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Abstract

With the recent advances in the �eld of unmanned aerial vehicles, many applications have
been identi�ed. In tasks that require high-payload-to-weight ratios, �ight times in the
order of days, reduced noise and/or hovering capabilities, lighter-than-air vehicles present
themselves as a competitive platform compared to �xed-wing and rotor based vehicles.
The limiting factor in their widespread use in autonomous applications comes from the
complexity of the control task. The so-called airships are highly-susceptible to aerodynamic
forces and pose complex nonlinear system dynamics that complicate their modeling and
control. Model-free control lends itself well as a solution to this type of problem, as it derives
its control policies using input-output data, and can therefore learn complex dynamics and
handle uncertain or unknown parameters and disturbances.

In this work, two multi-input multi-output algorithms are presented on the basis of
optimal control theory. Leveraging results from reinforcement learning, a single layer,
partially connected neural network is formulated as a value function appropriator in accor-
dance with Weierstrass higher-order approximation theorem. The so-called critic-network
is updated using gradient descent methods on the mean-squared error of the temporal
di�erence equation. In the single-network controller, the control policy is formulated as a
closed form equation that is parameterized on the weights of the critic-network. A second
controller is proposed that uses a second single-layer partially connected neural network,
the actor-network, to calculate the control action. The actor-network is also updated using
gradient descent on the squared error of the temporal di�erence equation.

The controllers are employed in a highly realistic simulation airship model in nominal
conditions and in the presence of external disturbances in the form of turbulent wind.
To verify the validity and test the sensitivity of the algorithms to design parameters (the
initialization of certain terms), ablation studies are carried out with multiple initial pa-
rameters. Both of the proposed algorithms are able to track the desired waypoints in both
the nominal and disturbed �ight tests. Furthermore, the performance of the controllers is
compared to a modern, state-of-the-art multi-input multi-output controller. The two pro-
posed controllers outperform the comparison controller in all but one �ight test, with up to
four fold reduction in the integral absolute error and integral time absolute error metrics.
On top of the quantitative improvements seen in the proposed controllers, both controllers
demonstrate a reduction in system oscillation and actuator chattering with respect to the
comparison algorithm.
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(a) Vertical position, z [m] . . . . . . . . . . . . . . . . . . . . . . . . . 106
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Chapter 1

Introduction

This Chapter introduces the reader to the high-level ideas that follow in this work, outlining
the motivation for the research, the research contributions and scholarly outcomes from
this research period. Section 1.1 o�ers a summarized history of Lighter Than Air Vehicles
(LTAVs) research and uses. The motivation for seeking a model independent control scheme
for dirigible airships is introduced in Section 1.2 with the objective and contributions being
discussed in Section 1.3. The thesis organization is outlined in Section 1.4 with a tabulated
list of the scholarly outcomes of this research being available in Section 1.5.

1.1 Background

In this section, the reader is introduced to a brief history of the development of the state-of-
the-art for airships research, with a focus on the research interest surrounding autonomous
�ight. Bene�ts of dirigibles over their unmanned counterparts, as well as tasks for which
LTAVs are well suited are introduced.

Remark 1.1. Herein, for readability, the terms airship, dirigible and LTAVs are used
interchangeably.

In modern times the term Unmanned Aerial Vehicles (UAVs) is ubiquitous in technolog-
ical industries with multirotor aircraft �nding a great deal of application. The popularity
of these vehicles has followed into the research �eld. This trend shared between industry
and academia has accelerated the understanding and development of drone �ight [58]. The
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popularity of these vehicles has bred the development of open-sourced models and simu-
lation environments that allow researchers to more easily investigate control strategies. In
more recent years, research into using LTAVs has begun its resurgence. LTAVs generate
their lifting force by using gasses such as Helium to reduce the e�ective weight of the vehi-
cle [49]. This design philosophy provides numerous advantages compared to the multirotor
or �xed-wing alternatives that make dirigibles best suited for certain tasks. A brief com-
parison of their performance characteristics for aerial sensing and monitoring missions is
provided in [20] and summarized with slight modi�cation in Table 1.1.

Table 1.1: Comparison between �xed-wing, rotor and LTAVs for aerial sensing applications.
The performance markers are given by ×, where × = Poor, ×× = Mediocre, × × × =
Best

Characteristic Fixed-Wing Rotor Lighter-Than-Air

Hovering × ××× ×××
Long �ight times ×× × ×××
Low electrical noise × × ×××
Low cost ×× × ×××
Low vibration ×× × ×××
Low speed �ight × ××× ×××
Maneuverability ×× ××× ×
Payload-to-weight ratio ×× × ×××
Simplicity ×× × ×××
Vertical Take-O� and Landing × ××× ×××

Expanding on the advantages outlined above, it is clear to see that there are a range
of tasks for which LTAVs are ideally suited, including but not limited to [19, 44, 58]:

� Transport

� Surveillance

� Freight Carrier

� Monitoring (tra�c, wildlife, vegetation)

� Adverts

� Urban planning

� Inspection (pipeline, power lines, archi-
tectural development, railways)

� Law enforcement

� Telecommunications relay

� Agricultural studies

� Atmospheric and limnological pollutants
research
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� Characterization of plants and animals � Cinematography

Published in 1998, [19] introduce a paper targeted at advancing the state-of-the-art
of autonomous �ight for airships. The paper discusses project AURORA (Autonomous
Unmanned Remote mOnitoring Robotic Airship) with the mission statement of decompos-
ing the task into research surrounding the navigation, control, sensing and inference for
semi-autonomous airships. The ultimate goal is the transformation of, what was at the
time, teleoperation of dirigibles, to telemonitoring of autonomous vehicles. The work in
[19] and subsequent works in [8, 13, 20, 26, 52] pushed this goal forward delivering dif-
ferent philosophies of airship designs, and optimizing the perception task of the vehicles.
During this time empirically derived aerodynamic coe�cients for common airship designs
were inferred through wind tunnel testing and application. These advances allowed for the
development of classical control techniques implemented using linearization techniques on
uncertain nonlinear models [44, 74].

With the development of project AURORA autonomous airship control gained research
popularity. With modern advances in small-form computational power and intelligent con-
trol, autonomous airship control seemed more attainable. In 2022, Price et al. developed
and released an open-source Robot Operating System (ROS) compatible simulation en-
vironment, in [58], that is shown to behave in a highly realistic manner, taking into ac-
count the non-rigid structure of a volume airship, and incorporated turbulent wind using
a Dryden wind �lter. This development, as well as others like it, allow for low-cost, rapid-
iterative prototyping of control algorithms speci�c to this vehicle architecture, that may
be implemented without risk to any physical components. The availability of these types
of simulation models and environments also makes o�ine training and dirigible integration
of multi-robot systems, including airships as seen in [57].

1.2 Motivation

In Section 1.1, the use of autonomous aerial vehicles as a tool in a subset of aerial tasks is
presented, with a brief history leading up to the modern state-of-the-art. In this section,
the need for the algorithms developed in this work is justi�ed.

At the time of this work, the autonomous control of airships remains an open issue
with the most successful approaches coming recently in [43, 44, 57, 58]. These works
leverage intuition of the vehicle dynamics through virtual axes used in the LibrePilot
autopilot software, although they are not explicitly represented with any type of vehicle-
speci�c modeling. In [43, 44], the techniques that are used to control the airship are
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trained o�ine for multiple days with high-powered and costly graphical processing units
and therefore require a great deal of computational power on top of having limitations in
their ability to generalize, which is a common downfall of o�ine techniques [62]. With this
considered, there is room for an online adaptive airship control strategy that is independent
of vehicle dynamics, whether modeled explicitly or implemented via-virtual axes. This type
of formulation does not constrain its application to a singular vehicle type or structure and
allows it to generalize well, given its online nature [62], while allowing for the possibility
of controlling airships with a range of designs, requiring only minimal modi�cation by the
designer(s).

1.3 Objectives and Contributions

In Section 1.2, the need for a vehicle-agnostic online adaptive airship control strategy is out-
lined. In the work presented herein, the objective is to develop a Multi-Input Multi-Output
(MIMO) Model-Free Control (MFC) strategy that learns online through interactions with
its environment, by way of measurements gathered along its trajectories. The control al-
gorithm should be lightweight to allow for onboard computations, respecting the desired
frequency requirements of the designer. The controller must be robust to external turbu-
lent wind disturbances, successfully tracking the desired waypoints, despite the presence
of wind. The contributions of this work are:

� Two online MIMO MFC control structures using single and double neural-network
architectures for value and action function approximation.

� A framework for applying both controllers to a highly realistic airship simulation
model for altitude and altitude and velocity control tasks.

� An open-source GitHub repository for the application of the controller to the simu-
lation model. 1

1.4 Thesis Outline

As stated in Section 1.3, two algorithms are developed herein and tested in both nominal
and windy test �ights. In Chapter 2 related work on the topic of airship control and machine

1Found here
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learning theory are discussed, with a focus on MFC and it's application to LTAVs. Previous
classical control attempts are discussed in Section 2.1, while Section 2.2 introduces previous
works on the mathematical development of machine-learning control, Section 2.2.1, and it's
application to dirigible control, Section 2.2.2.

In Chapter 3, the mathematical preliminaries are introduced, reviewing the system
de�nition in Section 3.1 and laying the foundation for reinforcement learning and it's
application to optimal control theory in Section 3.2. Here the problems to be solved by
the algorithms presented in Chapters 4 and 5 are explicitly discussed.

The structure of Chapters 4 and 5 is similar with the controller developments for the
single-network (critic) and double network controllers being outlined in Sections 4.1 and 5.1,
respectively.

In Sections 4.2 and 5.2 the experimental details and simulation results for the alti-
tude control using the single-network controller are discussed. Section 4.2.1 highlights the
ROS/Gazebo simulation environment and the experimental parameters are introduced for
the altitude control task for both proposed controllers in Section 4.2.2 and the comparison
controller, Section 4.2.3.

In Section 4.2.4 for the single-network controller and Section 5.2.1 for the double-
network controller, the learning rate parameter is tested for the altitude control task to de-
termine the sensitivity of the controllers to the critic and actor learning rates, respectively.
Taking the learning rates from the previous sections, Sections 4.2.5 and 5.2.2 consider
the single waypoint altitude control task for the single and double-network controllers,
respectively. Sections 4.2.5 and 5.2.2 contains an ablation study performed over many
initial values to determine the sensitivity of the algorithms to their starting conditions.
From there, two sets of initial values are used to perform nominal and wind disturbed test
�ights to verify the robustness of the algorithms to turbulent wind. The nominal and wind
disturbed experiments are repeated in Section 4.2.6 for the single-network controller and
Section 5.2.3 for the double-network controllers, with the addition of the results from the
comparison algorithms for a multiple waypoint trajectory. This experiment tests the abil-
ity of the controller to track multiple altitude waypoints, and quanti�es the performance
against a state-of-the-art MIMO MFC strategy. The results of altitude control experi-
ments are then summarized with concluding remarks for each controller in Sections 4.2.7
and 5.2.4.

The complexity of the task is augmented in Sections 4.3 and 5.3 where the altitude
and velocity, along with their time derivatives are controlled using two actuators. The
experimental parameters are introduced in Sections 4.3.1 and 4.3.2 for the proposed single-
network controller and the comparison controller, respectively.

5



The structure of this section is similar to its predecessor with Sections 4.3.3 and 5.3.1
performing an ablation studies over multiple initial conditions for the single and double-
network controllers, before testing a subset of the responses from the study in a nominal and
disturbed test setting. The single-network controller is tested with a multi-waypoint desired
trajectory task in Section 4.3.4 and the double-network controller is tested in Section 5.3.2,
quoting results for both nominal and windy experiments and comparing the trajectories
to those of a comparison controller. Concluding remarks for the altitude and velocity
controllers are o�ered in Sections 4.3.5 and 5.3.3 before concluding the chapters with �nal
remarks in Sections 4.4 and 5.4.

Chapter 6 o�ers concluding remarks recounting the performance of both controllers at
a high-level, and o�ering some areas where the controllers may be expanded.

1.5 Scholarly Outcome

Some of the thesis research �ndings has been disseminated in the following publications:

� [12]: Derek Boase, Wail Gueaieb, and Suruz Miah. �Underactuated MIMO Airship
Control Based on Online Data-Driven Reinforcement Learning�. In: IEEE/RSJ In-
ternational Conference on Intelligent Robots and Systems (IROS). (Accepted: Jun.
2023). Detroit, MI, USA, Oct. 2023, pp. 1�8

� [1]: Mohamed Abouheaf, Derek Boase, Wail Gueaieb, Davide Spinello, and Salah
Al-Sharhan. �Real-Time Measurement-Driven Reinforcement Learning Control Ap-
proach for Uncertain Nonlinear Systems�. In: Engineering Applications of Arti�cial
Intelligence (Elsevier) 122 (June 2023), pp. 1�18. doi: 10.1016/j.engappai.2023.
106029
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Chapter 2

Literature Review

This chapter discusses the most relevant literature for control strategies regarding Un-
manned Aerial Vehicles (UAVs) with a focus on Lighter Than Air Vehicles (LTAVs). Sec-
tion 2.1 considers fundamental approaches using classical model-based control schemes for
di�erent models of dirigibles. This section outlines the assumptions and results with a
brief description of the high-level modelling philosophies. In Section 2.2, machine learn-
ing techniques are introduced and broken down to a theoretical and practical capacity.
Section 2.2.1, outlines the mathematical formulation of relevant machine learning control
schemes with a heavy focus on Multi-Input Multi-Output (MIMO) Model-Free Control
(MFC) strategies, while Section 2.2.2 outlines the current state-of-the-art of MFC as it is
applied to UAVs. Section 2.2 dives deeper into the mathematical structure of the control
schemes as well as the practical results quoted in the most relevant literature.

Remark 2.1. The terms model-free and data-driven are used interchangeably.

2.1 Model-Based Airship Control

In this section, model-dependent airship control strategies are discussed. With the resur-
gence in popularity of LTAVs, autonomous control of such vehicles has been the focus of
many research teams with initial attempts consisting of classical methods. To implement
such classical methods it is necessary to �rst model the airships as well as their dynam-
ics [51]. The Newton-Euler method is commonly used for modelling dirigible dynamics in
the literature [3, 26, 35�37, 49, 61, 79]. In doing so, authors develop equations of motion
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accounting for the actual and apparent mass, centrifugal and Coriolis forces, and gravita-
tional forces, to represent the dynamics of the airship in response to di�erent forces acting
upon it. This means that, in general, di�erent airship designs require di�erent models and
therefore must be examined on an individual basis before a control scheme may be derived.
This is an expensive and challenging consequence as designs are complex and often contain
unique coe�cients that are only available through a large number of empirical tests, as
illustrated by Paiva et al. in [52]. It is also the case that there exists high variability in the
design of airships, speci�cally with respect to thrusting techniques and the inclusion and
orientation of control surfaces [58]. In addition, the inability to accurately mathematically
model external disturbances and process variation leads to underperformance of the system
when using classical control techniques [7, 47, 51].

Models are presented in [3, 26, 61, 79] for dirigible designs that rely on vector thrusting
for pitch and altitude control and control surfaces for pitch and yaw control. An alternative
model is proposed for smaller low-speed airships that achieve pitch and altitude control by
translating the gondola along the longitudinal axis of the airship [4, 35�37, 49]. By moving
the gondola the alignment between the Center of Gravity (C.G.) with respect to the �xed
Center of Volume (C.V.)1 is changed thereby a�ecting the pitch.

For all of the model-based control strategies that are considered, assumptions are made
to simplify the dynamics irrespective of the design of the vehicle. It is commonly assumed
that the airship is perfectly rigid and that the C.V. and C.G. are coplanar, these are referred
to as the rigidity and symmetry assumptions, respectively. It is also important to note that
for each model highly speci�c aerodynamic, inertial and mass coe�cients are required. At
the time of writing, the only means of establishing these values with any degree of accuracy
is by empirically deriving them. In fact, in much of the literature, coe�cients are taken
from other papers despite using di�erent models and LTAVs designs.

In [52], Paiva et al. develop an autonomous hierarchical �ight controller for the model
developed in [26]. The unknown coe�cients from the model are estimated using empirically
derived data that was acquired from over 600 [h] of wind tunnel experimentation on an
AS800 airship. It is interesting to note that although the model is developed with the
assumption of rigidity, the airship that is used for data acquisition has a non-rigid structure.
A high-level block diagram of the control scheme used in [52] is shown in Figure 2.1.
The controller aims to control the airship during take-o�, cruise, turn, hover and landing
�ight modes. The supervision block is responsible for determining which �ight mode the

1It is noted that the center of volume is not strictly �xed as leaks will a�ect its location, but it is taken
for granted that the rate of change in position of the C.G. is much quicker than the rate of change in
position of the C.V. therefore justifying this statement.
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Algorithms

Supervision

Actuators

Sensors

Airship

Waypoints

Figure 2.1: High-level block diagram of the control hierarchy used in [52]. The supervision
block oversees trajectory and �ight mode information, the algorithm block calculates the
control action for the three control loops used in the model and the actuator block turns
the control action input into low-level commands.

airship is currently operating in and monitoring the errors in cartesian space between the
commanded pose and the actual pose of the airship. The algorithm block consists of
three independent control loops for the velocity, height and heading control, respectively.
The velocity controller is implemented using a Proportional Integral Derivative (PID)
controller whose output is the control action sent to the propeller actuators for the thruster
drives. The height and heading of the airship are both governed by Proportional Derivative
(PD) controllers that calculate the control action sent to the elevator actuators and the
rudder actuators, respectively. The actuator block turns the control actions sent from
the respective controllers to low-level signals invoking the appropriate response for the
associated hardware.

To validate the control scheme in [52] numerical simulations are performed on a trimmed
model over an entire �ight using Simulink. The model is trimmed around a longitudinal
velocity of 12 [m/s] and a height of 100 [m]. The control gains for each controller are tuned
via trial and error, employing a gain scheduling technique for the heading and velocity
controllers. The results presented show that the controller is capable of achieving the
desired performance from the model and demonstrates an intuitive response to constant
perturbations that are meant to represent wind.

During the take-o� region, the simulation reaches the target height of 100 [m] with
overshoot in the order of 1 [m]. During the cruise �ight, the simulation is disturbed by the
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constant wind causing the controller to demand a lateral component of vehicle velocity of
roughly 2 [m/s]. This lateral velocity component is removed at the 120 [s] mark when the
airship is commanded to turn into the wind, which it successfully does. The hover mode
is commanded at 180 [s] forcing the longitudinal component of velocity to decrease from
12 [m/s] to 0 [m/s] over a period of roughly 40 [s]. The �nal �ight mode is the vertical
landing performed over a time of 100 [s] bringing the altitude of the simulated airship from
approximately 100 [m] to 0 [m].

While the controller proposed in [52] successfully eliminated the steady-state error in
a Simulink environment, there are two important observations; despite the development
of a complex and intricate model and use of 600 [h] (25 [d]) of wind tunnel data, the
controllers were still tuned by trial and error. In addition, the validation of the controller
was implemented on simulation of a trimmed model and therefore may not map to reality or
extend to useful general �ight characteristics as the performance of the vehicle is restricted
to the knowledge of the model.

Building o� of the results in [52], Carneiro de Paiva, Benjovengo, and Siqueira Bueno
develop a robust MIMO Sliding Mode Control (SMC) controller in [13] by linearizing
the model presented in [26] around a constant height of 100 [m] and constant airspeed
of 5 [m/s]. The linearization of the dirigible model is common in airship control given
the model complexity and nonlinearities [13] and has the consequence of decoupling the
vertical and lateral motions of the airship. The authors argue that the model linearlization
is justi�ed based on the inherent robustness of SMC controller. This assumption is tested
by exposing the nonlinear dynamic model of an AS800 airship to a constant unidirectional
gust of wind with a speed of 3 [m/s], thereby introducing a range of airspeeds in the
interval [2, 8] [m/s]. Despite having four states, the decoupled model of the horizontal
motion of the airship is approximated as a second-order system which the authors argue
is a common simpli�cation used in this �eld [13]. The longitudinal controller controls the
height and airspeed of the airship and the lateral controller controls the 2D trajectory
following behaviour of the LTAVs. The SMC controller that is proposed is shown to be
Bounded-Input Bounded-Output (BIBO) stable using the Lyapunov stability theory as
outlined in [7] and is employed through the use of a soft-switching technique to lessen
the prolonged high magnitude and high-frequency chattering that can accompany SMC
controllers.

The SMC controller was tested using a nonlinear model environment as in [52]. The
airship is commanded to �y at its trim point with a 2D rectangular trajectory with side
lengths of 300 [m] and 200 [m]. A constant uniformly distributed wind is applied �owing
parallel to the 300 [m] side length and perpendicular to the 200 [m] side length of the
nominal path. The simulation begins with a headwind where the controller can respond
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well to the tracking and velocity references. In the cross-wind sections, the controller
begins to introduce overshoots of approximately 25 [m] turning into the tailwind and 10 [m]
turning into the headwind. The authors argue that the tracking error at the corners of the
rectangular trajectory could be signi�cantly reduced by smoothing out the corners of the
desired path. It is also observed that the rudder de�ection begins to experience decaying
oscillation, similar to the chattering phenomenon, in the cross-wind regions as the lateral
controller attempts to correct the airship heading angle. In the tailwind region of the
simulation, the airship experiences an overshoot of approximately 50 [m] while turning
into the lower cross-wind section.

The simulations demonstrate success concerning the problem statement that the au-
thors put forth, however, the simplifying assumption required for linearization, that is there
exist only small perturbations from the trim point for the height and airspeed, limit the
e�ectiveness of the controller in all �ight modes. This linearization further decouples the
vertical and horizontal �ight dynamics, which may not be representative of a real system,
despite the success of the controller in simulation.

An independent control scheme is presented in [60], where the authors also decouple the
longitudinal and lateral system dynamics and control the speed, heading, pitch and height
with independent controllers shown in Figure 2.2. The longitudinal controller is responsible

Heading Control

Speed Control

Elevator Control

Sensors

Waypoints
Rudder

Throttle

Elevator

Airship
Navigation

planner

Controller Actuators

Vref

ψref

Href

Figure 2.2: High-level block diagram of the control hierarchy used in [60]. The low-level
controllers control the control action of the actuators and the high-level controller calculates
the setpoints for the low-level controllers.

for controlling the longitudinal and vertical displacements and velocities as well as the pitch
and pitch rates, using these as the outputs and having the elevator de�ection and vector
thrust angle as the control inputs. The lateral controller uses the lateral displacement and
velocity and the roll and pitch, as well as their rates for system outputs, and the rudder
de�ection angle as the system input.
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Control of the longitudinal dynamics is decomposed into two parts, velocity control and
height control. The velocity control is realized with a Proportional Integral (PI) controller
that is tuned based on the linearized model about a trim point. The altitude controller
leverages a cascade control structure with the �rst block taking the height as the output and
calculating the desired pitch which is then fed into the pitch controller. The output of the
pitch controller is the required elevator de�ection. The structure is shown in Figure 2.3
with the height controller and pitch controller both containing a fuzzy logic structure.
The heading control is realized by leveraging a fuzzy logic controller in parallel with an
integrator, where the integrator is included for robustness to noise and is reset every time
a new waypoint is tracked. Both fuzzy logic controllers are tuned using improved genetic
algorithms as an optimization technique for the controllers.

Height

Controller
Pitch

Controller

Href

Hk

θk

θref
δk,e

Figure 2.3: High-level block diagram of the control hierarchy used in [60]. The control
scheme for the elevator controller in [60].

The controllers described above are tested in numerical simulation around a trimmed
operating longitudinal velocity of 8 [m/s]. The airship is given four waypoints and success-
fully reduces the heading and altitude error in general, however, there were large deviations
up to 55 [m] in the tracking error for the sharp corners in the trajectory path.

Adamski et al. propose a trajectory tracking algorithm in 3D space that uses error
tunneling to control a modi�ed model of an AS500 airship along a trajectory using six
independent PD control loops, one for each Degree of Freedom (DoF). The model assumes
that the rudders and elevators, herein the control surfaces, are �xed and that the two
thrusters can operate independently. Additionally, it is assumed that the thrusters, which
are initially close to the axis of symmetry are moved away from the airship by 1 [m] to allow
for a larger range of turning torques. The error tunneling technique that is employed de�nes
a Main Error Tunnel (MET) as a cylinder whose central axis is the nominal trajectory and
whose radius is the acceptable error. A Temporary Error Tunnel (TET) is also de�ned
which describes the trajectory that the airship is meant to take to return to the MET
when the airship is not within it. The airship uses the TET if the error becomes too large
during the �ight, or if the initial position of the airship is not within the MET. The TET
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is derived by using a 3rd order polynomial for the central axis and again having a radius
equal to the acceptable temporary error.

Due to the complexity of the LTAVs model, the control gains for the PD controllers
are determined numerically in Matlab using a built-in multicriteria genetic algorithm and
selecting the gains for the linearized model. It is noted that while this is a valid approach
for accuracy on the numerical model, translation to a physical structure may not yield
comparable results. The validation of the control scheme is performed via simulation in a
MATLAB environment with and without external disturbances. In both cases the airship is
started at the origin of the world frame and the initial and terminal points of the trajectory
to be followed are located at [300, 50, −80] [m] and [500, −50, −50] [m], respectively.
In the simulation of the undisturbed �ight, the algorithm successfully �nds the �nal point
of the nominal trajectory using a MET while following the nominal trajectory with the
absolute value of the position error not exceeding 1.2 [m] in any direction. This error is well
below the MET radius of δm = 10 [m]. In the disturbed simulation the vehicle again follows
the nominal trajectory within the MET until a spatially uniform gust of wind is simulated.
The 3 [s] gust pushes the airship model outside of the MET so a TET is created bringing
the airship back to the nominal path before it successfully �nds the terminal point. The
errors along the trajectory for the wind disturbed test case are not quoted in this reference.

In both cases, the airship found the initial and terminal trajectory points despite be-
ginning outside of the error radius. While the trajectory tracking algorithm was successful
in these simulations, it is once again important to note that the autonomous control of the
airship was validated against a simpli�ed model of the vehicle dynamics.

An adaptive variation to a fuzzy sliding mode control structure is proposed in [80]
whereby the authors overcome the lack of systemic design techniques that restrict the use
of fuzzy logic strategies by proposing an online adaptation law for the fuzzy sliding mode
control. The controller that is proposed is based on a simpli�ed airship attitude dynamic
model that depends upon the parameters of an inertial matrix and the C.G. and C.V.. As
mentioned previously, these terms are not static in the application, although they are often
assumed as such. The stability of the proposed control strategy is proved mathematically
using the Lyapunov candidate function.

The experimental validation is performed via numerical simulation using a Runge-Kutta
method with variable steps. Two simulations are performed; one with constant nominal
model parameters and no external disturbances, and another where the inertial coe�cients
are varied by 10% with respect to their nominal values and an external disturbance is
simulated in the form of a torque applied to the attitude axes. In both cases, the controller
can track the desired model trajectory and produce sliding functions that converge to 0.
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An autonomous path tracking algorithm is proposed in [31], where the airship is treated
as a point mass located at the center of the volume of the vehicle. In doing this, Kahale,
Garcia, and Bestaoui consider only the equations of motion of the airship, signi�cantly
simplifying the problem formulation. The equations of motion for the guidance control
system are derived from Newton's laws of motion allowing the authors to neglect the
rotational velocity of the Earth.

The controllability and accessibility are proved for all �ight modes for which the velocity
is non-zero. The authors use robust control Lyapunov functions for tracking by using the
pitch and roll rates and the 3D acceleration of the airship as control inputs. To verify the
robustness of the controller, a linearized version of the airship dynamic model is numerically
simulated in a nominal case and again in the presence of wind gusts produced using the
von Karman power spectral density wind generator. In this paper, the authors discuss
the use of both the Dryden wind model and the von Karman model but decide to use the
latter as it is more easily implemented, although the Dryden model is more realistic. The
simulation results show that the proposed controller is e�ective in eliminating the steady-
state tracking error, in the presence of wind for both a linear and curved trajectory. It
is noted that the trajectories are consistently increasing and show no convergence. This
seems to be an unrealistic application of dirigibles as the hover and �ight regimes of the
z target should be static, at minimum, whereas in these tests, the altitude continuously
increases. Nonetheless, the desired trajectories were successfully tracked.

In [41] the authors create a controller for a �n-less airship with four independently
controllable thrusters. The model used for validation is based upon the Quanser MkII
airship model presented in [48, 53]. The �n-less strategy is invoked to compensate for the
stalling e�ect around the �ns at high angles of attack and sideslip angles. Additionally, for
hovering procedures and low-speed operations, the control surfaces have minimal in�uence
compared to vector thrusting.

The design is composed of a high and low-level controller where the high-level control
is responsible for calculating the desired velocity and attitude and the low-level controller
calculates the thrust magnitude and thrust angles of each thruster. The velocity controller
is an integral Lyapunov controller taking the desired velocity as an output and calculating
the transnational acceleration as a control action. The attitude control is an integral
backstepping structure that calculates the angular accelerations required to achieve the
desired rotation described in quaternions. The thrust and thrust angles are then calculated
from the desired accelerations using a static model that is developed.

The controller is tested using both numerical simulation and physical experimentation.
In both the numerical simulation and the physical testing the controller was able to follow
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the desired attitude with acceptable results. The altitude control did not map between
the simulation and experimental results with the simulation showing little tracking error
and the physical testing showing consistent deviations of ± 0.5 [m] with some of the errors
exceeding 2 [m] of the target altitude of 4 [m]. The dirigible spends approximately 25 [s]
on the ground during the �nal 35 [s] (representing an error of 100%) of the �ight testing
and seems to begin to diverge before the end of the experiment. The velocity had a similar
but reduced error dynamic with the error being as high as 1.5 [m/s] (again, representing
an error of 100%) and also appearing to begin to diverge toward the end of the experiment.

In the work presented by Recoskie in [61], a long-range hybrid airship is discussed. A
variation of the airship model presented in [26] is presented in which the model is adapted
to consider modelling and parametric uncertainties to add validity to the results. An
input state matrix is also added to the model to adapt the model to the con�guration
of the dirigible that is used. Two control schemes, PID and backstepping controller, are
compared in simulation with external disturbances simulated using a Dryden turbulence
model.

The numerical experiments require the airship to travel through prede�ned waypoints,
minimizing the error along the trajectory. The results show that the total travel time and
distances are similar for both controllers with the backstepping controller having higher
maximum errors in the altitude and trajectory deviation, despite yielding lower average
errors in both metrics. This reduction of approximately 50% in the average error metrics
came at the expense of a 40% increase in fuel consumption over the total �ight time. A
unique contribution of this work was the controller's ability to reduce error amongst a
variety of �ight conditions. As an example, the PID controller that is used for trajectory
tracking is also used in hover �ight with 7m/s wind gusts, achieving an average error of
15.5 [m] and maximum error of 51.7 [m], which are comparable to other works that employ
scheduling techniques.

A SMC controller is proposed in [81] in which the stability is proved using Lyapunov
theory and the error is shown to converge asymptotically to 0. While this is desirable in the
sense of error elimination, examination of the control actions demonstrates a high degree
of chattering to achieve this control. To address this phenomenon Yang and Yan utilize a
radial basis function neural network, taking the current sliding window and its derivative
to the input layer and scheduling the control law between the di�erent surfaces. The kernel
layer of the network uses a Gaussian activation function whose weights are updated using
backpropagation.

A numerical simulation is performed in MATLAB using a variable step Runge-Kutta
integrator and disturbing the parameter with a random variable representing a 20% of the
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parameters nominal value. The trajectory results are nearly indistinguishable between the
SMC controller with and without the RBFNN. The di�erence is observed by looking into
the smoothness of the actuation signal. The actuators for the controller with the neural
network gain-scheduling were much smoother with small amplitude oscillations occurring
far away from the saturation points of the control actions. This is in contrast to the original
controller which seemed to oscillate between the high and low saturation values for each
actuator.

In [79], Yang, Wu, and Zheng use a simpli�ed dynamic equation that accounts for the
mass and inertial mass, centrifugal and Coriolis forces and the damping e�ects of an un-
deractuated airship that is controlled using control surfaces and propulsive motors. Two
position controllers are implemented using the SMC and Backstepping Sliding Mode Con-
trol (BSMC) strategies. The objectives of the controllers are to asymptotically approach a
target point. In developing the model, the authors assume for simplicity, a static equilib-
rium between the buoyancy and gravitational forces, and therefore exclude gravitational
e�ects from the dynamic model. As a consequence of this, the control problem is restricted
to controlling the 2D pose of the airship at a constant height of 500 [m]. Figure 2.4 shows
the top view of the 2D space with the initial and �nal points. Furthermore, in the dis-
turbed test cases, there is a spatially uniform time-varying wind blowing parallel to the
x-axis. Both control schemes are simulated in MATLAB with and without disturbance

x [m]

y [m]

xi = −50[m]

ψi 90
◦

yi = −50[m]

Figure 2.4: Initial and �nal point of the airship for the MATLAB simulation performed
in [79].
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and parametric uncertainties using a variable-step Runge-Kutta integrator. The paramet-
ric uncertainties are simulated by adjusting the model parameters to ±10% their nominal
values and the disturbance is simulated by applying a lateral wind with a magnitude that
is described by dwind = 10 cos(t) [m/s].

The e�ectiveness of the controller is evaluated based on the quality of the commanded
control signal and convergence speed, with reduced chattering and smaller convergence
durations being desired. The convergence results are summarized in Table 2.1.

Table 2.1: Convergence time for the simulated sliding mode control and backstepping
sliding mode control controllers proposed in [79].

Settling Times [s]

Controller x-axis y-axis ψ

SMC 500 250 50
disturbed SMC N/A 300 30
BSMC 80 80 10
disturbed BSMC N/A 300 50

From Table 2.1 it is observed that the position does not converge along the x-axis for ei-
ther of the disturbed cases. In the case of the SMC controller the lateral velocity becomes
bounded on the interval [−3, 3] [m/s] and for the BSMC the lateral velocity becomes
bounded on the interval [−0.5, 0.5] [m/s], indicating that the controller is attempting
larger error-driven adjustments for the SMC leading to higher-amplitude oscillations. A
similar comparison is made for the chattering phenomenon of the two controllers. A tab-
ulated comparison of the magnitude of the chattering e�ect for the control actions of each
controller is demonstrated in Table 2.2.

While the BSMC controller shows promising improvement in the simulations compared
to the SMC, it is noted that the validation method was again a limited simulation of
a control strategy that is developed under simplifying assumptions and the rigidity and
symmetry assumptions. As an example, the assumption of equilibrium between gravita-
tional and buoyancy forces limits the controller in the event of a desired elevation change
and removes control complexities associated with coupled behaviour between the controller
constraints. With this in mind, it is unlikely that repeatable results would be obtained on
a physical prototype.

More recently, di�erent design philosophies for airships have presented themselves. In
[4, 5, 35, 36, 49] a sliding ballast design is presented. In this approach, the pitch of the
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Table 2.2: Chattering amplitudes for the simulated sliding mode control and backstepping
sliding mode control controllers proposed in [79].

Chattering Magnitude [Nm]

Controller τu τv τr

SMC 10 25 400
disturbed SMC 16 35 460
BSMC ≈ 0 10 100
disturbed BSMC ≈ 0 14 110

airship is controlled by moving the gondola towards the front or back of the vehicle, thereby
inducing a pitching moment on the airship. This addresses the physical constraints placed
on traditional airship designs that prevent maneuverability in the vertical axis [4].

In [35] a Single-Input Single-Output (SISO) PID controller is developed to control the
pitch of a sliding gondola airship model under the rigidity assumption. The controller is
tested in numerical simulation by trimming the model presented in [36] around 180 [m]
altitude and assuming constant thrust of 0.1 [N] is applied to each thruster. The linear
analysis tool in MATLAB is used to deduce a trimmed model for the altitude, longitudinal
velocity and pitch and a tuning tool from the control toolbox is used to �nd the controller
gains for the given model. The trimmed model is exposed to low-frequency sinusoidal and
square pulse reference trajectories for the pitch which it can track with minimal error. In
this work a physical model is available, however, only open loop tests are performed as the
purpose was to validate the pitch control methodology of the sliding gondola method.

In [4, 5] both numerical simulation and physical prototypes are controlled with a PID
controller. The derivative term of the controller is replaced with a low pass �lter, which
is a common technique to avoid learning the high-frequency error that accompanies the
system noise[7, 51].

A simulation is performed for a pitch controller with a constant wind gust with at an
angle of -45 [◦] from vertical. For a low-frequency sinusoidal reference pitch trajectory
the tracking error of the SISO controller is sub 2 [◦]. Using a square pulse trajectory, the
model tracks the step changes in pitch, converging to the desired reference signal after
approximately 15 [s].

The controllers are then tested empirically in two test cases; one with no applied thrust
and one with a constant thrust input of 0.1 [N]. The PID gains from the simulation are
applied to the controller of the physical system however the results were unstable. This
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is likely because the empirical test cases are conducted too far away from the trimmed
point, invalidating the model that was used to develop and validate the controller gains.
The model derived gains will not be able to compensate for the modeling and parameter
uncertainties associated with the transfer function. The tracking for the sinusoidal trajec-
tory appeared to have an acceptable shape, with a signi�cant phase shift. The tracking of
multiple pulses and a single 20 [◦] step struggled much more compared to the numerical
simulation. The total average error is much larger and the response times to the step
inputs are longer. It is noted that the focus of the paper was the theoretical and practical
pitching mechanism associated with the sliding gondola and that was demonstrated e�ec-
tively. The results from simulation to physical implementation, however, show that there
is a disconnect between the two, likely due to the modeling complexity and the required
linearization required to implement the controller.

The work presented in [49] presents an adaptive self-tuning PID controller with a su-
pervisory loop and applies it to a LTAVs with a sliding ballast structure. The control
problem is formulated as a SISO control problem where the displacement of the gondola is
the control input and the output is the pitch of the airship. The system is modelled as a
multi-body system, where the gondola and hull are independent bodies. The block diagram
for this controller is shown in Figure 2.5 with the supervisory loop being a high-level loop
that guarantees the stability of the response and the adaptation law being added for ro-
bustness against disturbances and uncertainties. The update laws for the adaptation block
are based on a sliding mode condition. It was found that the supervisory loop induced
chattering in the control actions and thus is only used when the error in the pitch exceeds
some user-de�ned error limit otherwise the loop disconnected. This may be thought of a
type of scheduling approach where the supervisory loop is used when the error exceeds a
threshold.

The reference trajectory for the numerical simulations includes a low-frequency sinu-
soidal pitch trajectory and a multi-step input with linear transitions. In both cases, the
model seems to smoothly track the reference trajectory without much chattering in the
control action and the gains update as expected.

Navajas implements a pitch controller on a physical prototype developed at the Univer-
sity of Ottawa. Following an iterative trial and error approach for tuning the parameters,
the best-suited controller is tested with a step trajectory and a multistep linear transition
trajectory. The controller is also studied against external disturbances and partial actuator
failure. The step experiment shows the pitch struggling to �nd the reference trajectory for
the �rst 65 [s] of the 80 [s] experiment, with oscillations being present for the majority of
the test. The multistep experiment is run for 220 [s]. Again the controller struggles for the
�rst 65 [s] of the experiment and shows oscillations in the order of 7 [◦] for a period of 20 [s].
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Figure 2.5: High-level overview of the SISO block diagram structure for the controller used
in [49].

Following this high oscillation period, the controller tracks the pitch reference with little
error, demonstrating only a minor lag compared to the reference. The two disturbance
rejection tests are performed with step input reference trajectories for the pitch. The �rst
is implemented with the addition of upwards wind gusts on the stationary dirigible and
the second is done by disconnecting one of the actuators to the gondola. In both cases, the
controller can adapt to the situation and minimize the pitch error. The notable di�erence
between the two cases is that the latter introduces an overshoot in the order of 20%.

It is clear that the task of autonomous airship control is a widely studied and open
problem in the research community. From the literature surrounding model-based control
strategies for autonomous airship control, three things become evident:

� Airship models are highly complex, nonlinear and time-varying

� There is a great deal of uncertainty surrounding the parameters of the airship models
and the external disturbances

� There is a high degree of variation across the design of airships

With these points in mind, machine learning lends itself well as a possible solution to
autonomous dirigible navigation. In the following section the state-of-the-art in model-free
machine learning control theory is introduced in Section 2.2.1 and applications to aerial
vehicles are discussed in Section 2.2.2.
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2.2 Machine Learning Based Control

With more modern developments in the �eld of machine learning and robotic control,
popularity in the �eld of MFC has grown. In parallel, the advancements in computational
speed and power accessible on single board computers, system memory and microcontrollers
have made high dimensional online tasks more realistic for real-time robotic control [47].
Machine learning-based control strategies encompass a lot of bene�ts compared to their
classical counterparts, namely in tracking performance, robustness and adaptability to un-
certain parameters. MFC, also commonly referred to as Data-Driven Control (DDC) or
Measurement-Driven Control, is used in many applications discussed in this section to
control plants with no a priori knowledge of the system dynamics or environmental pa-
rameters. A limiting factor holding back this type of controller in industrial applications
is the fact that, except for certain applications operating under speci�c assumptions, MFC
strategies lack stability proofs guaranteeing e�cient and repeatable tracking in all situ-
ations in the workspace[47]. A great deal of the proposed algorithms demonstrate their
e�ectiveness through numerical and sometimes physical empirical testing [47]. This section
is broken down by �rst discussing the state-of-the-art of MFC in Section 2.2.1 followed by
case studies of this type of control strategy on UAVs in Section 2.2.2.

2.2.1 Model-Free Controllers: State-of-the-Art

In this section, the theoretical foundations of the state-of-the-art MFC strategies are out-
lined with a focus on the theory and mathematical development. This work discusses
MIMO robotic control in detail, however, there is a great deal of literature for SISO robotic
control and multi-agent systems that are introduced as the theoretical developments are
relevant to the work presented in this work.

In 1994, Hou proposed a MFC in [29] relying on Dynamic Linearization Techniques
(DLT). This idea relies on the change in output of a system being proportionally related
to the change in input to the system. This work is expanded in [30] by introducing
MFC based on Compact Form Dynamic Linearization (CFDL) and Partial Form Dynamic
Linearization (PFDL), which are outlined below.

In CFDL the diagonally dominant square proportionality matrix, referred to as the
Pseudo-Partial Derivative (PPD), is used to relate the changes in inputs and changes in
outputs. The formulation of the CFDL over the time step is structured as

∆yk+1 = Φcfdl
k ∆uk where (2.1)
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∆yk+1 = yk+1 − yk ∈ Rn and ∆uk = uk − uk−1 ∈ Rn.

Note that, Φcfdl
k ∈ Rn×n. The dynamics of the plant are incorporated in the time-varying

PPD matrix which is updated using the input-output data on each discrete-time step.

It is empirically noted in [30] that certain systems possess dynamics that are too com-
plex to be captured in this structure of the CFDL. In such cases, Hou and Jin propose a
variation to the CFDL technique that uses the previous L input samples in the estimate
of the future output. As a result, the PPD and control action update laws also depend on
the past L input values. With this adjustment, Equation (2.1) becomes

∆yk+1 = Φ̄
pfdl

k ∆Ūk with (2.2)

Φ̄
pfdl

k = [Φcfdl
i,k . . .Φcfdl

L,k ] ∈ Rn×nL and Ūk = [∆uT
k , . . . ,∆uT

k−L+1]
T ∈ RnL.

This windowed approach allows the input and output data to consider a designer-speci�ed
window of the input data, allowing the algorithm to take weighted past data into consid-
eration in the updates.

In both algorithms, to allow the PPD to track time-varying dynamics and remain
diagonally dominant, a resetting algorithm is introduced in which each element of the
matrix is reset to its initial value if certain criteria are met. This is to ensure that ∥∆uk∥ ≠
0, ∥∆Ūk∥ ≠ 0 and that the control actions don't become too large.

Both CFDL and PFDL techniques are tested using numerical examples. Both algo-
rithms are successful in tracking trajectories for numerically simulated MIMO nonlinear
systems of order n = 2, with the CFDL showing larger amplitude oscillations in the re-
sponse. It is emphasized here that the formulation of these algorithms requires the size of
the inputs and outputs to be the same.

The update laws for both algorithms presented in [30] are derived based on a quadratic
objective function in the inputs and outputs consistent with the Linear Quadratic Regulator
(LQR) theory.

In [78], the CFDL approach is modi�ed to add a weighting factor to the inputs for
the previous L input terms in the update rule for the control action only. The so-called
High-Order Model-Free Adaptive Control strategy then has the implementation simplicity
and computational e�ciency of the CFDL, without the complexity of the PFDL. In the
same work Xu, Lin, and Chi also introduce the Improved High-Order Model-Free Adaptive
Control strategy which takes the same form as the former, however, it includes a weighting
term to the past L values of the PPD. In both algorithms introduced in [78] the sum of
the L weighting terms must be equal to 1. These algorithms are introduced in the SISO
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case and the numerical examples are restricted as such.

It is worth noting that the High-Order Model-Free Adaptive Controller and the Im-
proved High-Order Model-Free Adaptive Controller are equivalent to the CFDL algorithm
when the choice of L = 1 is applied, as required by their development.

In [77] a more recent DLT is presented with both numerical and simulation results to
speak of. In the so-called Full Form Dynamic Linearization (FFDL) algorithm, the PFDL
is augmented in a similar way to how the CFDL was augmented in [30]. In the FFDL the
dynamically linearized model is written in the same form as (2.2), with the previous Lu

inputs and Ly outputs being considered in the linearized models. That is

∆yk+1 = Φ̄
�dl

k ∆H̄k with (2.3)

∆H̄k = [∆yT
k , . . . ,∆yT

k−Ly+1,∆uT
k , . . . ,∆uT

k−Lu+1]
T

and ∆yk+1 being de�ned as before. In the case of the FFDL, the proportionality term is
referred to as the Pseudo-Partitioned Jacobian Matrix (PPJM) and is de�ned by

Φ̄
�dl

k = [Φ�dl
i,k , . . .Φ

�dl
Ly ,k,Φ

�dl
Ly+1,k, . . . ,Φ

�dl
Ly+Lu,k].

The introduction of additional terms in the PPJM allows the updates to access a larger
amount of input-output data from the interaction of the agent with the environment,
but it also has the added advantage of allowing the order of the input and outputs to
di�er, making it a more general algorithm compared to those presented in [30, 78]. It was
observed while reproducing the results from the work that there is a large sensitivity to the
initial conditions, and thus while the larger number of parameters yields more adaptable
parameters for the algorithm to learn, it was also signi�cantly more di�cult to �nd a set
of initial conditions that lead to admissible results. The case study presented in [77] is
done on a simulation quadrotor where the four control inputs are related to the angular
velocities of the rotors and the outputs are the Euler angles of the simulator. This will be
discussed in Section 2.2.2.

In all of the above DLT, the BIBO stability is guaranteed for discrete-time systems of
the form

yk+1 = f
(︁
yk, . . . ,yk−ny ,uk, . . . ,uk−nu

)︁
(2.4)

under the following assumptions:

Assumption 2.1.
∂f(·)
∂uk−i

∈ Cn ∀ i ∈ 0, . . . , L− 1

Assumption 2.2. The input-output model (2.4) is generalized Lipschitz
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The above control strategies are implemented in a strictly online fashion. The works
in [15, 86] utilize DLT for iterative learning control by using the CFDL and PFDL and
updating the proportionality term, PPD, o�ine between iterations as well as online. The
o�ine updates allow the trend of the system to be updated if the plant has a repetitive task
application, and the online adaptation allows the controller to be robust to disturbances
and process variations of all sorts. This control strategy has found application in repetitive
tasks with only minor process variation and uncertainty. Given that this application is
formulated with a heavily o�ine component and that this work outlines a strictly online
control strategy, the details are neglected. It is noted for completeness that the required
assumptions for convergence and stability guarantees are the same as in the previously
mentioned DLT cases.

Another common MFC strategy was proposed by Fliess and Join in [23]. This control
strategy, named intelligent-PID (i-PID), uses a controller with the same structure as the
classical PID family controllers to control a system by approximating an online time-varying
term referred to as the ultra-local model. The vth derivative of the unknown system output
is given as

yv(t) = F (t) + αu(t). (2.5)

The justi�cation of this equation follows from the implicit function theorem stating that
for some continuous input-output function, E, of the derivatives of the inputs and outputs
of the system,

E(t, y(t), . . . , yι(t), u(t), . . . , uκ(t)) = 0 (2.6)

the existence of the non zero partial derivative of (2.6) implies the existence of a function
for the vth derivative, that is,

∂vE

∂yv(t)
̸= 0 =⇒ ∃ C(t, y(t), . . . , yι(t), u(t), . . . , uκ(t)) ∀ {ι, κ | ι ̸= v} (2.7)

It then follows that,

yv(t) = C(t, y(t), . . . , yι(t), u(t), . . . , uκ(t)) = F (t) + αu(t).

Fliess and Join argue that the dynamics of the system may be learned and encapsulated in
the F term, herein the ultra-local model, from measurements by numerically di�erentiating
the output and rearranging (2.5) for the ultra-local model

F (t) = αu(t)− yv(t). (2.8)

In (2.5) and (2.8) α is used to scale the input to match the order of magnitude of the

24



ultra-local model and is a design parameter that need not be known exactly. The authors
propose a numerical derivation technique whereby the measured outputs of the system are
represented as an in�nite power series, by leveraging the algebraic derivative in the Laplace
domain, the derivative operators are removed and the series truncated, leaving a �nite sum.
Since this method removes the derivatives, the numerical approximation is robust to noise
and high-frequency �uctuations in the inputs and outputs that typically plague derivative
terms of measured values [7, 51].

Remark 2.2. An interesting observation that is argued empirically in the i-PID papers is
that the order of system output need not be greater than v = 2, with v = 1 satisfying most
cases.

At the time of writing this paper, i-PID control has only been developed for SISO
systems with MIMO numerical and experimental testing being done by independently
stacking SISO controllers together [34, 73]. This methodology does not allow the controllers
to learn coupling between actuators or be extended to cases where the number of inputs
and outputs are di�erent. It was further observed numerically that for non-minimum
phase systems and cases where F → 0 the control inputs of the i-PID controllers tended to
diverge [22, 24]. The use of this algorithm is further complicated by the condition outlined
in (2.7). Given that the dynamics of the model are not claimed to be known, there is no
way of verifying that the system is not non-minimum phase or that ∂vE

∂yv(t)
̸= 0.

In [22�24] the authors show a multitude of numerical examples using transfer functions
for linear and nonlinear and stable and unstable systems. In some cases, the models are
disturbed with non-idealities, such as friction from a Tustin friction model and adding
Gaussian noise to the measurements. In all cases the systems shown in the paper respond
well, eliminating the steady state error and tracking well in the transient region.

In addition two the PPD and ultra-local model based controllers, other DDC methods
are proposed as well by learning the system's behaviour along the trajectories. Consider
the controllable and observable discrete-time linear system represented by

xk+1 = Axk +Buk (2.9a)

yk = Cxk +Duk. (2.9b)

In [76], the authors prove that a �nite set of trajectories of a linear time-invariant system
spans the entire trajectory space, given that some signal of the system is persistently
exciting of order Tp.e + n, where Tp.e is the length of the trajectory windows and n is
the order of the state space of the system. It is further shown that satisfaction with the
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persistent excitation condition in the input signal is guaranteed for su�ciently large choices
of trajectory lengths.

In [56] the authors utilize the so-calledWillems et al.'s fundamental lemma to formulate
control strategies based on input-output data. By using Willems et al.'s fundamental
lemma, Persis and Tesi o�er both open-loop and closed-loop representations of the system.
By de�ning the vectors

u0,Tp.e =
[︁
u0, u1, . . . , uTp.e

]︁
and xi,Tp.e =

[︁
xi, xi+1, . . . , xTp.e

]︁
∀ i < Tp.e

The open-loop and closed-loop data-driven representation of the system described in (2.9)
is given as

xk+1 = x1,Tp.d

[︂u1,Tp.d

x0,Tp.d

]︂† [︃uk

xk

]︃
and (2.10)

xk+1 = x1,Tp.dGK respectively, (2.11)

where GK is dependent on the state-feedback gain vector, k and the input-output data.
This is an important result as (2.10) is a system identi�cation method. In fact Persis and
Tesi demonstrates the minimizer of the least-square problem is derived directly from (2.10)
and following that, the system and input matrices are recovered from the input-output data.
(2.11) o�ers a way for the gain matrix to be parametrized through measurements.

A stabilizing optimal control formulation is found based on (2.11) using Linear Matrix
Inequalities (LMI). By �nding a matrix Q satisfying a given LMI a closed form equation
for state-feedback gain vector is given as

k = u0,Tp.eQ(x0,Tp.eQ)−1. (2.12)

It turns out that (2.12) is also the closed form solution for a LQR.

The authors motivate the use of LMI in the development of the state-feedback gains
by arguing that the stability developed in the above cases holds for su�ciently small
perturbations in the input-output data. Essentially the argument boils down to selecting
the matrixQ in such a way that variations of it don't compromise the conditions of the LMI,
therefore don't a�ect the stability of the closed-loop system. Persis and Tesi extend the
robustness to noise in small perturbations to nonlinear systems. The argument is developed
by saying that if a nonlinear system were approximated with a �rst-order approximation,
the higher order nonlinearity contributions could be considered as disturbances about the
linearized model and thus the controller is robust to it based upon the previous argument.

Reinforcement learning together with optimal control is commonly used in robotic
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control. Reinforcement learning is employed to learn the value of states or state action
pairs, as in the case of Q-learning [25, 32, 62, 67], whereas optimal control employed to
select an appropriate policy by minimizing an objective function.

In [71] a synchronous online actor-critic structure is developed for nonlinear time-
invariant continuous-time a�ne systems. Whilst Vamvoudakis and Lewis present a mod-
elled approach with the full dynamics assumed known, the development of the critic and
actor neural networks are related to the work presented in this thesis. The cost of the
function associated with the optimal control problem is presented as

V (x0) =

∫︂ ∞

0

(︁
Q(x) + uTRu

)︁
dτ.

The optimal policy for this system is derived by minimizing the cost function over u. This
optimized function is referred to as the value function as given by

V ∗(x0) = min
u

∫︂ ∞

0

(︁
Q(x) + uTRu

)︁
dτ.

The optimal control action is then given as

u∗(x) = −1

2
R−1gT (x)V ∗(x). (2.13)

The partial derivative of the value function can be found as a solution to the Hamilton-
Jacobi-Bellman (HJB) equation, but for practical systems, this is typically nonlinear mak-
ing the solution di�cult or impossible. This issue is addressed using the Weierstrass
higher-order approximation theorem such that the value function is expressed exactly as a
composition of polynomial sums, as below

V ∗(x) =
∞∑︂
i=1

ciφi(x) = cT1 ϕ1(x) +
∞∑︂

i=N+1

ciφi(x) (2.14)

where c1 = [c1, . . . , cN ]
T and ϕ1(x) = [ϕ1, . . . , ϕN ]

T . Then,

∂V ∗(x)

∂x
= cT1

∂ϕ1(x)

∂x
+

∞∑︂
i=N+1

ci
∂φi(x)

∂x

Using this, there exists a vector of polynomial coe�cients that may be approximated
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by neural network weights, W1 ∈ RN such that

V (x) = WT
1 ϕ(x) + ϵ(x).

Here ϕ1(x) : Rn → RN is the activation function, ϵ(x) is the neural network approximation
error and N is the number of neurons in the hidden layer. It has been shown that N →∞,
ϵ → 0,∇ϵ → 0 [21]. It is also true that for �nite values of N the neural network error
and its derivatives are bounded [28]. The critic network weights are updated online using
normalized gradient descent.

The actor network is designed supposing that the cost function is given in the form of
(2.14). Then (2.13) becomes

u∗(x) = −1

2
R−1gT (x)

∂ϕ∗(x)

∂x
Ŵ2 (2.15)

where W2
ˆ is the approximation of the weights of the critic network weights, W1. The

network error is then given by W2
˜ = W1 − Ŵ2 which is used to tune the actor network

online again using gradient descent. In this way, the critic and actor networks are trained
online in a synchronous fashion as opposed to other policy gradient methods which at the
time were performed by updating the neural networks one at a time, holding the other
constant during the updates. It is emphasized again that while this formulation presented
an attractive way to synchronously update both neural networks in an online fashion, the
control action depends on the partial system dynamics, namely the drift dynamics.

In [1], a SISO real-time integral reinforcement learning structure is presented with
stability guarantees for slow time-varying processes. The model-free structure is done
using a critic network to approximate the value function, which is commonplace in MFC
[2, 39, 75]. This structure leverages a proposed kernel structure

S(x(t),ηπ(t)) =
1

2
VπT (t)HVπ(t)

with Vπ = [X(t)T ,η(t)T ]T and H =

[︃
HXX HXη

HηX Hηη

]︃
. The kernel structure is shown to

be an optimal solution for the HJB equation and represents a Lyapunov function. The
real-time component of the algorithm is attributed to the model-free strategy given as

ηπ∗(t) = ω∗TX(t)

for ω∗T = [ω∗
0, ω

∗
2, ω

∗
3]

T = −H−1
ηηHηX. These equations are used to solve an integral
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Bellman optimality equation

S∗(X(t),ηπ∗(t)) =

∫︂ t+T

t

= (X(ζ),ηπ∗(ζ))dζ + S∗(X(t+ T ),ηπ∗(t+ T ))

for a time step T and optimal policy π∗ = [ω∗
1, ω

∗
2, ω

∗
3]

T . Given the impossibility of solving
this equation analytically, reinforcement learning techniques are leveraged in the form of
actor-critic structure for approximation of the unknown kernel solution.

The kernel function approximator is designed as

Ŝ(X(t), η̂(t)) =
1

2
V̂

T
(t)ΩcV̂(t)

with V̂ = [X(t)T , η̂(t)T ]T and Ωc =

[︃
ΩcXX ΩcXη

ΩcηX Ωcηη

]︃
. The structure of Ωc matches that of

H by design and is updated using gradient descent. The actor network is structured to
mimic the optimal correction term

η̂(t) = ΩaX(t)

with Ωa representing the actor weights which are again updated using the gradient descent
method.

In this work, the so-called integral reinforcement learning, adaptive critics technique is
implemented by independently controlling four joints of a manipulator arm. The strategy
outperforms the SISO PFDL technique discussed in [78] on the basis of trajectory tracking
and reduced oscillation in the response.

In [65] an optimal control strategy is proposed using virtual states and controllers and
forgoing the need to use optimal reinforcement learning. The structure of the augmented
system, although unknown, is assumed to be able to �t the form

ẋ = Ax+Bu+Dg

whereA,B,D ∈ Rn×n represent the state system matrix, the augmented input gain matrix
and the nonlinearity gain matrix. The vectors x,u,g ∈ Rn represent the augmented state
vector, the augmented input vector and the nonlinearity vector, where the elements of the
two last vectors are either 0 or 1.

The authors propose a representation for the cost function that is the optimal solution
to the HJB equation. By choosing the parameters of the cost function to satisfy the

29



continuous time Riccati equation, an optimal control equation is given, depending on the
state input gain matrix, the nonlinearity gain matrix and the nonlinearity vector. The
terms in the control vector are approximated and updated online using the input-output
data. This approach represents an indirect control parameterization where the system
matrices are updated without a priori knowledge of the dynamics.

A limitation to using reinforcement learning for MFC is the unknown future implications
of actions required to known the value function and its gradient. In [70, 83], this problem
is overcome using a neural network for model identi�cation and parameterizing the critic
network and policy (action) on the weights of the network model.

In [70] a MFC structure is presented based on actor-critic theory. The authors design
L control structures each comprising three neural networks; one for approximating the
model parameters, one for the critic network and one for the actor network. The model
network is based on a recurrent neural network and is shown to be uniformly ultimately
bounded. The parameters of this network represent the system dynamics and therefore
may be used in the critic and actor networks without a priori knowledge. The critic and
actor networks are set up similarly to [71] as single-layer partially connected networks and
use the same Weierstrass high-order approximation theorem. Both networks are updated
using gradient descent methods. A hierarchical shunt inhibitor arti�cial neural network is
used to choose which of the L control structures is used in a given scenario. This network
is designed to mimic the orbitofrontal and anterior cingulate cortexes of the brain to make
fast and e�cient use of previous experience. This classi�es the input-output data and
designates the control structure associated with each. This approach is reminiscent of the
gain-scheduling approach for PID control, with the selection of the system region being
intelligent as opposed to prede�ned.

In [83] Yin, Fu, and Lu design an optimal control strategy leveraging a critic neural
network for value function approximation and a deep neural network for model approxi-
mation. Both the critic network and the optimal control policy are parameterized through
the model estimator. It is shown in [40] that a deep neural network of the form

dx(t)

dt
= Mx(t) +Nϑ

can approximate nonlinear system dynamics. The actual nonlinear system is then repre-
sented in the form

dx(t)

dt
= A∗x(t) +W∗

1σ(V1(x(t))) +W∗
2ϕ(V2(x(t)))u(t) + ζ1
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where x(t) ∈ Rn and u(t) ∈ Rm are the system states and inputs, respectively, and Wi and
Vi are the deep neural network input weights and hidden layer weights, with ·∗ indicating
the true, unknown, values. σ(·) and ϕ(·) are sigmoidal activation functions and ζ1 is the
disturbance term. The approximation of the system dynamics is then

dx̂(t)

dt
= Ax̂(t) +W1σ(V1(x̂(t))) +W2ϕ(V2(x̂(t)))u(t).

The approximated terms are then updated using the following update laws:

Ȧ = −k1x̃(t)x̂T (t) (2.16a)

Ẇ1 = −k2x̃(t)σ(x̂(t)) (2.16b)

Ẇ2 = −k3x̃(t)uT (t) (2.16c)

for x̃ = x(t) − x̂(t). Under the conditions that Wi and ζ1 are bounded, the update laws
in (2.16) lead to exact identi�cation in the case that ζ1 = 0 and bounded estimation error
for ζ1 ≤ ζ1̄.

The control input is decomposed as u(t) = ur(t) + ue(t), where ur(t) is responsible
for eliminating the steady-state tracking error and ue(t) is responsible for minimizing the
performance index optimally. ur(t) is from the error dynamics as

ur(t) = W+
2

[︃
dxd(t)

dt
−Ax−W1σ(x)−Ke(t)

]︃
with W+

2 being the generalized inverse or W2, x(t)d being the desired trajectory and
e(t) = x(t)− xd(t) being the tracking error.

To �nd ue(t) the usual approach is taken de�ning the cost function over an in�nite
horizon and minimizing the HJB to �nd the optimal control parameter. Note that the
de�nition of the cost function is speci�c to the transient component of the control action,
i.e.

V (e(t)) =

∫︂ ∞

t

e(t)TQe(t) + ue(t)
TRue(t).

Then in the usual way

ue(t) = −
1

2
R−1WT

2

∂V (e(t))

∂e(t)
. (2.17)

Again, the unavailability of ∂V (e(t))
∂e(t)

inhibits �nding this parameter so a single layer neural
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network is used with
V (e(t)) = WT

3 ϕ(e(t))

where W3 are the input weights. Then (2.17) becomes

ue(t) = −
1

2
R−1WT

2∇ϕT (e)W3.

The algorithms introduced above are taken predominantly from theoretical work that are
validated usually with mathematical justi�cation and highly simpli�ed numerical simula-
tion. To better understand the machine learning control algorithms that have seen practical
use in aerial vehicle control, the current literature is presented in Section 2.2.2.

2.2.2 Model-Free Control of Aerial Vehicles

This section continues the discussion of machine learning control, speci�cally discussing
algorithms that have been implemented on aerial vehicles.

To demonstrate the validity of the of the FFDL technique, Xiong and Hou apply it to
a UAVs simulation tool, the Quad-Rotor Aircraft Simulator. The control outputs are the
average voltages across the actuators for each of the four propellers and the outputs are the
simulated Euler angles of the simulated aircraft, namely the roll, pitch and yaw. The results
of the FFDL controller are compared to the results of PID controller for step input reference
trajectories of [10, 10, 10] [◦]2 The authors quantify the performance of each controller by
using the Integral Absolute Error (IAE) and Integral Time Absolute Error (ITAE). The
pitch is controlled in such a way that the error for both types of controllers is comparable
with the FFDL marginally outperforming the PID in both metrics. The FFDL controller
shows approximately 3.5 and 1.5 fold improvements concerning the PID controller in the
roll and pitch, respectively. Xiong and Hou attribute this to the algorithm's ability to
capture the coupling characteristics.

There are many examples of the i-PID controllers being used in UAVs applications [9�
11, 14, 16, 72, 84, 85]. They are listed here for completeness, but only three interesting
cases are discussed. In [84] the authors modify (2.5) to include a known and unknown
component of the control law. Two controllers are then proposed based on the theories
of nonlinear integral backstepping and LQR. This novel controller uses the intuition from
the approximately modelled controllers, whilst relying on the adaptability of the i-PID

2The authors claim that the reference trajectories are in radians, but that doesn't seem to make sense
given that 10 [rad] ≈ 573 [◦].

32



controller to compensate for the unknown or uncertain components of the dynamics. The
nonlinear integral backstepping and LQR controllers are run as baselines following a three-
dimensional square pathway counter-clockwise as seen from above. Halfway through the
third side of the square, a 15% loss of power is introduced to the front rotor. Both con-
trollers can follow the path with minimal error, until the actuation failure where they both
diverge. With the addition of the i-PID controller, the quadrotor can follow the trajectory
with reduced error, and e�ciently return to the path when the actuator fails. The Root-
Mean-Square (RMS) error of the in-plane trajectory follower before the divergence of the
non-augmented controllers is reduced by approximately twofold with the addition of the
i-PID controller. It is further observed that the RMS error of the augmented controllers is
not drastically a�ected by the introduction of the actuator failure. It is noted that these
results are from a physically implemented system.

In their work on airship control using model-free reinforcement learning approaches in
[50], Nie, Zheng, and Zhu develop a model-free online Q-learning three-dimensional path
following �ight controller. The controller is decomposed into an altitude controller and a
planar motion controller using a decoupling assumption. The high-dimensionality of the
state space is addressed by using parameter reduction and coordinate transformation.

The authors assume that the longitudinal component of the velocity, u is signi�cantly
higher than the lateral and vertical components and therefore assume that the longitudinal
component of the 3D velocity vector is approximately equal to the total velocity, u ≈ V. It
is also required for this assumption that the roll is very small, which is often the case given
the high restoring torques of dirigibles [50]. With these assumptions, the 12 parameters
representing the pose and velocity of the airship in the base reference frame and Earth
reference frame is reduced to three parameters for the altitude state space,

Salt =
[︂
h, ḣ,V

]︂T
,

for the height, h, vertical speed ḣ and velocity V.

Augmenting from the state space reduction for the altitude controller, the authors
encapsulate the location of the airship with respect to the location of the next waypoint
using error based polar coordinate. De�ne,

lr =
√︂

(xairship − xtarget)2 + (yairship − ytarget)2

for the planar planar error from the airship position (xairship, yairship) to the waypoint
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(xtarget, ytarget). Similarly, the relative required yaw is de�ned with respect to the yaw in
the Earth reference frame, ψa, as

ψr = ψa − arctan

(︃
yairship − ytarget
xairship − xtarget

)︃
.

The state space for the planar controller is then

Splane = [lr, ψr,V]T .

The value of each action for the given state vector is approximated using a cerebellar
model articulation controller neural network. This network groups states that are similar
while segregating states that are dissimilar. This is done to create a more e�cient value
function computation while generalizing for similar experiences.

The Q-function is de�ned as,

Q(s, a) = E

{︄
∞∑︂
t=0

γtrt | s0 = s, a0 = a

}︄
.

In the Q-function γ is the discount factor and the reward function, rt is meant to advise
the policy. Although no speci�c reward structure is discussed in the paper, the authors
reward positively for �nding the waypoint and punish for every second the waypoint is not
found. Given the unknown nature of the Q-function, the authors estimate it using,

Q̃(s, a) = WT
aF(s),

for the binary matrix F(s). The values of the weights, Wa are updated using gradient
descent based on the estimated value at the next time step and the calculated value. The
action transition probability equation for the next state is approximated by the Boltzmann
distribution on the Q-function that is structured with an exploration coe�cient, Ttemp. This
time-varying coe�cient is reduced over time gradually shifting the strategy from favouring
exploration, to favouring exploitation as more experience is required,

p(at | st) =
e

Q(st,at)
Ttemp∑︁

a∈A e
Q(st,at)
Ttemp
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The algorithm is tested using MATLAB simulation on a numerical model of a LS-
S1200. The weights of the Q-function for the altitude controller are trained for 6000 [s]
with randomly initialized waypoints close to the current location of the airship to stabilize
the success rate of the airship, which converged around 1000 [s]. The altitude controller
is used to control a staircase altitude task by controlling the elevator control surface of
the airship. Two simulations are conducted; the �rst with the rudder angle at 0 [◦] and
thrust vector constant and the second with the rudder angle and thrust vector randomly
changing every 15 [s]. For target altitudes given by,

htarget =

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

100 [m], if t ≤ 250 [s]

110 [m], if 250 [s] < t ≤ 450 [s]

120 [m], if 450 [s] < t ≤ 650 [s]

110 [m], if 650 [s] < t ≤ 850 [s]

100 [m], if 850 [s] < t

as trial-and-error tuned PID controller outperformed the reinforcement learning con-
troller, with both controllers performing well. In the experiment with random actuator
disturbance, the reinforcement learning controller outperforms the PID controller, showing
a reduced error amplitude. In both cases, the reinforcement learning algorithm shows low
amplitude, high-frequency oscillations.

To test the planar controller, the height is held constant and a path with sharp and
high radius curvatures is chosen in a plane. The controllers in�uence the rudder de�ection
angle and the thrust vector. Following roughly 11000 [h] of training the weights, the
reinforcement learning controller outperforms a trial-and-error tuned PID controller in the
average and maximum distances to the next target and average and maximum distance to
the desired path by a factor up to approximately 4.2. From the actual path graph, it is
observed that although the proposed controller outperforms the PID controller, it tends to
have a less smooth trajectory and even loops back around at one point.

The two controllers are stacked to follow a 3D spiral trajectory, although this experi-
ment is not discussed in great detail and is compared to another controller. Although the
proposed controller is successful in numerical simulation, there is no physical testing or
high realism experimentation. In the process of reducing the state space the assumption
that ḣ ≈ 0 is made to assume that the longitudinal velocity is equal to the 3D velocity vec-
tor. This assumption is contradicted by setting ḣ = sin θV to �nd the vertical velocity. In
addition, in realistic environments crosswinds can induce high degrees of side slip making
the assumption that the lateral velocity is negligible invalid. Finally, the high frequency
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oscillations in the altitude controller output seem to negate some of the stability and low
noise bene�ts that are inherent to the vehicle type.

In [85] Younes, Rabhi, and Al-Wedyan extends the work done in [22�24] by developing
a MIMO formulation for the i-PID controller. The controller is implemented via a twin
rotor MIMO system using the MATLAB/Simulink interface. The authors chose the dc
motor voltages as the controller's input and the pitch and yaw as the outputs. The pitch is
asked to follow an abstract trajectory, while the reference signal for the yaw is a constant
0.2 [rad]. In the �rst test, a 0.2 [kg] mass is dropped on the boom connecting the rotors and
in the second a multiplicative actuator failure is simulated. In both cases, the controllers
track the desired trajectories well, with the system correcting the external disturbances
and actuation failures. The PID strategy showed signi�cantly higher oscillation than the
i-PID controllers did and the actuator failures caused a larger and longer-lasting deviation
from the desired trajectory. It is observed that this MIMO structure of the i-PID strategy
su�ers the same limitation as the independent SISO formulation, in that the number of
inputs and outputs must be the same. Perhaps a more limiting observation is the number
of matrix inversions that exist in the control law. This, along with the necessary numerical
derivation following every measurement might lead to computational burdens that limit
this algorithm from use in real-time or high-dimensional tasks.

In [16] the authors control the rates of the Euler angles based on remote controller
input from a user. To do this multiple i-PID controllers run independently, and the control
actions are chosen carefully to respect the condition that the number of inputs and outputs
must match. To do this, the authors de�ne control actions based on high-level intuition.
For example, to introduce roll rates, one control action controls the di�erence in angular
speeds of the propellers on the right and left sides of the vehicle. This requires the designers
to have a good understanding of the e�ect of each of the actuators, although a speci�c
model is not required. To validate the formulation they implement the controller on a DJI
drone, �tted with their autopilot microcontroller board and software. The robustness is
then con�rmed by cutting o� half of each propeller and then further con�rmed by putting
the autopilot on a di�erent drone altogether. While the paper lacked proper quantitative
results as the vehicle was being �own manually, the multi-rotor vehicle appeared stable
and responsive in all tests. The interested reader can view a video of their �ight tests here.

Reinforcement learning is ubiquitous with modern MFC techniques with a great deal
of focus being on how to approximate the value function and, in the case of some policy
gradient techniques, the action function. Along with neural networks and kernel functions,
Gaussian processes are used in the literature [33, 63, 64]. In [33] a hybrid of modelled and
model-free approaches are used where the authors start by designing a nonlinear model of
a dirigible and use the Gaussian processes to approximate and correct the model error.
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The objective of the controller is to control the yaw, ψ and yaw rate, ψ̇, driving them
to their targets, ψ∗ = 0 [◦], ψ̇

∗
= 0 [◦/s]. The initial conditions are ψ = 90 [◦], ψ̇ = 0 [◦/s].

Two experiments are performed comparing the performance of the Runge-Kutta numerical
approximation of the system dynamics based on the nonlinear model and the performance,
again using the Runge-Kutta approximation, of the Gaussian process enhanced model.
The enhanced controller showed a 4.3 and 4.8 fold decrease in RMS error when using the
Gaussian process.

The works in [63, 64] use reinforcement learning techniques enhanced with Gaussian
processes as well, but the function approximation in these works is the value functions
rather than the system dynamics. The objective of both papers is to control the altitude
of a physical dirigible using Kalman-�ltered height and velocity signals derived from read-
ings from an ultrasonic sensor. In [64] the reinforcement problem is formulated over the
continuous action and state spaces using episodic Monte-Carlo methods with decaying ϵ-
greedy policy selection. The objective is to develop a policy π : S×A→ A | A ∈ [amin, amax]
to drive the height to a desired setpoint, zd by rewarding the action at in the following
manner

Rπ =
∞∑︂
i=0

γirt+i (2.18)

where the reward rt+i = − | z−zd | is the negative of the error in the altitude. The Gaussian
process is utilized to approximate the state-action function, Q(st, at) : S × A → R such
that the approximation is given by, qi = Q(si, ai) + ζi, where ζi is the independent and
identically, normally distributed noise. To perform the predictions online without a priori
knowledge or modeling, the �ight is episodic and performed in two stages. For t < T̄ the
airship is in the exploration stage with the action to be selected being pseudo-random3,
otherwise, the airship is in the exploitation stage, where the probability of exploration
decreases exponentially, that is, ϵ → 0 as t → ∞ ∀ t ≥ T̄ . The episodes are selected
as et = {(st, at), . . . , (st+p, at+p)}, where p is chosen such that γp+1 < θthreshold, for some
user-de�ned threshold θthreshold, in this case θthreshold = 0.1.

The use of Gaussian processes for convergence is validated in simulation by numerical
experimentation, where blimp dynamics are controlled with strict Monte-Carlo methods,
approximating the state-action function strictly from gathered data, and Gaussian process-
enhanced Monte-Carlo methods. The results show that the convergence with enhancement
is orders of magnitude faster than without enhancement and the variance among the pol-
icy decisions are reduced as well. The tracking performance on the physical dirigible is

3The authors manually override any action that could cause damage to the airship in the empirical
tests by keeping the airship away from the ground and ceiling.
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also shown to be successful with the airship successfully reducing the steady-state error in
altitude with only 150 [s] of exploration and 150 [s] of exploitation. With the best policy
extracted from this experiment, the policy is compared to a manually tuned PD2-T2 con-
troller. Both controllers are able to track the desired altitude of zd = 2 [m] with the online
controller reaching the target approximately 15 [s] sooner at the cost of a 20% overshoot.
It is mentioned in this paper as well as [43] that this technique is acceptable for low dimen-
sional cases, but struggles as the number of states increases due to the sample-ine�ciencies.

A major drawback of simulating control algorithms is the dissociation of numerical
simulations to the physical systems, the so-called real-to-sim error [6, 42, 54, 66]. The
results from this work show that the controller used in the simulation can be applied
to the physical prototype without the need for changing the controller weights, which
implies good mapping from simulation to reality. This is the inability of the simulation to
encapsulate realistic dynamics, coupling and behaviour that should be expected to observe
when a plant is operated in real life. In the case of airships, common assumptions are that
the airship represents a rigid body and that the wind disturbance is either constant or zero.
These assumptions are almost required given the complexity of modelling non-rigidity and
turbulent wind. In [58] a Robot Operating System (ROS) compatible, open-source airship
model is designed allowing by attaching rigid shapes and modifying spring coe�cients
between the substructures to simulate non-rigidity. While this is not a direct mapping to
reality, it is a signi�cant improvement from neglecting these terms. In addition, a turbulent
Dryden wind model [55, 82] is used to simulate external wind disturbances which is an
important consideration given the high degree of aerodynamic susceptibility of LTAVs. In
their work Price et al. leverage the LibrePilot autopilot software [17] to create virtual axes
on some of the actuators that allow them to control the pitch, yaw and thrust. To advise the
low-level vehicle agnostic control signals, a high-level path planning algorithm is designed to
determine the setpoints for the low-level control structures. The path-planner algorithm
takes the desired 3-dimensional velocity vector, the 3-dimensional airspeed vector, the
actual velocity vector and the Euler angles as inputs and returns the desired setpoints for
the yaw rate, pitch, thrust and thrust angle vector. These are calculated through a series
of Proportional (P) and PI controllers. The gains for the controllers are tuned empirically
through trial and error. Although this is not a MFC approach it is mentioned here as it
provides a platform to validate control approaches without risking damage to a physical
prototype. that is leveraged for use in other MFC approaches [43, 44].

In [44] a reinforcement learning approach is employed o�ine using a quantile regression
deep Q-learning network for the value function approximation [45]. This work uses the
simulation environment in [58] and formulates the problem as a continuous state, discrete
action-space problem to reduce the computational complexity of the continuous action-
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spaces and improve the convergence times. In the paper, the state space is given as

x = [xact, lr, ψr, zr, | V |, w]T (2.19)

where xact are the current normalized states of the actuators, lr is the 2-dimensional Eu-
clidean distance to the target in the longitudinal/lateral plane of the blimp frame, ψr is
the angle from the lateral axis of the blimp to the target, zr is the vertical distance to the
target, | V | is the magnitude of the 3-dimensional velocity or the airship and w = V sin θ
is the vertical speed. The reward structure of the agent is

rk = wT r (2.20)

with w = [1.0, 0.95, 0.05]T being reward weighting terms and r = [rsuccessk , rtrackk , ractk ]T . The
rewards are chosen such that rsuccessk = 1 if the Euclidean distance to the target is below
a set threshold and rsuccessk = 0, rtrackk is determined based on the distance ractk punishes
high motor demands. The authors inject intuition into the MFC scheme in the selection
of the actions for the discrete action-space choosing the changes in the actuator signal
based on the desired change in the blimp. The policy is chosen based on the output of the
quantile regression deep Q-learning network with the inputs being the states from (2.19)
and the output is an array representing the discretized action-space with the best action
being selected based on a greedy policy.

Following seven days of training, the reinforcement learning agent is tested by com-
pleting three laps of a square trajectory. The agent shows good results in the navigation
component without wind disturbance not deviating more than 30 [m] from the desired
trajectory while carrying approximately 10 [m] altitude error for the majority of the �ight.
The PID controller proposed in [58] outperforms the proposed controller in error reduction
in both the trajectory following and altitude tracking. The second test is a hover test
with the point to hover around being at the origin with a target altitude of 50 [m]. The
reinforcement learning agent again misses the altitude target by approximately 5 [m] while
the PID controller is less than 1 [m] from the desired height. The distance to the hover
point reinforcement learning agent reduces the error considerably compared to the PID
controller and keeps the point of interest at the center of the trajectory. When wind is
added to the trajectory tracking simulations, the response of the reinforcement learning
agent is not signi�cantly altered for a wind speed of 2 [m/s], however when the speed is
increased to 4 [m/s] the agent is no longer able to track the desired trajectory.

Building on the approach in [44], the work in [43] proposes a mixed classical and MFC
scheme that leverages the stability bene�ts of the classical approach with the improved
response of the reinforcement learning response. The paper outlines a modi�ed deep resid-
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ual reinforcement learning [68] approach similar to that in [44] that allows for continuous
action-space and incorporates the time-delay e�ects of the of the airship into a long short-
term memory layer, [27] at the output of the neural network. The continuous action-space
is realized with low chattering by scaling down the outputs from the neural network and
adding them to the current states, as opposed to having pre-set correction terms. The long
short-term memory is implemented as a �nal hidden layer before the output. The mix of
classical control and MFC is governed by:

fmix
absolute(a

pid
t , aRLt ) = (1− β)apidt + βaRLt (2.21a)

fmix
relative(a

pid
t , aRLt ) = apidt (1 + βaRLt ) (2.21b)

fmix
hybrid(a

pid
t , aRLt ) = (1− α)fmix

absolute(a
pid
t , aRLt ) + αfmix

relative(a
pid
t , aRLt ) (2.21c)

for some (α, β) ∈ [0, 1] which are manually tuned parameters. The absolute scheme in
(2.21a) favours the reinforcement learning agent, the relative scheme, (2.21b), favours the
PID controller and the hybrid and the hybrid shceme, (2.21c), shifts the authority from
one strategy to the other based on the selection of the hyperparameters.

In the testing, the trajectories to follow are a square path with four waypoints each
80m apart and a so-called coil trajectory with waypoints at 42.4 [m] with an angular
deviation of 45 [◦]. This control strategy is trained o�ine, with a total training time of
28 days in the ROS/Gazebo framework presented in [58]. To compare the di�erences, the
maximum total rewards are compared for the three mixing strategies for a poor-PID and
good-PID controller. The results showed that in each case the absolute strategy had the
lowest minimum reward value, showing up for a small number of iterations, and the highest
maximum value, for a large number of iterations. This is intuitive as the absolute favours
the reinforcement learning strategy whose task is to maximize the rewards function. With
too few iterations, the policy doesn't have enough samples to e�ectively exploit the best
policy. The long short-term memory addition shows an improvement in the performance
by 14% when used with a good-PID controller, compared to 13% when used with a poor-
PID controller. It is also noted that the performance boost of the reinforcement learning
agent is more so on a well-tuned PID controller, meaning that in order to leverage this
control strategy, a well-working controller is a prerequisite. In the trajectory tracking
tests on the trained agent, the reinforcement learning controller is able to track the square
trajectory well, reducing the overshoot from approximately 25 [m] for the baseline-PID
test, to approximately 10 [m]. Similar results are seen in the coil test, although it is
observed that the reinforcement learning agent is never able to eliminate the tracking
error. The authors attribute this to the reduced length between the waypoints, leaving the
agent less distance to learn the desired policy for that segment. The control strategy is
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implemented in the physical dirigible and used in an outdoor setting with an average wind
speed of approximately 6 [m/s], with peaks measured up to 8 [m/s]. Despite the training
only including 3 [m/s] wind, the agent is able to adapt well and appropriately track four
waypoints. There is an overshoot in the order of 40 [m] on multiple occasions during that
�ight test.

2.3 Summary

In summary, both classical and machine learning control strategies have been developed
along the journey to airship autonomy. Among the classical strategies controllers from
the PID family seem to be most prominent in conjunction with simplifying assumptions
and model linearization techniques. In most cases, such heuristic controllers are not im-
plemented in practice and simply validated using numerical models, which are known to
be uncertain. In the few cases that these controllers are applied to a physical vehicle, the
controller gains are tuned via trial-and-error, re-emphasizing the uncertainties and com-
plexities surrounding the modeling task. Likewise, nonlinear controllers, such as Lypunov
and SMC methods are applied to numerical simulations, however their application to real
dirigibles is less common.

General machine learning structures are introduced in this chapter, analyzing the theo-
retical state-of-the-art for MFC. It is observed that the MIMOMFC algorithms are lacking,
and the ones that do exist have dimensional restrictions that limit their usage. In fact, it
is common to see MIMO MFC achieved by stacking independent SISO controllers. Appli-
cations of these controllers to UAVs are outlined in Section 2.2.2, where a range of online
and o�ine techniques applied to mutli-rotor vehicles and LTAVs, with dirigibles being less
common among the literature, with no applications of online adaptive MIMO DDC being
present at the time of writing.
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Chapter 3

Mathematical Preliminaries

This chapter outlines mathematical preliminaries for reinforcement learning and optimal
control theory. General controller design methodologies for determining the state feedback
control using optimal control theory and reinforcement learning are derived and speci�c
attention is drawn to limitations preventing such approaches from being applied as an
online Model-Free Control (MFC) strategy. The problem statement is formulated, and the
objective function used for online controller evaluation and adaptation is introduced.

Notations 3.1. We shall denote vectors and matrices with bold lowercase and uppercase
letters, respectively. Let N = {1, 2, . . .} with N0 = N ∪ {0}. The set of nonnegative real
numbers is denoted by R+, where R represents the set of all real numbers. Nonbold letters
denote scalar quantities.

3.1 System De�nition

In this section, a general description of an unknown system to be controlled is presented
and the error dynamics are introduced. This mathematical formulation represents the
framework upon which the problem formulation and controller developments are based on.

Without loss of generality, we consider a nonlinear n-dimensional, partially observable,
Multi-Input Multi-Output (MIMO) state-space representation of an airship. It is assumed
that the unknown model can be approximated using a discrete-time state-space model

xk+1 = f(xk,uk, ζk) (3.1a)

yk = g(xk,uk, ξk) (3.1b)
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where k ∈ N0 denotes the discrete-time index at time t = kT for some small sampling
period T ∈ R+. The process and measurement noise are denoted with ζk and ξk with
appropriate dimensions, respectively.

It is emphasized that the state transition function f : Rn × Rm → Rn, which contains
the system input and drift dynamics is unknown. The output of the airship, yk ∈ Rn, is
mapped by some output function that is also assumed unknown, g : Rn × Rm → Rp for
some p ≤ n. In this work, the states of the airship at time instant k ∈ N0 are de�ned as

xk = [xk,1, xk,2, . . . , xk,n]
T ∈ Rn,

where xk,i is the ith state variable and the control action vector is represented as

uk = [uk,1, uk,2, . . . uk,m]
T ∈ Rm. (3.2)

The input vector in (3.2) can be decomposed into the previous state of the actuators, uk−1,
and a regulation term, ũk as in [1]. Then

uk = uk−1 + ũk.

Remark 3.1. It is important to note that, unlike a common assumption in the literature [4,
13], the state variables in xk are not assumed to be independent or decoupled.

To advise the performances of the proposed controllers online, a cost function is used
over an in�nite time horizon, that allows the designer to weigh the controller's ability to
eliminate error while minimizing its actuation energy. To this end, the error dynamics are
introduced such that

ek+1 = h(ek,uk), where (3.3)

ek = [ek,1, ek,2, . . . ek,n]
T ∈ Rn ∀k ∈ N0. (3.4)

Similar to (3.1a), the function h : Rn × Rm → Rn, representing the error dynamics of the
outputs is not known a priori. Here ek,i represents the normalized and saturated tracking
error at time instant k ∈ N0 of the i

th state variable. It is important that the error signals,
ek,i, are conditioned to be in the range of [−1, 1] to help avoid divergence and avoid states
with larger error ranges from dominating the system response [18, 59, 69]. The normalized,
unsaturated error is de�ned as

ẽk,i =
xk,i − x∗i
xmax
i

, ∀i ∈ {1, 2, . . . , n} (3.5)
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where xmax
i > 0 is a designer-speci�ed maximum value for the ith output and x∗i is the

target value of the state. The normalized saturated error term is then

ek,i = sign(ẽk,i)min(1, |ẽk,i|), (3.6)

where the function sign(·) returns −1(+1) for negative (positive) argument (·), ∀i ∈
{1, 2, . . . , n}. The optimal control problem is formulated as a discrete-time, deterministic
regulation problem such that, given the unknown dynamics (3.1) of the system model, the
controller determines the required correction term, ũk such that the states of the system,
xk track the desired state, x∗

k of the airship. That is

xk → x∗
k, as k →∞ or equivalently ek → 0 ∈ Rn, as k →∞.

With these de�nitions in place, a general control strategy is considered in Section 3.2
that leverages optimal control theory to derive the desired control action based on a pro-
posed online objective function. Concepts from reinforcement learning are used in deriving
the Bellman equation which is used to parameterize the desired control action.

3.2 Optimal Control Formulation

In this section, the optimal control problem is formulated and an equation for the desired
control action is developed based on optimal control theory. The controller derivation
follows from the works outlined in [1, 2, 38, 39, 46, 71]. The section ends with a discussion
concerning the challenges of implementing the controller, as derived, in a MFC setting.

To evaluate the performance of the proposed controllers, a scalar quadratic objective
function, the cost function, is de�ned over an in�nite time horizon as

J(ũ) =
∞∑︂
k=0

r(ek, ũk) where r(ek, ũk) =
1

2
eTkQek + ũT

kRũk (3.7)

denotes the running cost of the proposed airship control scheme. The matrices Q ∈ Rn×n

and R ∈ Rm×m are symmetric positive-de�nite weighting matrices that are left as de-
sign parameters. Motivated by the linear-quadratic regulator Linear Quadratic Regulator
(LQR) strategy in the optimal control literature it is known that the Q matrix is responsi-
ble for weighing the controller's ability to eliminate error, while the R matrix is responsible
for weighing the controller's ability to conserve energy [38].
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Towards the development of the controller, a discrete-time value function is de�ned to
be quadratic in the error dynamics, ek, and the control action, uk. The value function is
de�ned as

V (ek, ũk) =
∞∑︂
ι=k

r(eι, ũι) =
1

2

[︁
eTkQek + ũT

kRũk

]︁
+ V (ek+1, ũk+1) (3.8)

Remark 3.2. The choice of (3.8) being quadratic is made to simplify the analysis, but this
could be extended to any order so long as care is taken to make the appropriate changes to
the objective function, (3.7), and the basis function, which is introduced in Chapter 4.

Applying Bellman's principle of optimality, the optimal value function is [38, 62]:

V ∗(ek, ũ
∗
k) = min

ũk

{︂1

2

[︁
eTkQek + ũT

kRũk

]︁
+ V ∗(ek+1, ũ

∗
k+1)

}︂
(3.9)

where u∗
k denotes the optimal control action at time instant k ∈ N0. Performing the

minimization in (3.9) yields

∂V (ek, ũk)

∂ũk

= Rũk +

(︃
∂ek+1

∂ũk

)︃T

∇V ∗ = 0, (3.10)

where ∇V ∗ =
∂V ∗(ek+1,ũ

∗
k+1)

∂ek+1
is a column vector of dimension n. By algebraic manipulation

of (3.10), the equation for the optimal control action for this development is found to be

ũ∗
k = −R−1

(︃
∂ek+1

∂ũk

)︃T

∇V ∗. (3.11)

The representation given in (3.11) presents an issue for both online and MFC techniques as
it assumes a priori knowledge of the error dynamical function, h(ek,uk), which is unknown.
Even in model-based control strategies, knowledge of the required functions requires ex-
haustive experience and/or accurate system modelling [7, 51, 62] and often depend on the
solutions of nonlinear partial di�erential equations [43].

De�nition 3.1. A control action uk, ∀ k ∈ N0, is admissible if:

1. The system is stabilized under the control of uk, and

2. The system has �nite cost over its trajectory
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By requiring that Q and R are symmetric positive-de�nite, it is expected that the value
function is monotonically decreasing, thus for an admissible initial error and control action,
the overall value remains �nite, so long as Q and R remain symmetric positive de�nite.

Assumption 3.1. The system can be stabilized by at least one policy uk, ∀ k ∈ N0. In
other words, the closed-loop system is asymptotically stable for xk under the control policy
uk.

This assumption is justi�ed given that the work in [43, 44, 58]. Therein, control systems
are guaranteed to be stable in the sense of Lyapunov.

3.3 Summary

In this chapter, a state-space representation of a nonlinear system model for a general
unknown dynamic system is introduced and approximated using model (3.1), and the nor-
malized and saturated error dynamics are de�ned for the system (i.e., airship) considered
in this thesis. From there, the optimal control problem has been formulated. After that,
the derivation of control actions following the theory of conventional optimal control has
been outlined. The results from this chapter are unsuitable for the Data-Driven Control
(DDC) case due to the unknown parameter, namely the future value function, the gradi-
ent of the value function and the error dynamical function. Solutions to these limitations
are o�ered in Chapters 4 and 5 by using value function approximations that allow the
unknown parameters to be estimated online using the data gathered along the system
trajectories, thereby bypassing the limitations by using adaptive approximation methods
based on neural networks.
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Chapter 4

Suboptimal Control with Critic Neural

Network

This chapter outlines a suboptimal online Data-Driven Control (DDC) strategy building
upon the optimal control and reinforcement learning techniques outlined in Chapter 3. By
designing a value function approximator as a partially connected neural network, herein
known as the critic network, solutions are o�ered for the limitations outlined in Chapter 3,
namely the unknown error dynamical function (3.3), and therefore the future value function
and its gradient in (3.8). It is emphasized that the formulation of this strategy is developed
entirely based on the data collected along the trajectories and therefore required no a
priori knowledge of any of the system dynamics or disturbance models. The controller
development is outlined in detail in Section 4.1 and simulation results are quoted with
discussions for the altitude control and altitude and velocity control tasks in Sections 4.2
and 4.3, respectively. Section 4.4 o�ers concluding remarks on the suboptimal Model-Free
Control (MFC) strategy.

4.1 Suboptimal Controller Development

In this section, a generalized mathematical development of a Multi-Input Multi-Output
(MIMO) MFC strategy is presented. The derivation addresses the problems of the unknown
error mapping in (3.3) and the unknown future value function and its gradient in (3.8).
The solution to the unknown equations is to construct a value function approximator as a
partially connected neural network, called herein critic network, whose output is the current
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value function approximation. The proposed controller is structured as a regulator whose
task is to calculate the optimal correction term to current actuator state given the current
state-error and actuator states. Leveraging a Q-learning like structure [38], the algorithm
uses a normalized and saturated error term, (3.5), to encapsulate the state information. In
contrast to the traditional Q-learning approach, the structure that is proposed in this work
doesn't use a discount factor in the Hamilton-Jacobi-Bellman (HJB) equation to e�ectively
limit the time horizon.

Motivated by Weierstrass higher order approximation theorem [28], the input to the
critic network is a quadratic basis function constructed from the input-output data gathered
online along the trajectories. The weights of the critic network are then used to calculate
the control action following the theory of optimal control from the literature. This makes
the control action optimal over the time interval from which the data were collected.

Consider the vector wk which is the augmented error dynamical vector, (3.4), and the
control action vector, (3.2). That is

wk ≡ [wk,1, wk,2, . . . , wk,m̄]
T ≡ [eTk ũT

k ]
T ∈ Rm̄ (4.1)

where m̄ = n +m. The value function (3.8) can be equivalently represented in terms of
wk as

V (wk) =
∞∑︂
ι=k

r(wι) =
1

2
wT

k P̄wk + V (wk+1) (4.2)

by initializing P̄ as a block diagonal matrix whose upper-left and lower-right elements are
Q and R, respectively. That is

P̄ =

[︃
Q ∈ Rn×n 0 ∈ Rn×m

0 ∈ Rm×n R ∈ Rm×m

]︃
.

Let V̂ (wk) denote an approximation of the value function, V (wk), given by

V̂ (wk) ≡
1

2
wT

kP
[r]wk ≈ V (wk) (4.3)

with P[r] being an adaptable matrix that is updated online via the critic neural network.
The elements of P[r] are

P[r] =

[︄
P

[r]
ee ∈ Rn×n P

[r]
eu ∈ Rn×m

P
[r]
ue ∈ Rm×n P

[r]
uu ∈ Rm×m

]︄
.
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The form of (4.3) is consistent with the form of the value function for the Linear Quadratic
Regulator (LQR) which has been used in the literature [38]. In the LQR case, the value
function is quadratic in the states, whereas in the work presented here, the value function
is quadratic in the augmented vector, wk, and thus indirectly quadratic in the states and
the control actions, which represent the measurements taken along the trajectory.

Comparing the forms of (4.2) and (4.3), it can be seen that this proposal is justi�ed.

The diagonal elements P
[r]
ee and P

[r]
uu represent the weighting matrices for the terms that

are quadratic in the states and control actions, respectively, while the o�-diagonal matrices
P

[r]
eu and P

[r]
ue can adapt to estimate the future value functions.

To �nd the optimal value function associated with the approximation, Bellman's prin-
ciple of optimality is applied to (4.3). This yields

V̂
∗
(wk) =

1

2
min
ũk

{︂
wT

kP
[r]wk

}︂
. (4.4)

Evaluating (4.4) and solving for ũ∗
k, the optimal control action is then given by

û∗
k = −P[r]−1

uu P[r]
ueek. (4.5)

Here, û∗
k is used to clearly represent that the control action is derived from the approxi-

mation of the value function while satisfying the criteria for optimality.

Remark 4.1. Given that P
[r]
uu is a principal submatrix of the symmetric positive de�nite

matrix P[r], it is guaranteed that P
[r]
uu is also symmetric positive de�nite, thus P

[r]−1

uu is
guarenteed to exist.

Although (4.5) is consistent with the framework of optimal control, the matrix P[r]

still needs to be constructed in such a way that the dynamics of the value function are
encapsulated. To this end, we introduce Weierstrass higher-order approximation theorem.

Theorem 4.1 (Weierstrass higher-order approximation theorem). Let f(x) ∈ Cm(Ξ), for
Ξ ⊆ Rn, then there exists a polynomial P (x) such that it converges uniformly to f(x), and
all its partial derivatives up to order m converge uniformly. [2, 21]

Theorem 4.1 says that any function that is continuous of order m can be approximated
in a uniformly convergent manner by a polynomial.

Using Theorem 4.1 and following the developments outlined in [38], augmented value
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function approximation model (4.2) can be represented exactly as an in�nite polynomial

V (wk) =
1

2
wT

k P̄wk + V (wk+1) =
∞∑︂
i=0

ω∗
iφi =

i=L∑︂
i=0

ω∗
iφi +

∞∑︂
j=L+1

ω∗
jφj (4.6)

for some L ∈ N. In (4.6) ω∗
i represents the true ith coe�cient of the polynomial vector.

Therefore, the value function de�ned in (4.3) is approximated by truncating the second
sum in (4.6). This is given in compact form as

V̂ (wk) = Ω∗Tφ(wk) where (4.7)

Ω∗ = [ω∗
1, ω

∗
2, . . . , ω

∗
m̄]

T ∈ Rm̄

is the vector of true parameters that minimize the approximation error. The vector φ(·) ∈
Rm̄ is composed of basis functions that represent activation functions for the critic neural
network. In the control literature, this is generally a quadratic function but it has also
been used in the neural network literature as functions including Gaussian radial basis,
sigmoidal, hyperbolic tangent [38]. The basis function represents a mapping such that

φ(wk) : Rm̄ → RL.

The approximation error associated with the truncation of the polynomial sum is,

ϵapprox =
∞∑︂

j=L+1

ω∗
jφj.

It is clear from Theorem 4.1 that as L → ∞, ϵapprox → 0. Motivated by Theorem 4.1,
a single-layer partially connected neural network, the critic network, is proposed. By
introducing a vector p consisting of stacked columns of P[r] at policy index r ∈ {0, 1, . . .}

p[r] = [p
[r]
1,1, p

[r]
1,2, . . . , p

[r]
i,j]

T ∀ (i, j) ∈ {1, 2, . . . , m̄}2

the approximate value function (4.3) is written as

V̂ (wk) =
1

2
p[r]T (wk ⊗wk) =

1

2
p[r]T ρ̄(wk). (4.8)

The approximation model given by (4.8) de�nes a critic network whose input is wk and
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output is V̂ (wk). The output weights are p[r] and the activation function is given by

ρ̄(·) : Rm̄ → Rm̄2

= wk ⊗wk. (4.9)

The ⊗ operator represents the Kronecker product. Notice that the weights of the neural
network correspond to the matrix P[r], allowing the value function to learn from the agent's
interaction with the environment.

The enforced symmetry of P[r] and the repeated terms in the Kronecker product are
taken advantage of to further simplify (4.8) by removing the redundant terms and reduce
the order and the computational cost of (4.8). Let

Ωc
[r] = [p

[r]
1,1, p

[r]
1,2, . . . , p

[r]
i,j]

T , ∀i ∈ {1, 2, . . . , m̄}, j ≤ i and (4.10)

ρ(wk) = [C1,1w
2
k,1, C1,2wk,1wk,2, . . . , Ci,jwk,iwk,j]

T ∀i ∈ {1, 2, . . . , m̄}, j ≤ i where

Ci,j =

{︄
1
2
, if i = j and

1, if i ̸= j.

It follows that the activation function for the critic network is a mapping such that

ρ(·) : Rm̄ → Rη

where η = 1
2
(m̄)(m̄+ 1). (4.8) is equvalently written as

V̂ (wk) = Ωc
[r]T ρ(wk). (4.11)

It is clear that

lim
n,m→∞

η

m̄2
=

1

2
.

So for MIMO systems with n,m ≫ 1, the computational e�ciency is approximately dou-
bled using the reduced order representation. The structure of the reduced order critic
neural network modeled using (4.11) is shown in Figure 4.1.

Remark 4.2. For Weierstrass higher-order approximation theorem as L→∞, ϵapprox → 0,
however, given that P[r] is a Hankel matrix, no new information is added by the exclusion
of the upper right elements. In fact, (4.8) and (4.11) are identical expressions, therefore
the bound ϵapprox is una�ected by the reduction in order.

The weights of (4.11) are updated using the gradient descent method applied on the
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Ω
[r]
c

Figure 4.1: Structure of the partially connected critic neural network.

squared temporal di�erence error between the desired value error function, de�ned as

Ṽ
[d]

k,k+1 = V (wk)− V (wk+1) =
1

2
wT

k P̄wk

and the estimated value error function, which is written compactly as

Ṽ
[r]

k,k+1 = Ωc
[r]T ρ̃k,k+1 by de�ning ρ̃k,k+1 = ρ(wk)− ρ(wk+1).

To advise the critic neural network the squared error of the desired value error function
and estimated value error function is de�ned as

δc =
1

2

η∑︂
k=0

[︂
Ṽ

[d]

k,k+1 − Ṽ
[r]

k,k+1

]︂2
. (4.12)
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Introduce the batch matrices that are used for every update to the critic network weights
at each policy evaluation step, r.

Υ = [Υ0,Υ1, . . . ,Υη̄−1]
T ∈ Rη̄×η with

Υκ = ρ̃Tk,k+1 ∀ κ ∈ {0, 1, . . . , η̄ − 1} | κ = k modulo η and

v[d] =
[︂
v
[d]
0 , v

[d]
1 , . . . , v

[d]
η̄−1

]︂
∈ Rη̄, where v[d]κ =

1

2
wT

k P̄wk ∀ κ ∈ {0, 1, . . . , η̄ − 1}.

Note that inequality η̄ ≥ η must be satis�ed in order for the data gathered in the batch
matrices to be persistently exciting [7]. The squared error modelled in (4.12) can be written
in compact form as

δc =
1

2

⃦⃦⃦
v[d] −ΥΩc

[r]
⃦⃦⃦2

. (4.13)

The critic network weights are updated on every policy iteration r ∈ {0, 1, . . .} such that
η is divisible by k + 1. Weights of the critic neural network are updated using gradient
descent for some learning rate parameter αc ≪ 1. The update law is chosen for some Ω

[r]
c

that minimizes (4.13). That is

Ω∗[r]
c = min

Ω
[r]
c

δc, which follows
∂δc
∂Ωc

= 0 = ΥT
(︂
v[d] −ΥΩc

[r]
)︂
.

The minimizing expression for Ω
[r]
c over the sampled and stored data is then given by

Ω∗[r]
c =

(︁
ΥTΥ

)︁−1
v[d]Υ. (4.14)

Therefore, to satisfy (4.14),
(︁
ΥTΥ

)︁−1
must exist. Using gradient descent for the update

law of the weight vector

Ωc
[r+1] = Ωc

[r] − αc
∂δc

∂Ωc
[r]

= Ωc
[r] − αcΥ

T
(︂
ΥΩc

[r] − v[d]
)︂
. (4.15)

The matrix P[r+1] is reconstructed using the inverse of (4.10).

The control action (4.5) is then computed using the updated weight matrix P[r+1]. It
is noted that the control action is considered optimal only in the range over which the
input-output data is collected and when the weight matrices have converged. That is the
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control action is

ũk = −P[r]−1

uu P[r]
ueek =

⎧⎨⎩ũk if
⃦⃦⃦
Ω

[r]
c −Ω

[r−1]
c

⃦⃦⃦
≥ ϵconv

ũ∗
k if

⃦⃦⃦
Ω

[r]
c −Ω

[r−1]
c

⃦⃦⃦
< ϵconv

(4.16)

for some small convergence threshold, ϵconv ≪ 1. The overall structure of the suboptimal
state-feedback controller is depicted in Figure 4.2.

Actuators

Critic Network

Controller
-

+

x∗
k ek

Ω
[r]
c

Airship

xkxk
actuatorsuk

Error conditioning

x∗
k − xk

Figure 4.2: Block diagram for the suboptimal controller.

The error conditioning block takes the true error as its input and has the normalized
and saturated errors, (3.5) and (3.6), as its output. The controller block represents the
control policy, (4.16), which is parameterized from the critic neural network. The output
for the controller block is passed to actuators of the airship. The resulting states are
treated as the outputs. The network weights, Ω

[r]
c are updated on each policy iteration by

the critic network block, thereby changing the parameter of the controller. This structure
represents an adaptive control system. The algorithm is summarized in Algorithm 4.1.

4.2 Altitude Control with Single Network Controller

This section outlines a single-input 2-output control task for the altitude, z [m], and vertical
velocity, ż [m/s], of a dirigible simulation model. This preliminary experimental test is
used to validate the controller in a low-dimensional task. The primary objectives are to
investigate the sensitivities of the controller, �nd acceptable initial conditions and perform
a robustness study against external disturbances. The simulation model that is used as the
plant for this task is introduced in detail in Section 4.2.1 with the controller parameters
for the suboptimal controller being introduced in Section 4.2.2. To o�er the reader a
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Algorithm 4.1 Algorithm 1: Suboptimal Control with Critic Neural Network

Input:

P[0]: Symmetric Positive De�nite
Q ∈ Rn: Symmetric Positive De�nite
R ∈ Rm: Symmetric Positive De�nite
K: Maximum value of the discrete-time variable

Output:

1: Initialize the following variables:
r ← 0
Υ ∈ Rη×η as an empty matrix
v[d] ∈ Rη as an empty column vector

2: Measure the initial error vector e0
3: for (k ← 0, k ≤ K, k ← k + 1) do
4: Measure the states xk+1

5: Calculate the error ek+1 using (3.5) and (3.6)
6: Calculate the control action ũk+1 using (4.16)

7: Calculated the augmented vector wk+1 ←
[︁
eTk+1ũ

T
k+1

]︁T
8: κ← k modulo η − 1
9: Set Υκ ← ρ̃κ,κ+1

10: Set v
[d]
κ ← 1

2
wT

k P̄wk

11: if (k + 1) is divisible by η then
12: Increase the policy index r ← r + 1

13: Update the weights of the critic matrix Ω
[r]
c ← Ω

[r−1]
c + αcΥ

T
(︂
ΥΩc

[r−1] − v[d]
)︂

14: end if

15: end for

reference against a state-of-the-art DDC strategy, a comparison controller is introduced in
Section 4.2.3 with the initial conditions and implementation restrictions being discussed.

To test the performance of the suboptimal controller an ablation study is performed
in Section 4.2.4, over di�erent initial conditions of the critic learning rate parameters, αc.
Section 4.2.5 uses nominal single waypoint control experiments over a range of initial critic
values as an ablation study to investigate the sensitivity of the controller to the initial critic
weights, Ω

[r]
c and then focuses on two speci�c controllers to investigate the responses in

depth. Finally, Section 4.2.6 extends the work in Section 4.2.5, to multiple waypoint tests
to and explores the adaptability of the proposed algorithms. A summary of the �ndings is
presented in Section 4.2.7.
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4.2.1 ROS/Gazebo Model

In this section the Robot Operating System (ROS) airship simulation model1 is presented
with discussions of the state and action spaces for the altitude control task.

In this work, the Gazebo physics engine is leveraged as a backend for the ROS interface
for the control and perception of a deformable airship simulation model, Figure 4.3 with and
without external wind disturbance generated using a Dryden turbulent wind model. The
ROS/Gazebo platform enables highly realistic physical interaction. The representation of
non-rigid structures from constituent rigid elements that are interconnected with spring and
damper style connections is used to simulate the true dynamics of an airship, relaxing the
need for rigidity assumptions that are common in the literature, as outlined in Chapter 2.
The rigidity of the entire structure is in�uenced by the spring and damping coe�cients of
the interconnections. The sti�ness of the joints between the constituent objects is adjusted
to accommodate variable translational and rotational Degree of Freedom (DoF) for each
member of the dirigible. The internal relationships of the constituent rigid elements are
also considered by the simulation model.

Figure 4.3: Simulation model of the dirigible developed in [58] that is used for the experi-
mental results.

1This model is a result of Price et al. who give a detailed breakdown and preliminary control results in
[58]. Installation and use instructions are available here.
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Pseudo real-time capabilities are provided using the ROS platform. This is to say
that real-time control and sensing are possible so long as the wall time for the calculation
of the control algorithm doesn't supersede the discrete-time step size, T ∈ R+. The
odometry readings that are available through the various ROS topics are calculated using
a Kalman �lter on the noisy Inertial Measurement Unit (IMU) and positioning readings.
It is reassuring that in [43, 44, 58] the simulation model and ROS/Gazebo environment are
used to train reinforcement learning and Proportional Integral Derivative (PID) controllers
which are then applied to the physical dirigible that the model is based on, without needing
to be retrained on the physical system. This is a sign that the simulation model and real
prototype are indeed re�ective of reality.

Remark 4.3. Given the model-free nature of the work presented in this paper, the con-
trollability is not veri�ed, as an accurate system model is required. It is taken for granted
herein that the system is controllable given the success of the authors in [43, 44, 58]. That
is there exist admissible control policies.

4.2.2 Altitude Controller Implementation with Single Network
Controller

This section outlines the control of the dirigible simulation model that is used in the altitude
control tasks. In this task, the vertical position, z [m], and vertical velocity, ż [m/s], are
controlled by regulating the angular speed, ω [◦/s], of the propellers. The states, shown in
Figure 4.4, are given by

x∗ =

[︃
z∗

ż∗

]︃
∈ R2.

The angular velocities of the propellers, shown in Figure 4.5, of the left and right propellers
are equal in magnitude and opposite in direction. This causes a thrust in the longitudinal
direction as the geometry of the blades is inverted. The values of the angular speed is
saturated in the range of [-2864.8, 2864.8][◦/s]

ωk = ωk,r = −ωk,l ∈ [−2864.8, 2864.8] [◦/s].

For all experiments, the initial angular velocities of the propellers are ω0 = 658.9 [◦/s].
This corresponds to an initial, upwards, thrust vector acting along the positive z-axis.

For all experiments the matrix Q ∈ Rm̄ is held constant as a symmetric positive de�nite
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Figure 4.4: Vertical position, z [m] and vertical velocity, ż [m/s] axis de�nitions. Note that
z and ż are measured with respect to the World reference frame.

matrix whose element for the ith row and jth column are

qi,j =

{︄
10−1 if i ̸= j

1 if i = j
, ∀(i, j) ∈ {1, 2, . . . , m̄}2.

Matrix R ∈ Rm is also held constant over the di�erent experiments as a symmetric
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0°
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90°
ωR ωL

Figure 4.5: Angular velocities for the left, ωL, and right, ωR propellers of the airship, where
ωk,l = −ωk,r = ωk [◦/s].

positive de�nite matrix whose element for the ith row and jth column are

ri,j =

{︄
10−1 if i ̸= j

1 if i = j
, ∀(i, j) ∈ {1, 2, . . . , n}2.

The values of the states are updated with frequency fsample = 150 [Hz] and conditioned
using an extended Kalman �lter which calculates its values from global positioning sensor
and IMU sensor fusion. The altitude at time k, zk [m], is read as an Odometry message from
the �/blimp/ground_truth/odometry� ROS topic. In contrast, the current vertical velocity
at time k, żk [m/s], is read as a TwistedStamped message from the �/blimp/ground_speed�
topic. The altitude control script creates a node called �/alt_controller� in the �/blimp�
namespace that updates a list of motor speeds as Actuator messages that are published
to the airship over the �/blimp/command/motor_speed� topic with frequency fpublish =
15 [Hz]. The rqt graph for the altitude controller is shown in Figure 4.6,
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Figure 4.6: rqt graph for the proposed altitude controller.

4.2.3 Altitude Controller Implementation with Comparison Con-
troller

The controllers presented in this work are compared to a state-of-the-art MFC strategy,
presented in [77]. The comparison controller is introduced in Section 2.2.1 as a Dynamic
Linearization Techniques (DLT) whose output transition equation is given in (2.3), and
repeated here for self containment

∆yk+1 = Φ̄
�dl

k ∆H̄k. (4.17)
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In (4.17), the input-output history is captured by the ∆H̄k term, which is de�ned as

∆H̄k = [∆yT
k , . . . ,∆yT

k−Ly+1,∆ũT
k , . . . ,∆ũT

k−Lu+1]
T ∈ RmLy+nLu .

The so-called Pseudo-Partitioned Jacobian Matrix (PPJM), Φ̄
�dl

k , is an adaptive term that
is updated by the input-output data gathered online and is meant to encapsulate the
input-output behaviour of the system. The equation for updating the PPJM is

∆Φ̂
�dl

k =
η(yk − yk−1)∆HT

k−1

µ+ ∥∆Hk−1∥2
+
ηΦ̂

�dl

k−1∆Hk−1∆HT
k−1

µ+ ∥∆Hk−1∥2
∈ Rm×(mLy+nLu).

Note that the PPJM is decomposed as

Φ̂
�dl

0 =
[︂
ϕ̂1, . . . , ϕ̂Ly

, ϕ̂Ly+1, . . . , ϕ̂Ly+Lu

]︂
.

To ensure diagonal dominance of the PPJM the authors propose a resetting algorithm,
which resets elements of the matrix that become too small, too large or change signs. The
mathematical formulation of these rules are neglected here for readability, but they are
available in [77]. The values that are used for the resetting algorithm are, a = 1, b1 = 5.0
and b2 = 10−2.

The control action for the Full Form Dynamic Linearization (FFDL) controller is given
as

∆uk =
ϕ̂k,Ly+1

λ+
⃦⃦⃦
ϕ̂k,Ly+1

⃦⃦⃦2

⎡⎣ρLy+1

(︁
y∗k+1 − yk

)︁
−

Ly∑︂
i=1

ρiϕ̂k ·∆yk−i+1 −
Ly+Lu∑︂
i=Ly+2

ρiϕ̂k,i∆uk+Ly−i+1

⎤⎦.
(4.18)

The initial value of the PPJM is chosen to be

Φ̂
�dl

k =
[︁
0.5

]︁
.

A few notes on the comparison controller are required. In both the altitude controller
and the altitude and velocity controller, discussed later, various values of all the con-
troller parameters are attempted, looping through di�erent parameters using a grid search
method, until acceptable responses were observed. The ranges for each parameter were
taken from the previous works, namely [30, 77, 78]. The only successful iterations were ob-

61



Table 4.1: Parameter values for the FFDL comparison controller for the altitude control
task.

Parameter Value

η 1
µ 1
ρ 10−1

λ 10−2

Ly 0
Lu 1

served when Ly = 0 and Lu = 1, which correspond to the structure of the Compact Form
Dynamic Linearization (CFDL), which is a DLT method. Furthermore, the algorithms
showed extreme sensitivity to the initial conditions. An attempt was made to discuss the
algorithm with the authors, but a communication channel was not able to be formed. It
should also be mentioned that the formulation of the suboptimal controllers proposed in
this work requires that the states to be controlled, and their derivatives, both be present
in the state-space. The FFDL doesn't have that restriction, rather it requires that m ≤ n,
barring the algorithm from including the derivatives in the experiments presented in this
work. These limitations prevent the comparison from being one-to-one with the proposed
controllers, however, the FFDL was the only MIMO MFC technique whose results from
their works could be successfully reproduced and applied to the airship.

It is noted that in order to avoid divergence in the FFDL controller, the actuator signals
had to be restricted to ω�dl ∈ [−572.96, 1718.87] [◦/s] which is a subset of the action-space
that the proposed controllers are able to manage.

4.2.4 Learning Rate Ablation Study

In this section three critic learning rates, αc ∈ {10−1, 10−3, 10−5}, are applied to the subop-
timal controller, while holding all other design variables constant, to observe the sensitivity
of the system to the choice of learning rate. In all cases the target states, x∗, and the max-
imum values of for the states used to calculate the error in (3.5), xmax, for the controller
are

x∗ =

[︃
z∗

ż∗

]︃
=

[︃
15
0

]︃
xmax =

[︃
zmax

żmax

]︃
=

[︃
22.5
1.5

]︃
. (4.19)
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The initial value of the weights of the critic weights in all three cases are

Ω[0]
c = [0.50, 0.65, 1.00, 0.36, 0.55, 0.36]T .

The results from the learning rate ablation study are shown in Figures 4.7 and 4.8.
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Figure 4.7: State responses for the learning rate ablation study for αc ∈ {10−1, 10−3, 10−5}
for a single waypoint experiment. (a) vertical position z [m] and (b) vertical velocity
ż [m/s].

From the plots, very little di�erence is observed between the three learning rates. Both
the altitude and vertical velocities successfully track the desired waypoints and oscillate
about them with small amplitudes. Additionally, convergence is observed in the value
functions around the 100 [s] period in all three cases, with the transient regions of the
value functions also showing very similar responses. To quantify the system responses,
the Integral Absolute Error (IAE) and Integral Time Absolute Error (ITAE) metrics are
quoted in Table 4.2(a) for the systems vertical position and Table 4.2(b) for the vertical
velocity.

Very few di�erences in the error metrics are observed. All three choices, marginally
outperform the others in at least one metric. This shows that the algorithm is relatively
insensitive to the choice in learning rate in the nominal case. It is noted however that
when learning rates above αc = 10−1 were chosen, the updates in some policy iteration
steps became too large, and the adapted network weights violated the symmetric positive
de�nite constraint imposed on P [r]. Divergence was observed in these cases. For the
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Figure 4.8: Actuator signals and value function responses from the learning rate ablation
study for αc ∈ {10−1, 10−3, 10−5} for a single waypoint experiment. (a) actuator signal,
ω [◦/s] and (b) value functions, V (ek, ũk) at t = kT .

Table 4.2: Error metrics for altitude controllers with learning rates in the range αc ∈
{10−1, 10−3, 10−5}

(a) Error metrics for altitude control z [m]

Controller IAE ITAE

αc = 10−1 3587.08 1058045.39
αc = 10−3 3572.25 1097684.99
αc = 10−5 3505.54 1027536.64

(b) Error metrics for altitude control ż [m/s]

Controller IAE ITAE

αc = 10−1 337.09 188462.52
αc = 10−3 330.30 212779.86
αc = 10−5 340.07 192794.84

remainder of this section, the critic learning rate αc = 10−1 is used.

4.2.5 Altitude Controller with Single Waypoint

In this section an ablation study is performed using di�erent initial values of the critic
weights, Ω

[0]
c , to determine the sensitivity of the system response with respect to the initial

weights. In all cases in this section, the target states, x∗, and the maximum values are the
same as in (4.19).

Five initial values of the critic weights are randomly initialized and tested using ran-
dom seeds. The initial weights are given in Appendix A.1 for completeness. It must be
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mentioned, that six sets of critic weights were attempted, however, one of them diverged
during the experiments, so it was excluded from the study as an outlier. It is mentioned
here strictly for transparency. The results of the ablation study over the di�erent random
seeds are plotted in Figure 4.9 with the solid red line indicating the mean of each con-
troller for a given time interval and the shaded blue area indicating a vertical range of ±
1 standard deviation from the mean.
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Figure 4.9: Ablation study for altitude control, varying the initialization of the critic
weights Ω

[0]
c for a single waypoint. The red line indicates the mean response and the

shaded area represents a vertical width of one standard deviation from the mean system
response. (a) Vertical position, z [m] (b) Vertical velocity, ż [m/s].

Notations 4.1. Herein, SOC is used to refer to the suboptimal control structure with a sin-
gle neural network, the critic network. A controller �SOC z###� refers to the suboptimal
controller for states in (4.19), with random seed ###.

The state response from two of the controllers in the ablation study is plotted in Fig-
ure 4.10. The actuator signals and associated value functions are shown in Figure 4.11.

From the graph, it is clear that the two proposed suboptimal controllers, which vary
only by the initial values of Ω

[0]
c , are able to track the desired reference signals, with little to

no �uctuations about the setpoints. As was the case in Section 4.2.4, both value functions
converge shortly after 100 [s]. The angular speeds of the propellers vary in a smooth
motion without any high-frequency �uctuations and settle with little oscillation about a
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Figure 4.10: State responses for suboptimal controllers with random seeds 738 and 930 for
a single waypoint experiment. (a) vertical position z [m] and (b) vertical velocity ż [m/s].
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(b) Value function, V (ek, ũk) at t = kT

Figure 4.11: Actuator signals and value function for suboptimal controllers with random
seeds 738 and 930 for a multiple waypoint experiment in the presence of turbulent wind.
(a) angular speed, ω [◦/s] and (b) value functions, V (ek, ũk) at t = kT .

�xed signal. The SOC z930 controller shows less oscillation at steady-state at the expense
of a slower response.

The simulation is repeated with the addition of turbulent wind gusts, simulated using
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a Dryden wind model [58]. The results for the vertical position and vertical velocity are
shown in Figure 4.12 and the results for the control action and the value function are shown
in Figure 4.13.
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Figure 4.12: State responses for suboptimal controllers with random seeds 738 and 930 for
a single waypoint experiment in the presence of turbulent wind. (a) vertical position z [m]
and (b) vertical velocity ż [m/s].

From Figure 4.12 it is observed that the suboptimal controllers are able to hold a
close envelope around the target altitude, showing maximum oscillations of approximately
±2 [m] from the setpoint. Both the SOC z738 and SOC z930 respond desirably with the
former reaching the altitude target more slowly, but staying more closely to the vertical
velocity reference.

The results from Section 4.2.5, show that the proposed suboptimal controller is capable
of controlling the altitude, z [m] and vertical velocity, ż [m/s] of a Lighter Than Air Vehicles
(LTAVs) in both nominal and disturbed single waypoint experiments. In Section 4.2.6, the
controllers are tested using multiple waypoints, and are compared to the performance of a
FFDL MIMO MFC strategy.

4.2.6 Altitude Controller with Multiple Waypoints

In this section the same two controllers from Section 4.2.5, SOC z738 and SOC z930, are
tested in comparison to the FFDL in a multiple waypoint simulation in both nominal and
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Figure 4.13: Actuator signals and value function for suboptimal controllers with random
seeds 738 and 930 for a multiple waypoint experiment in the presence of turbulent wind.
(a) angular speed, ω [◦/s] and (b) value functions, V (ek, ũk) at t = kT .

windy environments, to verify the adaptability of the proposed controller. In both tests
the target states, x∗, and the maximum values of for the states used in (3.5), xmax, for the
controller are,

x∗ =

[︃
z∗

ż∗

]︃
=

[︃
Tz
0

]︃
xmax =

[︃
zmax

żmax

]︃
=

[︃
22.5
1.5

]︃
for

Tz =

⎧⎪⎨⎪⎩
15, if t ≤ 300 [s],

25, if 300 [s] < t ≤ 600 [s] and

20, if 600 [s] < t.

The state responses for the multiple waypoint testing are shown in Figure 4.14 with the
actuator signals and the value functions for each controller being shown in Figure 4.15.

Both suboptimal controllers are able to overcome the change in waypoints and track
them in a similar way to Figure 4.10, reducing the steady-state error in each of the 300 [s]
trajectory segments. The FFDL controller is able to track the changes in waypoints, but is
unable to stabilize the error, showing a marginally stable response with oscillations about
the desired altitude reference with peak-to-peak value of roughly, 7 [m]. Comparing the
actuation signals in Figure 4.15(a), the suboptimal controllers never reach the saturation
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Figure 4.14: State responses for suboptimal controllers with random seeds 738 and 930
for a multiple waypoint experiment. (a) vertical position z [m] and (b) vertical velocity
ż [m/s].
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Figure 4.15: Actuator signals and value function for suboptimal controllers with random
seeds 738 and 930 for a multiple waypoint experiment in the presence of turbulent wind.
(a) angular speed, ω [◦/s] and (b) value functions, V (ek, ũk) at t = kT .

values of the actuator, while the FFDL controller bounces from one saturation point to
the next. The value functions of the suboptimal controllers begin to level o� within 100 [s]
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of the change in waypoint, which is consistent with the single waypoint results.

The error metrics con�rm the results from the plots, with the proposed SOC z738
controller outperforming the FFDL in the ITAE score by a factor of approximately 3.8
and the proposed SOC z930 controller outperforming the FFDL by a factor of 2.5. It is
interesting to note that while the SOC z738 controller outperforms the SOC z930 in the
error metrics for the altitude, the opposite is true for the vertical velocity. This suggests
that the SOC z738 controller is more aggressive in eliminating the altitude error and does
so by allowing higher �uctuations of the velocity. The di�erence in response between the
two controllers is reminiscent of under and over damping in the classical PID controller
family.

Table 4.3: Error metrics for suboptimal controllers with random seeds 738 and 930 and
FFDL for multiple waypoint experiments. (a) vertical position z [m] and (b) vertical
velocity ż [m/s].

(a) Error metrics for altitude control z [m]

Controller IAE ITAE

SOC z738 9520.17 52221542.63
SOC z930 17532.26 78748614.08
FFDL 29234.15 198600419.79

(b) Error metrics for altitude control ż [m/s]

Controller IAE ITAE

SOC z738 1725.08 9638492.92
SOC z930 1471.97 8582524.20

The tests are repeated with the addition of turbulent wind to challenge the controller's
ability to reject external disturbances. All the controller con�gurations and desired way-
points are the same as in the nominal case. The state responses for the multiple waypoint
testing in the presence of turbulent wind are shown in Figure 4.16 with the actuator signals
and the value functions for each controller being shown in Figure 4.17.

The responses of the two suboptimal controllers are enveloped by the comparison con-
troller. The response times of the controllers seem to be relatively una�ected by the
addition of the wind, however, there is a noticeable addition of a high-frequency compo-
nent to the states and the actuator signals. It is also observed that the value function no
longer converges, which makes intuitive sense, as the error is never fully eliminated. As
was the case in the nominal experiment, the actuator commands of the FFDL controller
toggled between saturation values without much time away from the extrema. Conversely,
the actuator responses of the suboptimal controllers never appear to reach the limits and
are also clearly enveloped by the comparison response.

The error metrics are tabulated in Table 4.4. Again the proposed suboptimal controllers
demonstrate adaptability to changing waypoints and robustness to external disturbances.
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Figure 4.16: State responses for suboptimal controllers with random seeds 738 and 930 for
a multiple waypoint experiment in the presence of turbulent wind. (a) vertical position
z [m] and (b) vertical velocity ż [m/s].
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Figure 4.17: Actuator signals and value function for suboptimal controllers with random
seeds 738 and 930 for a multiple waypoint experiment in the presence of turbulent wind.
(a) angular speed, ω [◦/s] and (b) value functions, V (ek, ũk) at t = kT .

In all cases, both suboptimal controllers produce lower IAE and ITAE scores than the
comparison algorithm.
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Table 4.4: Error metrics for suboptimal controllers with random seeds 738 and 930 and
FFDL for multiple waypoint experiments in the presence of turbulent wind. (a) vertical
position z [m] and (b) vertical velocity ż [m/s].

(a) Error metrics for altitude control z [m]

Controller IAE ITAE

SOC z738 16623.48 109927863.10
SOC z930 21993.40 123361645.56
FFDL 31134.09 212580242.89

(b) Error metrics for altitude control ż [m/s]

Controller IAE ITAE

SOC z738 3300.78 21707872.12
SOC z930 2971.90 21941284.24

4.2.7 Summary of Altitude Control

These results work towards the validation of the single network optimal controller developed
in Section 4.1. It is demonstrated that the proposed algorithm can successfully control the
altitude of a dirigible, a nonlinear time-delayed system, in a reduced dimensional control
problem without a priori knowledge of the dynamics. The algorithm showed adaptability
and robustness, outperforming a modern state-of-the-art MFC strategy by every considered
metric. In addition to the satisfactory results observed by the controller, the ablation study
demonstrated that the implementation of the suboptimal controller was able to stabilize
the system response for �ve out of six randomly initialized actor weights with very little
sensitivity to the learning rate parameter, given it was selected to be small enough. In
the next section, this work is extended by testing the algorithm in a higher dimensional
experimental test setting by controlling the longitudinal velocity as well as the altitude.

4.3 Altitude and Velocity Control with Single Network

Controller

This section extends the complexity of the altitude control experiments to a 2-input 4-
output control task for the altitude, z [m], vertical velocity, ż [m/s], longitudinal velocity
u [m/s] and longitudinal acceleration u̇ [m/s2], of the airship model described in Sec-
tion 4.2.1. The controller parameters for the suboptimal controller are introduced in Sec-
tion 4.3.1 and the updated parameters for the comparison, FFDL controller are given in
Section 4.3.2 with the initial conditions and implementation restrictions being discussed.

The structure of this section is similar to that of Section 4.2, with an ablation study
being performed over a range of initial critic values and then selecting two speci�c con-
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trollers to investigate more rigorously in Section 4.3.3. Section 4.3.4 extend the work in
Section 4.3.3, to multiple waypoint tests to investigate the adaptability of the proposed
algorithms. A summary of the �ndings is o�ered in Section 4.3.5.

4.3.1 Altitude and Velocity Controller Implementation

The work in the previous section is augmented by increasing the dimension of the con-
trol task to 2-input 4-ouputs. In this task, the vertical position, z [m], vertical velocity,
ż [m/s], longitudinal velocity u [m/s] and longitudinal acceleration u̇ [m/s2] are controlled
by regulating the angular velocity of the thrusters, ω [◦/s] and the vector thrusting angle,
γ [◦]. The states, shown in Figure 4.18, are given by

x =

⎡⎢⎢⎣
z
ż
u
u̇

⎤⎥⎥⎦ ∈ R4.

The angular velocities of the propellers, shown in Figure 4.19, of the left and right pro-
pellers are equal in magnitude and opposite in direction, causing a longitudinal thrust, and
are again saturated with maximum and minimum values of ± 2864.8 [◦/s]

ωk = ωk,r = −ωk,l ∈ [−2864.8, 2864.8]◦/s

and have an initial value of ω0 = 658.9 [◦/s] in all experiments performed. This corresponds
to an initial, upwards, thrust vector acting along the positive z-axis. The vector thrust
actuator is the angular position of the thrust vector with respect to the vertical as shown
in Figure 4.19

γk ∈ [0, 90] [◦]

For all experiments the matrix Q ∈ Rm̄ is held constant as a symmetric positive de�nite
matrix whose element for the ith row and jth column are

qi,j =

{︄
10−1 if i ̸= j

1 if i = j
, ∀(i, j) ∈ {1, 2, . . . , n}2.

Matrix R ∈ Rm is also held constant as a symmetric positive de�nite matrix whose
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Figure 4.18: Vertical and longitudinal axes de�nitions. Note that z and ż are de�ned with
respect to the World reference frame, whereas u and u̇ are de�ned on the vehicles body
frame.

whose element for the ith row and jth column are

ri,j =

{︄
10−1 if i ̸= j

1 if i = j
, ∀(i, j) ∈ {1, 2, . . . , n}2.

The position, velocity and acceleration readings from the dirigible simulation are all
updated with sampling fsample = 150 [Hz]. Along with the altitude measurements, the
longitudinal velocity at time k, uk [m/s] is read from the
�/blimp/ground_truth/odometry� topic while the longitudinal acceleration at time k,
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0°

γ

90°
ωR ωL

Figure 4.19: Angular velocities for the left, ωL, and right, ωR propellers of the airship,
where ωk,l = −ωk,r = ωk [◦/s].

u̇k [m/s2] is measured from the �/blimp/ground_truth/imu� topic. The controller script
creates a node called �/alt_vel_controller� in the �/blimp� namespace that updates a list
of motor speeds as Actuator messages and vector thrust angles as Float64 messages that
are published to the airship over the �/blimp/command/motor_speed� and
�/blimp/stick_joint_position_controller/command� topics, respectively, with frequency
fpublish = 15 [Hz]. The rqt graph for the altitude controller is shown in Figure 4.20.

4.3.2 Altitude and Velocity Controller Implementation with Com-
parison Controller

The comparison controller that is used for the altitude and velocity control task is the
same one introduced in Section 4.2.3 with slightly di�erent parameters, and modi�cations
to the dimensions of the variables as required. For readability, only the parameters are
quoted here with the reader encouraged to look at Section 4.2.3, for application details.

The values that are used for the resetting algorithm are, a = 10−3, b1 = 5 and b2 = 10−2.
The initial value of the PPJM is chosen to be

Φ̂
�dl

0 =

[︃
1 0
0 0.5

]︃
.
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Figure 4.20: RQT graph for the proposed altitude and velocity controller.

The same comments from the altitude controller in Section 4.2.3 apply to the altitude
and velocity comparison controller. It is noted again that in order to avoid divergence in the
FFDL controller, the actuator signals had to be restricted to ω�dl ∈ [−572.96, 1718.87] [◦/s],
however the range of the vector thrust angle, γ is equal to that of the proposed suboptimal
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Table 4.5: Parameter values for the FFDL comparison controller for the altitude control
task.

Parameter Value

η 1
µ 1
ρ 5× 10−1

λ 10−2

Ly 0
Lu 1

controller.

In the following section, the suboptimal controller is implemented for altitude and
velocity control of the airship by controlling the magnitude and direction of the thrust
generated by the propellers. Both single and multiple waypoint experiments are conducted
with and without the presence of turbulent wind, with the multiple waypoint experiments
being compared to the FFDL controller.

4.3.3 Altitude and Velocity Controller with Single Waypoint

In this section an ablation study is performed on the suboptimal controller using di�erent
initial values of the critic weights Ω

[0]
c to determine the sensitivity of the altitude and

velocity controller with respect to the initial weights. The values of the �ve critic weights
are randomly initialized using random seeding. The values are given in Appendix A.2 for
completeness. As was the case in Section 4.2.5 six initial values are attempted, however,
one of them diverged during the experiments, so it is excluded from the study as an outlier.
The target and maximum values of the states in this experiment are

x∗ =

⎡⎢⎢⎣
z∗

ż∗

u∗

u̇∗

⎤⎥⎥⎦ =

⎡⎢⎢⎣
15
0
2
0

⎤⎥⎥⎦ xmax =

⎡⎢⎢⎣
zmax

żmax

umax

u̇max

⎤⎥⎥⎦ =

⎡⎢⎢⎣
7.5
1.5
2.5
0.5

⎤⎥⎥⎦ (4.20)

.

Notations 4.2. Modifying the notation from the previous section, a controller �SOC
zu###� refers to the suboptimal controller for states in (4.20), with random seed ###.

The results of the ablation study over the di�erent random seeds are plotted in Fig-
ures 4.21 and 4.22 with the solid red line indicating the mean of each controller for a given
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time interval and the shaded blue area indicating a vertical range of ± 1 standard deviation
from the mean.
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(b) Vertical velocity, ż [m/s]

Figure 4.21: Ablation study for altitude control, varying the initialization of the critic
weights Ω

[0]
c for a single waypoint. The red line indicates the mean response and the

shaded area represents a vertical width of one standard deviation from the mean system
response. (a) Vertical position, z [m] (b) Vertical velocity, ż [m/s].

It is reassuring to see that in all cases, the controller tracks the desired references, with
the standard deviation envelope closing in towards the mean. This shows that while the
learning phase of the controller is sensitive to the initialization of the critic weights, the
tracking performance for t > 200 [s] seems to vary only slightly. Once again, the fact that
the algorithm produced stabilizing outputs for �ve of the six initial critic weights show
promise in easily selecting an admissible initial value.

To visualize the response of two of the controllers, SOC zu392 and SOC zu738, the
state responses are plotted in Figures 4.23 and 4.24.

For all of the state control tasks, the SOC zu392 controller more aggressively reduces the
state errors, reaching the reference targets �rst, however this controller in turn has higher
oscillation amplitudes about the set points. Conversely, the SOC zu738 controller is slower
to achieve the desired setpoint, but has a more stable steady-state response. The same
attributes are noticed in the actuator responses, Figure 4.25. The SOC zu392 controller
has larger oscillations in the actuator signals than the SOC zu738.

The value functions, Figure 4.26, for the two proposed suboptimal controllers, both
show a steep decline in the initial phase. The value function for the SOC zu392 controller
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(a) Longitudinal Velocity, u [m/s]
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(b) Longitudinal Acceleration, u̇ [m/s2]

Figure 4.22: Ablation study for altitude control, varying the initialization of the critic
weights Ω

[0]
c for a single waypoint. The red line indicates the mean response and the

shaded area represents a vertical width of one standard deviation from the mean system
response. (a) Longitudinal Velocity, u [m/s] (b) Longitudinal Acceleration, u̇ [m/s2].
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(a) Vertical position, z [m]

0 50 100 150 200 250 300
Time, t [s]

0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

Ve
rti

ca
l V

el
oc

ity
, z

 [m
/s

]

SOC zu392
SOC zu738
z *

(b) Vertical velocity, ż [m/s]

Figure 4.23: State responses for suboptimal controllers with random seeds 392 and 738 for
a single waypoint experiment. (a) vertical position z [m] and (b) vertical velocity ż [m/s].

initially declines more quickly than its counterpart, before slowly levelling o�, without ever
converging. The value function for the SOC zu738 controller, however, declines steadily for
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(a) Longitudinal Velocity, u [m/s]
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Figure 4.24: State responses for suboptimal controllers with random seeds 392 and 738
for a single waypoint experiment. (a) longitudinal velocity u [m/s] and (a) longitudinal
acceleration u̇ [m/s2].
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(b) Thrust angle, γ [◦]

Figure 4.25: Actuator signals for suboptimal controllers with random seeds 392 and 738
for a single waypoint experiment. (a) angular speed, ω [◦/s] and (b) thrust angle, γ [◦].

the �rst 75 [s] before converging smoothly around the 100 [s] mark. The lack of convergence
in the SOC zu930 is likely correlated to the oscillations observed in the state responses.

The nominal single waypoint altitude and velocity control experiments are repeated in
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Figure 4.26: Value function for suboptimal controllers with random seeds 392 and 738 for
a multiple waypoint experiment.

the presence of turbulent wind to verify the robustness of the proposed algorithms. The
state responses from these tests are shown in Figure 4.27.
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Figure 4.27: State responses for suboptimal controllers with random seeds 392 and 738 for
a single waypoint experiment in the presence of turbulent wind. (a) vertical position z [m]
and (b) vertical velocity ż [m/s].

Firstly, it is noted that in Figures 4.27 and 4.28, both controllers are able to successfully
track the desired setpoints and oscillate about them, despite the disturbance. The SOC
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(a) Longitudinal Velocity, u [m/s]
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Figure 4.28: State responses for suboptimal controllers with random seeds 392 and 738 for
a single waypoint experiment in the presence of turbulent wind. (a) longitudinal velocity
u [m/s] and (a) longitudinal acceleration u̇ [m/s2].

zu392 controller is again more aggressive in tracking the errors, leading to faster tracking
times, in exchange for higher amplitude oscillations. Similar behaviour is observed in
Figure 4.29. The SOC zu392 controller shows larger peak-to-peak amplitudes that the
SOC zu738 controller for the angular velocities of the propellers, Figure 4.29(a), and spends
more time in the extrema of the thrust vector control, Figure 4.29(b), whereas the SOC
zu738 is capable of controlling the system with values outside of the saturation values.

The value functions for the two proposed suboptimal controllers are shown in Fig-
ure 4.30. Whilst neither converge, the response of the SOC zu738 controller shows a steep
decline in the �rst 60 [s] range, followed by a relatively smooth decline for the remainder
of the experiment. Both of the studied controllers show promising results for the single
waypoiont altitude and velocity control task in the nominal and disturbed test cases. Both
controllers successfully tracked the desired waypoints for all states while displaying smooth
actuator signals that don't show any signs of chattering. To better understand the char-
acteristics of the contrrollers, a multiple waypoint experiment is performed in both the
nominal and disturbed scenarios and a comparison is made to the FFDL controller.
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(b) Thrust angle, γ [◦]

Figure 4.29: Actuator signals for suboptimal controllers with random seeds 392 and 738
for a single waypoint experiment in the presence of turbulent wind. (a) angular speed,
ω [◦/s] and (b) thrust angle, γ [◦].
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Figure 4.30: Value function for suboptimal controllers with random seeds 392 and 738 for
a multiple waypoint experiment.

4.3.4 Altitude and Velocity Controller with Multiple Waypoints

This section investigates the adaptability of the proposed algorithm by adding to the
complexity of the implementation from Section 4.3.3. The same two controllers, SOC
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zu392 and SOC zu738, are tested in comparison to the FFDL in a multiple waypoint
simulation in both nominal and windy environments. In all cases the target states, x∗, and
the maximum values of for the states used in (3.5), xmax, for the controller are

x∗ =

⎡⎢⎢⎣
z∗

ż∗

u∗

u̇∗

⎤⎥⎥⎦ =

⎡⎢⎢⎣
Tz
0
2
0

⎤⎥⎥⎦ xmax =

⎡⎢⎢⎣
zmax

żmax

umax

u̇max

⎤⎥⎥⎦ =

⎡⎢⎢⎣
7.5
1.5
2.5
0.5

⎤⎥⎥⎦ for

Tz =

⎧⎪⎨⎪⎩
15, if t ≤ 300 [s],

25, if 300 [s] < t ≤ 600 [s] and

20, if 600 [s] < t.

The state responses for the nominal experiment are shown in Figures 4.31 and 4.32, with
the FFDL being used for a comparison controller.
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(b) Vertical velocity, ż

Figure 4.31: State responses for suboptimal controllers with random seeds 392 and 738
for a multiple waypoint experiment. (a) vertical position z [m] and (b) vertical velocity
ż [m/s].

The trajectory plots for the nominal multiple waypoint experiment show the two subop-
timal controllers successfully tracking the desired setpoints with the SOC zu738 controller
having a slower response but showing less oscillation for all four feedback states, similarly
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(a) Longitudinal Velocity, u [m/s]

0 200 400 600 800
Time, t [s]

0.05

0.00

0.05

0.10

0.15

0.20

0.25

Ac
ce

le
ra

tio
n,

 u
 [m

/s
2 ]

SOC zu392
SOC zu738
u *

(b) Longitudinal Acceleration, u̇ [m/s2]

Figure 4.32: State responses for suboptimal controllers with random seeds 392 and 738
for a multiple waypoint experiment. (a) longitudinal velocity u [m/s] and (b) longitudinal
acceleration u̇ [m/s2].

to the single waypoint simulations. The comparison controller is also able to track the
desired setpoints but does so at the expense of high-amplitude oscillations.
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Figure 4.33: Actuator signals and value function for suboptimal controllers with random
seeds 392 and 738 for a multiple waypoint experiment in the presence of turbulent wind.
(a) angular speed, ω [◦/s] and (b) thrust angle, γ [◦].
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Figure 4.34: Value function for suboptimal controllers with random seeds 392 and 738 for
a multiple waypoint experiment.

From Figure 4.33, it is observed that the SOC zu738 controller shows much less �uc-
tuation than either of the other controllers, having a lower rate of change in the actuator
signal. Additionally, the SOC zu738 controller tends to converge in the angular velocity
signal in the time interval of constant altitude. Figure 4.34 shows the value function of the
SOC zu392 and SOC zu738 controllers. It is observed that the time it takes for the value
function of the SOC zu738 controller to level o� is less than 100 [s], which shows a quicker
response than what was observed in the altitude controller in Section 4.2.4.

The IAE and ITAE metrics for the four state control tasks are tabulated in Table 4.6.
From these data two interesting observations are made, the �rst being that both of the
proposed SOC controllers outperform the FFDL controller in every metric. The second
observation that is drawn is that the SOC zu738 controller outperforms both others in
the ITAE metric for all experiments, despite being outscored in the IAE category for the
altitude and velocity states. This reinforces the qualitative observation that while the SOC
zu392 is capable of addressing the trajectory error more quickly than the SOC zu738, the
latter can more readily reduce the steady-state error of the system.

The multiple waypoint experiment is repeated using the same three controllers, target
waypoints and maximum values as in the nominal case to investigate the noise rejection
abilities of the controllers. The state responses for the airship in the presence of turbulent
wind are shown in Figures 4.35 and 4.36.

The altitude response of the two proposed suboptimal controllers qualitatively appears
to track the desired setpoints more closely, with their responses being enveloped by the
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Table 4.6: Error metrics for suboptimal controllers with random seeds 392, 738 and FFDL
for multiple waypoint experiments. (a) vertical position z [m], (b) vertical velocity ż [m/s],
(c) longitudinal velocity u [m/s] and (d) longitudinal acceleration u̇ [m/s2].

(a) Error metrics for altitude control z [m]

Controller IAE ITAE

SOC zu392 10714.24 67480593.43
SOC zu738 13086.45 47549997.10
FFDL 32970.12 227937040.44

(b) Error metrics for vertical velocity control

ż [m/s]

Controller IAE ITAE

SOC zu392 1437.32 9095317.34
SOC zu738 665.96 3355108.55

(c) Error metrics for longitudinal velocity

control u [m/s]

Controller IAE ITAE

SOC zu392 4329.93 36044176.41
SOC zu738 4774.32 25866692.65
FFDL 8103.60 61605695.66

(d) Error metrics for longitudinal accelera-

tion control u̇ [m/s2]

Controller IAE ITAE

SOC zu392 92.90 631104.52
SOC zu738 57.65 315721.23
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Figure 4.35: State responses for suboptimal controllers with random seeds 392 and 738 for
a multiple waypoint experiment in the presence of turbulent wind. (a) vertical position
z [m] and (b) vertical velocity ż [m/s].

response of the comparison controller. It is noted that the error of the comparison controller
once it has tracked the desired setpoint, seems to reach a peak absolute value close to 10 [m],
whereas the peak absolute error of the two SOC controllers is less than 5 [m]. Looking at the
longitudinal velocity response in Figure 4.36(a), all three controllers show high-frequency
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Figure 4.36: State responses for suboptimal controllers with random seeds 392 and 738
for a multiple waypoint experiment in the presence of turbulent wind. (a) longitudinal
velocity u [m/s] and (b) longitudinal acceleration u̇ [m/s2].

�uctuations, with the positive peaks in the velocity control happening around 0 [s] and
300 [s], which correspond to the two step changes in the altitude targets. It is interesting
to note that the two proposed controllers seem to be biased towards positive errors in the
longitudinal velocity response, while the comparison controller is biased towards a negative
error. In fact the FFDL controller approaches or even achieves, negative velocities on �ve
occasions.

From the actuator responses in Figure 4.37, it is clear that the actuators have to
work signi�cantly harder to achieve the target outputs when compared to the nominal
case. High frequency components are observed in both actuator signals in the proposed
controllers, with the vector thrust control tending to saturate for all three controllers. In
Figure 4.37(a) it is observed that for most of the experiment, the angular velocities fo
the proposed controllers are, again, sandwiched between the angular velocity of the FFDL
controller, with a few brief exceptions being noted. It is also observed that neither of
the proposed controllers reach the saturation limits of the angular velocity actuators for
extended periods of time, and in fact, the SOC zu738 controller doesn't appear to reach it
at all.

From the error metrics in Table 4.7, both SOC controllers outperform the FFDL con-
troller in the altitude and longitudinal velocity control tasks for both the IAE and ITAE
metrics. In the disturbed case, the error metrics of the proposed suboptimal controllers
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Figure 4.37: Actuator signals and value function for suboptimal controllers with random
seeds 392 and 738 for a multiple waypoint experiment in the presence of turbulent wind.
(a) angular speed, ω [◦/s] and (b) thrust angle, γ [◦].
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Figure 4.38: Value function for suboptimal controllers with random seeds 392 and 738 for
a multiple waypoint experiment in the presence of turbulent wind.

are relatively comparable, with all the scores being fairly close.

During the experimental testing, the time it takes for the control computations to
be completed is calculated and stored to ensure that the real-time capabilities are being
respected. The times for the multiple waypoint nominal and windy control loop calculations

89



Table 4.7: Error metrics for suboptimal controllers with random seeds 392, 738 and FFDL
for multiple waypoint experiments in the presence of turbulent wind. (a) vertical position
z [m], (b) vertical velocity ż [m/s], (c) longitudinal velocity u [m] and (d) longitudinal
acceleration u̇ [m/s2].

(a) Error metrics for altitude control z [m]

Controller IAE ITAE

SOC zu392 18272.60 119307638.60
SOC zu738 20846.64 105978791.30
FFDL 34864.63 229404076.05

(b) Error metrics for vertical velocity control

ż [m/s]

Controller IAE ITAE

SOC zu392 3120.92 19144023.62
SOC zu738 2384.43 15656360.47

(c) Error metrics for longitudinal velocity

control u [m/s]

Controller IAE ITAE

SOC zu392 7240.84 60747943.10
SOC zu738 10891.62 78058177.06
FFDL 16062.03 108808995.30

(d) Error metrics for longitudinal accelera-

tion control u̇ [m/s2]

Controller IAE ITAE

SOC zu392 150.88 845406.01
SOC zu738 146.74 955962.47

for the single network controller are,

Table 4.8: Control times for the SOC zu738 control algorithm in the nominal and windy
tests.

Controller Mean [ms] Std. Dev. [ms] Max [ms]

SOC zu738 Nominal 1.17 0.48 7.18
SOC zu738 Wind 0.94 0.31 4.13

The results from Table 4.8 con�rm that the fpublish frequency is respected in the ROS
publications. In fact, taking the maximum time form the SOC zu738 Nominal case, a
frequency of fpublish =

1
7.18

[Hz] ≈ 139.3 [Hz] could be used without issue.

4.3.5 Summary of Altitude and Velocity Control

As in the previous section, these results work towards validating the single-network con-
troller in a higher-dimensional scenario. In this section the altitude and velocity are con-
trolled, successfully tracking the desired setpoints in both nominal and disturbed test cases.
In all test �ights, the controllers outperformed the comparison algorithms both in system
response and in reduced chattering in the actuator signals.
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4.4 Summary

The experimental results from the suboptimal control strategy presented in Algorithm 4.1,
being applied as a controller for the states in (4.19) and (4.20) showed a successful ability
to track multiple desired waypoints both in the nominal case and when there is turbulent
wind with maximum velocity amplitudes of 3 [m/s]. In this chapter, it is demonstrated
that the suboptimal control algorithm is relatively insensitive to the choice of learning rate
parameter and more notably, can produce admissible control trajectories for a large range
of initial values of the critic weights.

The performance of the suboptimal controller, compared to that of a FFDL controller, is
more desirable when evaluated using the IAE and ITAE metrics in the limited testing that
is quoted in this chapter. This is a promising conclusion as the FFDL controller represents
the state-of-the-art in DDC and has been implemented successfully in many test cases.
In addition to outperforming the comparison controller, the suboptimal controller is not
restricted to m ≤ n in the same way the FFDL algorithm, or m = n like the algorithm
proposed by Clouâtré, Thitsa, and Join.

While the results from this chapter are promising, more understanding is needed as
to how the critic weights in�uence the system response. A better understanding this
relationship could allow a designer to dictate more readily how the system will respond
and might lead to stability formulations or methodological selection of initial conditions in
future extensions of the algorithm.

Expanding on the results from this chapter, Chapter 5 uses the suboptimal controller
as a starting point and adds a second partially connected neural network, namely the actor
network, to o�er the algorithm more DoF in its ability to adapt based on the data measured
along the trajectory.
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Chapter 5

Suboptimal Controller with Critic and

Actor Neural Networks

This chapter develops a second Multi-Input Multi-Output (MIMO) Data-Driven Control
(DDC) suboptimal controller with a double neural network structure, herein the actor-
critic controller, by using the results developed in Chapter 4 as a framework. To develop
this controller another neural network, the actor network, is added to calculate the control
action. The addition of the actor network gives the controller more degrees of freedom in
terms of weights that can be adjusted to eliminate the transient and steady state errors.
The actor network is updated online using input output data and, therefore addresses the
same problems as the single layer network.

The outline of this Chapter is as follows. Section 5.1 introduces the mathematical
development of the actor network, outlining the network structure, the update laws and
how the critic network is used to advise the actor network. Following an ablation study for
the learning rate parameter for the actor weights, the two controllers showing admissible
control policies are tested in single and multiple waypoint tests for an altitude control
task in Section 5.2. In Section 5.3 the control task is complicated by adding longitudinal
velocity and acceleration to the states to be controlled. Concluding remarks are added in
Section 5.4 discussing the performance of the proposed controller and future considerations
for the development of the algorithm and it's application to dirigibles.
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5.1 Actor-Critic Controller Development

In this section, MIMO DDC scheme presented in Section 4.1 is extended by adding a second
neural network, namely the actor network, to allow the controller more Degree of Freedom
(DoF) in tracking the desired trajectories. As in Chapter 4, the controllerdesign addresses
the problems of the unknown system dynamics by leveraging a critic network to approx-
imate the functions that depend on these terms. Borrowing from optimal control theory,
the critic network is used to derive a desired control action that is parameterized through
the critic weights, which update based on the measurements gathered along the trajecto-
ries. Following the Weierstrass higher order approximation theorem, an actor network is
developed whose inputs are the normalized and saturated errors and whose output is the
control action. The updates of the actor network are advised by the desired suboptimal
control action from the controller developed in Chapter 4.

With slight abuse of notations, the augmented vector from (4.1) is rede�ned using the
control action calculated from the actor network, ũk,a, in place of the control action that
is parameterized from the critic network, ũk. The augmented vector is rede�ned as

wk ≡ [wk,1, wk,2, . . . , wk,n+m]
T ≡ [eTk ũT

k,a]
T ∈ Rn+m. (5.1)

Denote the control action recommended by the suboptimal controller presented in Chap-
ter 4, whether optimal or not, by

ũ
[d]
k = −P−1

uuPueek. (5.2)

Motivated again by Theorem 4.1, (5.2) is approximated as

ûk,a = Ω̄
[r]
a σ̄(ek). (5.3)

To structure this as a neural network de�ne the activation function to be a quadratic basis
function of the input vector ek

σ̄(ek) : Rn → Rn2

= ek ⊗ ek (5.4)

and the weights of neural network as

Ω̄
[r]
a =

⎡⎢⎣ ω̄1,1 . . . ω̄1,m
...

. . .
...

ω̄n2,1 . . . ω̄n2,m

⎤⎥⎦ ∈ Rn2×m.
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Note that (5.3) is valid as presented, but it is also possible to reduce the order in a
similar way as Chapter 4. In reducing the order of (5.3), only the redundant terms from
the activation function for the actor network, σ(·), are removed as there is no symmetry

imposed on the actor weights, Ω̄
[r]
a , and hence no redundant terms. The reduced order

modi�ed Kronecker product is then de�ned as

σ(ek) = [S1,1e
2
k,1, S1,2ek,1ek,2, . . . , Si,jek,iek,j]

T , ∀i ∈ {1, 2, . . . , n}, j ≤ i (5.5)

Si,j =

{︄
1
2

if i = j

1 if i ̸= j

With this construction, the activation function for the actor network is a mapping such
that

σ(·) : Rn → Rn̄

for n̄ = n(n+1)
2

. Note that the term Si,j in (5.5) is added to ensure that the sign of the error
is considered by the network. Without the addition of this term, the diagonal elements of
the activation function, corresponding to the uncoupled error, would not have any way of
di�erentiating between positive and negative errors. The associated actor network weights
are

Ω[r]
a =

⎡⎢⎣ω1,1 . . . ω1,m
...

. . .
...

ωn̄,1 . . . ωn̄,m

⎤⎥⎦ ∈ Rn̄×m.

The actor neural network then has the structure shown in Figure 5.1.

The closed form equation for the control action for the actor critic framework is

ũk,a = Ω[r]
a σ(ek). (5.6)

Herein, it is assumed that the reduced order structure is implemented, that is Ω
[r]
a ∈ R.

De�ning κ̂ = k modulo η. To develop the update law, two matrices are de�ned

Σ = [Σ0,Σ1, . . . ,Ση−1]
T for, Σκ = σT (eκ̂) and

U[d] = [ũ0, ũ1, . . . , ũη−1]
T for, ũκ = ũ

[d]
κ̂ .

As was the case in Chapter 4, η points are collected along the trajectory per batch. The
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Figure 5.1: Structure of the actor neural network.

compact form of (5.3) over the batch for policy iteration r ∈ {1, 2, . . .} is

û = ΣΩ[r]
a . (5.7)

The temporal di�erence equation is then derived as the squared error between the desired
control action, (5.2), and the actor control action approximation, (5.6), over η samples.
That is

δa =
1

2

⃦⃦⃦
ũ[d] − û

⃦⃦⃦2

. (5.8)

The weights of the actor network are updated using gradient descent for some learning rate
parameter αa ≪ 1. The update law is chosen such that (5.8) is minimized with respect to
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Ω
[r]
a . Then

Ωa
[r+1] = Ωa

[r] − αa
∂δa

∂Ωa
[r]

= Ωa
[r] − αaΣ

T
(︂
ΣΩa

[r] − ũ[d]
)︂
. (5.9)

It is noted that the control action is considered optimal only for the case where the weight
matrices for the actor and critic networks have converged. That is the control action is

ũk,a = Ω[r]
a σ(ek) =

⎧⎨⎩ũk,a, if
⃦⃦⃦
Ω

[r]
c −Ω

[r−1]
c

⃦⃦⃦
≥ ϵconv or

⃦⃦⃦
Ω

[r]
a −Ω

[r−1]
a

⃦⃦⃦
≥ ϵconv or

ũ∗
k,a, if

⃦⃦⃦
Ω

[r]
c −Ω

[r−1]
c

⃦⃦⃦
< ϵconv and

⃦⃦⃦
Ω

[r]
a −Ω

[r−1]
a

⃦⃦⃦
< ϵconv

.

(5.10)

The overall structure of the suboptimal state-feedback controller is depicted in Fig-
ure 5.2.

Actuators

Actor Network

Controller
-

+

x∗ ek
Ω

[r]
a

Airship

xkxk
actuatorsuk,a

Critic Networku
[d]
k

Error conditioning

x∗
k − xk

Figure 5.2: Block diagram for the actor-critic controller.

As in Figure 4.2, the error conditioning block takes the true state error and passes
the normalized and saturated error to the controller and both the actor and critic neural
networks. The controller block represents the control policy, however the controller is
parameterized on the weights of the actor network, which is advised by the critic network.
The output for the controller block is passed to the actuators of the airship. The resulting
states are treated as the outputs. The critic network weights, Ω

[r]
c , and actor network

weights, Ω
[r]
a , are updated on each policy iteration. This structure represents an actor-

critic adaptive control system. The algorithm is summarized in Algorithm 5.1.
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Algorithm 5.1 Algorithm 2: Suboptimal Control with Actor and Critic Neural Networks

Input:

P[0]: Symmetric positive de�nite
Ω

[0]
a : Random initialization

Q ∈ Rn: Symmetric Positive De�nite
R ∈ Rm: Symmetric Positive De�nite
K: Maximum value of the discrete-time variable

Output:

1: Initialize the following variables:
r ← 0
Υ ∈ Rη×η as an empty matrix
Σ ∈ Rη×n̄ as an empty matrix
ũ[d] ∈ Rη×m as an empty matrix
v[d] ∈ Rη as an empty column vector

2: Measure the initial normalized error vector e0
3: for (k ← 0, k ≤ K, k ← k + 1) do
4: Measure the states xk+1

5: Calculate the normalized error ek+1

6: Calculate the control action ũk,a using (5.10)

7: Calculated the augmented vector wk+1 ←
[︁
eTk+1ũ

T
k+1,a

]︁T
8: κ← k modulo η − 1
9: Set Υk̄ ← ρ̃k̄,k+1¯

10: Set v
[d]

k̄
← 1

2
wT

k P̄wk

11: if (k + 1) is divisible by η then
12: Increase the policy index r ← r + 1

13: Update the weights of the critic matrix Ω
[r]
c ← Ω

[r−1]
c + αcΥ

T
(︂
ΥΩc

[r−1] − v[d]
)︂

14: Update the weights of the actor matrix Ω
[r]
a ← Ω

[r−1]
a + αaΣ

T
(︂
ΣΩa

[r] − ũ[d]
)︂

15: end if

16: end for

5.2 Altitude Control with Two Network Controller

As was the case in Section 4.2, the actor-critic structure is �rst validated with a single-
input 2-output altitude and vertical velocity control task to allow for the exploration of
the di�erent elements of the controller. The actor-critic controller is implemented with the
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same measurements and sends the same actuation signals as the controller in Chapter 4 and
therefore the implementation details are excluded here instead, the reader is urged to review
Section 4.2.1 for details, noting that the same comparison controller is used as well. In
Section 5.2.1 di�erent learning rates for the actor network are tested in an ablation study to
observe the di�erence and determine which is best suited for this controller. In Section 5.2.2
both nominal and wind disturbed �ight test simulations are performed to qualitatively
evaluate the performance of the controller for a single waypoint. In Section 5.2.3, the
single waypoint experiments are repeated with multiple altitude waypoints to observe the
controllers adaptability.

5.2.1 Learning Rate Ablation Study

In this section three learning rates, αa

where are three learning rates? Need to change this sentence highlighting that you used three di�erent values for αa.

for the actor network are applied to the update rule, (5.9), for the actor-critic controller
while holding all other design variables constant in an ablation study. The objective is to
observe the sensitivity of the system to the choice of learning rate parameter for the actor
weights. In all cases the target state, x∗, and the maximum values of for the states used
in (3.5), xmax, for the controller are

x∗ =

[︃
z∗

ż∗

]︃
=

[︃
15
0

]︃
and xmax =

[︃
zmax

żmax

]︃
=

[︃
22.5
1.5

]︃
, (5.11)

respectively. For all experiments in Section 5.2 the critic weights are held constant as

Ω[0]
c = [0.30, 0.43, 0.93, 0.36, 0.94, 1.00]T .

The initial value of the actor weights in all three controllers in Section 5.2.1 are

Ω[0]
a = [−0.69,−0.96,−0.81]T .

The results from the learning rate ablation study are shown in Figures 5.3 and 5.4.

Unlike the suboptimal controller, the responses show a high sensitivity to the learning
rates for the actor network. Both the vertical position and vertical velocity plots in Fig-
ure 5.3 show that the reduced learning rates for the actor network lead to a longer tracking
time, and show larger, higher frequency transient oscillations compared to the higher learn-
ing rates. The value function responses in Figure 5.4(b) show that the controller with the
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Figure 5.3: State responses for the learning rate ablation study for αa ∈ {10−1, 10−3, 10−5}
for a single waypoint experiment. (a) vertical position z [m] and (b) vertical velocity
ż [m/s].
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(b) Value function, V (ek, ũk) at t = kT

Figure 5.4: Actuator signals and value function responses from the learning rate ablation
study for αa ∈ {10−1, 10−3, 10−5} for a single waypoint experiment. (a) actuator signal,
ω [◦/s] and (b) value functions, V (ek, ũk) at t = kT .

highest learning rate, αa = 10−1 converges in the actor weights approximately 200 [s] faster
than the other two controllers. Further, it is observed that the controller with αa = 10−3
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is sandwiched between the controllers with higher and lower learning rates. This indicates
that, in general, the larger the learning rate the better. The error metrics for this ablation
study are tabulated in Table 5.1.

Table 5.1: Error metrics for altitude controllers with learning rates in the range αa ∈
{10−1, 10−3, 10−5}

(a) Error metrics for altitude control z [m]

Controller IAE ITAE

αc = 10−1 12669.37 13353325.31
αc = 10−3 12147.90 23492321.17
αc = 10−5 12523.09 26293978.29

(b) Error metrics for vertical velocity control

ż [m/s]

Controller IAE ITAE

αc = 10−1 556.83 492598.13
αc = 10−3 961.23 1406323.57
αc = 10−5 1016.38 1583936.69

Interestingly, the Integral Absolute Error (IAE) score for the vertical position of the
controller with αa = 10−1 has a marginally higher score compared to the others, while
its Integral Time Absolute Error (ITAE) scores are approximately half, compared to the
other controllers. This is explained by noting that the IAE score weights the errors across
the trajectory equally, whereas the ITAE score puts more emphasis on the ability of the
controller to reduce the steady-state error. This implies that the higher learning rate
accepts larger errors in the transient, learning, phase, but has the ability to reduce the
error more rapidly, and perhaps more e�ectively for larger values of k. For the, remainder
of the altitude control section, learning rates of alphac = 10−2 and αa = 10−1 are used.

5.2.2 Altitude Controller with Single Waypoint

In this section an ablation study is performed using di�erent initial values of the critic
weights Ω

[0]
a to determine the sensitivity of the system response with respect to the initial

weights. Five di�erent initial values are used. In all cases in this section the target states,
x∗ and the maximum values, xmax are the same as in (5.11).

The initial values of the actor weights are randomly initialized with random seeds.
Their values are given in Appendix A.3 for completeness. The results of the ablation study
over the di�erent random seeds are plotted in Figure 5.5 with the solid red line indicating
the mean of each controller for a given time interval and the shaded blue area indicating a
vertical range of ± 1 standard deviation from the mean.
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Figure 5.5: Ablation study for altitude control, varying the initialization of the critic
weights Ω

[0]
c for a single waypoint. The red line indicates the mean response and the

shaded area represents a vertical width of one standard deviation from the mean system
response. (a) Vertical position, z [m] (b) Vertical velocity, ż [m/s].

Notations 5.1. Herein, AC is used to refer to the suboptimal control structure with a two
neural networks, the critic and actor networks. A controller �AC z###� refers to the
actor-critic controller for states in (5.11), with random seed ###.

Both z and ż responses shown in Figure 5.5 ultimately seem to converge such that the
standard deviation tightens around the mean as k increases, which is a positive result.
The shaded area in Figure 5.5(a) shows larger deviation from the mean for approximately
300 [s], before seeming to tighten, whereas the vertical velocity response, Figure 5.5(b)
begins to close in towards the mean response around 200 [s].

The state response for two controllers, AC z738 and AC z930 are plotted in Figure 5.6.
The actuator signals and associated value functions are shown in Figure 5.7.

Two controllers, AC z738 and AC z930 are used for further testing. Figures 5.6 and 5.7
show the state responses and actuator signals and value functions, respectively.

The actor-critic controllers show a smooth response in reducing the steady-state error
for both the vertical position and the vertical velocity. It is observed that the actuator
signals and value functions converge after the 100 [s] mark, showing delayed convergence
compared to the results in the suboptimal controller from Section 4.2.5. It is supposed
that this is due to the additional parameters that are required to learn, namely the weights
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Figure 5.6: State responses for suboptimal controllers with random seeds 738 and 930 for a
multiple waypoint experiment. (a) vertical position z [m] and (b) vertical velocity ż [m/s].
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Figure 5.7: Actuator signals and value function for suboptimal controllers with random
seeds 738 and 930 for a multiple waypoint experiment. (a) angular speed, ω [◦/s] and (b)
value functions, V (ek, ũk) at t = kT .

in the actor network. Qualitatively, the results from the plots seem to be smoother in the
steady-state region compared to the suboptimal controller.

The single waypoint undisturbed experiment for the actor-critic controller is repeated,
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exposing the airship to turbulent wind. The results for the vertical position and vertical
velocity are shown in Figure 5.8 and the results for the control action and the value function
are shown in Figure 5.9.
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Figure 5.8: State responses for suboptimal controllers with random seeds 738 and 930 for
a single waypoint experiment in the presence of turbulent wind. (a) vertical position z [m]
and (b) vertical velocity ż [m/s].

From Figure 5.8 it is observed that the actor-critic controllers are able to track the
desired reference altitude with both controllers seeming to be marginally biased towards
positive errors. In Figure 5.9(a), it is observed that the actuator signals seem to have a much
lower amplitude �uctuation when compared to the results of the suboptimal controller.

While the results for the single waypoint experiments are only qualitative, it is con-
�rmed that in this experimental environment and tracking task, the actor-critic structure
is capable of controlling the states in a desirable fashion and is robust to turbulent wind
gusts of up to 2 [m/s].

5.2.3 Altitude Controller with Multiple Waypoints

In this section the same two controllers from Section 5.2.2, AC z738 and AC z930, are tested
in comparison to the Full Form Dynamic Linearization (FFDL) in a multiple waypoint
simulation in both nominal and windy environments, to verify the adaptability of the
proposed controller. In both tests the target states, x∗, and the maximum values of for
the states, xmax are,
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Figure 5.9: Actuator signals and value function for suboptimal controllers with random
seeds 738 and 930 for a multiple waypoint experiment in the presence of turbulent wind.
(a) angular speed, ω [◦/s] and (b) value functions, V (ek, ũk) at t = kT .

x∗ =

[︃
z∗

ż∗

]︃
=

[︃
Tz
0

]︃
xmax =

[︃
zmax

żmax

]︃
=

[︃
22.5
1.5

]︃
for

Tz =

⎧⎪⎨⎪⎩
15, if t ≤ 300 [s],

25, if 300 [s] < t ≤ 600 [s] and

20, if 600 [s] < t.

The state responses for the multiple waypoint testing are shown in Figure 5.10 with the
actuator signals and the value functions for each controller being shown in Figure 5.11.

Both actor-critic controllers are able to overcome the change in waypoints and show
a similar response when tracking positive and negative errors in both the transient and
steady-state responses, tracking the altitude much more e�ciently than the FFDL con-
troller which shows consistent peak-to-peak oscillations of roughly, 7 [m], compared to the
oscillations of the actor-critic network which appear to be roughly, ±1 [m]. Comparing the
actuation signals in Figure 5.11(a), the actor-critic controllers show very smooth actuation
trajectories, while the FFDL controller bounces from one saturation point to the next. The
value functions of the actor-critic controllers begin to level o� in approximately 75 [s] of
the change in waypoint, which seems to be an improvement from the earlier suboptimal
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(b) Vertical velocity, ż [m/s]

Figure 5.10: State responses for suboptimal controllers with random seeds 738 and 930
for a multiple waypoint experiment. (a) vertical position z [m] and (b) vertical velocity
ż [m/s].
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Figure 5.11: Actuator signals and value function for suboptimal controllers with random
seeds 738 and 930 for a multiple waypoint experiment. (a) angular speed, ω [◦/s] and (b)
value functions, V (ek, ũk) at t = kT .

controllers.

From the error metrics in Table 5.2, the qualitative analysis of the system responses is
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Table 5.2: Error metrics for the actor-critic controllers with random seeds 738 and 930
and FFDL for multiple waypoint experiments. (a) vertical position z [m] and (b) vertical
velocity ż [m/s].

(a) Error metrics for altitude control z [m]

Controller IAE ITAE

AC z738 13905.25 82201544.10
AC z930 14333.04 84510302.60
FFDL 29234.15 198600419.79

(b) Error metrics for altitude control ż [m/s]

Controller IAE ITAE

AC z738 1534.32 7510896.91
AC z930 1665.09 8233856.77

con�rmed. The two actor-critic controllers respond in very similar ways and receive similar
scores in the IAE and ITAE evaluations for both states. By all four metrics, the AC z738
actor-critic controller outperforms the other two, being smaller than the FFDL response
by a factor of 2.10 and 2.42 for the IAE and ITAE scores, respectively.

The multiple waypoint tests are repeated with the addition of turbulent wind to chal-
lenge the controller's ability to reject external disturbances. All the controller con�gura-
tions and desired waypoints are the same as in the nominal case. The state responses for
the multiple waypoint testing in the presence of turbulent wind is shown in Figure 5.12 with
the actuator signals and the value functions for each controller being shown in Figure 5.13.
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(b) Vertical velocity, ż [m/s]

Figure 5.12: State responses for suboptimal controllers with random seeds 738 and 930 for
a multiple waypoint experiment in the presence of turbulent wind. (a) vertical position
z [m] and (b) vertical velocity ż [m/s].
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Figure 5.13: Actuator signals and value function for suboptimal controllers with random
seeds 738 and 930 for a multiple waypoint experiment in the presence of turbulent wind.
(a) angular speed, ω [◦/s] and (b) value functions, V (ek, ũk) at t = kT .

Considering the altitude response of the airship in Figure 5.12(a) and the propeller
speed in Figure 5.13(a), it is seems true that the proposed actor-critic controllers have
reduced the error more e�ectively throughout the span of the trajectory. The altitude
and actuator responses of the AC z738 and AC z930 controllers are again enveloped by
the FFDL controller throughout the whole trajectory with brief exceptions in the angular
velocity response around the 0 [s] and 300 [s] intervals. Intuitively this makes sense as
these are the times where the altitude trajectories increase. Qualitatively, the altitude
response is smoother, with less deviation for the actor-critic controllers seeming to imply
a better tracking performance. The error metrics are available in Table 5.2 and show a
similar trend to the nominal case. The two actor-critic controllers behave similarly and
thus score evenly, both of them outperforming the comparison controller by factors of 1.6
and 1.85 in the IAE and ITAE metrics, respectively.

5.2.4 Summary of Altitude Control

In a similar way to Section 4.2, the system response of the controllers to the altitude control
task works towards the empirical validation of the actor-critic structure for the airship
model. The actor-critic outperformed the comparison algorithm and showed qualitative
improvements to the smoothness of the results. The controller was able to track the
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waypoints in the nominal and wind disturbed cases. In Section 5.3, the control task is
augmented by added the velocity and it's derivative to be controlled.

Table 5.3: Error metrics for suboptimal controllers with random seeds 738 and 930 and
FFDL for multiple waypoint experiments in the presence of turbulent wind. (a) vertical
position z [m] and (b) vertical velocity ż [m/s].

(a) Error metrics for altitude control z [m]

Controller IAE ITAE

AC z738 19092.40 115320976.65
AC z930 19199.49 113329800.70
FFDL 31134.09 212580242.89

(b) Error metrics for vertical velocity control

ż [m/s]

Controller IAE ITAE

AC z738 2727.82 15688486.68
AC z930 2759.04 15524673.34

5.3 Altitude and Velocity Control with Two Network

Controller

This section extends the complexity of the altitude control experiments to a 2-input 4-
output control task for the altitude, z [m], vertical velocity, ż [m/s], longitudinal velocity
u [m/s] and longitudinal acceleration u̇ [m/s2], of the airship model described in Sec-
tion 4.2.1. The controller parameters for the MIMO actor-critic and gls�dl controllers in
this section are the same as outlined in Sections 4.3.1 and 4.3.2, respectively.

The structure of this section is similar to that of Section 4.2, with an ablation study
being performed over a range of initial critic values and then selecting two speci�c con-
trollers to investigate more rigorously in Section 5.3.1. Section 5.3.2 extend the work in
Section 5.3.1, to multiple waypoint tests to investigate the adaptability of the proposed
algorithms. A summary of the �ndings is o�ered in Section 5.4.

5.3.1 Altitude and Velocity Controller with Single Waypoint

In this section an ablation study is performed on the actor-critic controller using di�erent
initial values of the actor weights Ω

[0]
a to determine the sensitivity of the altitude and veloc-

ity controller with respect to the initial actor weights. The values of the �ve actor weights
are randomly initialized using random seeding. The values are given in Appendix A.4. The
target and maximum values of the states in this experiment are

108



x∗ =

⎡⎢⎢⎣
z∗

ż∗

u∗

u̇∗

⎤⎥⎥⎦ =

⎡⎢⎢⎣
15
0
2
0

⎤⎥⎥⎦ xmax =

⎡⎢⎢⎣
zmax

żmax

umax

u̇max

⎤⎥⎥⎦ =

⎡⎢⎢⎣
7.5
1.5
2.5
0.5

⎤⎥⎥⎦ (5.12)

Notations 5.2. Modifying the notation from the previous section, a controller �AC zu###�
refers to the actor-critic controller for states in (5.12), with random seed ###.

The results of the ablation study over the di�erent random seeds are plotted in Fig-
ures 5.14 and 5.15 with the solid red line indicating the mean of each controller for a given
time interval and the shaded blue area indicating a vertical range of ± 1 standard deviation
from the mean.
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Figure 5.14: Ablation study for altitude control, varying the initialization of the critic
weights Ω

[0]
a for a single waypoint. The red line indicates the mean response and the

shaded area represents a vertical width of one standard deviation from the mean system
response. (a) Vertical position, z [m] (b) Vertical velocity, ż [m/s].

The interval of the actor-critic responses representing ±1 standard deviation from the
mean seems to be constant throughout the trajectory, with the mean response oscillating
about the desired reference signal. Two controllers, AC zu121 and AC zu569 are chosen to
investigate further in a similar way to the previous sections. To visualize the response of
two of the controllers, the state responses are plotted in Figures 5.16 and 5.17.

The state responses for the AC zu121 controller seem to track the desired reference
trajectories, however, accept a fair amount of oscillation in both altitude and velocity
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Figure 5.15: Ablation study for altitude control, varying the initialization of the critic
weights Ω

[0]
a for a single waypoint. The red line indicates the mean response and the

shaded area represents a vertical width of one standard deviation from the mean system
response. (a) longitudinal velocity, u [m/s] (b) longitudinal acceleration, u̇ [m/s2].
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(b) Vertical velocity, ż [m/s]

Figure 5.16: State responses for suboptimal controllers with random seeds 121 and 569 for
a single waypoint experiment. (a) vertical position z [m] and (b) vertical velocity ż [m/s].

responses and their derivative. Conversely, the AC zu569 updates undistinguishably from
the other test cases for the �rst 75 [s] and then seemingly adjusts to perfectly track z and
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Figure 5.17: State responses for suboptimal controllers with random seeds 121 and 569
for a single waypoint experiment. (a) longitudinal velocity u [m/s] and (a) longitudinal
acceleration u̇ [m/s2].

ż, while accepting small errors in u and u̇ for the remainder of the trajectory.

0 50 100 150 200 250 300
Time, t [s]

1000

500

0

500

1000

1500

2000

An
gu

la
r V

el
oc

ity
 

 [
/s

]

AC zu121
AC zu569

(a) Angular velocity, ω [◦/s]

0 50 100 150 200 250 300
Time, t [s]

0

20

40

60

80

Th
ru

st
 A

ng
le

 [
 

]

AC zu121
AC zu569

(b) Thrust angle, γ [◦]

Figure 5.18: Actuator signals for suboptimal controllers with random seeds 121 and 569
for a single waypoint experiment. (a) angular speed, ω [◦/s] and (b) thrust angle, γ [◦].

The responses are similar in the actuator signals, with the �uctuations being observed
for both actuators being controlled by the AC zu121 controller and a sudden leveling o�
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Figure 5.19: Value function for suboptimal controllers with random seeds 121 and 569 for
a multiple waypoint experiment.

for the angular velocities of the AC zu569 controller and a decaying response for the vector
thrusting.

The nominal single waypoint altitude and velocity control experiments are repeated in
the presence of turbulent wind to verify the robustness of the proposed algorithms. The
state responses from these tests are shown in Figure 5.20.

Firstly, it is noted that in Figures 5.20 and 5.21, both controllers are able to successfully
track the desired setpoints and oscillate about them, despite the disturbance, although the
error for the longitudinal velocity reaches 2 [m/s]. Observing the angular velocity response
in Figure 5.22(a), the plots seem smoother than in the suboptimal controller responses,
with fewer high-frequency oscillations, but the peak-to-peak deviation is larger. There
doesn't seem to be much di�erence in response between the two actor-critic controllers.

The value functions for the two proposed actor-critic controllers are shown in Fig-
ure 5.23. Whilst neither converge, the AC zu121 controller shows a steep decline in the
�rst 40 [s] range, followed by a relatively smooth decline for the remainder of the exper-
iment before tapering o� in the �nal 40 [s] of the experiment. The AC zu569 controller,
on the other hand, shows a smooth decline up until approximately 240 [s] where there is a
sudden decrease followed by another smooth decline. This sudden drop in t ∈ [240, 260] [s]
range maps to a sharp decrease in altitude, leading to a sudden increase in angular velocity
in the propellers, causing sudden increases in both vertical and longitudinal velocities. It is
expected that this e�ect is the result of a sudden downward gust of wind that the system
must respond too, which Price et al. and all observe in their simulation experiments in
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Figure 5.20: State responses for suboptimal controllers with random seeds 121 and 569 for
a single waypoint experiment in the presence of turbulent wind. (a) vertical position z [m]
and (b) vertical velocity ż [m/s].
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Figure 5.21: State responses for suboptimal controllers with random seeds 121 and 569 for
a single waypoint experiment in the presence of turbulent wind. (a) longitudinal velocity
u [m/s] and (a) longitudinal acceleration u̇ [m/s2].

[58].

Both of the studied controllers show promising results for the single waypoiont alti-
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Figure 5.22: Actuator signals for suboptimal controllers with random seeds 121 and 569
for a single waypoint experiment in the presence of turbulent wind. (a) angular speed,
ω [◦/s] and (b) thrust angle, γ [◦].
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Figure 5.23: Value function for suboptimal controllers with random seeds 121 and 569 for
a multiple waypoint experiment.

tude and velocity control task in the nominal and disturbed test cases. Both controllers
successfully tracked the desired waypoints for all states while displaying smooth actuator
signals that don't show any signs of chattering. To better understand the characteristics
of the controllers, a multiple waypoint experiment is performed in both the nominal and
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disturbed scenarios and a comparison is made to the FFDL controller.

5.3.2 Altitude and Velocity Controller with Multiple Waypoints

This section investigates the adaptability of the proposed algorithm by adding to the
complexity of the implementation from Section 5.3.1. The same two controllers, AC zu121
and AC zu569, are tested in comparison to the FFDL in a multiple waypoint simulation in
both nominal and windy environments. In all cases the target states, x∗, and the maximum
values of for the states used in (3.5), xmax, for the controller are,

x∗ =

⎡⎢⎢⎣
z∗

ż∗

u∗

u̇∗

⎤⎥⎥⎦ =

⎡⎢⎢⎣
Tz
0
2
0

⎤⎥⎥⎦ xmax =

⎡⎢⎢⎣
zmax

żmax

umax

u̇max

⎤⎥⎥⎦ =

⎡⎢⎢⎣
7.5
1.5
2.5
0.5

⎤⎥⎥⎦ for

(5.13)

Tz =

⎧⎪⎨⎪⎩
15, if t ≤ 300 [s],

25, if 300 [s] < t ≤ 600 [s] and

20, if 600 [s] < t.

he state responses for the nominal experiment are shown in Figures 5.24 and 5.25, with
the FFDL being used for a comparison controller.

The trajectory plots for the nominal multiple waypoint experiment show the two actor-
critic controllers successfully tracking the desired trajectories with the SOC zu569 controller
seeming to respond incredibly well in the interval t ∈ [100, 300] [s] for all feedback states.
Outside of that range, the two actor-critic controllers respond very similarly, with their
responses being enveloped by the comparison controller, in general. The proposed con-
trollers display lower amplitude and lower frequency oscillations compared to the FFDL.
Again the regions where the velocity and altitude responses deviate the most from the
desired trajectories for the proposed actor-critic controllers correspond to the step changes
in altitude.

As in the previous controllers the angular velocities of the propellers show much smoother
responses for the actor-critic controller than for the comparison algorithm. Interestingly,
for the vector thrust response, the AC zu569 controller is able to oscillate around the 35 [◦]
mark for the region where it's most successful in reducing the error. Unfortunately, follow-
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(b) Vertical velocity, ż

Figure 5.24: State responses for suboptimal controllers with random seeds 121 and 569
for a multiple waypoint experiment. (a) vertical position z [m] and (b) vertical velocity
ż [m/s].
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(a) Longitudinal Velocity, u [m/s]
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Figure 5.25: State responses for suboptimal controllers with random seeds 121 and 569
for a multiple waypoint experiment. (a) longitudinal velocity u [m/s] and (b) longitudinal
acceleration u̇ [m/s2].

ing the step input change in the desired altitude, the response toggles back and forth from
the actuator saturation limits, similar to that of AC zu121 and the comparison algorithm.
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Figure 5.26: Actuator signals and value function for suboptimal controllers with random
seeds 121 and 569 for a multiple waypoint experiment in the presence of turbulent wind.
(a) angular speed, ω [◦/s] and (b) thrust angle, γ [◦].
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Figure 5.27: Value function for suboptimal controllers with random seeds 121 and 569 for
a multiple waypoint experiment.

It is interesting to note, and somewhat unexpected that the AC zu121 controller
outscores the other two controllers in every metric for the z and u control, and outscores
the AC zu569 in the ż and u̇ performance. This might not have been expected given the
ability of the AC zu569 at the end of the �rst segment of the experiments. This seems to
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Table 5.4: Error metrics for actor-critic controllers with random seeds 121, 569 and FFDL
for multiple waypoint experiments. (a) vertical position z [m], (b) vertical velocity ż [m/s],
(c) longitudinal velocity u [m] and (d) longitudinal acceleration u̇ [m/s2].

(a) Error metrics for altitude control z [m]

Controller IAE ITAE

AC zu121 19866.63 122688312.94
AC zu569 22566.50 162780943.92
FFDL 32970.12 227937040.44

(b) Error metrics for altitude control ż [m/s]

Controller IAE ITAE

AC zu121 1739.61 9886001.35
AC zu569 2258.62 13947164.43

(c) Error metrics for altitude control u [m/s]

Controller IAE ITAE

AC zu121 5961.39 43655096.29
AC zu569 7533.04 62473254.72
FFDL 8103.60 61605695.66

(d) Error metrics for altitude control

u̇ [m/s2]

Controller IAE ITAE

AC zu121 77.65 429254.93
AC zu569 82.42 491262.77

indicate that the response of the AC zu121 controller is much better outside of this range.

The multiple waypoint experiment is repeated using the same three controllers, target
waypoints and maximum values as in the nominal case to investigate the noise rejection
abilities of the controllers. The state responses for the airship in the presence of turbulent
wind are shown in Figures 5.28 and 5.29.

The altitude response of the two proposed actor-critic controllers qualitatively appears
to track the desired setpoints while accepting high amplitude oscillation. The response of
the actor-critic controller does not seem to match the performance of the single network
controller in the presence of wind, but qualitatively seems to compete with the FFDL still.
Figure 5.20(a) seems to show the actor-critic controllers both tracking the desired altitude
more e�ectively than the Dynamic Linearization Techniques (DLT) based controller, but
the responses are much closer in Figure 5.21(a). One qualitative remark that isn't told
in the error metrics in Table 5.5 is that the maximum positive and negative errors in the
responses for the vertical position and the longitudinal velocity are all from the FFDL.
So while the performances might be close in an overall sense, if a controller is required
never to leave a certain range about the desired states, the actor-critic controller seems to
perform better than the FFDL.

From the actuator responses in Figure 5.30, it is clear that the actuators have to
work signi�cantly harder to achieve the target outputs when compared to the nominal
case. High frequency components are observed in both actuator signals in the proposed
controllers, with the vector thrust control tending to saturate for all three controllers. All
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(b) Vertical velocity, ż [m/s]

Figure 5.28: State responses for suboptimal controllers with random seeds 121 and 569 for
a multiple waypoint experiment in the presence of turbulent wind. (a) vertical position
z [m] and (b) vertical velocity ż [m/s].
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Figure 5.29: State responses for suboptimal controllers with random seeds 121 and 569
for a multiple waypoint experiment in the presence of turbulent wind. (a) longitudinal
velocity u [m/s] and (b) longitudinal acceleration u̇ [m/s2].

three controllers seem to struggle to �nd a control pattern that is able to consistently
reduce the error in the states.
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Figure 5.30: Actuator signals and value function for suboptimal controllers with random
seeds 121 and 569 for a multiple waypoint experiment in the presence of turbulent wind.
(a) angular speed, ω [◦/s] and (b) thrust angle, γ [◦].
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Figure 5.31: Value function for suboptimal controllers with random seeds 121 and 569 for
a multiple waypoint experiment in the presence of turbulent wind.

From the error metrics in Table 5.5, the AC zu121 controller outperforms the FFDL
controller in the altitude and longitudinal velocity control tasks for both the IAE and ITAE
metrics. The AC zu569 controller scores marginally higher than the comparison controller
in the ITAE metric for the longitudinal control task, but it is again mentioned that it
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Table 5.5: Error metrics for actor-critic controllers with random seeds 121, 569 and FFDL
for multiple waypoint experiments. (a) vertical position z [m], (b) vertical velocity ż [m/s],
(c) longitudinal velocity u [m] and (d) longitudinal acceleration u̇ [m/s2].

(a) Error metrics for altitude control z [m]

Controller IAE ITAE

AC zu121 26716.75 196735412.27
AC zu569 27834.53 188906019.88
FFDL 34864.63 229404076.05

(b) Error metrics for altitude control ż [m/s]

Controller IAE ITAE

AC zu121 3377.91 22953659.13
AC zu569 3882.76 25544666.89

(c) Error metrics for altitude control u [m/s]

Controller IAE ITAE

AC zu121 6135.88 46272761.61
AC zu569 7482.42 60595305.25
FFDL 8062.03 58808995.30

(d) Error metrics for altitude control u̇ [◦/s2]

Controller IAE ITAE

AC zu121 123.04 786358.03
AC zu569 121.47 725715.21

has the advantage of never having gone into the negative. Between the two actor-critic
controllers they both score rather similarly in the metrics for the z, ż, and u̇ control, but
the AC zu121 controller outperforms the AC zu569 controller for both IAE and ITAE
metrics for the longitudinal velocity control.

5.3.3 Summary of Altitude and Velocity Control

Building on the results of the previous section, the actor-critic structure showed promise
in its ability to control the altitude and velocity of the airship in simulation. In one of the
responses, the airship almost entirely eliminated the steady-state error around the 100 s
mark of the �ight test. This demonstrates that the algorithm has potential to be improved
and substantially outperform similar algorithms in speci�c cases. While the results in the
nominal case were comparable and sometimes superior to the single-network algorithm,
the actor-critic did not perform as well in the wind disturbed �ight tests.

5.4 Summary

The results in Sections 5.2 and 5.3, show promising performance and improvements in
the nominal case compared to the single network controller and the comparison FFDL
controller. Speci�cally, the actor-critic network more e�ectively addresses the steady-state
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error of the airship. The ablation studies show that the controller is capable of overcoming
a multitude of initial conditions, and produce admissible control strategies in most cases.
The drawback of this controller, when applied to a dirigible seems to be the noise rejection.
While the actor-critic is able to compensate for the addition of the turbulent wind, its
performance is not as capable as the single network controller in this setting. The reason
for this is unclear, however, it could be that the additional parameters introduced by
the actor network take longer to adapt and therefore struggle with high-frequency noise
rejection. None-the-less, the proposed actor-critic controller is able to outperform the
comparison controller in most cases, tracking the desired waypoints in a reasonable time
period.
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Chapter 6

Conclusion

In this chapter, concluding remarks are o�ered, brie�y summarizing the work in this thesis,
and touching on some of the high-level ideas that are introduced. The reader is left with
avenues in which this work can be expanded to further investigate and possibly improve
the results seen in the experimental setup.

In this work, two online Multi-Input Multi-Output (MIMO) Model-Free Control (MFC)
algorithms are developed on the basis of optimal control theory, leveraging results from
reinforcement learning techniques. The online nature of the algorithms is sought to allow
the plant to be able to generalize its control policy such that it is robust against exter-
nal disturbances. The model-free structure of the proposed single-network controllers is
supported by the parameterization of the control action on the critic-network, which is
tuned online through measurements taken along the vehicle's trajectory. Likewise, the
double-network controller is developed without a priori knowledge of the system dynamics
by updating the parameters of both the critic and actor-networks based on the interaction
of the vehicle with its environment.

The e�cacy of these algorithms is realized through highly realistic simulations of an
airship and compared to a state-of-the-art Data-Driven Control (DDC) strategy. In all
nominal test �ights and all but one windy test �ights, both algorithms outperform the
comparison controller, showing improvements in the Integral Absolute Error (IAE) and
Integral Time Absolute Error (ITAE) error metrics by up to a factor of four. Qualita-
tively, the proposed algorithms were able to track the desired waypoint, with minimal
oscillations and overshoot compared to the comparison controller and showed, in general,
a reduced chattering e�ect in the actuator signals. Due to dimensionality reduction in the
formulation, the computational savings for the value function approximation network (the
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critic-network) were approximately 50%, ensuring that the total control loop calculations
did not impede the real-time control of the system.

Although the results of this work show promise in the development of an online MIMO
DDC strategy for autonomous Lighter Than Air Vehicles (LTAVs), there are areas that de-
serve additional consideration. Firstly, the intention of this work was to explore potential
controllers with simulated validation for airship control. As a result, the stability, conver-
gence and robustness considerations are not discussed at this time and could be useful in
expanding this work or �nding closed-form solutions to the initialization of the network
parameters. Secondly, rather than limiting the task to altitude and velocity control, ex-
pansion to higher dimensional control tasks is left open. Speci�cally, the addition of yaw
control could prove to be a signi�cant step on the way to full autonomy. Lastly, pushing
the envelop of the vehicle agnostic component of this formulation could yield interesting
results. Using the same algorithms, with minor adjustments as needed, on di�erent Robot
Operating System (ROS)/Gazebo airship models, or more meaningfully on a physical pro-
totype stands to strengthen the empirical validation of the algorithm's e�ectiveness.
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Appendix A

Experiment Initial Conditions

This section summarizes the initial conditions of the controllers used in the ablation study
experiments.

A.1 Ablation Study for Altitude Controller for Single

Network Algorithm

Initial values of the non-divergent initial critic weights Ω
[0]
c in Section 4.2.5.

Initial weights for controller SOC z000:

Ω[0],z000
c = [0.50, 0.65, 1.00, 0.36, 0.55, 0.36]T

Initial weights for controller SOC z295:

Ω[0],z295
c = [0.98, 0.93, 1.00, 0.87, 0.83, 0.88]T

Initial weights for controller SOC z569:

Ω[0],z569
c = [0.98, 0.54, 0.79, 0.90, 0.68, 1.00]T

Initial weights for controller SOC z738:

Ω[0],z738
c = [0.47, 0.46, 0.46, 0.64, 0.60, 1.00]T
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Initial weights for controller SOC z930:

Ω[0],z295
c = [0.30, 0.43, 0.93, 0.36, 0.94, 1.00]T

A.2 Ablation Study for Altitude and Velocity Controller

for Single Network Controller

Initial weights for controller SOC z290:

Ω
[0],zv290
c =

[1.00, 0.60, 0.44, 0.65, 0.36, 0.78, 0.81, 0.51, 0.53, 0.91, 0.51, 0.28,
0.51, 0.45, 0.43, 0.53, 0.29, 0.38, 0.48, 0.35, 0.34]T

Initial weights for controller SOC z295:

Ω
[0],zv295
c =

[0.61, 0.62, 1.00, 0.46, 0.79, 0.84, 0.40, 0.49, 0.51, 0.46, 0.45, 0.68,
0.61, 0.37, 0.61, 0.42, 0.55, 0.58, 0.49, 0.42, 0.60]T

Initial weights for controller SOC z392:

Ω
[0],zv392
c =

[0.99, 0.77, 0.98, 0.67, 0.50, 0.87, 0.36, 0.56, 0.28, 0.58, 0.75, 0.70,
0.42, 0.41, 0.90, 0.84, 0.63, 0.63, 0.48, 0.73, 1.00]T

Initial weights for controller SOC z738:

Ω
[0],zv738
c =

[0.66, 0.72, 0.98, 0.50, 0.67, 0.72, 0.35, 0.51, 0.56, 0.58, 0.58, 0.85,
0.52, 0.44, 0.82, 0.67, 0.85, 0.62, 0.56, 0.78, 1.00]T
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A.3 Ablation Study for Altitude Controller for Double

Network Algorithm

Initial values of the non-divergent initial critic weights Ω
[0]
a in Section 5.2.2.

Initial weights for controller AC z115:

Ω[0],z115
a = [−0.20,−0.70,−0.41]T

Initial weights for controller AC z295:

Ω[0],z295
a = [−0.62,−0.33,−0.73]T

Initial weights for controller AC z569:

Ω[0],z569
a = [−0.88− 0.28− 0.51]T

Initial weights for controller AC z738:

Ω[0],z738
a = [−0.34,−0.35,−0.08]T

Initial weights for controller AC z930:

Ω[0],z295
a = [−0.69,−0.96,−0.81]T

A.4 Ablation Study for Altitude Controller for Double

Network Algorithm

Initial values of the non-divergent initial critic weights Ω
[0]
a in Section 5.3.1.

Initial weights for controller AC zv115:

Ω[0],zv115
a =

[︃
−0.20 −0.41 −0.73 −0.57 −0.54 −0.54 −0.08 −1.00 −0.15 −0.94
−0.70 −0.58 −0.19 −0.61 −0.79 −0.40 −0.72 −0.14 −0.21 −0.80

]︃T
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Initial weights for controller AC zv121:

Ω[0],zv121
a =

[︃
−0.11 −0.23 −0.83 −0.56 −0.25 −0.95 −0.02 −0.40 −0.30 −0.41
−0.21 −0.15 −0.41 −0.75 −0.97 −0.49 −0.86 −0.62 −0.93 −0.57

]︃T
Initial weights for controller AC zv290:

Ω[0],zv290
a =

[︃
−0.27 −0.74 −0.33 −0.97 0.00 −0.11 −0.53 −0.45 −0.20 −0.73
−0.26 −0.03 −0.08 −0.58 −0.73 −0.44 −0.57 −0.99 −0.20 −0.28

]︃T
Initial weights for controller AC zv295:

Ω[0],zv295
a =

[︃
−0.62 −0.73 −0.72 −0.84 −0.49 −0.53 −0.02 −0.89 −0.45 −0.19
−0.33 −0.47 −0.63 −0.84 −0.41 −0.09 −0.51 −0.76 −0.75 −0.85

]︃T
Initial weights for controller AC zv569:

Ω[0],zv569
a =

[︃
−0.88 −0.51 −0.95 −0.71 −0.92 −0.85 −0.88 −0.52 −0.78 −0.34
−0.28 −0.29 −0.53 −0.32 −0.32 −0.65 −0.47 −0.28 −0.43 −0.80

]︃T
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Appendix B

Wind Characterization

Wind response of empty Robot Operating System (ROS)/Gazebo simulation environment
with Dryden turbulent wind �lter used in the wind disturbed experiments.
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Figure B.1: Wind speed measurements over a 240 [s] period
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