVt € [sk, Sks1)- (6.59)

Since ex(sk) = xx — x(sg) = 0, by employing the comparison lemma [151, 165] to solve (6.59),
for any t € [sg, Sg+1), we have:

k ||€k||+b Up _
lel| < ng (ekrt=s0) - 1) (6.60)

Therefore, the k-th inter-execution time As; satisfies:

1 krllerl

Zn (— 0Ty, (6.61
& e+ by ’

ASk = Sgv1— Sk 2

According to (6.37), ||ér|| > 0. In summary, Asy > 0 for any xi # 0, i.e., Asmin > 0, which ends
the proof.
O

Overall, the structural diagram of the present control implementation is depicted in
Fig. 6.2 to clarify the design procedure.

6.4 SIMULATION STUDY

Finally, we verify the effectiveness of the proposed control approach through the numerical
simulation experiments based on the nonlinear aeroelastic system demonstrated above.
Considering the cost function (6.6) from t = 0, we choose Q =I5 and R = 1 as a trade-off
between fast stabilizing and avoiding aggressive control, and set the deflection constraint as
up = 10 deg. For the purpose of simulation, we set the simulation frequency as 1 kHz whereas
the sensing frequency as 100 Hz. Let the initial state vector be xy = [-0.01 m, 10 deg, 0,0, O]T.
In what follows, we implement the event-triggered intelligent critic control with the
facilitation of an ANN.
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Figure 6.2: Structural diagram of the developed event-triggered ADP control method, where solid lines represent
the feed-forward flow of signals and the dashed line is the back-propagation path.

A critic network is constructed to approximate the optimal cost function. The number
of neurons and the nonlinearity of the activation function positively correlate with the ap-
proximation precision. However, more neurons with higher nonlinearities can also increase
the computational load and cause overfitting that harms the control robustness [59]. For bal-
ancing control accuracy and computational complexity, we choose the activation function
as 0e(x) = [201 X2, X1 X3, X1 X3, X1 X5, X2 X3, Xp Xa, Xp X5, X34, X35, X4 %5 ] | . We choose J;(x) = 0.5xT x
to enhance stability and experimentally set . = 0.05, 55 = 0.001, # = 0.1, and C; = 250. As
claimed in Remark 6.2, an exploration noise u, is introduced to satisfy the PE condition. The
probing noise is designed as a composition of decaying sinusoidal functions, whose formula
is u, = —0.05¢72%(sin%(100¢) cos(100¢) + sin?(2t) cos(0.1t) + sin?(1.2t) cos(0.5¢) + sin’(t)) deg.
Only at the instant when it is triggered, will u, really be added to the control command.
Since the critic network has different hidden neurons, the weights can initially be set as zero.
Recalling the triggering condition in (6.37), we find that ||w,|| appears in the denominator,
which can cause a large time interval of control at the beginning. Therefore, we manually
set an upper bound for the inter-execution time as Aspax = 0.1 s. This configuration is set in
the engineering sense for safety guarantee, and does not affect the theoretical completeness.

The simulation is conducted in an online manner, which means that the control policy
improves in a closed-loop way. For presenting the advantage of the ETC scheme, a time-
based approach is adopted for comparison, whose settings are exactly the same as the
proposed intelligent critic control approach except for the event-triggered scheme, i.e., the
time-based control approach updates the control input at each time instant. We can observe
from Fig. 6.3 that the convergence of the weight vector occurs around 1 s. Subsequently,
we display the trajectory of the approximated cost function in Fig. 6.4, which presents the
direct performance of the controller. Due to the initial zero values of the weight vector, the
initial approximate cost is zero, and subsequently grows as the learning continues. Then
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because of the convergence of the weight vector, the approximate cost function swiftly
decreases to a low level. Furthermore, the triggering threshold trajectory is displayed in
Fig. 6.5, which presents a trend to zero along with the event error. The inter-execution
time is depicted in Fig. 6.6. It is worth mentioning that 800 samples are utilized by the
time-based controller, whereas the proposed event-triggered approach only requires 366
samples. Therefore, the event-triggered method reduces the control updates in the learning
process up to 54.25%, and thus improves the resource utilization.
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Figure 6.3: Convergence process of the critic weights. Figure 6.4: Evolution of the approximate cost function.
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Figure 6.5: Evolution of the triggering condition. Figure 6.6: Evolution of the inter-execution time.

Figs. 6.7 and 6.8 present the aeroelastic system states trajectory divided into plunge
and pitch motion, respectively. We compare the results between the event-triggered and
time-based approaches, and observe that, although the event-triggered controller utilizes
fewer data samples, the state variables eventually converge to a small vicinity of zero
without deteriorating the converge rate. Figs. 6.9 and 6.10 respectively presents the control
command directly generated by the controller, u (), and the real deflection of the control
surface, x5 (). The developed event-triggered approach has an overall comparable curve
to the time-based approach. Due to the event-triggered mechanism, the control command
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signal is stepwise. Nevertheless, the control command signal has to go through an actuator
and the real deflection is adequately smooth for the wing surface control. Furthermore,
we observe that the control command (incorporating exploration noise) is bounded by the
pre-designed saturation constraints, i.e., |u| < u,. Therefore, we conclude that the control
input constraints problem has been overcome.
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Figure 6.7: Evolution of the plunge motion states.

Figure 6.8: Evolution of the pitch motion states.
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Figure 6.9: Control command generated by the con-Figure 6.10: Real deflection of the control surface.
troller.

The phase portraits of plunge and pitch motions are illustrated in Figs. 6.11 and 6.12,
respectively. As can be observed, the trajectories of the proposed method and the open-loop
simulation almost coincide at the beginning. This phenomenon is due to the collective
effect caused by LCOs and the initial unlearned policy, and disappears quickly as the weight
vector updates. Then all states are stabilized to a small vicinity of the equilibrium point.

To further verify its performance, robustness tests are carried out with different
freestream velocities using the proposed event-triggered intelligent optimal control strat-
egy. In addition to nominal velocities, the freestream is also assumed to be disturbed. The
uncertain freestream is modeled as a composition of white noise with unit variance and
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Figure 6.11: Phase portrait of the plunge motion states. Figure 6.12: Phase portrait of the pitch motion states.

a sinusoidal gust 0.5cos(4xt +0.37) m/s. With other settings unchanged, the results are
depicted in Figs. 6.13 - 6.15, in which the nominal freestream velocity U respectively equals
to 12 m/s, 15 m/s and 27 m/s.

For simplicity, the plunge displacement is selected as a representative to show the state
evolution, as illustrated in Fig. 6.13. It can be observed that in all conditions, the controller
manages to stabilize the plunge displacement within 8 s. The situations with and without
uncertainties demonstrate similar performance for U = 15 m/s and U = 27 m/s, whereas
for U = 12 m/s, the control performance is even better with uncertainties involved. The
reason behind this phenomenon lies in that when U = 12 m/s the flutter frequency is low
and it is difficult to fully excite the system. The velocity uncertainties disturb the system
but meanwhile provide stronger excitation and thus speed up the learning process. In fact,
this acceleration phenomenon also takes place in the other two situations though it is more
obvious with lower freestream velocity, which illustrates the robustness of the proposed
control method to uncertainties. With lower incoming flow speed (U = 12 m/s), the control
effectiveness is also lower, and therefore it requires a larger deflection of the control
surface to generate sufficient control torque, leading to the aggressive but saturated control
command shown in Fig. 6.14 (a). When the freestream velocity is higher (U = 27 m/s), the
flutter frequency is higher, which provides more excitations at the initial stage. Therefore,
it can be seen from Fig. 6.14 (c) that the control command becomes effective earlier than
for the other two conditions. However, it is remarkable that if U < 12 m/s or U > 27 m/s,
the controller is capable of stabilizing the system within 8 s with current settings due
to the insufficient control effectiveness or the excessive flutter frequency, respectively.
Nevertheless, this can be improved by adapting hyperparameters.

Fig. 6.15 compares the root means square (RMS) of critic weights with 3 different
freestream velocities in the presence of uncertainties. Consistent with the above, the
convergence speed is faster when the freestream velocity is higher because of the stronger
excitation. These curves are different in that the control policy is learned online, and
therefore the controller adapts to different conditions in real time, which validates the
adaptability of the proposed control approach. The simulation results collectively verify
the feasibility and effectiveness of the event-triggered intelligent optimal control approach
developed in this chapter.
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6.5 CONCLUSION

In this chapter, we develop an event-triggered intelligent optimal control scheme, and apply
it to an aeroelastic system control problem. Taking the input constraints into account,
we derive a novel triggering condition without making the Lipschitz assumption on the
inverse hyperbolic tangent function. The controller is conducted by adopting the adaptive
dynamic programming (ADP) technique with a single critic network.

The theoretical analysis of the closed-loop system shows that, with the derived event-
triggered controller, the system states can be guaranteed asymptotically stable, while
the Zeno phenomenon is also avoided during the learning phase. The simulation results
demonstrate that the nonlinear aeroelastic system is successfully stabilized with input
saturation constraints handled. Besides, compared to the conventional time-based ADP
method, the present event-triggered ADP method can achieve comparable performance
with reduced control updates, which presents the advantages of the developed method
in saving the computational and communication load. Furthermore, the robustness tests
demonstrate that the designed controller is able to adapt online to different situations and
has robustness to uncertainties to some extent.
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At the current stage, we concentrate on the control algorithm development based on
the known system dynamics and perfect measurements. Due to the fact that uncertainties
generally exist in the real world, further investigation into robust control methods is
recommended. Besides, due to the limitation of actuator power, the deflection rate of the
control surface should also be constrained, which can be studied in the future.
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CONCLUSIONS AND
RECOMMENDATIONS

This dissertation has been dedicated to enhancing the autonomy of flight control systems
using reinforcement learning (RL) methods. At the beginning of the dissertation, the devel-
opment of autonomous control in the aerial vehicle was reviewed, the basic principles and
promising applications of RL and adaptive dynamic programming (ADP) were introduced,
and some challenges in ADP for flight control were accordingly posed: learning efficiency,
control stability and computational load. In view of these challenges, the main research
goal of the dissertation was formulated as:

Research goal

To improve the adaptability and online learning capability of flight control systems
by designing nonlinear ADP approaches.

To achieve this research goal, a main research question and three sub-questions were
raised in Chapter 1. These research questions have been investigated in Chapters 2-6
and their answers will be presented in Sub-section 7.1.1. Based on the findings through
implementations, the final conclusions will be drawn in Sub-section 7.1.2. Finally, several
recommendations for future work and my personal prospects for the RL research in the
flight control field are depicted in Section 7.2.

7.1 FINDINGS AND CONCLUSIONS

This section summarizes the research findings through implementation and answers the
raised research questions, and then the final conclusions of this dissertation are reached.

7.1.1 ANSWERS TO RESEARCH QUESTIONS
The task of achieving efficient learning presents a challenge for the flight control of
unknown, nonlinear systems, particularly in cases where the system is time-varying,
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disturbed, or imperfectly measurable. Although there exists some work on adaptive critic
designs (ACDs) concerning these aspects, there is no paradigm that synthesizes them,
which comes up with the first research sub-question:

RQ1: How to synthesize and improve current online ACDs to cope with dynamic and
measurement uncertainties, partial observability, external disturbances and sudden
faults?

This research question is addressed by developing the global dual heuristic programming
(GDHP) approach, incorporating explicit analytical calculations and the incremental model.
ACDs are typically classified as heuristic dynamic programming (HDP), dual heuristic
programming (DHP), and GDHP, based on the information used by the critic network
[26]. Among them, GDHP combines the information utilized by HDP and DHP with
a f parameter to indicate the composition ratio and therefore takes advantage of both
approaches. Conventionally, the critic network of GDHP adopts a straightforward form
that approximates the cost function and its derivatives simultaneously at its outputs [43, 63].
However, this structure can introduce undesired inconsistent errors because two kinds
of outputs share the same network except for the output layer. Furthermore, the back-
propagation path of the actor network starting from the approximated cost function is
different from that starts from cost derivatives. Consequently, this dissertation focuses on
the development of a novel GDHP approach to synthesize current online ACDs.

Chapter 2 proposes an online incremental model-based GDHP with explicit analyti-
cal calculations, called IGDHP, to synthesize current online ACDs and enable an online
learning controller without prior knowledge of the system dynamics. The critic network
of this method only directly approximates the cost function, based on which its derivatives
are calculated through the critic network in an explicit analytical way. Therefore, the
approximated error of cost derivatives is consistent with the approximated cost error.
Furthermore, the back-propagation path of the actor network in this approach always
starts from the cost function, but the information on derivatives can also be fully utilized.
If B = 1, it represents pure HDP, whereas if f§ = 0, the adjustment of weights relies solely on
the computed derivatives, which therefore is equivalent to DHP. This property outperforms
the conventional straight form where if f is incompatible with the back-propagation path
outset, for example, if f = 0 and the back-propagation path originates from the cost func-
tion, the back-propagation channel of the actor network will be invalid. The incremental
model also plays an important role in accelerating online learning by approximating the
locally linearized system dynamics. The simulation results of IGDHP on an aerial vehicle
attitude tracking control problem demonstrate that compared to GDHP, IGDHP has higher
precision, online learning speed, robustness to different initial states and adaptability for
fault-tolerant control problems.

Chapter 3 extends the IGDHP method proposed in Chapter 2 by augmenting the
incremental model with historical data sets to deal with the partial observability (PO) issue
that involves stochastic or time-varying dynamics [49, 50]. Compared to full-state feedback
(FSF) and output feedback (OPFB), PO provides a more strict demand for the controller
because of the stochastic factors. In the control problem of this chapter, the only observation
is the tracking error that incorporates a changing and immeasurable reference signal, which
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makes the system partially observable. The incremental model is augmented to build a new
system with the observations as the system states. In this way, historical information can
be utilized to provide observation transitions. The precision and convergence of the online
identification method using the incremental model have also been theoretically proven.
Chapter 4 continues the approach of extending the incremental model to cope with an
OPFB tracking control problem with input constraints well handled. The presented results
indicate that the methods proposed adeptly handle imperfect measurements with precision
and adaptability while retaining efficient control, despite unknown and time-varying
dynamics, different initial conditions and even sudden faults.

Overall, GDHP with explicit analytical calculations proposed in Chapter 2 is able to
synthesize current online ACDs in one paradigm, and the augmented incremental model
developed in Chapter 3 and Chapter 4 can adaptively provide precise system transition
information to enable an online control. Chapter 4 also performs as a bridge connecting
RQ1 and RQ2.

RQ2: How to achieve optimality and stability of ADP for discrete-time (DT) and
continuous-time (CT) systems, while dealing with input constraints of aerial vehicles?

This research question is answered through the construction of the enhanced non-
quadratic integral utility function and the bounding layer in the actor network. In Chapter 4
an enhanced utility function is developed, in which the traditional quadratic utility function
of the control input part is replaced with a non-quadratic integral function, whose upper
limit is the current control input. The integrand is also particularly designed with the
facilitation of the inverse of an identity bounding function, such as the hyperbolic tangent
function. By solving Hamilton-Jacobi-Bellman (HJB) equation, an analytical solution of
control input that is constrained by the bounding function can accordingly be obtained.
Due to the bootstrap, an actor network is required by the DT system and the analytical
computed control input is supposed to perform as the target control to update the actor
network. Therefore, a bounding layer is designed in the actor network before the signal
goes to the output, in which the activation function is chosen as the bounding function
same as the one used for bounding the target input. The weights between the bounding
layer and the output layer are element-wise based on given constraints. The proposed
method is eligible for dealing with different constraints for each control channel. The
incremental model and the improved GDHP technique support quick online learning and
promote the success ratio to more than 99%.

Chapter 5 improves the techniques developed in Chapter 4 by extending the non-
quadratic integral utility function to a piece-wise one, and the activation function in the
bounding layer is also piece-wise based on the constraint distribution on both sides of the
origin. In this way, the proposed algorithm is able to handle asymmetric control input
constraints. In Chapter 5, to enhance the control stability, the iterative adaptive critic
algorithm is introduced so that multiple iterations are conducted at each time instance
to achieve a satisfying performance. The convergence of the iterative adaptive critic
algorithm can be guaranteed as long as the iteration is sufficient, which is different from
the one update in Chapter 2 - Chapter 4. Furthermore, the calculation procedure of the
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cost derivatives in the improved GDHP has been simplified in this chapter, and the concept
of explainable GDHP (XGDHP) is for the first time proposed.

Chapter 6 investigates a CT nonlinear system subject to input constraints. By assuming
that the measurement is also continuous in time, the bootstrapping property in the DT
system is not an issue anymore, and therefore a single critic network is adequate. Conse-
quently, the target control input in Chapters 3 and 4 can directly be introduced to the real
system with no need for an actor network, which simplifies the algorithm. An improved
update criterion of the critic network is proposed, such that the requirement of the initial
admissible control is eliminated. Specifically, in addition to the conventional error function,
a second Lyapunov function is defined and utilized for enhancing the computation of
the weight gradient based on the update direction. Furthermore, the closed-loop stability
incorporating the network approximation error is analyzed and guaranteed in the sense of
Lyapunov. The application regarding wing section stabilization demonstrates the proposed
method can achieve both optimality and stability with input constraints well handled.

Overall, to deal with input constraints, Chapter 4 provides a paradigm that includes the
enhanced non-quadratic integral utility function and the bounding layer in the actor net-
work. Especially, for CT systems only the integral utility function is required as presented
in Chapter 6. The combination of incremental model and improved GDHP can promote
the success ratio and the iterative adaptive critic algorithm with multiple iterations in
Chapter 5 can further enhance the stability. For the CT system, the closed-loop stability is
theoretically proven and the improved update criterion developed in Chapter 6 is adopted
to enhance the network update.

RQ3: How to save computational and communication load by event-triggered ADP
without significantly affecting overall performance?

In Chapter 5 it is the first time that ETC is combined with XGDHP for DT systems. ETC
performs as the outer loop of the XGDHP, and therefore the networks are not updated until
an event is triggered. Although for DT systems, the triggering condition usually takes the
same formulation, Chapter 5 decreases the amount of the required assumptions to guarantee
the stability of the triggering condition and provides a more specific proof compared to
existing literature. The proposed method has been verified on general nonlinear systems
to demonstrate its advantage of saving computation and communication load.

Chapter 6 introduces the ETC scheme into CT systems in combination with the ADP
algorithm. Different from DT systems, ETC is incorporated in ADP for CT systems. In
Chapter 6 a novel triggering condition considering input constraints is derived without
requiring the Lipschitz assumption on the inverse hyperbolic tangent function. ETC
for CT systems may suffer from the Zeno phenomenon where the triggering interval is
no more than 0 and infinite events can be encountered. Therefore, Chapter 6 conducts
the rigorous theoretical analysis of the Zeno phenomenon and avoids it concerning the
derived triggering condition. Furthermore, the closed-loop stability of the ETC scheme is
theoretically proven and verified through simulation on an aeroelastic system. The results
demonstrate that event-triggered ADP can produce stair-wise control commands, which
however are smoothed by the filter-like actuator.
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Overall, the ETC scheme respectively developed for DT and CT systems in Chap-
ters 5 and 6 can save computational and communication load and meanwhile can achieve
comparable control performance with common ADP approaches.

7.1.2 FINAL CONCLUSIONS

In conclusion, several ADP approaches have been developed to improve the autonomy and
online learning of aerial vehicles. Therefore, the research goal is achieved by answering
the main research question from 3 different aspects:

Main research question

How can aerial vehicles benefit from ADP to improve autonomy and online learning
in an uncertain environment, while satisfying requirements on input constraints,
adaptability, stability and computational efficiency?

Improve the leaning efficiency

« The GDHP approach is improved with explicit analytical calculations, which can
take away the inconsistencies in the existing literature and make the method more
explainable.

+ The incremental model is used to online identify the locally linear dynamics despite
output feedback (OPFB) and partial observability (PO), which provides precise state
transitions.

Enhance the control stability

+ The developed algorithms generally outperform existing incremental model-based
ACDs for flight control, significantly improving the success ratio. In the specific
research cases of this dissertation, the success ratio has been enhanced to over 99%,
compared to 86.7% for IHDP [42] and 95.5% for IDHP [34].

« Two approaches without online identification are proposed in Chapters 5 and 6.
These approaches ensure stability in the sense of Lyapunov despite input constraints
and event-triggered applications, as guaranteed by theoretical analysis.

« An improved update criterion is developed to eliminate the requirement for initial
admissible control while facilitating the weight update.

Reduce computational load

+ The ETC scheme is introduced to DT and CT ADP approaches, and the triggering
condition is designed, respectively. For CT systems, the Zeno phenomenon is also
theoretically avoided.

These benefits can support ADP flight controllers to achieve higher autonomy despite
uncertainties and constraints. Moreover, this dissertation bridges the gap between method
development and application scenarios in the ADP field and builds a link between the
aerospace community and the intelligent control community.
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7.2 RECOMMENDATIONS AND OUTLOOK

As an active research area, online intelligent flight control keeps attracting attention in the
future and reinforcement learning will play an important role. Consequently, this section
provides some potential areas for exploration and gives some personal prospects for this
area.

7.2.1 RECOMMENDATIONS FOR FUTURE STUDY

Although aerial vehicles can benefit from the proposed methods to improve autonomy and
online learning in an uncertain environment, while taking input constraints, adaptability,
stability and computational efficiency into consideration, there is still much space for
improvement before a realistic flight. The developed approaches are also not limited to
the application scenarios in this dissertation. Hereby the following insights for further
research are provided:

- This dissertation concentrates on the online learning ability of aerial vehicles. At
each run, the control policy is learnt from scratch. Nevertheless, offline learning is
often more stable and sometimes can provide initial admissible control for online
learning, which can accelerate online convergence. Consequently, the combination
with offline training techniques such as imitation learning [166] is recommended.

Similar to other intelligent algorithms, the approaches developed in this dissertation
require well-tuned hyperparameters to achieve satisfying performance. In this
dissertation, both grid search and manual search are utilized. However, manual
work requires a significant amount of effort in the development process. Therefore,
exploring autonomous hyperparameter-tuning techniques, such as using tools like
random search [167], Bayesian optimisation [168], genetic algorithms [169], or
automated machine learning (AutoML) platforms [170], could be an interesting
avenue for further research.

« In this dissertation ADP serves as the main and only control algorithm. It is also
possible to combine ADP with other classic control approaches, such as PID [171],
MPC [172] and NDI [173] because these well-known approaches have demonstrated
their stability and swift action in practical applications.

« In this dissertation, only low-level control problems are investigated because the
low-level control capability lays a foundation for high-level guidance and navigation
of aerial vehicles. However, reinforcement learning and ADP are not limited to
low-level control. In combination with various artificial neural networks (ANNs), RL
and ADP have the potential to deal with complex high-level tasks, especially for off-
policy RL methods, such as soft actor-critic (SAC) [174, 175] and deep deterministic
policy gradient (DDPG) [176].

« A cascaded actor network is adopted in Chapter 2 to make use of the physical
information. This hierarchical idea can be further extended to multiple levels of
guidance, navigation and control (GNC) in aerial vehicles.
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« The efficacy of the incremental model has been demonstrated through an experiment
[3] on the morphing wing shown in Fig. 1.1d. In this experiment, a NDI controller is
employed. To validate the performance of ADP methods proposed in this dissertation,
two experiments have been carried out on a wing section with the Low-Turbulence
Tunnel at TU Delft, and the experimental equipment is shown in Fig. 7.1. Although
the experimental results met expectations, we noticed that due to the weight and
structure limitations, the power of current ADP methods has been limited. However,
the most promising theoretical and technical solution for autonomous flight GNC
may rely on complicated ANNs that can capture complex features. Therefore, the
integration of more sampling and computation-efficient approaches may move RL
for aerial vehicles from the lab to the real world.

« Only a single agent is considered in this dissertation. In fact, RL and ADP are eligible
for solving multi-agent problems, which sometimes can incorporate game theory.
Therefore, further research on information control or swarm using the developed
approaches is recommended.

« Although the approaches in this dissertation are particularly developed for aerial
vehicles, they are all general approaches that can be applied to general nonlinear
systems without complicated transformations. It is therefore suggested to apply
them to other physical systems for an extension.

(a) Aeroelastic system (b) Whole experimental equipment

Figure 7.1: Wing section (aeroelastic system) and Low-Turbulence Tunnel. All computations of control law
and data transmissions are carried out on an embedded microcontroller attached to the wing section, which
shows limited computational capacity. In these experiments, both DT and CT ADP approaches proposed in this
dissertation have been tested. Publications about these experiments are expected.

7.2.2 PROSPECTS FOR RESEARCH FIELD

As we embark on a journey towards the future of Online Intelligent Flight Control using
Reinforcement Learning (RL), my vision is one where advanced technology and human
expertise converge to create safer, more efficient, and sustainable aerial vehicles.
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I see a future where intelligent flight control systems are not only able to analyze vast
amounts of data but also interpret and act on it in real time. These systems will be equipped
with advanced algorithms and sensors that can detect and respond to any changes in the
flight environment, making aerial vehicles more reliable. In this vision, RL plays a crucial
role in training intelligent flight control systems and allows them to learn from experience
and adapt to new situations. With this approach, flight control systems can make more
informed decisions about how to control aircraft.

In addition, I expect that autonomous flight control systems will be able to collabo-
rate with each other in real time. These systems will be able to learn from each other’s
experiences and adapt their behavior accordingly. By incorporating RL algorithms into the
decision-making of multiple agents, we can improve the efficiency of aerial vehicle flow
and reduce congestion.

As we move forward, I also anticipate that autonomous flight control systems will
extend beyond individual aircraft and into other areas of aviation such as air traffic control,
aircraft maintenance or specific practical tasks including inspection and rescue. This will
require new training programs and protocols for aviation professionals that incorporate
intelligent flight control systems, ensuring that they are able to work effectively alongside
these systems. I also expect the integration of explainable AI will be essential to ensure
transparency and understanding of the decisions made by these advanced systems.

Overall, I believe that the future of Online Intelligent Flight Control using Reinforce-
ment Learning holds tremendous potential. With continued investment in research and
development, we can unlock the full potential of RL and will see significant advancements
in this field in the years to come. My hope is that these advancements will lead to safer,
more efficient, and environmentally conscious aerial vehicles that benefit society as a
whole.



133

BIBLIOGRAPHY

REFERENCES

(1]

(2]

M. Karéasek, F. T. Muijres, C. De Wagter, B. D. Remes, and G. C. de Croon, “A tailless
aerial robotic flapper reveals that flies use torque coupling in rapid banked turns,”
Science, vol. 361, no. 6407, pp. 1089-1094, 2018.

T. Mkhoyan, N. R. Thakrar, R. De Breuker, and J. Sodja, “Design of a smart morphing
wing using integrated and distributed trailing edge camber morphing,” in Smart
Materials, Adaptive Structures and Intelligent Systems, vol. 84027, p. V001T04A023,
American Society of Mechanical Engineers, 2020.

B. Sun, T. Mkhoyan, E.-J. van Kampen, R. De Breuker, and X. Wang, “Vision-based
nonlinear incremental control for a morphing wing with mechanical imperfections,”
IEEE Transactions on Aerospace and Electronic Systems, vol. 58, no. 6, pp. 5506—-5518,
2022.

Electric VTOL News, “Airbus CityAirbus.” https://evtol.news/airbus-helicopters/.
Accessed: 20-06-2022.

Y. Chen, H. Wang, E. F. Helbling, N. T. Jafferis, R. Zufferey, A. Ong, K. Ma, N. Gravish,
P. Chirarattananon, M. Kovac, et al., “A biologically inspired, flapping-wing, hybrid
aerial-aquatic microrobot,” Science robotics, vol. 2, no. 11, p. eaa05619, 2017.

L. Burrows, “New robobee flies, dives, swims, and explodes out the of wa-
ter” https://wyss.harvard.edu/news/new-robobee-flies-dives-swims-and-explodes-
out-the-of-water. Accessed: 22-06-2022.

Y. Zhou, Online reinforcement learning control for aerospace systems. PhD thesis, Delft
University of Technology, 2018.

X. Wang, S. Sun, E.-J. van Kampen, and Q. P. Chu, “Quadrotor fault tolerant incremen-
tal sliding mode control driven by sliding mode disturbance observers,” Aerospace
Science and Technology, vol. 87, pp. 417-430, 2019.

W. Su and C. E. Cesnik, “Dynamic response of highly flexible flying wings,” AIAA
Journal, vol. 49, no. 2, pp. 324-339, 2011.

T. E. Noll, J. M. Brown, M. E. Perez-Davis, S. D. Ishmael, G. C. Tiffany, and M. Gaier,
“Investigation of the helios prototype aircraft mishap volume I mishap report,” tech.
rep., NASA Langley Research Center, 2004.

M. Pachter and P. R. Chandler, “Challenges of autonomous control,” IEEE Control
Systems Magazine, vol. 18, no. 4, pp. 92-97, 1998.



134

BiBLIOGRAPHY

[12]

(13]

[14]

(15]

(16]

(17]

(18]

(19]

[20]

[21]

(22]

(23]

[24]

[25]

[26]

H. Chen, X.-m. Wang, and Y. Li, “A survey of autonomous control for uav;,” in 2009
International Conference on Artificial Intelligence and Computational Intelligence,
vol. 2, pp. 267-271, IEEE, 2009.

J. D. Lee, “Perspectives on automotive automation and autonomy,” Journal of Cogni-
tive Engineering and Decision Making, vol. 12, no. 1, pp. 53-57, 2018.

J. Junell, An Empirical Approach to Reinforcement Learning for Micro Aerial Vehicles.
PhD thesis, Delft University of Technology, 2018.

European Union Aviation Safety Agency (EASA), “Artificial intelligence roadmap:
A human-centric approach to ai in aviation,” tech. rep., European Union Aviation
Safety Agency (EASA), 2020.

R. S. Sutton and A. G. Barto, Reinforcement learning: An introduction. MIT press,
2 ed., 2018.

P.J. Antsaklis, K. M. Passino, and S. J. Wang, “An introduction to autonomous control
systems,” IEEE Control Systems Magazine, vol. 11, no. 4, pp. 5-13, 1991.

D. Bertsekas, Dynamic programming and optimal control. Athena scientific, 4 ed.,
2012.

R. Bellman, Dynamic Programming. Dover Publications Inc., 2003.

J. Kober, J. A. Bagnell, and J. Peters, “Reinforcement learning in robotics: A survey,”
The International Journal of Robotics Research, vol. 32, no. 11, pp. 1238—-1274, 2013.

F. L. Lewis and D. Vrabie, “Reinforcement learning and adaptive dynamic program-
ming for feedback control,” IEEE circuits and systems magazine, vol. 9, no. 3, pp. 32-50,
20009.

S. G. Khan, G. Herrmann, F. L. Lewis, T. Pipe, and C. Melhuish, “Reinforcement
learning and optimal adaptive control: An overview and implementation examples,”
Annual reviews in control, vol. 36, no. 1, pp. 42-59, 2012.

F.L. Lewis and D. Liu, Reinforcement learning and approximate dynamic programming
for feedback control. John Wiley & Sons, 2013.

W. B. Powell, Approximate Dynamic Programming: Solving the curses of dimensional-
ity, vol. 703. John Wiley & Sons, 2007.

D. Wang, H. He, and D. Liu, “Adaptive critic nonlinear robust control: A survey,”
IEEE transactions on cybernetics, vol. 47, no. 10, pp. 3429-3451, 2017.

D. V. Prokhorov and D. C. Wunsch, “Adaptive critic designs,” IEEE transactions on
Neural Networks, vol. 8, no. 5, pp. 997-1007, 1997.

A. Al-Tamimi, F. L. Lewis, and M. Abu-Khalaf, “Discrete-time nonlinear hjb solution
using approximate dynamic programming: Convergence proof,” IEEE Transactions
on Systems, Man, and Cybernetics, Part B (Cybernetics), vol. 38, no. 4, pp. 943-949,
2008.



REFERENCES 135

(28]

[29]

[30]

[31]

[32]

[33]

[34]

[40]

D. P. Bertsekas and J. N. Tsitsiklis, “Neuro-dynamic programming: an overview,” in
Proceedings of 1995 34th IEEE conference on decision and control, vol. 1, pp. 560-564,
IEEE, 1995.

R. Enns and J. Si, “Neuro-dynamic programming applied to helicopter flight control,”
in AIAA Guidance, Navigation, and Control Conference and Exhibit, p. 4280, ATAA,
2000.

B. Lincoln and A. Rantzer, “Relaxing dynamic programming,” IEEE Transactions on
Automatic Control, vol. 51, no. 8, pp. 1249-1260, 2006.

I. Grondman, Online model learning algorithms for actor-critic control. PhD thesis,
Delft University of Technology, 2015.

J. Si, A. G. Barto, W. B. Powell, and D. Wunsch, Handbook of learning and approximate
dynamic programming, vol. 2. John Wiley & Sons, 2004.

A. P. Valadbeigi, A. K. Sedigh, and F. L. Lewis, “Hoo static output-feedback control
design for discrete-time systems using reinforcement learning,” IEEE transactions on
neural networks and learning systems, vol. 31, no. 2, pp. 396-406, 2019.

Y. Zhou, E.-J. van Kampen, and Q. P. Chu, “Incremental model based online dual
heuristic programming for nonlinear adaptive control,” Control Engineering Practice,
vol. 73, pp. 13-25, 2018.

T. Mannucci, Safe Online Robust Exploration for Reinforcement Learning Control of
Unmanned Aerial Vehicles. PhD thesis, Delft University of Technology, 2017.

S. Ferrari and R. F. Stengel, “Online adaptive critic flight control,” Journal of Guidance,
Control, and Dynamics, vol. 27, no. 5, pp. 777-786, 2004.

A. Heydari and S. N. Balakrishnan, “Finite-horizon control-constrained nonlinear
optimal control using single network adaptive critics,” IEEE Transactions on Neural
Networks and Learning Systems, vol. 24, no. 1, pp. 145-157, 2013.

R.S. Sutton, A. G. Barto, and R. J. Williams, “Reinforcement learning is direct adaptive
optimal control,” IEEE control systems magazine, vol. 12, no. 2, pp. 19-22, 1992.

E.-J. van Kampen, Q. P. Chu, and J. Mulder, “Continuous adaptive critic flight control
aided with approximated plant dynamics,” in AIAA Guidance, Navigation, and Control
Conference and Exhibit, p. 6429, 2006.

S. Gu, T. Lillicrap, L. Sutskever, and S. Levine, “Continuous deep g-learning with
model-based acceleration,” in International conference on machine learning, pp. 2829-
2838, PMLR, 2016.

D. Silver, J. Schrittwieser, K. Simonyan, I. Antonoglou, A. Huang, A. Guez, T. Hu-
bert, L. Baker, M. Lai, A. Bolton, et al., “Mastering the game of go without human
knowledge,” nature, vol. 550, no. 7676, pp. 354-359, 2017.



136

BiBLIOGRAPHY

[42]

(43]

[46]

(47]

(48]

[51]

(52]

(53]

(54]

Y. Zhou, E.-J. van Kampen, and Q. P. Chu, “Launch vehicle adaptive flight control
with incremental model based heuristic dynamic programming,” in 68th International
Astronautical Congress (IAC), Adelaide, Australia, 2017.

D. Liu, D. Wang, D. Zhao, Q. Wei, and N. Jin, “Neural-network-based optimal con-
trol for a class of unknown discrete-time nonlinear systems using globalized dual
heuristic programming,” IEEE Transactions on Automation Science and Engineering,
vol. 9, pp. 628634, July 2012.

S. Bhasin, R. Kamalapurkar, M. Johnson, K. G. Vamvoudakis, F. L. Lewis, and W. E.
Dixon, “A novel actor—critic-identifier architecture for approximate optimal control
of uncertain nonlinear systems,” Automatica, vol. 49, no. 1, pp. 82-92, 2013.

D. Liu, Y. Huang, D. Wang, and Q. Wei, “Neural-network-observer-based optimal
control for unknown nonlinear systems using adaptive dynamic programming,”
International Journal of Control, vol. 86, no. 9, pp. 1554-1566, 2013.

X. Wang, E.-J. van Kampen, Q. P. Chu, and P. Lu, “Incremental sliding-mode fault-
tolerant flight control,” Journal of Guidance, Control, and Dynamics, vol. 42, no. 2,
pp. 244-259, 2018.

Y. Zhou, E.-J. van Kampen, and Q. P. Chu, “Nonlinear adaptive flight control using
incremental approximate dynamic programming and output feedback,” Journal of
Guidance, Control, and Dynamics, vol. 40, no. 2, pp. 493-496, 2016.

Z. Wang, R. Lu, F. Gao, and D. Liu, “An indirect data-driven method for trajectory
tracking control of a class of nonlinear discrete-time systems,” IEEE Transactions on
Industrial Electronics, vol. 64, no. 5, pp. 4121-4129, 2017.

S. Ragi and E. K. Chong, “UAV path planning in a dynamic environment via partially
observable Markov decision process,” IEEE Transactions on Aerospace and Electronic
Systems, vol. 49, no. 4, pp- 2397-2412, 2013.

Y. Zhou, E.-J. van Kampen, and Q. P. Chu, “Incremental approximate dynamic
programming for nonlinear adaptive tracking control with partial observability,”
Journal of Guidance, Control, and Dynamics, vol. 41, no. 12, pp. 2554-2567, 2018.

H. Kim, M. Jordan, S. Sastry, and A. Ng, “Autonomous helicopter flight via reinforce-
ment learning,” Advances in neural information processing systems, vol. 16, 2003.

J. Hwangbo, I Sa, R. Siegwart, and M. Hutter, “Control of a quadrotor with reinforce-
ment learning,” IEEE Robotics and Automation Letters, vol. 2, no. 4, pp. 2096-2103,
2017.

J. Xu, T. Du, M. Foshey, B. Li, B. Zhu, A. Schulz, and W. Matusik, “Learning to fly:
computational controller design for hybrid uavs with reinforcement learning,” ACM
Transactions on Graphics (TOG), vol. 38, no. 4, pp. 1-12, 2019.

Y. Yu, “Towards sample efficient reinforcement learning.,” in IJCAL pp. 5739-5743,
2018.



REFERENCES 137

[55]

[56]

[57]

(58]

[59]

[60]

[64]

[65]

[66]

D. V. Dimarogonas, E. Frazzoli, and K. H. Johansson, “Distributed event-triggered
control for multi-agent systems,” IEEE Transactions on Automatic Control, vol. 57,
no. 5, pp. 1291-1297, 2012.

J. Wang, X.-M. Zhang, and Q.-L. Han, “Event-triggered generalized dissipativity
filtering for neural networks with time-varying delays,” IEEE Transactions on Neural
Networks and Learning Systems, vol. 27, no. 1, pp. 77-88, 2016.

Q. Liu, M. Liu, Y. Shi, and J. Yu, “Event-triggered adaptive attitude control for flexible
spacecraft with actuator nonlinearity,” Aerospace Science and Technology, vol. 106,
p- 106111, 2020.

M. Poozesh and S. Mobayen, “Event-triggered fractional-order sliding mode con-
trol technique for stabilization of disturbed quadrotor unmanned aerial vehicles,”
Aerospace Science and Technology, p. 107337, 2022.

B. Sun and E.-J. van Kampen, “Incremental model-based global dual heuristic pro-
gramming with explicit analytical calculations applied to flight control,” Engineering
Applications of Artificial Intelligence, vol. 89, p. 103425, 2020.

M. Lungu and R. Lungu, “Neural network based adaptive control of airplane’s lateral-
directional motion during final approach phase of landing,” Engineering Applications
of Artificial Intelligence, vol. 74, pp. 322-335, 2018.

A. Coates, P. Abbeel, and A. Y. Ng, “Autonomous helicopter flight using reinforcement
learning,” Encyclopedia of Machine Learning and Data Mining, pp. 75-85, 2017.

Y. Zhou, E. van Kampen, and Q. P. Chu, “Incremental model based heuristic dynamic
programming for nonlinear adaptive flight control,” in Proceedings of the International
Micro Air Vehicles Conference and Competition 2016, Beijing, China, 2016.

B. Sun and E.-J. van Kampen, “Incremental model-based global dual heuristic pro-
gramming for flight control,” IFAC-PapersOnLine, vol. 52, no. 29, pp. 7-12, 2019.

D. Wang, “Intelligent critic control with robustness guarantee of disturbed nonlinear
plants,” IEEE transactions on cybernetics, vol. 50, no. 6, pp. 2740-2748, 2019.

D. Wang, “Robust policy learning control of nonlinear plants with case studies for a
power system application,” IEEE Transactions on Industrial Informatics, vol. 16, no. 3,
pp. 1733-1741, 2019.

E. F. Ferreira, P. H. Régo, and J. V. Neto, “Numerical stability improvements of state-
value function approximations based on rls learning for online hdp-dlgr control
system design,” Engineering Applications of Artificial Intelligence, vol. 63, pp. 1-19,
2017.

D. Wang, M. Ha, and J. Qiao, “Self-learning optimal regulation for discrete-time
nonlinear systems under event-driven formulation,” IEEE Transactions on Automatic
Control, vol. 65, no. 3, pp. 1272-1279, 2019.



138

BiBLIOGRAPHY

[68]

[69]

[70]

(71]

[72]

(73]

[77]

(78]

G. K. Venayagamoorthy, R. G. Harley, and D. C. Wunsch, “Comparison of heuristic
dynamic programming and dual heuristic programming adaptive critics for neuro-
control of a turbogenerator,” IEEE Transactions on Neural Networks, vol. 13, no. 3,
pp. 764-773, 2002.

J. Yi, S. Chen, X. Zhong, W. Zhou, and H. He, “Event-triggered globalized dual
heuristic programming and its application to networked control systems,” IEEE
Transactions on Industrial Informatics, vol. 15, no. 3, pp. 1383-1392, 2019.

M. Fairbank, E. Alonso, and D. Prokhorov, “Simple and fast calculation of the second-
order gradients for globalized dual heuristic dynamic programming in neural net-
works,” IEEE transactions on neural networks and learning systems, vol. 23, no. 10,
pp. 1671-1676, 2012.

J. R. Magnus and H. Neudecker, Matrix differential calculus with applications in
statistics and econometrics. John Wiley & Sons, 2019.

M. Abouheaf, W. Gueaieb, and F. Lewis, “Model-free gradient-based adaptive learning
controller for an unmanned flexible wing aircraft,” Robotics, vol. 7, no. 4, p. 66, 2018.

K. G. Vamvoudakis and H. Ferraz, “Model-free event-triggered control algorithm
for continuous-time linear systems with optimal performance,” Automatica, vol. 87,
pp. 412-420, 2018.

H. Lin, Q. Wei, and D. Liu, “Online identifier-actor—critic algorithm for optimal
control of nonlinear systems,” Optimal Control Applications and Methods, vol. 38,
no. 3, pp. 317-335, 2017.

X. Wang, E. van Kampen, Q. P. Chu, and P. Lu, “Stability analysis for incremental
nonlinear dynamic inversion control,” Journal of Guidance, Control, and Dynamics,
vol. 42, no. 5, pp. 1116-1129, 2019.

X. Wang and E. van Kampen, “Incremental backstepping sliding mode fault-tolerant
flight control,” in AIAA Scitech 2019 Forum, p. 0110, 2019.

A. A. Abdullah, P. A. Ioannou, and G. Samaras, “Control design for f-16 longitudinal
motion,” IFAC Proceedings Volumes, vol. 37, no. 6, pp. 529-534, 2004.

L. Nguyen, M. Ogburn, W. Gilbert, K. Kibler, P. Brown, and P. Deal, “Nasa technical
paper 1538-simulator study of stall/post-stall characteristics of a fighter airplane
with relaxed longitudinal static stability,” Tech. rep., NASA, 1979.

R. Van’t Veld, E. van Kampen, and Q. P. Chu, “Stability and robustness analysis and
improvements for incremental nonlinear dynamic inversion control,” in 2018 AIAA
Guidance, Navigation, and Control Conference, p. 1127, 2018.

B. Sun and E.-J. van Kampen, “Intelligent adaptive optimal control using incremental
model-based global dual heuristic programming subject to partial observability,”
Applied Soft Computing, vol. 103, p. 107153, 2021.



REFERENCES 139

[81]

(82]

(83]

(89]

[90]

[91]

S. Suresh and N. Kannan, “Direct adaptive neural flight control system for an unstable
unmanned aircraft,” Applied Soft Computing, vol. 8, no. 2, pp. 937-948, 2008.

D. P. Bertsekas, Dynamic programming and optimal control, vol. 1. Athena scientific
Belmont, MA, 1995.

H. J. Kappen, Optimal control theory and the linear Bellman equation. Cambridge
University Press, 2011.

B. Sun and E.-J. van Kampen, “Incremental model-based heuristic dynamic program-
ming with output feedback applied to aerospace system identification and control,”
in 2020 IEEE Conference on Control Technology and Applications (CCTA), pp. 366—371,
IEEE, 2020.

P. Husek and K. Narenathreyas, “Aircraft longitudinal motion control based on
takagi-sugeno fuzzy model,” Applied Soft Computing, vol. 49, pp. 269-278, 2016.

S. A. A. Rizvi and Z. Lin, “Output feedback Q-learning control for the discrete-time
linear quadratic regulator problem,” IEEE transactions on neural networks and learning
systems, vol. 30, no. 5, pp. 1523-1536, 2018.

X. Liu, B. Zhao, and D. Liu, “Fault tolerant tracking control for nonlinear systems
with actuator failures through particle swarm optimization-based adaptive dynamic
programming,” Applied Soft Computing, vol. 97, p. 106766, 2020.

F. L. Lewis and K. G. Vamvoudakis, “Reinforcement learning for partially observable
dynamic processes: Adaptive dynamic programming using measured output data,”
IEEE Transactions on Systems, Man, and Cybernetics, Part B (Cybernetics), vol. 41,
no. 1, pp. 14-25, 2010.

B. Kiumarsi, F. L. Lewis, M.-B. Naghibi-Sistani, and A. Karimpour, “Optimal tracking
control of unknown discrete-time linear systems using input-output measured data,”
IEEE transactions on cybernetics, vol. 45, no. 12, pp. 2770-2779, 2015.

A. Keshavarz and S. Boyd, “Quadratic approximate dynamic programming for input-
affine systems,” International Journal of Robust and Nonlinear Control, vol. 24, no. 3,
pp. 432-449, 2014.

D. Liu, X. Yang, D. Wang, and Q. Wei, “Reinforcement-learning-based robust con-
troller design for continuous-time uncertain nonlinear systems subject to input
constraints,” IEEE transactions on cybernetics, vol. 45, no. 7, pp. 1372-1385, 2015.

H. Modares and F. L. Lewis, “Optimal tracking control of nonlinear partially-unknown
constrained-input systems using integral reinforcement learning,” Automatica, vol. 50,
no. 7, pp. 1780-1792, 2014.

H. Modares, F. L. Lewis, and M.-B. Naghibi-Sistani, “Integral reinforcement learning
and experience replay for adaptive optimal control of partially-unknown constrained-
input continuous-time systems,” Automatica, vol. 50, no. 1, pp. 193-202, 2014.



140

BiBLIOGRAPHY

[94]

(97]

[99]

[100]

[101]

F. A. Yaghmaie and D. J. Braun, “Reinforcement learning for a class of continuous-
time input constrained optimal control problems,” Automatica, vol. 99, pp. 221-227,
2019.

K. Zhang, H. Zhang, X. Liang, and Z. Wang, “Neurodynamic programming and
tracking control scheme of constrained-input systems via a novel event-triggered pi
algorithm,” Applied Soft Computing, vol. 83, p. 105629, 2019.

B. Kiumarsi, K. G. Vamvoudakis, H. Modares, and F. L. Lewis, “Optimal and au-
tonomous control using reinforcement learning: A survey, IEEE transactions on
neural networks and learning systems, vol. 29, no. 6, pp. 2042-2062, 2017.

B. Depraetere, M. Liu, G. Pinte, I. Grondman, and R. Babuska, “Comparison of model-
free and model-based methods for time optimal hit control of a badminton robot,”
Mechatronics, vol. 24, no. 8, pp. 1021-1030, 2014.

B. Sun and E.-J. van Kampen, “Launch vehicle discrete-time optimal tracking con-
trol using global dual heuristic programming,” in 2020 IEEE Conference on Control
Technology and Applications (CCTA), pp. 162-167, IEEE, 2020.

D. Liu, D. Wang, D. Zhao, Q. Wei, and N. Jin, “Neural-network-based optimal con-
trol for a class of unknown discrete-time nonlinear systems using globalized dual
heuristic programming,” IEEE Transactions on Automation Science and Engineering,
vol. 9, no. 3, pp. 628-634, 2012.

D. Wang, D. Liu, Q. Wei, D. Zhao, and N. Jin, “Optimal control of unknown non-
affine nonlinear discrete-time systems based on adaptive dynamic programming,’
Automatica, vol. 48, no. 8, pp. 1825-1832, 2012.

D. Vrabie and F. Lewis, “Neural network approach to continuous-time direct adaptive
optimal control for partially unknown nonlinear systems,” Neural Networks, vol. 22,
no. 3, pp. 237246, 2009.

[102] J. Na and G. Herrmann, “Online adaptive approximate optimal tracking control with

[103]

[104]

[105]

simplified dual approximation structure for continuous-time unknown nonlinear
systems,” IEEE/CAA Journal of Automatica Sinica, vol. 1, no. 4, pp. 412-422, 2014.

L. Grondman, M. Vaandrager, L. Busoniu, R. Babuska, and E. Schuitema, “Efficient
model learning methods for actor—critic control,” IEEE Transactions on Systems, Man,
and Cybernetics, Part B (Cybernetics), vol. 42, no. 3, pp. 591-602, 2012.

Y. Huang, D. M. Pool, O. Stroosma, and Q. Chu, “Long-stroke hydraulic robot motion
control with incremental nonlinear dynamic inversion,” IEEE/ASME Transactions on
Mechatronics, vol. 24, no. 1, pp. 304-314, 2019.

Y. Zhou, E.-J. Van Kampen, and Q. Chu, “Incremental model based online heuristic
dynamic programming for nonlinear adaptive tracking control with partial observ-
ability,” Aerospace Science and Technology, vol. 105, p. 106013, 2020.



REFERENCES 141

[106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]

[114]

[115]

[116]

[117]

[118]

N. Szanto, V. Narayanan, and S. Jagannathan, “Event-sampled direct adaptive NN
output- and state-feedback control of uncertain strict-feedback system,” IEEE trans-
actions on neural networks and learning systems, vol. 29, no. 5, pp. 1850-1863, 2017.

Y. Zhou, E.-J. van Kampen, and Q. P. Chu, “Hybrid hierarchical reinforcement learning
for online guidance and navigation with partial observability,” Neurocomputing,
vol. 331, pp. 443-457, 2019.

F. Grondman, G. Looye, R. O. Kuchar, Q. P. Chu, and E.-]J. van Kampen, “Design and
flight testing of incremental nonlinear dynamic inversion-based control laws for
a passenger aircraft,” in 2018 AIAA Guidance, Navigation, and Control Conference,
p- 0385, 2018.

B. Farhang-Boroujeny, Adaptive filters: theory and applications. John Wiley & Sons,
2 ed., 2013.

D. Simon, Optimal state estimation: Kalman, H infinity, and nonlinear approaches.
John Wiley & Sons, 2006.

B. Sun and E.-J. van Kampen, “Reinforcement learning-based adaptive optimal flight
control with output feedback and input constraints,” Journal of Guidance, Control,
and Dynamics, vol. 44, no. 9, pp. 1685-1691, 2021.

J. Junell, T. Mannucci, Y. Zhou, and E. van Kampen, “Self-tuning gains of a quadrotor
using a simple model for policy gradient reinforcement learning,” in AIAA Guidance,
Navigation, and Control Conference, p. 1387, 2016.

A. Heydari and S. Balakrishnan, “Adaptive critic-based solution to an orbital ren-
dezvous problem,” Journal of Guidance, Control, and Dynamics, vol. 37, no. 1, pp. 344~
350, 2014.

B. Kiumarsi and F. L. Lewis, “Actor—critic-based optimal tracking for partially un-
known nonlinear discrete-time systems,” IEEE transactions on neural networks and
learning systems, vol. 26, no. 1, pp. 140-151, 2015.

H. Li, L. Sun, W. Tan, B. Jia, and X. Liu, “Switching flight control for incremental
model-based dual heuristic dynamic programming,” Journal of Guidance, Control,
and Dynamics, pp. 1-7, 2020.

M. D. Tandale and J. Valasek, “Adaptive dynamic inversion control with actuator
saturation constraints applied to tracking spacecraft maneuvers,” Journal of the
Astronautical Sciences, vol. 52, no. 4, pp. 517-530, 2004.

L. Sonneveldt, Q. Chu, and J. Mulder, “Nonlinear flight control design using con-
strained adaptive backstepping,” Journal of Guidance, Control, and Dynamics, vol. 30,
no. 2, pp. 322-336, 2007

L. Sonneveldt, E. Van Oort, Q. Chu, and J. Mulder, “Nonlinear adaptive trajectory
control applied to an f-16 model,” Journal of Guidance, control, and Dynamics, vol. 32,
no. 1, pp. 25-39, 2009.



142

BiBLIOGRAPHY

[119]

[120]

[121]

[122]

[123]

[124]

[125]

[126]

[127]

[128]

[129]

[130]

B. Sun and E.-]. van Kampen, “Event-triggered constrained control using explainable
global dual heuristic programming for nonlinear discrete-time systems,” Neurocom-
puting, vol. 468, no. 1, pp. 452-463, 2022.

J. Zhao, J. Na, and G. Gao, “Adaptive dynamic programming based robust control of
nonlinear systems with unmatched uncertainties,” Neurocomputing, vol. 395, pp. 56—
65, 2020.

D. Wang, M. Ha, and J. Qiao, “Self-learning optimal regulation for discrete-time
nonlinear systems under event-driven formulation,” IEEE Transactions on Automatic
Control, vol. 65, no. 3, pp. 1272-1279, 2020.

Q. Liu, T. Li, Q. Shan, R. Yu, and X. Gao, “Virtual guide automatic berthing con-
trol of marine ships based on heuristic dynamic programming iteration method,”
Neurocomputing, vol. 437, pp. 289-299, 2021.

L. Kong, S. Zhang, and X. Yu, “Approximate optimal control for an uncertain robot
based on adaptive dynamic programming,” Neurocomputing, vol. 423, pp. 308-317,
2021.

G. Che and Z. Yu, “Neural-network estimators based fault-tolerant tracking control
for AUV via ADP with rudders faults and ocean current disturbance,” Neurocomputing,
vol. 411, pp. 442454, 2020.

B. Kiumarsi, K. G. Vamvoudakis, H. Modares, and F. L. Lewis, “Optimal and au-
tonomous control using reinforcement learning: A survey, IEEE transactions on
neural networks and learning systems, vol. 29, no. 6, pp. 2042-2062, 2018.

A. B. Arrieta, N. Diaz-Rodriguez, J. Del Ser, A. Bennetot, S. Tabik, A. Barbado, S. Gar-
cia, S. Gil-Lépez, D. Molina, R. Benjamins, et al., “Explainable artificial intelligence
(XAI): Concepts, taxonomies, opportunities and challenges toward responsible ai,”
Information Fusion, vol. 58, pp. 82-115, 2020.

M. Abu-Khalaf and F. L. Lewis, “Nearly optimal control laws for nonlinear systems
with saturating actuators using a neural network HJB approach,” Automatica, vol. 41,
no. 5, pp. 779-791, 2005.

H. Zhang, Y. Luo, and D. Liu, “Neural-network-based near-optimal control for a class
of discrete-time affine nonlinear systems with control constraints,” IEEE Transactions
on Neural Networks, vol. 20, no. 9, pp. 1490-1503, 2009.

M. Ha, D. Wang, and D. Liu, “Event-triggered constrained control with DHP im-
plementation for nonaffine discrete-time systems,” Information Sciences, vol. 519,
pp. 110-123, 2020.

X. Yang and Q. Wei, “Adaptive critic learning for constrained optimal event-triggered
control with discounted cost,” IEEE Transactions on Neural Networks and Learning
Systems, vol. 32, no. 1, pp. 91-104, 2021.



REFERENCES 143

[131]

[132]

[133]

[134]

[135]

[136]

[137]

[138]

[139]

[140]

[141]

[142]

A. Sahoo, H. Xu, and S. Jagannathan, “Near optimal event-triggered control of non-
linear discrete-time systems using neurodynamic programming,” IEEE transactions
on neural networks and learning systems, vol. 27, no. 9, pp. 1801-1815, 2016.

M. Dai, J. Xia, H. Xia, and H. Shen, “Event-triggered passive synchronization for
markov jump neural networks subject to randomly occurring gain variations,” Neu-
rocomputing, vol. 331, pp. 403-411, 2019.

H. Zhang, Z. Qiu, J. Cao, M. Abdel-Aty, and L. Xiong, “Event-triggered synchroniza-
tion for neutral-type semi-markovian neural networks with partial mode-dependent
time-varying delays,” IEEE transactions on neural networks and learning systems,
vol. 31, no. 11, pp. 4437-4450, 2020.

S. Wang, Y. Cao, T. Huang, Y. Chen, and S. Wen, “Event-triggered distributed control
for synchronization of multiple memristive neural networks under cyber-physical
attacks,” Information Sciences, vol. 518, pp. 361-375, 2020.

S. Zhang, B. Zhao, and Y. Zhang, “Event-triggered control for input constrained non-
affine nonlinear systems based on neuro-dynamic programming,” Neurocomputing,
vol. 440, pp. 175-184, 2021.

S. Xue, B. Luo, D. Liu, and Y. Li, “Adaptive dynamic programming based event-
triggered control for unknown continuous-time nonlinear systems with input con-
straints,” Neurocomputing, vol. 396, pp. 191-200, 2020.

R. Song and L. Liu, “Event-triggered constrained robust control for partly-unknown
nonlinear systems via adp,” Neurocomputing, vol. 404, pp. 294-303, 2020.

L. Dong, X. Zhong, C. Sun, and H. He, “Adaptive event-triggered control based on
heuristic dynamic programming for nonlinear discrete-time systems,” IEEE transac-
tions on neural networks and learning systems, vol. 28, no. 7, pp. 1594-1605, 2017.

M. Ha, D. Wang, and D. Liu, “Event-triggered adaptive critic control design for
discrete-time constrained nonlinear systems,” IEEE Transactions on Systems, Man,
and Cybernetics: Systems, vol. 50, no. 9, pp. 3158 — 3168, 2020.

Z. Wang, Q. Wei, and D. Liu, “A novel triggering condition of event-triggered control
based on heuristic dynamic programming for discrete-time systems,” Optimal Control
Applications and Methods, vol. 39, no. 4, pp. 1467-1478, 2018.

L. Liu, Z. Wang, and H. Zhang, “Neural-network-based robust optimal tracking
control for MIMO discrete-time systems with unknown uncertainty using adaptive
critic design,” IEEE transactions on neural networks and learning systems, vol. 29, no. 4,
pp. 1239-1251, 2018.

Q. Wei, D. Liu, and H. Lin, “Value iteration adaptive dynamic programming for
optimal control of discrete-time nonlinear systems,” IEEE Transactions on cybernetics,
vol. 46, no. 3, pp- 840-853, 2016.



144

BiBLIOGRAPHY

[143]

[144]

[145]

[146]

[147]

[148]

[149]

[150]

[151]

[152]

[153]

[154]

[155]

T. Dierks, B. T. Thumati, and S. Jagannathan, “Optimal control of unknown affine
nonlinear discrete-time systems using offline-trained neural networks with proof of
convergence,” Neural Networks, vol. 22, no. 5-6, pp. 851-860, 2009.

B. Sun, X. Wang, and E.-J. van Kampen, “Event-triggered intelligent critic control
with input constraints applied to a nonlinear aeroelastic system,” Aerospace Science
and Technology, vol. 120, p. 107279, 2022.

J. Yuan, N. Qi, Z. Qiu, and F. Wang, “Adaptive rbf observer-sliding mode con-
troller design for a two dimensional aeroelastic system with unsteady aerodynamics,”
Aerospace Science and Technology, vol. 80, pp. 482-495, 2018.

K. W. Lee and S. N. Singh, “Robust finite-time continuous control of an unsteady
aeroelastic system,” Journal of Guidance, Control, and Dynamics, vol. 41, no. 4, pp. 978—
986, 2018.

D. Li, J. Xiang, and S. Guo, “Adaptive control of a nonlinear aeroelastic system,”
Aerospace Science and Technology, vol. 15, no. 5, pp. 343-352, 2011.

H. Lhachemi, Y. Chu, D. Saussié, and G. Zhu, “Flutter suppression for underactuated
aeroelastic wing section: Nonlinear gain-scheduling approach,” Journal of Guidance,
Control, and Dynamics, vol. 40, no. 8, pp. 2102-2109, 2017.

W. Su and W. Song, “A real-time hybrid aeroelastic simulation platform for flexible
wings,” Aerospace Science and Technology, vol. 95, p. 105513, 2019.

T. W. Strganac, J. Ko, D. E. Thompson, and A. J. Kurdila, “Identification and control
of limit cycle oscillations in aeroelastic systems,” Journal of Guidance, Control, and
Dynamics, vol. 23, no. 6, pp. 1127-1133, 2000.

D. Wang, H. He, and D. Liu, “Improving the critic learning for event-based nonlinear
Hoo control design,” IEEE Transactions on Cybernetics, vol. 47, no. 10, pp. 3417-3428,
2017.

C. Peng and J. Ma, “Online integral reinforcement learning control for an uncertain
highly flexible aircraft using state and output feedback,” Aerospace Science and
Technology, p. 106442, 2020.

X. Han, Z. Zheng, L. Liu, B. Wang, Z. Cheng, H. Fan, and Y. Wang, “Online policy
iteration adp-based attitude-tracking control for hypersonic vehicles,” Aerospace
Science and Technology, vol. 106, p. 106233, 2020.

C. Liu, C. Dong, Z. Zhou, and Z. Wang, “Barrier lyapunov function based reinforce-
ment learning control for air-breathing hypersonic vehicle with variable geometry
inlet,” Aerospace Science and Technology, vol. 96, p. 105537, 2020.

H. Dong, X. Zhao, and B. Luo, “Optimal tracking control for uncertain nonlinear
systems with prescribed performance via critic-only adp,” IEEE Transactions on
Systems, Man, and Cybernetics: Systems, vol. 52, no. 1, pp. 561-573, 2020.



REFERENCES 145

[156]

[157]

[158]

[159]

[160]

[161]

[162]

[163]

[164]

[165]

[166]

J. Na, B. Wang, G. Li, S. Zhan, and W. He, “Nonlinear constrained optimal control of

wave energy converters with adaptive dynamic programming,” IEEE Transactions on
Industrial Electronics, vol. 66, no. 10, pp. 7904-7915, 2018.

V. Narayanan, H. Modares, S. Jagannathan, and F. L. Lewis, “Event-driven off-policy
reinforcement learning for control of interconnected systems,” IEEE transactions on
cybernetics, vol. 52, no. 3, pp. 1936-1946, 2020.

K. G. Vamvoudakis, “Event-triggered optimal adaptive control algorithm for
continuous-time nonlinear systems,” IEEE/CAA Journal of Automatica Sinica, vol. 1,
no. 3, pp. 282-293, 2014.

A. Sahoo, H. Xu, and S. Jagannathan, “Approximate optimal control of affine non-
linear continuous-time systems using event-sampled neurodynamic programming,’
IEEE transactions on neural networks and learning systems, vol. 28, no. 3, pp. 639-652,
2016.

P. Tabuada, “Event-triggered real-time scheduling of stabilizing control tasks,” IEEE
Transactions on Automatic Control, vol. 52, no. 9, pp. 1680-1685, 2007.

D. Wang, C. Mu, X. Yang, and D. Liu, “Event-based constrained robust control of
affine systems incorporating an adaptive critic mechanism,” IEEE Transactions on
Systems, Man, and Cybernetics: Systems, vol. 47, no. 7, pp. 1602-1612, 2017.

Y. Zhu, D. Zhao, H. He, and J. Ji, “Event-triggered optimal control for partially
unknown constrained-input systems via adaptive dynamic programming,” IEEE
Transactions on Industrial Electronics, vol. 64, no. 5, pp. 4101-4109, 2017.

D. Wang, H. He, and D. Liu, “Intelligent optimal control with critic learning for a
nonlinear overhead crane system,” IEEE Transactions on Industrial Informatics, vol. 14,
no. 7, pp. 2932-2940, 2018.

L. Sanches, T. A. Guimar&es, and F. D. Marques, “Aeroelastic tailoring of nonlinear
typical section using the method of multiple scales to predict post-flutter stable lcos,”
Aerospace Science and Technology, vol. 90, pp. 157-168, 2019.

H. K. Khalil and J. W. Grizzle, Nonlinear systems. Prentice hall Upper Saddle River,
NJ, 3 ed., 2002.

T. Zhang, Z. McCarthy, O. Jow, D. Lee, X. Chen, K. Goldberg, and P. Abbeel, “Deep
imitation learning for complex manipulation tasks from virtual reality teleoperation,’
in 2018 IEEE International Conference on Robotics and Automation (ICRA), pp. 5628—
5635, IEEE, 2018.

[167] J. Bergstra and Y. Bengio, “Random search for hyper-parameter optimization.,” Jour-

nal of machine learning research, vol. 13, no. 2, 2012.

[168] J.Snoek, H. Larochelle, and R. P. Adams, “Practical bayesian optimization of machine

learning algorithms,” Advances in neural information processing systems, vol. 25, 2012.



146

BiBLIOGRAPHY

[169]

H. Alibrahim and S. A. Ludwig, “Hyperparameter optimization: Comparing genetic
algorithm against grid search and bayesian optimization,” in 2021 IEEE Congress on
Evolutionary Computation (CEC), pp. 1551-1559, IEEE, 2021.

[170] J. Waring, C. Lindvall, and R. Umeton, “Automated machine learning: Review of the

[171]

[172]

[173]

[174]

[175]

[176]

state-of-the-art and opportunities for healthcare,” Artificial intelligence in medicine,
vol. 104, p. 101822, 2020.

S. Heyer, D. Kroezen, and E.-J. Van Kampen, “Online adaptive incremental reinforce-
ment learning flight control for a cs-25 class aircraft,” in AIAA Scitech 2020 Forum,
p. 1844, 2020.

L. Dong, J. Yan, X. Yuan, H. He, and C. Sun, “Functional nonlinear model predictive
control based on adaptive dynamic programming,” IEEE transactions on cybernetics,
vol. 49, no. 12, pp. 42064218, 2018.

G. S. Lakshmikanth, R. Padhi, J. M. Watkins, and J. E. Steck, “Single network adaptive
critic aided nonlinear dynamic inversion for suboptimal command tracking,” in 2011
IEEE International Symposium on Intelligent Control, pp. 1347-1352, IEEE, 2011.

C. Teirlinck, “Reinforcement learning for flight control: Hybrid offline-online learn-
ing for robust and adaptive fault-tolerance,” tech. rep., Delft University of Technology,
2022.

L. Vieira dos Santos, “Safe & intelligent control: Fault-tolerant flight control with
distributional and hybrid reinforcement learning using dsac and idhp,” tech. rep.,
Delft University of Technology, 2023.

A. De Marco, a. M. D’Onza, and S. Manfredi, “A deep reinforcement learning
control approach for high-performance aircraft,” Nonlinear Dynamics, vol. 111,
p- 17037-17077, 2023.



147

ACKNOWLEDGMENTS

Everyone who lived through the pandemic can surely relate to the feeling of time just
slipping away. Thinking back on my PhD journey, I can’t help but notice how the unique
challenges of this time have shaped my academic adventure. Over this wild period we’ve all
been through, marked by uncertainty and unprecedented challenges, eventually completing
a PhD has become more than an academic accomplishment; it’s a nod to the grit, flexibility,
and incredible support I've received from so much wonderful people.

First of all, I would like to extend my heartfelt gratitude to my promotor, Prof. Guido
de Croon, for your invaluable guidance and support in various aspects. Your kindness and
dedication to both people and work have also left a lasting impression on me. I found it
impressive that you not only had great insight and offered invaluable suggestions on the
overarching direction in nearly every meeting, but also could provide meticulous feedback
on every piece of scientific writing. Without your unwavering support, my dissertation
wouldn’t be in its current form.

To Dr. Erik-Jan van Kampen, my co-promoter and daily supervisor, I sincerely thank
you for your patient guidance and effective mentorship throughout my research journey.
You are always willing to share valuable insights and provide constructive suggestions,
which has greatly enriched my work. Engaging in discussions with you has consistently
proven to be beneficial, which not only contributes significantly to my research but also
broadens my horizons in culture and life. Moreover, I appreciate the freedom you granted
me to explore my research independently and explore my career outside the university.

I also want to convey my gratitude to Prof. Max Mulder, who was my former promoter
for the first two years. The scene where you and Prof. Guido de Croon interviewed me is
still vivid in my mind. Thank you for granting me the opportunity to pursue a PhD here. It
marks the starting point of a memorable journey. Your support and guidance have been
instrumental in shaping my academic endeavors, and I am truly thankful for the positive
impact you have had on my research work.

Walking together allows for a smoother journey. Many thanks to my main cooperator Dr.
Xuerui Wang during this PhD period. Thank you for connecting me with many passionate
researchers, so that my theoretical research methods came into practice. Your enthusiasm
for academia always encourages me, enabling me to persevere during challenging times
in the laboratory. To our “dage” (gang leader & elder brother) Dr. Tigran Mkhoyan, I will
always remember those days we spent together in the OJF when we enjoyed pizza on the
grass after a test together with Xuerui, Iren and Oscar, accompanied by a gentle breeze,
and when the security came to escort us home in the late evening. To Dr. Jing Chang,
I think back with joy on that busy summer we spent together in the high-speed wind
tunnel lab. Your solid professional ability is a crucial guarantee for achieving commendable
experimental results. To Killian Dally, thank you for unreservedly sharing your knowledge
and experience in building an impressive RL simulation.



148 ACKNOWLEDGMENTS

Furthermore, I would like to express my gratitude to all the PhD colleagues in the
C&S department for the enjoyable moments during our breaks, including coffee breaks,
lunchtime gatherings, BBQs, PhD drinks, and various PhD events. We had a great time,
fostering a supportive environment where we not only had fun but also encouraged one
another by suggesting potential solutions for each other’s problems both in work and life.
During these years of pursuing a PhD, it has been a period of significant transformation
for my worldview, and every interaction with all of you has expanded my perspective. My
thanks go to: Shuo Li, Shushuai Li, Yingfu Xu, Dyah Jatiningrum, Annemarie Landman,
Tom van Dijk, Ying Yu, Cheng Liu, Kimberly McGuire, Sihao Sun, Daniel Friesen, Jerom
Maas, Diana Olejnik, Jelmer Reitsma, Dirk van Baelen, Kirk Scheper, Federico Paredes-
Vallés, Sarah Barendswaard, Emmanuel Sunil, Isabel Metz, Jaime Junell, Kasper van der El,
Mario Coppola, Malik Doole, Noor Nabi, Yingzhi Huang, Ye Zhang, Wei Fu, Ewoud Smeur,
Jesse Hagenaars, Yifei Li, Ziqing Ma, Sophie Armanini, Junzi Sun, Rowenna Wijlens, Gijs
de Rooij, Sunyou Hwang, Sven Pfeiffer, Sunyi Wang, Marta Ribeiro, Paolo Scaramuzzino,
Stein Stroobants, Hang Yu, Jiayu Chen, Yilun Wu, Yiyuan Zou, Alessandro Mancinelli,
Julia Rudnyk, Liming Zheng, Tiago Monteiro Nunes. My special thanks to Shuo who gave
me a welcome when I arrived here and to Shushuai who helped me with this dissertation
writing.

In addition to my fellow PhD candidate colleagues, I am also fortunate to work together
with all staff members in the C&S section, including professors, researchers, support,
and administration members. I enjoyed the time I asked questions, requested your help,
and had lunch and coffee breaks together. My thanks go to Qiping Chu, Coen De Visser,
Matéj Karasek, René van Paassen, Daan Pool, Clark Borst, Joost Ellerbroek, Olaf Stroosma,
Julien Dupeyroux, Anahita Jamshidnejad, Andries Muis, Salua Hamaza, Erik van der Horst,
Christophe De Wagter. And thank you, Bertine Markus, for your help on the administration
stuff. My thanks also go to student friends: Lorenzo Martini, Nilay Sheth, José Ignacio de
Alvear Cardenas.

I wish to thank my friends outside the C&S section. They are: Jinke He, Rong Wan,
Qisong Yang, Junhan Wen, Zhou Nie, Wei Yuan, Xueer Hu, Zihan Liu, Pang-Chieh Lin,
Zhiyu Shi, Zilong Zhao, Fenghua Wang, Jing Xu, Lin Hao, Xiao Cui, Li Zou, Yaiza Fei
Raigoso. I sincerely want to express my gratitude to Dr. Chunyan Ling. It is your under-
standing and support that gave me the determination to embark on the journey of pursuing
a doctoral degree. I am grateful to Yudi Ma for pulling me out of the quagmire of isolation
and depression. Wishing Bo Zhang all the best fills me with joy and honor, knowing that I
have the privilege to be your guardian star. I also express my gratitude to my colleagues
and friends at ING Bank where I completed the final stretch of my PhD journey.

Before the end, my deepest gratitude goes to my parents, Yaotang Sun and Guiming
Chen. Thank you for your unconditional and unwavering. No matter how far I go, I am
always aware of where my home is.

"Time flies", as we always sigh. The names mentioned above cannot cover all the people
to whom my gratitude goes. May those who have met be able to meet again. It is the time
to close the book and look outside of the window, where a path winds and leads into the
distance. Thank you, everyone. Thank you, the alluring world.

Bo Sun
Delft, June 2024



149

10-08-1995

EpucaTiON

2018-2022

2016-2019

2012-2016

AWARDS

2016

2014

CurricuLuM VIiTZAE

Bo Sun

Born in Chifeng, Nei Mongol, China

Ph.D. in Aerospace Engineering

Delft University of Technology, the Netherlands

Thesis: Online Intelligent Optimal Flight Control
Promotor: Prof. dr. G.C.H.E. de Croon

M.Sc. in Aerospace Engineering
Northwestern Polytechnical University, China

B.Sc. in Aerospace Engineering
Northwestern Polytechnical University, China

Distinguished Bachelor degree dissertation

First prize in China Robot Competition & RoboCup China Open

ACADEMIC ACTIVITIES
Reviewer for IEEE Transactions on Neural Networks and Learning Systems

Reviewer for IEEE Transactions on Aerospace and Electronic Systems

Reviewer for Engineering Applications of Artificial Intelligence

Reviewer for IEEE Conference on Control Technology and Applications (CCTA)



150 CURRICULUM VITE

PUBLICATIONS DURING MASTER STAGE
5. C.Ling, Z. Lu, B. Sun and M. Wang, "An Efficient Method Combining Active Learning Kriging
and Monte Carlo Simulation for Profust Failure Probability", Fuzzy Sets and Systems, vol. 387,
pp. 89-107, 2020. Doi: 10.1016/j.£s5.2019.02.003.

4. C. Ling, Z. Lu, K. Feng and B. Sun, "An Efficient Method for Estimating Global Reliabil-
ity Sensitivity Indices", Probabilistic Engineering Mechanics, vol. 56, pp. 35-49, 2019. Doi:
10.1016/j.probengmech.2019.04.003.

3. C.Ling, Z. Lu, K. Feng and B. Sun, "Efficient Numerical Simulation Methods for Estimating
Fuzzy Failure Probability Based Importance Measure Indices", Structural and Multidisciplinary
Optimization, vol. 59, no. 2, pp. 577-593, 2019. Doi: 10.1007/s00158-018-2085-1.

2. X. Chang, B. Sun, J. Yan, and W. Fu, "3-Dimensional Nonlinear Differential Game-based
Guidance Law Against High-speed Maneuvering Target", Dandao Xuebao / Journal Of Ballistics,
vol. 30, no. 3, pp. 1-6, 2018. Doi: 10.12115/j.issn.1004-499X(2018)03-001. In Chinese.

1. X. Chang, B. Sun, J. Yan, and W. Fu, "A Game-Based Guidance Law Against Higher-Speed
Maneuvering Penetrator Using Model Predictive Method", in 9th International Conference on
Mechanical and Aerospace Engineering (ICMAE), IEEE, Budapest, Hungary, pp. 183-189, 2018.
Doi: 10.1109/ICMAE.2018.8467620.



151

LisT OF PUBLICATIONS

JOURNALS

7. B. Sun, E. van Kampen, J. Sodja, R. De Breuker and X. Wang, "Event-Triggered Adaptive
Dynamic Programming for an Aeroservoelastic System: An Experimental Study", 2024. To be
submitted.

6. B. Sun, T. Mkhoyan, E. van Kampen, R. De Breuker and X. Wang, "Vision-Based Non-
linear Incremental Control for A Morphing Wing with Mechanical Imperfections", IEEE
Transactions on Aerospace and Electronic Systems, vol. 58, no. 6, pp. 5506—5518, 2022. Doi:
10.1109/TAES.2022.3175679.

5. B. Sun, X. Wang and E. van Kampen, "Event-Triggered Intelligent Critic Control with Input
Constraints Applied to A Nonlinear Aeroelastic System", Aerospace Science and Technology,
vol. 120, pp. 107279, 2022. Doi: 10.1016/j.ast.2021.107279.

4. B. Sun and E. van Kampen, "Event-Triggered Constrained Control Using Explainable Global
Dual Heuristic Programming for Nonlinear Discrete-Time Systems", Neurocomputing, vol. 468,
pp. 452-463, 2022. Doi: 10.1016/j.neucom.2021.10.046.

3. B. Sun and E. van Kampen, "Reinforcement-Learning-Based Adaptive Optimal Flight Control
with Output Feedback and Input Constraints", Journal of Guidance, Control, and Dynamics,
vol. 44, no. 9, pp. 1685-1691, 2021. Doi: 10.2514/1.G005715.

2. B. Sun and E. van Kampen, "Intelligent Adaptive Optimal Control Using Incremental Model-
Based Global Dual Heuristic Programming Subject to Partial Observability", Applied Soft
Computing, vol. 103, pp. 107153, 2021. Doi: 10.1016/j.as0¢.2021.107153.

1. B. Sun and E. van Kampen, "Incremental Model-Based Global Dual Heuristic Programming
with Explicit Analytical Calculations Applied to Flight Control", Engineering Applications of
Artificial Intelligence, vol. 89, pp. 103425, 2020. Doi: 10.1016/j.engappai.2019.103425.

CONFERENCE PROCEEDINGS
5. B. Sun, C. Liu, K. Dally and E. van Kampen, "Intelligent Aircraft Stabilization Control with
Event-Triggered Scheme", in 6th CEAS Conference on Guidance, Navigation and Control (Eu-
roGNC), CEAS, Berlin, Germany, 2022. CEAS-GNC-2022-075.

4. ].1 de Alvear Cardenas, B. Sun and E. van Kampen, "Intelligent Adaptive Control Using LADP
and IADP Applied to F-16 Aircraft with Imperfect Measurements", in AIAA Scitech 2021 Forum,
AIAA, US, 2021. Doi: 10.2514/6.2021-1119. Virtual Event.

3. B. Sun and E. van Kampen, "Launch Vehicle Discrete-Time Optimal Tracking Control Using
Global Dual Heuristic Programming”, in 4th IEEE Conference on Control Technology and Applica-
tions (CCTA), IEEE, Montreal, Canada, pp. 162-167, 2020. Doi: 10.1109/CCTA41146.2020.9206252.
Virtual Event.



152 LisT oF PUBLICATIONS

2. B. Sun and E. van Kampen, "Incremental Model-Based Heuristic Dynamic Programming
with Output Feedback Applied to Aerospace System Identification and Control", in 4th IEEE
Conference on Control Technology and Applications (CCTA), IEEE, Montreal, Canada, pp. 366-
371, 2020. Doi: 10.1109/CCTA41146.2020.9206261. Virtual Event.

1. B. Sun and E. van Kampen, "Incremental model-based global dual heuristic programming for
flight control”, in 13th IFAC Workshop on Adaptive and Learning Control Systems (ALCOS), IFAC-
PapersOnLine, Winchester, UK, vol. 52, no. 29, pp. 7-12, 2019. Doi: 0.1016/j.ifacol.2019.12.613.

Booxk CHAPTERS
1. E. van Kampen and B. Sun, "Adaptive Dynamic Programming for Flight Control", in Control
of Autonomous Aerial Vehicles: Advances in Autopilot Design for Civilian UAVs, edited by A.
L’Afflitto, G. Inalhan and H.-S. Shin, Springer, Cham, Switzerland. pp. 269-292, 2023. Doi:
10.1007/978-3-031-39767-7_10.



