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Abstract

Lighter than air (LTA) vehicles have many advantageous capabilities over other

aircraft, including low power consumption, high payload capacity, and long endurance.

However, they exhibit manoeuvrability and control reliability challenges, and these

limitations are particularly significant for smaller unmanned LTA. In this thesis, a 4 m

length autonomous airship with a sliding gondola is presented. A rigid keel, mounted

to the helium envelope, follows the helium envelope profile from the midsection to the

nose of the vehicle. Moving the gondola along the keel produces upwards of 90-degree

changes in pitch angle, thereby improving manoeuvrability and allowing for rapid

changes in altitude. The longitudinal multi-body equations of motion were developed

for this prototype using the Boltzmann–Hamel method. An adaptive PID controller

was then designed to control the pitch inclination using the gondola’s position. This

control system is capable of self-tuning the controller gains in real time by minimizing

a pre-defined sliding condition. Experimental flight tests were carried out to evaluate

the controller’s performance on the prototype.
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Chapter 1

Introduction

In recent years, unmanned aerial vehicles (UAV) have increased in popularity due to

their numerous applications in military, commercial, cargo and surveillance. There

are two main categories for these aircraft: rotary wings (i.e., quadcopter), and fixed

wings (i.e., airplane) [1]. Unmanned lighter than air (LTA) vehicles differ from rotary

and fixed wings aircraft, since LTA aircraft use a lifting gas as the main source of

lift, [2] leading to lower power consumption and a considerable payload ratio. As a

result of these features, research in UAV airships has recently gained traction.

1.1 Motivation

The airship industry was displaced by aeroplanes at the end of the 30s. One of the

causes was the flammability of hydrogen, the main lifting gas used at that time.

Due to numerous airship disasters (e.g., Hindeburg) governments around the world

adopted stricter regulations against the use of hydrogen for airships. For instance, the

Civilian Aviation Authority of Germany (TAR 893) [3] and the U.S. Federal Aviation

Administration (FAA ADC 4.48) [4] prohibit the use of flammable chemical elements

as lifting gas. In Canada, according to the Canadian Aviation Regulations, the use

of hydrogen as a lifting gas is prohibited (541.7) [5].
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Interest in lighter than air vehicles has recently been renewed due to technological

advances. For example, the replacement of hydrogen by helium, a non-flammable

and lifting gas. In addition, LTAs have shown a wide spectrum of applications like

advertising, aerial imaging, environmental monitoring, and cargo. As a result, there

are numerous companies around the world such as Zeppelin Luftschifftechnik GmbH

& Co (Germany), Skyship Services Inc (USA), Goodyear (USA), and Hybrid Air Ve-

hicles (UK) that have been developing different manned airship prototypes to provide

diverse services. These airships are shown in Figure 1.1. Furthermore, the Quebec

government invested $30 million dollars into a French-Chinese company called Flying

Whales, which is developing airships that could hold up to 60 tonnes [6].

(a) LZ N07-101 - Zeppelin [7] (b) Skyship 600 - Skyship [8]

(c) Wingfoot One - Goodyear [9] (d) Airlander 10 - Hybrid Air Vehicles [10]

Figure 1.1: Commercial airship models

Manned airships usually use air bag systems to produce changes in the longitudinal

inclination and the altitude. In contrast, unmanned airships have limited payload

to carry additional equipment, thus creating feasibility challenges. For this reason,
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autonomous airships have yet to be adopted commercially.

1.2 Problem Description

The lack of manoeuvrability of autonomous LTAs increases the risk of potential im-

pact during critical manoeuvres such as descent and obstacle avoidance. Hence, this

research work uses an alternative approach in order to control the pitch variations.

The method used is based on the concept of a shifting centre of gravity [11], thus

increasing the system’s manoeuvrability in rapid descents without needing to add a

considerable number of components.

This thesis aims to model, control and implement a control strategy on a recon-

figurable autonomous airship prototype. The recently constructed prototype uses a

sliding gondola through a keel, allowing for pitch variations up to 90 degrees.

The airship prototype is shown in Figure 1.2. The blimp length is 4 m, the radius

is 0.9 m, and the volume is 6.58 m3. The envelope is made of 0.002” polyester film.

Attached to it is a square carbon fiber piece with a cross-section of 10 mm x 10 mm

that acts as a rail system for the gondola. In fact, there are two rail sections; the first

one is straight with a length of 1 m, while the second one is a quarter circumference

with a radius of 0.9 m.
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Figure 1.2: Airship prototype

1.3 Objectives

The objectives of this thesis are threefold:

� Model and simulate a dynamic model of the prototype vehicle.

� Design and simulate a non-linear controller to control the pitch angle of the

prototype vehicle.

� Implement the control system in the prototype.

1.4 Thesis Layout

The remainder of the thesis is organized as follows:
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� Chapter 2 introduces a review of the design, modelling, control and implemen-

tation of unmanned airships.

� Chapter 3 describes the multi-body longitudinal equations of the proposed re-

configurable autonomous airship.

� Chapter 4 presents the design of an adaptive PID control technique for control-

ling the pitch angle.

� Chapter 5 provides an overview of the experimental platform that was used for

the experimental validation.

� Chapter 6 presents and discusses the flight test results.

� Finally, Chapter 7 provides concluding remarks and discusses possible future

work.
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Chapter 2

Literature Review

This chapter presents a brief overview of recent developments in unmanned airship

technologies, modelling approaches, control techniques, as well as observations made

from experimental flight tests.

2.1 Airship Design

Numerous lifting gas envelope shapes have been studied and tested for applications

in unmanned flights.

The most common shape that has been studied is the prolate spheroid [12–16].

The finesses ratio of this shape is generally optimized in order to determine the best

drag and lift coefficients [17]. Moreover, this shape has a smaller drag coefficient than

a sphere. An example of this shape is shown in Figure 2.1a. This type is character-

ized by its aerodynamic surfaces (e.g., fins, rudders, elevators). The fins are usually

located in the rear, while the thrusters are often located under the envelope, as shown

in Figure 2.1a. Typically, this shape integrates two types of aerodynamic control sur-

faces (rudders and elevators), whose function is to control the yaw and pitch angles,

in addition to two vectored motors that provide a thrust to move forward. However,

some configurations do not use control surfaces, but instead have unmotorized fins

and servos attached to the thrusters, as in Figure 2.1a.
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Another type of lighter than air unmanned vehicle shape is the oblate spheroid [18–

20]. This shape usually has a greater lift coefficient than the prolate. However, this

compromises its drag coefficient. Typically, for this configuration, the thrusters are

placed around the envelope. In addition, these vehicles are finless, which means they

do not have aerodynamic surfaces. Depending on the number of vectored propellers,

its maneuverability will increase compared to that of the traditional airships. For

instance, Figure 2.1b shows an oblate spheroid that has six thrusters. This setup

provides an advantage compared to a pure hexa-copter aircraft, since the aerostatic lift

will increase its endurance and payload capabilities [18]. This configuration improves

the vehicle manoeuvrability. However, the extra motors increase the system’s power

consumption.

(a) Prolate spheroid airship [12]

(b) Oblate spheroid Airship [18]

Figure 2.1: Common shapes of airships
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2.2 Airship Modelling

The dynamics model of the airship has been well studied. Models incorporate dif-

ferent types of physics such as: dynamics, aerodynamics, incorporation of structural

flexibility, incorporation of atmospheric turbulence and effects of ballonets [2]. Air-

ships are models that have six degrees of freedom (DOF). Most of the models found in

the literature use the Newton - Euler formulation in order to obtain the equations of

motion. This formulation is vector oriented. It is therefore necessary to determine the

kinematics of the system [21]. On the other hand, there are some works which uses

the Lagrange method [1]. This technique has an energy calculation approach. Some-

times, it is an advantage, especially when dealing with the kinematics for complex

systems (e.g., multibody), but these can be tedious to manage.

2.2.1 Newton-Euler Method

One of the better known derived models for the manned airship is the YEZ-2a [22],

whose equations were derived using the Newton-Euler method. Over the years, addi-

tional improvements have been added to Gomes’s work. For instance, Recoskie added

terms for parametric uncertainties, which are useful when evaluating controller ro-

bustness, as well as rotational aerodynamic damping [23]. Recoskie’s dynamic model

uses the coordinate frame depicted in Figure 2.2, and its equations of motion are

expressed as [23]:

Equations of motion:

M ẍ +D(ẋ) = AR(ẋ) +G+ ER + UR (2.1)

where M is the mass matrix, D is the centrifugal and Coriolis vector. Besides, AR,

G, ER, and UR are the aerodynamic vector, the gravitational and buoyancy vector,

the model uncertainty vector, and the input force vector. The states are represented

by the 6x1 vector x.
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Figure 2.2: Coordinate frame [23]

x = [x y z φ θ ψ]T (2.2)

where the cartesian coordinates of the CV are x, y, and z. The Euler angles are

expressed as φ, θ, and ψ.

The mass matrix is represented by the 6x6 matrix M [23].

M =



mx 0 0 0 mdm,z 0

0 my 0 −mdm,z 0 mdm,z

0 0 mz 0 −mdm,x 0

0 −mdm,z 0 Jx 0 −Jxz
mdm,z 0 −mdm,x 0 Jy 0

0 mdm,x 0 −Jxz 0 Jz


(2.3)

where the added mass for the x, y, and z axis are mx,my, and mz, respectively. The

total mass of the system is m. The added inertia about the x, y, and z axes are Jx, Jy,

and Jz, respectively. The added inertia about the xz plane is Jxz.
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The forces and moments due to the centrifugal and Coriolis terms are represented

by the 6x1 vector D = [DX DY DZ DL DM DN ] [23].

DX = mz żθ̇ −myψ̇ẏ +m(dm,x[θ̇
2 + ψ̇2]− dm,zψ̇φ̇) (2.4)

DY = mxẋψ̇ −mzφ̇ż −m(dm,xφ̇θ̇ + dm,zψ̇θ̇) (2.5)

DZ = myẏφ̇−mxθ̇ẋ+m(dm,z[θ̇
2 + φ̇2]− dm,xψ̇φ̇) (2.6)

DL = (Jz − Jy)ψ̇θ̇ − Jxzφ̇θ̇ +mdm,z(φ̇ż − ẋψ̇) (2.7)

DM = (Jx − Jz)φ̇ψ̇ + Jxz(φ̇
2 − ψ̇2) +m(dm,z[żθ̇ − ψ̇ẏ] + dm,x[θ̇ẋ− ẏφ̇]) (2.8)

DN = (Jy − Jx)θ̇φ̇+ Jxz θ̇ψ̇ +mdm,x(ẋψ̇ − φ̇ż) (2.9)

where the DX , DY , and DZ are the components for the x, y, and z axes, respectively.

Additionally, DL, DM , and DN are the components for the rotations around the x, y,

and z axes, respectively.

The aerodynamic terms are represented by the 6x1 vector AR [23].

AX = P̂ [CX1 cos2(α) cos2(β) + CX2 sin(2α) sin

(
α

2

)
] (2.10)

AY = P̂ [CY 1 cos

(
β

2

)
cos(2β) + CY 2 sin(2β) + CY 3 sin β sin |β|] (2.11)

AZ = P̂ [CZ1 cos

(
α

2

)
cos(2α) + CZ2 sin(2α) + CZ3 sinα sin |α|] (2.12)
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AL = P̂ [CL1 sin(β) sin |β|] +
1

2
ρaCL2φ̇|φ̇| (2.13)

AM = P̂ [CM1 cos

(
α

2

)
sin(2α)+CM2 sin(2α)+CM3 sin(α) sin |α|]+1

2
ρaCM4θ̇|θ̇ (2.14)

AN = P̂ [CN1 cos

(
β

2

)
sin(2β)+CN2 sin(2β)+CN3 sin(β) sin |β|]+ 1

2
ρaCN4ψ̇|ψ̇ (2.15)

where the AX , AY , and AZ are the translational aerodynamics forces, and AL, AM ,

and AN are the rotational aerodynamics moments.

The dynamic pressure is expressed as P̂ . The angle of attack and the sideslip angle

relative to air are α and β, respectively. These terms can be expressed as follows:

P̂ =
1

2
ρav

2
0 (2.16)

α = arctan

(
ż

ẋ

)
(2.17)

β = arcsin

(
ẏ√

ẋ2 + ẏ2 + ż2

)
(2.18)

The gravitational and buoyancy forces and moments due to these terms are rep-

resented by the 6x1 vector G [23].

GX = (m− ρaV )g1 (2.19)

GY = (m− ρaV )g2 (2.20)
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GZ = (m− ρaV )g3 (2.21)

GL = −mdmzg2 (2.22)

GM = m(dmzg1 − dmxg3) (2.23)

GN = mdmxmg2 (2.24)

where the GX , GY , and GZ are the gravitational and buoyancy forces for the x, y, and

z axes, respectively. Moreover, GL, GM , and GN are the moments produced by these

forces about the x, y, and z axes, respectively.

The uncertainties are expressed by the 6x1 vector ER [23].

ER = σ2(AR + UR)T (2.25)

where the 6x1 vector σ2 is composed by random percentages around ±10 %.

The input forces are expressed by the 6x1 vector UR [23].

UR =



Tc

0

0

0

dc,zTc

0


−

 g

dCBg

 ρaVb,f −
 g

dCBg

 ρaVb,r +



0

Tt,t

0

df,zTt,t

0

−df,xTt,t


+



0

Tt,b

0

−df,zTt,b
0

−df,xTt,b


(2.26)

The generated thrust by the motors-propellers located at the gondola, top of the

tail, and bottom of the tail is represented by Tc, Tt,t, and Tt,b, respectively. The
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air ballasts volume located at the front and rear are expressed by Vb,f and Vb,r,

respectively. The skew symmetric matrix dCB contains the distances between envelope

CV and each ballonet CV.

2.2.2 Multi-body Modelling of Aircraft

Multi-body autonomous aircraft are becoming more common due to the new applica-

tions of UAV’s. Therefore, multi-body models have been derived for different systems

such as spacecrafts, quadcopters, hybrid (tilt and fixed wing), and airships. There are

a number of different approaches used for the aforementioned models: Netwon-Euler,

Kirchhoff, and Boltzmann-Hamel.

Hybrid vehicles have the advantages of both the rotor and fixed wing aircraft.

They possess the vertical take-off/landing (VTOL) capabilities and the cruise per-

formance for long endurance missions. Li et al. present a multi-body tilt UAV sys-

tem [24]. composed of three bodies: the fuselage and two shafts equipped with motor

propellers. The dynamic model is obtained using the Newton approach, meaning that

the Newton-Euler equation is applied three times, one time per body. In some cases,

this approach can be tedious, especially if the system contains complex kinematics

or many bodies. Wang, Zhou, and Lin developed a UAV model with transitional

capabilities [25]. This vehicle has two sets of motors: one at the front and one at

the back. This configuration allows the aircraft to have VTOL and fixed-wing capa-

bilities. Beloti, Santos, and Sarcinelli describe the case study of three quadcopters

collaboratively transporting a load [26]. The UAV model was also derived using the

Newton-Euler approach. The payload rotations along the x and y axes are restricted,

due to the triangle formation that holds the load. Therefore, the payload position

was estimated based on the assumption that the UAVs were connected between them,

allowing the position to be estimated geometrically.

Kirchhoff equations are used to describe the dynamics of a rigid body interacting

within an ideal fluid (incompressible, inviscid, and unbounded) [27]. The generalized

Kirchhoff’s equations considering external forces and moments can be expressed in
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the Lagrangian form as [28]:

d

dt

∂T

∂v
+ ŵ

∂T

∂v
= Ft (2.27)

d

dt

∂T

∂w
+ ŵ

∂T

∂w
+ v̂

∂T

∂v
= τr (2.28)

Reyhanoglu and Rehan described the model of a quadcopter carrying a 2 DOF

manipulator [29]. The Kirchoff’s equations were used to get all eight equations of

motion for the system. Abdallah et al [30] derived a multi-body model of an airship

carrying a cable driven robot as the payload. Due to the coupling dynamics between

both systems, the whole system was modelled as an interconnection of lower order

subsystems. Therefore, the equations of motion were found as two isolated systems

and the motion of one system was assumed as external disturbance for the other one.

The dynamics of the first subsystem (airship) were derived by the Kirchoff equations

while the dynamics of the cable-driven robot (the carrying manipulator dynamic)

were obtained using the Newton-Euler method.

Boltzmann-Hamel equations are useful for systems with nonholonomic constraints

and/or quasi-coordinates [31]. This approach can produce the correct equations of

motion, but it adds some complexity. The generalized form of the Boltzmann-Hamel

equation for a system with m nonholonomic constraints can be expressed as follows

[32]:

d

dt

(
∂L

∂ur

)
−

n∑
i=1

∂L

∂qi
Φir+

n∑
j=1

n−m∑
l=1

∂L

∂uj
γjrlul+

n∑
j=1

∂L

∂uj
γjr = Fr ; r = 1, ..., n−m (2.29)

γjrl(q, t) =
n∑
i=1

n∑
k=1

(
∂Ψji

∂qk
− ∂Ψjk

∂qi

)
ΦklΦir (2.30)

γjr(q, t) =
n∑
i=1

n∑
k=1

(
∂Ψji

∂qk
− ∂Ψjk

∂qi

)
ΦktΦir +

n∑
i=1

(
∂Ψji

∂t
− ∂Ψjt

∂qi

)
Φir (2.31)
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Fr =
n∑
i=1

QiΦir (2.32)

The additional complexity caused by using this approach can be observed in Equa-

tion 2.29. However, thanks to the different mathematical software that has become

recently available, it is now feasible to implement. For instance, in Grauer et al., the

equations of motion for an ornithopter were developed [33] for an aircraft composed

of five bodies. The equations were derived using the Boltzmann-Hamel equations,

but before applying this approach, the kinetic energy was computed. For the aero-

dynamic model, a simple quasi-steady thin airfoil was used, since there is not yet a

developed model for this robot. Due to the length of the final equations, they are

not shown in the paper. This is one of the characteristics of the Boltzmann-Hamel

method. Similarly, a multi-body model for an autonomous airship has been developed

by Lanteigne et al. [34]. The system is composed of two bodies: the envelope and

the gondola, where the gondola has the capability of sliding along a keel, producing

CG changes. The equations of motion were simplified to the longitudinal plane. This

model considered the envelope centre of gravity (CG) located coincident with the CV.

However, this assumption is a theoretical assumption that the components required

to achieve the sliding motion (e.g., the keel) will affect the CG of the envelope.

2.3 Airship Control

This section will review important contributions to the field of unmanned airship

control with a particular focus on resilience to disturbances, applicability to multi-

body systems, and experimental performance.

The main categories of unmanned airship controllers include: proportional-integral-

derivative (PID), sliding mode control (SMC), model predictive control (MPC), adap-

tive control, and intelligent controllers.

The PID method has been tested in this system [11,35,36] where Suvarna, Chung,

and Pant [35] designed three PID regulators to control the altitude, pitch and velocity.
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The simulation was implemented using the Robotic Operative System (ROS). The

desired trajectory is defined as follows: first, the airship must reach a 10 m altitude,

then it moves forward for 20 m, and finally it descends. The reference altitude is

reached in approximately 120 s. This PID regulator is able to hold the height with

almost no overshoot. On the other hand, the PID regulator for pitch angle has

to maintain a 0° angle. However, it presents small oscillations within a range of

±1°. Lanteigne et al. [11,36] proposed the PID technique to regulate the pitch angle

of the airship. The system was linearized under the following conditions: 180 m

altitude, and 0.1 N thrust. The PID method has certain advantages in regard to the

implementation and the tuning process. The controller can reach a desired pitch angle

in 25 s, with a maximum error of 2.1°. Although the PID method generally performs

well when it is working close to the linear region, there are many factors that can

affect this zone, for example unknown parameters, parameter changes, disturbances

and uncertainties. For this reason, most studies focused on the implementation of

more advanced techniques.

SMC is a nonlinear control technique well known for its robustness [37, 38]. Its

design includes two steps [38]. The first is the design of the sliding surface, who’s

function is to drive the system’s state trajectory and keep it onto a pre-defined surface

(chosen by the designer) [37]. This surface is also known as the switching surface,

because the control signal has two possible gains, and these gains are switched based

on if the state trajectory is above or below the sliding surface [37]. The second step

is the design of a controller that guarantees the sliding behavior [38]. De Paiva, Ben-

jovengo, and Siqueira [39] present a SMC model for path tracking. The system was

linearized around an equilibrium point and the assumed conditions were a straight

flight and no wind disturbance [39]. As a result of the linearization process, the

system dynamics of the system is decoupled between two motions: longitudinal and

lateral. The system’s stability was proven via the Lyapunov method. The chatter-

ing phenomenon was reduced by replacing the signum function with the hyperbolic

tangent function [39]. The tracking controller was tested under a square trajectory.

In general, the system performed well, with no overshoot, when turning the corners.
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These abrupt changes in direction were caused by the low airspeed conditions, which

produced high changes in the yaw angle. In addition, saturation in the rudder control

signal was observed. A possible means of improving the system’s performance would

be to use smoother transitions in the desired trajectory to avoid abrupt changes in

the airspeed.

The MPC control technique uses the dynamic model of a system to predict its

future behavior as well as to choose the optimal control signal to minimize a given

cost function [40–42]. It is composed of three components: the prediction model,

the objective function, and the control law [40]. The prediction model refers to the

mathematical model that describes the system dynamics [40]. Usually, the system’s

representation is divided into two parts: the plant model and the disturbance esti-

mator. The objective function’s role is to minimize the control signal that allows the

output variable to follow the reference signal [40]. The control law aims to minimize

the objective function and compute the predicted output [40]. Numerous authors have

proposed this strategy for autonomous airships. Wen, Chen, Liang, and Duan [21]

designed a model predictive control for a sensorless environment using an observer.

The use of an observer is a common technique to estimate the value of the states of

the system, in cases when it is not feasible to measure them through a sensor. The

results show that the controller is able to deal with the saturation of the actuators. In

addition, the technique can follow a desired set point with an overshoot of less than

10%. However, one of the main drawbacks of this approach is the high computational

requirements. Therefore, the technique should be simplified so that it is feasible to

use it in the implementation stage. Zhang, Yang, Deng, and Lin [43] proposed an

MPC system for trajectory tracking that takes into consideration wind disturbances.

The controller was designed by linearizing the equations of motion based on a small

perturbation approach. The tracking performance of this technique was tested and

compared to the SMC model, for a twisted pair trajectory. The results show a good

performance in general for the MPC system. This means a rapid response with a set-

tling time of less than 10 s for the yaw angle. However, it presents a small error and

overshoot following the desired trajectory. In comparison, the SMC model showed a
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lower performance, as it had a higher overshoot and a greater settling time at the

beginning of the trajectory.

The design of control systems for aircraft motivated the development of the adap-

tive controller approach with varying parameters during the 1950s [44]. This is due to

the fact that aircraft have a broad spectrum of operation points, based on their speed,

altitude, and time varying dynamics [44]. The technique aims to adjust or adapt the

controller parameters in order to keep an overall steady performance of the system

under uncertainties, unknown plant parameters, and not modelled dynamics [45–47].

The adaptation law determines how to automatically change the controller parame-

ters, according to the system’s performance. The law depends on the stability analysis

of the closed-loop system, which is usually proven with the Lyapunov methods [45].

Because of its adaptation capabilities, this technique is commonly combined with

other types of regulators to improve the overall system performance. For instance,

an adaptive sliding mode controller for trajectory tracking of an airship was reported

by [15]. This method has a settling time of approximately 10 s for the angles and

velocities. However, the required control signals are high, at approximately 5× 109

Newton. This demonstrates that new simulations that include the actuator satura-

tion should be carried out to compare the controller performance under this scenario.

Another example of adaptive SMC was presented in [48]. Xiao, Wang, Zhou, and

Duan developed an adaptive sliding mode control for altitude and position control

of an airship. Additionally, in the design, the authors considered the input satura-

tion, which is a common and unavoidable phenomenon for the thrusters. Including

the input saturation in the design stage allows the simulation to closely resemble the

physical prototype, due to the actuator limitations that are represented. However,

the proposed technique only guarantees the closed loop system’s stability; it is not

able to guarantee unsaturated input to the actuators. The simulation results show

that the controller reached the desired roll and pitch angle in approximately 5 s, with

a small overshoot. In addition, the reference velocities were reached in less than 15

s. However, the adaptation algorithm could take more time to converge, especially

if the initial conditions are far from the trim point. As a conclusion, it has been
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demonstrated that the adaptive controllers are suitable for this type of aircraft, since

airships have certain parameters that are difficult to measure or estimate with high

accuracy (i.e., aerodynamic coefficients and inertia matrix).

One of the latest approaches to emerge is the use of intelligent controllers [47].

These controllers are able to adapt, learn, and take decisions for a specific task. Two

of the most well-known techniques from this category are fuzzy logic (FL) and neural

networks (NN) [47, 49]. Fuzzy logic aims to allow a computer to imitate human

decision-making, based on previous experiences [49]. The process used by a fuzzy

controller includes three steps: fuzzy quantification, fuzzy control rules, and fuzzy

decisions. At the first step, the control variables are converted to a fuzzy quantity.

The second step involves the rules being defined by the designer. Basically, these rules

are a set of “If ... and Then ...” conditions. In the third step, the input is mapped

according to the rules, in order to compute the control signal. Finally, the output

from FL is converted into an understandable signal for the actuators. This step is

called as non-fuzzy process (clarification, deblurring, and defuzzification) [49]. Yu,

Xu, Zhong, and Zhu [14] combined FL with MPC controllers for path following of an

autonomous airship. The authors used FL as an adaptation mechanism to estimate

the B matrix of the system, taking into account the uncertainties. The B matrix

is used in the control law of the MPC. This method was tested with a circle path.

The results show that the adaptive fuzzy-MPC is 50 s faster than the non-adaptive

approach. However, the simulation results also show that the error deflection for the

control surfaces (rudder and elevators) has values of around -600° during the first

10 s. This behaviour should be improved as it means that the controller or guidance

algorithm is setting reference angles beyond the limits of the surface, causing actuator

saturation, which can, in turn, produce system oscillations. Similarly, Yang, Wu, and

Zheng [50] described an adaptive FL backstepping controller, where fuzzy logic is

responsible for estimating the uncertain terms of the model. The closed-loop stability

was proven with the Lyapunov theory. The controller was tested under two scenarios:

1. known parameters 2. parameter uncertainties and wind disturbances. The settling

time for both cases was around 300 s. This demonstrates the system’s ability to
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response under disturbances. However, the control signals show undesired oscillations

that could cause problems in the actuators during the implementation stage. It has

therefore been demonstrated that FL can increase the system’s robustness, especially

when it is combined with other techniques. In addition, it is an alternative approach

that can be used to estimate the model uncertainties or unknown terms, during a

flight. However, the controller could have certain aggressive behaviours that may

cause negative effects in the actuators. This issue could be dealt with by softening

the fuzzy rules, thus ensuring smooth behaviour.

The second intelligent controller used for autonomous airships takes advantage

of neural networks (NNs). NNs are based on human reasoning and utilize machine

learning principles to adapt and learn, in order to solve a specific problem [47]. Usu-

ally, the internal structure of a NN is composed by nodes, which are interconnected

to create a grid [49]. This allows for a great nonlinear mapping ability between a

given input and output [49], thus enabling neural networks to identify the different

patterns and characteristics of a system. For these reasons, NNs have good poten-

tial when used in control systems as a controller, an adaptation mechanism or for

parameter estimation. Zheng and Zhou [51] present a backstepping technique that

uses a robust and adaptive radial basis function neural network to compensate for

the system’s uncertainties for path following and improve the tracking performance

of the autonomous airship. The system was evaluated for a straight line and for a

circular path, and the settling time in the simulation was around 50 s. The sys-

tem exhibited good performance for wind disturbances and parameter uncertainties.

Moreover, Yang and Yan [13] simulated a combination between a SMC and neural

network to adjust the control law. The proposed technique was simulated and com-

pared to the traditional SMC method, for an ascending trajectory. The results show

that both controllers have similar settling times of approximately 60 s. However, the

controller with NN exhibits less chattering phenomenon than the traditional SMC

method. In addition, all the controllers’ parameters converge on average at less than

150 s. Nevertheless, some parameter values present some oscillations during the first

50 s. This could be caused by the fact that the NN requires a certain amount of time
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to start self-learning. The adapting, estimating, and robustness capabilities of NNs

are demonstrated in the literature. Nonetheless, NN performance is strongly related

to its internal structure (i.e., number of layers). Therefore, if the NN is more com-

plex, it will demand more computer processing, which could be a drawback during

the implementation stage.

We must take into consideration that the airship used in this project is the next

generation of the aircraft presented in [11]. This vehicle is capable of changing its

centre of gravity during its flight. For this reason, a review of some control strategies

used for similar aerial systems with this ability were done. Palunko [52] proposed

an adaptive control through linearization, for a quadcopter with dynamic changes in

the CG. This capacity increases the manoeuvrability of the vehicle. In addition, the

results show that the PID controller does not perform well due to these changes in

the system’s parameters. However, the adaptive controller does show robustness. An

equivalent work was designed by Ibarra [53] for the control of roll, pitch and yaw

angles using adaptive control. Correspondingly, Yildiz [54] presents a cascade model

reference adaptive control (MRAC) for a reconfigurable quad tilt-wing aircraft. This

controller is able to deal with unknown parameters, unexpected failures and damages.

Altan [55] proposed a model reference adaptive control for the load transporting

system placed on a quadrotor. The parameters of this system vary since it has to

leave payloads at different target positions.

In the case of multi-body unmanned aerial vehicles, Alvarez [56] developed a non-

linear controller for a system composed of a quadcopter carrying a manipulator arm.

The robotic arm movement produces changes in the centre of gravity, thus destabiliz-

ing the whole system. Nevertheless, the controller shows a robust performance under

these conditions. Reyhanoglu [29] proposed a backstepping regulator for the same

scenario. De Almeida [57] designed a cascade nonlinear controller for a system inte-

grated by a quadrotor and an inverted pendulum. The technique used was feedback

linearization to control the desired position. Tartaglione [58] used a MPC controller

combined with PID controller for a multibody slung load system. The system is
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composed of a group of multicopters, which cooperate to carry a load.

2.4 Experimental Implementation of Autonomous

Airships

As previously discussed, most of the works mentioned above have been validated

only through simulation tools, such as Matlab Simulink or ROS. There are few pa-

pers that present a prototype validation. This makes these projects more valuable,

as the authors had to deal with the feasibility and the experimental issues during

the implementation stage. Therefore, a review of relevant literature containing an

experimental approach is also presented.

Pshikhopov et al. [59] developed the autonomous airship shown in Figure 2.3.

This vehicle has the following features: a volume of 2000 m3 and a length of 40 m.

It has two motors as well as aerodynamic control surfaces. The airship is controlled

using a robust controller that is based on the Lyapunov theory [60]. This airship

communicates through telemetry, for visualization purposes. NUMECA software [61]

was used to estimate the aerodynamic coefficients. Using simulation software for this

process reduces the costs. The errors of the control system are: 27 m for path tracking

and 1.5 m/s for the velocity. The vehicle does not perform well in terms of trajectory

tracking, due to GPS limitations when estimating global coordinates in an indoor

environment [12].

Fedorenko and Krukhmalev [12] fabricated the airship model shown in Figure

2.1a. The vehicle is 3.78 m long and has a volume of 5.2 m3. The controller strategy

used was robust control and it was designed via the direct Lyapunov method. Since

GPS exhibits limited and weak signals in indoor environments [12], this particular

model uses a 3D Compass and an optical flow camera sensor to estimate the airship’s

position. The details of this conversion process are described in [12]. As part of the

implementation process, the author calculated a relation between the pulse width

modulation (PWM) and the thrust. A polynomial function of this relation was ob-
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Figure 2.3: Sterkh autonomous airship model by Pshikhopov et al [59]

tained using experimental data. MAVlink, a well-recognized protocol for UAVs, was

used to enable the drone to communicate with the ground station. The whole system

was implemented using ROS framework. Results show that the vehicle can track a

desired trajectory. However, the system does present some oscillations that could be

caused by the heavy weight of the blimp [12].

Liesk, Nahon, and Boulet [62] implemented a backstepping/Lyapunov controller

in the prototype shown in Figure 2.4. This vehicle has an ellipsoidal design and is

finless. Experiments were carried out in a 120 m by 80 m field. The goal was to control

the altitude and speed of the blimp. The results showed that the tracking performance

for the roll, pitch, and yaw was fairly good. It was able to reach set points between

±180°. However, the height controller presented an unsatisfactory behaviour, with a

±1.5 m error. This could have been caused by inaccurate measurements given by the

LiDAR sensor used to estimate the aircraft’s altitude. Finally, the velocity controller

had an error of approximately ±0.5 m/s. The airship allows for manual control by

a pilot, in case of a failure in the GPS system. The aircraft was able to follow the

desired trajectory, but at times its performance decreased due to GPS limitations.

False GPS measurements and losses in the signal affected the control system [62].
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Figure 2.4: Quanser MkII unmanned airship by Liesk et al. [62]

Liu, Sang, and Jin [63] tested the experimental model shown in Figure 2.5. The

vehicle is 25 m long and has a volume of 750 m3. The prototype used an MPC

controller, whose design included a dynamic model, linearized about a trim state.The

Lyapunov theory was applied in order to prove the prototype’s stability. The system

was able to track a desired trajectory with an error of less than 5 m. The error was

caused by the equipment (IMU sensor) used to estimate the position as well as by

wind disturbances. The steady state error was less than 5° for the roll and ±5° for

the yaw. However, the pitch angle presented some oscillations and an overshoot that

could reach 20°. This could be due to the saturation of the elevators at a low-speed

flight. Finally, the controller’s performance under model uncertainties and failures

should be included in the design and simulation, in order obtain the information

needed to increase the drone’s performance.

Wang, Zheng, Efimov, and Perruquetti [64, 65] developed two different proto-

types. The first one [64] has a length of 132 cm and a diameter of 94 cm. It [64] has a

predictor-based controller with an observer to control the altitude of the system. The

communication between the drone and the ground station is done using XBee (Ra-
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Figure 2.5: Zhiyuan-1 unmanned airship by Liu et al. [63]

diofrequency). Results show that there is approximately a thirty percent overshoot

and a certain number of oscillations in the system’s response. This can be caused by

the difference between gravity and buoyancy [64]. This controller needs to be updated

to improve its airship response. The second prototype [65] has a length of 105 cm and

a diameter of 71 cm. The control technique [65] used is an output feedback controller

with an observer to compensate for disturbances. The regulator was able to control

the X, Y and yaw angles while the compensator strategy performed well, with a less

than 10 cm error. A position capturing system (Optitrack) was used to estimate with

high accuracy the position of the blimp an indoor environment.

Lanteigne et al. [11, 20] has worked on two different generations of autonomous

airships. The first vehicle was based on a commercially available blimp as shown in

Figure 2.6a [20]. The vehicle has a spheroid shape with a radius of 50 cm and is

equipped with two DC micromotors and propellers. This work presents an optimal

control for trajectory planning. The prototype was tested in an open loop. However,

since in most cases the motors do not move at the same speed, a feedback controller

was required to guarantee an adequate performance under different conditions (i.e.,

moving along a straight line). The drag coefficient was computed by experimental

tests. For this, a known input was applied to the system and the response was

measured using a vision tracking system [20, 66]. The second generation is shown in

Figure 2.6b [11]. This prototype is an ellipsoidal blimp with a volume of 0.39 m3
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and a length of 1.83 m. A sliding gondola mechanism was proposed as an alternative

for ballonets, in order to achieve changes in CG. The aircraft is equipped with a

Nanowii Flight board, a bluetooth module and an inertial measurement unit. A

Matlab interface is used as a ground station. The non-linear equations of motion were

linearized around an equilibrium point [36]. A PID controller was designed to control

the resulting linearized model. However, the operating zone of this regulator only

works for small perturbations around the trim point of ±5◦ angles along a straight

trajectory [36]. This issue can be improved by implementing a nonlinear control

technique such as one of those mentioned previously. Finally, the use of a gondola to

enable faster manoeuvres was successfully proven with this prototype experiment.
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(a) First generation [20]

(b) Second generation [11]

Figure 2.6: Autonomous airships by Lanteigne et al
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Chapter 3

Multi-Body Modelling of a

Reconfigurable Airship

The modelled prototype is shown in Figure 1.2 of Section 1.2. The airship has a

keel attached to the envelope, and the gondola slides along the keel. This movement

allows for pitch variations that are useful for landing manoeuvres.

In order to simplify the modelling process, the following assumptions are taken

into account:

� The airship is assumed to be a rigid body with a constant volume. Therefore,

the aeroelastic effects are ignored.

� The airship’s virtual masses and inertia, owing to the large volume of air dis-

placed by aircraft, are considered.

� The centre of volume (CV) coincides with the centre of buoyancy (CB).

3.1 Kinematics

The system is composed of two bodies. The first one, m1, includes the envelope,

helium, rail and fins. The second one, m2, refers to the gondola. As it is shown in
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Figure 3.1: Airship coordinate system

Figure 3.1, the body reference frame [Xb Yb Zb] is fixed to the centre of volume

and it is not coincident with the CG of m1. The generalized coordinates expressed in

the inertial reference frame [Xi Yi Zi] are described by:

~q = [x y z φ θ ψ Ss]
T (3.1)

Airships operate at a specified altitude that is determined by the buoyancy force.

The altitude of the total CG is given by:

z = ∆z + zref (3.2)

Euler angles can be used to express the body rotation relative to either the body

frame or the inertial reference frame. The rotations are denoted by roll (φ), pitch

(θ), and yaw (ψ). The rotational matrix to transform the coordinates from the body

reference frame to the inertial frame can be computed as:
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R1 = Rz(ψ)Ry(θ)Rx(φ) (3.3)

where:

Rx(φ) =


1 0 0

0 cos(φ) −sin(φ)

0 sin(φ) cos(φ)

 (3.4)

Ry(θ) =


cos(θ) 0 sin(θ)

0 1 0

−sin(θ) 0 cos(θ)

 (3.5)

Rz(ψ) =


cos(ψ) −sin(ψ) 0

sin(ψ) cos(ψ) 0

0 0 1

 (3.6)

Solving (3.3), the rotational matrix becomes:

R1 =

 cos(ψ)cos(θ) −sin(ψ)cos(φ) + cos(ψ)sin(θ)sin(φ) sin(ψ)sin(φ) + cos(ψ)sin(θ)cos(φ)

−sin(ψ)cos(θ) −cos(ψ)cos(φ)− sin(ψ)sin(θ)sin(φ) cos(ψ)sin(φ)− sin(ψ)sin(θ)cos(φ)

sin(θ) −cos(θ)sin(φ) −cos(θ)cos(φ)

 (3.7)

R1 can also be used to transform the coordinates from the inertial reference frame

to the body frame. For this, it is necessary to compute its inverse (R−11 ). Since R1 is

an orthogonal matrix its inverse is equal to its transpose (R−11 = RT
1 ).

The rate of change of the Euler angles are: [φ̇ θ̇ ψ̇]T . On the other hand, the

angular speeds described in the body frame are: [p q r]T . Therefore, the rotational

matrix that transforms the angular velocities from the inertial frame to the body fixed

frame can be written as:

R2 =


1 0 −sin(θ)

0 cos(φ) sin(φ)cos(θ)

0 −sin(φ) cos(φ)cos(θ)

 (3.8)
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Similarly, R2 matrix can be used to transform the angular speeds from the body

frame to the rate of change of the Euler angles, computing its inverse. Consequently,

the rotational matrix becomes:

R2
−1 =


1 sin(φ)tan(θ) cos(φ)tan(θ)

0 cos(φ) −sin(φ)

0 sin(φ)
cos(θ)

cos(φ)
cos(θ)

 (3.9)

The coordinates of m1 and m2 CG relative to the vehicle CG expressed in the

inertial frame can be determined by solving the following equations:

~r1 + ~rm,1 + ~rzg + ~rxg = ~r2 (3.10)

~r1m1 + ~r2m2 = 0 (3.11)

where:

~rm,1 = R1[−dm1,x 0 − dm1,z]
T

=


−dm1z(sin(φ)sin(ψ) + cos(φ)cos(ψ)sin(θ))− dm1xcos(ψ)cos(θ)

−dm1z(cos(ψ)sin(φ)− cos(φ)sin(ψ)sin(θ)) + dm1xcos(θ)sin(ψ)

−dm1xsin(θ) + dm1zcos(φ)cos(θ)

 (3.12)

~rzg = R1[0 0 zg]
T = zg


(sin(φ)sin(ψ) + cos(φ)cos(ψ)sin(θ))

(cos(ψ)sin(φ)− cos(φ)sin(ψ)sin(θ))

−cos(φ)cos(θ)

 (3.13)

~rxg = R1[xg 0 0]T = xg


cos(ψ)cos(θ)

−cos(θ)sin(ψ)

sin(θ)

 (3.14)
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Substituting (3.12), (3.13) and (3.14) in (3.10) and simultaneously solving (3.10)

and (3.11):

r1x = −m2
ar1x,1 + ar1x,2

(m1 +m2)
(3.15)

r1y = m2
ar1y,1 + ar1y,2
(m1 +m2)

(3.16)

r1z = m2
ar1z,1 + ar1z,2
(m1 +m2)

(3.17)

r2x = −m1
ar2x,1 + ar2x,2

(m1 +m2)
(3.18)

r2y = −m1
ar2y,1 + ar2y,2
(m1 +m2)

(3.19)

r2z = −m1
ar2z,1 + ar2z,2
(m1 +m2)

(3.20)

where the coefficients a are function of the gondola’s position, and the position of the

vehicle CG. The equations for these coefficients are presented in Appendix A.

The expression zg can take two different values according to the gondola’s position.

Consequently, zg can be determined as:

zg =

 −0.27 ≥ Ss ≥ 0.73 ; l

0.73 < Ss ≤ 2.14 ;
√

(Rcurve)2 − (sin
(
Ss−drx
Rcurve

)
Rcurve)2

(3.21)

Similarly, xg will be the same travelled distance by the gondola until the gondola

reaches the curve trajectory of the rail. Consequently, xg can be determined as:

xg =

 −0.27 ≥ Ss ≥ 0.73 ; Ss

0.73 < Ss ≤ 2.14 ; drx + sin
(
Ss−drx
Rcurve

)
Rcurve

(3.22)
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Figure 3.2: Gondola in the curve trajectory

where drx represents the distance between the body frame and the centre of circum-

ference along the x, Rcurve is the radius of the curve. λ represents the angle between

the gondola position and the centre of the circumference measure from a parallel line

to the z body frame axis. The expressions for the curve case for zg and xg were found

based on geometry using the Figure 3.2.

Table 3.1 shows the distance parameters that describe the gondola’s position over

the rail, as measured from the prototype.
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Table 3.1: Parameters for gondola over the straight line and curve rail condition

Symbol Parameter Value Units

drx

Distance between the centre of the circumfer-

ence and the origin of the body frame, along

the x axis

0.73 m

l
Distance between the CV and the gondola

CG, along the z axis in the body frame
0.94 m

R Radius of the curve 0.9 m

rw Rail thickness + added material 0.045 m

3.2 Mass Matrix

The first body represents the envelope and the rail. Therefore, once the envelope is

filled with the buoyant gas, the total mass of the first body can be computed as:

m1 = menvelope +mhelium +mrail +mfins (3.23)

The mass m2 is that of the gondola and includes all electrical components, bat-

teries, speed controllers, and communication equipment. Then, the total mass of the

system is:

mt = m1 +m2 (3.24)

The 6x6 mass matrix can be expressed as:

M =

 Ma −mtd
T
CG

−mtdCG Ja

 (3.25)

where dCG is a skew symmetric matrix that contains the distances between the CG

and the CV.
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dCG =


0 −mtdm,z 0

mtdm,z 0 −mtdm,x

0 mtdm,x 0

 (3.26)

The CG coordinate along the x axis can be computed as:
∑
imixi
mt

. After applying

the equation:

dm,x =
xgm2 + dm1,xm1

mt

(3.27)

where xg represents the distance of the gondola CG along the x axis, relative to the

body frame fixed to the CV. dm1,x refers to the distance of the Body 1 CG along the

x axis, relative to the same frame.

Similarly, for the z axis:
∑
imizi
mt

. After solving the equation:

dm,z =
zgm2 + dm1,zm1

mt

(3.28)

where zg represents the distance of the gondola CG along z axis, relative to the body

frame fixed to the CV. dm1,z refers to the distance of the body 2 CG along the z axis,

relative to the same frame.

Ma contains the mass of the total physical system plus the added mass. Ja contains

the total inertial of the physical system plus the added inertia. Therefore, Ma and Ja

can be expressed as:

Ma =


mx 0 0

0 my 0

0 0 mz

 (3.29)

Ja =


Jx 0 −Jxz
0 Jy 0

−Jxz 0 Jz

 (3.30)
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where mx, my, mz, Jx, Jy, and Jz can be computed based on the data provided in

[67]. The provided data [67] relates the constants k1, k2, and k′ with the thickness

ratio, which depends on the geometry. A quadratic fit was used to estimate the

coefficients based on the prototype’s thickness ratio. The mass and inertia estimations

are described in Appendix B and Appendix C, respectively.

mx = (1 + k1)(m1 +m2) (3.31)

my = mz = (1 + k2)(m1 +m2) (3.32)

Jx = Ib1,x + Ib2,x (3.33)

Jy = (1 + k′)(Ib1,y + Ib2,y) (3.34)

Jz = (1 + k′)(Ib1,z + Ib2,z) (3.35)

Jxz = Ib1,xz + Ib2,xz (3.36)

Finally, substituting (3.26), (3.30), and (3.29) in (3.25), the M matrix can be

rewritten as:

M =



mx 0 0 0 mtdm,z 0

0 my 0 −mtdm,z 0 mtdm,z

0 0 mz 0 −mtdm,x 0

0 −mtdm,z 0 Jx 0 −Jxz
mtdm,z 0 −mtdm,x 0 Jy 0

0 mtdm,x 0 −Jxz 0 Jz


(3.37)

Table 3.2 shows the mass and inertia parameters of the airship.
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Table 3.2: Airship mass and inertia parameters

Symbol Parameter Value Units

V Airship volume 6.58 m3

menvelope Envelope mass 1.35 kg

mfins Fins mass 0.0453 kg

mhelium Helium mass 1.07 kg

mrail Rail mass 0.1944 kg

m2 Gondola mass 3.3 kg

k1 Lamb’s inertia ratio about x 0.1664 -

k2 Lamb’s inertia ratio about y or z 0.7470 -

k′ Lamb’s inertia ratio about y or z 0.3364 -

Ib1,x Moment of inertia body 1 about x 0.846 m2kg

Ib1,y Moment of inertia body 1 about y 1.930 m2kg

Ib1,z Moment of inertia body 1 about z 1.930 m2kg

3.3 Dynamics

3.3.1 Kinetic Energy

The total kinetic energy of the system expressed is an addition of three terms, and

can be written as:

T = T1 + T2 + Ta (3.38)

where T1 represents the kinetic energy due to m1. This term can be computed as:

T1 =
1

2
~̇r1
Tm1 ~̇r1 (3.39)

The kinetic energy due to m2 is T2. This term can be computed as:
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T2 =
1

2
~̇r2
Tm2 ~̇r2 (3.40)

The kinetic energy due to the added mass is Ta. This term can be computed as:

Ta =
1

2
~̇V TM~̇V (3.41)

where ~V = [~r ; ~ξ] represents the system velocities. Moreover, ~r = [x y z]T and

~ξ = [φ θ ψ]T represent the translational and rotational coordinates of the system

with respect to CG, respectively.

3.3.2 Potential Energy

The total potential energy of the system is an addition of two terms, and can be

written as:

U = U1 + U2 (3.42)

where U1 represents the potential energy due to the helium envelope m1, less the mass

of the displaced air. This term can be computed as:

U1 = g(m1 −mair)(z + r1z) (3.43)

The blimp is intended to fly at low altitudes of around 122 m [68]. In order

to compute the air pressure and mass the following assumptions were taken into

account. First, the atmospheric temperature is 15◦C. Second, the gradient of air

density against altitude is estimated by ∆ρ = −1.1641× 10−4 kg/m4 for low altitude

flight. The estimation process of ∆ρ is explained in detail in Appendix D.

Therefore, given an altitude z, ρair can be estimated as:

ρair = ρref −∆ρ∆z (3.44)
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where ρref represents the air density at the buoyant altitude zref . Assuming a constant

volume, the air mass at the reference altitude can be computed as:

mair = ρrefV = mt (3.45)

Consequently, combining with (3.44), and solving for mair. The air mass can be

expressed as a function of mt, as follows [34]:

mair =
ρref −∆ρ∆z

ρref −∆ρzref
mt (3.46)

The potential energy of the moving gondola m2 is given by U2. This term can be

computed as:

U2 = gm2(z + r2z) (3.47)

Finally, substituting (3.52), (3.53) in (3.42), the total potential energy can be

rewritten as follows:

U = g((m1 −mair)(z + r1z) +m2(z + r2z)) (3.48)

3.4 Quasi-Velocities

The quasi-velocities cannot be used in the expression of kinetic energy using the

Lagrange approach, since they are not integrable. Kinetic energy must be expressed

in terms of the true velocities. These velocities are true in the sense that they are

derivatives of the generalized coordinates [32].

For an unconstrained system (i.e., an airship), the function that relates the quasi-

velocities and the time derivatives of the generalized coordinates is given by:

39



uj =
n∑
i=1

Ψji(q, t)q̇i + Ψj,t(q, t) (j = 1, ..., n) (3.49)

where n represents the number of degrees of freedom of the system. Comparably, the

inverse relation, to transform from quasi-velocities to the first time derivative of the

generalized coordinates, is expressed by:

q̇i =
m∑
j=1

Φij(q, t)uj + Φi,j(q, t) (i = 1, ..., n) (3.50)

In the case of a system that has m nonholonomic constraints, the last m quasi-

velocities terms are set to zero. This can be expressed for the general case as follows:

uj =
n∑
i=1

Ψji(q, t)q̇i + Ψq,t(q, t) = 0 (j = n−m+ 1, ..., n) (3.51)

For the case of the unmanned airship, as shown in Figure 3.1, the quasi-velocities

u1−3 can be obtained using the transformation matrix R1
−1.

u1 = ẋ cos(ψ)cos(θ)− ẏ cos(θ)sin(ψ) + ż sin(θ) (3.52)

u2 = ẋ p1 + ẏ p2 + ż p3 (3.53)

u3 = ẋ p4 + ẏ p5 + ż p6 (3.54)

where:

p1 = [−cos(φ)sin(ψ) + cos(ψ)sin(φ)sin(θ)] (3.55)

p2 = [−cos(φ)cos(ψ)− sin(φ)sin(ψ)sin(θ)] (3.56)

p3 = −cos(θ)sin(φ) (3.57)

p4 = [sin(φ)sin(ψ) + cos(φ)cos(ψ)sin(θ)] (3.58)

p5 = [cos(ψ)sin(φ)− cos(φ)sin(ψ)sin(θ)] (3.59)

p6 = −cos(φ)sin(θ) (3.60)
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The quasi-velocities u4−6 can be obtained using the transformation matrix R2
−1.

u4 = φ̇ − ψ̇sin(θ) (3.61)

u5 = θ̇cos(φ) + ψ̇sin(φ)cos(θ) (3.62)

u6 = −θ̇sin(φ) + ψ̇cos(φ)cos(θ) (3.63)

There is a strong relation between the gondola position and the pitch angle [34].

Consequently, q5 = θ was linked to q7 = Ss in the form of a nonholonomic constraint

on the system. In general as it stated above, for a system with m nonholonomic

constraints, the last m quasi-velocities are set to zero. Therefore, the term u7 will be

equivalent to:

u7 = Ṡs = 0 (3.64)

The resulting coefficients Ψji andΨjt are :

Ψji(q, t) =



cos(q6)cos(q5) −cos(q5)sin(q6) sin(q5) 0 0 0 0

c1 c2 −cos(q5)sin(q4) 0 0 0 0

c3 c4 −cos(q4)cos(q5) 0 0 0 0

0 0 0 1 0 −sin(q5) 0

0 0 0 0 cos(q4) sin(q4)cos(q5) 0

0 0 0 0 −sin(q4) cos(q4)cos(q5) 0

0 0 0 0 0 0 1


(3.65)

c1 = −cos(q4)sin(q6) + cos(q6)sin(q4)sin(q5) (3.66)

c2 = −cos(q4)cos(q6)− sin(q4)sin(q6)sin(q5) (3.67)

c3 = sin(q4)sin(q6) + cos(q4)cos(q6)sin(q5) (3.68)
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c4 = cos(q6)sin(q4)− cos(q4)sin(q6)sin(q5) (3.69)

Ψj,t(q, t) =



0

0

0

0

0

0

0


(3.70)

3.5 Aerodynamics

The aerodynamic forces and torques of aircraft are generally expressed in the body

reference frame located at the CV. These are shown for the longitudinal case in

Figure 3.3. Considering that the dynamic model is established about the CG of the

whole system, the aerodynamic forces and moments are given by [23, 69]. Moreover,

the ~A matrix includes the produced moments caused by studying the vehicle around

the CG.

~A =



1 0 0 0 0 0

0 1 0 0 0 0

0 0 1 0 0 0

0 dm,z 0 1 0 0

dm,z 0 −dm,x 0 1 0

0 −dm,x 0 0 0 1





Axb

Ayb

Azb

Aφ

Aθ

Aψ


(3.71)

where the aerodynamic forces about x, y, and z axis are Axb, Ayb, and Azb, respectively.

The aerodynamic moments about x, y, and z axis are Aφ, Aθ, and Aψ, respectively

[23,69].

Axb = P̂ [CX1cos
2(α)cos2(β) + CX2sin(2α)sin

(
α

2

)
] (3.72)
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Figure 3.3: Longitudinal aerodynamic forces and moments for the airship

Ayb = P̂ [CY 1cos

(
β

2

)
cos(2β) + CY 2sin(2β) + CY 3sinβsin|β|] (3.73)

Azb = P̂ [CZ1cos

(
α

2

)
cos(2α) + CZ2sin(2α) + CZ3sinαsin|α|] (3.74)

Aφ = P̂ [CL1sin(β)sin|β|] +
1

2
ρaCL2φ̇|φ̇| (3.75)

Aθ = P̂ [CM1cos

(
α

2

)
sin(2α) +CM2sin(2α) +CM3sin(α)sin|α|] +

1

2
ρaCM4θ̇|θ̇ (3.76)

Aψ = P̂ [CN1cos

(
β

2

)
sin(2β) +CN2sin(2β) +CN3sin(β)sin|β|] +

1

2
ρaCN4ψ̇|ψ̇ (3.77)

where the dynamic pressure is P̂ , the angle of attack is α and the side-slip angle is

β [23, 69].
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P̂ =
1

2
ρairv

2
0 (3.78)

α = arctan

(
ż

ẋ

)
(3.79)

β = arcsin

(
ẏ√

ẋ2 + ẏ2 + ż2

)
(3.80)

and the aerodynamic coefficients are defined as follows [23,69]:

CX1 = −[CDhoSh + CDfoSf + CDgoSga] (3.81)

CX2 = CY 1 = CZ1 = (k2 − k1)ηkI1Sh (3.82)

CY 2 = CZ2 = −1

2

(
δCL
δα

)
f

Sfηf (3.83)

CY 3 = −[CDchJ1Sh + CDcfSf + CDcgSga] (3.84)

CZ3 = −[CDchJ1Sh + CDcfSf ] (3.85)

CL1 = CDcgSgadc,z (3.86)

CL2 = −2CDcfSfd
3
f,z (3.87)
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CM1 = −CN1 = −(k2 − k1)ηkI3Shlv,x (3.88)

CM2 = −CN2 = −1

2

(
δCL
δα

)
F

Sfηfdf,x1 (3.89)

CM3 = −CN3 = −[CDchJ2Shlv,x + CDcfSfdf,x2] (3.90)

CM4 = CN4 = −
[
CDcfSfd

3
f,x2 +

lv,zl
4
v,x

240

]
(3.91)

where CX1 and CX2 are the coefficients for the force of the x-axis, CY 1, CY 2 and

CY 3 are the coefficients for the force of the y-axis, and CZ1, CZ2 and CZ3 are the

coefficients for the force of the z-axis. Moreover, CL1 and CL2 are the coefficients for

the moment of the x-axis, CM1, CM2 and CM3 are the coefficients for the moment of

the y-axis, and CN1, CN2 and CN3 are the coefficients for the moment of the z-axis.

Finally, the aerodynamic parameters are shown in Table 3.3.
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Table 3.3: Aerodynamic parameters

Symbol Parameter Value Units

CDho Hull zero-incidence drag coefficient [67] 0.03 -

CDfo Fin zero-incidence drag coefficient [70] 0.003 -

CDgo Gondola zero-incidence drag coefficient [70] 1.2 -

CDch Hull cross-flow drag coefficient [67] 1 -

CDcf Fin cross-flow drag coefficient [71] 2 -

CDcg Gondola cross-flow drag coefficient [72] 0.25 -

(
∂CL
∂α

)
f

Derivative of fin lift-coefficient with respect to the

angle-of-attack at zero incidence [69]
5.73 -

(
∂CL
∂δ

)
f

Derivative of fin lift-coefficient with respect to the

flap deflection angle [69]
0 -

Sh Hull reference area, V 2/3 [SW 1] 3.5114 m2

Sf Fin reference area [67] 0.5095 m2

Sg Gondola reference area [SW] 0.1159 m2

lfx1 x-distance from CV to aerodynamic center of fins [SW] 2.045 m

lfx2 x-distance from CV to aerodynamic center of fins [SW] 2.045 m

lfx3 z-distance from CV to aerodynamic center of fins [SW] 0.525 m

nf
Fin efficiency factor accounting for the effect of the

hull on the fins [67]
0.25 -

nk
Hull effciency factor accounting for the effect of

the fins on the hull [72]
1 -

I1 0.1521 -

I3 Hull integrals [67] -0.2673 -

J1 1.4164 -

J2 0.5534 -

1SolidWorks
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3.6 Thrust

Generally speaking, thruster forces are already expressed in terms of quasi-velocities.

Thus, they do not need any transformation to be applied to the Boltzmann-Hamel

equation.

This airship is equipped with two thrusters that are located on the gondola at

zt distance above the gondola CG. For the purpose of this thesis, it was assumed

the same thrust, Fp, for both of them. So, the total applied thrust is Ft = 2Fp.

Consequently, all the differential thrust moments are neglected (roll and yaw). The

applied forces and torques about the global CG for the straight and curve section can

be expressed as:

� Straight section

~T = Ft



1

0

0

0

zg − dm,z − zt
0

0


(3.92)

� Curve section

~T = Ft



cos(θ)

0

sin(θ)

0

cos(θ)(zg − dm,z − zt) + sin(θ)(xg − dm,x)

0

0


(3.93)
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3.7 Applying Boltzmann-Hamel

For this work, the interest is to control the pitch angle and the equations presented

above were simplified to obtain only the longitudinal equations. It is assumed that the

φ and ψ angles are equal to zero, since the model is constrained to the longitudinal

plane. In addition, the gondola was assumed as a point mass, thus its rotational

energy term is neglected. Once all of the previously presented terms are computed, the

Bolztmann-Hamel equation (3.94), and its Hamel’s coefficients (3.95) and (3.96) [32].

The Equations were implemented in Matlab.

d

dt

(
∂L

∂ur

)
−

n∑
i=1

∂L

∂qi
Φir+

n∑
j=1

n−m∑
l=1

∂L

∂uj
γjrlul+

n∑
j=1

∂L

∂uj
γjr = Fr ; r = 1, ..., n−m (3.94)

γjrl(q, t) =
n∑
i=1

n∑
k=1

(
∂Ψji

∂qk
− ∂Ψjk

∂qi

)
ΦklΦir (3.95)

γjr(q, t) =
n∑
i=1

n∑
k=1

(
∂Ψji

∂qk
− ∂Ψjk

∂qi

)
ΦktΦir +

n∑
i=1

(
∂Ψji

∂t
− ∂Ψjt

∂qi

)
Φir (3.96)

Remark 1

The Bolztmann-Hamel equations were applied twice: when the gondola was on the

straight section of the rail and when the gondola was on the curved section of the

rail.

The final result equations are lengthy and are not presented. The procedure to

obtain the dynamic equations are as follows:

1. Solve the kinematics to find ~r1 and ~r2.

2. Find the added masses, the inertias, as well as the dCG matrix.

3. Compute the kinetic and potential energy.
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4. Simplify the results to the longitudinal plane.

5. Find the Lagrangian and express it in quasi-velocities.

6. Calculate the partial derivatives ∂L
∂qi

and ∂L
∂uj

, and substitute the previously de-

fined constraint condition.

7. Apply the Boltzmann-Hamel equation, computing term by term and adding the

results.

8. Add the thrust and aerodynamics forces and moments, ~F = ~T + [ ~AT 0]T (Sim-

plify to the longitudinal plane).

9. Solve for u̇1, u̇3, and u̇7.
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Chapter 4

Pitch Control of a Reconfigurable

Airship

4.1 Controller Requirements

Based on the current literature on airship control, the controller adopted should have

the following qualities: be adequate for non-linear systems, be robust, and be simple

for experimental implementation.

The adaptive self-tuning PID controller [73] was found to satisfy all of the above

requirements. This nonlinear technique has adaptation capabilities that increase the

method performance under variations of the plant and/or flight conditions. The con-

sideration of a sliding condition for the adaptation law adds robustness to the system.

In addition, it possesses the simplicity of the PID compensator for experimental imple-

mentation. Moreover, the inclusion of a supervisory controller guarantees closed-loop

stability and helps the adaptation control during its convergence process.

The control scheme is presented in Figure 4.1, where external disturbances could

refer to different factors, such as wind, external noise, and uncertainties:
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Figure 4.1: Adaptive robust self-tuning PID scheme for pitch control of an airship

with sliding gondola

Section 4.2 describes in detail the design of the controller to control the pitch

angle.

4.2 Design of an Adaptive Self-Tuning PID Con-

troller for Pitch Control

The controller’s design is based on the control technique shown in [73]. The technique

is used for unknown and uncertain model systems. Adapting the technique to this

case, one can express the pitching dynamics as a second-order system:

ẋ1(t) = θ̇(t)

ẋ2(t) = θ̈ = f(X, t) + ∆f(X, t) + δ(t) + u(t)

yout(t) = x1(t) = θ

(4.1)

where X = [x1, x2]
T = [θ, θ̇]T are the measurable states, f is the nonlinear nominal
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function of the system, δ is the external noise, and ∆f is the plant uncertainty. The

system output is yout, or in this case is θ. The system input is u, or in this case it is

the traveling distance by the gondola, Ss.

The error e can be computed as the difference between the measure output θ (or

x1) and the desired signal θd. Therefore, it is defined as:

e = θ − θd (4.2)

From (4.3), the error vector can be expressed as E = [e, ė]T . Therefore, defining

a feedback linearization controller to the system shown in Figure 4.1 results in:

S∗s = −f(X, t)−∆f(X, t)− δ(t) + θ̈d +KTE (4.3)

Replacing (4.3) in (4.1) results in:

ë+ k1ė+ k0e = 0 (4.4)

From (4.4), one can see that e→ 0 as t→ 0, when there is tracking e.g. θ → θd.

The control input is defined by two signals. The first one is from the adaptive

PID controller and the second one is the supervisory controller.

Ss = Ssup + Spid (4.5)

� Adaptive PID based on sliding surface

The output of the PID controller is defined as:

Spid = Kp(e(t)) +Ki

∫ t

0

(e(t))dt+Kd
d

dt
e(t) (4.6)
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The PID gains are updated based on a sliding surface. Therefore, the following

sliding surface S was defined:

S = θ̇ − xr (4.7)

where xr is a designed signal that satisfies the following relation:

ẋr = θ̈d + k1ė+ k0e (4.8)

when the sliding mode occurs S = 0. Therefore:

θ̇ = xr (4.9)

If (4.9) is substituted into (4.8), the result is (4.4), showing that the error will

go toward zero as time tends to infinity.

For the first step, the following Lyapunov function candidate was chosen:

V1 =
1

2
S2 (4.10)

Taking the derivative of V1, and based on the fact that when the sliding condition

is satisfied S(t)→ 0 as t→∞, it results in:

V̇1 = SṠ < 0 (4.11)

Substituting (4.1) and (4.5) into (4.11)

SṠ = S[f(·) + ∆f(·) + δ(·) + Spid + Ssup − ẋr] (4.12)
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Minimizing (4.12) as the error function, the adaptation laws for Kp, Ki and Kd

can be obtained using the gradient descent method. So, combining equations

(4.6) and (4.12), the gains can be computed as:

K̇p = −γ1
∂SṠ

∂Kp

= −γ1
∂SṠ

∂Spid

∂Spid
∂Kp

= −γ1Se(t) (4.13)

K̇i = −γ2
∂SṠ

∂Ki

= −γ2
∂SṠ

∂Spid

∂Spid
∂Ki

= −γ2S
∫ t

0

e(t)dt (4.14)

K̇d = −γ3
∂SṠ

∂Kd

= −γ3
∂SṠ

∂Spid

∂Spid
∂Kd

= −γ3S
de(t)

dt
(4.15)

Now the error dynamics can be defined as:

Ė = AmE +B[S∗s − Spid − Ssup] (4.16)

where:

Am =

 0 1

−k0 −k1

 (4.17)

Bm =

0

1

 (4.18)

Note that the eigenvalues in the Amatrix must be positive to guarantee stability.

In order to demonstrate closed-loop stability, the Lyapunov theory was applied.

In the first step, the following Lyapunov function candidate was chosen:

V2 =
1

2
ETPE (4.19)
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where P is a positive definite symmetric matrix that satisfies the Lyapunov

equation:

ATP + PA = −Q (4.20)

Taking the derivative of V2, it results in:

V̇2 =
1

2
[ĖTPE + ETPĖ]

=
1

2
[(ETAT +BT (S∗s − Spid − Ssup))PE + ETP (AE +B(S∗s − Spid − Ssup)]

=
1

2
ET (ATP + PA)E + ETPB[S∗s − Spid − Ssup]

= −1

2
ET (Q)E + ETPB[S∗s − Spid − Ssup]

= −1

2
ET (Q)E + ETPB[S∗s − Spid]− ETPBSsup

≤ −1

2
ET (Q)E +

∣∣ETPB
∣∣[|S∗s |+ |Spid|]− ETPBSsup

(4.21)

Therefore, the supervisory controller signal can be selected as:

Ssup = sgn(ETPB)[|gup(.)|+ ∆gup(·) + κ+
∣∣∣θ̈d∣∣∣+

∣∣KTE
∣∣+ |Spid|] (4.22)

where gup(.) is a positive upper bond on f(X, t) ⇒ gup(.) ≥ |f(X, t)|. ∆gup is a

positive upper bond on ∆f(X, t)⇒ ∆gup(·) ≥ |∆f(X, t)|. κ is a positive upper

bond on δ(t) ⇒ κ ≥ |δ(t)|. Now, substituting the upper bounds and (4.22) in

(4.23):
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V̇2 ≤ −
1

2
ET (Q)E +

∣∣ETPB
∣∣[|S∗s |+ |Spid|]− ETPBSsup

≤ −1

2
ET (Q)E +

∣∣ETPB
∣∣(∣∣∣−f(X, t)−∆f(X, t)− δ(t) + θ̈d +KTE

∣∣∣+ |Spid|)

−sgn(ETPB)ETPB(|gup(.)|+ ∆gup(·) + κ+
∣∣∣θ̈d∣∣∣+

∣∣KTE
∣∣+ |Spid|)

< 0

(4.23)

Note that V̇2 < 0, when ETPB > 0 ⇒ sgn(ETPB) = 1, and for ETPB <

0 ⇒ sgn(ETPB) = −1. Therefore, the closed-loop stability of the system is

guaranteed.

� Chattering phenomenon

In preliminary experiments, the control law sgn(ETPB) proposed in [73] was

found to induce high frequency switching of the actuators. Therefore, to improve

the control law, the signum function was replaced by a saturation function. This

function is defined as:

sat

(
ETPB

ε1

)
=



ETPB
ε1
≥ 1 ; 1

−1 < ETPB
ε1

< 1 ; ETPB
ε1

ETPB
ε1
≤ −1; − 1

(4.24)

where ε1 represents the width of the boundary layer.

� Supervisory controller disconnection

The supervisory controller produces a boost to the control signal, pushing the

states back to the region where the closed-loop stability is guaranteed. This is

useful in case the adaptive control is unable to control the system. However, to

achieve this, the supervisory controller must apply high control signals to the

system and this can produce undesired responses. Therefore, it is not always
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necessary to consider its action in the controller output. A disconnection con-

dition was proposed to turn on/off the supervisory action from the controller

output. The disconnection condition is expressed as follows:

fs =


|e| > ε2 ; 1

|e| < ε2 ; 0

(4.25)

Consequently, (4.5) can be rewritten as:

Ss = Ssupfs + Spid (4.26)

This means that when the system is below the condition ε2, the controller output

relies solely on the adaptive-PID controller.

4.3 Simulation

In order to test the performance of the proposed control techniques, numerous simula-

tions were carried out in Simulink. Two different reference signals were tested for the

simulations: sinusoidal and pre-defined trajectory. The sinusoidal signal is ideal to

adequately excite the system, helping the controller to adapt. The pre-defined trajec-

tory was chosen to evaluate the response performance under a descending scenario.

The simulations were run using the Dryden wind model as the source of external

disturbances. This turbulence model is one of the most used for flight mechanics

applications, since it is doable to implement in simulations [74]. For this, the model

applies perturbations to the velocity and angle rate body axes of the vehicle, in the

form of white noise [74].

� Sinusoidal reference

Figures 4.2, 4.3, and 4.4 show the results for the following learning rates γ1 = 5,

γ2 = 0.1 and γ3 = 0.1 for Kp, Ki, and Kd, respectively. The reference signal for

this case was a sinusoidal signal of 20 degrees amplitude and period of 500 s.
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Figure 4.2: Pitch angle response for a sinusoidal reference signal with γ1 = 5, γ2 = 0.1

and γ3 = 0.1

Figure 4.3: Gondola position [m] for a sinusoidal reference signal with γ1 = 5, γ2 = 0.1

and γ3 = 0.1

Figure 4.2 shows that the system is able to adequately track the desired refer-

ence signal. Moreover, it can be observed a good controller performance under

external disturbances. Figure 4.3 presents the gondola position required to track

the reference signal.
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Figure 4.4: PID gains for a sinusoidal reference signal with γ1 = 5, γ2 = 0.1 and

γ3 = 0.1

Figure 4.4 presents how the PID gains adapt and converge along the simulation,

for positive and negative pitch angles. This demonstrates that the adaptation

algorithm is working properly.

� Trajectory reference

Figures 4.5, 4.6, and 4.7 show the results for the following learning rates γ1 = 5,

γ2 = 0.1 and γ3 = 0.1 for Kp, Ki, and Kd, respectively. The reference signal for

this case was a trajectory that started at 0 degrees and went to -20 degrees in

100 s. It held the position for 70 seconds and then went back to zero, with the

same slope.
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Figure 4.5: Pitch angle response for a trajectory reference signal with γ1 = 5, γ2 = 0.1

and γ3 = 0.1

Figure 4.6: Gondola position [m] for a trajectory reference signal with γ1 = 5, γ2 = 0.1

and γ3 = 0.1

Figure 4.5 shows that the system is able to adequately track the desired reference

signal that recreates a landing manoeuvre. Moreover, it can be observed again

the controller robustness despite the under external disturbances.
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Figure 4.7: PID gains response for a trajectory reference signal with γ1 = 5, γ2 = 0.1

and γ3 = 0.1

Figure 4.7 presents how the PID gains adapt and converge along the simulation,

for the descending trajectory. This demonstrates that the adaptation algorithm is

working properly.

Finally, it can be observed from both cases that the controller gain D is close to

zero. This could be caused by the derivative term acting based on abrupt changes in

the desired trajectory, or, this case, the reference signals being soft. Moreover, this

value adapts based on the error derivative, hence when the desired tracking reaches

ė → 0. Therefore, for these scenarios and application, the derivative component of

the controller is not significant.
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Chapter 5

Prototype Implementation

5.1 Prototype Description

The final prototype is shown in Figure 5.1. The gondola is made of carbon fiber, and

it is illustrated in Figure 5.2. The gondola has a total length of 1 m and a total width

of 1.95 m. It has two arms with brushless motor propellers mounted on their tip.

The thrusters can tilt thanks to two servos. In addition, attached to it are two sliding

mechanisms that allow the gondola to move along the rail, as shown in Figure 5.3.

The drive mechanism is powered by two DC motors that pull the gondola over the

rail. There is enough friction in the gearmotors that when unpowered they can hold

the position of the gondola.
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Figure 5.1: Airship prototype

Figure 5.2: Gondola
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Figure 5.3: Sliding mechanism

5.2 Electrical Components

The airship is equipped with a control board that takes the readings from the sensors

and sends the control signals to the actuators. For this case, the main board is a

Raspberry Pi. The prototype has two sensors onboard: an IMU and an encoder.

The IMU communicates with the board via I2C, while the encoder is magnetic and

coupled to one of the gondola motors. A counter chip module was added to read the

encoder pulses and relay the speed to the RPI using the SPI protocol. As for the

Raspberry Pi, it sends the PWM control signals to the actuators through the motor
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controller, electronic speed controllers (ESCs), or directly to the actuators in the case

of the servos.

The system is powered by two batteries. One supplies the control components

and the other one supplies the actuators. In addition, there is a board for wireless

communication with a ground station. Figure 5.4 shows the block diagram of the

electrical components. Table 5.1 presents the reference for each on-board component.

Figure 5.4: Block diagram of the electrical components
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Table 5.1: Electrical components

Component Description

Battery Lipo 11.1 V @ 8000mAh

Brushless motor Rimfire 400 20-30-950

Brushed DC motor Pololu gearmotor @ 1000:1

Control board Raspberry Pi 3b+

Counter chip Counter click with LS7366R

Dual motor controller Pololu TReX Jr

Encoder Magnetic encoder

Electronic speed controller (ESC) Brushless car ESC 45A w/ Reverse

IMU MPU6050 - 6 DOF

RF transceiver Module RF 7020 v4.0

Servo HS-77BB

Radio control Spektrum DXe transmitter

Radio receiver AR610 receiver

Relay module Arduino compatible 5V relay module

Figure 5.5 shows the components placed inside the gondola. The system has a

main switch to turn on the board. Moreover, there are three manual switches that

power every group of actuators.
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Figure 5.5: Gondola connection

5.3 Ground Control Station

The vehicle is equipped with a wireless communication board. The module allows

for communication up to a distance of 3000 m. A laptop running a Simulink model

acts as a ground control station. A transceiver module is connected via USB to the

laptop.

The ground station user interface is divided into three sections. The first one is

shown in Figure 5.6. The first module, shown in Figure 5.6, is used to arm and disarm

the thrusters and the gondola motors. This button has to be activated before the

system starts running a flight. In addition, this button also acts as a safety remote

interrupter because it can be used at any time to immediately stop the actuators in

67



case of undesired or unsafe manoeuvres.

Figure 5.6: Enable interface

The second module controls the data transfer to the Pi on the gondola. The block

schematic is shown in Figure 5.7. The proper and available serial has to be selected

(i.e., COM4). The sent package contains four signals, one each for: the enable, the

thrusters, the servos, and the reference signal for the pitch angle (θd).

Figure 5.7: Simulink diagram of sending data from the ground station

The third module receives the data from the Raspberry Pi. The block schematic
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is shown in Figure 5.8. The received package contains five signals, one each for: the

pitch reference signal (θd), the current pitch angle (θ), the desired gondola travelled

distance (Sd), the current gondola travelled distance (Ss), and the gondola motor

signal.

Figure 5.8: Simulink diagram of receiving data from the ground station

5.4 Orientation Estimation

The pitch angle was estimated using the readings from the IMU sensor. This incli-

nation can be computed using only the accelerometer readings as follows, where the

accelerometer readings along the x, y, and z axes are xacc, yacc, and zacc, respectively:
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θacc = arctan

(
xacc√

y2acc + z2acc

)
(5.1)

The pitch angle can also be estimated using only the gyroscope readings, as follows:

θgyrk+1
= θgyrk + θ̇gyrk Ts (5.2)

where the angular acceleration θ̇gyr is provided by the sensor and the sample time is

Ts.

Although the angle θacc estimated by the accelerometer is noisy, it is reliable in

the long term. In contrast, the angle θgyr is reliable in the short term, but it tends

to drift as it is obtained by integration. Therefore, one of the most used approaches,

thanks to its simplicity and reliability, is called the complementary filter [75]. This

filter combines the advantages of both calculations, thus providing a better estimation

than only using the accelerometer or the gyroscope readings.

The complementary filter applies a low-pass filter to the accelerometer reading in

order to remove the undesired noise in the short term. Similarly, it applies a high-pass

filter to the gyroscope reading in order to remove the drift in the long term. Hence,

the filter can be implemented as follows [75]:

θ = αf (θ + θgyr) + (1− αf )θacc (5.3)

where the filter parameter is αf and it has a value between 0 and 1. At the higher

values of αf , it relies more on the gyroscope readings. After calibrating the IMU to

remove the bias and running a number of tests, α was set as 0.99.
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5.5 Implemented Control Scheme

For the flight test, the control scheme shown in Figure 5.9 was implemented in Rasp-

berry Pi.

Figure 5.9: Implemented control scheme

The reference signal is the desired pitch angle (θd). This signal is the input of

the nonlinear control technique that was described in Chapter 4. The output of this

controller is the required gondola position Sd to achieve θd. The desired distance Sd is

the input of a PID controller. The control action of this strategy is the motor signal

that allows the gondola to slide over the keel. The PID controller was tuned by trial

and error, with no overshoot. The inner loop was tuned as a first step, and its gains

were kept during all of the tests.

71



Chapter 6

Experimental Results and

Discussion

This chapter presents the experimental results of the adaptive self-tuning PID method

for the control of the pitch angle for the airship previously described. The tests were

carried out in the LTA Flight Lab at uOttawa. The experiments were performed in

two areas of the lab. The first is a meshed, closed-in zone, with a width of 6 m, a

height of 3.5 m, and a length of 12 m. The second area, located beside the first, was

used for testing higher pitch angles.

6.1 Controller Initialization

For each test, the controller was uploaded to the Raspberry Pi, then the thruster

and gearmotor switches were activated. Since the controller was continually sending

and computing the commands, there was a 10-20 s initialization period in which

the controller needed to readjust its output as, usually, the actuators start with the

maximum signal.
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6.2 Tests methodology

For the flight tests, two main correlations and effects were studied. First, the effect

in the system response of the deactivation of the supervisory controller. This study is

presented in Section 6.3. Secondly, the correlation between the learning rates and the

system response was analyzed in Section 6.4. The goal of this set of tests was to tune

the controller properly in order to eliminate the steady state error for a trajectory. It

was considered suitable for the adaptation process of the controller gains the usage

of ramps in the reference trajectory. Additionally, it has been reported that abrupt

changes in the trajectories could produce undesired overshoot [39]. The criterion to

evaluate the performance of every set of learning rates was the error. Finally, the best

arrange of γ1, γ2, and γ3 was chosen and it was used to assess the system response

under different scenarios. The results for the final rates are shown in Section 6.5.

6.3 Supervisory Controller Effect

In this section, the supervisory controller action was studied. The supervisory con-

troller produces high control action that creates oscillations in the system. Therefore,

this signal should be disconnected when it is not needed.

Figures 6.1, 6.2, 6.3, and 6.4 show the results when the supervisory controller was

not deactivated. The learning rates used were γ1 = 4, γ2 = 0.3 and γ3 = 0.1 for Kp,

Ki, and Kd, respectively. The step function with an initial value of -5 degrees and a

final value of -15 degrees was chosen as a reference signal for this case.
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Figure 6.1: Pitch angle and gondola travelled distance control without supervisory

controller disconnection for γ1 = 4, γ2 = 0.3 and γ3 = 0.1

Figure 6.1 shows that the controller started computing its output, when the

Simulink model was uploaded. However, the reference signal was received a couple of

seconds later, when the ground station was run. This behaviour can be observed in

the first 25 s of all of the figures. Figure 6.1 also shows the oscillations produced by

the action of the supervisory controller during the experiment.
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Figure 6.2: Gondola motor signal without supervisory controller disconnection for

γ1 = 4, γ2 = 0.3 and γ3 = 0.1
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Figure 6.3: Control action of adaptive PID and supervisory controller without super-

visory controller disconnection for γ1 = 4, γ2 = 0.3 and γ3 = 0.1
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In addition, Figure 6.2 and Figure 6.3 exhibit the chattering phenomenon in the

actuator generated by the continuous action of the supervisory controller. Figure 6.3

shows how, despite the fact that the supervisory controller adds oscillations to the

response, it helps the adaptive PID readjust its output signal more rapidly.
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Figure 6.4: Adaptive PID gains without supervisory controller disconnection for γ1 =

4, γ2 = 0.3 and γ3 = 0.1

Finally, it is possible to see, in Figure 6.4 how the PID gains converge to specific

values during this test. The gains Kp and Ki converge 22 s after the - 15 degrees step

reference was received.

The behaviour described above is undesired. Therefore, for the next experiments

the supervisory controller was activated, based on the condition that was established

in Section 4.2. Figures 6.5, 6.6, 6.7, and 6.8 show the results when the supervisory

controller is disconnected, as was established before. The learning rates used were

γ1 = 2.5, γ2 = 0.01 and γ3 = 0.1 for Kp, Ki, and Kd, respectively. The step function

with an initial value of 0 degrees and a final value of -20 was chosen as reference signal

for this case.
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Figure 6.5: Pitch angle and gondola travelled distance control for γ1 = 2.5, γ2 = 0.01

and γ3 = 0.1

Figure 6.5 shows that the controller starts computing its output, when the Simulink

model is uploaded. However, the reference signal is received a couple of seconds later

when the ground station is run. This characteristic is presented in the next ex-

periments as well. Figure 6.5 also shows how the oscillations were reduced by the

disconnection of the supervisory control action during the experiment.
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Figure 6.6: Gondola motor signal for γ1 = 2.5, γ2 = 0.01 and γ3 = 0.1
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Figure 6.7: Control action of adaptive PID and supervisory controller for γ1 = 2.5,

γ2 = 0.01 and γ3 = 0.1

On the other hand, Figures 6.6 and 6.7 demonstrate how the chattering phe-
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nomenon was reduced significantly. Moreover, Figure 6.7 shows that the supervisory

controller acts as a boost for the adaptive PID. This allows the adaptive controller

to adjust its gains faster.
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Figure 6.8: Adaptive PID gains for γ1 = 2.5, γ2 = 0.01 and γ3 = 0.1

Finally, it is possible to see in Figure 6.8, how the PID gains converge to specific

values during this test. However, the gains take more time to converge. This could

be caused by the learning rates values. This effect is studied in Section 6.4.

6.4 Effect of Learning Rates

The learning rates of the adaptation law relate how fast the system is able to “learn”

the plant dynamics and converge to specific gain values for the controller. In previous

experiments, it was observed that in this case, the Kp and Ki gains have the strongest

relation to the system’s response. Therefore, their respective learning rates were

varied and analyzed.
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Figures 6.9, 6.10, 6.11, and 6.12 show the results for the following learning rates

γ1 = 4, γ2 = 0.01 and γ3 = 0.1 for Kp, Ki, and Kd, respectively. The reference signal

for this case was a trajectory that started at 0 degrees and went to -15 degrees in

50 s. After, it held the -15 degrees inclination for 40 s and finally went back to zero

degrees in 50 s.
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Figure 6.9: Pitch angle and gondola travelled distance control for γ1 = 4, γ2 = 0.01

and γ3 = 0.1

In Figure 6.9 we see that some oscillations are present, as explained in the previous

section. Figure 6.9 shows that in steady state, the system has an error of less than

2 degrees, during the ascending manoeuvre. Additionally, the controller presents an

error of 0.3 degrees, when it holds the -15 degree inclination. The error present when

the system goes back and holds the 0 pitch angle is less than 0.1 degrees.
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Figure 6.10: Gondola motor signal for γ1 = 4, γ2 = 0.01 and γ3 = 0.1
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Figure 6.11: Control action of adaptive PID and supervisory controller for γ1 = 4,

γ2 = 0.01 and γ3 = 0.1

Figure 6.10 clearly shows how the gearmotors started with the maximum signal,

once the reference signal was received. This phenomenon was described in detail in
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Section 6.1. Figure 6.11 demonstrates how the supervisory controller acted from 60

s (when the reference signal was received for the first time) until 110 s. It was then

disconnected until the end of the experiment. Its control produced a few oscillations

at the beginning; however, it helped correct the adaptive PID controller. From 110 s

until the end of the test, the control output came entirely from the adaptive controller.
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Figure 6.12: Adaptive PID gains for γ1 = 4, γ2 = 0.01 and γ3 = 0.1

Figure 6.12 presents how the PID gains converge during the test, in approximately

160 seconds. This demonstrates that the adaptation algorithm is working properly.

However, some improvements in the learning rates are needed.

In order to reduce and/or eliminate the steady state error obtained in the results

presented above for the ramp signal, the Ki learning rate was increased. Figures 6.13,

6.14, 6.15, and 6.16 show the results for the following learning rates γ1 = 4, γ2 = 0.3

and γ3 = 0.1 for Kp, Ki, and Kd, respectively. The reference signal for this case was

a trajectory that started at -5 degrees and went to -20 degrees in 50 s. Finally, it

held the position and then went back to -5 degrees with the same slope.
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Figure 6.13: Pitch angle and gondola travelled distance control for γ1 = 4, γ2 = 0.3

and γ3 = 0.1

Figure 6.13 shows that in a steady state, the system has an average error of

0.6 degrees, during the descending and ascending manoeuvres. Additionally, the

controller presents a maximum error of 0.3 degrees, when it holds the -20 degrees

inclination. The error present when the system went back and held -5 pitch angle is

less than 0.1 degrees. The settling time was of approximately 30 s.
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Figure 6.14: Gondola motor signal for γ1 = 4, γ2 = 0.3 and γ3 = 0.1
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Figure 6.15: Control action of adaptive PID and supervisory controller for γ1 = 4,

γ2 = 0.3 and γ3 = 0.1

On the other hand, Figure 6.15 demonstrates how the supervisory controller acted

from 30 s until 60 s; it then remained disconnected until the end of the experiment.
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Its control action produced a few oscillations at the beginning; however, it helped to

correct the adaptive PID controller. From 60 s until the end of the test, the control

output came entirely from the adaptive controller.
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Figure 6.16: Adaptive PID gains for γ1 = 4, γ2 = 0.3 and γ3 = 0.1

Figure 6.16 presents how the PID gains converged during the test, in approxi-

mately 35 s, once the first reference signal data was received. This demonstrates that

the adaptation algorithm is working properly. Finally, the system performance was

improved to reduce the settling time, the steady state error, and the convergence

time.

More experiments that included multiples variations in these rates were carried

out, but the data is not shown. A general observation for all of experiments is that the

higher γ1 values, the more undesired oscillations are present. In addition, small values

produce a slow response from the system, thus reducing its tracking performance. A

similar behaviour was observed for the learning rate γ2. Contrarily, γ3 does not show

a significant effect for this case. This could be caused by how the Kd acts when the
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setpoint changes greatly. For the reference signals used, the changes were made to a

few periods of time. However, this probably does not give enough time and data to

converge to a considerable gain. Nonetheless, it helps avoid the undesired peaks that

are usually produced by the derivative terms.

6.5 Performance of the Selected Learning Rates

Under Different Scenarios

In this section, the response of the selected learning rates under different types of

reference signals was studied. These signals include a step function and a trajectory.

6.5.1 Step

For this case, the step function initializes at -5◦ and was then changed to -15 degrees.

Figures 6.17, 6.18, 6.19, and 6.20 show the results for this reference signal using the

following learning rates γ1 = 4, γ2 = 0.3 and γ3 = 0.1 for Kp, Ki, and Kd, respectively.
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Figure 6.17: Step response of pitch angle and gondola travelled distance for γ1 = 4,

γ2 = 0.3 and γ3 = 0.1

Figure 6.17 shows that the system has a settling time of 8 s. Additionally, the

controller has a 4 % overshoot. Despite the step reference, it is not the most suitable

signal to excite the system, but the overall response is good.
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Figure 6.18: Gondola motor signal for a step reference with γ1 = 4, γ2 = 0.3 and

γ3 = 0.1
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Figure 6.19: Control action of adaptive PID and supervisory controller for a step

reference with γ1 = 4, γ2 = 0.3 and γ3 = 0.1
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Figure 6.19 demonstrates how the supervisory controller acted for only 15 s and

then remained disconnected until the end of the experiment. Its control action pro-

duced a few oscillations during the transient response. However, it helped to adjust

the adaptive PID controller. From 60 s until the end of the test, the control output

came entirely from the adaptive controller.
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Figure 6.20: Adaptive PID and supervisory controller for step reference with γ1 = 4,

γ2 = 0.3 and γ3 = 0.1

Figure 6.20 shows how the PID gains converged approximately 16 s after the step

function was applied. This demonstrates that the adaptation algorithm is working

properly. This result agrees with those in Figure 6.19, where in the instant that the

gains converged, the airship reached the desired inclination..

6.5.2 Trajectory

The desired trajectory initializes at -5 degrees and goes to -20 degrees in 30 seconds.

It holds the position for 15 seconds and then goes back to -5 degrees with the same
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slope. Finally, it holds the -5 degrees position for the remaining time. Figures 6.21,

6.22, 6.23, and 6.24 show the results for this reference signal using the following

learning rates γ1 = 4, γ2 = 0.3 and γ3 = 0.1 for Kp, Ki, and Kd, respectively.
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Figure 6.21: Response of pitch angle and gondola travelled distance for a trajectory

reference with γ1 = 4, γ2 = 0.3 and γ3 = 0.1

Figure 6.21 shows that in a steady state, the system has an error of 0.45 degrees

and of 0.8 degrees, for the descending and ascending manoeuvres, respectively. Ad-

ditionally, the controller presents an error of 0.3 degrees and a 1.5 % overshoot, when

holding the -20 degree inclination.
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Figure 6.22: Gondola motor signal for a trajectory reference signal with γ1 = 4,

γ2 = 0.3 and γ3 = 0.1
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Figure 6.23: Control action of adaptive PID and supervisory controller for a trajectory

reference with γ1 = 4, γ2 = 0.3 and γ3 = 0.1
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Figure 6.23 shows how the supervisory controller only acted for 15 s, once the

reference signal was received. Once this control action supported the adaptive PID’s

convergence, it remained disconnected until the end of the experiment. From 110 s

until the end of the test, the control output came entirely from the adaptive controller.
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Figure 6.24: Adaptive PID gains for a trajectory reference with γ1 = 4, γ2 = 0.3 and

γ3 = 0.1

Figure 6.24 presents how the PID gains converge, in approximately in 25 s, after

the reference signal was received.

6.5.3 Disturbance Rejection

The disturbance rejection capability of the proposed controller was tested. For this,

a fan was used as a source of disturbance. The air flow was applied in the direction

shown in Figure 6.25.
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Figure 6.25: Experiment setup under wind disturbance

The reference signal was a -15◦ step. Figures 6.26, 6.27, 6.28, and 6.29 show the

results for this reference signal using the following learning rates γ1 = 4, γ2 = 0.3 and

γ3 = 0.1 for Kp, Ki, and Kd, respectively.
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Figure 6.26: Response of pitch angle and gondola travelled distance for a step refer-

ence under disturbance with γ1 = 4, γ2 = 0.3 and γ3 = 0.1.

Figure 6.26 shows that the system has an overshoot of less than 5 % and a settling

time of 14.7 s. Additionally, we can observe the response of the controller to external

disturbances, applied to the system when it was holding the -15◦ angle.
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Figure 6.27: Gondola motor signal for a step reference under disturbance with γ1 = 4,

γ2 = 0.3 and γ3 = 0.1
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Figure 6.28: Control action of adaptive PID and supervisory controller for a step

reference under disturbance with γ1 = 4, γ2 = 0.3 and γ3 = 0.1
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Figure 6.28 shows how the supervisory controller acted for only 8 s once the

reference signal was received; it remained disconnected after 63 s. This means that the

PID adaptive controller was able to manage the disturbance without the supervisory

controller.
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Figure 6.29: Adaptive PID gains for a step reference under disturbance with γ1 = 4,

γ2 = 0.3 and γ3 = 0.1.

Figure 6.29 presents how the Kp and Kd gains converged once the disturbance was

applied. However, Ki required more time to adapt. This could be caused due to the

γ2 value and/or the fluctuations produced by the disturbances. Despite this behavior,

the controller was able to manage the disturbance and keep the desired pitch angle.

6.5.4 Partial Actuator Failure

The adaptation capability of the proposed controller under actuator failure was eval-

uated. For this test, one of the gondola motors had its gears broken. The gearmotor

was making a sound during its use and its torque transmission was limited. For this

test, the reference signal was a -10◦ step. Figures 6.30, 6.31, 6.32, and 6.33 show the
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results for this reference signal using the following learning rates γ1 = 3, γ2 = 0.3,

and γ3 = 0.1 for Kp, Ki, and Kd, respectively.
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Figure 6.30: Response of pitch angle and gondola travelled distance for a trajectory

reference with γ1 = 3, γ2 = 0.3 and γ3 = 0.1

Figure 6.30 shows that the response has a 20 % overshoot and a settling time of

61 s, once the reference signal was received.
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Figure 6.31: Gondola motor signal for a trajectory reference signal with γ1 = 3,

γ2 = 0.3 and γ3 = 0.1
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Figure 6.32: Control action of adaptive PID and supervisory controller for a trajectory

reference with γ1 = 3, γ2 = 0.3 and γ3 = 0.1
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Figure 6.32 shows how the supervisory controller acted for only 13 s once the

reference signal was received, and remained disconnected after 30 s. This means that

the PID adaptive controller was able to manage the partial actuator failure by itself.
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Figure 6.33: Adaptive PID gains for a trajectory reference with γ1 = 3, γ2 = 0.3 and

γ3 = 0.1

Figure 6.33 presents how the Kp and Kd gains converged, after the disturbance

was applied. However, Ki required more time to adapt. This could be caused by the

small steady state error. Despite this behavior, the controller was able to manage the

actuator failure and keep the desired pitch angle.
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Chapter 7

Conclusions

In this thesis, the longitudinal multi-body equations of motion of an autonomous

airship with a sliding gondola were derived using the Boltzmann - Hamel approach.

Then, an adaptive self-tunning PID controller with a supervisory controller was de-

signed. The model and the controller were implemented in Matlab/Simulink. Several

simulations were carried out while considering wind disturbance. The components of

the experimental prototype including the hardware and graphic user interface (GUI)

of the ground station were described. The designed user interface allows to switch

between manual mode (using an RC control) and automatic mode (controller) re-

motely. Finally, numerous flight tests were performed to evaluate the performance of

the pitch controller.

7.1 Contributions

� Derived the longitudinal multi-body equations of motion for an unmanned re-

configurable airship with a sliding gondola using the Boltzmann - Hamel ap-

proach.

� Developed and validated the proposed controller technique improvements via

simulations and experimental tests.
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� Conducted the first trajectory tracking experiments on the prototype.

7.2 Future Work

� The development of the 3D multi-body model including the longitudinal and

lateral equations.

� The inclusion of experimentally-derived system parameters such as inertia and

aerodynamic coefficients in the dynamic model.

� The improvement of the supervisory controller with a softer technique (e.g.,

fuzzy logic, Neural network, etc.).
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Appendix A

Kinematics Coefficients

The resulting expressions are given by:

ar1x,1 = xg cos(φ) cos(θ)− dm1x cos(ψ) cos(θ)− dm1z sin(φ) sin(ψ) (A.1)

ar1x,2 = zg sin(φ) sin(ψ)− dm1z cos(φ) cos(ψ) sin(θ) + zg cos(φ) cos(ψ) sin(θ) (A.2)

ar1y,1 = xg cos(θ) sin(φ) + dm1z cos(ψ)sin(φ)− dm1x cos(θ) sin(ψ) (A.3)

ar1y,2 = −zg cos(ψ) sin(φ)− dm1z cos(φ) sin(ψ) sin(θ) + zg cos(φ) sin(ψ) sin(θ) (A.4)

ar1z,1 = dm1x sin(θ)− xg sin(θ) (A.5)

ar1z,2 = −dm1z cos(φ) cos(θ) + zg cos(φ) cos(θ) (A.6)
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ar2x,1 = dm1x cos(ψ) cos(θ) + dm1z sin(φ) sin(ψ)− zg sin(φ) sin(ψ) (A.7)

ar2x,2 = −xg cos(φ) cos(θ) + dm1z cos(φ) cos(ψ) sin(θ)− zg cos(φ) cos(ψ) sin(θ) (A.8)

ar2y,1 = dm1z cos(ψ) sin(φ)− dm1x cos(θ) sin(ψ)− zg cos(ψ)sin(φ) (A.9)

ar2y,2 = xg cos(θ) sin(φ)− dm1z cos(φ) sin(ψ) sin(θ) + zg cos(φ) sin(ψ) sin(θ) (A.10)

ar2z,1 = dm1x sin(θ)− xg sin(θ) (A.11)

ar2z,2 = −dm1z cos(φ) cos(θ) + zg cos(φ) cos(θ) (A.12)
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Appendix B

Body 1 Mass Estimation

Figure B.1 shows the components of Body 1, whose mass was measured using a scale.

(a) Mass measurement of the straight keel sec-

tion

(b) Mass measurement of the curve keel sec-

tion

(c) Fin mass measurement

Figure B.1: Measured mass for the weight estimation of Body 1
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Figure B.2 shows the components of Body 1, whose mass was estimated by CAD

tools using SolidWorks.

(a) Helium SolidWorks mass

(b) Envelope SolidWorks mass

Figure B.2: Mass estimated by SolidWorks
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Appendix C

Centre of Mass of Body 1 and

Inertia

The center mass of Body 1 for the x axis was estimated using the following expression:

dm1,x =
(menvelopexenvelope) + (mstraightxstraight)+

menvelope +mstraight

(mcurvexcurve) + (mvfinxvfin) + (2mifinxifin)

mcurve +mvfin + 2mifin

]
(C.1)

where the envelope mass, straight rail mass, curve rail mass, vertical fin mass, and

inclined fin mass are represented by menvelope, mstraight, mcurve, mvfin, and mifin, re-

spectively. Moreover, the distance along the x axis, from the CV to the CG of the

envelope, straight rail, curve rail, vertical fin, and inclined fins are represented by

xenvelope, xstraight, xcurve, xvfin, and xifin, respectively. A similar procedure was car-

ried out for dm1,z.

Remark 2

The mass parameters are shown in Appendix B. All of the fins are assumed to be

equal (same mass and dimensions).

Remark 3

Due to longitudinal symmetry, the system can be simplified to the xz plane for the

CG coordinates estimation. Therefore, the straight rail was considered as a rectangle.
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Similarly, the curve rail was assumed as a quarter ring. Finally, the fins were assumed

as triangles.

.

Remark 4

The distance xenvelope was computed based on the information shown in Figure C.1.

The other distance was estimated using the CAD information and measured values.

The rail and the fin inertias were neglected as they are too small in relation to the

envelope and the helium inertia. The helium and envelope inertias were estimated

using SolidWorks and they are shown in Figure C.1.

For the inertia estimation, the Steiner’s Theorem is needed to compute the inertia

for the CG axis of Body 1. Therefore, the helium and envelope inertia were moved

to determine the inertia for Body 1. For instance, for Body 1, for the inertia of the

x axis Ib1,x, the procedure is as follows:

Ib1,x = (Ihelium,x +mheliumd
2
helium,x) + (Ienvelope,x +menveloped

2
envelope,x) (C.2)

where the helium inertia, the envelope inertia, the perpendicular distance between the

helium CG x axis and the Body 1 CG x axis, the perpendicular distance between the

envelope CG x axis and the Body 1 CG x axis, and the helium mass are represented

by Ihelium,x, Ienvelope,x, dhelium,x, denvelope,x, and mhelium, respectively.
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(a) Helium SolidWorks inertia

(b) Envelope SolidWorks inertia

Figure C.1: Inertias estimated by SolidWorks
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Appendix D

Elevation vs Air Density

The value of ∆δ was estimated based on air density against altitude data provided

in [76]. Figure D.1 shows the air density for different elevations at 15 ◦C.
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Figure D.1: Elevation vs air density

Based on the city of Ottawa’s elevation (114.9 m) [77], and the maximum operating
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altitude allowed for a drone in Canada (122 m) [68], the altitude of interest for our

work is at approximately 236.9 m. Taking into consideration some margin for a higher

take-off point, the elevation 250 m will be approximated as the maximum operating

altitude. Therefore, the slope of Figure D.1 will be equal to ∆δ.

Finally, computing the slope between 0 and an elevation of 250 m, ∆δ =

−1.164× 10−4kg/m4.
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Appendix E

Operation and Safety

The prototype operation modes and safety equipment are presented in Section E.1

and Section E.2, respectively.

E.1 Operation Modes

The system has two operation modes: manual and automatic.

� Manual mode: In this mode the system is operated manually using the a radio

control. It is possible to move the gondola forward and backward. In addition,

it is possible to operate the propellers.

� Automatic mode: In this mode the system is operated using the user interface

presented in Section 5.3. The automatic mode allows autonomous operation for

the pitch control angle.

E.2 Safety

The system is equipped with two limit switches in order to prevent the gondola from

going out of the keel. Figure E.1 shows the assembly of one of the limit switches.
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Figure E.1: Gondola limit switch
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Appendix F

Flight Tests

This section presents additional flight tests that were carried out, when the controller

gains were properly tuned.
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F.1 Step

F.1.1 Test 1
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Figure F.1: Pitch angle and gondola travelled distance for γ1 = 2.5, γ2 = 0.01 and

γ3 = 0.1
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Figure F.2: Gondola motor signal for γ1 = 2.5, γ2 = 0.01 and γ3 = 0.1
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Figure F.3: Control action of adaptive PID and supervisory controller for γ1 = 2.5,

γ2 = 0.01 and γ3 = 0.1

125



0 20 40 60 80 100 120 140

Time [s]

0

5

10

15
K

p

0 20 40 60 80 100 120 140

Time [s]

0

K
i

0 20 40 60 80 100 120 140

Time [s]

-0.1

-0.05

0

K
d

Figure F.4: Adaptive PID gains for γ1 = 2.5, γ2 = 0.01 and γ3 = 0.1

F.1.2 Test 2
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Figure F.5: Pitch angle and gondola travelled distanc γ1 = 2.5, γ2 = 0.01 and γ3 = 0.1

126



0 20 40 60 80 100 120 140 160

Time [s]

0

50

100

150

S
ig

n
a

l

u
m

Figure F.6: Gondola motor signal for γ1 = 2.5, γ2 = 0.01 and γ3 = 0.1
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Figure F.7: Control action of adaptive PID and supervisory controller for γ1 = 2.5,

γ2 = 0.01 and γ3 = 0.1
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Figure F.8: Adaptive PID gains for γ1 = 2.5, γ2 = 0.01 and γ3 = 0.1
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F.2 Trajectory

F.2.1 Test 1
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Figure F.9: Pitch angle and gondola travelled distance for γ1 = 2.5, γ2 = 0.01 and

γ3 = 0.1

129



0 20 40 60 80 100 120 140

Time [s]

0

50

100

150

S
ig

n
a

l

u
m

Figure F.10: Gondola motor signal for γ1 = 2.5, γ2 = 0.01 and γ3 = 0.1
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Figure F.11: Control action of adaptive PID and supervisory controller for γ1 = 2.5,

γ2 = 0.01 and γ3 = 0.1
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Figure F.12: Adaptive PID gains for γ1 = 2.5, γ2 = 0.01 and γ3 = 0.1
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F.2.2 Test 2
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Figure F.13: Pitch angle and gondola travelled distance for γ1 = 4, γ2 = 0.1 and

γ3 = 0.1
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Figure F.14: Gondola motor signal for γ1 = 4, γ2 = 0.1 and γ3 = 0.1
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Figure F.15: Control action of adaptive PID and supervisory controller for γ1 = 4,

γ2 = 0.1 and γ3 = 0.1
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Figure F.16: Adaptive PID gains for γ1 = 4, γ2 = 0.1 and γ3 = 0.1
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F.2.3 Test 3
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Figure F.17: Pitch angle and gondola travelled distance for γ1 = 4, γ2 = 0.25 and

γ3 = 0.1
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Figure F.18: Gondola motor signal for γ1 = 4, γ2 = 0.25 and γ3 = 0.1
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Figure F.19: Control action of adaptive PID and supervisory controller for γ1 = 4,

γ2 = 0.25 and γ3 = 0.1
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Figure F.20: Adaptive PID gains for γ1 = 4, γ2 = 0.25 and γ3 = 0.1
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