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Abstract

Weight-shift controlled flexible wing ultralight aircraft are renowned for their maneuver-
ability, low-cost operation, and high flight efficiency; yet their potential for broader appli-
cations remains untapped. No current flight control systems exist to replace the intensive
manual effort and specialized training required for operating this class of aircraft. This de-
velopmental gap is attributed to modelling and control challenges presented by the complex
and highly nonlinear dynamic interactions from attitude adjustment by weight-shifting, the
aeroelastic properties of the flexible wing, and their resulting effects on flight behaviour.
These dynamics constrain the applicability of model-based control approaches due to in-
herent parameter uncertainty, thereby necessitating an adaptive approach to flight control
system design. This work presents novel robotic piloting systems that address the auto-
matic weight-shift flight control problem. Fly-by-wire and computer-controlled operation
is realized through the implementation of cable-driven parallel manipulators which repli-
cate human-powered weight-shift action. Optimal coordination of the parallel actuators
is achieved through a model-free approach, utilizing online adaptive critics reinforcement
learning, enabling automatic piloting systems to track pitch-roll trajectories despite uncer-
tain or unknown system dynamics and external disturbances. Through industry partner
collaboration, the piloting systems are validated with real-world hardware surrogates, a
flight dynamics simulator environment, and optionally-manned experimental flight test.
The significant contributions of this thesis include the development of implementation tech-
niques for online actor-critic based adaptive learning suitable for performance-constrained
hardware, the design of model-free force control for cable-driven parallel robots, the cre-
ation of an open-source weight-shift controlled dynamics simulation model validated with
real flight data, and the advancement of fly-by-wire weight-shift flight control technology.
The results push the boundaries of weight-shift aircraft flight control technology by pro-
viding a means to enhance human pilot safety with automatic control, and pave the way
for the development of unmanned and autonomous weight-shift aircraft.
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“The practical, physical, and sometimes dangerous consequences of control must be
respected, and the underlying principles must be clearly and well taught.”

— Dr. Gunter Stein, Respect the Unstable
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Preface

This manuscript is structured as a thesis by papers. All papers have been submitted to
Institute of Electrical and Electronics Engineers (IEEE) publications that require formal
peer-review prior to offering acceptance for publication. In accordance with the University
of Ottawa’s academic regulations article C-7, Thesis, the sub-article C-7.3, Thesis Formats
specifies the requirements for the thesis-by-articles format. The following requirements
determined the necessary contents of the thesis:

a) A preface that specifies any approvals obtained to conduct the research, clearly iden-
tifies the student’s contribution, and distinguishes the latter from those of collabo-
rators, co-authors or other researchers, if any.

b) An abstract.

¢) A general introduction which presents the subject of the thesis and explains relevant
aspects of the subject treated.

d) The main body of the text, which may be divided into sections.

)

e) A conclusion.

f) A bibliography.

g) All approvals required to conduct the research and/or write the thesis: e.g., ethical
approval, copyright approval, etc.

I declare that I am the principal contributor for all papers comprising the project, as
specified in the following section titled Contributions of Co-Authors. All work contained
within the thesis was prepared during my period of enrolment in the program of study,
and will not appear in any other student’s thesis document.

To produce a cohesive document, this thesis incorporates modified versions of the original
papers. Although the core content remains largely unchanged, the format has been revised
for consistency, standardizing the conventions for sections, figures, tables, equations, and
algorithms. A consistent order of cited works is present across chapters. Chapter 2 presents
a comprehensive literature review that unifies and substantially expands upon the literature
references that are presented within the original introductions for each paper. Chapters 3
to 7 are based upon the primary content of each paper. The papers in their original format
are included in Appendix A for reference.
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Glossary

Actor-Critic An on-policy reinforcement learning algorithm where one part (actor) de-
cides actions, and another (critic) evaluates them

Actuator A device that moves or controls parts of a system

Adaptive Control A control method that adjusts itself according to changing operating
conditions

Adaptive Critics An on-policy reinforcement learning framework that evaluates and it-
eratively improve control policies

Aeroelastic The interaction between aerodynamic forces and structural elasticity

Approximate Dynamic Programming A body of techniques that combine reinforce-
ment learning and dynamic programming to solve optimal control problems where
exact solutions are impractical due to computational limits or model uncertainties

ArduPilot An open-source autopilot software widely used for controlling unmanned aerial
vehicles and other mobile autonomous systems

Bellman Optimality Principle A rule that taking the best choice at any moment leads
to the best overall result, independent of previous actions

Cable-Driven Parallel Robot A type of robotic system where the end-effector is con-
trolled and positioned through a set of tensioned cables driven by winches.

Costate A mathematical variable used in optimal control theory, representing the sen-
sitivity of the performance criterion to changes in the state variables, and often
associated with Lagrange multipliers in the Hamiltonian formulation
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Curse of Dimensionality A phenomenon where the computational and data require-
ments of solving high-dimensional problems, such as those involving continuous state
and action spaces, grow exponentially, rendering traditional dynamic programming
approaches infeasible for real-world control problems

Disturbances Unwanted external influences or changes that affect the performance or
behaviour of a system

Dynamic Programming An optimization approach that simplifies complex problems by
recursively breaking them into smaller sub-problems

End-Effector The device or tool attached to the end of a robotic manipulator

Exploration The process of sampling actions or states in a system to gather information

Feedback Control Using the observed difference between the desired result and the ac-
tual result to make corrections, otherwise known as cybernetic control

Feedforward Control Anticipating changes to make adjustments in advance to meet
targets, often incorporates a system model

Flexible Wing A type of wing structure that incorporates rigid links and flexible ma-
terials, allowing for intentional deformation of airfoil to occur under aerodynamic
forces

Flight Envelope Phase The specific set of operating conditions within the flight enve-
lope of an aircraft, characterized by variables such as airspeed, altitude, angle of
attack, and load factor

Fly-By-Wire An electronic flight control system that replaces manual controls with elec-
tronically mediated inputs and outputs

Fuselage The central chassis of an aircraft that houses the crew, passengers, or cargo and
connects structural components, the hang-block connection point, and landing gear

Gazebo An open-source physics-based robotics simulation software that allows for testing
and validation of robotic systems in virtual environments, notably, not ROS
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Hamilton-Jacobi-Bellman Equation A fundamental equation in optimal control the-
ory that expresses the necessary conditions for optimality of a control policy, and
defines the value function, linking the current state to the cumulative cost of future
actions

Hang-Block A pivot mechanism in weight-shift trike aircraft connecting the keel of a
wing to the mast of the fuselage (chassis)

Heuristic A practical problem-solving strategy that employs rules of thumb or educated
guesses to efficiently find solutions when exact methods are computationally infeasible

Intelligent Control A control methodology that combines techniques from artificial in-
telligence, such as neural networks, fuzzy logic, and reinforcement learning, to handle
complex, uncertain, or adaptive systems

Kinematics The branch of mechanics that deals with the motion of objects without
considering the forces or masses causing the motion

Model Knowledge The degree to which a system’s behaviour is understood, ranging
from fully known to partially known or completely unknown

Model-Based Control Techniques for controlling systems according to a mathematical
system model

Model-Free Control Techniques for controlling systems without a mathematical system
model

Multi-Agent System A system involving multiple autonomous agents that interact or
cooperate to achieve individual or collective goals

Neural Network A machine learning model composed of interconnected layers of artifi-
cial neurons that approximates functions

Nonlinear Dynamics Time dependent systems where outputs are not directly propor-
tional to inputs

Off-Policy A reinforcement learning method where the policy being learned is indepen-

dent of the policy generating the actions, allowing for learning from previously col-
lected data or alternate exploration strategies
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Offline Learning A learning approach where the system is trained on a fixed dataset
without real-time updates

On-Policy A reinforcement learning method where the policy being learned is used to
generate the following actions, enabling the agent to adapt its behaviour during
exploration

Online Learning A way of reinforcement learning where the system updates itself con-
tinuously as it receives new data

Optimal Control A control methodology for finding policies or strategies that optimizes
a performance criterion, subject to system dynamics and constraints

Parallel Manipulator A mechanical system with multiple actuated links moving with
coordination to control a single end-effector

Parameter Variation The shifts in a system’s dynamics characteristics over time be-
cause of wear, environmental effects or other disturbances

Persistent Excitation A condition where the input signals sufficiently excite all modes
of the system, often a requirement for adaptation

Pitch The rotation of an aircraft around its lateral axis.

Policy A function that determines the actions an agent or system should take in response
to a given state

Policy Iteration A method used to calculate the optimal policy by alternating between
policy evaluation and policy improvement steps

Pre-Training An initial training phase where a model is trained on a related dataset or
task to improve performance or reduce training time on the main task

Q-Learning An off-policy reinforcement learning algorithm that learns the value of pos-
sible actions given the present state

Reference Input The desired target or goal that a system aims to achieve

Reinforcement Learning A method where a system adapts by trying actions, evaluating
the results, and improving over time accordingly
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Reward A mathematical function that assigns a value representing the benefit or cost of a
particular action or state according to designer-defined objectives, commonly known
as Utility

Robot Operating System An open-source middleware framework for robot software
development, notably, not Gazebo

Robust Control A control methodology designed to maintain performance despite model
uncertainties and disturbances

Roll The rotation of an aircraft around its longitudinal axis.

Stability Property of a system’s sensitivity to return to steady-state motion after being
disturbed

State- Action-Reward-State-Action An on-policy reinforcement learning algorithm that
updates the value of a state-action pair based on the previous action taken

Temporal Difference Learning A reinforcement learning method that estimates the
value function by observing changes in successive value estimates

Trajectory Tracking A control where the objective is to ensure a dynamic system follows
a desired time-varying reference with minimal deviation

Value Function A mathematical function that quantifies the expected cumulative reward
of being in a specific state

Weight-Shift Control Aircraft Uses a mass under the wing to do flight control, think
hang-gliders or air-trikes

Yaw The rotation of an aircraft around its vertical axis.

XXX



Abbreviations

ADP Approximate Dynamic Programming

CDPR Cable-Driven Parallel Robot
CoG Centre of Gravity

DMD Dynamic Mode Decomposition
DoF Degree of Freedom

HJB Hamilton-Jacobi-Bellman
OS Open Source
PID Proportional-Integral-Derivative

RL Reinforcement Learning

RPAS Remotely Piloted Aircraft System
SITL Software-In-The-Loop
TD Temporal Difference

UAS Unmanned Aircraft System
UWSC Unmanned Weight-Shift Control

VFA Value Function Approximation

WSC Weight-Shift Control
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Chapter 1

Introduction

1.1 Motivation & context

Weight-shift controlled (WSC) flexible wing ultralights are a class of aircraft distinct from
conventional fixed-wing flight vehicles. As opposed to conventional aerodynamic con-
trol surfaces, these aircraft maneuver by manipulating a mass attached to wings with
lightweight, semi-rigid frame structure [6-8|. This class of aircraft, which includes hang-
gliders and powered air trikes, are distinct from parafoil-based aircraft like paragliders.
The latter lack a rigid wing structure and primarily use brake lines for flight control. WSC
aircraft are appealing as a flight platform due to their simple mechanical structure, high
maneuverability at low speed, self-stabilizing wing aerodynamics, ability to operate with
little infrastructure on rugged terrain for take-off and landing, low cost of fabrication, and
high payload-to-mass ratio. The potential mission scope of WSC aircraft is constrained
by the requirement for human-powered pilot control, limiting the free payload capacity
and total flight duration, while requiring a high standard for pilot safety. WSC aircraft
have been relegated primarily to recreational use for enthusiast pilots, yet have seen niche
use for scientific applications [9,10]. By integrating an automatic flight control piloting
system, these aircraft would be utilizable in optionally-manned and unmanned operations
as a remotely piloted aircraft system (RPAS), thereby providing new opportunities and
applications of the technology in missions that leverage the operational characteristics of
WSC aircraft. The overarching motivation of this research pursuit is the development of
automatic weight-shift flight control that matches the capability of a human pilot. The
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thesis work makes significant developments in automatic weight-shift flight control, ad-
vancing the state of the art. An example of a successfully implemented prototype of the
mechanical engineering solution is shown in Figure 1.1, and the corresponding schematic
diagram is illustrated in Figure 1.2.

Figure 1.1: A prototype unmanned weight-shift control aircraft, with a cable-driven parallel
manipulator system attached. WSC aircraft consist of two main bodies: the wing and the
fuselage.

The thesis is shaped by a research fellowship with an industry partner, Romaeris Cor-
poration, whose efforts focus on the development of unmanned WSC aircraft technology,
including automatic flight controllers [11-13]. The industry partner is a purpose founded
research and development (R&D) start-up who is investigating the commercialization of
autonomous WSC ultralight aircraft for use as unmanned aircraft systems (UAS). The
industry partner is a key collaborator within several government-industry and academic-
industry projects that have contributed publicly to the advancement of technological and
regulatory policy research for RPAS on several pertinent topics including beyond-visual-
line-of-sight telemetry, automated detect and avoid deconfliction mechanisms, and UAS
operations in protected airspace [14-17]. The scope of this thesis focuses on the explo-
ration and development of low-level automatic flight control, robotics, and flight actuation
mechanisms for WSC aircraft, with the aim of enabling higher-level flight control capa-
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bilities within the broader research environment for UAS systems mentioned earlier. It is

Keel tube

Starboard Winches

Cable attach point

Control bar

Fuselage

Figure 1.2: Schematic of a flexible wing weight-shift aircraft highlighting key mechanical
subsystems. The four servo-winches on the fuselage, and the cable attachment points on
the control bar are shown.

important to establish the foundational context for the research project. After an exten-
sive literature review and patent search, no existing development of solutions for automatic
weight-shift flight control were discovered. This fact was first identified by preliminary re-
search discovery efforts of the industry partner and has been exhaustively validated in the
course of the thesis work. Developing accurate dynamic models for flexible wing weight-
shift control aircraft is challenging due to their highly nonlinear dynamics, which stem
from the wing’s aeroelastic properties and the two-body weight-shift relationship inherent
to their flight control [18-20]. Initial development efforts made by the industry partner
centred on the development of flight control via active airfoil deforming actuation schemes
that take advantage of the acroelastic properties of the flexible wing [21]. The control and
dynamics modelling efforts proved to be extremely challenging as they had to account for
the multi-physics of the elastic properties of the wing structure along with the correspond-
ing aerodynamics of the variable airfoil shape that depend strongly on the aircraft’s state.
Despite some success for the proof of concept in experimental flight tests, the approach
was ultimately deemed infeasible due to the low flight control authority it provided as the
sole automatic flight control method. The industry partner further considered alterna-
tive approaches with the addition of conventional flight control surfaces as an avenue for
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automatic flight control. After preliminary flight test experiments, the industry partner
concluded that flight control surfaces could not provide the basic flight behaviour that
standard human piloted WSC allows for. Around the same time, Abouheaf et al. cir-
cumvented the nonlinear flight dynamics modelling concerns by demonstrating stabilizing
weight-shift controls for a two-body hang-glider model developed with adaptive model-free
control approaches including reinforcement learning (RL) [22-27]. These results led the
industry partner to explore the feasibility of attitude control provided by robotic actuation
methods that would mimic a human pilot. Unlike previous flight control methods studied
by the industry partner, this hypothetical piloting system would apply moments to the
wing by weight-shift reactions induced by moving the suspended mass.

Dynamic weight balancing is the central principle underlying WSC aircraft maneuvering.
The thesis places a strong emphasis on the tenet of understanding manned WSC flight,
as this was developed through extensive consultation with WSC pilots that worked with
the industry partner [8,28]. Weight-shift flight control requires that the pilot enacts the
correct force input on the control bar of the wing dependent on the state of the vehicle
relative to its flight envelope. The pilot manipulates the motion of the weight attached
to the flexible wing to perform banking turns or speed-changing pitch maneuvers without
conventional aerodynamic control surfaces. The pilot manipulates the dynamic balance
for the aircraft by applying force against the control bar, inducing intentional dynamic
imbalance. When applying force input on the control bar, the reaction moves the fuselage
body, relative to the wing body, modifying the centre of gravity (CoG) for the total aircraft.
The fuselage motion, as well as some small motion of the wing due to the initial reaction
to the force input, causes a dynamic imbalance as the centre of gravity of the two bodies
become misaligned with respect to gravity. An apparent body moment acts on the wing
until this balance is restored, causing a change in the lift vector direction. The example of
a banking turn is illustrated in Figure 1.3. Pitch control is performed in a similar fashion
along the longitudinal axis. Notably, the transient motion before restoring equilibrium
between the wing and fuselage during weight-shift is non-minimum phase for both the
lateral and longitudinal dynamics [18,29,30].

With non-minimum phase systems, the initial controller input must cause an undershoot
that makes it seem like the system is responding in the opposite direction than the intended
target, temporarily increasing error [31]. After some time, the system’s phase trajectory
recovers and converges towards the target. As an inherent property of these systems,
stabilizing controls are limited to a bandwidth range that demands trade-offs between
responsiveness, stability, and sensitivity that may not be feasible [32].
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Consider the lateral steering dynamics of single track systems like bicycles or motorcycles,
which are non-minimum phase [33]. Novices often struggle with steering because the
initial control input requires turning the handlebars briefly in the opposite direction of the
intended turn. This counter-steering action initiates a lean into the turn, inducing the
bike to enter a dynamic non-equilibrium transient before stabilizing. Eventually, the rider
masters this unintuitive dynamic of steering control. Similarly, in weight-shift aircraft, the
initial response to pilot input in both the lateral and longitudinal axes is also non-minimum
phase, presenting analogous challenges.

For a banking turn control input, the correct weight-shift action initially induces an adverse
yaw opposite to the desired heading due to the wing twisting along its lateral axis. The
deformation modifies the angle of attack for each half, resulting in increased lift on one
half of the wing and decreased lift on the other, an effect known as billow-shift. It is only
after a few moments of applying the correct coordinated weight-shift input that the wing
enters the intended banking turn and restores dynamic equilibrium. Figure 1.4 illustrates
the transient behaviour that occurs when transitioning from level trim flight to a banking
turn. Similarly for elevation control, the correct weight-shift action initially induces the
opposite of intended elevation change. At first the entire aircraft rotates about the lateral
axis, causing a change in airspeed opposite to the desired climb due to the modified angle
of attack and consequent drag. After a few moments, the sustained weight-shift input
converges to the desired elevation rate change and dynamic equilibrium is restored. For
novice weight-shift pilots, these coordinated control inputs feel completely counter-intuitive
and require significant training, much like riding a bicycle for the first time. A hypothet-
ical automatic weight-shift control piloting system must respect the higher sensitivity to
disturbances while managing the complicated control dynamics well.

1.2 Considerations for engineering research ethics

Researchers on the project exercise a duty of care in that all hardware and software gener-
ated from the work is validated extensively through surrogate experiments prior to flight
test. Hardware systems must be equipped with emergency power stops as well as hard-
coded firmware limits in control force produced. All flight vehicle operations are solely
the domain of Romaeris, and their certified pilot operators with WSC training. Flight
test regulations for experimental aircraft are at the root of the operations conducted by
Romaeris [8,34-37]. Great care is taken to minimize risk to the test pilot and greater
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Figure 1.3: Free body diagram sequence shows the dynamics of the weight-shift aircraft
during a banking roll. (a) The pilot induces dynamic imbalance by shifting weight, (b)
in the global reference frame where gravity acts downward the wing orientation changes
as a result of the weight-shift effect, (c) after a few moments, the dynamic equilibrium is
reestablished, resulting in a banking turn.
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Figure 1.4: Free body diagram sequence for the adverse yaw transient. (a) Weight-shift
roll causes billow shift, resulting lateral lift gradient (b) adverse yaw occurs, relative wind
induces corrective aerodynamic moment, (c) yaw passively corrects and aircraft enters the
desired bank.



1.3. Research objectives & corresponding contributions

public while following all aviation regulations in place. Chapter 7 presents a summary of
federal flight regulations pertaining to ultralights in Canada, the USA, and Mexico.

The rights for the intellectual property stemming from the research is governed by a pre-
existing agreement between the research team and Romaeris that outlines ownership and
usage. The agreement ensures that scholarly contributions and experimental data are
publishable, unimpeded by the commercialization goals of the company. Central to this
agreement, all published work must allow for reproducibility and evaluation of the research
quality. Results remain objective and accurate. Some reasonable limitations are placed on
the sharing of non-research details of the technology that are considered as ‘trade secrets’
of Romaeris, hence potential research publications are reviewed by Romaeris in advance of
submission.

Several of the methods selected for the research leverage open-source frameworks, hence
there is an expectation that contributions will be made, returning value to the open-source
communities. All open-source license agreements are followed. Software tools developed
with Gazebo are governed by the Apache 2.0 license [38], while applications developed with
Ardupilot are governed by the GNU GPL [39].

1.3 Research objectives & corresponding contributions

The work aims to address the research gap defined by the absence of automatic weight-shift
flight control and make advancements to the state of the art. The overarching research
objectives are summarized with the following logical progression:

1. Develop an understanding of basic WSC flight principles through experimental flight
test analysis, expert pilot consultation, existing literature study, and approxima-
tion of nonlinear dynamics using an open-source robot simulation methodology that
incorporates expert pilot input.

2. Design, develop, and validate experimental parallel actuation hardware for WSC
ultralights, addressing forward and inverse kinematics of cable-driven parallel robots
(CDPRs) using model-free techniques, and test the proposed solutions on real-world
hardware, including experimental flight test vehicles.

3. Design and experimentally validate adaptive critics based online RL schemes that are
suitable for real-time low-latency controllers with compute performance constraints.
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4. Demonstrate the feasibility of automatic weight-shift flight control by the proposed
solutions, making significant advancements to the state of the art.

The main contributions from the research have been validated through experimental testing
of the piloting systems. All development leverages WSC pilot expertise provided by the
industry partner. The control and robotic systems have been comprehensively tested with
kinematic surrogate apparatuses, simulated flight scenarios, and real-world experimental
flight tests. They are summarized as follows:

1. A prototype robot piloting system concept that is experimentally vali-
dated to match the WSC capability of a human pilot.

a) Demonstrate feasibility of empirically derived forward kinematic model for can-
didate parallel manipulators to control hang-glider model (Chapter 3).

b) Experiment with single-axis WSC actuation by cable-driven servo-winches (Chap-
ter 4).

¢) Implement 2-axis WSC by CDPR prototype, demonstrate experimentally on
test hardware (Chapter 6).

d) Map fly-by-wire (FBW) WSC via CDPR to higher level flight control with
human pilot in the loop (Chapter 6).

e) Flight test that validate feasibility of solution (Chapter 7).
f) Demonstrate automatic control for RPAS flight test (Chapter 8).

2. Model-free learning techniques for trajectory tracking of a CDPR’s end-
effector while optimizing parallel manipulator coordination.

a) Demonstrate parallel actuator coordination through basic mixing heuristic (Chap-
ter 3, 6).
b) Employ model-free control approach to track a commanded reference trajectory

for a single-axis with parallel cable-driving actuators (Chapter 4).

¢) Generalize method to enable solution to track two-axis reference trajectory
(pitch-roll) simultaneously with a set of parallel cable-driven manipulators (Chap-
ter 6).

d) Employ multi-agent actor-critic learning to train separate pitch tracking and roll
tracking units that coordinate trajectory tracking across shared set of parallel
cable-driven actuators (Chapter 6).

9



1.3. Research objectives & corresponding contributions

e) Design an algorithm that learns approximations the input mapping for a parallel
manipulator with unknown manipulator placement, allowing for the optimiza-
tion of control effort (Chapter 8).

3. Design of adaptive critics algorithms for implementation with computationally-
constrained systems requiring low-latency in control updates.

a) Implement and test existing online model-free policy-iteration and value-iteration
RL methods with neural networks (Chapter 4).

b) Experiment with different control policy evaluation schemes, including least
square, recursive least square, and gradient descent (Chapter 3, 4).

¢) Develop modifications to the adaptive critics scheme based on value iteration
that is computationally low-cost, i.e. single step update of value approximations

(Chapter 4).

d) Validate by real test of on implementation in real-time control software on
embedded flight control systems (Chapter 4, 6).

e) Develop improvements to learning algorithm method to increase flexibility with
initial admissible policy (Chapter 6).

f) Develop actor update law with its own gradient descent rule to allow for different
adaptation rates between critic and actor (Chapter 4).

4. A WSC ultralight aircraft model that captures the corresponding approx-
imate nonlinear flight dynamics, harnessing OS simulation methodologies.

a) Study existing Gazebo based simulation models and packages for software in
the loop flight controller testing (Chapter 5).

b) Develop an approximate inertial and aerodynamic model of the ultralight that
captures key lateral and longitudinal stability properties (Chapter 5).

c¢) Simulated flight test that demonstrate feasibility of automatic WSC through
the mapping of outputs of a conventional 2-axis high-level flight controller to
weight-shift manipulations, including automatic waypoint navigation controller

(Chapter 5).

d) Dissemination of the model to the open-source robotics simulator community

(Contributed in [40]).

e) Test environment for online model-free RL control schemes with the simulator
ultralight model (Chapter 6).

10
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1.4 Overarching methodology

The research work employed a staged approach to address automatic weight-shift flight
control for flexible wing aircraft. The overarching methodology advanced from founda-
tional modelling and simulation to real-world experimentation. Relevant methodologies
are incorporated in each chapter, as summarized in Table 1.1. The iterative feedback loop
between hardware experiments and simulations refined the overall solutions. The work
culminates with a piloting system proven in experimental flight test.

First, weight-shift flight dynamics were understood using simulation models informed by
expert pilot input [28] and real flight data. Detailed in Chapter 3 and Chapter 5, this
approach captured the essential nonlinear dynamics of WSC aircraft. The use of open-
source simulation frameworks enabled flexible experimentation, resulting in more rapid
controller design iteration and the selection of computationally feasible model-free control
schemes.

Next, a robotic actuation system using parallel actuators replicate human pilot weight-shift
inputs is developed, as detailed in Chapters 4 and 6. The CDPRs provided a high stiffness-
to-weight ratio, reconfigurable geometry, and variable compliance, making them suitable
for retrofits to existing weight-shift aircraft. Adaptive controllers based on online RL were
implemented on resource-limited embedded controllers and validated through surrogate
mock-up experiments of weight-shifting mechanisms. Incremental validation ensured their
robustness before full-scale flight trials.

Finally, the integrated system of model-free automatic controls for a CDPR was tested
under real flight conditions, as shown in Chapter 7. These experiments validated the
automatic weight-shift control concept, demonstrating that the adaptive methods and
CDPR-based actuation approached human pilot capability. Performance was evaluated
using standard flight stability observations, trajectory tracking accuracy, and pilot-defined
acceptability criteria.

11
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Table 1.1: The methodological primitives, and key findings corresponding to each chapter
of the thesis.

Chapter 3 Chapter 4 Chapter 5 Chapter 6 Chapter 7

Paper [1] An Online [2] Guidance [8] uWSC [4] Model-Free [5] Automatic
Reinforcement Mechanism for Aireraft Force Control of Weight-Shift
Learning Flexible Wing Simulator: A Cable-Driven Aircraft Control
Wing-Tracking Aircraft Using Gazebo-Based Parallel with Experimental
Mechanism for Measurement- Model for Manipulators for Fly-By- Wire
Flexible Wing Interfaced Uncrewed Weight-Shift Flights
Aireraft Machine Learning Weight-Shift Aireraft Actuation

Platform Control Aircraft
Flight Stmulation

Methods Idealized Model-free Model-free PID, Model-free Model-free PID,
hang-glider model, adaptive critics, ArduPilot-SITL, adaptive critics, Experimental
model-free flight controller Gazebo physics PID-like input validation in
adaptive critics, hardware, online simulation, data structures, flight, regulatory
PID-like input RL, PID-like input  aerodynamics surrogate robotic environment
data structures, data structures, modelling, mock-up, flight review, flight
kinematic surrogate robotic validating against controller controller
modelling, mock-up. real flight data, hardware, online hardware.
dynamics model surrogate RL, ArduPilot
simulation. mock-up. SITL, Gazebo

physics simulation.

Findings Validated Implementation uWSC Gazebo Optimal trajectory  Validated

RL-based tracking  techniques for model validated tracking for automatic

control,
demonstrated
feasibility of
stabilizing flexible
wing dynamics via
real-time
adaptation with
embedded parallel
actuator
kinematics.

online-RL under
computational
constraints,
intelligent unit for
stabilization
support, guided
search for policy
updates.

against real WSC
flight data,
enabled safe SITL
testing of control
strategies before
real flight.

CDPR with
model-free control
on input-output
data, disturbance
rejection property,
generalizable to
different actuation
schemes.

weight-shift
control with real
flight test,
matched human
pilot capability
with FBW system,
advanced
state-of-the-art.

12



1.5. Thesis outline

1.5 Thesis outline

The remainder of the thesis is organized as follows:

Chapter 2 presents a review of the literature related to the research context to facilitate bet-
ter understanding of the research work. The review unifies and substantially expands upon
the literature references discussed within the original papers. First, a succinct overview
of literature on model-based, model-free, adaptive, and approximate dynamic program-
ming methods in RL, with a specific focus on their implications for flight control of WSC
aircraft is presented. This provides a sense for the theoretical foundations underpinning
the optimal trajectory tracking controller developments present in the research work. To
help put the difficulty of the flight controller design problem in context, an exhaustive
summary of the body of literature around approaches taken to model the dynamics and
control for WSC flight of flexible wing aircraft is summarized. As the piloting system
is realized through experimental implementations of CDPRs and with a flight simulation
methodology, the remainder of the literature review details these topics. An overview of
recent literature exploring the design, kinematics, and control of parallel manipulators and
CDPRs is presented to give context for the robotic piloting system, and a summary is
provided on the key relevant literature that inspired the open-source robotics simulation
methodology. The literature review concludes with a summary that connects the referenced
works to the thesis work.

Chapter 3 is adapted from the publication titled "An Online Reinforcement Learning Wing-
Tracking Mechanism for Flexible Wing Aircraft". It details the application of an online
RL mechanism for controlling a weight-shifting flexible wing aircraft mathematical model
using a parallel actuation scheme. The model-free adaptive control integrates with the
kinematic model of a candidate parallel manipulator design. The feasibility of stabilizing
the aircraft’s dynamics using real-time sensor feedback without requiring prior knowledge
of its dynamics is examined. Simulations demonstrate the control solution’s capability to
adapt to dynamic changes and uncertainties in flight conditions. The findings illustrate
the potential utility of this control mechanism in improving the performance and safety of
weight-shift aircraft if it were implemented as a prototype piloting system.

Chapter 4 is adapted from the publication titled '"Guidance Mechanism for Flexible Wing
Aircraft Using Measurement-Interfaced Machine Learning Platform". It presents a model-
free control for weight-shift aircraft that utilizes real-time data feedback to adapt control
policy via online RL. The design and implementation of an adaptive trajectory tracking

13



1.5. Thesis outline

control is realized with a pair of actor-critic learning agents that must coordinate separate
tracking error correction and stability objectives. The solution is implemented directly on
flight controller hardware, thus relies on several practical techniques including a learning
guidance mechanism and single-step value iteration. Real-time performance feedback data
is used to adapt the control strategy without depending on established dynamical models.
Experimental tests validate the functionality of the solution, underlining the potential of
adopting a model-free approach to the robotic actuation input of WSC aircraft.

Chapter 5 is adapted from the publication titled "uWSC Aircraft Simulator: A Gazebo-
Based Model for Uncrewed Weight-Shift Control Aircraft Flight Simulation". It introduces
a dynamics model for simulating the flight behaviour of unmanned weight-shift control
(uWSC) aircraft. The modelling methodology integrates known mass and geometry prop-
erties of a prototype weight-shift aircraft, and flight behaviour is informed by expert weight-
shift pilots. The essential static stability properties of the flexible wing is approximated
by a rigid wing composed of multiple sections. The resulting aircraft model correctly ap-
proximates the interplay between aerodynamic forces and the weight-shifting mechanism
that characterizes their flight performance. Validation of the model is achieved through
comparative analysis with actual weight-shift aircraft flight data. The modelling approach,
and resulting uWSC model present a viable method to develop flight controller software
and test new scenarios, reducing the reliance on real-life flight test.

Chapter 6 is adapted from the publication titled "Model-Free Force Control of Cable-
Driven Parallel Manipulators for Weight-Shift Aircraft Actuation". It details an adaptive
model-free force control that uses cable-driven parallel manipulators to actuate the weight-
shift mechanism. This approach utilizes online RL and does not require any model of the
system. The solution is designed to operate within the computational constraints of flight
controller hardware, and coordinates parallel cable tension adjustments dynamically to
perform standard weight-shift flight maneuvers based on trajectory tracking performance
feedback alone. Experiments are performed with a weight-shift mechanism surrogate to
validate the system’s capability to execute weight-shift maneuvers using the adaptive force
adjustments. With recent work, the design is employed for adaptive weight-shift flight
control in simulated flight test. This model-free control system presents a feasible method
for automating weight-shift manipulation in future electronically controlled and unmanned
weight-shift aircraft.

Chapter 7 is adapted from the paper titled "Automatic Weight-Shift Aircraft Control with
Experimental Fly-By-Wire Flights". It presents the experimental application of the model-
free, CDPR based weight-shift flight control piloting system in real experimental flights.
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1.5. Thesis outline

The chapter recounts the collaboration with the industry partner, emphasizing the align-
ment of the flight tests with established experimental flight operation protocols that are
compliant with federal flight regulations. The flight test experiments involve integrating
the CDPR system with a novel FBW piloting system for the flexible wing aircraft. The
pilot utilizes a joystick for input to execute weight-shift flight maneuvers. The CDPR’s ca-
pability to replace human-powered control is validated by analysis of the FBW flight data.
The results demonstrate the piloting system’s potential for controlling aircraft attitude,
thus advancing the state of the art.

Chapter 8 concludes with a summary of the thesis and its contributions, along with brief
discussion on directions for future research for data-driven RL techniques to optimize
control strategies for robotic systems, and the development of autonomous WSC aircraft
prototypes.

Appendix A includes the papers in their original format.
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Chapter 2

Literature Review

2.1 Foreword

This chapter presents a review of the literature relevant to the development of the robotic
weight-shift piloting system and the adaptive control techniques it employs. To provide a
deeper contextual understanding of the thesis work, the review synthesizes and expands
upon the literature references cited within each of the presented papers. The review is
divided into several sections, each addressing a different facet of the research work.

Section 2.2 introduces model-based and adaptive model-based control approaches that are
commonly used to manage the nonlinear dynamics prevalent in modern aircraft flight sys-
tems. A broad selection of control techniques addressing different aircraft control problems
and other complex nonlinear dynamics’ modelling issues are discussed. The integration of
real-time adaptive mechanisms is often needed to compensate for the limitations of static
models, highlighting their importance in the face of modelling uncertainty and dynamic
environments. This sets the stage for understanding the challenges of implementing model-
based control systems in aircraft, particularly when dealing with parameter uncertainty for
nonlinear dynamics of WSC aircraft flight.

Section 2.3 discusses model-free control, a category of control techniques formulated with-
out explicit knowledge of the system’s dynamics or underlying models. These methods
are useful when the dynamics are complex or poorly understood, as is often the case with
nonlinear systems like the WSC aircraft. By using real-time data from system inputs and
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outputs, model-free control methods adapt to changes and disturbances, providing a more
robust alternative to model-based approaches affected by parameter uncertainties and sen-
sitivity to linearization. This flexibility is crucial for managing the unpredictable dynamics
of WSC aircraft, reducing dependency on accurate model parameters and enhancing system
responsiveness to environmental disturbances.

Section 2.4 introduces the context for optimal control problems solved with approximate
dynamic programming (ADP) techniques, which are well-suited for environments where
traditional dynamic programming is impractical due to computational limits or model
uncertainties. A subset of ADP methods employ reinforcement learning to identify optimal
control policies directly from system feedback, bypassing the need for system models.
By integrating online learning, ADP methods can adapt to changes in system dynamics
and environmental conditions, and perpetually refine control strategies to ensure optimal
performance. Applications of ADP techniques to various control problems are presented
to showcase solutions that enhance system robustness and adaptability amidst competing
control objectives, modelling uncertainty, and disturbances. This adaptability makes ADP
techniques suitable for robotic control problems like the one posed by a piloting system for
WSC aircraft.

Section 2.5 presents a review of existing literature on the dynamics modelling and control
of WSC flexible wing aircraft. Given the niche interest for this aircraft class, the body of
available research is less extensive than that for more conventional aircraft types. Nonethe-
less, there are substantial experimentally validated theoretical developments of dynamic
models that capture the aerodynamic, aeroelastic, and WSC properties of hang-gliders,
which are practically identical to air-trikes with respect to their dynamics. The section
concludes with a discussion on recent advances using model-free control techniques that
have been developed to address issues presented by modelling parameter uncertainty, which
are particularly relevant due to the high degree of nonlinearity inherent to WSC aircraft

Section 2.6 details the literature relevant to cable-driven parallel robots (CDPRs), the
primary actuation mechanism for the robotic weight-shift piloting system studied in this
thesis. These mechanisms integrate the reduced weight and simplicity of cable-based ac-
tuators common to aircraft systems with the strength, rigidity, and high dynamic control
performance typical of parallel manipulators. Applications of CDPRs are broad, from
large-scale slow industrial manipulators to small, faster robots used for precision tasks.
The kinematic and dynamic modelling for CDPRs is complicated by the nonlinear elastic
behaviour of cables and the need for coordination among multiple actuators under dy-
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namic loads, which presents challenges for achieving highly performant, accurate control
and remains a primary focus of ongoing research.

Section 2.7 examines literature on open-source robotics simulation platforms with a focus
on Gazebo, the chosen simulator for developing the dynamics model of a WSC aircraft
in this thesis. The applications reviewed show Gazebo’s ability to provide realistic en-
vironmental interactions which are crucial for validation of robotic systems prior to their
deployment in the real-world. The active community continues to enhance its adaptability,
as evidenced by the range of plugins developed for simulating and testing UAV controls
that are discussed.

Section 2.8 provides a summary of the key literature that informed the thesis work.

2.2 Model-based and adaptive model-based control

Modern control theory is applied broadly to the multi-input multi-output control systems
design for high performance aircraft [41]. Sophisticated controllers are required to ef-
fectively operate aircraft systems across a wide range of flight conditions while managing
their inherent nonlinear dynamics. Aircraft control problems are often resolved by selecting
suitable mathematically defined performance criteria. The optimal control gains are then
computed to close all control loops simultaneously such that the performance requirement
is met [42]. Standard approaches rely on idealized mathematical models to approximate
the dynamics of the system. For instance, model-following methods aim to ensure that the
aircraft behaves similarly to a predefined model by minimizing response differences. Sim-
ilarly, dynamic inversion designs control systems for nonlinear behaviour using feedback
linearization and a comprehensive model of the aircraft’s nonlinearities. Robust design
combines classical control theory with modern approaches, focusing on frequency-domain
robustness analysis to assess system sensitivity across frequencies. Robust control tech-
niques are commonly applied to nonlinear controls design for high performance military
aircraft [43].

A common approach to address the challenge of nonlinear modelling is to discretize the dy-
namics into distinct operating regimes. Gain scheduling is ubiquitous for modern aircraft
systems, e.g. the General Dynamics F16, or NASA X15 [44,45]. The method simplifies con-
troller adjustments across different operating conditions by quantizing them into discrete
detectable states. Sets of control gain parameters that are found for different operating
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conditions are stored in a look-up table, significantly reducing the engineering effort that
would otherwise be required to implement the full control system solution. However, this
method requires sophisticated sensing of the flight conditions to detect timing for mode
switches, which can induce operational errors such as the chattering effect that occurs when
the control oscillates between condition regimes due to the discontinuous property of the
discrete look-up table. Gain scheduling can be improved by the addition of robust tech-
niques, as demonstrated for a vertical or short-take off attack aircraft reference model [46].
Sliding mode control employs a model-based approach to manage the nonlinear dynamics
of aircraft by maintaining system states on a specifically defined set of conditions derived
from the system’s equations to ensure stability and robustness [47]. This control method
effectively counters disturbances and variations in parameters with aggressive, discontinu-
ous actions as shown with the F-16 longitudinal dynamics model [48]. Sliding mode control
can account for systems faults, thereby improving robustness of the system, as shown for
large Boeing 747 transportation aircraft [49,50]. Alternatively, model-based fuzzy logic
systems present another strategy for handling the nonlinear dynamics of aircraft and are
well suited to manage modelling uncertainty [51].

Despite the sophistication of the control methods described earlier, they depend on ideal-
ized mathematical models which can cause sensitivity to model inaccuracies that adversely
impact control performance when the actual aircraft dynamics deviate from theoretical
predictions. Incorporating real-time adaptive mechanisms into modelling-based control
design provides the essential capability of dynamic parameter adjustment. Flight control
was one of the strong driving forces for the early development of adaptive control [52].
Astrom and Kumar provide an excellent record of the historical development for adaptive
control and optimal control in their survey of feedback control theory [53]. In the most
general sense, an adaptive controller is simply a controller with adjustable parameters and
an automatic mechanism for adjusting those parameters based on observations of its own
performance. The study of adaptive model-based control strategies is wide-spread for non-
linear dynamics problem. Model predictive control (MPC) methods, while traditionally not
adaptive, continue to be extended with adaptive features that enable controllers to refine
a predictive model with real-time data, thereby mitigating the risk of model inaccuracies
and enhance control efficacy [54]. An overview of modern MPC along with its applications
to industrial processes, energy systems, power electronics, and manufacturing is presented
in [55]. Adaptive MPC approaches are well-suited for integration with reinforcement learn-
ing to develop closed-loop control policies, yet they remain sensitive to modelling biases,
as is the case for deforming robotic manipulators models [56]. Bruder et al. demonstrate
adaptive MPC applied to soft robots with nonlinear behaviours and error-prone models
that have physical simplifying assumptions [57]. This approach applies Koopman operator
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theory to identify optimal linear approximations of nonlinear systems without the usual
decline in performance associated with linearization, allowing for development of new con-
trol strategies in the presence of uncertain dynamics models. Model-based data integrated
techniques have become more wide-spread for large-scale industrial processes [58]. While
the large amounts of available process data provide insights into the operational dynamics,
this approach requires automated tuning of sophisticated models and substantial compu-
tation effort in order to be useful. Chowdhary and Johnson demonstrate the capability
of an adaptive concurrent model-based reinforcement learning scheme to tune a dynamic
model inversion based control for an autonomous helicopter UAS [59]. Lyapunov stability
analysis is used to show that adaptation scheme yields stable and bounded controllers.
A similar solution approach is employed by Kamalapurkar et al. for the infinite-horizon
optimal tracking problem presented in [60].

Model-based control systems have demonstrated significant capabilities for handling the
complex dynamics of high-performance aircraft. The works highlighted present proven
systemic design and analysis tools. However, their performance depends on accurate mod-
els. This is a major limitation especially when faced with uncertain conditions or system
changes. Methods such as robust design, adaptive units, or fuzzy logic are essential to
manage uncertainties for partially modelled systems [61]. Alternative approaches become
practical when dealing with nonlinear systems characterized by uncertain conditions or
frequent system changes, where the issues of inadequate models become more pronounced.
This is particularly relevant for the control of WSC aircraft, where dynamic complexities
and modelling challenges are significant. An option is presented by model-free approaches,
which operate directly from a system’s inputs and outputs, thereby sidestepping the issues
associated with model-based control.

2.3 Model-free control

Model-free control is a class of controller design techniques that do not require explicit
knowledge of the system dynamics or process model. Model-free approaches are best ap-
plied to control problems where model-based control strategies are impractical or ineffective
due to dynamics that are unknown or difficult to accurately model. The complex nonlinear
dynamics inherent to flexible wing weight-shift aircraft make model-free control techniques
a compelling choice for the control of such systems [62]. As an example, Chaffre et al. em-
ployed a model-free control approach to design a micro UAV multi-copter controller that
relied solely on sensor feedback and required no model of the aircraft dynamics [63]. The
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solution enabled the micro UAV control to remain robust to wind gusts that the aircraft
would otherwise be highly susceptible to. The model-free method adapted to the varying
wind speed levels and optimized responses across different operating points, eliminating
the need to be overly conservative to satisfy performance specifications. These results
suggest model-free control would be suitable for a hypothetical flexible wing weight-shift
aircraft flight controller that would need to account for velocity dependent dynamics and
susceptibility to wind disturbances without being too conservative on control. There are
several proven approaches that fall under the category of model-free methods, including
model-free predictive control, the widely studied methods of fuzzy logic, and reinforcement
learning.

Model-free predictive control methods use measured input and output data to predict a
model for the systems operation over time, thus remains sensitive to changing conditions
while ensuring optimality of the input action [64]. These methods are shown to approach
the performance of model-based methods for the different control applications of power
converters, electric drives, and microgrid systems. Wojsznis and Blevins discuss several
self tuning intelligent PID control schemes in [65]. The model-free methods discussed
detect a change in the monitored process variables time dynamics, and adapt either by
rebalancing the proportional and integral correction signals, or by switching between dif-
ferent gain combinations from a predefined set according to a performance index. Fliess
and Join present a rigorous treatment of design for intelligent PID controllers in a model-
free way using ultra-local output models [66]. Similar in principle to a self tuning regulator,
this method reduces the PID gain tuning problem to a regression on the output tracking
performance of the system. The ultra-local approach has been shown to achieve superior
reference tracking and disturbance rejection even for fast power electronics systems [67].
Madadi et al. compare intelligent PID controller performance with two model-free pre-
dictive control techniques [68]. Tt is found that the intelligent PID approach offers better
disturbance rejection and tracking performance.

Fuzzy logic control systems were first invented as a model-free approach that relied on
expert knowledge of a systems dynamics. These methods classify the system’s dynamical
state and corresponding control into membership categories that are human-interpretable.
A recent review of their historical development and future directions can be found in [69].
For systems with greater degrees of uncertainty, Type-2 fuzzy logic control systems are
of interest as they allow the membership functions to incorporate confidence levels [70].
The primary issue with model-free fuzzy logic controllers comes down to the fact that it is
essentially heuristic, which makes their design and improvement processes strongly designer
and system dependent. A well-used tool to tune fuzzy logic controllers is through neural
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network training, where the adaption of membership sets is driven through performance
evaluation based on episodic data [71,72]. Neuro-fuzzy logic controllers promise faster
training and improved performance, but require substantially more technical overhead and
a method to generate training data.

Nonlinear function approximation using neural networks is an important addition to model-
free control. A learning neural network compensator unit can be added to a control system
to improve performance under time varying and unknown nonlinearities that are otherwise
difficult for the model-free methods to account for. Examples of application of this method
are shown for a continuous stirred tank reactor in [73], and for an aircraft pitch control
mechanism in [41]. Das et al. demonstrate the application of a learning compensator unit
in [74]. El-Sheimy et al. use a neural network approach to fuse inertial navigation data and
GPS data without any requirement for a dynamic model of the vehicle that is normally
used for position estimation problems [75]. It is found that the method outperforms a
Kalman filtering routine that was used to benchmark the results.

On another front of model-free control via neural network function approximation is the
application of reinforcement learning. Rather than compensating an existing controller,
entire nonlinear feedback controller structures can be learned with neural networks from
input and output data alone by allowing the controller to interact with the system and
adapt through reinforcement learning. Barto, Sutton and Anderson were among the first
to present an early example of this type of model-free control with the cart-pole dynam-
ics model [76]. The reinforcement feedback signal in this work solely relies on the binary
occurrence of failure events and otherwise contains no information of the system state.
Consequently, the adaptation of the neural network is predicated on the aggregate perfor-
mance of the system rather than modifications to individual elements of the control process.
Cook demonstrates that a simple two-neuron network can control the non-minimum phase
dynamics of a bicycle system in a desired direction without algebraic analysis or extensive
learning [77]. Deep reinforcement learning extends the capabilities of reinforcement-based
learning controllers by leveraging high-dimensional information from the system state [78].
Performant model-free controllers can be learned simply by employing rich observation
data, such as camera feeds focused of robotic action or pixel data from video games,

Reinforcement learning based neural network approaches have been applied to solve op-
timal control problems with complex nonlinear dynamics interactions. For instance, they
have been extensively applied to the coordinated actions of multi-agent systems, where
interactions between agents must be accounted for [79]. These solutions embed optimality
conditions, rooted in game-theoretic principles, in the reinforcement process to enhance
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collective decision-making and performance of the resulting model-free controllers used by
the multi-agent system. A similar game-theoretic framework is used for the training of
neural network based solutions for robust H, controllers [80]. Significant to this thesis is
the branch of optimal control that involves ADP-based techniques that incorporate online
reinforcement learning and optimality conditions to extend the capabilities of model-free
approaches to complex nonlinear systems with partially unknown or fully unknown system
dynamics.

2.4 Optimal control by approximate dynamic program-
ming techniques

Optimal control frequently involves solving complex matrix design equations with adaptive
techniques to obtain real-time approximate solutions where exact methods are impracti-
cal [62]. The results from the prior work of Abouheaf et al. demonstrate several partially
model-based and model-free control techniques applied to flexible wing weight-shift aircraft
control [22-27,81]. Among these, methods that employed approximate dynamic program-
ming (ADP) schemes were found to be noteworthy. These methods use reinforcement
learning to find optimal control strategies online from feedback data, using either partial
model-based techniques or completely model-free.

Dynamic programming, first introduced by Bellman in the 1950s, is an optimization ap-
proach that simplifies complex problems by breaking them down recursively into smaller,
manageable sub-problems [82]. These sub-problems are then solved sequentially, and by
Bellman’s principle of optimality can be applied in a forward or backward sequence de-
pending on the problem structure. For optimal control problems, these methods use a
necessary optimality condition known as the Bellman equation that defines the value of
a current control input as the expected reward along with the predicted value of future
sub-problems. The optimal control strategy is then found by iteratively solving for con-
trol solutions that maximize total value accumulated from all sub-problems. Solving this
Bellman equation for the case of linear dynamics and quadratic cost leads to a Riccati
equation whose solution directly gives the optimal feedback gains. Dynamic programming
has two important limitations worth mentioning: First, since the solution is found offline
by solving all sub-problems at once, it is model dependent. Second, the approach becomes
infeasible for high-dimensional problems or continuous time problems that have the expo-
nential growth in the state and action spaces, where the amount of data required to obtain
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an accurate model also increases exponentially. This phenomenon, known as the curse of
dimensionality, is a simple fact for most real-world time-dependent robot control problems.

ADP methods were developed to address the limitations of classical dynamic program-
ming. ADP is a body of techniques that combines reinforcement learning with dynamic
programming to determine optimal control policies in problems characterized by model
uncertainty [83,84]. Werbos first advanced approximate solutions to dynamic program-
ming problems that used automatic neural network training by backpropagation [85-88].
The online approaches generate approximations of value functions that encode state-action
pair utility, (or quality), effectively prescribing the optimal control policy by observing the
temporal difference (TD) error of probabilistically-derived models [89]. This model-free
process came to be known as Q-learning [90]. The combination of automatic backpropaga-
tion and Q-learning, often referred to as neuro-dynamic programming, lead to a multitude
of solutions to classic dynamic programming that were otherwise intractable due to the
curse [91,92]. Doya extended TD learning methods to continuous time and state problems
in [93]. Optimal control problems once thought to be intractable were now addressable
by learning from feedback data alone [42,94]. Lewis et al. demonstrated the applicability
of these techniques to robotic systems with unmodelled dynamics by learning trajectory
tracking control policies purely online and in real-time [95,96]. Khan et al. classify the
existing types of TD methods into three types: Q-learning, state-actor-reward-state-actor
(SARSA), and actor-critic [97]. Q-learning is off-policy, meaning that it estimates the
value function independently of the current policy, i.e. adaptation does not occur during
exploration. In contrast, SARSA is on-policy meaning that it adapts the policy during
exploration and estimates the value function according to the state-action pair and the
current policy. Actor-critic methods are on-policy, with the significant distinction that the
policy and value function approximations operate interdependently, enabling simultane-
ous estimates to both components in a dual learning approach. Landelius presents proofs
for the convergence to optimal control policies by different adaptive critic methods in [98].
Prokhorov provides nuanced discussion and contrast for increasingly capable adaptive critic
designs in [99].

Of specific relevance to the thesis is the branch of ADP methods that employ online
reinforcement learning adaptive critics schemes to solve the optimal control policy for
discrete or continuous times problems with partially unknown or completely unknown
dynamics [62,100-102]. In this framework, control problems are solved by optimizing
the performance of the underlying dynamical systems, encoded by so called Hamilton-
Jacobi-Bellman (HJB) equations which define objective (or cost) functions that evaluate
the system’s evolution over time, based on feedback data. The HJB equations provide a
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structure for optimal control problems where solving the costate equations derived from
the Hamiltonian formulation is equivalent to solving the value function of a dynamic pro-
gramming problem. These are solved iteratively with a reinforcement learning approach
composed of two steps: The evaluation of the TD equation to determine the value function
costate, followed by calculation for the optimal strategies to maximize the predicted value
accumulated in time. The solution of the resulting TD equations depends only on the state
or state-action combinations and allow for gradient-descent solution approaches. Lewis,
Vrabie, and Vamvoudakis review the interrelation of several discrete time and continuous
time approaches to optimal adaptive control via reinforcement learning in [103]. Balakrish-
nan et al. review the status of work towards closed loop stability guarantees for adaptive
critic methods in [104]. In the case of online adaptive actor-critic approaches, two neural
network structures learn by their interaction. The actor neural network approximates the
optimal control policy, and the critic neural network approximates the value function that
is used to evaluate the effectiveness of the actor. Al-Tamimi et al. give convergence proofs
for online actor-critic policy iteration and value iteration in the discrete time case in [105],
and further demonstrate that these methods can be made robust and reject disturbances
in [106,107]. Vrabie and Lewis give convergence proofs for online actor-critic policy itera-
tion algorithm with unknown system drift dynamics in the continuous time case in [108].
Lewis and Vamvoudakis present a policy iteration and value iteration derived forms of a
model-free output feedback approach for a partially observable system in [109]. Stability
and convergence proofs for reinforcement learning based adaptive optimal controls with
input saturation constraints for partially unknown systems are presented in [110]. This
work is further extended to solve the linear quadratic tracking (LQT) control problem with
entirely unknown system drift and reference trajectory dynamics [111]. Q-learning meth-
ods for tracking control for systems with completely unknown input and system dynamics
are presented in [112-114], along with proofs of local stability for the error tracking and
convergence to optimal policy presented in [115]. Adaptive critic methods have recently
been extended to safety critical reinforcement learning problems. Yang et al. present
actor-critic methods that provide safety guarantees on the reinforcement learning process
by incorporating full state and input barrier function constraints [116]. Yazdani et al.
developed a policy iteration scheme that guarantees policy updates respect system state
and input bounds [117].

There are numerous demonstrated applications of ADP for control problems found in the
literature. Naeem et al. provide a comprehensive overview of different applications for re-
inforcement learning in [118]. Si and Wang present an action dependent heuristic dynamic
programming based solution to control a highly unstable cart-pole with three links, that is
trained online without a model through TD learning [119]. Khan et al. apply a Q-learning
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approach to design a model-free control for a humanoid robot arm [97]. Vrabie et al.
apply an online actor-critic policy iteration to develop a power system load frequency con-
troller [120]. Vamvoudakis and Lewis apply online actor-critic policy iteration to identify
a feedback elevator control for linearized F-16 longitudinal dynamics [121,122]. Lyu and
Cheah leverage a combined offline-online data-driven learning approach to alleviate con-
cerns around kinematic and dynamic uncertainty for a robotic manipulator by embedding
into the control an offline trained neural network that maps task space end effector com-
mands to joint space commands, and then modify these weights during operation through
online reinforcement learning [123]. Arogeti and Lewis present several output feedback
based lane keeping lateral steering controllers that are found with offline and online meth-
ods and used only partial system information [124]. Mazouchi et al. present a conflict
aware output feedback reinforcement learning controller for an autonomous vehicle that
dynamically modifies the reward function in real-time according to a higher level attention
mechanism system [125]. ADP-based optimal control methods scale well to multi-agent
system problems such as mobile robot coordination control. Qu et al. developed a flock
motion control solution that resolves competing objectives of leader trajectory following,
swarm consensus motion, and neighbour separation motion [126]. The leader tracking con-
trol of each mobile agent is determined by online policy iteration. Adepegba, Miah, and
Spinello developed optimal swarm coordination feedback laws for the area coverage control
problem with actor-critic policy iteration [127]. Soleymani et al. extended this approach by
considering value function forms that directly incorporate the area coverage metric [128].
Inter-agent interactions may be defined within the framework of graphical games where the
communications between the nodes are described using graph structures. [129-139]. The
optimal solutions generated rely upon the interdependence of the value functions assigned
to each agent and their interactions with either neighbouring units or the total swarm.

The body of work reviewed underscores the versatility of ADP methods in addressing adap-
tive control across diverse applications. ADP and online reinforcement learning solutions by
their innate structure, require continuous activity and exploration to refine control policies
in response to the dynamics of evolving systems that may possess unmodelled uncertainties.
As Barto, Sutton and Anderson point out, the evaluation driven nature of reinforcement
learning makes it a more general optimization process than conventional error correction
based optimization techniques that only seek equilibrium in the system [140]. The con-
tinuous need to explore and adapt towards further improvement enables ADP methods
to generate sophisticated, real-time solutions for complex and high-dimensional problems,
thus effectively address real-life optimal control challenges. Given this inherent property
of ADP-based optimal control methods to continuously refine control policies in the face
of unmodelled uncertainties and evolving system dynamics, they are particularly suited
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for addressing the nonlinear dynamics of WSC aircraft, where traditional modelling faces
significant challenges.

2.5 Approaches for modelling dynamics and control
of weight-shift controlled flexible wing aircraft

The academic literature on WSC flexible wing aircraft is limited compared to more con-
ventional aircraft types. The constrained market demand resulting from the limited appli-
cations of flexible wing aircraft restrict their commercial viability, leading to fewer funding
and development opportunities [6,8]. Accurate dynamic models for these aircraft are chal-
lenging to develop as they possess nonlinear dynamics due to the flexible wing’s aeroelastic
deformation, as well as two-body weight-shift relationship that is inherent to their flight
control.

Flexible wing WSC aircraft trace their roots to engineering designs developed by Rogallo,
with the original intended application of recovering space vehicles after atmospheric entry
[141]. As they became adopted for flying, the following design evolution of hang-gliders was
done on a trial-and-error basis, absent of scientific rigour, resulting in poorly understood
stability properties and high accident rates [9,18,142]. Rogallo initially worked on flexible
wings privately, later contributing to the founding of NASA’s Flexible Wing Section at
Langley Research Center in 1958 [141]. Their design can be thought of as existing on a
continuum between parachutes and conventional rigid wings. The aerodynamic shape of
the wing is achieved by billowing of the fabric under dynamic pressure, exactly like that
of wings in nature. These wings are notable for their simple construction that depends on
careful additions of minimal structure to stiffen the fabric surface, thus constraining local
deformation. The combination of ultra-low fabrication cost, lift to drag ratios approaching
15:1, and ease of maintenance provided by these wings led to the founding of the hang-
gliding sport. Wing designs evolved with the sport, however the progress made had been
based on practical trial and error experience, with minimal theoretical backing.

In 1979, NASA’s Ames Research Center began a program with the aim to develop quantita-
tive tools to determine the aerodynamic characteristics of flexible wing ultralights. At the
time there only existed wind-tunnel studies for the original Rogallo wing design, and none
for the modern hang-glider wings of the time [143]. The flexible wing aircraft industry was
mistakenly relying on standard Rogallo wing data with high billow and low aspect ratio
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of 2.5, while modern hang-gliders had far larger spans with aspect ratios of 5-8, reduced
billow, and swept wings. The difference in dynamic performance and control relative to
Rogallo wings became pronounced. 30% of fatal accidents were attributed to tumbling
dives induced by wing luffing in low angle of attack at higher speeds, where conventional
pilot training had mistakenly suggested safe operation. This mistake in engineering as-
sumptions was killing people. The work reported by Kroo in [144] used a 1:5 scale wind
tunnel experiment to analyze the relationship between aeroelastic deformations and the
resulting longitudinal stability and control by considering variations in the wing’s sweep,
twist, dihedral and reflex by variations of the luff-line lengths, batten flex, reflex, keel
pockets, and dihedral. Kroo points out that it is difficult to scale the aeroelastic properties
of the flexible wing, as such this contributes to modelling error of the approach. Notably,
the test found large destabilizing moments at negative angles of attack at higher speeds
associated with poorly placed pilot weight-shift CoG. The hang-gliding sport community
mistakenly assumed simple static conditions on the weight-shift mass from lift point were
sufficient to ensure stability, and neglected the influence of airspeed, ergo, the effect of
dynamic loading on stability and control. Kroo uses the experimental data to define small
perturbation models for the longitudinal and lateral dynamics, and from this determines
stability and control bounds [18]. He concludes this work with the statement "the simplicity
of hang-glider designs belies the complexity of the analysis required to predict their be-
haviour". Put simply, the analytical methods used for conventional aircraft aerodynamics
fails to predict basic dynamic characteristics of flexible wing weight-shift aircraft.

Coincidentally near the starting time of the Ames Research Center program, Cranfield
Institute’s College of Aeronautics, under Cook, began to study the aerodynamics and
stability properties of hang-glider wings. These early efforts are summarized in [145].
Their experimental approach used ground-vehicle attached flying rigs to produce steady
conditions. At first, the experiments were performed to determine the equations of motion
for steady state flight, and to examine longitudinal static stability properties. Kilkenny
continued this work by validating the mobile test rig data acquisition equipment with wind
tunnel for a rigid wing section [146], and then with a focus on the effects of pilot control
on the longitudinal stability [142,147]. Information about the drag of a hang-glider pilot
from wind tunnel test was used in conjunction with aerodynamic data gathered from the
mobile flying rig for three hang-glider wings. Important facts regarding the sensitivity
of the longitudinal stability were identified. Shifting the pilot’s hang point attachment
by small 10cm increments was found to have a great destabilizing effect. Further, it
was found that the stability of hang-gliders designed for pilots weighing 70kg to 90 kg
significantly decreases with lower pilot weights, leading to dangerous flight behaviours
such as unstable transitions and inability to trim, especially at lower incidence angles and
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lighter weights below 40kg. The effects of unsteady flight conditions on WSC were also
considered. While upward gusts increase the effect of control, downward gusts dangerously
reduce the effect of weight-shift control or can cause control reversal when strong enough.
More recently, Gratton and Newman modelled the tumble departure mode for WSC aircraft
that often leads to fatal accidents, with the resulting agreeing with the earlier findings by
Kroo and Kilkenney [148]. These facts underscore the presence of nonlinearity in the
flight dynamics and control of hang-gliders that had been underestimated by the sport’s
community. Greater emphasis on modelling the interplay between weight, balance, and
aerodynamic stability is necessary to ensure safe operation.

The next major development in modelling the flight dynamics of hang-gliders began in 1989
when de Matteis developed a dynamical system model that considers a rigid wing along
with a pilot that is attached by a fixed member to a rotation point on the keel [29, 149].
An important working assumption is made that aeroelastic effects can be added as velocity-
dependent aerodynamic derivatives. The model is developed for small-perturbations around
the trimmed states, and from this transfer functions are developed for the longitudinal and
lateral response of the hang-glider to pilot input. The model correctly replicates the high
sensitivity of longitudinal stability due to CoG shifting induced by the pilot. It is found
that the system’s response to a lateral shift of the centre of mass is relatively small. This
implies that while the lateral stability margin is large similar to what is found in [18], main-
taining the system’s lateral stability is strongly dependent on sustained, disciplined pilot
input, and control authority is sensitive to disturbances from gust. The frequency response
of the hang-glider to pilot force is further considered in [150]. The model captures stabi-
lizing damping effects attributed to unsteady circulatory airflow that is observed in larger
angle of incidences, confirming that the hang-glider possesses positive static stability in the
longitudinal axis. The effects of turbulent air on the hang-glider’s longitudinal dynamics
for this model are considered in [151]. A similar effect was experimentally confirmed more
recently with scaled wind-tunnel test performed by Khaddage [152].

In the 1990’s, Cook’s research group had continued on with the work to develop dynamics
models that considers the aeroelastic effects of the flexible wing along with the pilot control
as detailed in [19]. First, a mathematical model for the longitudinal static stability of the
hang-glider was developed based on the previous work by Kilkenny [153]. This model was
validated by fitting the model output to reference data gathered from a fifth generation
hang-glider wing, and it is found to be in broad agreement with the results of Kroo and de
Matteis, despite being arrived at separately. Next, the model was extended to consider the
aeroelastic properties of the flexible wing. The dynamic stability properties of the hang-
glider were addressed at first by Rollins who considered the effect of velocity dependence
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on longitudinal stability and control [154]. A semi-empirical approach is used to identify
mathematical expression for the aeroelastic properties of the wing that depend on the
variable camber and twist when near trim in steady flight. This approach involves dividing
the wing into multiple chord wise segments. The aerodynamic properties of the wing are
determined by how the span-wise twist and section lift coefficients change with changes in
incidence, velocity, camber, and the action of the luff lines. Spottiswoode then developed
comprehensive computational tools to model the longitudinal and lateral dynamic stability
and control of the hang-glider, factoring in the aeroelastic properties of the flexible wing
[155]. The work includes consideration for the dynamic stability properties of the hang-
glider when factoring in the effect of velocity dependence on stability and control. This
leads to what can be considered as the state of the art for sophisticated modelling of the
flight dynamics of the hang-glider, reported in [19].

The most advanced mathematical model developed by Cook and Spottiswoode in [19]
consist of a system of nonlinear dynamic equations that describe all kinetic phenomena of
the hang-glider. The modelled dynamic properties include the force and moment balances
for inertial, gravitational, and aerodynamic lift and drag, as well as the trim equilibrium
conditions. Small aerodynamic and pilot-induced disturbances in the motion variables are
represented by a set of stability and control derivatives by techniques that match those
found in classical flight control textbook treatments [156]. The most pertinent aspect
presented is the complicated treatment of the velocity dependent aerodynamic model for
the deformable flexible wing. This approximate model replicates the main features of the
deforming airfoils aerodynamic behaviours while ensuring that it is clear which physical
phenomena are driving said behaviours. The primary deformation features modelled map
the changes in the wing’s luff, camber, and twist to corresponding effects on lift and drag,
and then uses these to calculate the aerodynamic trim, stability and control derivatives.
The overall stability properties for the aircraft and response to control inputs of the pilot
for longitudinal and lateral axes are then found. In the authors’ own words, the approach
is chosen as it represents a compromise between simplicity and accuracy. It is limited in
that it is quasi-static about equilibrium trim conditions and does not account for unsteady
aerodynamic or shifting mass effects, both facts of life for real-world WSC flight. That being
said, this model provides the most comprehensive representation, to date, of the complex
nonlinear dynamics governing WSC flight for flexible wing ultralights. One would have
to account for this level of dynamic complexity when designing a hypothetical automatic
feedback controller by model-based approaches. Several important conclusions on the flight
dynamics are drawn from this work that influence future automatic controls design:
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e Aerodynamic and control derivative estimates are highly dependent on the modelling
data used.

e The WSC pilot creates a pendulum stability property which increases the degree of
static stability in both pitch and roll.

e The WSC pilot pendulum greatly amplifies the yaw stability provided by the swept
wing.

e The phugoid mode becomes unstable at low flight speeds due to the wing’s aeroelastic
properties, which reduce effective damping.

o Wing flexibility causes significant variations in the pitching moment with speed,
leading to a destabilizing effect at lower speeds and improving stability at higher
speeds.

o At higher speeds, the aeroelastic effects become less variable, i.e. the wing is more
rigid.

« Longitudinal dynamics are highly sensitive to WSC.

o Lateral dynamics are comparatively lowly sensitive to WSC.

o Lateral control must account for the instantaneous adverse yaw input that is an
unavoidable consequence of a roll input, but this resolves naturally after a short
time.

In 2015, Ochi developed further on the Cook and Spottiswoode model by considering the
system as two coupled bodies, with internal forces to represent the weight-shift interaction.
At first, Ochi only considered the longitudinal dynamics [157]. Simulations revealed the
two-body model was unstable in most flight conditions, prompting substantial adjustments
to pilot and wing aerodynamic derivatives to arrive at stabilized flight performance that
aligned with the original one-body model. Ochi considers the lateral flight maneuvers for
the two-body model in [30]. Numerical simulations confirm that during turning, the pilot
stays near the wing’s symmetry plane with minimal control effort, mirroring the actual
flight principles of WSC. Ochi’s modelling work culminates with a two-body system non-
linear dynamics model that fully describes the flight dynamics as well as the pilot’s WSC
input [20]. The pilot’s handling is modelled as linear feedback controller that performs
three actions to stabilize the aircraft’s dynamics: First, a pair of pitch and roll attitude
control loops determine the wing body maneuver, with yaw neglected. Second, a stability
augmentation system controls the rotational (yaw) state of the pilot body relative to the
wing to ensure stable and coordinated motion, preventing unintended rotations and en-
hancing overall flight safety. Third, a control augmentation system responds to pilot inputs
to facilitate lateral shifts of the CoG, regulating it to be vertically aligned with the wing
body’s CoG. Numerical simulation results for the model confirm that much like real-life,
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the hang-glider without control is unstable except for the case of perfectly trimmed, steady
flight. When the feedback controller is implemented, the aircraft model is shown to become
stabilizable for varying flight conditions. With air-trikes, the wing yaw control is addressed
by successive roll attitude adjustments through roll-yaw coupling, as the pilot mass is not
able to rotate freely in yaw as is the case for a hang-glider [8]. This indicates that any
effective weight-shift flight control system must manage these three critical functions of
the pilot-wing system.

Significant challenges for model-based control include aeroelastic deformation of the flexible
wing, turbulence-sensitive stability, and the nonlinear response of weight-shift maneuvers,
which depend on the interplay between the vehicle configuration and the flight envelope
phase. It is difficult to measure all of these effects in experiments, ergo, higher uncertainty
for modelling-based control approaches is expected as concluded by the model developers
[18-20,142,149]. Abouheaf et al. applied model-free reinforcement learning approaches to
control the Cook-Spottiswoode and Ochi hang-glider dynamics models. Model-free control
provides a method to overcome issues caused by nonlinearity inherent to the hang-glider
system’s dynamics and the higher degree of parameter uncertainty of models for such a
system.

Abouheaf and Gueaieb explored several model-free control methodologies. Initially, they
considered the application of an adaptive actor-critic learning structure to control the flight
dynamics of the linearized Cook-Spottiswoode model [23,24]. The method described in the
work is partially model-free as it assumes no knowledge of the drift dynamics but requires
a model for the system’s inputs. A policy iteration scheme updates an approximation
for the costate which encodes the control system’s optimal performance for stabilizing the
system. The online reinforcement learning algorithm employed generates estimates for
the system’s optimal value function by sampling measurements in an online fashion, and
periodically updates the control policy. Simulation results present a learned candidate
optimal feedback controller that stabilizes the system’s longitudinal and lateral dynamics.
Further, this method is shown to be robust to substantial random noise added to both the
simulated drift and input dynamics, as well as to noise added to the measurements of the
longitudinal and lateral state feedback.

Abouheaf and Gueaieb considered the application of adaptive fuzzy logic structures to the
tracking problem for the lateral dynamics of the linear Cook-Spottiswoode model in [25].
Although model-free, the method requires the heuristic definition of fuzzy logic rules that
implicitly map state error measurements to control inputs. The fuzzy logic weights are
updated using two different reinforcement learning methods, a Q-learning approach and a
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neuro-fuzzy approach. Simulation results demonstrate that both learning methods are able
to provide a optimal trajectory tracking and maintain the stability of the lateral dynamics
while exceeding the performance of a static fuzzy logic controller. These results do not
consider the longitudinal dynamics, so it is left open as to how the approach would perform
for simultaneous longitudinal and lateral trajectory tracking.

Abouheaf et al. proceeded to develop fully model-free online reinforcement learning con-
trollers to solve the optimal control problem for the Cook-Spottiswoode and Ochi hang-
glider dynamics models. No model for the input or drift dynamics is required with these
methods, and they are inherently robust to parameter uncertainty and disturbances. Each
solution uses online adaptive critic structures to approximate optimal value functions and
the corresponding optimal control policy by sampling the system’s performance over time.
First, an adaptive critic integral reinforcement learning approach that adapts via value
iteration is applied to the Cook-Spottiswoode model [81]. The critic adapts according to
a gradient descent rule, while the actor control policy is defined directly by the critic.
Stability analysis shows that the method is able to regulate the lateral and longitudinal
dynamics. This approach is shown to control and stabilize the dynamics of the more com-
plicated two-body Ochi model [22]. Methods with separate actor-critic neural network
structures were then studied. This is first applied to control the lateral dynamics of the
Cook-Spottiswoode model, and solved for dual-objectives of tracking error correction and
dynamic stabilization using value iteration [26]. This approach was employed to control
both the lateral and longitudinal dynamics in [27].

While these recent developments using model-free control methodologies have demon-
strated potential for managing the uncertain nonlinear dynamics of flexible wing weight-
shift aircraft, significant challenges persist in translating these approaches to hardware
implementations. The inherent complexity of real aircraft behaviour necessitate further
development to ensure the applicability of these control techniques in real-world experi-
ments. Additionally, the lack of a defined actuation mechanism to implement these con-
trollers introduces further complications, as the control and modelling of a hypothetical
robotic weight-shift piloting system would need to be incorporated.
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2.6 An overview of cable-driven parallel robots de-
sign, dynamics, and control

A cable-driven parallel robot (CDPR) is the primary actuation mechanism employed for
the robotic weight-shift piloting system detailed within the thesis. They are composed
of a manipulator scheme that uses a set of parallel flexible cables or wires under variable
tension from actuators that drive the movement of an end-effector. These robots offer high
end-effector precision, variable compliance, higher overall structural stiffness, and are well-
suited for applications with larger workspaces [158]. They combine desirable flexibility,
lower mass, and simplistic design properties of cable-driven manipulators with the high
precision and strength of parallel manipulators [159-162]. Zarebidoki et al. published a
comprehensive review regarding kinematics and dynamics modelling, configuration opti-
mization approaches, and control for CDPRs [163]. The review identifies a significant gap
in the current research on CDPRs with respect to modelling of nonlinear elastic effects of
the cables while under static or dynamic loading, along with the high potential for state un-
certainty. It is suggested that further study should focus on enhanced CDPRs that employ
new hypothetical adaptive control systems that more easily manage actuator reconfigu-
ration, as this would complement the modularity and scalability of CDPRs. Pott et al.
provide a brief review of existing CDPR prototype development in the literature along with
a full systems design overview for the Fraunhofer IPAnema CDPR [164]. This work includes
details on the mechanical design for a servo-controlled winch with cable-guide mechanism,
their approach to dynamic simulation, and experimental results for the compliance and
stiffness of the CDPR when the end-effector under load. Francois et al. present a com-
prehensive overview for the typical design process in [165]. This work presents a complete
treatment of the systematic design approach taken to select a correct kinematic structure,
sizing and placement of the parallel actuators, the optimization of design parameters, and
the dynamics modelling required to ensure suitability for the industrial application for a
single 4-DoF manipulator. Starting out as an academic effort, the authors found that their
design is competitive with the state-of-the-art robots commonly used in industry through
simulations, leading to prototype manufacturing and experimental test. This work under-
scores the fact that there remains rich opportunities for innovation for these robots even
with simple improvements on designs based on first principles.

The kinematic capabilities of CDPRs depend on joint configuration and the inclusion of
constraining mechanisms. Cable-driven parallel manipulators are divided into 3 types de-
pending on the n DoFs, driven by m cables: under-constrained when n + 1 > m, fully
constrained when n + 1 = m, and redundantly constrained when n + 1 < m [166]. The
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kinematics of under-constrained CDPRs are significantly influenced by external forces act-
ing on the end-effector, as they have fewer cables than degrees of freedom. Carricato and
Merlet provide an algorithm to assess the stability of equilibrium states for crane-type
CDPRs [167]. Extensions of parallel manipulator dynamics models to cable-driven parallel
manipulators is an active field of research. Dynamic analysis for CDPRs is better under-
stood by first studying the dynamics of parallel manipulators with rigid links. As an exam-
ple, the parallel manipulator dynamics analysis in [168] presents a Lagrange-d’Alembert
formulation as well as an Newton-Euler formulation, and proves their equivalence. The
statics and inverse kinematics of a fully constrained cable-driven parallel manipulator,
along with its inverse Jacobian relationship is presented in [169]. A full dynamics model
derived by Newton-Euler formulation for an under-constrained cable suspended robot is
presented and experimentally verified in [170]. A Lagrangian energy formulation is used to
derive the dynamics model for a fully constrained 6-DoF CDPR along with the Jacobian
relationship is calculated in [171].

CDPRs possess several notable technical issues in their real-life application. Practical
issues include performance sensitivity to cable elasticity, difficulty coordinating parallel
manipulators, and end-effector sensitivity to modelling uncertainty and disturbances. De-
spite these issues, the use of cable-driven parallel manipulators has increased significantly
in recent years. In their review, Qian et al. found many studies that have focused on
investigating different aspects of CDPR designs, including their typical configurations, dy-
namic analysis techniques, control methods, and applications [172]. A significant degree of
research effort is dedicated to the optimization behind the mechatronic designs for parallel
manipulators. The challenge of optimizing actuator placement or end-effector cable anchor
points for accessible workspace and manipulability properties is a pervasive problem, as
there is an inherent trade-off between the two objectives. Ebert and Voglewede discuss
conditions on force closure problem for cable-driven parallel manipulators, and identify
mathematical connections to multi-finger grasping [173]. The authors also consider tension
force feasibility for wrench-feasible workspaces, static equilibrium under gravity, dynamic
equilibrium, and statically stable poses. Miyasaka et al. provide experimental validated
hysteresis model for stainless steel cables with different diameters in [174]. Paty et al.
perform a end-effector pose error sensitivity analysis for elastic and geometric parameters
of a CDPR which incorporates a novel double revolute (2R) joint pulley design in [175].
The sensitivity analysis is used to determine the optimal configurations that lessen tra-
jectory tracking error among several CDPR designs. Of note, it is found that the extra
degree of freedom provided by the 2R pulley design leads to improved overall trajectory
tracking performance by increasing the tracking-error-limited volumes of the workspace.
A similar outcome was observed for a rigid parallel robot in [176], where the workspace
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was enhanced by introducing additional free motion through a nonholonomic joint added
to the actuator mounting point. Khakpour et al. study the idea of replacing single cables
with spatially distributed sets of cables that are all driven by the same actuator, i.e. a
differential mechanism, to improve redundancy under higher end-effector loading [177]. It
is found that for identical per-actuator force distributions the differential CDPR scheme
offers improved force-closure and wrench-feasible workspaces than the conventional single
cable per-actuator scheme. However, this solution requires substantial additional mechani-
cal and control sophistication to ensure that differentials are loaded equally. Barbazza et al.
present a CDPR with an online reconfigurable end-effector that allows for the workspace
and manipulability to be transformed through modification of the cable anchor points [178].
This scheme allows the control designer to more readily consider trade-offs between pose
transitions and achievable wrench forces of the end-effector.

Motion controller designs for parallel manipulators are an active research topic due to the
increased difficulty of modelling their inverse kinematics and deriving control laws, relative
to serial manipulators. For CDPRs, commanding the end effector to track a given trajec-
tory requires the simultaneous coordinated control of multiple actuator’s torque-tensioning
commands [179,180]. Current research is primarily focused on offline dynamic trajectory
planning, where an inverse kinematic model is required to solve coordination problem of
the actuators [181-185]. As these are model-based approaches, they suffer from the issues
posed by model uncertainty or disturbances that may act on the system. There exist a va-
riety of research efforts that instead employ feedback control and data-driven approaches
to design trajectory tracking controls for parallel robots. Fahham and Farid present a
clever feedback linearization approach that exploits optimal control theory to devise a
bang-bang controller and solve for the corresponding switching points in [181]. Ghasemi
et al. implement a neural-network training scheme that learns the forward kinematics
model directly from measurement data in [186]. Korayem et al. employ a robust feedback
linearization approach that finds optimized trajectories through a linear quadratic regula-
tor scheme in [187]. Model-based approaches based on the Udwadia-Kalaba constrained
dynamics formulation are applied to the trajectory tracking control for several different par-
allel manipulators in [188-192]. Sancak et al. apply a model-free approach to the tracking
control design of a CDPR with partially unknown dynamics, where a nominal dynamic
model in feedback linearized form is equipped with an ultra-local model predictive feature
to self-tune an adaptive PID controller [193]. Jabbarias and Yoon present an adaptive
and robust model-based approach with guaranteed trajectory tracking performance, where
a leakage-like adaption law is employed to modify the control input in the presence of
significant disturbance or modelling uncertainty [194]. This work is extended to employ a
neural-network training scheme in order to learn a model-free trajectory tracking controller
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in [195]. Mann and Surgenor apply a model-free fuzzy logic based PID controller to a rigid
parallel manipulator in [196]. The offline deep learning approach presented [197] employs
neural networks to learn unknown dynamics properties of CDPRs. The discussed works
offer valuable insights into the progress and challenges involved when developing CDPR
hardware and controls, and will inform development for the weight-shift flight control pi-
loting system.

2.7 Open-source mobile robotics simulation, with a
focus on (Gazebo

To achieve the development of high-performance mobile robots capable of fulfilling sophis-
ticated missions, computational platforms that enable dynamical simulation have become
essential. These simulation tools are critical for evaluating robotics designs, as the combi-
nation of virtual dynamics model and ability to move in a simulated environment enables
rapid validation of prototype iterations without incurring real experiment cost. [198,199].
There is a growing focus on investigation of software platforms, and simulation tools for
mobile robotics specifically, as renewed commercial interest has increased their demand. It
is important to recognize that simulation software evolves more rapidly than other facets
of the robotic prototyping process. Therefore, the discussions of robotics simulation soft-
ware presented here should be viewed with the understanding that the literature and tools
discussed represent only snapshots at the time of writing, and they cannot capture swift
developments in the field. In 2009, Parodi et al. presented a survey of hardware in the
loop simulators with special attention given to their applicability to multi-vehicle marine
scenarios [200]. In 2014, Ivaldi et al. presented a survey for different humanoid robot
dynamics simulators that incorporates significant user feedback within the analysis [201].
The survey found that the majority of robotics physics simulators for the time did not
address key roboticists’ defined requirements of support for mathematical descriptions of
multi-body systems and optimized contact solvers. Gazebo (presently referred to as Gazebo
classic) and V-REP (since renamed as CopelliaSim) were the preferred options that met
key criteria of roboticists. Recently, the exponential growth in research and commercial
activities involving machine learning for robotics control tasks has precipitated the need
for simulators that can support these developments. In 2020, Zhao et al. presented a
literature survey on sim-to-real deep reinforcement learning methodology and software for
robotics applications [202]. These approaches generate solutions that are dependent on
the simulation model that they were trained upon. Unfortunately, this implies that results
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vary with simulation software, and typically require additional incremental learning when
transferred to real robotic systems to adapt for unmodelled effects. In 2021, Algohodhaifi
and Lakshmanan published a review of current simulation methods for autonomous ve-
hicles [203]. Open-source (OS) robotics simulators have gained traction among aspiring
roboticist for their cost-effectiveness, flexibility, and accessibility. These traits make OS
robotics simulators particularly beneficial for academic research. The wide-spread adop-
tion of OS robotics simulation presents a shared framework to collaboratively prototype
new algorithms, models, and controllers [204]. Among the current options of OS robotics
simulators, Gazebo is the software of choice used in the thesis for flight simulation.

Cook et al. present a useful heuristic to compare robotics simulator software [205]. The
approach evaluates each simulator against the following set of criteria: Physical fidelity,
programmatic interface, sensor modelling, adequate feature documentation, and previous
adoption in research. As an additional criteria, the level of activity by online develop-
ment communities for the software will also be considered. Therefore, this discussion will
exclude simulator tools that are developmentally defunct, e.g. MORSE [206]. The most
commonly encountered OS robotics simulator is Gazebo, as it has existed for the longest
time among comparable tools, has a large and active community, is highly customizable
with ample plugin support, and has undergone significant integration efforts with the Robot
Operating System (ROS) framework [207-210]. Riveria et al. present a comprehensive,
insightful and informative overview of the usage of modern Gazebo applied to the mod-
elling of ground vehicles in [211]. In my opinion, this work is the best single resource one
could consult to gain a structural overview of Gazebo, while also clearly differentiating the
functions of ROS from Gazebo. One should contrast the major alternative OS robotics
simulators with Gazebo to form an understanding of the current ecosystem. V-REP, which
recently has been rebranded to CopelliaSim, is a relatively less popular option compared
to Gazebo [212]. While V-REP offers a user-friendly interface and simpler programming
techniques, it lacks physical fidelity, with limited development and documentation due to
a smaller community [201]. Webots is another popular OS robotics simulation tool that is
comparable in user adoption with V-REP, and offers high physical fidelity, an accessible
user interface, and a specific design focus on mobile robotics, yet has lower simulation
extensibility and less active developer community than Gazebo [213,214]. While Gazebo
is fairly feature rich, the software does not extend well to the creation of large scale and
visually rich environments that are closer to the real world. Thus, Gazebo lags in re-
cent advancements for physics-based rendering techniques. Recently, new software tools
that leverage modern 3D graphics engines have seen limited use as platforms for dynam-
ical simulation. AirSim is an open-source simulator developed by Microsoft, tailored to
autonomous vehicle research [215,216]. This software is growing in popularity as it offers
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high visual fidelity, wide support of multiple programming languages, and has compatibility
with open-sourced physics models. However AirSim’s overall development and open-source
community remain in their infancy, hence have limited application in previous research use.
Recent developer efforts on AirSim have focused on implementing the open-source Unity-
3D engine as an alternative to the standard and default closed-source Unreal Engine. This
represents a promising path to alleviate world scaling concerns that limit current Gazebo
implementations [217].

Gazebo is widely used among roboticist for its compatibility with various robot systems
and environments. Common applications include autonomous wheeled robots, stationary
manipulators, and biomimetic locomotive systems [214,218-222]. Qian et al. design and
simulate a serial link robotic arm with 3 finger grasper using Gazebo in [219]. Notably,
the authors’ state their usual design process was reduced from several months to less than
two, as Gazebo allowed for their software and hardware design to be iterated upon in
parallel. Agiiero et al. detail the DARPA Virtual Robotics Challenge that takes place
within pre-made Gazebo scenarios in [220]. The challenge simulates real-time disaster
response for a 28 DoF humanoid robot as it navigates through a series of challenges in-
cluding driving an electric utility vehicle, walking through different regions with obstacles,
and at different points manipulator grasping problems to complete a task in the world.
Lei and Ming implement a Q-learning controller training scenario in Gazebo in [221]. The
differential drive robot model is trained to perform obstacle avoidance manoeuvring from
simulated image depth data. Gazebo accelerates training by enabling automated episode
resets. Li and Xiong use Gazebo to simulate a nonlinear MPC for a mobile robot manip-
ulator arm in [222]. Gazebo allows the authors’ to generate exact scenario comparisons
among different object avoidance schemes. The nonlinear adaptive MPC algorithm they
introduce is compared against a potential field method and a rapid-exploration random
tree method. Recent research efforts have equipped Gazebo simulation with rudimentary
models for of fluid dynamics phenomena to enable the study of water-borne and air-borne
drones. Hydrodynamic and hydrostatic effects have been implemented for the study of un-
manned underwater vehicles in [223]. The simulation of flying rotorcraft, fixed wings, and
airships have also been enabled by simple airfoil and buoyancy model plugins to Gazebo.
Imanberdiyev et al. simulate the autonomous navigation of a quad-rotor UAV in [224]. A
high-level navigation controller within the simulation loop uses online reinforcement learn-
ing to adapt exploration strategies for the simulated physical environment in real-time.
Survana et al. simulate a lighter than air autonomous airship model that implements a
buoyancy physics model to determine aerostatic lift [225]. Ivanovic et al. use Gazebo to
simulate a quad-rotor UAV with a top mounted manipulator arm for indoor agriculture
flight scenarios [226]. The UAV is automated to move the manipulator end-effector along a
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predefined trajectory corresponding to a regular and repeated camera sensor imaging path,
used for fruit yield estimation. Nelissen develops a schematic for a morphing flapping wing
aircraft model within Gazebo in [227]. Although the model was not implemented, this work
is notable for it provides a highly detailed description for aerodynamic model creation, and
includes the idea of using multi-section wings to approximate nonlinear lift models with
the basic Gazebo aerodynamics plugin. Pertinent to these efforts is the implementation
of hardware-in-the-loop and software-in-the-loop architectures that allow for real-time ex-
perimental flight controllers to be validated within simulation [228,229]. Software in the
loop architectures are powerful for bridging the gap between simulated flight control and
real flights in a straightforward way. For instance, the remarkable real-life experiment in-
volving the simultaneous flight coordination of a 50 fixed-wing aircraft swarm, as reported
by Chung, Davis et al., utilized an intermediate software-in-the-loop simulation step to
validate the coordination of the flight controllers [230,231]. In summary, the significant
research efforts undertaken that make use of open-source mobile robotics simulation pro-
vide valuable technical insights, and should be leveraged to facilitate a flight simulation
methodology to support the development of weight-shift aircraft flight controls.
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2.8 Summary of literature review and its connections
to the thesis project

The literature review focuses on the body of research relevant to different aspects of the
robotic weight-shift flight control that is central to the thesis work. A comprehensive review
of dynamics modelling and control research for WSC flexible wing aircraft provides insight
for the nonlinear dynamics and modelling uncertainty that characterize flight control chal-
lenges for this class of aircraft. While modern model-based and adaptive model-based
control techniques are commonly applied to aircraft control problems, they are found to
be difficult to implement under conditions where the system model is uncertain and sta-
bility is sensitive to modelling error, as is the case for WSC aircraft. Recent developments
highlight the effectiveness of model-free techniques that provide robust control solutions
for challenging nonlinear dynamic problems without needing detailed models of the sys-
tem’s dynamics. Of specific relevance to the thesis are model-free adaptive critics based
ADP techniques that overcome optimal control challenges, such as trajectory tracking, by
employing online reinforcement learning.

The robotic piloting system and flight controls presented in the thesis are realized through
experimental design of CDPRs and open-source robotic simulation, prior to real flight test.
The benefits and challenges posed by cable-driven parallel robots are better understood
through the review of different parallel manipulator designs that have been studied in lit-
erature. Specific attention is placed on the control problem for CDPRs, as the challenge
of coordinating the action for the parallel actuators to realize control objectives is notable
and remains an area of active research. The literature on open-source robotics simulators
emphasized the critical benefit provided by simulation platforms when validating dynam-
ics models or control systems under development. The applications for mobile robotic
problems that make use of Gazebo highlights the important contribution of simulation
methodology to mitigating risks prior to real-world testing.

To summarize, this literature review provides a foundation for the research context of the
thesis. The literature reference summary in Table 2.1 offers a consolidated overview of
the key publications that have been consulted throughout the thesis work. It groups the
referenced works according to their main contributions, with the aim that it serves as a
guide for quick reference look-up. The literature references have directly informed the
development of automatic flight control systems for weight-shift aircraft presented within
the papers.
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2.8. Summary of literature review

Table 2.1: Summary of key literature references.

References | Key Contributions Relevance to Thesis Work

[6,8,18,141, | Historical and foundational dynamics modelling | Reviews foundational works and provides a basis

150,153] and control of WSC aircraft. for understanding WSC aircraft dynamics, con-
trasted with conventional fixed-wing aircraft.

[19,20, 142, Experimental and theoretical developments in | Empirical studies providing underpinnings for re-

144,147) flexible wing WSC aircraft. alizing dynamics models specific to WSC aircraft.
[22-25,27] Advanced applications of model-free learning | Illustrates advancements in model-free control
methods in controlling WSC aircraft. techniques relevant to handling the inherent com-

plexity of WSC aircraft dynamics.

[159-161, Mechanics, theory, and applications for CDPR. Supports the implementation of CDPRs in devel-

163,173,175] oping robotic systems for WSC aircraft, outlin-
ing mechanical theories and applications crucial
for the thesis.

[168,177] Solutions and studies focused on dynamic control | Provides context on dynamic solutions for CDPRs

using CDPRs. that operate on a force input level, which are es-
sential to weight-shift actions.

[162, 165, Comprehensive reviews and practical applications | Discusses broader research and applications of

172] of CDPRs. CDPRs, informing the thesis on design and prac-
tical application considerations.

[76,82,83, Fundamental theory on model-free learning con- | Provides a theoretical foundation for the control

88,89, 94] trol methods within an ADP framework. methodology employed in developing model-free
control for CDPRs in WSC aircraft.

[181,187] Optimization in CDPR control. Highlights approaches for online optimization to
improve CDPR control, relevant to augmenting
conventional methods.

[195,197] Neural network-based adaptive learning for CDPR, | Provides contrast to proposed methods, showcas-

control. ing adaptive learning performed online in real-time
for CDPR systems.

162,98, 106, Theoretical basis for actor-critic approach applied | Supports the methodological approach selected for

114,120] for optimal control. the real-time implementation studied in the exper-
imental results of the work.

[207,211, Key literature on the use of Gazebo for robotics | Supports the development of the dynamics model

226,228,229] | and aircraft simulation. and simulation environment for the WSC aircraft

in this thesis.
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Chapter 3

An Online Reinforcement Learning
Wing-Tracking Mechanism for
Flexible Wing Aircraft [1]

3.1 Foreword

This chapter presents the first implementation of a candidate parallel actuation scheme
for the flight control of a flexible wing weight-shift aircraft. It is adapted from the paper
titled "An Online Reinforcement Learning Wing-Tracking Mechanism for Flexible Wing
Aircraft", that was published in the proceedings of the 2019 IEEE International Symposium
of Robotic and Sensors Environments (ROSE), held on June 17-18th of 2019, in Ottawa,
Ontario, Canada. A copy of the original paper is included in Appendix A.1.

Its primary contribution is a weight-shift flight controller based on an adaptive model-
free approach that is applied to the kinematic model for a candidate parallel manipulator.
The solution is shown in simulation to stabilize the flight dynamics for the Ochi hang-
glider model [20], without requiring any knowledge of the aircraft’s dynamics. There were
two objectives that motivated this work: First, the study centered on incorporating the
kinematics of a candidate weight-shift actuation design with a dynamics model for flexible
wing weight-shift aircraft. Second, the study aimed to identify a design for a model-free
controller that would stabilize the simulated aircraft’s flight. The approach was designed
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3.1. Foreword

to accommodate uncertain modelling parameters that may dynamically vary during flight.
Using online adaptation to adjust the control input based on real-time sensor feedback,
the system manages the modelling uncertainties.

This work was motivated by the industry partner’s development progress with weight-shift
flight actuation schemes. As of the beginning of the fall term of 2018, Romaeris had un-
dertaken a program of experimental flight tests that relied on different wing deformation
control schemes, where intentional aeroelastic deflection to the flexible wing’s leading edge
members, keel, and wing tips were used to induce flight attitude adjustments. It was found
that these methods, while functional, provided limited flight control authority. In parallel
to the wing deformation control schemes, the industry partner had explored preliminary de-
sign concepts of weight-shift actuation schemes that manipulate the wing attitude through
control bar inputs, similar to the conventional human-powered flight control method. It
remained uncertain if a viable weight-shift actuator design could be realized given the strict
engineering constraints on mass, workspace volume, and energy consumption presented by
manned flight test operations, and no study had been performed to advance the concepts
to an experimental prototype for use in a flight test.

During the active wing deformation control flight test, the industry partner had recorded
the 3-axis force input applied by the pilot on the control bar using a proprietary force
transducer design. This design and the data remain trade secrets. I pursued a self-led en-
gineering study to characterize attitude control via weight-shifting inputs using the force
transducer and test flight sensor data that was provided to me by the partner. With this,
I was able to identify bounds on the power and velocity requirements for a hypothetical
weight-shift actuation design. Combining this with the test flight sensor data determined
that a conventional weight-shift input could be realistically achieved, adhering to the en-
gineering constraints by employing a parallel manipulator design.

This result led to the study of a candidate weight-shift actuation design that featured a
pair of parallel linear actuators driven by servo motors, presented in Figure 3.1. I created
an empirical model for the forward kinematics of the wing’s motion, which is driven by the
displacement of the parallel linear actuators. This model was based on experimental data
gathered from a proprietary mechanical design under development by the industry partner
at the time. The kinematic model was combined with a model-free control method based
upon online reinforcement learning. This adaptive control solution stabilized the flight
of the flexible wing weight-shift aircraft model without any knowledge of the aircraft’s
dynamics.
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3.2.  Weight-shift manipulator model

The chapter is organized as follows: Section 3.2 presents briefly the basic operation and
model of the flexible wing aircraft system. The combined control structure is detailed
out in Section 3.3. The optimal control problem and the associated model-free adaptive
learning process are introduced in Section 3.4. The neural network implementation for the
online reinforcement learning approach is provided in Section 3.5. Section 3.6 shows the
simulation results.

Hang-block — 13

Control bar

Parallel rigid linear actuators

Figure 3.1: CAD model of parallel rigid linear actuator concept considered by the industry
partner for weight-shift control.

3.2 Weight-shift manipulator model

The two-body system is attached by a joint that connects the mast of the fuselage (oth-
erwise known as the chassis) and the keel tube of the wing, called the hang-block. The
hang-block is a mechanical joint which allows for two degrees of motion relative to each
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3.2.  Weight-shift manipulator model

Wing keel

Control bar
Hang block

Figure 3.2: Schematic of the wing-fuselage system, connected by a hang-block joint with 2
DoF, ¢ pitch and @ roll, that links the wing-keel to the mast that itself is rigidly attached
to the fuselage (chassis). The two attached to the mast at P linear actuators push the
wing via the control bar.

body; the wing system may roll freely about the longitudinal axis of the keel bar, and the
keel bar may pitch about the axis of the mast. The pilot, who is positioned within the
fuselage, modifies the wing’s orientation with respect to the fuselage by manipulating the
control bar that is rigidly attached to the wing. To modify the vehicle’s orientation, the
pilot applies force to the control bar to move the wing with respect to the fuselage. By
the principle of weight-shift, this in turn modifies the lift profile of the wing, resulting in a
new orientation of the wing with respect to the fuselage. For the system considered in this
work, the following weight-shift kinematic model is presented with the schematic shown in
Figure 3.2.

The orientation of the wing with respect to the fuselage chassis is represented by the pair
of rotation angles, 6 and ¢ corresponding to roll and pitch of the wing. The set point of
the control bar corresponds to the resting orientation of the wing in stable steady altitude,
steady speed flight. The actuated motion of the control bar from the set point is represented
by the pair of position vectors u; and us which describe the distance between the hand
grips at the two ends of the control bar, to the pilot represented by a point P along the
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3.3. Controller design
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Figure 3.3: Coupled Pitch-Roll Control Mechanism with Wing-Fuselage Roll Disturbances.

mast. The geometric relationship between the orientation of the wing with respect to the
fuselage, and the change in position of the control bar is captured by expression

(6, ¢) = F(u1,u),

which maps the wing’s orientation ¢,6 to the pair of distance vectors, u; and us. To
represent any mechanical force disturbances that may act to move the fuselage or wing
during flight, an additional noise term is added to the roll component of wing motion, ¢,

and is modelled as a normally distributed random variable with zero mean and variance of
4°.

3.3 Controller design

This section explains the mechanism of the combined navigation control scheme. As ex-
plained earlier, the navigation of the flexible wing system follows a weight-shift mechanism
where the center of gravity of the fuselage changes with respect to that of the pilot to
achieve the desired maneuvers. Later on, the adaptive learning solution approach is de-
tailed out along with the neural network implementation.

The objective of the control problem is to take into account the pitch and roll orientations
of the wing to track certain desired trajectory commands using two actuation systems
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3.3. Controller design

with actuation lengths u; and ws (i.e., the control mechanism will decide two-optimal
actuation lengths). The developed mechanism employs two linear actuators in order to
induce the required trajectory tracking responses. The combined control mechanism is
shown in Figure 3.3, and it depends on a concurrent functioning three-tracking control
loops as follows:

o First loop: (i.e., pitch controller) decides the symmetric actuation lengths u, to
achieve the desired pitching adjustment.

o Second loop: (i.e., roll controller) selects the asymmetric actuation lengths to allow
the desired rolling maneuver. The control signal u, expresses the desired asymmetry
in the actuation lengths to achieve the desired roll adjustments.

o Third loop: (i.e., roll disturbance controller) considers the roll disturbances created
by the relative fuselage-wing discrepancy while achieving the required maneuvers.
The regulation signal ug denotes the required asymmetry in the actuators lengths
to suppress the discrepancies between the roll angles of the wing and fuselage and
reject other noise that can persist in turbulent flight conditions.

The control mechanism is designed to eliminate the tracking errors (i.e., e, is the error
between the desired pitch orientation #%*"¢¢ and the measured pitch orientation "9,
e, is the error between the desired wing roll orientation ¢?*"*¢ and the actual wing roll
orientation ¢V and ey is the error due to wing-fuselage disturbances). These tracking
control loops employ an adaptive learning approach which utilizes the current and previous
errors like PID controllers. Each roll and pitch tracking mechanism uses an adaptive
learning algorithm to decide the optimal control gains. The control laws for the tracking
error control loops are given as

up(k:) = up(k: — 1) + Qpl ep(k:) + QPQ ep(k — ].) + QPQ ep(k — 2),
ur(k) = u(k—1)+Qpie (k) + Qraer(k — 1)+ Qpoe, (kb —2),
ud(k) = ud(k - 1) + QRl 6d(/€) + QRQ €d(/{ — 1) + QRQ €d(l€ — 2), (31)

where Qpq, Qpy, and Qgr1, Qo are the longitudinal and lateral tracking control gains that
are determined by the adaptive learning process that will be defined later on.

Note that the third control loop (i.e., disturbances regulation loop) uses the same control
gains obtained for the roll tracking mechanism, as its corrections use the same control struc-
ture introduced by roll mechanism (i.e., the second tracking control loop). This is because
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3.4. The optimal control problem

the most significant modelled disturbances affect the roll response disproportionately [30].
The coupled control mechanism block shown in Figure 3.3 makes a logic combination of
the separate selected variations in the actuation lengths w,, u,, and u4. This unit builds
the logic of how the actuation lengths u; and usy are inter-chosen to achieve the desired
maneuvers. The resulting combined control laws are expressed as follows:

u = up — (uy + uq) /2,
Uy = Uy + (up + ugq) /2.

Each control law decides the symmetric (pitching) and asymmetric (rolling) fractions of the
actuation movements. It is noted that the asymmetric actuation movements (u, and ug)
cause partial pitch deviations which is corrected during the flight by the pitch control loop,
which is done in a dynamic operation. Furthermore, this unit considers the minimum and
maximum constraints on the allowed actuation lengths. This means that if one actuator is
hitting the bounds, the over-limit actuation is compensated for by the other actuator due
to the symmetric inter-distribution capability of the actuators. The parallel actuators u;
and us are corrected to a point in the allowed actuation length range. The next section
lays out the mathematical foundation to build the adaptive learning control mechanism.

3.4 The optimal control problem

This section explains the model-free approximate dynamic programming approach and
develops an adaptive learning approach based on an online value iteration process. First,
the temporal difference equation, i.e. Bellman equation, is stated and then the optimality
principle [42,62] is applied in order to derive the optimality conditions. The proposed
mechanism works to minimize the tracking errors (i.e., e,, e, and e4) to achieve the desired
mixed longitudinal-lateral maneuvers. Thus, a simple diagram for a simple tracking unit is
shown in Figure 3.4. The signals y9¢s¢? and y™meas%red designate the desired and measured
signals respectively, e(k) is the tracking error signal, and u(k) is the selected control signal
for the dynamical system.

Herein a tracking mechanism that is similar to the basic operation of a PID controller will
be introduced. This is done using an online model-free adaptive learning mechanism. This
mechanism does not need the aerodynamic model of the underlying flexible wing aircraft.
Later on, this unit is integrated into the combined control mechanism.
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3.4. The optimal control problem

desired

: Ee

f(e(k),e(k—1),e(k— 2))

measured

Figure 3.4: The tracking control unit, time delayed error signals are used for PID-like input
data structure.

In this case, the main states of the adaptive learning approach are the tracking error
variables (i.e., e(k),e(k — 1),e(k — 2),Vk, where k is the time-index). The objective of
the optimal control problem for each tracking unit is to select the optimal control strategy
u’(k), ¥k in order to minimize a quadratic convex cost function or simply fulfill the tracking
e(k),Vk — 0 objectives. Thus, the objective cost function is given by

€ (B(0),u(0) = 5 (B"(0) Q E(0) + " (0) Ru(0)

where E({) is a vector of the errors so that E({) = [eT(¢) eT({ —1) eT({ —2)]', R>0 €
R and Q > 0 € R¥3 are symmetric weighting matrices. @ is selected by the designer
to weigh the relative importance of the states for optimization objective.

This process is repeated for each tracking control loop. The utility function C(...) is used
to form the following performance index P

P =Y "C(E(),u(0)),

=0

The control strategy u(f), V¢ is selected in order to minimize the control effort and hence the
performance index. The necessary optimality conditions are found by applying Bellman’s
optimality principle to define the Bellman equation [62,82]. For simplicity E(¢),u({) are
referred to as E,u for the same time index. A quadratic value function solution form is
used such that
Lor 7 E
S(E,u)zé[E u'] w

u
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3.4. The optimal control problem

WEE WEy

where w =
WyE Wy

], WEw, WuE, WEE, and Wy, are sub-matrix components of the

matrix w.

The quadratic value function S(E, u) defined in (3.2) quantifies the expected cumulative
cost associated with the current state E and control input u. Bellman’s optimality principle
asserts that the value of the current state-action pair is equal to the immediate cost C'(E, u)
plus the value of the subsequent state-action pair S(E(¢ + 1),u(¢ + 1)). The performance
index P and the solution form S are used to formulate the temporal difference equation,
which is equivalent to Bellman equation, so that

S(E((),u(l)) = C(E((),u(l)) + S(E(l+ 1),u(f + 1)),
The optimality conditions are obtained using Bellman’s optimality principle so that

u’ = argmin (S(E,u)) .

Then wy,u + w,gE = 0. Therefore, the model-free control strategy is given by

o

u = — [wy, wur| E. (3.2)
Hence the Bellman equation takes the form
SU(E0),u’(l)) =C(EX),u’l))+ S (E({+1),u°({+1)). (3.3)

Solving (3.3) using the optimal control strategy (3.2) guarantees a solution for the under-
lying optimal control problem (i.e., stabilizing the tracking errors e(¢), V).

An adaptive learning process is proposed to solve all the Bellman equation (3.3), i.e.
Bellman equations for all the tracking control loops, using the optimal control strategies
(3.2). Value iteration is an adaptive learning process that is concerned with solving the
temporal difference equation or the underlying Bellman equation (3.3) [79,83,88,92]. This
process is composed of two main steps; First, value function evaluation, and second the
control strategy improvement.

The value iteration algorithm is arranged as shown with Algorithm 1. This algorithm is
implemented in real-time and it employs a model-free control strategy. It runs concurrently
for the different scheduled control loops as will be explained later on. The following section
shows the implementation of this reinforcement learning algorithm using the neural network
approximations.
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3.5. Neural network solution mechanism

Algorithm 1 Value Iteration Solution

1: Initialize the solution SO(...) and u°.
2: Evaluate the new solution matrix w”*1, Vr following

STTLE(),u(t)) = CT (E(£),u(f)) + ST(E(¢ + 1),u(¢ + 1)) (3.4)

where 7 is the value iteration solution index.
3: Evaluate improvement in the control strategy following

utl = — [w;ulqu]T+1 E. (3.5)

4: Continue with the process till the differences Aw”™ 1" = w™ — w”~! converge (i.e., the errors are less than a threshold)

for a predefined number of iterations N.

3.5 Neural network solution mechanism

This section explains how the adaptive learning mechanism proposed by Algorithm 1 can
be implemented using the adaptive critics or the neural network structures [92,99, 100,
133,137]. The solution value function S(...) and the associated control strategy u(...) are
approximated using separate neural network structures. This process enables capturing the
optimality in the dynamic learning environment, where the taken strategies are rewarded
or penalized based on the accumulated cost values. The adaptation of the weights is done
in real-time using simple gradient descent approach and linear quadratic cost functions are
employed.

The solution form is defined as a value function S(...), and is approximated by the fol-
lowing neural network structure

S(E,&):%[ET a’l wt Hj}

where W7 is the matrix of approximation weights for the solution value function S.

Consequently, the associated optimal control strategy wu(...) is approximated using the

following neural network structure
w=Q'E,

where Q7 are the approximation weights for the optimal control strategy.

The solution value function’s approximation error ey, is given by
ew = (S(E, i) — S) ,
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3.6. Simulation results

where the value S is given by
S =C(E(),u(0)) + S(E(+1),a(f + 1)),
Hence, the update rule for the approximation weights W7 is given by
~ (r)
WHIT — T _ (( S(E,0) — S) { f } [ET aT}) , (3.6)

where 0 < 7 <is a learning rate. The gradient descent approach is used due to the simplic-
ity of the linear quadratic cost function C(...) which enables this direct formalization. In
a similar fashion, the approximation error for the control strategy is given by €, = (& — @)

where
a=— [0 E.

Similarly, the adaptation rule for the control strategy approximation weights follows
Q(r—i-l)T — Q(r)T — 1 ((ﬁ . ’l],) ET)(T) 7 (37)

where y is a learning rate.

A full online neural network solution algorithm can be arranged as shown with Algorithm 2.

Algorithm 2 Neural Network Solution

: Initialize the weights W0(...) and QO.

¢ Start with arbitrary small error values e(—2),e(—1) and e(0).

. Calculate the approximation .

Compute S.

: Evaluate the measurement e(r) and arrange the errors’ vector E.

. Calculate the approximation @ and S at iteration r.

Find S.

: Evaluate the new solution value approximation weights using (3.6).

: Decide the improvement in the control strategy using (3.7).

10 Continue with the process till the differences AW”=1L" = W — W71 V¥r and AQ" 17" = Q" — Q"1 Vr converge
(i-e., the errors are less than a threshold) for a predefined number of iterations N.

e e N

3.6 Simulation results

In this section, the simulation of the Ochi hang-glider dynamics model is performed [20].
The combined pitch-roll control strategy is employed to test its ability to stabilize the sys-
tem. Weight-shift action is governed by the parallel manipulator kinematic model function
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3.6. Simulation results

F(uy,us2). The contents of this function is intentionally left obfuscated to protect trade
secrets pertaining to the actuator development by the industry partner. First, the adap-
tive learning algorithm is applied to the online decoupled maneuvers to advise the control
gains. This is followed by a planned pitch-roll combined maneuver to show the actuation
performance in order to achieve the desired maneuver. The learning rates are selected so
that p =n=0.001.

The simulation is performed for longitudinal maneuvers to track desired pitch angles from
—15° to 15° with 5° steps. The adaptations of the control strategy gains are shown in
Figure 3.5(a). It can be seen that the optimal control gains converge within relatively few
evaluation steps. The corresponding wing orientations as shown in Figure 3.5(c) in reaction
to the actuation lengths plotted in Figure 3.5(b) demonstrate the correct performance of
the learned controller. The rapid convergence property of the adaptation process is further
emphasized by examining the controller’s action for alternative lateral maneuvers in the
range of —20° to 20° with 5° steps. The adaptations of the controller weights are shown
to converge quickly as shown in Figure 3.6(a). The actuation lengths are the same since
they are moving symmetrically Figure 3.6(b), to achieve the desired maneuver plotted in
Figure 3.6(c). It is worth to note that the asymmetry in the lateral actuation motion in-
duces marginal pitch adjustments. These adjustments are compensated for, automatically,
through the pitch control regulation.

The combined trajectory-tracking control mechanism is tested using the predefined three
control loops working all together simultaneously, with the following control gains €2, =
[0.0251 —0.0320 —0.0139] and Qx =[0.0088 —0.0319 — 0.0102]. The desired de-
coupled maneuvers are formed of two turns in each input #%¢d(r) = —10sin(2rr/1500)
and ¢®sed(r) = 10sin(27r/1500) and they happen concurrently. The wing-fuselage dis-
turbances are modelled using stochastic noise from a normal distribution with amplitude
+4°.

Figure 3.7 shows the different actuation lengths provided by the control loops to achieve
the desired maneuvers. The direct actuation lengths applied to the flexible wing system are
shown in Figure 3.8(a), while the actual performance compared to the desired trajectory
is plotted in Figure 3.8(b). These figures emphasize the ability of the combined control
mechanism to satisfy the desired tracking objectives with very small lag using the online
model-free adaptive learning mechanism.
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Figure 3.5: Longitudinal motion. (a) The adaptation of the controller’s gains. (b) The
actuation lengths in response to desired maneuver. (c¢) The resulting wing orientation.
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3.7. Chapter summary

3.7 Chapter summary

This chapter introduced a model-free trajectory-tracking control mechanism for a flexi-
ble wing weight-shift aircraft system. This represents the first time in literature that a
simulated weight-shift aircraft incorporates the kinematic model of a candidate robotic
manipulator design. The controller consists of three control loops that coordinate the ac-
tion of the parallel actuators while accounting for the interactions between the fuselage
body and wing body systems. An online adaptive learning mechanism based on a value
iteration process is employed to tune the control gains of the different control loops by
measuring the performance of the systems as they interact with the weight-shift flight.
The adaptive controller does not rely on any information about the aerodynamics of the
flexible wing or the dynamics of the two-body wing-fuselage system. The solution of the
adaptive algorithm is implemented and approximated using separate online neural net-
works. The simulation results demonstrate the effectiveness of the proposed controller
design in different trajectory-tracking simulation cases. The optimal control action man-
ages the multiple pitch-roll tracking and stabilization objectives under weight-shift inputs
through performant coordination of the parallel actuators.
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Chapter 4

Guidance Mechanism for Flexible
Wing Aircraft Using
Measurement-Interfaced Machine
Learning Platform [2]

4.1 Foreword

This chapter presents the first hardware implementation within this thesis of an adaptive
actor-critic online learning controller on real flight controller hardware, used to control a dy-
namically unstable system using parallel manipulators. It is adapted from the paper titled
"Guidance Mechanism for Flexible Wing Aircraft Using Measurement-Interfaced Machine
Learning Platform" that was published within the IEEE Transactions on Instrumentation
and Measurement journal, in July of 2020. A copy of the original paper is included in
Appendix A.2.

This work was motivated by the need to prove that an online learning method could
be deployed on computationally constrained flight controller hardware, despite the real-
time control requirement that the hardware presents. This process addresses difficulties
associated with developing control solutions for partially or fully model-based approaches
with uncertain dynamics. The model-free solution demonstrates good trajectory tracking
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4.1. Foreword
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Figure 4.1: Experimental mock-up used to emulate the motion of the fuselage about the
wing in ground test. Note that the wing-mast system is oriented upside down; i.e., the top
surface of the middle bar, representing the wing, is facing the floor, while the mast likewise
sits above it. The figure also shows the Navio2+Raspi IMU and controller, servomotor
winches, and hang-block.

performance in the face of large disturbance events. The experimental mock-up is a 2-axis
inverted pendulum, with kinematics identical to the hang-block of a weight-shift aircraft,
shown in Figure 4.1. The inverted pendulum mock-up is essentially a reduced or simplified
version of a weight-shift aircraft’s flight control problem. Both the inverted pendulum
and the weight-shift aircraft are dynamically unstable systems that require active control
inputs to maintain their balance beyond their unstable equilibrium. With both systems,
small control inputs lead to significant changes in the system’s state, hence both systems
are sensitive to disturbances.

This work advances initial research investigations aimed at designing adaptive flight con-
trollers for flexible-wing aircraft using parallel actuators, as introduced in Chapter 3. How-
ever, this development relied on an ideal kinematic model of parallel linear actuator dis-
placement. Further, the evaluation of the controllers was limited to their performance
based solely on tracking error. In contrast, this paper presents an online learning mech-
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4.1. Foreword

anism using real hardware that determines control input based on tracking errors, their
time-delayed dynamics, and the dynamical measures of the system state feedback param-
eters to support the overall stability of the system. To implement the learning algorithms
with real hardware, I developed several specific innovations in online reinforcement learning
techniques:

o The use of time-delayed signals to form PID-like information structure that are inputs
for the adaptive learning units.

o Introduction of a second reinforcement learning agent which acts to augment the
stability of the physical mechanism, preventing it from entering unstable regions of
its phase space, and must cooperate with the reference error learning tracking unit.

e A variant of the model-free learning process based on real-time value iteration is
implemented, where the actor and critic units evolve according to stochastic gradient
descent based adaptation laws.

e The actor and critic are assigned different learning rate scales to prevent sudden
adverse changes to the control policy that would otherwise be induced by temporarily
poor value function approximations.

o A set of gradient directional constraints, where designer-defined vectors modify the
value function gradients to steer policy optimization.

The primary contribution of the paper is the online solution to the optimal trajectory
tracking problem realized by the introduction of a second adaptive agent that, by ob-
serving system’s state feedback, acts as a dynamic stability augmentation system. The
inspiration for this technique is rooted in the structure of classical offline solutions for opti-
mal trajectory tracking control problems, where a trade-off is necessary between immediate
error correction and overall tracking stability. The action of the stability support agent
augments the action of the primary error controller to improve overall trajectory tracking
performance in an optimal sense. The stability support agent induces a trade-off for short
term error correction performance to ensure that the weight-shift system remains near
the reference trajectory. The overall performance of the solutions depends on the implicit
coordination of the primary error tracking agent and the secondary stability supporting
agent. The solution provides optimal trajectory tracking in a model-free way and requires
no model of the system dynamics.
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The secondary contribution of the paper is the model-free guided search learning technique.
The guided search mechanism informs the adaptation of the actor’s neural network by
weighting the critic neural network’s output components based on the dynamic measures
of concern identified by the designer. This technique provides an improved rate at which the
actor adaptation process yields a viable stable controller, at the expense of a sub-optimal
performance as defined by the critic.

The results presented in the paper served to inform the industry partner on the practicality
of reinforcement learning methods for the purpose of controls design. The ability of the
model-free solution to provide trajectory tracking control that was robust to disturbances
and could manage the nonlinear dynamics presented by the weight-shift surrogate system
supported further exploration of a weight-shift actuator based piloting system.

The chapter is organized as follows: The operation of flexible-wing aircraft is briefly high-
lighted in Section 4.2. The measurement scheme and the adopted real-time sensory devices
are detailed in Section 4.3. The different control and optimization objectives are presented
in Section 4.4. This is followed by the development of the machine learning process and
its adaptive critics implementation in Section 4.5. The experimental results are analyzed
in Section 4.6 in order to evaluate the validity of the proposed control setup.

4.2 Operation of flexible-wing aircraft

In this section, the basic kinematic relationships concerned with solely the longitudinal
motion control of the flexible-wing aircraft are detailed. The two-mass system (i.e., wing
and fuselage) attaches the two bodies by a joint known as the hang-block which connects
the mast of the fuselage and the keel tube of the wing at a common point known as the
hang point. The hang-block is a mechanical joint which allows for two degrees of rotational
motion, pitch and roll, relative to each body. The wing system may roll freely about the
longitudinal axis of the keel tube, and the keel tube may pitch about the axis which is
perpendicular to both the mast and keel tubes. During manned flight, the pilot who is
positioned within the fuselage, modifies the wings pitch orientation with respect to the
fuselage by pushing or pulling against the control bar that is rigidly attached to the wing.
To modify the wing’s orientation, the pilot applies a force to the control bar to shift the
fuselage with respect to the wing. By the principle of weight-shift, this in turn modifies
the balance of forces on the wing, resulting in a new wing orientation with respect to the
fuselage.
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Fuselage

Figure 4.2: Schematic of weight shift kinematics of flexible-wing aircraft with two servo
winches acting on wing to affect pitch.

An experimental mock-up is set up to emulate the relative actuation mechanism between
the wing and fuselage. The weight-shift kinematics of this mechanism is schematically
depicted in Figure 4.2. A pair of servomotor winches are mounted at point M on the mast,
and connected to points K and K’ on the keel tube. The orientation of the wing pitch
with respect to the fuselage is represented by 6. It is important to note that the wing does
not rotate along the yaw axis, as it is constrained by the hang point on that axis. The
set point of the control bar corresponds to the resting orientation of the wing in stable
steady altitude and steady speed flight. Pull-only forces applied to the wing by the winch
servomotors are represented by the pair of position vectors ffo. and fqp:, and act in the
free motion axis of pitch perpendicular to the keel tube with unknown angles proportional
to ZKK'M and ZK'K M, respectively. For this work, it is assumed that the wing control
in the pitch axis is sufficiently decoupled from the roll axis, such that the servomotor winch
actions due to their geometric configuration do not induce the roll motion of the wing.
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4.3 Instrumentation and measurement platform

The experimental mock-up emulating the relative motion between the fuselage and the
wing is shown in Figure 4.1. A block diagram of how the system’s interconnected blocks
are interfaced is revealed in Figure 4.3. Efforts were made to ensure each hardware device
and supporting software is either open-source or has publicly available documentation. An
Emlid Navio2 [232] board attached to a Raspberry Pi 3 [233] is selected as the controller’s
computational unit due its relatively convenient and easy user setup and prevalence as a
hardware of choice for open-source flight controller platforms, such as ArduPilot [234] and
ROS [235]. Navio2 provides redundant wing orientation estimates through the combina-
tion of sensor readings from either the main on-board InvenSense MPU-9250 9-Degree-of-
Freedom (DOF) Inertial Measurement Unit (IMU) [236] or the secondary Microelectronics
LSM9DS1 9 DOF IMU [237], as well as global positioning system (GPS). Each IMU has
a 3-axis magnetometer, 3-axis gyroscope, and 3-axis accelerometer. The IMU signals are
filtered by a programmable digital low pass filter, which is then fed to a portable mini-
computer (Raspberry Pi 3 model B). The unit has a 1.2GHz 64-bit quad-core ARMvS8
CPU, 1GB of RAM and a Cortex-M3 co-processor.

Angular position measurements of the wing orientation were sampled at 20 Hz, a rate far
below the maximum of 8 kHz supported by the dual IMUs. The total root mean square
(RMS) noise of the MPU-9250 used for inertial measurement feedback is provided to be
0.1°/s. The measurements data are filtered by a low-pass filter with a cut-off frequency
of 250 Hz. The control of the platform was actuated by two Dynamixel XM-430 servomo-
tors [238]. The servomotors receive current input commands at a rate of 20 Hz from the
controller embedded within the Raspberry Pi 3. In reference to Figure 4.1, the system
is arranged as if the aircraft wing was upside down, where the hang-block and wing are
closest to the ground, and the mast sits above it. This setup was chosen for its convenience
but it should have no effect on the validity of the experimental results. The mock-up allows
for the mast to move relative to the wing. The servomotor winches are rigidly attached
to the wing keel, and the attachment points are at opposite points along the mast. The
results presented in Section 4.6 are captured from experiments with this mock-up system
where two servomotors mounted are directly on the surrogate wing keel. Desired reference
position commands are programmed prior to the experiments. The learning algorithm de-
cides the best control policy using IMU observations, in real-time, and transmits current
signals, based torque commands, to the servomotors to track the reference signal.
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Figure 4.3: Flow schematic of experimental instrumentation.

4.4 The control and optimization problem

In the following section, ideas behind the online machine learning process are developed.
Thereafter, the governing temporal difference equations are derived. Further, this section
discusses how the different control tasks, i.e., tracking and stabilization, are coordinated
simultaneously in real-time.

4.4.1 Optimal control structure

Due to the aircraft’s complicated nonlinear dynamics, it is necessary to avoid building a
control or computational approach that relies explicitly on existence of an aerodynamic
model. As such, any control solution would be better based on robust model-free compu-
tational mechanisms.

The wing’s pitch control mechanism is realized using two interacting control objectives.
The first looks for a control strategy that receives real-time tracking error signals, arranged
using a PID-like structure, and provides a control signal that minimizes the tracking error.
The second aims for an auxiliary control policy that supports the stability of the overall
system during the maneuvers. The full control system is schematically represented in
Figure 4.4. Both control objectives are integrated to act together. Each employs a guided
search algorithm to constrain policy gradient directions, which is described later on in
Section 4.5.
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The structure of the tracking error vector E, € R° reflects the design objectives correspond-
ing to the tracking control strategy mp which in turn decides the tracking control signal
u,” € R™. The error vector £ relies on various dynamic forms of the tracking error signals
e; (¢ is a time-index). The stabilizing control policy mx maps the observable key measure-
ments in vector X, € R" to a state feedback control signal u;* € R?® in order to support the
system’s stability during the navigation process. The overall control uj € Rmax{sm} which
is applied to the actuation system, results from combining the dynamical effects from both
control policies (i.e., 7 and 7y ). The control input signals from the two learning agents,
U™, u™X | contain the set of intermediate signals that sum to u’', the resulting set of control
inputs of the parallel actuators responsible for moving the control bar of the flexible-wing
aircraft. It is worth to note that in order to generalize the proposed approach, the control
signals ™ and u™ could have different vector sizes, and the total control signal u" sums
the actuation signals in both adaptive units. In this work, the control signals which are
fed to the actuation systems are scalars. This simplifies the form of the collective control
signal uf".

Performance indices J™2(E,) and J™ (X,) are used to asses the usefulness of the attempted
policies mg and 7y, respectively, so that

JE(E) = ZCE(Ei,u?E)
TX(X) = Y CN (X uf), (4.1)

=L

where CF and C*¥ are cost functions associated with the performance indices J™ (Ey) and
J™x(X,), respectively. They are given by

1
CH(Er,ui®) = 5 (B Q" Er+uj”" RYuj")
1
CH(Xpup™) = 5 (X7 Q% Xy +uf* " RY ui¥),
X

where QF € R°*°, RY € R™*™ Q

definite weighting matrices.

€ R™" and R* € R > ( are symmetric positive

The objective functions C¥ and C*X have convex forms and quadratic dependencies on
the different policies and real-time measurements. These forms enable Lyapunov stability
proofs for the underlying temporal difference solutions, as shown in [131,133].
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The design of the optimization problem could vary from the one that is considered herein.
This is decided by the designer who judges the different segments of the optimization prob-
lem and how they are hierarchically organized. In this development, the design depends
on two problem characteristics: the way key measurements are available and calculated
for the control design, and the dynamics which the controller needs to consider or regulate
during the navigation process.

4.4.2 Mathematical solution framework

The control solution developed herein maps the optimization objectives mentioned above
into temporal difference forms using a discrete-time optimal control framework [62]. Quadratic
forms of solving value functions V™ (E,) and V™ (X,) are employed to evaluate the qual-
ity of the computed control strategies. They are based on the structures of the indices
J™2(Ey) and J™X(X,) and the associated cost functions CF and C¥, respectively, such
that

1
Ve (E,y) = EEZ SPE, = J(E,)
1
V(X)) = §XeT S X, = J™(Xy),

where ST € R°*° and S¥ € R™ " are solution matrices. They play a major role in the
guided search policies determined using the online adaptive learning process.

The matrices S¥ and SX are computed using a temporal difference solution framework in
real-time, and hence are relevant to the choice of the best policies 7g and 7y, respectively,
using the interactive learning process.

The value functions V™2 and V™X are utilized to form Bellman equations, which are tem-
poral difference solution structures, for the underlying control mechanism, such that

Ve (Eg) = CE(Eg, ’U,?E) + Ve (Eg_H)
VX (X,) = O (X, u)™) + V™ (Xi). (4.2)
The Bellman equations encode the two interacting optimization processes that are solved
simultaneously, where it is required to drive the tracking error E to zero and, at the

same time, optimize the stability for the dynamics X along the navigation trajectories.
Further, the Bellman equations (4.2) enable the integration between two mathematical
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problems: The first is related to solving the navigation control problem, while the second
enables an approximate dynamic programming solution (i.e., machine learning solution)
for the problem. The online adaptive learning control process starts with an initial control
strategy for each control decision and then the learning process, employing the above
Bellman equations, directs the control strategies (i.e., learn better control decisions) using
a value iteration process which is guaranteed to converge.

Herein, the error vector Ey is structured as follows:

T
E;=le; €1 €w Cu-1 € Ss-i]

where e,, and e,_; are error derivatives, with respect to time, evaluated at time ¢ and
¢ — 1, respectively. ey and sy 1 are the moving averages calculated as

i=0—N
and
=
Cgp—1 — == Z €;
S N i=0—N—1 )
respectively.

The way the error vector FE, is calculated, combines many sub-objectives which are op-
timized together. It minimizes the local tracking error e, while considering its previous
instance e,_;. Further, it modifies the rate of the control decision change by looking back-
ward in-time to include error derivatives evaluated at time instances ¢ and ¢ — 1, as well
as evaluates average of the errors across longer time-intervals N. It is worth to men-
tion that the vector formulation E, enables more advanced forms of equivalent discrete
Proportional-Integral-Derivative (PID) structures (i.e., dependence on e, ey, and e;_5)
or even considers higher-order derivatives and integral equivalents (i.e., dependence on
€p,€p—1,€p—2,..., and 64_]\[).

The solution of the optimal tracking problem relies on solving a number of differential
equations, a subgroup of which is solved offline and at the same time they do not allow
dynamical forms of the error signals. Herein, the formulation of the adaptive learning
mechanism allows for an online solution as well as using a variety of tracking error dy-
namical forms. The experimental setup, described in Section 4.3, provides measurements
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related to the orientation of the wing. This made it convenient to choose the states X, as

X, =0, Oy 9ae]T

?

where 6, 0,,, and 60,, are the pitch attitude, pitch velocity, and pitch acceleration, respec-
tively.

The desired control policies g and 7x are linear feedback policies which are used to decide
on the different control signals, such that

’U,?E =TE Eg, ’U/ZX = Tx X[. (43)

The next section will explain how to compute the real-time negative feedback control
strategies wp and 7.

4.5 Machine learning platform

The online machine learning framework is driven by the design of the control problem.
First, the computational platform based on a value iteration implementation for an online
reinforcement learning solution is detailed. Then, adaptive critics are employed to provide
neural network implementation for the approximate dynamic programming solution.

4.5.1 Guided search process

The policies mg and 7x are guided toward the intended optimization objectives stated by
the designer as follows:

aVﬂ'E (Ef) u™x = _PX aVﬂ'X (XE)

B _ _PE
v 0E, X,

(4.4)

where PP € R™*° and PX € R**" are guiding search vectors which carry the intentions
and dynamic preferences of the designer.

The vectors PE and P¥ contain selective dynamic forms (i.e., introduced by the designer
to reflect their objectives regarding the entries in vectors E and X)) as will be highlighted
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in the experimental analysis. This in turn promotes flexibility for a new class of online
learning processes with guided search features.

The control policies mg = —P¥ §¥ and wx = —PX 8% i.e., these associated with

VT (E,) V™ (X,)
9E, = 0X,

are applied in real-time using a value iteration process as will be explained next.

4.5.2 Value iteration algorithm

An online reinforcement learning solution is developed using the aforementioned Bellman
equations (4.2). The solution is realized using a two-step value iteration process. The first
updates the solving value functions (i.e., S¥ and S*) using (4.2) while the second extracts
the new or improved policies (i.e., wg and wyx). The online value iteration process is
detailed in Algorithm 1. Bellman equations provide the temporal difference form necessary
to adapt according to the online learning process beyond the initially selected policies %
and 7%. Note that, unlike policy iteration paradigms, these initial policies do not need to
be admissible. Hence, the intentionally guided policies are improved along the trajectory

of the system.

Value iteration processes are proven to converge in general for single and multi-agent
systems based on Lyapunov stability approaches if the underlying systems are stabiliz-
able [98,130,133]. This is mainly due to the properties of convex objective cost functions
(i.e., CF and C* in this work) and consequently Bellman solution forms (i.e., (4.2)). Hence,
the value functions evolve in a bounded manner, such that

0< VWE(O)(Ee) < VWE(l)(EZ)
0< VTFX(O)(X@) < VﬂX(l)(Xg)

<< VTEO(E) < < VTEO(EY),

<. < Vﬂx(t)<X£) <. < V”X(*)(Xg), (4.5)
where the value functions V™®®*) and V™x*) are the optimal response solutions for Bellman
equations (4.2). In other words, the tracking error and motion dynamics are stable if the
aircraft system is controllable. The online value iteration learning process guides the solving
value functions toward the best values V™) (E,) and V™x*)(X,), and hence best guided
policies 7y, and 7.
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4.5.3 Adaptive critics implementation

Adaptive critics are employed as neural network approximation methods for the presented
online reinforcement learning solution [100]. The adaptive critics scheme is implemented
using means of neural network structures, namely actor-critic networks, for each opti-
mization control process. They provide solutions for the underlying Bellman equations
using the guided search mechanism. The critic and actor structures approximate the solv-
ing value functions and the associated policies in an interactive manner implicitly during
iterative updates of the underlying Bellman equations. The actor network reflects the im-
provements in the guided control strategy while its quality is approximated by the critic
network. The weights of the actor-critic structures are adapted using a gradient descent
approach motivated by the linear forms of the control policies similar to those that appear
in [22].

The value functions V™ and V™ (i.e., the critic structures) are approximated so that

- 1 - 1
V(B = 5EZ QF By andV' ™ (X,) = §XZ QX x,,

where ©F € R°%° and QX € R™" are the critic approximation weights of the value
functions V" (E,) and V" (X}), respectively. The critic network forms are motivated by
the structures of the value functions V™2 and V™X respectively.

In a similar fashion, the guided search policies (i.e., the actor structures) are approximated
so that
;" = QFE,, a]* = Q) X,,

where QF € R™*° and QX € R**™ are the actor approximation weights of the policies g
and 7, respectively.

The different approximation weights are updated using a gradient descent approach that
applies a minimization criteria on the squared approximation errors. The approximation
errors of the critic networks have squared forms, so that

2

Bo= (V) -V B)

¢ 2
1 A TTX ~Tx 2
X = (VX -V (X)) (4.6)
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where the target values VTE(Eg) and VTX(Xg) are calculated using

~ Tk

V() = CP( By i) + V™ (Bpn)

~Tx

V(X)) = CX( X, 4l ) + VT (X o).

The critic weights are adapted according to a gradient descent rule such that

®)
QE+D) _ QB _ E [85?]

90E
8€X[ (t)
00X ] ’

c

QX(H-I) — QX(t) . O[X |:

where 0 < o aX < 1 are critic networks learning rates,

aﬁfé A TR ~Tg T
5o = (V" () -V (B) BB
88?‘3 A TTX ~ T'x T
sar = (V77X -V x0) XX,

and t refers to the iteration update index.
Similarly, the squared approximation errors for the actor networks are defined by

(a7 —alx)?,

E, 1 (ﬂ?E _ ,a;{E)2’ Sg(z

N | =

where the target values 'ELZTE and '&ZX are calculated as follows
w,” = -PEQFE, 4, = -P*QXX,.

Using gradient descent, the actor network weights are adapted according to the following
rule

(t)
QEH) _ QB _ B { ol }
a a a aﬂg[
x 1@
Q) = QX0 — o { iz } : (4.8)
a a a aﬂé{’
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where 0 < of, aX < 1 are actor networks learning rates, and

e Tp\ @T
a _ NTE _ H1E

ONE - (uf u, )E€7
a

OeXe
a  _ (a7x _ nTx T

90X (“e u, )Xe .
a

The full schematic diagram of the adaptive critics process is shown in Figure 4.4 for the
combined control problem in hand. The different actor and critic weights are updated
simultaneously in real-time following Algorithm 1.

Algorithm 1: Online Value Iteration Process.
Input: Desired trajectory 09¢? weighting matrices Q¥, R¥, Q*, and RX,
guiding search vectors P¥ and P, tracking error evaluation interval V.
Output: Policies g, 7x, and tracking error e, for £ = 0,1, ...

1 begin

2 ¢ =0,t=0/* time and strategy indices */

3 | Initialize solving matrices SF{% and X% /x Positive definite */ and
hence initial policies 7% and w% and tracking errors interval e, 1, ..., e/, n_1

4 Measure 0y, 0,4, 0, and then calculate the errors ey, €,_1, €y, €pr—1, €5, €sr—1

5 repeat/* Training/Search loop */

6 Compute the different control signals « ) and u™*® using (4.4)

7 Measure 0y, 1, 6011, 04011 and then calculate the errors

€e+15 €y Cotd1, Coty Csttly Cst
8 Evaluate the solving value functions

VT('E(t—f—l)(EE) _ CE(Eg, UZE(t)) + V7’I'E(t)<E£+1)
VD (X)) = OF (X, up* W) + VIO (Xyy).

9 Extract the improved control policies
ittt = —PESEH) g t+l . pXgX(+1)
10 ¢+ (+1 /* Update real-time index */
11 t < t+ 1/* Update policy index */
12 until Satisfactory trajectory-tracking performance (i.e., acceptable tracking
error).
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Figure 4.4: Feedback control loop of pitch weight-shift control mechanism. The adaptive
error tracking unit and stability support unit cooperate to achieve the trajectory tracking
objective.

4.5.4 Scalability of the learning mechanism

Algorithm 1 possesses several merits for the tracking problems. First, the learning process
can be conditioned for any number of tracking signals simultaneously. As an example, a
large tracking or navigation process that contains many tracking objectives would be easy
to implement compared to solving a high number of differential equations in an offline
mode. Second, the tracking error signals could involve many dynamical forms (i.e., moving
velocity, acceleration, moving average, etc) which were not possible or easy-to-implement
before. Third, this scheme allows for coupled optimized dynamical processes, such as
optimization of multiple coupled and interactive dynamical objectives for multiple problems
without the need to independently solve each problem. Finally, the arrangement of Bellman
equations enables simple and straightforward adaptive critics solution, since the control
strategies hold linear forms.
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4.6 Experimental results

The online model-free adaptive learning mechanism is validated in a real-time environment
using a two parallel servomotor pitch actuation system. The system generates servomotor
pull actions dependent on the current-measured pitch position and the desired trajectory
steering the wing. For the sake of experiments presented below, the trajectory reference is
chosen to be sinusoidal to provide continuous pitch up/down commands.

4.6.1 Learning parameters

The learning parameters of the system are selected in order to reflect the physical con-
straints of the measured dynamical parameters and also encode the control design prefer-
ences for the desired system response. They are chosen as

RF =1077,
RX¥ =107,
25 0 0 0 0 0]
025 0 0 0 0
E_1aa|0 0 025 0 0 0
@U=107"144 o 0 o025 0 ol
0 0 0 0 25 0
0 0 0 0 0 25
25 0 0
Q¥=10°%]0 25 0
|0 0 0.0025

The weighting matrices Q¥, Q%, R¥, and R¥ are selected to balance the physical con-
straints of the states 0y, 0,¢, 04, €, and the control input u with the designer’s preferences
for achieving the desired system response. Specifically, the diagonal elements of Q¥ and
Q* are assigned higher values (e.g., 25) for states that require tighter regulation to ensure
stability and performance, while lower values (e.g., 0.25 and 0.0025) are used for less crit-
ical states that have potential for a larger range of values. The control weighting matrices
RF and R¥ are set to 1077 to minimize the penalization on control effort, allowing the
controller to make necessary adjustments without being overly restricted by the cost on
the control signals.
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Vectors PE and P* for the guided search policies 7% and 7% are selected so that P¥ =
[200 50 10 5 10 5] and P¥ = [10 10 5]. The vector P¥ assigns more weight to
minimizing the recently measured tracking errors e, and e,_;, as opposed to the error
velocity terms e, and e,s_1, to lessen the abruptness of potential changes stemming from
nonlinear transitions. Furthermore, the influences of the moving average tracking errors e
and ez 1 on the overall performance are weighted similarly to those of the error velocities.
The vector PX reflects the gradual dynamic importance of the pitch attitude 6, and the
pitch velocity 0,, over the angular acceleration 6,,. The actor and critic learning rates
are selected to be small enough in order to match the actor and critic adjustments in a
smooth manner. They are set to aZ = 0.01, aX = 0.01, of = 0.01, and X = 0.05.
The higher value for aX is chosen to reduce the sensitivity of the stability supporting
agent control policy to sudden changes in the value function approximation. The desired

navigation trajectory is an independent sinusoidal reference signal that takes the form
gdesired = 20 sin(0.132 7 ¢).

4.6.2 Test scenarios

The adaptive learning controller is validated using three test scenarios. In the first scenario,
the system is tested under nominal circumstances where no external disturbance is applied
on the system. The dynamic performance of the proposed adaptive learning controller
is shown in Figure 4.5. This experiment reveals that the learning algorithm successfully
converges to a stable control policy which prescribes correct servomotor pull-forces for
the observed system state, i.e., pitch attitude. The absolute average tracking error over
the test period is found to be 0.45°. It is worth noticing that the convergence behaviour
of the proposed control mechanism is not affected by the occasional sudden erroneous
readings in the feedback measurements, as revealed at around time instants 80s and 123 s
in Figure 4.5(a). Such errors are due to measurement noise in the sensing units that are
not attenuated by the low-pass filter. The convergence of the adaptive learning approach
is clear in Figure 4.6, where the actor and critic weights converge throughout the online
learning process. The overall normalized forces generated by the servomotors are shown
in Figure 4.5(b). Finally, the convergence of the value iteration approach, as described in
Section 4.5, is highlighted in Figure 4.7. It is shown that a general bounded non-decreasing
convergence pattern is observed, despite the sensor reading disturbances, as expected for
the underlying value iteration process.
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The second scenario is set up to highlight the ability of the controller to reject sudden
external and forced disturbances on the system, through demonstration. The test is a
repetition of the first, except that for this case an intentional disturbance was applied at
around 120s for about 10s by manually agitating the control bar around the pitch and
roll axes to stimulate the effects of turbulent wind gusts or crazed pilot input on the wing
during the flight. The tracking performance of the proposed controller is demonstrated
in Figure 4.8(a). The controller is started with converged control gains from a previous
learning episode. As such, minimal changes in the critic weights are witnessed, as shown
by the critic weights evolution in Figure 4.9. During disturbance, the critic reacts appro-
priately to generate large abrupt motor torques to counteract the perturbations induced by
the manual disturbance, as shown in Figure 4.8(b). Once the dynamics are back to their
nominal conditions when the disturbance subsided, the controller successfully resumes the
tracking of the commanded pitch. After the disturbance, the critic adjusts its weights to
incorporate new information learned from the disturbance’s interaction with the system,
but these adjustments are not reflective of nominal operation, so the actor converges back
to the policy observed before the disturbance.

The goal of the third experiment is to show that once the controllers converge to some
optimal strategies 7}, and 7%, the actor’s learning mechanism can be turned off without
degrading the control performance. By doing so, the controller is made to operate with
static control gains. For this test case, the adopted static control policies applied are
those converged from a prior experiment. The controller’s performance is illustrated in
Figure 4.10. The absolute average tracking error over the test period is found to be 0.94°.
This result emphasizes that the converged strategies from static “actor-only” controllers
previously derived from the adaptive learning mechanism remain valid during the trajectory
tracking process. Notice how this experiment also witnessed two abrupt measurement
disturbances in the sensor feedback.

Unlike classical Q-leaning processes which employ multiple offline training episodes before
settling on suitable control strategies, herein the proposed approach showed successful
outcomes following a single real-time learning episode as shown in Figures 4.5(a), 4.8(a).
After 30 s of real-time online reinforcement learning elapsed, the system converges towards
optimal trajectory tracking policies. A clear difference is observed when comparing control
input signals of the fore and aft parallel actuators, a result of the optimal control policy.
Unintended physical impulse disturbances at 80s and 120s are captured by the critics
with step changes in their weights, but these negligibly affect the actor policies. When the
converged to policies are frozen and then used to run the system as shown in Figure 4.10(a),
the proposed approach is shown to follow desired trajectories with bounded errors. The
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maximum observed absolute average tracking error was kept to under 1 ° for the mechanical
actuation system, without overlooking the sensory error bias.

When experimenting with real systems, as opposed to simulation, it is typical to notice
differences between the reference and the actual signals. The differences may be due to
several reasons, including noise, delay caused by digital filters, and unmodelled dynamic
nonlinearities like gear backlashes. In this particular work, the differences also come from
the coupling between the roll and pitch motions. The two were assumed to be decoupled in
the first-order linear approximation of the system in [19]. However, in a real weight-shift
system, they cannot be completely decoupled. Nevertheless, it is clear from the figures
that the lag between the reference and the actual signals is bounded within an acceptable
margin.

Figures 4.5(a), 4.8(a), and 4.10(a) emphasize the bounded stability features and the ability
of the online learning mechanism to maintain stability under significant mechanical dis-
turbances, noise, and measurement errors. These results show that the tracking errors are
bounded and non-increasing. This point is further supported by examining the resulting
actuation input signals shown in Figures 4.5(b), 4.8(b), and 4.10(b).
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4.7 Chapter summary

This chapter introduced a solution to trajectory tracking control for a weight-shift kine-
matic mechanism surrogate by integrating a model-free reinforcement learning controller
directly with a set of flight controller hardware, instrumentation, and parallel servo-winch
actuators. The feedback loop receives the inertial measurements from the surrogate sys-
tem, and learns in real-time the optimal control strategies without any prior knowledge of
the system’s dynamics. Issues could arise with a model-based strategy, as the aircraft’s
nonlinear dynamics inherently lead to sensitivity to parameter uncertainty, potentially re-
sulting in poor control without online adaptation. In fact, the work demonstrated that for
instances when the surrogate mechanism is subjected to severe disturbances, the controller
continues to perform without destabilizing the system. The quality of the trajectory track-
ing controller depends on the design of the model-free learning process rather than the
precision or number of sensors providing feedback on the total system state. The online
learning solution for optimal trajectory tracking, along with the technique of guided search,
and their deployment to parallel servo-winch actuators provide a foundation for furthering
development of a full weight-shift flight control piloting system.
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Chapter 5

uWSC Aircraft Simulator: A
Gazebo-Based Model For Uncrewed
Weight-Shift Control Aircraft Flight
Simulation [3]

5.1 Foreword

This chapter presents a robot simulation methodology to model the flight dynamics of a
weight-shift aircraft using open-source software. It is adapted from the paper titled "uWSC
Aircraft Simulator: A Gazebo-Based Model for Uncrewed Weight-Shift Control Aircraft
Flight Simulation" that was published in the proceedings of the 2023 IEEE International
Symposium of Robotic and Sensors Environments (ROSE), held on November 6-7th of
2023, in Tokyo, Japan. A copy of the original paper is included in Appendix A.3.

The paper’s primary contribution is an open-source robotics model of the industry part-
ner’s prototype unmanned aircraft system, referred to as the uncrewed weight-shift control
(uWSC) model. To prove its viability as an appropriate development tool, the performance
of the uWSC aircraft model was benchmarked against data captured from real weight-shift
aircraft flight tests. The results indicated that the model provides a suitable approxima-
tion of real weight-shift aircraft flight. This tool has been used internally by the industry
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5.1. Foreword

partner to bridge the gap between high-level flight controller development and low-level
weight-shift control dynamics.

The work was motivated by the need for a weight-shift flight controller development en-
vironment, to pre-validate their performance prior to real test flights of the weight-shift
aircraft. By employing a simulation methodology, the development and study of new flight
controls could be studied without performing real flight tests. At the inception of this
work, Romaeris had performed preliminary studies of dynamics modelling of the weight-
shift aircraft internally, based on previous approaches found in the literature [19,20,152].
It was concluded that it was difficult to adequately fit these models to real WSC aircraft
test data due to the large set of parameters required to describe the nonlinear dynamics
of the aircraft. This leads to a circular problem, where without test flights to collect data,
flight control developments had slowed or stalled, and the flight test of controls could only
be performed in manned test with strictly limited control authority, limiting the amount
of data that could be captured. The simulation project was predicted to be a worthwhile
research direction that would deliver immediate benefits to the flight controller engineering
if it could be realized.

By using Gazebo, the essential dynamics of the weight-shift aircraft prototype can be con-
structed through the integration of physics-based modelling components. However, when
it comes to the flexible wing’s aerodynamics, there is notable limitations on the modelling
fidelity. It would be extremely difficult to develop a true aeroelastic model within Gazebo,
without substantial development. As a compromise, the lateral and longitudinal aerody-
namic stability properties expected for hang-glider wings are realized by joining multiple
rigid wing sections. This idea finds its roots in the modelling of flexible wings as sets of
rigid wing sections, as developed previously for hang-glider wings in [19], and in Gazebo
simulation in [227]. It was found by comparative analysis through the replay of weight-
shift flight missions in simulation that the multi-section rigid wing model approximated
the flight trajectories of the real aircraft reasonably well.

New prototype aircraft designs developed by Romaeris integrate robotic piloting systems
to enable uWSC flight, unlocking their use as remotely piloted aircraft systems. Figure 5.1
presents a capture from simulation of the model performing a simulated flight. This model
has been contributed to the official ArduPilot open-source simulator models repository
with the aim that it serves as a critical tool to support further study of uWSC aircraft
control systems [40].
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5.2. Weight-shift aircraft Gazebo model

Figure 5.1: Capture from Gazebo simulator of the uWSC aircraft model performing a
starboard side banking turn. The hung mass under the wing is responsible for attitude
adjustments via weight-shifting control.

The chapter is organized as follows: The dynamics model for the uWSC aircraft simulator
model based on the prototype design is presented in Section 5.2. In Section 5.3 a set of
benchmarks is defined to quantify flight performance of the simulated WSC flight against
a set of data collected from real WSC aircraft flight test.

5.2 Weight-shift aircraft Gazebo model

The uWSC aircraft simulator model developed using Gazebo is based on the weight-shift
aircraft prototype in Figure 5.2. The aircraft prototype consists of two primary bodies:
the wing structure which includes the landing gear, and the weight-shifting mass that
hangs beneath the wing which includes the batteries, propellers and payload. The two
bodies are attached by a two-axis revolute joint on the wing keel named the hang-block,
allowing the shifting of hung mass to produce attitude control by weight-shift adjustments.
The software-in-the-loop feature of ArduPlane is employed to simulate automatic flight
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5.2. Weight-shift aircraft Gazebo model

Figure 5.2: 3D CAD model of the Romaeris uncrewed weight-shift aircraft prototype.

control [229,234]. Attitude adjustment of the wing via fuselage weight-shifting is induced
by direct control of the hang-block joint angles.

The Gazebo model approximates the prototype aircraft’s mechanical subsystems. Table 5.3
presents the Gazebo model’s primary components’ mass, inertia, and relative center of mass
properties that were calculated from a 3D computer-aided design model. The layout of
the primary components is visualized with RVIZ in Figure 5.3, and the corresponding tree
diagram visualization of the model’s link structure is presented by Figure 5.4 [235].

The prototype aircraft is equipped with a Wills Wing Falcon 3 170 [239] that is rated for
a maximum velocity of 77km/h and a maximum takeoff load of 130kg. Expert weight-
shift pilot [28] and aerodynamic modelling references are consulted to derive a reasonable
approach to approximate the wing’s aerodynamic stability properties as a rigid component
within Gazebo [8, 19, 152,227]. The approach taken to model the correct longitudinal
dynamic stability features of the flexible wing is summarized as follows:
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5.2. Weight-shift aircraft Gazebo model

Table 5.1: The Unified Robot Description Format (URDF) body structure name field

entries.

Acronym Meaning

IMU Inertial Measurement Unit: A sensor module that measures linear
acceleration and angular velocity, and sometimes orientation, to
help track a robot’s motion.

XYZ A standard Cartesian coordinate system used to define positions in
3D space.

RPY Roll-Pitch-Yaw: A rotation parameterization defining the orienta-

tion of a robot or component in 3D using three angles.

Table 5.3: Mass,

inertia tensor, and relative center of mass location for primary components

of the uWSC aircraft Gazebo model

Link name Mass [kg] Inertia [kg - m?] Relative position [m]
Ixx Ixy Ixz Iyy Iyz 1zz X Y y/
Wing root, left 8.0 102.6 0.09 0 9.56 -3.1e-3 11214 -0.5 0 -0.75
Wing root, right 8.0 102.6 0.09 0 9.56 -3.1e-3 11214 05 0 -0.75
Wing tip, left 3.0 411 003 0 382 123 4496 05 0 0
Wing tip, right 3.0 411 003 0 382 123 4496 05 0 0
Landing gear 18.8 2.05 0.03 -0.08 4.36 -1.6e-2  3.80 0.5 -0.03 -1.2
Fuselage 14.6 0.56 0 -0.16  2.68 0 2.67 0 0 -1
Battery 17.1 032 0 0 0.6 0 0.35 0 0 -0.5
Motor 1.74 0.01 0 0 3.0e-3 0 3.0e-3 0 0 0
Hang-block 0.64 0 0 0 0 0 0 0 0 0
Propeller 0.23 0 0 0 1.68e-2 0 1.68e-2 0 0 0
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Figure 5.3: Gazebo model visualized with primary components labelled.
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Figure 5.4: Tree diagram representation of the uWSC aircraft model as defined in the
standard definition format file that is used by ROS. Black boxes are rigid bodies defined as
a combination of a link and a 3D collision volume, Arrows represent injective rigidity maps,
XYZ and RPY are pose vectors specify the translation and rotation of each link relative
to its rigid parent, and blue ellipses are 1 DoF joint functions. See acronyms definitions in
5.1.
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5.2. Weight-shift aircraft Gazebo model

« Wing tips have smaller angle of attack (AoA), while the wing root has a larger AoA.
o Wing tips generate lift as well as pitch down moment.
o Wing root generates lift as well as pitch up moment.

e When the aircraft is pitching up, the wing root tends to stall. The pitch up moment
from the wing root will decrease while the pitch down moment from the wing tip will
increase, at which point the aircraft will tend to pitch down.

o When the aircraft is pitching down, the wing tip will have negative AoA angle and
the pitch down moment from the lift will decrease. At this point, the wing root will
have smaller but positive AoA so the pitch up moment will increase, then the aircraft
will tend to pitch up.

The approach taken to model correct lateral dynamic stability features of the flexible wing
is summarized as follows:

« Wing tips have a dihedral angle (upward inclination of surface in lateral axis), while
wing roots have anhedral angle (downward inclination of surface in lateral axis).

« Wing tips generate lift as well as an inward rolling moment.

e The outward rolling moment generated by the wing root, while small, must be ac-
counted for since the approximation of the flexible wing with a rigid geometry does
not inherently capture the mitigating effects of wing flexing.

e When tuning the lateral aerodynamic performance, more dihedral angle on wingtips
and less anhedral angle on wing roots will produce a better lateral stability range.
Doing the inverse will trade-off stability range for increased performance in flight,
namely higher flight speeds with less energy consumption.

e When a roll occurs to one direction, relative deflection of the wing tips occurs, with
the lowered tip creating a higher lift than the opposite tip, inducing a stabilizing roll
moment. That is, as the port side tip moves downwards, the port side will increase
in lift, inducing a restoring moment towards the trimmed state.

The Gazebo wing model is divided into four sections to achieve the desired aerodynamic
stability properties. Each half of the wing consist of two sections, named the wing tip and
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5.2. Weight-shift aircraft Gazebo model

Table 5.4: Aerodynamic parameters pertaining to wing root and wing tip sections of the
uWSC aircraft Gazebo model

Param. Wing Wing Rationale Notes
Root Tip
Qo —11.9° —20.1° Cp, considered as AoA  Selected from wing performance
at zero lift. specification [239].
Cra 2.1 2.1 C', slope before stall.  Estimated from the shape of the
airfoil with XFLRb5.
Cha 0.263 0.63 Cp slope before stall.  Estimated from the shape of the
airfoil with XFLRb5.
Qstall 28.7° 28.7° AoA at stall point. Estimated based on aircraft
wing performance spec.
CrLauu -3.88 -2.88 C', slope after stall. Estimated based on aircraft
wing performance spec.
Cpayen  -0.43 -0.43 Cp slope after stall. Estimated from the shape of the
airfoil with XFLR5.
S 475 m?  2.92m? Area of a single wing Estimated from the wing CAD
section. model.
C, 0.35 £ 0.035 £ Centre of aecrodynamic Dependent on wing incidence
0.05m 0.02m pressure. angle.

wing root. Aerodynamic properties for the sections are confirmed through analysis using
XFLR5 [240], where the prototype’s wing is modelled as an MH-82 hang-glider airfoil. The
wing roots are attached by a revolute joint to the parent keel link, with very large stiffness
and friction parameters to limit nearly all motion while allowing for infinitesimal signed de-
flections, such that the simulator’s physics engine applies independent aerodynamic forces
to each section. The same process is repeated to attach the wing tips to the wing roots.
The wing roots possess a larger effective AoA compared to the wing tips. Table 5.4 presents
the aerodynamic parameters for the wing root and wing tip sections of the uWSC aircraft
model.

Aerodynamic modelling of the propellers is more straightforward as matching thrust levels
of the prototype aircraft design was the only requirement. Table 5.5 presents the aerody-
namic properties for the propellers of the uWSC aircraft model.

91



5.3. Flight benchmarking results

Table 5.5: Aerodynamic parameters pertaining to propeller airfoil of the uWSC aircraft
Gazebo model

Param. Value Rationale Notes
C, 0.09 m A half of the total propeller Constant C), is assumed hence its lo-
airfoil length. cation is about a quarter length of

the airfoil since that is the assumed
profile for the propeller blades, from
the airfoil’s leading edge.

Area 0.04 m? Area of a single propeller From prototype CAD model for sur-
section. face area of the propeller airfoil.
Multiplier 595 Produces simulated thrust Gazebo parameter which maps ro-

force value verified to tation to a force in axis incident to
match experimental thrust object rotation.

test of 150 N per motor at

maximum rotation.

5.3 Flight benchmarking results

The flight performance of the uWSC aircraft model is benchmarked against real-time flight
data from thirteen real-world human-piloted weight-shift aircraft missions were provided by
the industry partner. The flights were performed by a Cosmos Phase 3 ultralight fuselage
equipped with a La Mouette IPSOS 19 flexible wing, [241,242], equipped with a Navio2
flight controller running ArduPlane purely for data collection purposes [232,234]. The wing
is rated for a maximum velocity of 80 km/h, and a total flying weight of 350 kg. Thirteen
simulated missions that replicate the real flight trajectories using the uWSC aircraft model
are conducted to enable the comparison. The model’s quality is validated by comparing
simulated flights to real flight data.

The aggregate statistics of all thirteen pairs of flight trajectories are calculated for a set
of key flight dynamics parameters; this consist of the measurements for airspeed, wing roll
angle, wing pitch angle, wing AoA, side-slip angle, turn rate, and climb rate. Additionally,
statistics are calculated for subsets of the flight trajectories along four phases of flight,
defined as follows:
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o Take-off, representing the initial phase of flight where the aircraft accelerates from
the ground to a pre-determined altitude, considered from the start of motion along
the runway to the point the aircraft reaches 10 m above ground level and 13 m/s.

« Landing, representing the final phase of flight where the aircraft descends and touches
down on the runway, considered from 10 m above ground level and coming to a stop
within 25s.

o Level, representing stable flight where the aircraft maintains a relatively constant
attitude, heading, and speed, limited to altitude change of no more than 5m and a
heading change of no more than 40°.

o Turn, representing a maneuver where the aircraft changes its heading to change
course, considered as a turn rate of 3°/s and a heading change of 90° at minimum.

The total flight trajectory data and the defined flight phase section data are interpreted
to make direct quantitative comparisons between the real and simulated WSC flights.
Note that although the aircraft modelled in the simulation differs from the real aircraft,
the purpose is to assess the simulation’s ability to match the characteristics of real WSC
flights

Table 5.6 compares the statistics of key flight dynamics parameters between the real flights
and their corresponding simulated flights. Several observations are drawn from the statis-
tical results. Simulated airspeeds are generally lower than real ones, except during take-off
where they align closely. Notable differences emerge in roll during turns and pitch values in
general flights, with real data showing higher values than simulated. The large difference
in the wing pitch mean is attributed to the different trim conditions for each aircraft. The
mean AoA during take-off in real flights is considerably lower than simulations, due to
the standard pilot practice of performing a rapid climb out with a large nose-up maneuver
after reaching sufficient speed, where as the programmed take-off is gradual by comparison.
Landing and take-off in simulation is performed on perfectly flat terrain, and no wind is
present in the simulation. Side-slip values during landing indicate a slight drift in real
flights absent in simulations. Additionally, real-world flight data often exhibits higher vari-
ability, suggesting that real flights are influenced by more unpredictable factors than the
simulations capture, such as wind conditions, turbulence, and unregulated control actions
of the human pilot. This indicates a need for refinements in the simulation model to better
represent actual flight conditions. However, while there are areas of discrepancy, notably
in parameters like airspeed and pitch, in several instances such as airspeed during landing
and side-slip in level flight, the simulated values closely align with the real-world data. The
AoA values in general and level flight phases also reflect a remarkable similarity between
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Table 5.6: Comparison of key flight dynamics mean and standard deviation for the real
and simulated flight trajectories over all thirteen provided samples.

Aggregate Take-off Landing Level Turn
Real Simulated Real Simulated Real Simulated Real Simulated Real Simulated
Parameters Mean Sd. Mean Sd. Mean Sd. Mean Sd. Mean Sd. Mean Sd. Mean Sd. Mean Sd. Mean Sd. Mean Sd.
Airspeed [m/s] 174 24 135 21 114 79 113 28 148 44 86 32 175 15 131 20 180 1.7 144 18

Roll [°] 12 93 03 52 08 39 00 05 1.3 46 0.1 3.2 05 71 01 34 49 140 21 8.6
Pitch [°] 162 47 02 34 119 98 57 24 104 49 14 33 170 29 -02 19 160 38 1.6 3.3
AoA [7] 16.0 35 147 20 87 74 168 18 112 59 186 81 167 27 144 11 160 27 153 20
Side-slip [°] -06 52 -05 91 1.3 58 07 16 -34 39 -05 164 01 43 -06 79 -07 56 06 123
Turn rate [°/s] 03 41 02 29 -02 09 00 00 03 10 08 3.1 -01 26 0.1 1.6 1.6 6.1 1.2 4.6

Climb rate m/s] 00 14 00 09 05 24 08 09 -03 14 -06 09 00 08 00 05 0.0 1.2 00 09

real and simulated flights. This showcases the effectiveness of the current simulation model
in capturing key aspects of real flight dynamics for WSC aircraft.

The performance of the simulated aircraft is further examined by a point to point compar-
ison for a mission track. Figure 5.5 presents the two dimensional latitude-longitude plane
projection of the trajectory as well as the altitude over time for a single mission sample.
It is observed that the simulated aircraft presents less fluctuations in altitude in contrast
to the real aircraft counterpart.

Figure 5.6 presents a qualitative comparison of the simulated aircraft’s ability to match the
three-dimensional trajectories of the real aircraft along the four flight phase subcategories.
Due to automated flight and simplified environmental conditions in the simulation, it’s
evident that simulated flights exhibit more consistent and quicker take-off and landing
phases compared to the varied and lengthier real-life counterparts. The landing phases for
the real flight data presents offsets in the altitude level that suggest altimeter calibration
issues. The simulated flights are observed to present accurate recreations of the real flight
trajectories in the level and turn phases where the simulated flight controller aims to track
the trajectory prescribed by the real flight data, in line with expectations suggested by
the calculated statistics. The turns of the simulated aircraft are more gradual due to
restrictions imposed on the attitude adjustments of the automatic flight control. Overall,
the results suggest that the simulated aircraft provides a good approximation of real-world
WSC aircraft flight.
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5.4 Chapter summary

The uWSC aircraft simulator model offers a means to simulate the dynamics of weight-shift
aircraft through Gazebo. The model’s fidelity was validated by comparison from real-time
data of thirteen weight-shift aircraft missions conducted by the industry partner. While
certain flight dynamic parameters, notably airspeeds and wing pitch, showcased differences
between the simulated and real flights, several other parameters like the AoA values and
side-slip in level flight possess a good resemblance. The simulator’s capability for emulating
WSC mechanisms in flight is indicative of its utility in bridging higher-level flight controller
design with lower-level WSC dynamics. The overall consistency observed in various flight
parameters affirms the model’s use as a tool for advancing R&D in uncrewed weight-shift
aircraft systems.

The uWSC aircraft model has been contributed to the open-source ArduPilot Gazebo
repository [40]. Flight data collected from the planned flights of the industry partner’s
prototype WSC aircraft will be used to improve the simulation aircraft model. In addition,
the simulator model will aid in the development of automatic flight controller software
specific to weight-shift aircraft. Further refinements of the simulation model will focus on
improved approximations for the dynamics of a flexible wing’s aeroelastic properties and
incorporation of the CDPR piloting mechanism.
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Chapter 6

Model-Free Force Control of
Cable-Driven Parallel Manipulators

for Weight-Shift Aircraft
Actuation [4]

6.1 Foreword

This chapter presents the fully developed weight-shift aircraft piloting system. It builds
upon the model-free adaptive actor-critic control methods introduced in Chapter 3 and
the real online reinforcement learning techniques in Chapter 4 by applying a similar online
reinforcement learning strategy to a fully developed weight-shift aircraft piloting system
using a cable-driven parallel robot. Notably, the reinforcement learning solution solves the
optimal trajectory tracking control problem entirely online using a dynamical structure
that combines reference input and tracking error data. It is adapted from the paper
titled "Model-Free Force Control of Cable-Driven Parallel Manipulators for Weight-Shift
Aircraft Actuation', that was published in the IEEE Transactions on Instrumentation and
Measurement journal, in December of 2023. A copy of the original paper is included in
Appendix A .4.
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6.1. Foreword

This work employs a model-free control approach to overcome the uncertainty induced by
the full parametrization of the WSC flexible wing aircraft and CDPR dynamics. Instead
of relying on a model, the method directly learns from input-output data. Although basic
approximations and hardware tests guide this process, the control strategy does not require
a mathematical representation of the system. Thus, model-free control complements model-
based methods. It offers a practical solution approach to controlling weight-shift aircraft
without being hindered by parameter uncertainties and linearization sensitivities that a
pure model-based approach would contend with.

The WSC piloting system is composed of a cable-driven parallel robot (CDPR) integrated
with adaptive force control based on reinforcement learning. The weight-shift action has
no knowledge of the fuselage state as it manipulates the wing. Coordinated force (torque)
control for the set of parallel actuators is determined via the optimal policy identified by
online learning. The solution is implemented on flight controller hardware with limited
computational resources and strict timing constraints, and shown to perform in real-time
experiments on a kinematically equivalent surrogate two-body weight-shift mechanism.
To the best of my knowledge, there exists no other control system capable of providing
electronic fly-by-wire weight-shift flight control, prior to the solution presented herein.

The primary objective that motived this work was to leverage the advantages of CDPRs
as a viable weight-shift control system. The research project detailed in this paper was
undertaken to ensure that the CDPR solution could deliver on trajectory tracking flight
control requirements. The model-free learning control approach presented ensures that
automatic weight-shift flight control would operate without a requirement for sophisticated
dynamics models. These designs are tested directly on experimental WSC hardware, to
prove their suitability for the demands of real-time automatic flight control for systems
like the type schematized in Figure 6.2. The results from this work motivated the industry
partner to incorporate a similar weight-shift piloting system solution on their experimental
aircraft.

This work presents two principal contributions. The first is the advancement in the de-
sign of intelligent flight controllers for weight-shift aircraft. The solution presented is an
optimal trajectory tracking controller that is adaptive via the online reinforcement learn-
ing mechanism. This model-free approach ensures that the controller can perform despite
high parameter uncertainty that is inherent to a modelling-based control approaches for
flexible wing weight-shift aircraft [13,19, 142, 144, 150, 152]. The mathematical deriva-
tion of the model-free update laws is based off the method presented by Abouheaf et al.
n [22]. Section 6.5 presents recent work developed after publication of the original paper
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6.2. Weight-shift flight control mechanism

that demonstrates the design employed for adaptive weight-shift flight control in simulated
flight.

The second contribution is the application of online learning control to a real-life CDPR
hardware implementation. The approach taken in this work employs an adaptive learning
critic scheme to coordinate the parallel manipulators and requires no reference inverse
kinematics model. By comparison, conventional approaches of CDPR control rely upon
offline dynamic trajectory planning and kinematics models for the parallel manipulator
coordination problem. The selected method is an action dependent heuristic dynamic
programming (ADHDP) scheme, similar to Q-learning, designed for online implementation
utilizing minimal computational resources while requiring no knowledge of the system,
reference or input dynamics [62,106, 114].

The chapter is organized as follows: Section 6.2 introduces the weight-shift flight control
mechanism that is realized through a cable-driven parallel robot. Section 6.3 introduces
the optimal trajectory tracking problem and its solution using an adaptive actor-critic
based online reinforcement learning controller design. Section 6.4 presents experimental
results where the CDPR equipped with the model-free adaptive force control coordinates
the simultaneous torque commands for each parallel manipulator. Section 6.5 presents
results using a modified form of the actor-critic algorithm employed to test an adaptive
weight-shift flight control in simulation.

6.2 Weight-shift flight control mechanism

Weight-shift aircraft control consists of force inputs provided by a pilot or piloting system
to shift the mass of the fuselage relative to the wing, as illustrated in Figures 6.1 and
6.2(a). The two bodies, the wing and fuselage, are connected at the mast of the fuselage
and the keel tube of the wing by the hang-block joint. In crewed flight the pilot situated
within the fuselage modifies their orientation with respect to the wing by the reaction
from applying force to the control bar attached rigidly to the keel. The centre of gravity
(CoG) of the total aircraft is a function of the location of these two primary bodies relative
to each-other, and is intentionally modified by the pilot for flight maneuvering. This is
illustrated by the example of a banking turn maneuver in Figure 6.1.
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Figure 6.1: Free body diagram sequence illustrating the dynamics of the weight-shift air-
craft control during a banking roll: (a) Beginning in balance, (b) pilot induced imbalance
produces a weight-shifted dynamic equilibrium, (c¢) resulting in a banking turn when dy-
namic balance is restored.

6.2.1 Schematic of the wing-fuselage piloting system

Weight-shift flight control requires that the pilot enacts the correct force input on the
control bar of the wing, given the state of the vehicle relative to its flight envelope. When
applying force input on the control bar the fuselage body moves relative to the wing body;,
modifying the centre of gravity for the total aircraft. The fuselage motion, as well as some
small motion of the wing due to the initial reaction to the force input, causes a dynamic
imbalance as the CoG of the two bodies become misaligned with respect to gravity. An
apparent body moment acts on the wing until this balance is restored, causing a change in
the lift vector direction, as illustrated in Figure 6.1. In the global reference frame defined
with gravity pointing downwards, the wing shifts its orientation due to the weight-shift
effect. Dynamic weight balancing is the central principle of weight-shift controlled aircraft
maneuvering, allowing the aircraft to perform banking turns or wing pitching maneuvers
without conventional aerodynamic control surfaces. The pilot or a piloting system modifies
the dynamic balance of the aircraft by applying force against the control bar. The reaction
of the pilot force moves the fuselage relative to a frame of reference fixed to the wing
system, referred to as the wing reference frame. An additional frame of reference is fixed
to the fuselage. Notably, the pilot or piloting system must account for the motion of each
body, in both reference frames, to correctly perform the intended weight-shift maneuvers,
it therefore has the duty to manage the position, velocity, and acceleration of the fuselage
system and the wing system, simultaneously.
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Rigid attachment
Hang-block —.

Wing keel

Mast

Figure 6.2: Schematic (a) of wing-fuselage system with attached CDPR piloting system;
(b) the corresponding kinematic diagram.

A weight-shift aircraft can be schematized by considering the wing and fuselage as two
pinned bodies allowed to rotate with respect to each-other in pitch and roll along the
hang-block joint. Figure 6.2(a) presents a schematic for the wing-fuselage system with the
CDPR piloting system attached. The hang-block is equivalent to two attached revolute
joints that rotate about two mutually perpendicular axes. The wing body includes the
control bar structure, as it is rigidly attached to the wing keel. The fuselage is supported
by the wing during flight and is allowed to pitch and roll along the rotation axes of the
hang-block. The rotation of the fuselage about the wing keel has a typical allowed roll
rotation range of § = +20° and a pitch rotation range of » = —10° to 15°. The fuselage
is constrained in yaw relative to the wing. The wing has no motion constraints and moves
freely within six degrees of freedom (DoF') during flight.

6.2.2 Description of the cable-driven parallel robot

The objective of this work is to design a control mechanism for autonomous flight of flexible
wing weight-shift aircraft. The cable-driven parallel robot system replaces the human pilot,
allowing for fly-by-wire based weight-shift aircraft control. The CDPR consist of four servo-
winches that are mounted at four locations along the mast and nose strut on the fuselage
frame, i.e. the body that hangs beneath the wing structure. Each servo-winch is attached
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to the fuselage by a spherical joint, such that the cables maintain alignment with the exit
of the winch-spools for any configuration of the robot by reorienting the servo-winches
along the tension vector of the cables. Figure 6.2(b) presents a kinematic diagram of the
cable-driven parallel manipulator mechanism. The fuselage is held at a fixed distance from
the hang-block, and rotates freely about two axes of rotation, in pitch and roll, relative to
the wing frame of reference.

The servo-winches actuate the fuselage by retracting (and releasing) flexible cables that
have their ends attached to points on the control bar. Since the control bar is rigidly
attached to the wing, any force applied to it is transmitted to the wing. Hence, depending
on which servo-winches are actively pulling, the fuselage will move relative to the wing and
control bar structure. Therefore the servo-winches control the motion of the fuselage via
the parallel tension force vectors.

The weight-shift mechanism allows the fuselage to rotate with two DoF about the wing
keel. By using four cables, the robot can be completely restrained for any pose through the
selection of a sufficient tension distribution among the four servo-winches. When a cable
is under tension, it mechanically transmits the torque produced by its own servo-winch on
the control bar in line with the cable alignment. Since the cables can apply only tension
forces, intelligent sequencing of servo torque commands is necessary to control the motion
of the fuselage.

6.3 Online model-free solution for the optimal trajec-
tory tracking problem

A model-free trajectory tracking controller for the weight-shift action of the cable-driven
parallel robot is designed to overcome high parameter uncertainty and nonlinearity inherent
to the system’s dynamics. Conventional solution approaches would require knowledge of
the system’s dynamics to determine the optimal gains offline, backward in time, to apply
them in the real time implementation. For linear systems with quadratic performance
index, this requires one to explicitly solve the Riccati algebraic equation for the gains [82].
Instead, an online ADP approach is employed, which is implemented in forward time and
requires only online measurement of the system’s trajectory. Given the system’s uncertain
and nonlinear dynamics, employing the ADP technique known as ADHDP is appropriate
[88,98]. This method leverages online reinforcement learning to refine estimates for the
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6.3. Online model-free optimal trajectory tracking

agent’s performance, and approximate the optimal control policy. This solution treats
the system dynamics as unknown, deriving all information from measured trajectories and
agent actions.

6.3.1 Optimal trajectory tracking scheme by online model-free
ADHDP

The objective is to define a value function structure that enables the learning agent to
observe and be responsive to both the tracking error dynamics and to the reference trajec-
tory dynamics, referred to as trajectory stabilization. The aim is to generate an additional
control component equivalent to the feedforward signal inherent to classical trajectory
tracking. The modified augmented state vector (MASV) (. is defined as the stack of error
dynamics and reference trajectory dynamics,

€k
(€k — ek,1> . A;l
1 [e%s) )
Ck — n At Zi:n(el) (61)
Tk

(1) — r31) - A"
| (1, — 2rp_1 + 1i0) - A7

where e, = x,—1y, is the tracking error measurement, xj, is the state measurement, r;, is the
reference trajectory input, and 4; is the time step associated with the measurement interval
duration. The objective performance is selected to evaluate system performance across
three objectives, namely tracking error minimization, anticipate the reference trajectory
dynamics, and minimize the control energy. This defines the value function as

I~
Vi = 3 Z VG QG + ui Rug]
i—k

, where wu;, is the control, and @) and R are weight matrices that are designer selected to
determine the learning agent’s trade-off for each of the different objectives, and the trade
off between control energy /effort and tracking accuracy [62]. Moreover, v € (0,1) is the
discount factor, and V' cannot decrease over successive time steps, i.e. Vi1 — Vi > 0. The
summand is the stage cost function, and will be referred to as Uy later on. The discount
factor ensures that the learning process does not over value future performance. If the
control uy causes the value function to reach some finite value while stabilizing the system
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and is finite, it is considered admissible, but not necessarily optimal. The optimal control
is obtained when the value function is minimized according to the deterministic Bellman
equation

Vi = I%in[gleCk + up Rug] + Vi

Solving explicitly for the optical control gives u},, = —3yR'BTVV}, |, where B is the
control input map.

6.3.2 Actor-critic solution for online value function approxima-
tion

The actor-critic solution employed to learn the model-free control online and in real-time for
the trajectory stabilization objective is detailed. The Bellman optimality equation acts as
a consistency condition, ensuring that the candidate value function follows the optimality
principle, converging to the correct desired performance. Two single layer neural networks
are trained over time by gradient descent based adaptation laws to approximate the optimal
value function (critic unit) and the corresponding controller (actor unit).

The temporal difference (TD) error is zero if Bellman’s equation is satisfied, and therefore
it is used to quantify the divergence from optimality. In the specific case, the TD error is
given by

1
erp = — Vi + 5[@?@@ + up Rug] + Vi1

The TD error is calculated in a value iteration reinforcement learning scheme to find the
optimal control and corresponding value function. A value function approximation (VFA)
scheme consisting of a projection along neural network basis functions is used. Define the
approximate value function as V}, ~ Vk(zk) = 2{ Q.21/2, where z;, = [Qk uk]T is the data
to be used in the approximation method, ¢, € R”, u;, € R™, and €, € RvFm)x(n+m) jg
a symmetric positive definite weight matrix that must be determined. The initial Q2 is
selected as a random symmetric positive definite with small values such that the initial
weight adaptation is more gradual and overall numerical stability is improved during the
learning process.
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6.3. Online model-free optimal trajectory tracking

To obtain the optimal control, consider the partition

S S
QC N [QUC QMJ ’

where Q¢ € R™" Q¢ = QZC, Q¢ € R and €, € R™ ™. Should the optimal (2} be
known, the corresponding optimizing control is given by uj = Q¢ = —QZIQZCQ, where
(2% is the policy determined by the optimality condition. During the learning process,
a probing white noise is added to the control input signal to ensure that the persistent
excitation condition is satisfied [62,120]. When the learning algorithm converges to the
optimal policy, the probing noise is turned off and the learning is halted.

Algorithm 3 Online value iteration with actor-critic structure

1: Initialize state measurements zo_o2, reference trajectory states ro_o critic Q(C) as random symmetric P.D. with small values
, and actor Q9.
: Calculate o using (6.1)
. begin learning process
repeat
Update () using (6.1)
Calculate ug using (6.5), apply to system
Allow one time step to pass, k < k+ 1
Update (41 using (6.1)
: Calculate TD error erp using (6.2)
10: Apply critic update law (6.3) to find Qitt
11: Apply actor update law (6.4) to find Q?ﬁl
12: until actor gains have converged and satisfactory trajectory tracking performance is achieved
13: halt learning process
14: Calculate further control input with the optimal control uy = Q5 Ck

LRI

An adaptive critic scheme is employed to identify the critic weight matrix .. The critic
neural network weights are evaluated by calculating the temporal difference of the value
function estimate

1 1
€Tp = _§ZchZk + Uk + 7§Z£+1chk+1 (6.2)

With each iteration step, the critic weights are updated to minimize the square of the TD
error, resulting in the adaptive update

Qz+1 = Qi — OéCETDZkZ]? (63)

where a. is the critic learning rate. The index j tracks the version of €2.. The critic
weights €. could be used to calculate the optimal policy 2, directly as Q¢ = —Q5,1Q* Gk

u
However, this approach is not advised as the critic weights have the potential to rapidly
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Figure 6.3: Trajectory stabilizing actor-critic model-free controller.

change during the online adaptation. Since the critic is merely found by VFA, this can
very well result in consistently poor control policy. A second adaptive actor neural network
(), is introduced with actor weights updated according to the adaptive update law

Q= O — (G — (U AT GG (6.4)
where «, is the actor learning rate. The corresponding optimal control is now given by
uy, = 5k (6~5)

and €2 is the feedback policy found after convergence of the actor neural network adap-
tation. The actor-critic adaptation laws provide a means to approximate the trajectory
stabilized tracking value function online and in real time, and in turn provides the optimal
control solution. Algorithm 3 summarizes the online value iteration actor-critic approach
that is used. Figure 6.3 provides the complementary control system diagram.

6.3.3 Implementation of weight-shift control on the CDPR with
multi-agent learning

As discussed in Section 6.2, the goal of WSC is to control the attitude of the wing ¢,
and 6, denoting the wing pitch and roll respectively. During in-flight operations the
required performance criteria for the pitch control action may be different than that of
the roll control action. The CDPR introduced in Section 6.2.2 applies force input to the
fuselage by sending simultaneous torque commands across the set of servo-winch actua-
tors to manipulate the wing attitude. Separate commands are necessary to provide the
required flexibility for pitch and roll flight controls, hence two separate learning agents are

107



6.4. Experimental results and discussion

Table 6.1: Torque division logic, marks indicate the servos activated for the corresponding
attitude correction.

[ [« 56 o6, «@:46, a@:-4, ]

M, v v
M, v v
N, v v
N, v v

implemented using Algorithm 3. Each agent is provided the commanded reference trajec-
tory and IMU measurement for a single element of the wing attitude, i.e. r,gl) = gomd,
r,(f) = g4 and xg) = Qu, x,(f) = 0, and produces its own control input, denoted as u,(:)
and uff). The control inputs are then mixed according to a simple heuristic that depends
on the arrangement of the servo-winches. The multi-agent system diagram is presented in

Figure 6.4.

The arrangement of the servo-winch mounts is used to select a heuristic for the relation-
ship between the active servo-winch and the corresponding state change for ¢,,,#0,. As
illustrated in Figure 6.2(a), the actuators M, M,, N,, N, are positioned relative to the end
effector attachment points Cy, C,,. The heuristic logic is summarized by Table 6.1. For ex-
ample, a demanded pitch increase +¢,, with no roll action implies that the first agent acts,
u,(j) is increased and the demanded torque magnitude is partitioned between M, and M,

while the second agent does not act, i.e. u,(f) does not change. For a second example where
a simultaneous demanded pitch increase +¢,, and a demanded roll decrease —60,, occurs,
the first agent acts by increasing u,(:) and the torque is divided between M, and M, while
the second agent acts by decreasing u,(f) and the torque magnitude is divided between M,
and N,. In the given second example the net demanded torque for M, is applied as it is
being shared by both agents simultaneously. The experimental results within the following
section will illustrate the interplay inherent to the parallel actuator system.

6.4 Experimental results and discussion

The proposed model-free learning control is validated experimentally using real flight con-
troller hardware with limited computational resources and strict control update constraints.
A prototype CDPR mounted to a surrogate weight-shift mechanism tracks reference wing
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Figure 6.4: Multi-agent learning controller for the cable-driven parallel robot. The agents
share the set of servomotors to actuate the weight-shift mechanism.

trajectories ¢, 6, by shifting the fuselage weight. The selected maneuvers represent re-
peated S-turns of a real weight-shift aircraft, a standard training maneuver as informed by
the industry partner’s test pilot [8].

6.4.1 Real-time learning control with weight-shift mechanism

The experimental platform shown in Figure 6.5 reproduces the kinematics to the weight-
shift controlled aircraft illustrated in Figure 6.2. The wing analogue is composed of a
longitudinal member representing the wing’s keel, with a triangle frame rigidly attached
to the keel that represents the pilot control bar. The weight-shift fuselage is suspended
from the wing keel by a two DoF mechanical joint that is analogous to the hang-block.
The wing keel rotates relative to hang point in a range of £8° in pitch and £10° in roll,
corresponding to the fuselage displacement relative to the keel of +20° in roll and —10° to
15°. The control of the platform is actuated by the CDPR. Actuation is provided by four
Dynamixel XM-430 servomotors [238] with integrated cable winches. These manipulators
are mounted to different positions along the fuselage as illustrated in Figure 6.2(a), and
have the other end of their cables attached at positions on the control bar. The servomotors
receive current input commands at a rate of 50 Hz, i.e. control update interval A; = 20 ms.
The adaptation for both critic and actor neural networks is computed within this control
update interval directly on the flight controller hardware according to (6.3) and (6.4).

The hardware used is similar to the experimental set-up in Section 4.3. Each hardware
device and supporting software is either open-source or has publicly available documen-
tation, [234,243,244]. Navio2 provides redundant orientation estimates through the com-
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Figure 6.5: Experimental weight-shift control mock-up used to emulate the weight-shift
effect of the wing controlled by the CDPR. The wing keel and control bar (blue) are
suspended at the hang-block, and are rotated by weight-shift of the fuselage (yellow) by
forces on the parallel cables (green).
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Table 6.2: Learning controller experimental parameters.

H Parameter H Value Description H
Q 10 - Ig state weighting
R 1 control weighting
QM0 20,20, 20,10, 10, 10] initial actor
Q0P U(0.001 )77, Q20 > 0 initial critic
Unoise N(0,0.5) probing noise
Ay 20 ms update interval
Qe 0.01 critic learning rate
Qg 0.001 actor learning rate
v 0.999 discount factor

bination of sensor readings from either the main on-board InvenSense MPU-9250 9 DoF
Inertial Measurement Unit (IMU) [236] or the secondary Microelectronics LSM9DS1 9 DoF
IMU [237]. Each IMU has a three-axis magnetometer, three-axis gyroscope, and three-axis
accelerometer. The IMU signals are filtered by a programmable digital low pass filter,
which is routed to the Raspberry Pi 3. The total root mean square noise of the MPU-9250
used for inertial measurement feedback is provided to be 0.1°/s. The measurements data
are filtered by a low-pass filter with a cut-off frequency of 250 Hz. The resulting angular po-
sition measurements of the wing orientation are sampled at 20 Hz by the online model-free
control.

The learning agents determine the correct control by adjusting theirs actions according
to measurements of the past trajectory tracking performance. The trained controller then
selects the set of demanded torque commands for all actuators simultaneously. A controller
agent is trained for each component of the trajectory. In each experiment the training
is halted after 50s and the probing noise is removed. The performance of the converged
control policy is observed for an additional 50s. The set of parameters in Table 6.2 are held
constant across all experiments. U and N denote the uniform and normal distributions.
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Figure 6.6: Trajectory tracking of wing’s pitch and roll for coordinated S-turns.
6.4.2 Tracking of weight-shift s-turn commands

For the first sample result, ¢4 and 64 evolve according to the saturating sinusoidal
signals that define a repeated weight-shift S-turn, given by

g 10sin(0.067k), if|r| < 5° (6.6a)
wo 5°, otherwise '

gema _ 10 sin(0.047k), if|ry| < 7° (6.6b)
wo 7 otherwise ‘

with the goal of demonstrating higher amplitude roll bank commands coordinated with
pitch speed control commands. The compound pitch and roll tracking performance of the
wing is shown in Figure 6.6. After training is completed, the controller anticipates and
tracks the demanded reference trajectory for both axes by application of fuselage weight-
shift. When both reference trajectory components change at the same time a transient
error is observed as the system adjust each axis in response. After training ends, the
actor neural network gains for each agent are le) = [3.43, 0.26,9.80, 15.36,9.03, 12.26] and

Qg) = [6.59, 0.14,11.49,15.36, 11.04, 13.20}. Figure 6.7 shows the normalized servo torque
commands that were generated by the controller during the experiment. It is observed
that as the training progresses, the demanded torque variation and amplitudes decrease
as the controller learns the optimal policy. Once training ends, the controller generates
the correct combination of torque commands for all four servo-motors simultaneously and
tracks well the reference trajectory in both axes, as presented in Figure 6.7(b).

To test the adaptability of the learning process, the second experiment applies a sustained
disturbance event during training. Disturbances are implemented as random white noise
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Figure 6.8: Trajectory tracking with sustained disturbance during learning, beginning at
10s.

signal sampled from the normal distribution N(2,0.5) added to the IMU feedback at each
time step between 10s to 15s, corresponding to 10% of the training period. In the ex-
periment, the disturbances induce a significant tracking error with a magnitude as high
as +5°. The learning control would rarely converge beyond this magnitude of sustained
disturbance. The reference trajectory is kept the same as the prior sample, i.e. evolving
according to (6.6). Figure 6.8 shows the tracking performance when the sustained dis-
turbance is present. The controller tracking recovers quickly after the disturbance ends.
The trajectory tracking performance achieved after the training ends is unaffected. The
disturbance rejection property of the learning algorithm is being tested up to the level of
disturbance stated below; further investigation is required to establish if it holds under
more extreme events of longer duration or high amplitude, e.g., an unintentional weight
offset in the aircraft during flight, or a compromised actuator.
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6.4.3 Summary of experimental results

The CDPR system is found to be a viable candidate automatic weight-shift control ac-
tuation scheme as it demonstrates the correct kinematic and force interface to match a
human pilot performing repeating S-turn maneuvers with coordinated pitch speed input
control. The ADHDP technique proves to be viable as a means to implement an online
reinforcement learning approach with computationally constrained flight controller hard-
ware. As no model for the system dynamics is known in advance, the adaptive learning
agent determines control policy according to the heuristic it is given as presented by Ta-
ble 6.1. In each experiment, the learning agent identifies an optimal policy in real-time
to balance trajectory tracking error minimization, anticipate reference trajectory changes,
and minimize the energy used by the servo-torques. Further, it is found that the learning
agents can determine an optimal policy even when a sustained disturbance event is present
during the learning phase, resulting in a similar set of control gains for both experiments.

6.5 Adaptive flight control simulation

This section presents two recent experimental results developed after the submission of the
original paper in this chapter. The previously developed online multi-agent actor-critic
controller from the paper are still applied to each problem, but they implement a slightly
modified gradient descent update rules for the actor and critic. The results from two
problems are examined:

e Section 6.5.2 - An additional CDPR two-body weight-shift experiment .

e Section 6.5.3 - A simulated flight of an updated uWSC model developed with the
methodology in Chapter 5, for the first time using the online reinforcement learning
for adaptive weight-shift flight control.

Since they are related to the methods presented, they are included with this chapter as
an extension of the work. The results demonstrate the practical application of control
adaptation through online reinforcement learning in simulated flight conditions.
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6.5.1 Modified actor-critic algorithm implementation

This brief note summarizes a modification to the online actor-critic value iteration algo-
rithm that has been studied under ongoing research investigations. The changes are made
to the actor and critic update laws. The updated algorithm with the modifications is given
in Algorithm 4. The temporal difference error is calculated according to,

1 1
€TD = —§Zch2k + Uk + 7§Z;{+19c2k+17 (6.7)
the modified critic update law is given as

Qe=Qc+ac-erp- (V- zre1 —2) - (V- 201 — ) (6.8)

and the modified actor update law is given as

1
Qa:Qa—aa-(Qa-xk+§~7~g~Qc-zk+1)-x£, (6.9)

where ¢ is a heuristic input map. In lieu of a designer chosen heuristic, this is set to weigh
the response of all inputs equally,

g=[1 11111 1]. (6.10)

Algorithm 4 Online value iteration with actor-critic structure with modified update laws

1: Initialize state measurements xo_2, reference trajectory states rg_z2 critic Q9 as random symmetric P.D. with small values
, and actor Q0.
: Calculate (o using (6.1)
begin learning process
repeat
Update (i using (6.1)
Calculate ug using (6.5), apply to system
Allow one time step to pass, k < k + 1
Update (41 using (6.1)
: Calculate TD error erp using (6.7)
10: Apply critic update law (6.8) to find Qitt
11: Apply actor update law (6.9) to find Q7!
12: until actor gains have converged and satisfactory trajectory tracking performance is achieved
13: halt learning process
14: Calculate further control input with the optimal control uy = Q5Ck

LRSI
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6.5.2 Experimental result using two-body weight-shift mecha-
nism surrogate with CDPR system

The following results present data from a sample experiment that implements the updated
actor-critic algorithm with the CDPR piloting system mock-up. The adaptive trajectory
tracking CDPR controller follows a reference trajectory for roll, and pitch is regulated about
zero. Figure 6.9 presents the roll trajectory tracking performance throughout the learning
process. Three types of regimes can be identified. The initial phase, approximately 0 to
2000 time-steps, shows an improvement regime, where the actor-critic gains change rapidly
until the performance reaches good error correction. The second phase, approximately 2000
to 6000 time-steps, shows a stable regime, in which a stable policy is observed. The third
phase, approximately 6000 to 10000 time-steps, shows a degenerate regime, where the
exploration-induced adaptation leads to a worsened control policy, causing the tracking
performance to degrade as a result. From 10000 to 13000 time-steps, a stable regime is
restored. From 14000 to 16000 time-steps, a degenerate regime recurs. The experiment is
halted after this point.

Figures 6.10(a) and 6.10(b) show the progression of actor neural and critic weights over
time. Given the complexity of the critic neural network, with 49 weights in total, it is
difficult to assign meaning to their evolution. The critic weights vary greatly in magni-
tude, as such, the normalized weights are presented. The actor neural network weights
map directly to the elements of the augmented state vector (, and are therefore inter-
pretable. Figure 6.11(a) captures the accumulated value over the iterations of learning.
Figure 6.11(b) illustrates the evolution of temporal difference error during training. It is
observed that with sufficient time the VFA begins to predict reward of future state-action
as seen during the stable regimes. This indicates that the method was reinforcement
learning was functioning well. Figure 6.11(c) demonstrates the temporal difference error
with both 100-step and 1500-step moving averages for comparison. Figure 6.11(d) displays
log-weighted critic neural network weights with a 100-step moving average.
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6.5.3 Adaptive weight-shift flight control result with uWSC air-
craft simulator

The multi-agent learning controller with the modified actor-critic algorithm is implemented
directly within ArduPlane, and tested as an adaptive weight-shift flight control for the up-
dated Romaeris uWSC simulator model'. In comparison to the CDPR implementations in
Section 6.5.2, this implementation generalizes for an entirely different weight-shift actuation
mechanism type, i.e. the uWSC model’s 2R servo hang-block. The adaptive weight-shift
flight control must similarly tracks simultaneous pitch-roll reference trajectories, this time
provided by an inexperienced pilot.

The model-free method is applied to the new actuation scheme and must adapt accordingly.
An initial pre-training is performed on the ground prior to flight, with the results for the
pre-training shown for the wing roll tracking in Figure 6.12, and for the wing pitch tracking
in Figure 6.13. To reflect the relative response to control for each weight-shift input, the
pitch reference track magnitude is set to be lower than the roll reference track.
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Figure 6.12: Initial training for ground pre-tune of actuation control mechanism in the roll
input, (a) reference track (b) resulting actor weights.

Following the ground pre-training, the actor neural network weights are saved for the
pitch and roll controllers. The weight-shift piloting system is then switched to a remotely

T would like to express my sincere gratitude to Trevor Phair and Jazia Djoudad for their support with
the new Romaeris uWSC model flight simulation.
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Figure 6.13: Initial training for ground pre-tune of actuation control mechanism in the
pitch input, (a) reference track (b) resulting actor weights.
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controlled fly-by-wire mode with online reinforcement learning enabled, and is made to
take-off and fly a reference circuit that consist of four way points. The inexperienced pilot,
still in the loop, observes the flight and inputs reference pitch-roll attitude signals for the
intelligent controller to consider. The thrust is directly controlled by the pilot, and is
only increased to gain altitude. The adaptive weight-shift piloting system must balance
its multiple objectives of reference trajectory tracking stability, tracking error correction,
and energy minimization, while having no ability to directly control the thrust. Further,
the adaptive action for each control input implicitly considers disturbances induced by the
other.

Figure 6.14 presents the projected ground track and altitude over time for the simulated
flight. The experiment proceeds as follows:

o After take-off, the aircraft climbs as it approaches the first waypoint at position
35°21'34"” S, 149°09'41” E around =~ 50s.

o After this point, the thrust setting is lowered to reduce its effect on the pitch control,
and the flight continues.

o The aircraft reaches the second waypoint at position 35°21’59” S, 149°09'44” E around
~ 170s.
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o The aircraft reaches the third waypoint at position 35°21'58” S, 149°09’52” E around
~ 195s.

e The aircraft is given more thrust at & 250s to climb away from the ground.

o The aircraft reaches the final waypoint at position 35°21’34” S, 149°09’49” E around
~ 275s, shortly after which the simulated flight control is terminated.

Overall, it is observed that the adaptive learning flight control manages the WSC air-
crafts trajectory extraordinarily well despite the pilot’s lack of experience. The results
for the adaptive optimal trajectory tracking controller are presented for the roll input in
Figure 6.15. It is observed that for the roll input, the reference signal is followed by the
adaptive piloting system, with some overshoot observed when the roll significantly departs
from near trim conditions. In regards to actor-critic adaptation during flight, all control
gains required adaptation and balancing, except for the response to the (4, ., signal which
remains at zero. The roll input actor neural network appears to decrease response to the
(p.,. signal substantially over time. This would suggest that initially response to error
changes was negatively impacting the optimization objectives. The response to the (s, ,
signal is adapted, with small magnitude that slightly increases over time, suggesting that
roll input quality depends on coordination between the reference trajectory rate and er-
ror correction action. Note that the system gains have approximately converge, as the
weight of (p,.,. continues to increase in time as the tracking error agent attempts to further
optimize for improved error tracking performance. This can lead to numerical instability
unless bounds are placed on the error signals.

The adaptive optimal trajectory tracking controller results for the pitch input are presented
in Figure 6.16. The pitch reference of the pilot is limited to 10° to 18° to prevent larges
inputs that can induce dives or stalls. After 25s, the adaptive pitch control reduces its
sensitivity to error correction signals while maintaining a stronger response to the refer-
ence trajectory signal Cpos ,, and the error rate signal (p,,.. This adjustment results in a
sustained offset between the pilot’s pitch command and the actual pitch state, which only
resolves at the end of the flight when the pilot increases thrust to climb. The adaptive
learning agent prioritized trajectory stabilization over error correction in the pitch axis,
adjusting its policy to account for the sustained error caused by the lower limit on the
reference input. Hence, the piloting system retains a pitch angle that is near the trim
condition of 9° despite the active roll inputs observed in Figure 6.15(a).
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Figure 6.14: Simulated uWSC flight employing the adaptive actor-critic implementation
for flight control.
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6.6 Chapter summary

A solution to automatic weight-shift aircraft control is realized through the application of
a cable-driven parallel robot that uses a model-free force controller design that incorpo-
rates an adaptive actor-critic based online reinforcement learning algorithm. The ADHDP
solution technique allows for an online learning controller to be directly implemented on
real flight controller hardware that is computationally limited and requires strict control
updates timing. Real-time experiments validate the learning controllers performance by
demonstrating its ability to perform weight-shift maneuvers trajectory tracking through
the coordination of force applied by the parallel actuators. To the best of my knowledge,
this represents the first time a viable automatic weight-shift control mechanism for this
class of aircraft has been reported on. The piloting mechanism has full authority over the
entire range of WSC, matching the capability of a human pilot.

At the time of writing the thesis, work has been underway with the industry partner to
implement the presented solutions in simulated flights and real-life autonomous flight test.
Section 6.5 presents an updated iteration of the value iteration algorithm, along with a
set of sample experimental results that include a simulated weight-shift flight test where
online reinforcement learning provides active control adaptation during flight. The CDPR
solution has been tested in experimental flight test by Romaeris, with moderate success,
as reported in Chapter 7. In these preliminary tests, the CDPR model-free feedback
controller is realized by an error correcting PID design rather than the more sophisticated
trajectory tracking actor-critic reinforcement design presented in this work. The initial
tuning of the PID gains were determined according to the trained results of the actor
weights €2, presented in Section 6.4. In the future, the trajectory tracking controller will
be implemented along with the adaptive action to enable adaptive tuning for real flight
test with the CDPR piloting system. Further, the proposed model-free controller design is
applicable to CDPR applications beyond weight-shift aircraft flight control.
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Chapter 7

Automatic Weight-Shift Aircraft
Control with Experimental
Fly-By-Wire Flights [5]

7.1 Foreword

This chapter reports on the experimental validation of automatic flight control for ultralight
weight-shift aircraft by application of a novel actuation design that consists of a cable-
driven parallel robot. It is adapted from the paper titled 'Automatic Weight-Shift Aircraft
Control with Experimental Fly-By-Wire Flights" that was submitted to the 2025 CCToMM
Symposium on Mechanisms, Machines, and Mechatronics (M3 Symposium), to be held on
June 19-20, 2025, in Ottawa, Ontario, Canada. A copy of the paper draft currently under
review is included in Appendix A.5.

The CDPR piloting system’s hardware and software are proprietary implementations de-
veloped by Romaeris that are based on the studies and solutions developed in Chapters 3,
4, 5, and 6. Throughout the thesis work, the research methodology has been shaped to
ensure compatibility within the established experimental flight tests regime of the industry
partner and adheres to federal flight regulations in Canada, the U.S.A, and Mexico. All
test performed by the industry partner prioritize pilot safety and pre-flight validation of
the proposed actuation systems. After demonstration of the CDPR’s capabilities within a
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7.2. Federal regulations on ultralight flight

laboratory setting to produce trajectory tracking for different weight-shifting scenarios, the
prototype actuation system is integrated with a human-piloted weight-shift aircraft as an
electronic fly-by-wire control for attitude adjustment. The test pilot uses a joystick control
scheme to perform several standard weight-shift flight maneuvers. The results validate the
CDPR’s ability to supplant conventional human-induced weight-shift operations and lay
the groundwork for autonomous flight control of weight-shift aircraft.

The chapter is organized as follows: Section 7.2 presents a review of the relevant federal
flight regulations under which the industry partner performed experimental flight test.
Section 7.3 presents the implementation of the CDPR piloting system with the weight-
shift aircraft. Section 7.4 reports on two sample results of positive flight control using the
piloting system from flight test provided by the industry partner.

7.2 Federal regulations on ultralight flight

The federal regulations governing ultralight flight in Canada, the United States, and Mexico
are included here to raise awareness for the operational, safety, and certification standards
that were adhered to during experimental flight test missions. Given that regulations are
revised continuously, the regulation summaries provided here refer to their state at the
time of flight test in 2022-2023.

7.2.1 Canada

The Canadian Aviation Regulations (CARs), overseen by Transport Canada, defines air-
worthiness standards for aircraft, including basic ultralight aeroplanes and advanced ul-
tralight aeroplanes, without testing or certifying their design or construction [245]. Basic
ultralights must have a maximum takeoff weight of 544 kg and a stall speed of 39 knots
or less, while advanced ultralights must adhere to the design standards set by the Light
Aircraft Manufacturers of Canada (LAMAC) [246]. Additionally, under CARs Part IV,
which addresses Personnel Licensing and Training, pilots of these ultralight aircraft are
subject to specific licensing requirements, ensuring they possess the necessary knowledge
and skills for safe operation. Operators are mandated to fly during daylight hours, main-
tain vigilance to avoid other aircraft, and adhere to specific airspace restrictions without
creating hazards.
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7.2. Federal regulations on ultralight flight

Owners bear full responsibility for maintaining their aircraft in a safe condition. Special
Certificates of Airworthiness are available for owner-maintenance, allowing owners who are
also licensed pilots to perform and release maintenance beyond elementary work, but these
aircraft are restricted to recreational use and cannot be flown in U.S. airspace. Maintenance
regulations apply similarly across aircraft, with specific conditions and limitations detailed
in the CAR. For Canadian ultralight and amateur-built aeroplanes to operate in the U.S.,
they must comply with FAA’s Special Flight Authorization conditions, and similarly, U.S.-
registered Light Sport and Amateur-built aeroplanes need to adhere to Canadian validation
terms to operate in Canada. Special Certificates of Airworthiness-Limited cater to aircraft
not certified by Transport Canada, including those classified as Light Sport Aircraft in
the U.S.A. Owners must obtain a Special Flight Authorization before flying in the U.S.,
ensuring they meet all required safety and operational standards.

Owners of aircraft with special certificates of airworthiness, whether for owner-maintenance
or amateur-built, must adhere to specific maintenance and modification standards. They
are required to perform maintenance and modifications in compliance with Canadian Avi-
ation Regulations, using approved data and maintaining accurate records. Certain lim-
itations apply, such as restrictions on modifying owner-maintenance aircraft beyond set
conditions, including prohibitions on installing certain types of propellers and floats. Air-
worthiness directives that address safety concerns must be researched and applied by the
owners, ensuring the continued safety and regulatory compliance of their aircraft. Addi-
tionally, these aircraft are limited to specific uses, like recreational flying, and cannot be
used for commercial purposes or fly in certain airspaces without proper authorization.

LAMAC developed the Design Standards for Advanced Ultralight Aeroplanes (AULA) af-
ter Transport Canada introduced the AULA sub-category in 1991, allowing for a specific
class of ultralights that exceed the traditional weight limits if they meet certain standards.
These standards are outlined in TP10141, now circulated as DS10141, with the latest edi-
tion being LAMAC Amendment 003 from November 8, 2004. Manufacturers must provide
comprehensive documentation to Transport Canada for an aircraft to be recognized as
an AULA, including a Declaration of Compliance, a Specified Maintenance Program, and
a Statement of Conformity for each aircraft, which are essential for the initial registra-
tion process. The standards ensure that AULAs adhere to stringent design, maintenance,
and operational guidelines, supporting the safety and regulatory compliance of advanced
ultralight aircraft in Canada.
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7.2.2 United States of America

Part 103 of the Federal Aviation Regulations (FARs), overseen by the Federal Aviation
Administration (FAA), outlines the operational guidelines for ultralight vehicles in the
United States, defining them based on specific criteria related to weight, speed, and usage
[247]. An ultralight must be a single-occupant vehicle, used for recreation or sport, without
an airworthiness certificate, weighing less than 254 pounds if powered, and having a fuel
capacity not exceeding 5 U.S. gallons.

Ultralight vehicles, as defined under FARs Title 14 Part 103, are exempt from the air-
worthiness certification requirements that are outlined in Part 21 of the same chapter.
Specifically, Part 103.7 clearly states that ultralight vehicles do not need to meet the air-
worthiness certification standards or have certificates of airworthiness that other aircraft
are required to obtain under FARs Part 21. This exemption includes the absence of a need
for an experimental airworthiness certificate for ultralights, distinguishing them from other
aircraft that are used for experimental, educational, or compliance purposes and typically
require such certification under Part 21. Operators are mandated to fly during daylight
hours, maintain vigilance to avoid other aircraft, and adhere to specific airspace restrictions
without creating hazards. The regulations ensure that ultralight activities are conducted
safely and responsibly, emphasizing the importance of compliance with designated opera-
tional standards to mitigate risks to both the operator and the public.

In addition, the industry partner operated under FARs Title 14 Part 21.190, which man-
dates light-sport aircraft to obtain a special experimental airworthiness certificate by sup-
plying comprehensive operational and maintenance documentation, along with undergoing
an FAA safety inspection [248]. This regulation not only ensures stringent safety standards
but also grants these aircraft greater operational flexibility compared to non-certified ul-
tralight vehicles under Part 103.

7.2.3 Mexico

Relative to the U.S.A. and Canada, Mexico has less structured recreational flight regu-
lations [249]. Recreational flight is managed by local authorities and flying communities.
The "Reglamento de la Ley de Aviacion Civil" outlines regulations relevant to private,
recreational, or sport flying, specifically addressing ultralights in the context of Article 14
"Servicio de Transporte Aéreo Privado Comercial" and Article 17 "Servicios Aéreos Espe-
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cializados". Article 14 stipulates that commercial private air transport services, including
aircraft rental and specialized air services, require authorization and must operate within
designated areas. Article 17 expands on specialized air services, encompassing activities
such as glider towing, skydiving, and panoramic service, where ultralight aircraft and bal-
loons can be utilized for recreational purposes, highlighting the significance of flight time
in service provision.

7.3 Experimental flight test

Flight control solutions are designed within predefined constraints on experimental opera-
tion for hardware and software. The industry partner’s WSC test pilots actively participate
in experiment design in order to comply with essential WSC flight principles. All operations
maintain stringent adherence to safety and regulatory standards ensuring that experimen-
tal flights are safe [8,36,37,245,247,249]. Prototypes are equipped with emergency stops.
Actuation systems have firmware-limited actuation authority to ensure safety, where the
actuators are limited to a low torque limits such that they can be over-powered by the
human pilot. All systems undergoing rigorous ground testing prior to flight test.

7.3.1 Flight control hardware and instrumentation

The hardware used is similar to the experimental set-up in Section 4.3. The open-source
unmanned flight controller software framework Ardupilot is selected as the backbone of
the onboard flight data collection in a ride-along mode [234]. ArduPilot is not certified or
supported for active controls in manned flights. The industry partner uses separate propri-
etary sensors and actuation systems that control the aircraft with servo firmware limited
authority. ArduPilot provides a complete set of high-level autonomous control function-
ality, a full suite of sensor support providing state feedback using a Kalman filter based
attitude-heading-reference-system, low-level PID controller loops, support for a multitude
of different hardware platforms, and extensive community developer support. Given its
open-source nature, the software is easily extensible to new unmanned vehicle types, as
shown in Chapter 5.

The robotic systems developed followed a progression from mock-ups that mimic the kine-
matics of WSC aircraft to eventual implementation on WSC aircraft. The experimental
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platform shown in Figure 7.1(a) is the most recent iteration of the WSC mockup system. It
has identical kinematics to a WSC aircraft prototype. The fuselage is suspended from the
wing frame structure by a two DoF mechanical joint that is analogous to the hang-block
pivot point of weight-shift aircraft. The control of the platform is actuated by the CDPR.
Actuation is provided by four Dynamixel XM-540 servomotors [238] with integrated cable-
winches. As illustrated in Figure 6.2, these manipulators are mounted to different positions
along the fuselage by spherical joints, and have the other end of their cables attached at
positions on the control bar. The servomotors receive torque input commands at a rate of
50 Hz, corresponding to the control update interval A; = 20 ms.

The CDPR has been implemented on several experimental aircraft operated by the industry
partner. Candidate piloting systems were first tested on the converted WSC aircraft shown
in Figure 7.1(b). The WSC capability was demonstrated by a hanging test where the
aircraft was hoisted by the lift point. Reference trajectory tracking was tested, along with
more essential validation of the hardware and software functions. Once reliability of the
piloting system is proven in physical experiments, a program of experimental flight test
with a human pilot is conducted. When active, the CDPR system replaces manual inputs
of a human pilot in supplying the weight-shifting force. The pilot remains in the loop to
direct control input.

(a) ExperimentalWSC mock-up. (b) CDPR piloting system test.

Figure 7.1: Examples of lab experiment hardware employed to test the CDPR piloting
system prior to flight test.

130



7.4. Experimental results

7.3.2 Experimental weight-shift aircraft

Tests of the experimental weight-shift piloting system were performed with the Cosmos
Phase 3 ultralight fuselage equipped with a La Mouette IPSOS 19 flexible wing [241,
242]. The wing is rated for a maximum velocity of 80km/h, and a total flying weight of
350kg. An image of the test aircraft is presented in Figure 7.2(a). The CDPR actuators
are mounted to the chassis and wing down-tubes above the pilot. While this mounting
configuration position is sub-optimal in terms of available control authority as the leverage
to the hang-block pivot point is reduced, it is an intentional choice that ensures the piloting
system out of the way of the human pilot. The servo-motors are further restricted in
maximum available torque at the firmware level. Figure 7.2(b) shows the pilot operating
the FBW piloting system with a leg mounted joystick.

7.4 Experimental results

A test flight program was launched to validate the CDPR’s performance in real-life experi-
mental flight scenarios. After reaching safe operating conditions, the test pilot engages the
CDPR piloting system and inputs pitch-roll commands via the joystick. The commands
are mapped linearly to a range of torque levels, and mixed according to the torque divi-
sion heuristic 6.1. A relatively low maximum torque level is implemented at the actuator
firmware level to ensure that the human pilot can overpower the CPDR.

7.4.1 Sample 1: Maiden test of CDPR piloting system

The first test result sample is from the maiden test flight of the piloting system, and shows
a fixed altitude starboard-side banking turn maneuver that requires coordinated 2-axis
control. Plots for the servo-winch torque commands and the corresponding section of the
2D GPS track from the test flight data log are shown in Figure 7.3. During the maneuver
the altitude was held in a horizontal plane between 260 m to 270 m.

131



7.4. Experimental results
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Figure 7.2: The CDPR piloting system equipped to weight-shift aircraft. When engaged,
the CDPR replaces physical pilot control with electronic FBW control provided by the

controller.
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Figure 7.3: Flight trajectory of first sample, with piloting system inputs for coordinated
turn maneuver.
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Figure 7.4: Flight trajectory of the second sample. The automatic flight controls were
active for the track sections labelled FBW-1 and FBW-2.

7.4.2 Sample 2: Automatic flight control with CDPR

The second test sample presents the initial flight test conducted using an automatic feed-
back based PID flight control to manage the attitude of the weight-shift aircraft, through
the CDPR piloting system. The human pilot remains in the loop, monitoring the flight. In
contrast with the first sample, the flight controller is responsible for attitude management,
while the human pilot controls throttle and provides desired attitude inputs. The con-
troller’s PID gains and parallel actuator coordination logic are derived from the model-free
reinforcement learning solution presented in 6.

Test pilot notes that average prevailing winds were at 4.7m/s with a north-east heading
of 54° measured from north. The trajectory data for the sample flight test is presented in
Figure 7.4. The flight has three control type phases labelled manual, fly-by-wire mode 1
(FBW-1), and fly-by-wire mode 2 (FBW-2) as recorded by the fly-along ArduPilot logger.
The actual software implementation of each control type is contained within the proprietary
software systems of the industry partner. In manual, the control is a mixture of manual
pilot input and direct drive controls with no active feedback control, identical to the first
test flight sample. In FBW-1 the feedback controller is commanded by the human pilot to
follow roll angles to induce banking turn, pitch is held steady by the CDPR, and throttle
is directly controlled by the pilot. FBW-2 is a superset of the FBW-1 mode, where pitch
control is additionally employed by the flight controller to manage altitude deviation.
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Figure 7.5: Roll controller input and response of CDPR piloting system while in FBW-1
section of test flight sample.

The flight track as shown in Figure 7.4(a) is better understood when divided into sections as
described by the test pilot. The 0s to 380 s section is in manual control as the pilot climbs
out from take-off, gains 60 m of altitude to allow for safe test maneuvers, and performs an
in-flight actuation systems check before beginning the automatic controls test. During the
380s to 570s section, a brief actuation systems check in FBW-1 is performed to ensure
positive control is available, after which the pilot allows the aircraft to descend while
inputting turn commands as needed to keep the aircraft on its original heading. During
the 570s to 650s section, the pilot recovers altitude, and then performs a single large
clockwise turn. During the 650s to 750 s section, the pilot switches to FBW-2 mode to
evaluate the pitch-altitude correction response of the controller. The experiment is ended
past this time as the pilot switches to manual, disengages the piloting system actuators,
and performs landing under human powered input.

In FBW test, the automatic feedback control is interpreting the pilots electronic joystick
inputs and correcting for the wing attitude error. Figure 7.5 shows the data captured of
the feedback controller’s performance. It can be seen in Figure 7.5(a) that the inputs are in
the positive direction as the human pilot is commanding the clockwise turn corrections to
counteract the prevailing wind that is pushing the aircraft away from the original heading.
The aircraft enters a £10° dutch roll oscillation due to the control error correction input.
The controller could not attenuate the oscillation as it was not adequately tuned and had
limited authority. Figure 7.5(b) shows the result when a 2s moving average filter is applied
to the input and response data, where it is more readily seen that the control performs
adequately despite the feedback oscillation.
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Figure 7.6: Roll controller input and response of the CDPR piloting system while in FBW-
1 for the large sustained clockwise turn.

The large sustained clockwise turn during the FBW-1 section is worth highlighting for it
demonstrates the performance of the piloting system as it operates away from the trim
region of the flight envelope. Figure 7.6 presents the input and response performance of
the piloting system during the turn. The piloting system detects the aircraft exceeding
the imposed safety limit of 15° and performs an immediate automatic corrective action,
overriding the pilot’s sustained command. The failsafe action repeats 3 times before the
aircraft completes the turn. The automatic action of the parallel actuators corresponding
to the clockwise turn is shown in Figure 7.6(b). It is clearly observed that the actuators
reach the firmware limited saturation point during the turn. This limit prevents the pi-
loting system from performing dangerous weight-shift inputs that have the potential to be
catastrophic when near the edge of the flight envelope’s stability region.
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7.5 Chapter summary

This work reports on the implementation of a novel CDPR based piloting system that
enables automatic WSC of flexible wing aircraft. The results validate the piloting system’s
ability to perform flight maneuvers that would otherwise require physical human-powered
input of the pilot. In the cases where the pilot directly manages an open-loop wing at-
titude control using electronic fly-by-wire based input, positive flight control is achieved.
For the cases where basic PID feedback controllers are used and the pilot provides only
the reference command, the automatic control somewhat manages the attitude of the wing
and maintains stability. However, the feedback controller is not well-tuned and induces
significant oscillatory response to the system. Given that the aircraft’s dynamics are non-
minimum phase, the observed behaviour implies that the controller was overly responsive
to the point of increasing the system’s sensitivity [32]. Further development of the indus-
try partner’s proprietary piloting system designs will incorporate adaptive components to
improve the stability provided by the control. Section 6.5.3 presents a result from ongoing
research work where an implementation of the adaptive weight-shift flight control employs
online reinforcement learning to adapt during simulated flight.

The validation of automatic flight control for weight-shift flexible wing aircraft using a novel
CDPR piloting system is a significant milestone that advances the state of the art. The
collaboration with the industry partner ensured the feasibility of the proposed actuation
and controls design within the context of experimental flight test. Results from test flights
demonstrated the CDPR piloting system’s ability to control the aircraft attitude effectively.
The integration of the CDPR with a manned aircraft and the successful execution of various
flight maneuvers validate the system’s practical applicability, paving the way for future
unmanned weight-shift control aircraft systems.
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Chapter 8

Conclusion

8.1 Summary of thesis work

This thesis has advanced the state of the art for the weight-shift control of flexible wing
ultralight aircraft by developing and validating a robotic piloting system that successfully
emulates human pilot capabilities, paving the way for their broader applications as UAS. A
broad set of scientific and technical contributions spanning cable-driven parallel robotics,
weight-shift aircraft dynamics modelling and control, and practical design techniques for
adaptive critics based online RL were developed in the course of this project. These include:

1. The validation of a prototype robot weight-shift piloting system concept that is
experimentally validated to match the capability of a human pilot via electronic
fly-by-wire control.

2. A model-free, force-based optimal trajectory tracking controller for cable-driven par-
allel robots that optimizes coordination of the parallel manipulator torque inputs.

3. Design of adaptive critics algorithms and practical online reinforcement learning
techniques, enabling their implementation on computationally-constrained systems
requiring low-latency control updates.

4. A technical contribution of an open-source Gazebo model for a unmanned weight-shift
control ultralight aircraft that is validated with real WSC flight data to approximate
the flight dynamics and stability properties.
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8.1. Summary of thesis work

By realizing viable solutions to automatic weight-shift flight control, the contributions
of this thesis fill a crucial R&D gap, while offering potentially significant improvements
towards flight control safety for manned aircraft operations. As shown in Chapter 7,
bounded automatic flight control performance is observed when the electronic fly-by-wire
piloting system is operated by a human pilot. This lends several key benefits. The piloting
system removes the requirement for physically laborious human-powered input, reducing
the pilot’s potential for fatigue and allowing for enhanced precision in control. This means
that the pilot may reassign their focus on the skillful mechanical aspects of weight-shift
flight control towards piloting judgement and decision-making, thereby increasing overall
operational safety. The piloting system, being robotic in nature, can be designed with
adaptive controls to address the stability concerns and non-minimum phase, nonlinear
dynamics inherent to this class of aircraft. The robotic system can be equipped with new
active safety features, that monitor the flight trajectory in order to enhance the pilot’s
safety by preventing the aircraft from reaching unstable conditions. An example of this
can be seen with the over-bank corrective action feature that is presented in Section 7.4.
The preliminary automatic feedback control using static PID gains was able to maintain
the stability of the system, however it induced a significant oscillatory response when
compared to the open-loop control, due to the non-minimum phase property of WSC.

The inclusion of adaptive control and better controller tuning processes like those shown
in simulation results in Chapters 3 and 5, and those shown with experimental results in
Chapters 4 and 6 present the solution to resolve the flight controller stability issue entirely
while being robust to modelling uncertainty and disturbances. These advancements have
the potential to significantly impact weight-shift controlled ultralight aviation by enhancing
safety, accessibility, and versatility for recreational flight. The introduction of computer
flight controls is expected to boost interest and demand for this aircraft class. Increasing
levels of adoption along with a growing pool of pilots and operators will pave the way for
new industrial applications that exploit the unique flying properties of these aircraft. As
demonstrated by Romaeris, this technology has already enabled the creation of entirely
new prototype aircraft designs.

To conclude, the realization of autonomous control systems for unmanned weight-shift
aircraft is no longer a question of how it will happen, but a simple matter of when.
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8.2 Ongoing and future R&D directions

The section outlines ongoing and future research directions that stem from the primary
contributions presented in this thesis. The details given in this section are in progress or
exploratory in nature, therefore are not as polished, unlike the main body of the thesis.

8.2.1 Data-driven approaches to learn the dynamics of parallel
robots

The originally intended research aim remains to apply data-driven and reinforcement learn-
ing techniques to CDPR systems with arbitrary or even unknown parallel actuator place-
ment, such that input maps can be learned online through data feedback alone. Realizing
these techniques would eliminate the need for predefined dynamics models, or control ac-
tion heuristics, such as the one introduced in Chapter 6, which are required to address
the problem of parallel actuator coordination. This approach would enable the applica-
tion of online algorithms to identify optimal control solely through data feedback, thus
allowing the system to adapt to changing actuator configurations or other changes during
real-time operations, for instance the compromised manipulability near the boundaries of
the workspace.

I hypothesize that parallel manipulators, when combined with data-driven techniques,
present a significant opportunity as they inherently provide a rich input data space. This
richness arises from the interactions among the redundant input components and the sys-
tem as a whole. This effect has not yet been directly studied in the literature. As a
beginning step in this direction, a new method that extends dynamic mode decomposition
(DMD) to incorporate the effects of control (DMDc) has been applied [251]. This method
provides the ability to extract low-order models from high-dimensional measurement data
for complex systems, even when dynamics and modes are influenced by external forcing.
Snapshots of observable states and actuation data are used to generate input-output models
without need for the underlying governing equations in advance. This method is relatively
simple to implement. Variants of optimized DMD have been developed to address bias
error from noisy measurements, providing stable and robust probabilistic models useful for
forecasting future complex system states [252-254].

Figure 8.1 presents a sample result of CDPR dynamic model identification. The test data is
gathered from a CDPR weight-shift control mock-up system shown in Figure 6.5. The test
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8.2. Ongoing and future R&D directions

uses approximately 1000 s of measurements spaced at 20 ms for the mock-up wing’s roll and
pitch attitude, # and ¢, along with the four parallel actuator servo-torque inputs 7, _4 that
provide the weight-shift input. Let x = [0, ¢]T be the system state, and u = |11, 7o, T3, 74]T
be the control. Application of the DMDc method generates the linear dynamic model given
by

T1
0 o 0.9893 0.0011]| |# 11073 —0.2428 0.2851 —0.2225 0.2597| |1
gb | —0.0014 0.9881 ) 0.1575 —0.1794 —0.3000 0.2061]| |73

T4

The resulting root mean squared error between the linear dynamics model derived states
relative to the measurement data is 2.62° for roll, and 2.21° for pitch.

The linear model was validated with an additional 500s of measurement data, as shown
in Figure 8.2. In this case, the previously identified dynamic model is simplify stepped
forward using the input time-series to generate the simulated result. The resulting root
mean squared error between the linear dynamics model derived states and the measurement
data is 2.69° for roll, and 2.30° for pitch.

In the thesis work, in lieu of mathematical models to map from task space to joint space, the
CDPR control solutions have required the definition of a heuristic that encodes the basic
actuation logic for the parallel manipulators, e.g. Table 6.1. It is postulated that adaptive
critics schemes are capable of learning an approximation for the parameters of the inverse
Jacobian matrix to map the end effector velocity (or wrench) to the desired joint veloci-
ties (or torques) of each manipulator. Reinforcement learning techniques can be combined
with partial or heuristic models to learn the underlying kinematic structure of the CDPR.
Algorithms that perform sparse regression upon designer selected candidate function li-
braries to identify nonlinear dynamic models from system data have been combined with
reinforcement learning techniques [255-258]. Donge et al. have applied DMD methods to
precondition data used by ADP-based online reinforcement learning control techniques for
complex multi-agent systems [259,260]. With this style of approach, the actor-critic algo-
rithm would learn to optimize the performance of the data-driven CDPR system model by
minimizing cable tension while tracking desired trajectories accurately in the presence of
disturbances or uncertainties. This will eliminate the requirement for pre-defined heuris-
tics, as the map between task space and joint space will be determined online. Recent
literature is relevant to this research direction. Lyu et al. use a neural network-based
data-driven approach for task-space tracking control of robots with unknown kinematics
and dynamics using both offline and online learning approaches is presented in [123]. This
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Figure 8.1: Results from DMDc where linear dynamic model is trained with data captured
from CDPR.

work demonstrates the control of a serial link robot with an unknown Jacobian matrix by
training neural networks to approximate the map between joint space and task space. As
an alternative, Xiong et al. use feed-forward neural network models that are trained offline
to map the relationship between cable tensions and the corresponding wrench applied on
the end effector [197]. In essence, they approximate the inverse kinematic map

r=J"Tw

where J is the forward Jacobian that maps from joint space to task space, 7 is the vector
of cable-tensions, and w is the vector representing the end-effector wrench applied. They
achieve this by training a neural network to identify the relationship that considers the
current pose and wrench applied to the resulting cable-tensions,

r=J3 " we~ N(w, )

where x is the vector containing the pose data of the end effector, and N(w,x) is the
equivalent nonlinear neural network function approximation. The referenced methodology
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Figure 8.2: Results from DMDec test using trained model against validation data.

utilizes single hidden layer nonlinear neural networks and conducts offline training and
validation using simulation with Gazebo. Notably, their PID control scheme does not
account for disturbances. Future research would look to extend this approach by developing
a model-free control strategy that trains a nonlinear neural network entirely online. This
design would map task space commands to joint space while incorporating disturbance
rejection capabilities.
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(a) (b)

Figure 8.3: Example mission scenarios considered using the simulator methodology. (a)
The uWSC model detecting gas emissions. (b) A multi-agent approach for the emissions
detection mission.

8.2.2 Realizing new unmanned weight-shift aircraft prototypes

The uWSC simulation model has been used for scenario analysis where airborne multi-
agent systems perform gas emissions detection missions, as presented in Figure 8.3. Work
has been ongoing with Romaeris to develop a small (10kg to 25kg) remotely piloted
weight-shift aircraft prototype, with the objective that it can be made autonomous. The
uWSC modelling approach detailed in Chapter 5 has already been leveraged as part of the
design process to develop new flight dynamics model for candidate designs under consid-
eration. The simulator was used to estimate dynamic balance and flight control properties
of the prototype before initial flight tests. The use of the simulator allows for flight con-
troller designs and tuning to be studied prior to real-life experimental flights, improving
the likelihood for successful flight tests. Already, the maiden flight of the first unmanned
prototype exceeded the expectations of the industry partner, creating the foundation for
future research and technology developments. An image of the model in Gazebo simula-
tion, and the set of images of the maiden test flight for the prototype are presented in
Figure 8.4. Trajectory data from the first real-world autonomous uWSC flight is presented
in Figure 8.5.
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8.2. Ongoing and future R&D directions

(a) Gazebo model for the prototype unmanned weight-shift aircraft.

& T ,

(b) Images from maiden flight of prototype unmanned WSC aircraft.

Figure 8.4: Simulation and maiden flight images of the prototype unmanned weight-shift
aircraft, showcasing the progression from Gazebo modelling to real-world testing. The top
image displays the Gazebo model, while the bottom series illustrates a sequence in the first
flight, demonstrating the practical application of the design and control developed in the
simulation.
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Figure 8.5: First autonomous uWSC flight, circa November 2024, (a) Waypoint navigation
track, (b) An image of the aircraft flying overhead.
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An Online Reinforcement Learning Wing-"Tracking Mechanism for Flexible
Wing Aircraft

Mohammed Abouheaf, Nathaniel Mailhot, and Wail Gueaieb

Abstract— The weight shift control problem of the flexible
wing aircraft is gaining increasing interest due to their unique
low cost operation features and setups. The consecutive
variations in the aerodynamics of the wing and additionally
the kinematic constraints that evolve due to the wing-fuselage
interactions make the modeling task ultimately challenging.
An online adaptive control mechanism based on two linear
actuation systems is proposed to fulfill different pitch-roll
maneuvers. This mechanism employs model-free tracking con-
trol strategies and utilizes a real-time reinforcement learning
process based on a value iteration process. The adaptation of
the tracking control gains is accomplished online using the
means of approximating neural network structures.

I. Introduction

Flexible wing aircraft are modeled as two-mass sys-
tems, where the fuselage and wing of the aircraft may
separately rotate in pitch and roll axis relative to the
other body. Hang gliders and flexible wing vehicles share
common modelling considerations, where both masses
are coupled via different kinematic and dynamic con-
straints [1]-[5], which include the kinematic constraint
of the two body connection point [6], [7]. Herein, a full
online automatic trajectory-tracking mechanism is de-
veloped for the flexible wing aircraft. This mechanism is
based on an innovative online adaptive learning approach
that decides the optimal tracking control gains in real-
time with no prior knowledge about the dynamics of the
vehicle.

Aerodynamic modelling of flexible wing aircraft has
been explored within theoretical and experimental
frameworks introduced in [1]-[5], [8], [9]. The mod-
elling approaches employed for the aerodynamics of
flexible wing’s have a range varying complexity, such
as simplified lateral and longitudinal decoupled dynamic
equations [10], approximate rigid wing modelling with
a consideration for aerodynamic derivatives [11], [12], a
comprehensive decoupled aerodynamic model [13], and a
nine degree of freedom aerodynamic model that employs
a set of nonlinear state equations [6], [7]. During flight,
the primary method for maneuvering of the flexible wing
aircraft, coined weight shift control, is performed through
a process of manipulating the location of the center of
gravity (CoG) of the fuselage relative to the wing [2],
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School of Electrical Engineering & Computer Science,
Nathaniel Mailhot is with the Department of Mechanical
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[3], [5], [14]-[16]. The shifted fuselage CoG becomes
misaligned with the center of lift of the wing, modifying
the wing’s shape and corresponding lift profile, leading to
imbalanced aerodynamic forces acting on the wing, and
eventually maneuvering of the aircraft. The longitudinal
stability of flexible wing aircraft is magnified when weight
shift control is employed to maintain stability [11], [12],
[14]. It has been found that the lateral stability margins
of flexible wing aircraft are significantly larger than
compared to conventional fixed wing aircraft [5].

The dynamic programming problems suffered from dif-
ficulties related to the computational complexities of the
state and action spaces which are characterized by the
curse of dimensionality [17], [18]. These difficulties are
solved using the Approximate Dynamic Programming
(ADP) approaches [17], [19], which enable various forms
of temporal difference solutions. The optimal control
theory is used to solve the dynamic programming prob-
lems where the performance is optimized using utility
functions [20]-[22]. The solution of the Hamilton-Jacobi-
Bellman equation or the Bellman optimality equation
results in solutions for the underlying optimal control
problems either for single or multi-agent systems. The
solution of the resulting temporal difference equations
depends only on the state or state-action combinations
and it can allow gradient-based solving structures. The
game theory frame work is used to prepare the math-
ematical frame work for the multi-agent reinforcement
learning problems (23], [24]. These advise coupled forms
of Bellman equations or the underlying HJB equations.

Reinforcement Learning (RL) formulates a dynamic
learning environment that aims to select the optimal
policy and learn the optimal solution using dynamic
transition mechanisms [17], [25]-[27]. The reinforcement
learning solutions employ two main steps; The first is
concerned with the evaluation of the temporal difference
equations and the second is related to calculating the
optimal strategies. These processes can be implemented
in a value or policy iteration fashion [28]-[30]. Reinforce-
ment learning approaches are used to implement the dual
heuristic dynamic programming solutions in [28], where
the costate equations resulting from the Hamiltonian
expressions are solved using partial knowledge about
the system’s dynamics. Online model-free reinforcement
approaches are developed for multi-agent systems in [29],
[31], where the convergence is guaranteed if the graph
is strongly connected and the weighting matrices are
properly chosen. The neural network structures in the

174



scope of adaptive critics framework are useful tools to
implement the reinforcement learning solutions for single
and multi-agent systems [25], [26], [32], [33]. The solution
approximation for each system employs two separate
neural network structures that learn the solution of
the underlying temporal difference equation or Bellman
equation. One of the two networks approximates the
temporal difference solutions and the other approximates
the optimal control strategy.

The work is organized as follows. Section 2 presents
briefly the basic operation and model of the flexible
wing aerial system. The combined control structure is
detailed out in Section 3. The optimal control problem
and the associated model-free adaptive learning process
are introduced in Section 4. The neural network imple-
mentation for the online reinforcement learning approach
is provided in Section 5. Section 6 shows the digital
simulation outcomes.

II. Weight Shift Model

The two-mass system (wing and fuselage) attaches the
two bodies by the hang block, a joint that connects the
mast of the fuselage and the keel tube of the wing at
a shared point called the hang point. The hang block
is a mechanical joint which allows for two degrees of
motion relative to each body; the wing system may roll
freely about the longitudinal axis of the keel bar, and the
keel bar may pitch about the axis of the mast. The pilot,
who is positioned within the fuselage, modifies the wings
orientation with respect to the fuselage by manipulating
the control bar that is rigidly attached to the wing. To
modify the vehicles orientation, the pilot applies force
to the control bar to move the wing with respect to the
fuselage. By the principle of weight shift, this in turn
modifies the lift profile of the wing, resulting in a new
orientation of the wing with respect to the fuselage.

For the system considered in this work, the following
weight shift kinematic model is presented with the
schematic shown in Figure 1.

Wing keel |

Control bar

Y

Hang block

Fig. 1.

Schematic for weight shift kinematics.

The orientation of the wing with respect to the fuselage
is represented by the pair of rotation angles, 6 and ¢
corresponding to roll and pitch of the wing. The set point
of the control bar corresponds to the resting orientation
of the wing in stable steady altitude, steady speed flight.
The actuated motion of the control bar from the set point
is represented by the pair of position vectors u; and us
which describe the distance between the hand grips at
the two ends of the control bar, to the pilot represented
by a point P along the mast.

The geometric relationship between the orientation of
the wing with respect to the fuselage, and the change in
position of the control bar is captured by expression

(97 (b) = F(u17u2)7

which maps the wing’s orientation ¢,6 to the pair of
distance vectors, u; and us.

To represent any mechanical force disturbances that
may act to move the fuselage or wing during flight, an
additional noise term is added to the roll component
of wing motion, %t and is modelled as a normally
distributed random variable with zero mean and variance
of 4°.

ITI. The Controller Design

This section explains the mechanism of the combined
navigation control scheme. As explained earlier, the
navigation of the flexible wing system follows a weight
shift mechanism where the center of gravity of the
fuselage is changing with respect to that of the pilot
to achieve the desired maneuvers. Later on, the adaptive
learning solution approach is detailed out along with the
neural network implementation.

The objective of the control problem is to take into
account the Pitch and Roll orientations of the wing
to track certain desired trajectory commands using two
actuation systems with actuation lengths u; and usy (i.e.,
the control mechanism will decide two-optimal actuation
lengths).

The developed mechanism employs two linear actua-
tors in order to induces the required trajectory tracking
responses. The combined control mechanism is shown in
Figure 2, and it depends on a concurrent functioning
three-tracking control loops as follows:

o First loop: (i.e., pitch controller) decides the sym-
metric actuation lengths wu, to achieve the desired
pitching adjustment.

e Second loop: (i.e., roll controller) selects the asym-
metric actuation lengths to allows the desired rolling
maneuver. The control signal u, expresses the de-
sired asymmetry in the actuation lengths to achieve
the desired roll adjustments.

o Third loop: (i.e., roll disturbance controller) consid-
ers the roll disturbances created by the fuselage-wing
discrepancies while achieving the required maneu-
vers. The regulation signal ug denotes the required
asymmetry in the actuators lengths to suppress the
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discrepancies between the roll angles of the wing
and fuselage and reject other noise that can persist
in turbulent flight conditions.

The control mechanism is designed to eliminate the
tracking errors (i.e., e, is the error between the de-
sired pitch orientation #?¢*"¢¢ and the measured pitch
orientation 89 e, is the error between the desired
wing roll orientation ¢9¢%"¢¢ and the actual wing roll
orientation ¢"W9, and ey error due to wing-fuselage
disturbances). These tracking control loops employ an
adaptive learning approach which utilizes the current and
previous errors like PID controllers. Each roll and pitch
tracking mechanism uses an adaptive learning algorithm
to decide the optimal control gains.

The control laws for the tracking error control loops
are given as follows

up(k) = up(k—1)+Qp1ey(k) + Qpaey(k — 1)
+ QPQ ep(k — 2).,
up(k) = ur(k—1)+Qprie (k) +Qrae(k—1)
+ Qpeoeq(k—2),
ug(k) = wa(k—1)4 Qrieqk) + Qroeq(k —1)
+ Qpoeq(k —2), (1)

where Qp;,Vi and Qg;,Vi are the longitudinal and
lateral tracking control gains that are determined by the
adaptive learning process that will be explained later on.

Remark 1: It is noted that the third control loop
(i.e., disturbances regulation loop) is using the same
control gains obtained for the roll tracking mechanism.
This is because, the sensible disturbances happen at the
roll direction and it can use the same control structure
introduced by roll mechanism (i.e., the second tracking
control loop).

The coupled control mechanism block shown in Fig-
ure 2 makes a logic combination of the separate selected
variations in the actuation lengths wy,u,, and ug. This
unit builds the logic of how the actuation lengths u; and

Coupled Pitch-Roll Control Mechanism with Wing-Fuselage Roll Disturbances.

ug are inter-chosen to achieve the desired maneuvers. The
resulting combined control laws are expressed as follows:

up = up — (U + uq) /2,
up = up + (uy + ua) /2.

Each control law decides the symmetric (pitching) and
asymmetric (rolling) fractions of the actuation move-
ments. It is noted that the asymmetric actuation move-
ments (u, and u4) cause partial pitch deviations which
is corrected during the flight by the pitch control loop,
which is done in a dynamic operation. Furthermore, this
unit considers the minimum and maximum constraints
on the allowed actuation lengths. This means that if one
actuator is hitting the bounds, that over-limit actuation
is compensated for by the other actuator due to the
symmetric inter-distribution capability of the actuators.
It is worth to mention that, u; and us are corrected with
a point in the allowed actuation length range.

The next section lays out the mathematical foundation
to build the adaptive learning control mechanism.

IV. The Optimal Control Problem

This section explains the model-free Approximate
Dynamic Programming Approach and develops an adap-
tive learning approach based on an online value iter-
ation process. First, The temporal difference equation
(Bellman equation) is stated and then the optimality
principles [21], [22] are applied in order to derive the
optimality conditions.

The proposed mechanism works to minimize the track-
ing errors (i.e., ep, e, and eq) to achieve the desired
mixed longitudinal-lateral maneuvers. Thus, a simple
diagram for a simple tracking unit is shown in Figure 3.
The signals y9e7¢d and yme*sured designate the desired
and measured signals respectively, e(k) is the tracking
error signal, and u(k) is the selected control signal for
the dynamical system.

Herein a tracking mechanism that is similar to the
basic operation of a PID controller will be introduced.
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Fig. 3. The tracking control unit.

This is done using an online model-free adaptive learning
mechanism. This mechanism does not need the aerody-
namic model of the underlying flexible wing aircraft.
Later on, this Building unit is integrated into the
structured and combined control mechanism.

In this case, the main states of the adaptive learning
approach are the tracking error variables (i.e., e(k), e(k—
1),e(k — 2),Vk, k is a time-index). The objective of the
optimal control problem for each building tracking unit
is to select the optimal control strategy u°(k), Vk in order
to minimize a quadratic convex cost function or simply
fulfill the tracking e(k),Vk — 0 objectives. Thus, the
objective cost function is given by

O (B(0), u(0) = 5 (BT (1) Q B() +u” (0) Ru(0))

where E({) is a vector of the errors so that E(()
[€T() eT(t—1) T (¢ —2)]T, R >0 € R™! and Q
0 € R?*3 are symmetric weighting matrices.

This process is repeated for each tracking control loop.
The utility function C(...) is used to form the following
performance index P

IVl

[ee]
P =3 C(E(),ul)),
=0

The control strategy wu(f),V¢ is selected in order to
minimize the control effort and hence the performance
index. The optimality conditions are found by applying
Bellman optimality principles.

For simplicity E(¢), u({) are referred to as E, u for the
same time index.

A quadratic value function solution form is used such
that . B
S(E,u):§[ET uT] w { " }

WEE WEu

WuE Wy
are sub-matrix components of the matrix w.

The performance index P and this solution form S
are used to formulate the temporal difference equation
or the underlying Bellman equation so that

S(E(0), u(t)) = C (E(0),u(t)) + S(E(C + 1), u(f + 1)),

where w = y WEw, WuE, WEE, and Wy

The optimaility conditions are obtained using Bellman
optimality principles [20], [21] so that

u® = argmin (S(E,u)) .

Then wyu + wygE = 0. Therefore, the model-free
control strategy is given by

u’ = — [w, w,g] E. (2)

Hence, the Bellman optimality equation follows the
following form

S°(E(0),u*(6)) = C(E(),u°(r))
+ SUE(f+1),u(C+1)), (3)

Solving (3) using the optimal control strategy (2)
guarantees a solution for the underlying optimal control
problem (i.e., stabilizing the tracking errors e({), V).

A. Value Iteration Process

An adaptive learning process is proposed to solve
all the Bellman optimality equations (3) (i.e. Bellman
equations for all the tracking control loops) using the
optimal control strategies (2). Value iteration is an
adaptive learning process that is concerned with solving
the temporal difference equation or the underlying Bell-
man optimality equation (3) [17], [32]-[34]. This process
is composed of two main steps; First, value function
evaluation. Second, control strategy improvement.

The value iteration algorithm is arranged as follows:

Algorithm 1: Value Iteration Solution

1) Initialize the solution S°(...) and u°.

2) Evaluate the new solution matrix w™!,Vr follow-

ing
STTHEW),u(t)) = C"(E(f),u(t))
+ ST(E({+1),u(f+1))4)

where r is the value iteration solution index.

3) Evaluate improvement in the control strategy fol-
lowing

u

E. (5)

T+l _ [w;ulquYH
4) Continue with the process till the differences
Aw™™ " = w" — W™ converge (i.e., the errors
are less than a threshold) for a predefined number
of iterations N.
Remark 2: This algorithm is implemented in real-time
and it employs a model-free control strategy. It runs
concurrently for the different scheduled control loops as
will be explained later on.
The following section shows the implementation of
this Reinforcement Learning algorithm using the neural
network approximations.

V. Neural Network Solution Mechanism

This section explains how the adaptive learning mecha-
nism proposed by Algorithm 1 can be implemented using
the adaptive critics or the neural network structures [25],
[29], [30], [32], [35]. The solving value function S(...) and
the associated control strategy wu(...) are approximated
using separate neural network structures. This process
enables capturing the optimality in the dynamic learning
environment, where the taken strategies are rewarded or
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penalized based on the accumulated cost values. The
adaptation of the weights is done in real-time using
simple gradient descent approach and linear quadratic
cost functions are employed.

The solving value S(...) is approximated by the
following neural network structure

S(E,u) = E[ET ol wT [ E } ,
2 U
where W7 are the approximation weights for the solving
value function S.

Consequently, the associated optimal control strategy
u(...) is approximated using the following neural net-
work structure

o=QTE,

where Q7 are the approximation weights for the optimal
control strategy.
The solving value function’s approximation error ey
is given by
ew = (S(E, a) — S) 7
where the value S is given by
S =C(E(t),a(t)) + S(E({+1),a(¢+ 1)),

Hence, the update rule for the approximation weights
WT is given by

u

wOoHDT — T _y (( S(E, &) — S) [ E } [ET a7
(6)
where 0 < 7 < is a learning rate.

The gradient descent approach is used due to the
simplicity of the linear quadratic cost function C(...)
which enables this direct formalization.

In a similar fashion, the approximation error for the
control strategy approximation is given by €, = (4 — @)
where

a=—[Q,,Q%r| E.

Similarly, the adaptation rule for the control strategy
approximation weights follows

Q(r+l)T — Q("‘)T — ((’[l — 12) ET) ™) ) (7)

where p is a learning rate.
A full online neural network solution algorithm can be
arranged as follows
Algorithm 2: Neural Network Solution
1) Initialize the weights WO(...) and Q°.
2) Start with arbitrary small error values e(—2), e(—1)
and ¢(0).
3) Calculate the approximation .
4) Compute .
5) Evaluate the measurement e(r) and arrange the
errors’ vector E.
6) Calculate the approximation @ and S at iteration
T.

7) find S.

8) Evaluate the new solution value approximation
weights using (6).

9) Decide the improvement in the control strategy
using (7).

10) Continue with the process till the differences
AWT=br = W — W=l vr and AQT LT =
Q" —Q"1 V¥r converge (i.e., the errors are less than
a threshold) for a predefined number of iterations
N.

The following section shows the simulation outcomes
for the combined control structure in react to different
desired maneuvers.

VI. Simulation Results

In this section, the simulation is performed for the
combined control strategy to prove its usefulness. First,
the adaptive learning algorithm is applied to the online
decoupled maneuvers to advise the control gains. This
is followed by a planned pitch-roll combined maneuver
to show the actuation performance in order to achieve
the desired maneuver. The learning rates are selected so
that © =7 =0.001.

The simulation is performed for decoupled longitudinal
maneuver to track desired pitch angles of the values
—15 deg to 15 deg with 5 deg steps. The adaptations of
the control strategy gains are shown in Figure (4)(a). It

(rcan be seen that the control gains are properly selected

(i.e, quickly converging) in few evaluation steps. The
wing orientations as shown in Figure (4)(c) in-react to
the actuation lengths plotted in Figure (4)(b) ensure
the proper performance of the developed controller. This
is further emphasized by the reaction of the controller
to a decoupled lateral maneuvers —20deg to 20 deg
with 5 deg steps. The adaptations of the controller
weights are shown to converge quickly as explained
by Figure (5)(a). The actuation lengths are the same
since they are moving symmetrically Figure (5)(b), to
achieve the desired maneuver plotted in Figure (5)(c).
It is worth to note that the asymmetry in the lateral
actuation motion creates fractional pitch adjustments.
These adjustments are compensated for, automatically,
using the pitch control Mechanism.

The combined trajectory-tracking control mechanism
is tested using the predefined three control loops working
all together simultaneously, with the following control
gains , = [0.0251 —0.0320 — 0.0139] and Qp =
[0.0088 —0.0319 — 0.0102]. The desired decoupled
maneuvers are formed of two turns in each direc-
tion @esired(p) = —10 * sin(2 * pi * r/1500) deg and
pdesired(p) = 10 * sin(2 * pi * r/1500) deg and they are
happening concurrently. The wing-fuselage disturbances
are modeled using stochastic noise from a normal dis-
tribution with amplitude +4deg. Figure (6) shows the
different actuation lengths provided by the control loops
to achieve the desired maneuvers. The direct actuation
lengths applied to the flexible wing system are shown in
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Figure (7)(a), while the actual performance compared to
the desired trajectory is plotted in Figure (7)(b). These
figures emphasize the ability of the combined control
mechanism to satisfy the desired tracking objectives
with very small lag using the online model-free adaptive
learning mechanism.

VII. Conclusion

This paper introduced a novel combined trajectory-
tracking control mechanism for a flexible wing system.
The controller employed three interactive control loops
to account for the interactions between the pilot and
wing systems to achieve the desired pitch-roll tracking
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Fig. 6.
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Fig. 7. Dynamic response of the coupled maneuver. (a) The
actuation lengths. (b) The coupled longitudinal-lateral maneuvers.

objectives. An online adaptive learning tracking mecha-
nism based on a value iteration process is employed to
select the control gains of the different control loops. This
is done with no use of any information about the aerody-
namics of the flexible wing system. The solution of the
adaptive algorithm is implemented and approximated
using separate online neural networks. The simulation
results show the effectiveness of the proposed platform
in different trajectory-tracking simulation cases.
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Guidance Mechanism for Flexible Wing Aircralt Using
Measurement-Interfaced Machine Learning Platform

Mohammed Abouheaf, Nathaniel Mailhot, Wail Gueaieb, and Davide Spinello

Abstract— The autonomous operation of flexible-wing air-
craft is technically challenging and has never been presented
within literature. The lack of an exact modeling framework
is due to the complex nonlinear aerodynamic relationships
governed by the deformations in the flexible-wing shape,
which in turn complicates the controls and instrumentation
setup of the navigation system. This urged for innovative
approaches to interface affordable instrumentation platforms
to autonomously control this type of aircraft. This work
leverages ideas from instrumentation and measurements,
machine learning, and optimization fields in order to develop
an autonomous navigation system for a flexible-wing aircraft.
A novel machine learning process based on a guiding search
mechanism is developed to interface real-time measurements
of wing-orientation dynamics into control decisions. This
process is realized using an online value iteration algorithm
that decides on two improved and interacting model-free
control strategies in real-time. The first strategy is concerned
with achieving the tracking objectives while the second sup-
ports the stability of the system. A neural network platform
that employs adaptive critics is utilized to approximate the
control strategies while approximating the assessments of
their values. An experimental actuation system is utilized to
test the validity of the proposed platform. The experimental
results are shown to be aligned with the stability features of
the proposed model-free adaptive learning approach.

I. Introduction

Flexible-wing aircraft have been capturing increas-
ing interests due to their relatively simple mechanical
structures, flexible operation, low fabrication costs, and
high payload-to-mass ratio [1]-[3]. On one side, there
are no experimentally-validated dynamical models for
such systems since they are characterized by highly
nonlinear dynamics. Therefore, designing algorithms for
the autonomous flight control of this type of aircraft is a
complex process. To this end, relying on conventional
methods which are based on some sort of classical
mathematical models, however approximate they may
be, is not an option. On another side, analytical solu-
tions for the optimal tracking control problems often
necessitate solving offline coupled differential equations
simultaneously, where a subset of these equations is
solved backward in-time [4]. Additionally, the complexity
of the tracking control laws, resulting from adaptive
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systems, are not realizable or hard-to-implement using
digital processing units.

In this work, a coupled instrumentation-machine learn-
ing framework is proposed to solve the guidance control
problem of a class of nonlinear dynamical systems with
unknown dynamics, typical for flexible-wing aircraft.
This process tackles difficulties associated with develop-
ing control solutions for partially- or fully model-based
approaches in uncertain dynamical environments. Fur-
ther, it solves the tracking control problem in real-time
with no offline or backward solution for the underlying
differential equations. Simply, it provides a simplified
method to compute the tracking control laws which may
be both complex and hard-to-realize in digital simulation
environments. The proposed scheme was tested in real-
time aboard of a Raspberry Pi equipped with an Inertial
Measurement Unit (IMU) consisting of accelerometers,
gyroscopes and magnetometers, in order to provide accu-
rate orientation and motion sensing measurements (i.e.,
for the wing of the aircraft). A reinforcement learning
process based on adaptive guided search mechanism is
employed to steer the motion dynamics of a mock-up
emulating the aircraft’s wing movement relative to the
fuselage. It employs an online value iteration process that
produces real-time model-free tracking control strategies.

Flexible-wing aircraft are composed of two interacting
structures, namely wing and fuselage, which are pinned
at a point where they can rotate on pitch-roll axes
relative to one another [5]-[8]. The control of this
type of aircraft is challenging due to the flexibility of
the wing which induces continuous aerodynamic vari-
ations and makes it difficult to model the vehicle’s
dynamics [1], [9]. Partial theoretical models have been
presented for this type of aircraft in [8], [10], [11]. The
approximate aerodynamic models varied in complexity
and approach. Some researchers opted to decouple the
dynamics into longitudinal and lateral motion frames to
simplify the problem [12]. A fully decoupled aerodynamic
model is developed in [13]. In another context, a fixed-
wing approach that considers aerodynamic derivatives
is employed in [14], [15]. Additionally, a system of
nonlinear dynamical equations based on a nine-degree-
of-freedom dynamic model is derived in [1], [9]. The
navigation process of this aircraft is based on a weight-
shift mechanism where the relative variations in the
Center-of-Gravity (CoG) locations of the wing-fuselage
systems, under kinematic and dynamic constraints at
the interconnection points, steer the aircraft toward the
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desired orientations [16]-[18]. It is shown that when
a weight-shift mechanism is applied, the longitudinal
stability is magnified [15], [16]. Also, the stability margins
corresponding to the lateral motion are shown to be
larger than those of fixed-wing aircraft [8].

The tracking, navigation, and motion-guided systems
employ instrumentation configurations along with theo-
retical advances for the underlying physical mechanisms.
A method based on radio frequency identification tech-
nology is proposed for navigating mobile robots in [19].
An optoacoustic positioning scheme that utilizes inertial
and distance measurements is developed for automated
monitoring of complex manual assembly operations
in [20]. It employs a particle filter that fuses inertial
navigation measurements with unilateral distances mea-
surements to space-fixed receiving devices. An artificial
neural network approach is proposed to fuse differential
and uncompensated measurements from global position
and inertial-navigation devices respectively in [21]. This
approach avoided using Kalman filtering in order to
integrate the inertial navigation and global position
systems. Adaptive robust tracking control approach that
uses a continuous model based estimator is employed to
control a flexible air-breathing hypersonic vehicle in [22].
It employs a type-2 Fuzzy structure to approximate the
unknown model dynamics and the stability features are
validated using a Lyapunov theorem. A comprehensive
test-bed that utilizes multi-camera for operations which
involve control and 3D tracking tasks of unmanned aerial
vehicles is developed in [23]. The embedded naviga-
tion approach relies on a Proportional-Derivative (PD)
control structure that receives navigation information
form multi-camera system. The test-bed allowed real-
time computations at 100 Hz using cameras with field
programmable gate array (FPGA) modules where the
embedded software is able to perform motion control
and image processing. A vision-based tracking approach
that uses particle swarm optimization and fuzzy logic
scheme is developed to navigate an autonomous mobile
robot in [24]. The fuzzy tracking system is designed
using a Lyapunov framework and it benefits global search
capabilities of the particle swarm optimization technique.
An approach based on interval analysis is developed to
solve the localization problem of a mobile robot using
ultrasonic sensors in [25]. This approach manages the
issues arising from data-associate step noticed within the
classical localization problems using Kalman filtering.

Dynamic Programming (DP) solution techniques are
employed to solve different control problems [4], [26],
[27]. However, these frameworks degrade due to the
curse of dimensionality associated with the state-action
domains [26], [27]. Approximate Dynamic Programming
(ADP) relaxed the manner at which dynamic program-
ming problems are solved using heuristic platforms [26],
[28]. These solution forms are meant to provide compu-
tational platforms to solve the control problems using
temporal difference structures [29]-[31]. The control

problems are solved by optimizing the performance of
the underlying dynamical systems using objective cost
functions. Hence, the solutions for the underlying Bell-
man optimality or Hamilton-Jacobi-Bellman equations
lead to solutions for the optimal control problems [4],
[32], [33]. These optimal forms vary in structure, as they
depend either on Bellman or Hamiltonian structures,
allowing different temporal difference solution forms [34],
[35]. These solutions become more complicated in case
of coupled hierarchical control systems or multi-agent
structures [30], [36]. This is due to the existence of
coupled temporal difference formulations. The ADP
problems are solved using a dynamic learning environ-
ment known as Reinforcement Learning (RL) [26], [37]-
[39]. In this process, the strategies taken by the agent
are either rewarded or penalized based on their value-
assessments using a utility or an objective cost function.
The policy-value assessment mechanism is repeated until
the best strategy is found.

Reinforcement learning solutions are implemented us-
ing two-step mechanisms known as value iteration and
policy iteration [26], [37]. The first step solves the tem-
poral difference equation, while the second approximates
the optimal control policy [34], [35]. In value iteration,
the solving value function is evaluated and then the
best strategy is extracted. While in policy iteration, a
strategy is evaluated in the first step then a policy im-
provement step is introduced [26]. The adaptive learning
solutions are developed for multi-agent systems where
the communications between the nodes are accomplished
using graph structures in [30], [35], [40], [41]. These
solution forms were able to solve coupled temporal
difference equations in real-time using only neighborhood
information. Adaptive critics are used as neural network
approximation tools to implement these solutions for
single- and multi-agent control problems [37], [38], [42],
[43]. Each adaptive critics scheme involves two approxi-
mating neural networks; the actor network approximates
the optimal control strategy while the critic network
approximates the solving value function. A cell-mapping
approach based on a reinforcement learning technique
is developed for robot motion planning in [44]. The
learning mechanism does not employ a dynamical model
for the robot as it builds experience-knowledge about
the dynamical environment and robots dynamics. It
employs a transformation based on cell-to-cell transitions
in order to reduce time used to build experience about
the dynamical environment.

The proposed work advances initial research investi-
gations aimed to design intelligent flight controllers for
flexible-wing aircraft using a linear actuation mechanism
and machine learning process [45]. However, this de-
velopment relied on a geometric model of the aircraft
and the control strategies are mapped to actuation
lengths. Herein, an experimental mock-up system that
is composed of servo actuation winch motors acting
on the mast and wing of a flexible-wing aircraft are
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employed to achieve autonomous maneuvers. In [45], the
desired strategies are only evaluated in terms of the
tracking error signals, while the proposed mechanism
finds control decisions based on tracking error signals,
their dynamics, and the dynamical measures of the key
orientation parameters to support the overall stability of
the aircraft. Finally in contrast to [45], this work provides
a flexible and innovative model-free guided search learn-
ing process based on a real-time value iteration scheme.
The machine learning search method opens the door to
reflect the designer considerations, regarding data driven
structures, in the architecture of the learning process.

The contributions of this work are four-fold. First,
an innovative experimental platform is developed for
autonomous control of flexible-wing aircraft. This is
known to be a complicated task which was not re-
alized using online model-free control systems before
introducing this work. Second, a new machine learning
process is proposed. It uses real-time measurements and
it conditions the optimization objectives in order to
guide the search for the best control strategies in an
online fashion with high success rate. Third, it provides
ideas related to the online solutions of the optimal
tracking control problems, which are solved basically
in an offline fashion. This approach does not employ
any model-dependent control strategies and it is easily
integrated into an off-the-shelf computing unit, such as
a Raspberry Pi. Finally, the research presented herein
provides a flexible framework that can be generalized for
controlling complex nonlinear dynamical systems of the
same class as flexible-wing aircraft.

The remaining sections of the paper are arranged as
follows. The operation of flexible-wing aircraft is briefly
highlighted in Section II. The measurement scheme
and the adopted real-time sensory devices are detailed
in Section III. The different control and optimization
objectives are presented in Section IV. This is followed
by the development of the machine learning process and
its adaptive critics implementation in Section V. The
digital experimental results are analyzed in Section VI
in order to evaluate the validity of the proposed control
setup. Finally, conclusions are drawn in Section VII.

II. Operation of Flexible-wing Aircraft

In this section, the basic kinematic relationships con-
cerned with pitch motion control of the flexible-wing
aircraft are detailed out. The two-mass system (i.e., wing
and fuselage) attaches the two bodies by a hang block, a
joint that connects the mast of the fuselage and the keel
tube of the wing at a common point known as the hang
point. The hang block is a mechanical joint which allows
for two degrees of motion relative to each body. The wing
system may roll freely about the longitudinal axis of the
keel tube, while the keel bar may pitch about the axis
which is perpendicular to both the mast and keel tubes.
During manned flight, the pilot who is positioned within
the fuselage, modifies the wings orientation with respect

to the fuselage by manipulating the control bar that is
rigidly attached to the wing. To modify the vehicle’s
orientation, the pilot applies a force to the control bar
to shift the wing with respect to the fuselage. By the
principle of weight shift, this in turn modifies the lift
profile of the wing, resulting in a new wing orientation
with respect to the fuselage.

The work presented in this paper is a first phase
of a long-term project aiming at devising a model-free
control algorithm for a commercial flexible-wing cargo
aircraft. The first phase focuses on controlling the wing’s
orientation with respect to the fuselage when the aircraft
is either stalled on the ground or is in a taxi mode on
the runway. To this end, an experimental mock-up is set
up to emulate the relative actuation mechanism between
the wing and fuselage. The weight-shift kinematics of this
mechanism is schematically depicted in Figure 1. A pair
of servomotor winches are mounted at point M on the
mast, and connected to points K and K’ on the keel
tube. The orientation of the wing with respect to the
fuselage is represented by the pair of rotation angles, 6
and ¢ corresponding to pitch and roll of the wing. It is
important to note that the wing does not rotate along
the yaw axis, represented by %, as it is constrained by
the hang point on that axis. The set point of the control
bar corresponds to the resting orientation of the wing in
stable steady altitude and steady speed flight. Pull-only
forces applied to the wing by the winch servomotors are
represented by the pair of position vectors frore and fo 4,
and act in the free motion axis of pitch perpendicular
to the keel tube with unknown angles proportional to
/KK'M and ZK'KM, respectively. For this work, it
is assumed that the wing control in the pitch axis
is sufficiently decoupled from the roll axis, such that
the servomotor winch actions due to their geometric
configuration do not induce the roll motion of the wing.

ore

Fuselage

Fig. 1: Schematic of weight shift kinematics of flexible-
wing aircraft with two servo winches acting on wing to
affect pitch.
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Fig. 2: Experimental mock-up used to emulate the
motion of the fuselage about the wing in ground test.
Note that the wing-mast system is oriented upside down;
i.e., the top surface of the middle bar, representing the
wing, is facing the floor, while the mast likewise sits
above it. The figure also shows the Navio2+Raspi IMU
and controller, servomotor winches, and hangblock.

III. Inmstrumentation and Measurement Platform

The experimental mock-up emulating the relative
motion between the fuselage and the wing is shown
in Figure 2. A block diagram of how the system’s
interconnected blocks are interfaced is revealed in Fig-
ure 3. Efforts were made to ensure each hardware device
and supporting software is either open-source or has
publicly available documentation. An Emlid Navio2 [46]
board attached to a Raspberry Pi 3 [47] is selected as
the controller’s computational unit due its relatively
convenient and easy user setup and prevalence as a
hardware of choice for open-source flight controller
platforms, such as ArduPilot [48] and ROS [49]. Navio2
provides redundant wing orientation estimates through
the combination of sensor readings from either the main
on-board InvenSense MPU-9250 9-Degree-of-Freedom
(DOF) Inertial Measurement Unit (IMU) [50] or the
secondary Microelectronics LSM9DS1 9 DOF IMU [51],
as well as global positioning system (GPS). Each IMU
has a three-axis magnetometer, three-axis gyroscope, and
three-axis accelerometer. The IMU signals are filtered by
a programmable digital low pass filter, which is then fed
to a portable mini-computer (Raspberry Pi 3 model B).
The unit has a 1.2GHz 64-bit quad-core ARMv8 CPU,
1GB of RAM and a Cortex-M3 co-processor.

Angular position measurements of the wing orien-
tation were sampled at 20Hz, a rate far below the
maximum of 8 kHz supported by the dual IMUs. The
total root mean square (RMS) noise of the MPU-9250
used for inertial measurement feedback is provided to
be 0.1°/s. The measurements data are filtered by a low-
pass filter with a cut-off frequency of 250 Hz. The control
of the platform was actuated by two Dynamixel XM-
430 servomotors [52]. The servomotors receive current
input commands at a rate of 20 Hz from the controller

embedded within the Raspberry Pi 3. In reference to
Figure 2, the system is arranged as if the aircraft wing
was upside down, where the hangblock and wing are
closest to the ground, and the mast sits above it. This
setup was chosen for its convenience but it should have
no effect on the validity of the experimental results. The
mock-up allows for the mast to move relative to the wing.
The servomotor winches are rigidly attached to the wing
keel, and the attachment points are at opposite points
along the mast. The results presented in Section VI are
captured from experiments with this mock-up system
where two servomotors are mounted directly to the wing.
Desired reference position commands are programmed
prior to the experiments. The learning algorithm decides
the best control policy using IMU observations, in
real time, and transmits current signals, based torque
commands, to the servomotors to track the reference
signal.

IV. The Control and Optimization Problem

In the following section, ideas behind the online
machine learning process are first developed. Thereafter,
the governing Bellman or temporal difference equations
are derived. Further, this section discusses how the
different control tasks (i.e., tracking and stabilization)
are coordinated simultaneously in real-time.

A. Optimal Control Structure

Due to the aircraft’s complex nonlinear dynamics, it
is necessary to avoid building a control or computational
approach that relies explicitly on existence of an aero-
dynamic model. As such, any control solution would
better be based on robust model-free computational
mechanisms.

The wing’s pitch control mechanism is realized us-
ing two interacting control objectives. The first looks
for a control strategy that receives real-time tracking
error signals, arranged using pre-designed criteria, and
provides a control signal that minimizes the tracking
error. The second searches for an auxiliary control policy
that supports the stability of the overall system during
the maneuvers. The full autonomous control system is
schematically represented in Figure 4. These control
objectives are integrated together and implemented using
a guided search algorithm that is developed herein based
on an innovative machine learning process (as shall be
discussed later).

The structure of the tracking error vector E, €
R reflects the design objectives corresponding to the
tracking control strategy mg which in turn decides the
tracking control signal u;” € R™. The error vector Ey
relies on various dynamic forms of the tracking error
signals e, (£ is a time-index). On another side, the
stabilizing control policy mx maps the observable key
measurements in vector Xy € R" to a state feedback
control signal u;* € R® in order to support the system’s
stability during the navigation process. The overall
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Fig. 4: Feedback control loop.

control ul’ € Rmax{s:m} which is applied to the actuation
system, results from combining the dynamical effects
from both control policies (i.e., 7 and 7x ). The control
signals ™, 4%, and hence u’’, are the actuation signals
responsible to move the control bar of the flexible-wing
aircraft. It is worth to note that in order to generalize
the proposed approach, the control signals ©™® and u™~
could have different vector sizes and the total control
signal uf sums the dynamical effects of the matched
actuation signals in both control laws. In this work, the
control signals which are fed to the actuation systems are
scalars. This simplifies the form of the collective control
signal u”.

Performance indices J™E(E,) and J™ (X,) are used
to asses the usefulness of the attempted policies 7 and
T, respectively, so that

J(Ey) = Y CP(E;,u®)
i=/

TX(Xy) = > CN(X,ulY), (1)
=

where CF and CX are cost functions associated with the
performance indices J™Z(Ey) and J™X (X,), respectively.
They are given by

CP(Bp,uf®) = 5 (Ef Q° B+ uf* " RF uj*)

1
2
C¥ (X, up¥) = (XL;T QY Xy +ujx" RX u?x) ,

N

where QF € R°%°, RF ¢ R™*™ QX ¢ R™*" and RX ¢
R**% > 0 are symmetric positive definite weighting
matrices.

The objective functions C¥ and CX have convex forms
and quadratic dependencies on the different policies
and real-time measurements. These forms motivate and
enable Lyapunov stability proofs for the underlying
temporal difference solutions [31], [53].

Remark 1: The design of the optimization problem
could variate from the one that is considered herein. This
is decided by the designer which judges the different
segments of the optimization problem and how they
are hierarchically organized. In this development, it
depends on the way key measurements are allowed and
collected for the control design and on the dynamics
which the controller needs to consider or regulate during
the navigation process.

B. Mathematical Solution Framework

The control solution developed herein maps the op-
timization objectives mentioned above into temporal
difference forms using a discrete-time optimal control
framework [4]. Quadratic forms of solving value functions
V7™e(E,) and V™ (X,) are advised to evaluate the
quality of the computed control strategies. They are
motivated based on the structures of the indices J™= (E))
and J™X (X/) and the associated cost functions C¥ and
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C™X, respectively, such that

1
V™E(Ey) = §E} SPE, = J(E)

V™ (X,) = %XZT SXX, = J*(X,),
where S € R°*° and SX € R™*™ are solution matrices.
They play a major role in the guided search policies
found using the online adaptive learning process.

The matrices S¥ and S¥ are computed using a
temporal difference solution framework in real-time, and
hence are relevant to the choice of the best policies
mp and 7Ty, respectively, using the interactive learning
process.

The value functions V™ and V7X are utilized to
form Bellman equations (temporal difference solution
structures) for the underlying control mechanism, such
that

V™E(Ey) = CE(Bp,uj®) + V™5 (Egy1)
V™ (X) = CF (X, up™) + V™ (Xpy1)- 2)

These Bellman equations indicate that two interacting
optimization processes are solved simultaneously, where
it is required to drive the tracking error E to zero and,
at the same time, optimize the dynamics X along the
navigation trajectories. Further, Bellman equations (2)
enable the integration between two environments. The
first is related to solving the navigation control prob-
lem, while the second enables an approximate dynamic
programming solution (i.e., machine learning solution)
for the problem. The online adaptive learning control
process starts with an initial control strategy for each
control decision and then the learning process, employing
the above Bellman equations, directs the control strate-
gies (i.e., learn better control decisions) using a value
iteration process which is guaranteed to converge.
Herein, the error vector E, is structured as follows:

T
Ei=le; er1 €or €1 €or Ser—1)

where e,; and e,_1 are error derivatives, with respect
to time, evaluated at time ¢ and £ — 1, respectively. egy
and sgr—1 are the moving averages calculated as egy =

1
1
N Z e; and egp_1 = N Z e;, respectively.
i=(—N i=0—N—1

The way the error vector Ey is calculated, combines
many sub-objectives which are optimized together. It
minimizes the local tracking error e, while considering
its previous instance e;_;. Further, it smoothens the
control decision by looking backward in-time to include
error derivatives evaluated at time instances ¢ and
¢ —1, as well as evaluating average of the errors across
longer time-intervals N. It is worth to mention that
the vector formulation E, enables more advanced forms
of equivalent discrete Proportional-Integral-Derivative
(PID) structures (i.e., dependence on ey, e,_1, and ey_so)
or even considers higher-order derivatives and integral

equivalents (i.e., dependence on e, e;_1,€s-9,..., and
€o— N).

The solution of the optimal tracking problem relies on
solving a number of differential equations, a subgroup of
which is solved offline and at the same time they do not
allow dynamical forms of the error signals. Herein, the
formulation of the adaptive learning mechanism allows
for an online solution as well as using a variety of tracking
error dynamical forms.

The experimental setup, described in Section III,
provides measurements related to the aerodynamic ori-
entation of the wing. This made it convenient to choose
the states X, as

X[ = [9[ 91)( HaE]T 5
where 6;,0,¢, and 6,0 are the pitch attitude, pitch
velocity, and pitch acceleration, respectively.

The desired control policies wp and 7x are linear
feedback polices which are used to decide on the different
control signals, such that

u?E :ﬂ'EEg, ’U,ZX :ﬂxXg, (3)

Next, we will explain how to compute the real-time
negative feedback control strategies wg and wx.

V. Machine Learning Platform

The online computational machine learning framework
is driven by the design of the control problem. First,
we will present a computational platform based on an
innovative value iteration implementation for an online
reinforcement learning solution. Then, adaptive critics
are employed to provide neural network implementation
for the approximate dynamic programming solution.

A. Guided Search Process

The policies g and wx are guided toward the
intended optimization objectives stated by the designer
as follows:

ovV™e(E V™ (X,
o PE ( 3 ) X ( 4)7 ( 4)
oE, 0X,

where PF ¢ R™*° and P¥ ¢ R**" are guiding
search vectors which carry the intentions and dynamic
preferences of the control mechanism designer.

The vectors P and P¥ contain selective dynamic forms
(i.e., introduced by the designer to reflect their objectives
regarding the entries in vectors E and X) as will be
highlighted in the experimental analysis. This in turn
promotes flexibility for a new class of online learning
processes with guided search features.

u"F =

, uwX=-P

The control polices wp = —PFSF and nx =
X aX /s . . aVﬂ—E(E[)
—P+* 8% (ie., these associated with —E and
1
V™ (Xy)

X ) are applied in real-time using a value it-
¢
eration process as will be explained next.
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B. Value Iteration Algorithm

An online reinforcement learning solution is developed
using the aforementioned Bellman equations (2). The so-
lution is realized using a two-step value iteration process.
The first updates the solving value functions (i.e., S¥
and S%) using (2) while the second extracts the new or
improved policies (i.e., g and mwx). The online value
iteration process is detailed out in Algorithm 1. Bellman
equations provide the temporal difference platform nec-
essary to guide the online learning process beyond the
initially selected polices 7% and 7%. Note that, unlike
policy iteration paradigms, these initial policies do not
need to be admissible. Hence, the intentionally guided
policies are improved along the trajectory of the aircraft.

Remark 2: Value iteration processes are proven to
converge in general for single and multi-agent systems
based on Lyapunov stability approaches if the underlying
systems are stabilizable [30], [53], [54]. This is mainly due
to the properties of convex objective cost functions (i.e.,
CF and C¥ in this work) and consequently Bellman
solution forms (i.e., (2)). Hence, the value functions
evolve in a bounded manner, such that

0<VmEO(E,) <V™W(E,) < ...
Vet (By) < - S VTER(Ey),

0<VmO(X,) <V(Xy) <o <
Vrx®(X,) < - < VEO(X), (5)

IN

where the value functions V™) and V™) are the
optimal response solutions for Bellman equations (2). In
other words, the tracking error and motion dynamics are
stable if the aircraft system is controllable.

The online value iteration learning process guides
the solving value functions toward the best values
Ve (Ey) and V™x*)(X,), and hence best guided
policies 7}, and 7.

C. Adaptive Critics Implementation

Adaptive critics are employed as neural network ap-
proximation tools for the introduced online reinforcement
learning solution [37]. The adaptive critics scheme is
implemented using means of neural network structures,
namely actor-critic networks, for each optimization con-
trol process. They provide guided search solutions for
the underlying Bellman equations. The critic and actor
structures approximate the solving value functions and
the associated policies in an interactive manner implic-
itly during the iterative update of underlying Bellman
equations. The actor network reflects the improvements
in the guided control strategy while its quality is approx-
imated by the critic network. The weights of the actor-
critic structures are adapted using a gradient decedent
approach motivated by the linear forms of the control
policies.

The value functions V7 and V7X (i.e., the critic

structures) are approximated so that
N 1 N 1
VTE(Ey) = 5E{ QEE, V™ (X,) = in QX X,,

where QF € R°%° and QX € R™ " are the critic
approximation weights of the value functions V"E(Eg)
and V7™X (X,), respectively. The critic network forms are
motivated by the structures of the value functions V7™#
and V7X respectively.

In a similar fashion, the guided search polices (i.e., the
actor structures) are approximated so that

~ T E T X
'U,ZE :ﬂa Eb u[X ZQa Xb

where QF € R™*° and QF € R**™ are the actor
approximation weights of the policies 7w and wx,
respectively.
The different approximation weights are updated using
a gradient descent approach that applies a minimization
criteria on the squared approximation errors. The ap-
proximation errors of the critic networks have squared
forms, so that
E Lo T, 2
efr =5 (Ve (B - VT (BY)
1 /. . 2
X =5 (V7 (x) - VN (X)) (6)
where the target values VZE(E,) and VIX(X,) are
calculated using

VTe(E)) = CE(Ey, a]") + V7™ (Eeta)
VIX(X,) = CN (X, a7%) + V™ (Xp41)-

The critic weights are adapted according to a gradient
descent rule such that

®)
QE+H) _ QB®) _ B del
c c c 8QCE‘
85Xg (t)
QX(t+l) _ QX(t) _ X c
c c aC 895{ ? (7)
where 0 < of,aX < 1 are critic networks learning
tes, 252 (V7= (B) - VT (E.)) B E} o=t
rates, = v) — 14 ¢ s =
o0r ¢ Hax

(V”X (X,) — VTx (Xg)) X, X[, and t refers to the iter-
ation update index.

Similarly, the squared approximation errors for the
actor networks are defined by

1 /. N 2 1 /. R 2
85‘{ — 5 (u;l'E 7uz—‘E) , EX[, —— (UZX *UZX) ,

where the target values 'FLZE and ﬁ[TX are calculated as
follows

a," =-PPQFE, 4/ =-PXQXX,
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Using gradient descent, the actor network weights are
adapted according to the following rule

E(t+1 E(t [ O “
a
9eX (®)
axen—axo-af Bl
a
where 0 < Of; ,aX < 1 are actor networks learn-
ing rates Oey” (ﬁ"E ﬁTE) El, and Oeyt
i , e = - , =
oQF ‘ e 00X

aj¥ —alx) X7F.

A full schematic diagram of the adaptive critics process
is shown in Figure 5 for the combined control problem
in hand. The different actor and critic weights are
updated simultaneously in real-time following the scope
of Algorithm 1.

Algorithm 1: Online Value Iteration Process.

Input: Desired trajectory 64¢5ir¢?  weighting
matrices QF, R®, Q¥, and RX, guiding
search vectors PF and PX | tracking error
evaluation interval N.

Output: Policies g, wx, and tracking error ey,

for £=0,1,...
1 begin
2 £=0,t=0 /* time and strategy indices */
3 Initialize solving matrices S0} and §X10}

/* Positive definite */ and hence initial
policies 7% and w% and tracking errors

interval ey_1,...,ep_N_1
4 Measure 6y, 6,¢,0,0 and then calculate the
CITOIS €, €¢—1, €u¢, Cvl—1, €sl) Csl—1
5 repeat/* Training/Search loop */
6 Compute the different control signals
u™® and u™x® using (4)
7 Measure 6gi1,0p0+1,0q0+1 and then

calculate the errors
€e+1, €4, Eul+1, Euls €st41, Est

8 Evaluate the solving value functions
Vre(t+l) (Eeg =
CE(Epul® V) + Ve (B, )
VX (t+1)(X22 =
CX (X g, uf* My + VX (X 44).
9 Extract the improved control policies
npttl = —PEGE+) g b+l
_pX SX(t+1),
10 ¢+ (+1 /* Update real-time index */
11 t <t + 1/* Update policy index */
12 until Satisfactory trajectory-tracking

performance (i.e., acceptable tracking error).

D. Complexity of the Learning Mechanism

Algorithm 1 provides multiple merits concerning the
complexity and scalability of the navigation or tracking

Performance
Evaluation

J*E

Performance
Evaluation

™

Flexible Wing Aircraft

Fig. 5: Adaptive critics structure.

problems. First, the learning process can be conditioned
for any number of tracking signals simultaneously (i.e.,
for a large tracking or navigation process that contains
many tracking objectives, that would be easy to imple-
ment compared to solving a high number of differential
equations in an offline mode). Second, the tracking error
signals could involve many dynamical forms (i.e., moving
velocity, acceleration, moving average, etc) which were
not possible or easy-to-implement before. Third, this
scheme allows for coupled optimized dynamical pro-
cesses (i.e., possible optimization of multiple coupled and
interactive dynamical objectives for multiple problems
without the need to independently solve each problem).
Finally, the arrangement of Bellman equations enables
simple and straightforward adaptive critics solution,
since the control strategies hold linear forms.

VI. Experimental Results

The online model-free adaptive learning mechanism
is validated in a real-time environment using a two-
servomotor pitch actuation system. The system gener-
ates servomotor pull actions dependent on the current-
measured pitch position and the desired trajectory steer-
ing the wing. For the sake of experiments presented
below, the trajectory reference is chosen to be sinusoidal
(i.e., continuous pitch up/down commands).

A. Learning Environment

The learning parameters of the system are selected in
order to reflect the physical constraints of the measured
dynamical parameters and also encode the control design
preferences that prioritize the desired system response.
The weighting matrices capture the physical limitations
of the dynamical parameters (i.e., the states 0y, 6,,¢, 04z, €0
and the actuation control signal u’). They are chosen
as R =1077, RX =10
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Vectors PZ and PX for the guided search policies 7% and
7% are selected so that P = [200 50 10 5 10 5]
and PX = [10 10 5]. The vector PP assigns more
weight to minimizing the recently measured tracking
errors ey and ey_1, as opposed to the error velocity
terms e,p and eyp—1, to smooth down the nonlinearity
transitions. Furthermore, the influences of the moving
average tracking errors ez and eg—; on the overall
performance are weighted similarly to those of the error
velocities. The vector P¥ reflects the gradual dynamic
importance of the pitch attitude 6, and the pitch velocity
fye over the angular acceleration 6,,. The actor and
critic learning rates are selected to be small enough in
order to match the actor and critic adjustments in a
smooth manner. They are set to o? = 0.01, aX = 0.01,
af = 001, and o = 0.05. The desired navigation
trajectory is an independent sinusoidal reference signal
that takes the form §d¢*""ed = 20 sin(0.132 7 £) deg.

B. Test Scenarios

The adaptive learning controller is validated using
three test scenarios. In the first scenario, the system is
tested under nominal circumstances where no external
disturbance is applied on the system. The dynamic
performance of the proposed adaptive learning controller
is shown in Figure 6. This experiment reveals that,
the learning algorithm successfully converges to a stable
control policy which prescribes correct servomotor pull-
forces for the observed system state (i.e., pitch attitude).
The absolute average tracking error over the test period
is found to be 0.45 deg. It is worth noticing that the
convergence behavior of the proposed control mechanism
is not affected by the occasional sudden erroneous
readings in the feedback measurements, as revealed at
around time instants 80s and 123s in Figure 6a. Such
measurement errors are due to some imperfections in
the sensing units which could not be overcame by
the adopted low-pass filter. The convergence of the
adaptive learning approach is clear in Figure 7, where the
actor and critic weights converge throughout the online
learning process. The overall normalized forces generated
by the servomotors are shown in Figure 6b. Finally, the
convergence of the value iteration approach, as described
in Section V, is highlighted in Figure 8. It is shown that,
despite the sensor reading spikes, a general bounded non-
decreasing convergence pattern is observed, as expected
for the underlying value iteration process.

The second scenario is set up to demonstrate the
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Normalized force units

80 90

100 110 120 130
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Fig. 6: Control performance during online learning pro-
cess: (a) measured vs. desired pitch attitude, (b) acting
forces on the wing’s keel, frore and fors.

ability of the controller to reject sudden external and
forced disturbances. The test case is a repetition of
the first, except that this time, a sudden disturbance
was applied at around 120s for about 10s by violently
jerking the control bar around the pitch and roll axes to
stimulate the effects of wind gusts on the wing during
the flight. The tracking performance of the proposed
controller is demonstrated in Figure 9a. The controller
is started with converged control gains from a previous
learning episode. As such, minimal changes in the critic
weights are witnessed, as shown by the critic weights
evolution in Figure 10. During disturbance, the critic
reacts appropriately to generate large abrupt motor
torques to counteract the induced perturbations, as
shown in Figure 9b. Once the dynamics are back to their
nominal conditions, after that the disturbance subsided,
the controller successfully resumes the tracking of the
commanded pitch.

The goal of the third experiment is to show that once
the controllers converge to some optimal strategies 77,
and 7%, the actor’s learning mechanism can be turned
off without degrading the control performance. By doing
so, the controller is made to operate with static control
gains. For this test case, the adopted static control poli-
cies applied are those converged from a prior experiment.
The controller’s performance is illustrated in Figure 11.
The absolute average tracking error over the test period
is found to be 0.94 deg. This result emphasizes that the
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Fig. 8: Evolution of the policy evaluation metric.

converged strategies from static “actor-only” controllers
previously derived from the adaptive learning mechanism
remain valid during the trajectory tracking process.
Notice how this experiment also witnessed two abrupt
spikes in the sensor measurements.

Unlike classical Q-leaning processes which employ
multiple offline training episodes before settling on suit-
able control strategies, herein the proposed approach
showed successful outcomes following a single real-time
learning episode as shown in Figures 6a, 9a. Additionally,
the learning process exhibits capability to handle large
mechanical systems. This explains the superior features
of the proposed approach to follow desired trajectory
reaching bounded error when some converged polices are
utilized to run the system as shown in Figure 11a. The

maximum observed absolute average tracking error was
confined to under 1 deg for such mechanical actuation
system (without overlooking the sensory error biasing).

When experimenting with real systems (as opposed to
simulation), it is typical to notice differences between the
reference and the actual signals. The differences may be
due to several reasons, including noise, delay caused by
digital filters, and backlashes. In this particular work,
the differences also come from the coupling between
the roll and pitch motions. The two were assumed to
be decoupled in the first-order linear approximation of
the system. However, in a real system, such as the
one we adopted, they are never completely decoupled.
Nevertheless, it is clear from the figures that the lag
between the reference and the actual signals is bounded
within an acceptable margin.

Remark 3: As explained earlier, the stability of the
value iteration solution was investigated and proved,
provided that the system under consideration is stabi-
lizable and convex objective cost function is adopted.
Figures 6a, 9a, and 11a emphasize the bounded stability
features and the ability of the online learning mechanism
to retrieve stability under significant mechanical distur-
bances, noise, and false readings. These figures show that
the tracking errors are bounded and non-increasing. This
is reassured by examining the actuation input signals
shown in Figures 6b, 9b, and 11b.

191



Pitch (deg)

fffff Measured attitude

Desired trajectory

10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180
Time (s)

4 4 4
S > 3
T T T

Normalized force units

[
T

Fig. 9:
verged

bances:

10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180
Time (s)

(b)
Control performance while learning with a con-
controller in the presence of mechanical distur-
(a) measured vs. desired pitch attitude, (b)

acting forces on the wing’s keel, frore and fo .

4
%

o
o

Normalized weights
=

S
[

L T P T

10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180

Time (s)

Normalized weights
o o 4
- o oo

T T T

153
o
T

0
0

10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180
Time (s)

(b)

Fig. 10: Variations in critic weights in the face of me-
chanical disturbances: (a) tracking unit, (b) stabilizing

unit.
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VII. Conclusion

The challenging autonomous navigation of flexible-
wing aircraft is solved by integrating analytical and
computational solution platforms into an extensible
experimental instrumentation and actuation incubator.
The feedback loop receives the inertial measurements
from standard measurement package Navio2 mounted
on the wing system of an aircraft and decides, in real-
time, on the best control strategies without acquiring any
prior knowledge on the system’s dynamical model. This
enabled the integration of a powerful model-free control
unit with a flexible and affordable measuring circuitry
without over-complicating the sensory structures for
such type of systems. The quality of the resultant
systems depends mostly on the design of the model-
free learning process rather than the precision of the
sensors. This could be faced if a different model-based
strategy is followed or even complicated augmented
control structures are considered for this type of aircraft.
This in turn, opens the door to generalize this approach
for problems with similar interests. On another side,
an online guided search mechanism based on a value
iteration process is introduced where the learning process
decides on the real-time control strategies based on
the dynamic selection of the goals of the optimization
problem. The experimental results coincided with the
stated objectives, where the wing is subjected to severe
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disturbances without destabilizing the system.
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Abstract—Weight-shift control (WSC) microlights are a class
of aircraft that maneuver by manipulating a mass attached to de-
forming flexible wings, which are favoured by many recreational
pilots due to their simple mechanical structure, superior low-
speed maneuverability, positive aerodynamic stability, and capa-
bility to operate on rugged terrains with minimal infrastructure
requirements for take-off and landing. However, the dependency
on human-powered control restricts their effective payload and
mission scope. Here, we present an uncrewed weight-shift control
(uWSC) aircraft simulator model developed within the open-
source robotics simulator Gazebo. The aim of the model is to spur
further study of weight-shift aircraft as a new class of uncrewed
aerial systems. The model’s physical properties are based upon
an uncrewed electrically powered hang-glider prototype. The
longitudinal and lateral positive static aerodynamic stability of
the flexible hang-glider wing is approximated by a rigid wing
consisting of multiple joined sections. The performance of the
uWSC aircraft model is benchmarked against data captured from
real weight-shift aircraft flight tests. Results indicate that the
simulator model provides a suitable approximation of real weight-
shift aircraft flight. The simulator’s capabilities in emulating
weight-shift control mechanisms in flight is indicative of its utility
in bridging higher-level flight controller design with lower-level
weight-shift control dynamics, opening new directions towards
the autonomous and semi-autonomous operations of uWSC by
allowing quick testing for design and prototype innovation and
improvement.

Index Terms—uncrewed aircraft, weight-shift control, flight
simulator, flight data

I. INTRODUCTION

Weight-shift control (WSC) microlights are a class of
aircraft that maneuver by manipulating a mass attached to
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deforming flexible wings [1]. Many recreational pilots favour
WSC aircraft due to their simplistic mechanical structure, su-
perior low-speed maneuverability, positive aerodynamic stabil-
ity, and capability to operate on rugged terrains with minimal
infrastructure requirements for take-off and landing [2], [3].
However, the need for human-powered control restricts their
effective payload and mission scope. As a result, WSC aircraft
are primarily used for recreation by enthusiast pilots, with
limited industrial applications. This niche market has resulted
in a lack of significant engineering development focus on
these aircraft. New prototype aircraft designs developed by
Romaeris Corporation integrate robotic piloting systems to
enable uncrewed weight-shift control (uWSC), unlocking their
use as remotely piloted aircraft systems [4]-[6]. The uWSC
aircraft simulator model introduced in this work approximates
the dynamics of the Romaeris prototype aircraft that it is based
upon. Figure 1 presents a capture from simulation of the model
performing a simulated flight. The primary intent of this open-
source contribution is to provide a critical simulation tool to
support further study of uWSC aircraft control systems.

The development of automatic flight control for weight-shift
aircraft is nascent. While there is some research on modelling
the dynamics of this class of systems, it remains limited
and specialized. Accurate dynamic models are challenging to
develop as the aircraft have highly nonlinear dynamics due
to the flexible wing’s airfoil deformation, as well as two-
body weight-shift relationship that is inherent to their flight
control [7]. Flexible wing weight-shift control aircraft trace
their routes to engineering designs developed by Rogallo, with
the original intended application of recovering space vehicles
after atmospheric entry [8]. As they became adopted for sport
flying, all following design evolution of hang-gliders was
done on a trial and error basis, absent of typical scientific
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Fig. 1. Capture from Gazebo simulator of the uWSC aircraft model per-
forming a starboard side banking turn. The hung mass under the wing is
responsible for attitude adjustments via weight-shifting control.

rigour, resulting in poorly understood stability properties and
high accident rates [9], [10]. The earliest comprehensive
aerodynamic models were developed by using data from flying
rigs attached to ground vehicles to produce conditions for
experiments, resulting in aeroelastic and aerodynamic models
for the wing that identified their stability properties [11], [12].
In the early 1980’s, Kilkenny embarked upon her program
to ascertain the aerodynamic properties for hang-glider wings
with experimental investigations using full-scale wind-tunnel
experiments, resulting in an experimentally validated model
for the longitudinal dynamics of the hang-glider [10], [13]-
[15]. Near the same time, preliminary longitudinal and lateral
dynamic models of hang-glider wings were developed by de
Matteis et al. that assume a rigid wing while neglecting the
velocity dependence of the deforming airfoil shape [16], [17].
These models were experimentally confirmed recently with
scaled wind-tunnel test performed by Khaddage [18]. Cook
advanced the field by developing theory for the longitudinal
static stability of hang-gliders [19], [20]. These models were
further developed to describe nonlinear effects due to variable
wing camber, wing twist, and the impact of the weight-shift
effect of the suspended mass upon flight control and stability
[21], [22], culminating in a sophisticated flight dynamics
model of the hang-glider [23], [24].

The mathematical model developed by Cook et al. consists
of a system of nonlinear dynamic equations that describe all
kinetic phenomena of the hang-glider. The modelled dynamic
properties include the force and moment balances for inertial,
gravitational, and aerodynamic lift and drag, as well as the
trim equilibrium conditions. Small aerodynamic and pilot-
induced disturbances in the motion variables are represented
by a set of stability and control derivatives by techniques
that match those found in classical flight control textbook
treatments [25]. The most pertinent aspect presented in [24]
is the complicated treatment of an aerodynamic model for
the deforming flexible wing. The model replicates the main
aerodynamic features of the deforming airfoils. The modelled
flexibility features map deformation from wing luff, camber,
and twist to corresponding aerodynamic effects on lift, drag,
trim, and stability and control derivatives, all of which inform
the overall stability properties for the aircraft in response to

control inputs of the pilot. It is limited in that it is quasi-
static about equilibrium trim conditions and does not account
for non-steady aerodynamic conditions or attached hanging
mass’s weight-shift. Ochi built further upon the model for
use in dynamics simulation work by developing the equations
of motion for the two-body system where the hanging mass,
i.e. the hang-glider pilot, is considered and held in place
relative to the wing by a holonomic constraint that represents
the hang-strap [26], [27]. The equations of motion for the
two-body system are analytically obtained, and exploited to
develop a candidate system model for the human pilot control
input. Notably, Ochi concludes that although the analytically
derived nonlinear dynamic model is unstable, the addition of
the pilot control system in simulation stabilizes the aircraft.
Most recently, Abouheaf et al. validated the model developed
by Ochi, and designed data-driven adaptive control approaches
based on reinforcement learning that can pilot Ochi’s weight-
shift aircraft model [28]-[33].

Simulation tools present a valuable avenue for the testing
and refinement of weight-shift aircraft, building on the founda-
tion established by past modelling efforts. The combination of
virtual dynamics models acting within simulated environment
enables rapid validation of prototype systems without incurring
real experiment cost [34], [35]. Gazebo is a widely used
open-source simulation tool among roboticist for its com-
patibility with various robot systems and environments [36].
Common applications of Gazebo include autonomous wheeled
robots, stationary manipulators, and biomimetic locomotive
systems. [37]-[42]. Recent research efforts have equipped
Gazebo simulation with rudimentary models for fluid dynam-
ics phenomena to enable the study of water-borne and air-
borne drones. Hydrodynamic and hydrostatic effects have been
implemented for the study of uncrewed underwater vehicles
in [43], while the simulation of flying rotor-craft, fixed wing
airplanes, and airships are enabled by simplistic airfoil and
buoyancy models [44]-[49]. Pertinent to these efforts is the
implementation of hardware-in-the-loop and software-in-the-
loop architectures that allow for real-time experimental flight
controllers to be validated within simulation environments
[50]-[52]. The significant efforts undertaken in this area pro-
vide valuable technical insights that are leveraged to facilitate a
simulation methodology to support the development of weight-
shift aircraft flight controls.

To the best of the authors’ knowledge, the uWSC air-
craft model presented in this paper represents the first open-
source simulation model of a weight-shift control aircraft.
The remainder of the paper is organized as follows: The
dynamics model for the uWSC aircraft simulator model based
on the Romaeris prototype design is presented in Section II.
In Section III a set of benchmarks is defined to quantify flight
performance of the simulated WSC flight against a set of data
collected from real WSC aircraft flight test. Conclusions and
future work are summarized in Section IV.
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II. WEIGHT-SHIFT AIRCRAFT GAZEBO MODEL

The uWSC aircraft simulator model developed with the
Gazebo simulator is based on the Romaeris aircraft prototype
in Figure 2. The aircraft prototype consists of two primary
bodies: the wing structure which includes the landing gear, and
the weight-shifting mass that hangs beneath the wing which
includes the batteries, propellers and payload. The two bodies
are attached by a two-axis revolute joint on the wing keel
named the hang-block, allowing the shifting of hung mass
to produce attitude control by weight-shift adjustments. The
software-in-the-loop feature of ArduPlane is employed to sim-
ulate automatic flight control [51], [53]. Attitude adjustment
of the wing via fuselage weight-shifting is induced by direct
control of the hang-block joint angles.

Fig. 2. 3D computer-aided design model of the Romaeris uncrewed weight-
shift aircraft prototype.

The Gazebo model approximates the prototype aircraft’s
mechanical subsystems. Table I presents the Gazebo model’s
primary components’ mass, inertia, and relative center of mass
properties that were calculated from a 3D computer-aided
design model. The layout of the primary components are
visualized with RVIZ in Figure 3, and the corresponding tree
diagram visualization of the model’s link structure is presented
by Figure 4 [54].

The prototype aircraft is equipped with a Wills Wing Falcon
3 170 [55] that is rated for a maximum velocity of 77km/h
and a maximum takeoff load of 130kg. Expert weight-shift
pilots and aerodynamic modelling references are consulted
to derive a reasonable approach to approximate the wing’s
aerodynamic stability properties as a rigid component within
Gazebo [2], [18], [24], [49]. The approach taken to model
correct longitudinal dynamic stability features of the flexible
wing is summarized as follows:

« Wing tips have smaller angle of attack (AoA), while the
wing root has a larger AoA.

« Wing tips generate lift as well as pitch down moment.

« Wing root generates lift as well as pitch up moment.

o When the aircraft is pitching up, the wing root tends
to stall. The pitch up moment from the wing root will
decrease while the pitch down moment from the wing tip
will increase. Then the aircraft will tend to pitch down.

wing_ {dy

/ propeller? pattery |- \-
/l\‘ \\
! \mew

¢
rear_wheel

propélierl

front_wheell

Fig. 3. Gazebo model visualized with primary components labelled.

o When the aircraft is pitching down, the wing tip will have
negative AoA angle and the pitch down moment from the
lift will decrease. At this point, the wing root will have
smaller but positive AoA so the pitch up moment will
increase, then the aircraft will tend to pitch up.

The approach taken to model correct lateral dynamic sta-
bility features of the flexible wing is summarized as follows:

« Wing tips have a dihedral angle (upward inclination of
surface in lateral axis), while wing roots have anhedral
angle (downward inclination of surface in lateral axis).

o Wing tips generate lift as well as an inward rolling
moment.

« Wing root generates lift as well as an outward rolling
moment.

o When tuning the lateral aerodynamic performance, more
dihedral angle on wingtips and less anhedral angle on
wing roots will produce a better lateral stability range.
Doing the inverse will trade-off stability range for in-
creased performance in flight, namely higher flight speeds
with less energy consumption.

e When a roll occurs to one direction, relative deflection
of the wing tips occurs, with the lower tip creating a
higher lift than the opposite tip, inducing a stabilizing roll
moment. That is, as the port side tip moves downwards,
the starboard side tip will increase in lift, inducing a
restoring moment towards the trimmed state.

The Gazebo wing model is divided into four sections to
achieve the desired aerodynamic stability properties. Each
half of the wing consist of two sections, named the wing
tip and wing root. Aerodynamic properties for the sections
are confirmed through analysis using XFLRS [56], where the
prototype’s wing is modelled as an MH-82 hang-glider airfoil.
The wing roots are attached by a revolute joint to the parent
keel link, with a very large stiffness and friction parameter
to limit most motion while allowing very small deflections,
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Fig. 4. Tree diagram representation of the uWSC aircraft model as defined by the unified robotics description format.

such that the simulator’s physics engine applies independent
aerodynamic forces to each section. The same process is
repeated to attach the wing tips to the wing roots. The wing
roots possess a larger effective AoA compared to the wing tips.
Table II presents the aerodynamic parameters for the wing root
and wing tip sections of the uWSC aircraft model.

Aerodynamic modelling of the propellers is more straight-
forward as matching thrust levels of the prototype aircraft
design was the only requirement. Table III presents the aero-
dynamic properties for the propellers of the uWSC aircraft
model.

III. FLIGHT BENCHMARKING RESULTS

The flight performance of the uWSC aircraft model is
benchmarked against real-time flight data from thirteen real-
world human-piloted weight-shift aircraft missions, provided
by Romaeris Corporation. The flights were performed by
a Cosmos Phase 3 ultralight fuselage equipped with a La
Mouette IPSOS 19 flexible wing, [57], [58], equipped with
a Navio2 flight controller running ArduPlane purely for data
collection purposes [59]. The wing is rated for a maximum
velocity of 80 km/h, and a total flying weight of 350 kg. Thir-

teen simulated missions that replicate the real flight trajectories
using the uWSC aircraft model are conducted to enable the
comparison. The model’s quality is validated by comparing
simulated flights to real flight data.

The aggregate statistics of all thirteen pairs of flight trajecto-
ries are calculated for a set of key flight dynamics parameters;
this consist of the measurements for airspeed, wing roll angle,
wing pitch angle, wing AoA, side-slip angle, turn rate, and
climb rate. Additionally, statistics are calculated for subsets of
the flight trajectories along four phases of flight, defined as
follows:

o Take-off, representing the initial phase of flight where the
aircraft accelerates from the ground to a pre-determined
altitude, considered from the start of motion along the
runway to the point the aircraft reaches 10m above
ground level and 13m/s.

o Landing, representing the final phase of flight where
the aircraft descends and touches down on the runway,
considered from 10 m above ground level and coming to
a stop within 25s.

o Level, representing stable flight where the aircraft main-
tains a relatively constant attitude, heading, and speed,
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TABLE I
MASS, INERTIA TENSOR, AND RELATIVE CENTER OF MASS LOCATION FOR PRIMARY COMPONENTS OF THE UWSC AIRCRAFT GAZEBO MODEL

Link name Mass [kg] Inertia [kg - m?] Relative position [m]
Ixx Ixy Ixz lyy Iyz Izz X Y Z
Wing root, left 8.0 102.6 009 O 9.56 -3.1e-3 11214 05 O -0.75
Wing root, right 8.0 102.6 009 O 9.56 -3.1e-3 112,14 0.5 0 -0.75
Wing tip, left 3.0 41.1 003 0 3.82 -1.2e-3  44.96 -05 0 0
Wing tip, right 3.0 41.1 003 0 3.82 -1.2e-3  44.96 0.5 0 0
Landing gear 18.8 2.05 003 -0.08 4.36 -1.6e-2  3.80 0.5 -0.03  -1.2
Fuselage 14.6 0.56 0 -0.16  2.68 0 2.67 0 0 -1
Battery 17.1 0.32 0 0 0.6 0 0.35 0 0 -0.5
Motor 1.74 0.01 0 0 3.0e-3 0 3.0e-3 0 0 0
Hang-block 0.64 0 0 0 0 0 0 0 0 0
Propeller 0.23 0 0 0 1.68e-2 0 1.68e-2 0 0 0
TABLE 11
AERODYNAMIC PARAMETERS PERTAINING TO WING ROOT AND WING TIP SECTIONS OF THE UWSC AIRCRAFT GAZEBO MODEL
Parameter Wing Root Wing Tip Rationale Notes
ag —11.9° —20.1° C'r, considered as AoA at zero lift. Selected from wing performance specification [55].
ClrLa 2.1 2.1 C', slope before stall. Estimated from the shape of the airfoil with XFLRS.
Cha 0.263 0.63 C'p slope before stall. Estimated from the shape of the airfoil with XFLRS.
Qstall 28.7° 28.7° AoA at stall point. Estimated based on aircraft wing performance spec.
Cra ., -3.88 -2.88 C'y, slope after stall. Estimated based on aircraft wing performance spec.
Dagiall -0.43 -0.43 Cp slope after stall. Estimated from the shape of the airfoil with XFLRS.
475 m? 2.92m? Area of a single wing section. Estimated from the wing CAD model.
Cp 0.35+0.05m  0.035+0.02m  Centre of aerodynamic pressure. Dependent on wing incidence angle.
TABLE III
AERODYNAMIC PARAMETERS PERTAINING TO PROPELLER AIRFOIL OF THE UWSC AIRCRAFT GAZEBO MODEL
Parameter Value Rationale Notes
Cp 0.09m A half of the total propeller airfoil length. Constant C), is assumed hence its location is about a quarter
length of the airfoil since that is the assumed profile for the
propeller blades, from the airfoil’s leading edge.
Area 0.04m? Area of a single propeller section. From prototype CAD model for surface area of the propeller
airfoil.
Multiplier 595 Produces simulated thrust force value verified  Gazebo parameter which maps rotation to a force in axis

to match experimental thrust test of 150 N per

motor at maximum rotation.

incident to object rotation.

limited to altitude change of no more than 5m and a
heading change of no more than 40°.

« Turn, representing a maneuver where the aircraft changes
its heading to change course, considered as a turn rate of
3°/s and a heading change of 90° at minimum.

The total flight trajectory data and the defined flight phase
section data are interpreted to make direct quantitative com-
parisons between the real and simulated WSC flights. Note
that although the aircraft modelled in the simulation differs
from the real aircraft, the purpose is to assess the simulation’s
ability to match the characteristics of real WSC flights

Table IV compares the statistics of key flight dynamics
parameters between the real flights and their corresponding
simulated flights. Several observations are drawn from the
statistical results. Simulated airspeeds are generally lower than
real ones, except during take-off where they align closely.
Notable differences emerge in roll during turns and pitch
values in general flights, with real data showing higher values
than simulated. The large difference in the wing pitch mean
is attributed to the different trim conditions for each aircraft.

The mean AoA during take-off in real flights is considerably
lower than simulations, due to the standard pilot practice of
performing a rapid climb out with a large nose-up maneuver
after reaching sufficient speed, where as the programmed take-
off is gradual by comparison. Side-slip values during landing
indicate a slight drift in real flights absent in simulations.
Additionally, real-world flight data often exhibits higher vari-
ability, suggesting that real flights are influenced by more
unpredictable factors than the simulations capture, such as
wind conditions, turbulence, and unregulated control actions
of the human pilot. This indicates a need for refinements in the
simulation model to better represent actual flight conditions.
However, while there are areas of discrepancy, notably in
parameters like airspeed and pitch, in several instances such
as airspeed during landing and side-slip in level flight, the
simulated values closely align with the real-world data. The
AoA values in general and level flight phases also reflect a
remarkable similarity between real and simulated flights. This
showcases the effectiveness of the current simulation model in
capturing key aspects of real flight dynamics for WSC aircraft.
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TABLE IV
COMPARISON OF KEY FLIGHT DYNAMICS MEAN AND STANDARD DEVIATION FOR THE REAL AND SIMULATED FLIGHT TRAJECTORIES OVER ALL
THIRTEEN PROVIDED SAMPLES.

Aggregate Take-off Landing Level Turn
Real Simulated Real Simulated Real Simulated Real Simulated Real Simulated
Parameters Mean Sd. Mean Sd. Mean Sd. Mean Sd. Mean Sd. Mean  Sd. Mean Sd. Mean Sd. Mean Sd. Mean  Sd.
Airspeed [m/s] 174 24 135 21 114 79 113 28 148 44 86 32 175 15 131 20 180 17 144 18
Roll [°] [2 93 03 52 08 39 00 05 13 46 01 32 05 701 01 34 49 140 21 86
Pitch [°] 62 47 02 34 119 908 57 24 104 49 14 33 170 29 02 19 160 38 16 33
AoA [°] 160 35 147 20 87 74 168 18 112 59 186 81 167 27 144 11 160 27 153 20
Side-slip [°] 06 52 05 o1 13 58 07 16 34 39 05 164 01 43 06 79 07 56 06 123
Turn rate [° /5] 03 41 02 29 02 09 00 00 03 10 08 31 01 26 01 16 16 61 12 46
Climb rate [m/s] __ 00 14 00 09 05 24 08 09 03 14 06 09 00 08 00 05 00 12 00 09
-113.665 aircraft’s ability to match the three-dimensional trajectories of
1367k the real aircraft along the four flight phase subcategories. Due
to automated flight and simplified environmental conditions in
13.675 1 the simulation, it’s evident that simulated flights exhibit more
T -113.68) consistent and quicker take-off and landing phases compared
€ to the varied and lengthier real-life counterparts. The landing
£ -113.685¢ phases for the real flight data presents offsets in the altitude
S seof level that suggest altimeter calibration issues. The simulated
flights are observed to present accurate recreations of the
1136951 real flight trajectories in the level and turn phases where
137k the simulated flight controller aims to track the trajectory
"""" prescribed by the real flight data, in line with expectations sug-
3 T alsia 31sle 3lsls  3ls2  3Ls» gested by the calculated statistics. The turns of the simulated
Latitude [°] aircraft are more gradual due to restrictions imposed on the
(a) attitude adjustments of the automatic flight control. Overall,
the results suggest that the simulated aircraft provides a good
80 approximation of real-world WSC aircraft flight.
70
60 IV. CONCLUSION
=50
o The uWSC aircraft simulator model offers a means to simu-
E 40 late the dynamics of weight-shift aircraft through Gazebo. The
4 20 model’s fidelity was validated by comparison from real-time
’ data of thirteen weight-shift aircraft missions by Romaeris
20 Corporation. While certain flight dynamic parameters, notably
airspeeds and wing pitch, showcased differences between the
10r i simulated and real flights, several other parameters like the
‘ ‘ ‘ AoA values and side-slip in level flight demonstrate a good

200 250 300 400

Time [s]

(b)

Fig. 5. (a) Projected ground track and (b) altitude over time for a
mission, comparing simulated and real flight data.

0 50 100 150 350

single

The performance of the simulated aircraft is further ex-
amined by a point to point comparison for a mission track.
Figure 5 presents the two dimensional latitude-longitude plane
projection of the trajectory as well as the altitude over time
for a single mission sample. It is observed that the simulated
aircraft presents less fluctuations in altitude in contrast to the
real aircraft counterpart.

Figure 6 presents a qualitative comparison of the simulated

resemblance. The simulator’s capabilities in emulating weight-
shift control mechanisms in flight is indicative of its utility
in bridging higher-level flight controller design with lower-
level WSC dynamics. The overall consistency observed in
various flight parameters affirms the model’s use as a tool for
advancing research in uncrewed weight-shift aircraft systems.

In the future, the uWSC aircraft model will be contributed
to the open-source ArduPilot Gazebo repository once its
refinement is complete. Flight data collected from the planned
flights of the Romaeris prototype WSC aircraft will be used to
improve the simulation aircraft model. Further refinements of
the simulation model will focus on improved approximations
for the dynamics of a flexible wing’s deforming airfoil. The
simulator model will aid in the development of automatic flight
controller software specific to weight-shift aircraft.
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Model-free force control of cable-driven parallel
manipulators for weight-shift aircraft actuation

Nathaniel Mailhot, Mohammed Abouheaf, Davide Spinello Senior Member, IEEE,

Abstract—This paper presents a novel approach to flight
control of weight-shift aircraft by employing a cable-driven
parallel robot (CDPR) integrated with adaptive force control
based on reinforcement learning. Development on weight-shift
aircraft control has been sparse. Despite limited but notable
efforts, modelling is hindered by parameter uncertainty stemming
from highly nonlinear dynamics. The model-free control method
introduced in this work operates without knowledge of the
complex dynamics problem presented by weight-shift aircraft
flight control. An online reinforcement learning technique known
as action dependent heuristic dynamic programming (ADHDP)
is applied to the problem of coordinating the tension force across
parallel cable-driven actuators. Two adaptive learning agents per-
form demanded weight-shift maneuvers by coordinating torque
commands, without an inverse kinematics model. The online
reinforcement learning control is implemented on flight controller
hardware with limited computational resources and strict timing
constraints, performing real-time experiments on a kinematically
equivalent surrogate two-body weight-shift mechanism. After
online training in the presence of sustained disturbance events,
the adaptive learning agents optimally balance against competing
trajectory tracking objectives. The CDPR capably reproduces
standard S-turn maneuvers, coordinating simultaneous banking
and pitching speed actions. The encouraging experimental results
inform future integration of the weight-shift CDPRs toward
automatic flight control that is unprecedented for this class of
aircraft.

Index Terms—adaptive flight control, reinforcement learning,
cable-driven parallel robot, hardware implementation.

I. INTRODUCTION

Weight-shift control (WSC) aircraft are characterized by
a weight-shifting mass attached to deformable flexible wing
used as the primary means of maneuvering, instead of the
control surfaces used by standard fixed-wing aircraft [1], [2].
WSC aircraft are appealing as recreational flying sport vehicle
because of their simple mechanical structure, ability to operate
with little infrastructure on rugged terrain, low cost of fabri-
cation, and high payload-to-mass ratio [3], [4]. WSC aircraft
have limited industrial applications due to the requirement for
a human pilot. Development of automatic weight-shift flight
controls by standard approaches is virtually non-existent due
to the significant set of technical challenges, such as the high
susceptibility of the flexible wing shape to wind disturbances
[5]-[7], control stability in the presence of turbulence [8],
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[9], and the nonlinear response of weight-shift maneuvers for
they depend on the interplay between the vehicle configuration
and the flight envelope phase [9]-[12]. This results in high
uncertainty for modelling-based control approaches for WSC
aircraft, making it a significant challenge with limited, but
notable, modelling efforts [13]-[18]. The primary motivation
of this work is to employ alternative model-free learning
control approaches within the core design and implementation
of robotic systems that enable automatic weight-shift flight
control to perform trajectory tracking with no input other
than sensor feedback. These designs are tested directly on
experimental WSC hardware, to prove their suitability for the
demands of real-time autonomous flight control for systems
of the type schematized in Figure 2.

The low-level weight-shift action is provided by a manip-
ulator composed of cable-winch servo motors attached in a
closed kinematic chain, classified as a cable-driven parallel
robot (CDPR) [19]-[21]. CDPRs are preferred over open-chain
manipulators due to characteristics such-as lower total weight,
higher force to weight ratio, larger operating workspace,
and high structural stiffness [22]-[24]. In particular, parallel
manipulators possess the ability to generate a large force
vector on the end-effector for any reachable configuration, so
long as the correct set of simultaneous actuator commands
can be determined [25], [26]. This represents the critical
factor for adopting this manipulator type for WSC problem
specifically since the prototype manipulator may approach the
same capability of a human pilot using only simple and low
cost hardware set-ups, similar to the solutions described for
various applications in [27]-[29]. The primary drawback of
CDPRs lies in the fact that force on the end effector is applied
through applied tension in the set of cables which cannot
transmit compressive forces. Hence the control problem be-
comes complicated, as any candidate controller must generate
continuous and simultaneous commands for all actuators in
such a way that the sequence of selected levels of tension of
cables satisfies the desired end-effector wrench.

The WSC problem for the CDPR is formulated as an
approximate dynamic programming (ADP) problem, where the
system state is interpreted from sensor feedback to evaluate the
performance of an evolving control policy as it performs ac-
tions over time within the environment [30], [31]. Model-free
learning control methods are suitable for problems with sig-
nificant parameter uncertainty, which pose an insurmountable
challenge for model based approaches even in the presence
of accurate models. A temporal difference learning scheme is
used to learn optimal control solutions with respect to a user
prescribed utility function, using data measured along a sys-
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tem’s trajectory corresponding to the evolution of the aircraft’s
state. This process tunes the control gains online and in real-
time until the optimal control policy is identified, at which
point learning is halted [32]-[35]. To address uncertainty in
WSC flight dynamics and provide satisfactory control for the
CDPR, servo commands are generated through a model-free
adaptive critic scheme by learning agents that are trained to
track reference trajectories provided by a high level flight
navigation controller.

This work presents two principal contributions. The first is
the advancement in the design of intelligent flight controllers
for flexible-wing weight-shift aircraft. Initial developments
studied parallel linear actuator mechanisms with machine
learning applied to an idealized kinematic model of a hang-
glider [36], [37]. A model-free guided search learning pro-
cess based on real-time value iteration was implemented for
speed control mechanisms in weight-shift aircraft using an
experimental mock-up system with servo-winch actuation in
[38]. In contrast, this paper presents for the first time a fully
developed model free weight-shift maneuvering scheme based
on an actuation system equivalent to a CDPR that mimics
the operations of a human weight-shift pilot. To the best of
the authors’ knowledge, there exists no other control system
capable of providing fly-by-wire weight-shift flight control,
prior to the solution presented within this work.

The second contribution is the application of online learning
control to a CDPR with real-time hardware implementation
and testing. Conventional approaches for CDPR control rely
upon offline dynamic trajectory planning where an inverse
kinematic model is required to solve the coordination prob-
lem of the parallel actuators [39]-[42]. In comparison, the
approach taken in this work employs an adaptive learning critic
scheme to coordinate the parallel manipulators and requires no
inverse kinematics model. Optimal CDPR controllers, as seen
in [43], [44], while sharing the trait of online optimization,
rely on feedback linearization control methods. Approaches
such as the model reference adaptive control in [45] or offline
deep learning [46] employ neural networks to learn unknown
dynamics properties of CDPRs. By comparison, the learning
algorithm in this work is completely online and requires no
reference model. The selected method is an action dependent
heuristic dynamic programming (ADHDP) scheme, similar to
Q-learning, designed for online implementation utilizing min-
imal computational resources while requiring no knowledge
of the system, reference, or input dynamics [47]-[49]. Real-
time implementation on flight controller hardware attest to the
feasibility of the method.

II. WEIGHT-SHIFT FLIGHT CONTROL MECHANISM

Weight-shift aircraft control consists of force inputs pro-
vided by a pilot or piloting system, to shift the mass of the
fuselage relative to the wing, as illustrated in Figures 1 and
2(a). The two bodies, the wing and fuselage, are connected
at the mast of the fuselage and the keel tube of the wing
by the hang-block joint. The hang-block allows the fuselage
to move with two degrees of freedom relative to the wing.
The wing system can roll about the longitudinal axis of the

keel tube, while the keel bar can pitch about the axis which is
perpendicular to both the mast and keel tubes. In crewed flight
the pilot situated within the fuselage modifies their orientation
with respect to the wing by the reaction from applying force
to the control bar attached rigidly to the keel. The centre of
gravity (CoG) of the total aircraft is a function of the location
of these two primary bodies relative to each-other, and is
intentionally modified by the pilot for flight maneuvering. This
is illustrated by the example of a banking turn maneuver in
Figure 1.
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Fig. 1. Free body diagram sequence illustrating the dynamics of the weight-
shift aircraft control during a banking roll: (a) Beginning in balance, (b)
pilot induced imbalance produces a weight-shifted dynamic equilibrium, (c)
resulting in a banking turn when dynamic balance is restored.

A. Schematic of the wing-fuselage piloting system

Weight-shift flight control requires that the pilot enacts the
correct force input on the control bar of the wing, given
the state of the vehicle relative to its flight envelope. When
applying force input on the control bar, the reaction moves the
fuselage body, relative to the wing body, modifying the centre
of gravity for the total aircraft. The fuselage motion, as well as
some small motion of the wing due to the initial reaction to the
force input, causes a dynamic imbalance as the CoG of the two
bodies become misaligned with respect to gravity. An apparent
body moment acts on the wing until this balance is restored,
causing a change in the lift vector direction, as illustrated in
Figure 1. In the global reference frame defined with gravity
pointing downwards, the wing shifts its orientation due to the
weight-shift effect. Dynamic weight balancing is the central
principle of weight-shift controlled aircraft maneuvering, al-
lowing the aircraft to perform banking turns or wing pitching
maneuvers without conventional aerodynamic control surfaces.
The pilot or a piloting system modifies the dynamic balance
of the aircraft by applying force against the control bar. The
reaction of the pilot force moves the fuselage relative to a
frame of reference fixed to the wing system, referred to as
the wing reference frame. An additional frame of reference is
fixed to the fuselage. Notably, the pilot or piloting system must
account for the motion of each body, in both reference frames,
to correctly perform the intended weight-shift maneuvers,
hence has the duty to manage the position, velocity, and
acceleration of the fuselage system and the wing system,
simultaneously.

A weight-shift aircraft can be schematized by considering
the wing and fuselage as two pinned bodies allowed to rotate
with respect to each-other in pitch and roll along the hang-
block joint. Figure 2(a) presents a schematic for the wing-
fuselage system with the CDPR piloting system attached. The
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hang-block is equivalent to two attached revolute joints that
rotate about two mutually perpendicular axes. The wing body
includes the control bar structure, as it is rigidly attached to
the wing keel. The fuselage is supported by the wing during
flight and is allowed to pitch and roll along the rotation axes
of the hang-block. The rotation of the fuselage about the wing
keel has a typical allowed roll rotation range of § = +20°
and a pitch rotation range of ¢ = —10° to 15°. The fuselage
is constrained in yaw relative to the wing. The wing has no
motion constraints and moves freely within six degrees of
freedom (DoF) during flight.

Rigid attachment
Hang-block ~—,
5

(a)

Fig. 2. Schematic (a) of wing-fuselage system with attached CDPR piloting
system; (b) the corresponding kinematic diagram.

B. Description of the cable-driven parallel robot

The objective of this work is to design a control mechanism
for autonomous flight of flexible wing weight-shift aircraft.
The cable-driven parallel robot system replaces the human
pilot, allowing for fly-by-wire based weight shift aircraft
control. The CDPR consist of four servo-winches that are
mounted at four locations along the mast and nose strut on
the fuselage frame, i.e. the body that hangs beneath the wing
structure. Each servo-winch is attached to the fuselage by a
spherical joint, such that the cables maintain alignment with
the exit of the winch-spools for any configuration of the robot
by reorienting the servo-winches along the tension vector of
the cables. Figure 2(b) presents a kinematic diagram of the
cable-driven parallel manipulator mechanism. The fuselage is
held at a fixed distance from the hang-block, and rotates freely
about two axes of rotation, in pitch and roll, relative to the
wing frame of reference.

The servo-winches actuate the fuselage by retracting (and
releasing) flexible cables that have their ends attached to points
on the control bar. Since the control bar is rigidly attached
to the wing, any force applied to it is transmitted to the
wing. Hence, depending on which servo-winches are actively
pulling, the fuselage will move relative to the wing and control
bar structure. Therefore the servo-winches control the motion
of the fuselage via the parallel tension force vectors.

The weight-shift mechanism allows the fuselage to rotate
with two DoF about the wing keel. By using four cables, the
robot can be completely restrained for any pose through the
selection of a sufficient tension distribution among the four
servo-winches. When a cable is under tension, it mechanically

transmits the torque produced by its own servo-winch on the
control bar in line with the cable alignment. Since the cables
can apply only tension forces, intelligent sequencing of servo
torque commands is necessary to control the motion of the
fuselage.

III. ONLINE MODEL-FREE SOLUTION FOR THE OPTIMAL
TRAJECTORY TRACKING PROBLEM

A model-free trajectory tracking controller for the weight-
shift action of the cable-driven parallel robot is designed to
overcome high parameter uncertainty and nonlinearity inherent
to the system’s dynamics. Conventional solution approaches
would require knowledge of the system’s dynamics to deter-
mine the optimal gains offline, backward in time, to apply
them in the real time implementation. For linear systems with
quadratic performance index, this requires one to explicitly
solve Riccati algebraic equation for the gains [50]. Instead,
an online ADP approach is employed, which is implemented
in forward time and requires only online measurement of
the system’s trajectory. Given the system’s uncertain and
nonlinear dynamics, employing the particular ADP technique
known as action-dependent heuristic dynamic programming
(ADHDP) is appropriate [31], [51]. This method leverages on-
line reinforcement learning to refine estimates for the agent’s
performance, and approximate the optimal control policy. This
solution treats the system dynamics as unknown, deriving all
information from measured trajectories and agent actions.

A. Optimal trajectory tracking scheme by online model-free
ADHDP

The objective is to define a value function structure that
enables the learning agent to observe and be responsive to
both the tracking error dynamics and to the reference trajectory
dynamics, referred to as trajectory stabilization. The aim is to
generate an additional control component equivalent to the
feedforward signal inherent to classical trajectory tracking.
The modified augmented state vector (MASV) (j, is defined as
the stack of error dynamics and reference trajectory dynamics,

€k
) 87
Gk " t%ﬁn(ei) )

(T’k — kal) . A;l
(1) — 271 4+ Tp_2) - A2
where e, = x — 7k, is the tracking error measurement,
x) is the state measurement, 7 is the reference trajectory
input, and A; is the time step associated with the mea-
surement interval duration. The value function is selected to
evaluate system performance across three objectives, namely
tracking error minimization, anticipate the reference trajectory
dynamics, and minimize the control energy. It is defined
as Vj, = %Zik Y RICFQC + uF Ruy], where uy, is the
control and () and R are weight matrices that are designer
selected to determine the learning agent’s trade-off for each
of the different objectives, and the trade off between control
energy/effort and tracking accuracy [48]. Moreover, v € (0,1)
is the discount factor, and V' cannot decrease over successive
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time steps, i.e. Vi1 — Vi > 0. The summand is the stage cost
function, and will be referred to as Uy later on. The discount
factor ensures that the learning process does not over value
future performance. If the control u;, causes the value function
to reach some finite value while stabilizing the system and is
finite, it is considered admissible, but not necessarily optimal.
The optimal control is obtained when the value function is
minimized according to the deterministic Bellman equation

= miny, [(F QCk+uf Ru]+~V}%, ;. Solving explicitly for
the optical control gives uj,, = —3yR™'BTVV}*,,, where
B is the control input map.

B. Actor-critic solution for online value function approxima-
tion

The actor-critic solution employed to learn the model-free
control online and in real-time for the trajectory stabilization
objective is detailed. The Bellman optimality equation acts
as a consistency condition, ensuring that the candidate value
function follows the optimality principle, converging to the
correct desired performance. Two single layer neural networks
are trained over time by gradient descent based adaptation laws
to approximate the optimal value function (critic unit) and the
corresponding controller (actor unit).

The temporal difference (TD) error is zero if Bellman’s
equation is satisfied, and therefore it is used to quantify the
divergence from optimality. In the specific case, the TD error
is given by erp = —Vi + 1[(7QC + u} Rug] + 7Vt
The TD error is applied in a value iteration reinforcement
learning scheme to find the optimal control and corresponding
value function. Since the TD error depends on the future value
function, an approximation scheme consisting on a projection
along neural network basis functions. Define the approxi-
mate value function as V), ~ Vk(zk) = zgﬂczk /2, where
2p = [Ck uk}T is the data to be used in the approximation
method, ¢, € R™, u; € R™, and Q. e RMTm)x(ntm)
is a symmetric positive definite weight matrix that must be
determined. The initial QU is selected as a random symmetric
positive definite with small values such that the initial weight
adaptation is more gradual and overall numerical stability is
improved during the learning process.

To obtain the optimal control, consider the partition 2. =
{&i giﬂ  where O € R, O, = QT O, € R,
and Q,, € R™*™. Should the optimal Q} be known, the
corresponding optimizing control is given by uj = Qx(, =
fQ;;lQZCQﬁ, where (2% is the policy determined by the
optimality condition. During the learning process, a probing
white noise is added to the control input signal to ensure that
the persistent excitation condition is satisfied [48], [52]. When
the learning algorithm converges to the optimal policy, the
probing noise is turned off and the learning is halted.

An adaptive critic scheme is employed to identify the critic
weight matrix .. The critic neural network weights are
evaluated by calculating the temporal difference of the value
function estimate

1 1
€D = *52‘;{52(:2’1“ + U, + "/52’;{“9(:21«“ 2)

With each iteration step, the critic weights are updated to
minimize the square of the TD error, resulting in the adaptive
update

QI = QF — acerpaiel 3)
where . is the critic learning rate. The index j tracks the
version of €2.. The critic weights 2. could be used to calculate
the optimal policy €2 directly as Q% = —Q;;lﬂzcgk. How-
ever, this approach is not advised as the critic weights have the
potential to rapidly change during the online adaptation. Since
the critic is merely an approximation of the value function,
this can very well result in consistently poor control policy. A
second adaptive actor neural network (2, is introduced with
actor weights updated according to the adaptive update law

QU =) — aa (G — () TAIGWE @
where «, is the actor learning rate. The corresponding optimal
control is now given by

up = QCk (5)
and 7 is the feedback policy found after convergence of the
actor neural network adaptation. The actor-critic adaptation
laws provide a means to approximate the trajectory stabilized
tracking value function online and in real time, and in turn
provides the optimal control solution. Algorithm 1 summarizes
the online value iteration actor-critic approach that is used.
Figure 3 provides the complementary control system diagram.

Algorithm 1 Online value iteration with actor-critic structure

. Initialize state measurements xo_z2, reference trajectory states ro_o critic Slf’, as
random symmetric P.D. with small values , and actor QEA
. Calculate Co using (1)
: begin learning process
repeat
Update ¢}, using (1)
Calculate wy, using (5), apply to system
Allow one time step to pass, k <— k + 1
Update (41 using (1)
Calculate TD error erp using (2)
Apply critic update law (3) to find erl
Apply actor update law (4) to find Q]u+1
12: until actor gains have converged and satisfactory trajectory tracking performance is
achieved
13: halt learning process
14: Calculate further control input with the optimal control uj, = Q} Cx

So0RNUE WY

MASV
CDPR [—>

L fb

Fig. 3. Trajectory stabilizing actor-critic model-free controller.

C. Implementation of weight-shift control on the CDPR with
multi-agent learning

As discussed in Section II, the goal of WSC is to control
the attitude of the wing ¢,, and 6,,, denoting the wing pitch
and roll respectively. During in-flight operations the required
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performance criteria for the pitch control action may be differ-
ent than that of the roll control action. The CDPR introduced
in Section II-B applies force input to the fuselage by sending
simultaneous torque commands across the set of servo-winch
actuators to manipulate the wing attitude. Separate commands
are necessary to provide the required flexibility for pitch and
roll flight controls, hence two separate learning agents are
implemented using Algorithm 1. Each agent is provided the
commanded reference trajectory and IMU measurement for
a single element of the wing attitude, i.e. r,(;) = ¢omd,
7*,(62) = vamd and x,(cn = Ow, y;gf) = 0y, and produces its
own control input, denoted as uil) and u,(f). The control inputs
are then mixed according to a simple heuristic that depends on
the arrangement of the servo-winches. The multi-agent system
diagram is presented in Figure 4.

TABLE I
TORQUE DIVISION LOGIC, MARKS INDICATE THE SERVOS ACTIVATED FOR
THE CORRESPONDING ATTITUDE CORRECTION.

H H u(@ L+ ow w@ —Pw u(@ : 40y u(@ —0 H
M v v
M, 7 v
Ns v v
Ny v v
The arrangement of the servo-winch mounts is used to

select a heuristic for the relationship between the active servo-
winch’s and the the corresponding state change for ¢, 6.,.
As illustrated in Figure 2(a), the actuators M, M, Ny, N,
are positioned relative to the end effector attachment points
Cs,Cp. The heuristic logic is summarized by Table 1. For
example, a demanded pitch increase +¢,, with no roll action
implies that the first agent acts, u,(vl) is increased and the
demanded torque magnitude is partitioned between M, and
M,,, while the second agent does not act, i.e. u? does not
change. For a second example where a simultaneous demanded
pitch increase +¢,, and a demanded roll decrease —#6,, occurs,
the first agent acts by increasing u,(:) and the torque is
divided between M, and M,,, while the second agent acts by
decreasing uf) and the torque magnitude is divided between
M, and N,. In the given second example the net demanded
torque for M), is applied as it is being shared by both agents
simultaneously. The experimental results within the following
section will illustrate the interplay inherent to the parallel
actuator system.

A J

gemd
——» Agent 1
(1
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cmd
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Fig. 4. Multi-agent learning controller for the cable-driven parallel robot. The
agents share the set of servomotors to actuate the weight-shift mechanism.

IV. EXPERIMENTAL RESULTS AND DISCUSSION

The proposed model-free learning control is validated ex-
perimentally using real flight controller hardware with limited
computational resources and strict control update constraints.
A prototype CDPR mounted to a surrogate weight-shift mech-
anism tracks reference wing trajectories ¢.,, 6, by shifting the
fuselage weight. The selected maneuvers represent repeated
S-turns of a real weight-shift aircraft, a standard training
maneuver as informed by the partner’s test pilot [1].

A. Real-time learning control with weight-shift mechanism

The experimental platform shown in Figure 5 reproduces the
kinematics to the weight-shift controlled aircraft illustrated in
Figure 2. The wing analogue is composed of a longitudinal
member representing the wing’s keel, with a triangle frame
rigidly attached to the keel that represents the pilot control
bar. The weight-shift fuselage is suspended from the wing
keel by a two DoF mechanical joint that is analogous to the
hang-block. The wing keel rotates relative to hang point in
a range of +8° in pitch and +10° in roll, corresponding to
the fuselage displacement relative to the keel of £20° in roll
and —10° to 15°. The control of the platform is actuated by
the CDPR. Actuation is provided by four Dynamixel XM-
430 servomotors [53] with integrated cable winches. These
manipulators are mounted to different positions along the
fuselage as illustrated in Figure 2(a), and have the other
end of their cables attached at positions on the control bar.
The servomotors receive current input commands at a rate of
50 Hz, i.e. control update interval A; = 20 ms. The adaptation
for both critic and actor neural networks is computed within
this control update interval directly on the flight controller
hardware according to (3) and (4).

Fig. 5. Experimental weight-shift control mock-up used to emulate the
weight-shift effect of the wing controlled by the CDPR. The wing keel and
control bar (blue) are suspended at the hang-block, and are rotated by weight-
shift of the fuselage (yellow) by forces on the parallel cables (green).

Each hardware device and supporting software is either
open-source or has publicly available documentation. An
Emlid Navio2 [54] hat board attached to a Raspberry Pi 3
model B, this unit possessing a 1.2GHz 64-bit quad-core
ARMv8 CPU, 1GB of RAM and a Cortex-M3 co-processor.
[55] is selected as the controller’s computational unit due
its prevalence as one hardware of choice for open-source
flight controller platforms like ArduPilot [56]-[58]. Navio2
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provides redundant orientation estimates through the com-
bination of sensor readings from either the main on-board
InvenSense MPU-9250 9 DoF Inertial Measurement Unit
(IMU) [59] or the secondary Microelectronics LSM9DS1 9
DoF IMU [60]. Each IMU has a three-axis magnetometer,
three-axis gyroscope, and three-axis accelerometer. The IMU
signals are filtered by a programmable digital low pass filter,
which is routed to the Raspberry Pi 3. The total root mean
square noise of the MPU-9250 used for inertial measurement
feedback is provided to be 0.1°/s. The measurements data
are filtered by a low-pass filter with a cut-off frequency of
250 Hz. The resulting angular position measurements of the
wing orientation are sampled at 20 Hz by the online model-
free control.

The learning agents determine the correct control by ad-
justing theirs actions according to measurements of the past
trajectory tracking performance. The trained controller then
selects the set of demanded torque commands for all actu-
ators simultaneously. A controller agent is trained for each
component of the trajectory. In each experiment the training
is halted after 50s and the probing noise is removed. The
performance of the converged control policy is observed for
an additional 50s. The set of parameters in Table II are held
constant across all experiments. U and /N denote the uniform
and normal distributions.

TABLE I
LEARNING CONTROLLER EXPERIMETNAL PARAMETERS.

H Parameter H Value Description H
10 - Ig state weighting
R 1 control weighting
Q0 [20,20, 20, 10, 10, 10] initial actor
QP U(0.001)7x7, 29 >0 initial critic
Unoise N(0,0.5) probing noise
Ay 20 ms update interval
Qe 0.01 critic learning rate
Qg 0.001 actor learning rate
¥ 0.999 discount factor

B. Tracking of weight-shift S-turn commands

For the first sample result, ™7 and 654 evolve according
to the saturating sinusoidal signals that define a repeated
weight-shift S-turn, given by

10sin(0.067k), if]rg| < 5°

¢1cumd — { . Sln( ™ )7 1 |rk| = (63)
5°, otherwise
10sin(0.04 if|r,| < 7°

gemd _ 851n(0 04rk), if|rgl < 7 (6b)
7°, otherwise

with the goal of demonstrating higher amplitude roll bank
commands coordinated with pitch speed control commands.
The compound pitch and roll tracking performance of the wing
is shown in Figure 6. After training is completed, the controller
anticipates and tracks the demanded reference trajectory for
both axes by application of fuselage weight-shift. When both
reference trajectory components change at the same time a
transient error is observed as the system adjust each axis in
response. After training ends, the actor neural network gains

for each agent are Q") = [3.43,0.26,9.80, 15.36, 9.03, 12.26]

and QY = [6.59,0.14,11.49, 15.36, 11.04,13.20]. Figure 7
shows the normalized servo torque commands that were gen-
erated by the controller during the experiment. It is observed
that as the training progresses, the demanded torque variation
and amplitudes decrease as the controller learns the optimal
policy. Once training ends, the controller generates the correct
combination of torque commands for all four servo-motors
simultaneously, presented in Figure 7b.
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Fig. 6. Trajectory tracking of wing’s pitch and roll for coordinated S-turns.
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Fig. 7. Normalized servo torque commands.
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To test the adaptability of the learning process, the sec-
ond experiment applies a sustained disturbance event during
training. Disturbances are implemented as random white noise
signal sampled from the normal distribution N(2,0.5) added
to the IMU feedback at each time step between 10s to 15s,
corresponding to 10% of the training period. In the experiment,
the disturbances induce a significant tracking error with a
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magnitude as high as £5°. The learning control would rarely
converge beyond this magnitude of sustained disturbance. The
reference trajectory is kept the same as the prior sample,
i.e. evolving according to (6). Figure 8 shows the tracking
performance when the sustained disturbance is present. The
controller tracking recovers quickly after the disturbance ends.
The trajectory tracking performance achieved after the training
ends is unaffected. The disturbance rejection property of the
learning algorithm is being tested up to the level of disturbance
stated below; further investigation is required to establish if it
holds under more extreme events of longer duration or high
amplitude.

0 20 40 60 80 100
Time [s]

(@) ¢u

0 20 40 60 80 100
Time [s]

(b) 6.

Fig. 8. Trajectory tracking with sustained disturbance during learning,
beginning at 10s.

C. Summary of experimental results

The CDPR system is found to be a viable candidate auto-
matic weight-shift control actuation scheme as it demonstrates
the correct kinematic and force interface to match a human
pilot performing repeating S-turn maneuvers with coordinated
pitch speed input control. The ADHDP technique proves to
be viable as a means to implement an online reinforcement
learning approach with computationally constrained flight con-
troller hardware. As no model for the system dynamics is
known in advance, the adaptive learning agent determines
control policy according to the heuristic it is given as presented
by Table I. In each experiment, the learning agent identifies
an optimal policy in real-time to balance trajectory tracking
error minimization, anticipate reference trajectory changes,
and minimize the energy used by the servo-torques. Further, it
is found that the learning agents can determine an optimal
policy even when a sustained disturbance event is present
during the learning phase, resulting in a similar set of control
gains for both experiments.

V. CONCLUSION

A solution to automatic weight-shift aircraft control is
realized through the application of a cable-driven parallel

robot that is controlled by a model-free controller based on
reinforcement learning. The ADHDP technique allows for an
online learning controller to be directly implemented on real
flight controller hardware that is computationally limited and
requires strict control updates timing. Real-time experiments
validate the learning controllers performance by demonstrat-
ing its ability to perform weight-shift maneuvers trajectory
tracking through the coordination of force applied by the
parallel actuators. To the best of the authors’ knowledge, this
represents the first time a viable automatic weight-shift control
mechanism for this class of aircraft has been reported on. The
piloting mechanism has full authority over the entire range of
weight-shift control, matching the kinematic capability of a
human pilot.

Ongoing work includes the replacement of the torque divi-
sion heuristic to distribute the action of the winches with an
optimization scheme based on minimal energy consumption.
Additionally, work is underway to test the presented solution
with simulated flight with a novel simulation model that
approximates the weight-shift aircraft flight dynamics and can
be tested with standard open-source robot simulation tools.
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Abstract—Weight-shift control (WSC) ultralights are a class
of aircraft that maneuver by manipulating a mass attached
to deformable flexible wings, which are favoured by many
recreational pilots due to their simple mechanical structure,
superior low-speed maneuverability, positive aerodynamic sta-
bility, and capability to operate on rugged terrains with minimal
infrastructure requirements for take-off and landing. However,
the dependency on specialized human-powered physical control
restricts their effective payload and mission scope. This work
presents experimental validation of automatic electronic flight
control for ultralight weight-shift aircraft by application of a
novel actuation design that consists of a cable-driven parallel
robot (CDPR). After validation of the CDPR’s capabilities within
a laboratory settings to produce trajectory tracking for different
weight-shifting scenarios, the prototype actuation system is inte-
grated with a human-piloted weight-shift aircraft as an electronic
fly-by-wire control for attitude adjustment. The test pilot uses a
joystick control scheme to perform weight-shift flight maneuvers.
The results illustrate the CDPR’s ability to supplant conventional
human-induced weight-shift operations and lays the groundwork
for autonomous flight control for weight-shift aircraft.

Index Terms—automatic flight control, cable-driven parallel
robot, ultralight flexible-wing aircraft, hardware implementation,
electronic fly-by-wire systems, human-machine interaction

I. INTRODUCTION

Weight-shift control (WSC) ultralight aircrafts maneuver
by manipulating a mass attached to flexible wings. They
are adopted for their simple structure and low-speed maneu-
verability, while operating in rugged terrains with minimal
infrastructure [1]-[3]. However, the need for physically labo-
rious, very specialized, and manual human-powered control
restricts their effective payload and mission scope. As a
result, WSC aircraft are primarily used for recreation by
enthusiast pilots, with limited industrial applications. This
work introduces a novel fly-by-wire (FBW) electronic weight-
shift control piloting system that enables intelligent robotic
control, eliminating the physical requirement on the human
pilot, thereby improving safety and opening the door to further
flight automation.

Flight control development for weight-shift aircraft, still
in its infancy, suffers from limited research on dynamic
modelling. Creating accurate dynamic models is complex
due to the nonlinear dynamics caused by airfoil deformation

This work was supported by Romaeris Corporation and Mitacs under the
Accelerate fellowship project Artificial Intelligence (AI) Powered Adaptive
Flight Controller for Novel Unmanned Aerial Vehicle (UAV) with Commercial
and Humanitarian Applications.

in the flexible wing and the inherent two-body weight-shift
relationship in their flight control [4]. As such, the existing dy-
namics models possess a high degree of parameter uncertainty.
The design history of flexible wing WSC aircraft that began
with Rogallo’s innovations aimed at space vehicle recovery,
later transitioned to recreational flying where design evolution
proceeded without rigorous scientific methodology, resulting
in elevated accident rates [5]-[7]. Early aerodynamic models
were formulated using data from ground vehicle-towed flying
rigs, leading to insights on aeroelastic and aerodynamic stabil-
ity properties [8], [9]. Kilkenny and Kroo separately worked
to develop hang-glider wing aerodynamic models through
wind-tunnel and mobile flying rig experiments, providing a
foundation for understanding longitudinal dynamics [7], [9]-
[11]. Concurrently, preliminary dynamic models by de Matteis
considered rigid wings and ignored the velocity-dependent
deformation, recently validated through scaled wind-tunnel
tests by Khaddage [12]-[14].

Cook et al’s mathematical model describes hang-glider
kinetics through nonlinear dynamics of inertial, gravitational,
and aerodynamic forces, including trim equilibrium [15].
These equations capture small disturbances in motion vari-
ables as stability and control derivatives, using classical flight
control techniques [16]. The intricate part of this model
involves the aerodynamic modelling of the deforming flexible
wing by detailing how deformations in luff, camber, and
twist affect the aircraft’s aerodynamic properties and overall
stability. However, the model is limited by its quasi-static
focus around equilibrium trim conditions, neglecting non-
steady aerodynamic effects and the impact of the pilot’s weight
shifting. Ochi extended this work to include equations of
motion for the two-body system of hang-glider wing with the
pilot that is constrained by a holonomic strap, and explored
how pilot control inputs can stabilize the inherently unstable
system [17], [18]. Further advancements by Abouheaf et
al. applied reinforcement learning to pilot control in Ochi’s
model, demonstrating promise of adaptive control approaches
for weight-shift aircraft [19]-[22]. The online reinforcement
learning solutions are robust to dynamic model uncertainty
that are an issue for model-based control design approaches.

The weight-shift piloting system introduced in this work
is realized by a manipulator that employs cable-winch servo
motors, forming a cable-driven parallel robot (CDPR) [23]-
[25]. CDPRs offer advantages over open-chain manipulators,
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including lower weight, higher force to weight ratio, expansive
operating workspace, and increased structural stiffness [26]—
[28]. The ability of CDPRs to exert large force vectors across
any reachable configuration is crucial for WSC applications,
matching the capabilities of a human pilot with economical
and straightforward hardware configurations [29]-[32]. CD-
PRs have the inability to transmit compressive forces, com-
plicating control as it requires simultaneous, precise tension
adjustments in the cables to achieve the desired end-effector
forces.

This work reports on developments of new prototype
weight-shift aircraft control designs developed in collaboration
with Romaeris Corporation [33]. Previous work has focused
on the development of parallel linear actuator designs to re-
place the human pilot, controlled via model-free reinforcement
learning to overcome the parameter uncertainty of the air-
craft dynamics [34]. Model-free online reinforcement learning
methods were applied in [35] to stabilize the nonlinear dynam-
ics of a surrogate weight-shift mechanism using parallel servo-
winch actuators on real flight controller hardware. A full-
fledged electronic WSC piloting system based on a CDPR that
provides optimal trajectory tracking control was introduced in
[36]. The integration of automatic flight controller software
with weight-shift aircraft was demonstrated with simulated
flights in [37].

II. EXPERIMENTAL FLIGHT TEST
A. Industry partner operations

Flight control solutions are designed within predefined con-
straints on experimental operation for hardware and software.
Romaeris’ WSC test pilots actively participate in experiment
design in order to comply with essential WSC flight principles.
All operations maintain stringent adherence to safety and
regulatory standards ensuring that experimental flight solutions
are safe [2], [38]-[42]. Additionally, robotic prototypes are
equipped with emergency stops, and flight control systems
have firmware-limited actuation authority to ensure reliability
and safety, with all systems undergoing rigorous ground testing
prior to flight test.

B. Flight control hardware and instrumentation

An Emlid Navio2 [43] board attached to a Raspberry
Pi 3 [44] is selected as the controller’s computational unit.
Navio2 provides redundant orientation estimates through the
combination of sensor readings from either the main on-
board InvenSense MPU-9250 9 DOF Inertial Measurement
Unit (IMU) [45] or the secondary Microelectronics LSM9DS1
9 DoF IMU [46], as well as global positioning system (GPS).
Angular position measurements of the wing orientation are
sampled at 20 Hz. The total root mean square (RMS) noise
of the MPU-9250 used for inertial measurement feedback is
provided to be 0.1°/s. The measurements data are filtered
by a low-pass filter with a cut-off frequency of 250 Hz. The
avionics data is captured as onboard data logs.

The open-source unmanned flight controller software frame-
work Ardupilot is selected as the backbone of the onboard

flight data collection in a ride-along mode [47]. ArduPilot
is not certified or supported for active controls in manned
flights. The partner uses proprietary sensors and actuation sys-
tems software that control the aircraft with limited authority.
ArduPilot providaes a complete set of high-level autonomous
control functionality, a full suite of sensor support providing
state feedback using a Kalman filter based attitude-heading-
reference-system, low-level PID controller loops, support for
a multitude of different hardware platforms, and extensive
community developer support. Given its open-source nature,
the software is easily extensible to new unmanned vehicle
types, as shown in [37].

The robotic systems developed followed a progression from
mock-ups that mimic the kinematics of WSC aircraft to
eventual implementation on WSC aircraft. The experimental
platform shown in figure 2a is the most recent iteration of
the WSC mockup system. It has identical kinematics to a
WSC aircraft prototype. The fuselage is suspended from the
wing frame structure by a two DoF mechanical joint that
is analogous to the hang-block pivot point of weight-shift
aircraft. The control of the platform is actuated by the CDPR.
Actuation is provided by four Dynamixel XM-540 servo-
motors [48] with integrated cable-winches. As illustrated in
figure 1, these manipulators are mounted to different positions
along the fuselage by spherical joints, and have the other end
of their cables attached at positions on the control bar. The
servomotors receive torque input commands at a rate of 50 Hz,
corresponding to the control update interval A; = 20 ms.

Rigid attachment
Hang-block

s
Wing keel
Mast

(@) (b)

Fig. 1: (a) Schematic of the wing-fuselage system with at-
tached CDPR piloting system; (b) corresponding kinematic
diagram

The CDPR has been implemented on several experimental
Romaeris aircraft. Candidate piloting systems were first tested
on the converted WSC aircraft shown in figure 2b. The WSC
capability was demonstrated by a hanging test where the
aircraft was hoisted by the lift point. Reference trajectory
tracking was tested, along with more essential validation of
the hardware and software functions. Once reliability of the
piloting system is proven in physical experiments, a program
of experimental flight test with a human pilot is conducted.
When active, the CDPR system replaces manual inputs of a
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human pilot in supplying the weight-shifting force. The pilot
remains in the loop to direct control input.

(b) CDPR piloting system test.

Fig. 2: Examples of lab experiment hardware employed to test
the CDPR piloting system prior to flight test.

C. Experimental weight-shift aircraft

Tests of the experimental weight-shift piloting system
were performed with the Cosmos Phase 3 ultralight fuselage
equipped with a La Mouette IPSOS 19 flexible wing [49], [50].
The wing is rated for a maximum velocity of 80km/h, and
a total flying weight of 350kg. An image of the test aircraft
is presented in figure 3a. The CDPR actuators are mounted
to the chassis and wing down-tubes above the pilot. While
this mounting configuration position is sub-optimal in terms
of available control authority as the leverage to the hang-
block pivot point is reduced, it is an intentional choice that
ensures the piloting system out of the way of the human
pilot. The servo-motors are further restricted in maximum
available torque at the firmware level. Figure 3b shows the
pilot operating the FBW piloting system with a leg mounted
joystick.

III. EXPERIMENTAL RESULTS

A. Sample 1: Maiden test of CDPR piloting system

A test flight program was launched to validate the CDPR’s
performance in real-life experimental flight scenarios. After
reaching safe operating conditions, the test pilot engages

(b) Cockpit view of test pilot sharing his evaluation
of piloting system’s performance with ground crew.

Fig. 3: The CDPR piloting system equipped to weight-shift air-
craft. When engaged, the CDPR replaces physical pilot control
with electronic FBW control provided by the controller.

the CDPR piloting system and inputs pitch-roll commands
via the joystick. The first test result sample is from the
maiden test flight of the piloting system, and shows a fixed
altitude starboard-side banking turn maneuver that requires
coordinated 2-axis control. Plots for the servo-winch torque
commands and the corresponding section of the 2D GPS track
from the test flight data log are shown in figure 4. During the
maneuver the altitude was held in a horizontal plane between
260m to 270 m.

B. Sample 2: Automatic flight control with CDPR

The second test sample presents the initial flight test con-
ducted using automatic flight control to manage the attitude
of the weight-shift aircraft through the CDPR piloting system.
The human pilot remains in the loop, monitoring the flight. In
contrast with the first sample, the flight controller is respon-
sible for attitude management, while the human pilot controls
throttle and provides desired attitudes. The controller’s PID
gains and parallel actuator coordination logic are derived from
the model-free reinforcement learning solution in [36].
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Fig. 4: Flight trajectory of first sample, with piloting system inputs for coordinated turn maneuver.

Test pilot notes that average prevailing winds were at
4.7 m/s with a north-east heading of 54° measured from north.
The trajectory data for the sample flight test is presented in
figure 5. The flight has three control type phases labelled
manual, fly-by-wire mode 1 (FBW-1), and fly-by-wire mode
2 (FBW-2). In manual, the control is a mixture of manual
pilot input and direct drive controls with no active feedback
control, identical to the first test flight sample. In FBW-1
the feedback controller is commanded by the human pilot to
follow roll angles to induce banking turn, pitch is held steady
by the CDPR, and throttle is directly controlled by the pilot.
FBW-2 is a superset of the FBW-1 mode, where pitch control
is additionally employed by the flight controller to manage

altitude deviation. oy — . . . . . . .
. . ) 100 200 300 400 500 600 700 800 900
The flight track as shown in figure 5a is better understood Time [s]

when divided into sections as described by the test pilot. The
0s to 380s section is in manual control as the pilot climbs
out from take-off, gains 60 m of altitude to allow for safe
test maneuvers, and performs an in-flight actuation systems
check before beginning the automatic controls test. During
the 380s to 570s section, a brief actuation systems check in
FBW-1 is performed to ensure positive control is available,
after which the pilot allows the aircraft to descend while
inputting turn commands as needed to keep the aircraft on its
original heading. During the 570s to 650s section, the pilot
recovers altitude, and then performs a single large clockwise
turn. During the 650s to 750s section, the pilot switches to
FBW-2 mode to evaluate the pitch-altitude correction response
of the controller. The experiment is ended past this time as IS ey
the pilot switches to manual, disengages the piloting system

actuators, and performs landing under human powered input.

80 T T T T T T T T

=
=1
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(a) Altitude over time for automatic flight controls test sample.
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(b) Projected ground track overlaid on satellite
map.

In FBW test, the automatic feedback control is interpreting
the pilots electronic joystick inputs and correcting for the
wing attitude error. Figure 6 shows the data captured of the
feedback controller’s performance. It can be seen in figure 6a
that the inputs are in the positive direction as the human pilot
is commanding the clockwise turn corrections to counteract
the prevailing wind that is pushing the aircraft away from
the original heading. The aircraft enters a +10° dutch roll

Fig. 5: Flight trajectory of the second sample. The automatic
flight controls were active for the track sections labelled FBW-
1 and FBW-2.
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Fig. 6: Roll controller input and response of CDPR piloting
system while in FBW-1 section of test flight sample.

oscillation due to the control error correction input. The
controller could not attenuate the oscillation as it was not
adequately tuned and had limited authority. Figure 6b shows
the result when a 2s moving average filter is applied to the
input and response data, where it is more readily seen that the
control performs adequately despite the feedback oscillation.

The large sustained clockwise turn during the FBW-1 sec-
tion is worth highlighting for it demonstrates the performance
of the piloting system as it operates away from the trim
region of the flight envelope. Figure 7 presents the input and
response performance of the piloting system during the turn.
The piloting system detects the aircraft exceeding the imposed
safety limit of 15° and performs an immediate automatic
corrective action, overriding the pilot’s sustained command.
The failsafe action repeats 3 times before the aircraft com-
pletes the turn. The automatic action of the parallel actuators
corresponding to the clockwise turn is shown in figure 7b.
It is clearly observed that the actuators reach the firmware
limited saturation point during the turn. This limit prevents
the piloting system from performing dangerous weight-shift
inputs that have the potential to be catastrophic when near the
edge of the flight envelope’s stability region.
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(b) The parallel port and starboard side actuators normalized
torques over time during the sustained clockwise turn.

Fig. 7: Roll controller input and response of the CDPR piloting
system while in FBW-1 for the large sustained clockwise turn.

IV. CoNCLUSION

This work reports on the implementation of a novel cable-
driven parallel robot (CDPR) system for automatic weight-
shift control in ultralight aircraft. The experimental results
validate the piloting system’s ability to perform flight maneu-
vers that would otherwise involve physical input of the human
pilot. The PID feedback controllers while able to manage
the attitude of the wing were not well-tuned and induced
significant oscillations to the system. Future developments will
explore the integration of more sophisticated adaptive control
techniques to enhance the CDPR’s performance in variable
flight conditions.
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