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Abstract

Application areas of Unmanned Aerial Vehicles (UAVs) are widened significantly over the last decade. Off-
the-shelf components such as low-cost sensors and actuators have broaden their usability. UAVs can be used
in various missions from logistics to surveillance where ongoing research keeps encouraging new developments.
Substituting a human operator with an on-board computer proposes a very appealing solution to improve
the operation productivity and the cost. However, this replacement raises some safety concerns and it might
be harder for a flight computer to recover from hazardous situations. Especially, UAVs that operate over
crowded areas and high safety demanding environments introduce new constraints on their design process.
Fault Tolerant Controllers (FTC) serve to reduce this safety gap by modeling and recovering faults during a
mission. Fault recovery is a highly sought-after research topic where it is aimed to increase robustness and

immunity to possible fault scenarios.

This thesis deals with developing a fault tolerant controller for a quadrotor helicopter. A high-fidelity
nonlinear model of a quadrotor is constructed using Newton-Euler formulation where Dryden wind effects
and sensor noise are included to simulate real-world flight conditions. A hierarchical control algorithm is
employed for outer and inner control loops where PID-LQG controllers are designed to control position and
attitude dynamics. For full state feedback, first a linear Two-Stage Kalman Filter (TSKF) is implemented
to detect and estimate the faults and provide state estimates. Second, an Extended Kalman Filter (EKF) is
used to provide more accurate state estimates. In order to increase robustness to external disturbances and
uncertainties in the plant dynamics, a disturbance observer is designed and integrated to the control system.
Simulations carried out with the high fidelity model have shown that the proposed fault tolerant control
algorithms successfully detect and compensate for actuator and/or sensor failures in a trajectory tracking

task, and hence provide good tracking performance with reasonable control effort.
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(")zet

Insansiz hava araclarmm uygulama alanlar1 son on yilda epey artmistir. Rafta hazir, diisiik maliyetli sensor
ve eyleciler bu araglarin kullanim imkanlarini genigletmistir. Bu cihazlar lojistikten gozetlemeye kadar gesitli
gorevlerde kullanilabilir ve bu durum arastirmada yeni gelismelere oncelik etmektedir. Bir insan operatorii
yerine gomiilii bir bilgisayar iizerinden ¢aligma fikri, verim ve maliyet acisindan 6nem arz etmektedir. Ancak
tamemen bilgisayar tabanl bir sistemde, giivenlik agisindan bagka kaygilar 6éne gikabilir. Ozellikle, kalabalik
ortamlar gibi yiiksek gilivenlik 6nlemi gerektiren kogullarda yeni kisitlamalar olmasi kac¢inilmazdir. Hata
toleransh kontrolcii tasarimi, bu giivenlik agiklarina hizmet etmek amaciyla tasarlanir ve olabilecek hata
senaryolarini modelleyip kurtararak gorevi giivenilir kilmak i¢in caligir. Hata kurtarma caligmalari, ¢ok
ragbette olan bir ¢aligma konusu olup sistemin giirbiizliigiinti arttirmaya ve hatalara karsi bagisikli olmay1

amaglar.

Bu tezin konusu, dort pervaneli bir helikopter igin hata toleransli kontolcii gelistirme iizerinedir. Yiiksek
sadakatli dogrusal olmayan bir model Newton-Euler formiilasyonuyla geligtirilmistir ve gercek ugus senary-
olarinm yansitmasi adina Dryden riizgar efekti ve sensor giiriiltiisii de eklenmistir. I¢ ve dig kontrol déngiilerini
iceren, hiyerarsik bir kontrol algoritmasi gelistirilmekle birlikte; PID-LQG kontolciisii pozisyon ve oryanta-
syon kontrolii i¢in kullanilmigtir. Biitiin sistem parametrelerini geri beslemek adina, once bir lineer Iki
Kademeli Kalman Filtresi kullanmilmigtir. Bu filtre hem hata hem de sistem parametrelerini tahmin etmek
icin kullamlmusgtir. Tkinci olarak, bir Genisletilmis Kalman Filtresi sistem parametre tahminini iyilestirmek
igin kullanmilmigtir. Sistemi dig bozucu ve belirsizliklere kars giirbiiz kilmak adina kontrol sistemi tizerine bir
kargaga gozlemcisi entegre edilmistir. Simiilasyondan alinan sonuglara istinaden, tasarlanan hata toleransh
kontrolctlintin eyleyici ve sensor hatalarini bulup, yoriinge takip senaryosinda bagarili bir sekilde ve mantikli

kontrol eforu ile telafi edebildigi gorilmiigtiir.
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Chapter 1

Introduction

Unmanned Aerial Vehicles’ popularity is increasing rapidly as their application areas are widened through
time. Due to enhanced availability of low-cost sensors and platforms, civil field has also benefited highly
from UAVs regarding research and applications[1]. One of the reasons that enabled this circumstance is the

increased trust on these devices due to ever-evolving advancements.

UAVs are employed for a variety of tasks such as photography, military defense, precision agriculture,
logistics and etc.[2]. Different types of UAVs can be found on operation with respect to employed tasks and
work loads. These differences basically can be classified according to structural properties which include
rotary-wing, fixed-wing and hybrid configurations. Rotary-wings use multiple(3,4,6,8) rotors for actuation,
fixed-wings use generated lift from its airfoils and hybrid configuration combines both properties in the
case of a tilt-wing or tilt-rotor UAV. Separately from their structural properties; UAVs can be piloted by

remote-control or autonomously and can be utilized as single or in multi-agent manner[3].

Although there is an active research environment for various UAV-based topics, many incremental innova-
tions bring new challenges that are introduced with increased complexity and safety requirements. Espe-
cially, considering immensely growing market opportunities for logistic delivery UAVs where fast shipments
are made possible. This inevitably increases market share of these devices and their operation intensity
accordingly. Therefore, managing safe missions is and will be playing a very important role for preventing

possible hazardous situations.

So, their safety under operation, concerns human safety factor if it crashes. This is a very crucial topic
especially under UAV guidance because of the possibility they might operate under crowded environments.
Therefore, it is possible to observe a tendency to operate fully autonomously for eliminating human feedback
for control. This brings another challenge because even though ground robots are able to localize themselves

and can create a map of their environment for some time, UAVs suffer from localizing themselves [4]. It

13



CHAPTER 1. INTRODUCTION 14

is much harder to explore and map an unknown space. Enabling an autonomy to a UAV would cancel
human feedback out of control loop. A related and very active field of research is improving the feedback
quality for the UAV. For example, UAVs that use optical feedback for position estimation is a very active
field of research in terms of control and obstacle avoidance. There are a great number of algorithms such as
RANSAC [5] that try to optimize visual guidance for better pose estimation. This wide variety of research
that combines various engineering disciplines leads to expand application areas every day. Few contemporary

applications can be given as example such as;

e Structural inspections where buildings[6] or various infrastructures like road[7] investigation

e Transportation where landslide monitoring|[8] is used to take precautions on the road and traffic

monitoring[9]

Historic preservation which monitors sensitive and cultural monuments|[10]

e Progress monitoring where tracking materials[11] and fatigue inspection under unsafe worksites

Search and rescue missions[12]

One other benefit for preventing any hazardous situations is disuse of expensive components accordingly
which are valid apprehensions. However, techniques such as fault tolerant control serves to decrease this
safety gap by modeling and controlling possible fault scenarios that may harm an aerial mission. For this
reason, developing fault compensation mechanisms play a very important role to consolidate the role of

UAVs in the future.

Fault-tolerant control systems become very handy if conventional feedback does not satisfy the system
requirements and shows poor performance which is a possible case under a fault scenario. However, we
can compensate the feedback signal with a fault tolerant controller in order to make the system perform
better with these unexpected situations. Only solution however is not a controller design, one can make a
system fault tolerant via hardware redundancy but this would increase cost and weight which is not very
desirable. A FTC overview can be categorized in two sectors where fault diagnosis is one category that
focuses on modeling or finding the fault which can be considered as a health monitoring system. Second
category is fault recovery where solutions to compensate a detected fault are proposed. There are plenty of
configurations for each field of research that collectively serve fault tolerant systems. This work combines

UAV dynamics with fault scenarios that will be compensated by various controller and observer architectures.
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1.1 Motivation

Fault tolerant control strategies constitute an active field of research in terms of employing an Unmanned
Aerial Vehicle as a test bed. Combining a highly intricate platform such as UAV with possible recovery
solutions under a high disturbance environment constitutes a challenging proposition. Idea of fault compen-
sation is spread to a vast majority of engineering disciplines where safety critical systems are prioritized such
as nuclear facilities and aircraft flight controls[13]. Even though these safety critical applications remain
important, UAVs have many advantages over conventional aircraft for research purposes due to mechanical
simplicity, ability to take-off and land vertically(VTOL) and proportionally small sizes with respect to a

conventional aircraft[14].

Aerial vehicles also provide great benefits due to their wide operation environments. Their ability to perform
with hard-to-reach operations puts them one move ahead over human personnel. High safety-demanding

workloads such as fire rescue to military applications make UAVs capable tools.

Specialized missions can be achieved via blending this ease of applicability of a UAV and tolerance to various
types of faults. Depending on the type of mission whether its a trajectory tracking or payload delivery target;
robustness to any fault would be highly beneficial. Therefore, designing a control architecture which is robust
to faults pose a challenge in terms of integrity of the model. Mentioned control architecture does not have to
consider every possible scenario that may prevent mission completion but may also adapt to differentiating
model characteristics with respect to faults, disturbances and noise. While faults basically can be classified
into 3 major branches as actuator, sensor and structural; many other configurations within these branches
may effect UAV dynamics. Therefore, apart from the control perspective; modeling each and every fault

with accuracy in order to counter-act is also a major challenge within this area of research.

One of the highly worked-over test beds for experimentation are quadrotors which itself resents from its
under-actuated architecture. Controlling 4 rotors to move in 6 degree-of-freedom while having sufficient
bandwith to control all rotors simultaneously is a valid challenge still, depending on the workload and
task[15]. Due to having a challenging platform with coupled high non-linearity and fault scenarios requests

very precise and high-fidelity model in which a robust controller can act upon accordingly.

1.2 Contributions of the Thesis

The contributions of this thesis are outlined as follows:

e A high-fidelity non-linear model is constructed using Newton-Euler formulation for quadrotor type

UAV.

— No linearization is required for plant dynamics.




CHAPTER 1. INTRODUCTION 16

— Developed model includes Dryden wind effects and measurement noise in order to simulate real-

world scenarios.
e Two hierarchical controllers are designed where

— A PID-PD architecture is employed for outer and inner controllers.

— A PID-LQG architecture is employed for outer and inner controllers, respectively.
e Fault models have been integrated to the model which are comprised of;

— Actuator faults
— Sensor faults
— Structural failures

e Various observers have been implemented for achieving accurate state and disturbance estimations

with and without fault injection.

— A Two-Stage-Kalman Filter which employs a linear model for state estimation and estimates
faults independently.

— An Extended Kalman Filter which provides more accurate state estimates due to its nonlinear
prediction capability.

— A Disturbance Observer which estimates a lumped disturbance to counter-balance actual distur-

bance on the plant.

1.3 Outline of the Thesis

This thesis consists of 8 chapters where;

Chapter 2 gives background information and literature survey on UAVs, fault modeling and detection,

various controller architectures and possible aerial missions that are formed under these topics.
Chapter 3 gives a detailed model development using Newton-Euler formulation.
Chapter 4 is about modeling faults and articulates possible scenarios related to these fault types.

Chapter 5 accounts for controller types and reasons behind their selection. This section gives details about
employed hierarchical control architecture where outer control loop is responsible for position dynamics and

inner control loop is responsible for attitude dynamics.
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Chapter 6 provides details about observer dynamics and mathematical background of all the observers that

are used for state and fault estimation.

Chapter 7 presents simulation results for various scenarios where different faults have been considered and

appropriate estimators, controllers and observers have been implemented.

Chapter 8 concludes the thesis with several remarks and indicates possible future directions.




Chapter 2

Background and Literature Survey

2.1 Unmmanned Aerial Vehicles

Unmanned Aerial Vehicle is a mobile robot that operates midair which can be controlled either remotely by
a human operator or fully autonomously. These devices benefit from various sensors that helps it to navigate
consciously in a controlled manner. It is possible to categorize UAVs in 3 categories which are based on
weight, altitude and range, wings and rotors. Following list provides sub-types for each category of UAVs

which is inspired from [16].

Classification with respect to weight
e Nano UAVs which weigh less than 250 grams

Micro UAVs which weigh higher than 250 grams and less than 2 kilograms

Small UAVs which weigh higher than 2 kilograms and less than 25 kilograms

Medium UAVs which weigh higher than 25 kilograms and less than 150 kilograms

Large UAVs which weigh higher than 150 kilograms

18
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(a) Black Hornet Nano UAV[17] (b) DJI AGRAS Small UAV[18]  (c¢) TAI Anka Large UAV[19]

Figure 2.1: UAVs with different sizes

Classification with respect to altitude and range

e Hand-held UAVs that flies altitude under 600 meters and has range lower than 2 kilometers

Close UAVs that flies altitude under 1500 meters and has range lower than 10 kilometers

NATO UAVs that flies altitude under 3000 meters and has range lower than 50 kilometers

Tactical UAVs that flies altitude under 5500 meters and has range lower than 160 kilometers

MALE (Medium Altitude Low Endurance) UAVs that flies altitude overr 9100 meters and has ranger
higher than 200 kilometers

Hypersonic UAVs that flies altitude around 15000 meters and has range higher than 200 kilometers

(a) Optimus Close UAV[20] (b) JOUAV NATO UAV/[21] (c) D-21 Hypersonic UAV[22]

Figure 2.2: UAVs with different altitude and range

Classification with respect to actuation
e Fixed-Wing
e Single Rotor
e Multi Rotor

o Fixed-Wing Hybrid VTOL
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(a) Insitu Fixed-Wing UAV([23] (b)Single Rotor UAV[24] (c) SUAVI Tilt-Wing UAV[25]

Figure 2.3: UAVs with different actuation types

Even though fault tolerant control studies on UAVs have huge research interest for the last decade, simulation-
based experiments outweigh real-world test-beds. However, it is possible to find various test-beds that
accompany different platforms such as rotary-wing and fixed-wing applications. Following sections will
present a background information on UAV platforms that are test-beds under fault tolerant control, fault

modeling and diagnosis, controller architectures within FTC scheme, respectively.

2.1.1 Rotary-Wing UAV

One of the most commonly used test-beds under UAV research activities are quadrotors for their relatively
low price and ease of controllability by driving its actuators with Pulse Width Modulation (PWM) signals.
There are a lot of different quadrotor brands which can be off-the-shelf or custom-built depending on use-
cases. However, as fault tolerant flight is concerned; Quanser’s Qball-X4 is a very actively used platform
by Concordia University[26]. This test-bed has a carbon fibre cage which protects the drone from possible

expenses and ensures its agility with preserving a low payload.

Figure 2.4: Qball-X4 test-bed used by Concordia University[26]
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Rotary wing platforms include single rotor type helicopter UAVs where Georgia Tech’s GTMax|[27] platform
is used as an experimental test bed which includes fault tolerant control studies. Single rotor helicopters are
known to have high instability by not having an instant lift-to-power property due to lack of control surfaces
to accommodate airfoil. Therefore, this platform can be a good test-bed for experimenting high variety of

faults which even small ones might cause catastrophic consequences.

Figure 2.5: Georgia Tech GTMax Platform[27]

GTMax platform has a 2 cylinder internal combustion engine that powers its single rotor. Fault injection
on this platform is conservative due to its expensive price therefore a typical fault scenario includes limiting
the swash plate angle for introducing limited actuator command. Developed fault tolerant control module

is able to cope with this type of fault as additive control effort is employed[27].

2.1.2 Fixed-Wing UAV

Fixed-wing UAV platforms have high impact factor on influencing FTC research because of its possible
benefits on civil aviation. Fixed-wing UAVs have high stability over their control surfaces which opens a
large envelope for applicable FTC techniques. However, due to disadvantages such as need of high speed
take-off and landing, runway requirements and being always open to disturbances such as cross wind and

gust[28]; puts this platform into a challenging situation.
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Figure 2.6: 60% Wing Loss on F-18 Subscale UAV[29]

One of the used platforms for real-world testing experiments is a sub-scale of F-18 turbojet UAV whose dam-
age tolerant controller is developed and tested by Rockwell Collins aerospace company. In this experiment,

up to 60% wing loss has been implied on the UAV which is recovered by its on-board adaptive controller[29].

2.2 Fault Detection and Identification

Fault detection and identification is a very broad field of research due to its applicability on various en-
gineering disciplines. Therefore, elaborating on its background has an importance on understanding its

effects.

2.2.1 Description of Fault

It is possible to see an effort in literature on describing what is considered to be a fault and why it is important
to make a distinction between a fault and a failure. A fault is defined to be a condition where an unallowed
malfunction occurs within the system where this malfunction does not directly effect system dynamics[30].
On the other hand, a failure effects directly the functioning of a component on the system. It would be
possible to say that multiple faults may occur on the system but the system may still be functioning via
compensating a fault. However, if one or multiple faults prevent system dynamics to operate in a controlled
fashion, this would be classified as a failure. A good example to make this distinction can be the relation
between a sensor fault and an actuator failure. A sensor may read inaccurate readings due to sensor bias
or calibration error where this wrong reading behaviour might not harm a component until some time is
passed.

However, if there is an actuator failure such as its loss of effectiveness is reduced per se, instant effects can

be observed due to component failure[30]. Some type of sensor faults can be seen in Figure 2.7[31].
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Figure 2.7: Type of sensor faults: (a) sensor bias; (b) loss of accuracy of calibration error; (c¢) sensor drift;

(d) frozen sensor|[31]

2.2.2 Detecting a Fault

In order to comprehend and tolerate any given fault, one can suggest to model each fault explicitly within
system dynamics. This is a valid approach for consciously improving the system however it is not always the
case. In FTC scheme, fault does not always have to be modelled and isolated from the system. Even though
there are plenty of methods related to fault modeling, fault can be compensated by a robust controller ar-
chitecture without the controller having any clue about any fault. In order to detect a fault, one can use the
aforementioned fault model to counter-act. However, this is not the only option where fault detection meth-
ods can be categorized in two major branches which are model-based and model-free where model-based’s
name is self explanatory and model-free systems use data driven approaches and statistical proofing[32].
Data driven approaches are highly benefited from neural networks[33], SVM algorithms[34], reinforcement
learning[35] and statistical methods become handy in terms of simplicity and ease of applicability[36]. Nev-
ertheless, model-free methods need huge bank of data and computation effort can be costly therefore, one of
the most encountered fault detection algorithm is model-based approach where an observer architecture is
employed mostly. Some of the highly used techniques for model-based fault detection are Thau observers[37],
sliding mode switching observers[38], high gain observers[39] and different variants of Kalman filters[31] such

as a Two-Stage Kalman filter[40].

2.3 Fault Tolerant Controllers

Fault tolerant control (FTC) is an active field of research with improving control architectures to back-up

system failures. Unmanned Aerial Vehicles are one of the highly benefited areas of work due to high non-
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linearity of aircrafts and high safety requirements. Therefore, finding a fault and isolating that from system
dynamics via a controller plays a very important role for its robustness. So, designing a controller is as
important as defining a fault accurately due to high disturbances and symmetric structures of most UAVs
which augments the importance of fault identification techniques to estimate and verify how much a fault is
qualified to be considered. This section presents a literature review on fault tolerant control schemes where

fault diagnosis and reconfiguring a corresponding control architecture will be presented.

Fault tolerant control systems can be classified in two sections namely passive and active FTC schemes.
Active type uses a strategy to modify control gains with respect to estimated fault or uncertainty during
simulation. On the other hand, passive systems use one controller architecture but additive control input
can be used for estimated faults and uncertainty.

Active techniques can either be active for using a separate fault detection and identification mechanism, or
can be active regarding to controller which adapts to faults without having the knowledge of fault itself[41].
Even though we have branched fault detection techniques as model-based and model-free earlier, how it is
detected during the simulation without emphasizing on the model stands as a category under fault tolerant
control ideology. This section focuses on articulating the controller part due to scope of this work where
comparisons will be laid accordingly. However interested reader can go through references [42]-[47] where
detailed information about Thau observers as an active fault identification method is discussed extensively.
Also, in this thesis we have used a Two-Stage Kalman Filter where active fault identification is achieved via

simultaneously estimating system states and faults[26].

2.3.1 Active FTC

Unlike a traditional controller, active fault tolerant systems introduce more state parameters into the state
vectors where these parameters are actively controlled depending on the architecture of the plant. As in
the FTC case, estimated faults are included in the controller decision. It is possible to come across a high
variety of active fault tolerant controllers in literature. One of the highly used architectures is adaptive

feedback linearization where nonlinear state space dynamics are modeled[48]. Adaptive sliding mode[43] and
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adaptive sliding mode backstepping[44] are also useful controllers for their adaptivity and high robustness
envelope. Model Reference Adaptive Control (MRAC) is another highly used application where controller
parameters are updated with respect to changing system dynamics and faults in order to increase robustness
to parametric uncertainties[49]. These parametric uncertainties that are related to un-modelled dynamics
can be actively estimated and used in control allocation where bounded uncertainties can be represented[50].
Rather than altering control law for controller as in the case of MRAC, gain scheduling[51] is also highly

employed for dynamically changing control gains with fast response.

It is possible to come across hybrid control techniques such as [52] where a passivity-based adaptive back-
stepping technique is used to deal with mass uncertainties on the quadrotor due to unknown payload.
Generally for the adaptive approach, parameter uncertainties are targeted to be eliminated and passive
techniques such as backstepping[46] is good for overcoming under-actuation problem[53].

Rather than focusing solely on controller, some applications include altering the trajectory such that if a

fault is introduced, an optimized easier to follow trajectory can be reconfigured for compensation[54].

2.3.2 Passive FTC

Passive FTC lays its foundations on robust control in which it defends having a single controller architecture
compliant enough to cope with parametric uncertainties. Passive fault tolerant controllers have a fixed stabil-
ity margin where faults, disturbances and noise can be compensated within that region. This controller type
is especially beneficial for faster response however depending on disturbances, it may need high robustness
envelope which can be hard to accomplish. LQR control[55] is an optimal control technique which has high
robustness envelope and it is used extensively for UAVs. Backstepping[56] is also an effective way in terms

of its adaptation capability without knowing a fault in the system.

Some works in literature use sliding mode control (SMC)[57][45] due to its high robustness margin. How-
ever due to its switching behaviour of SMC, discontinuities appear during SMC regulation which induces
chattering. Even though SMC is known for providing asymptotic stability, unmatched disturbances such
as fault introduction may be a problem due to its discontinuous nature[58]. However, SMC architecture is
one of the highly worked-over controller configurations where different techniques such as terminal sliding
mode control (TSMC) [59] are experimented to overcome this chattering problem. Normally linearly defined
tracking error on SMC is defined in a non-linear manner in this work where error is estimated apriori for its

compensation on the controller. By this way, controller can act faster and reduce chattering problem.

Passive FTC method is also highly used with simpler to implement controllers such as PID. It can show
exceptional results such as in this work [60] where it uses a PD controller and a robust compensation

mechanism to deal with uncertainties. Authors have managed to get successful results with a passive PD
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controller on a real experimental test-bed.

It should be noted that artificial intelligence based techniques are also applied on FTC which serves an
advantage since not requiring a model to deal with uncertainties. This is defined under passive FTC because
AT is mostly used for uncertainty estimation which backs up a passive controller. One example [61] can be
usage of a radial basis function network (RBFNN) which can be employed as an uncertainty observer that
uses prior flight data obtained from the system. Estimated uncertainty is lumped back to the controller to
compensate the uncertainty in the system just like in the case of a disturbance observer. This work employs
a backstepping controller which is unaware of neither a fault nor any uncertainty so it is a passive system
however, used RBFNN estimates uncertainties online therefore fault detection is conveyed actively. These
are hybrid systems where combining adaptation and robustness techniques aim to operate back to back for
fault compensation. This aims for serving best of both worlds where robustness of controller is increased
with adaptive fault estimation. There are also right opposite structures where highly adaptive controller’s

robustness is increased with a robust observer [62] to have better attitude dynamics.




Chapter 3

Nonlinear Model for Quadrotor

A nonlinear mathematical model of a quadrotor is presented in this section. This model will later employ
various choice of controllers within the simulation that can be switched manually by the operator. This
system takes reference trajectories as input and gives position, velocity and acceleration as output. A

general view of modelled dynamics of quadrotor can be seen in Figure 3.1
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Figure 3.1: Quadrotor System Block Diagram

Fault injection and motor dynamics block contains motor dynamics where it takes force and torque control
inputs and converts them to individual PWM motor inputs. Every motor is modelled with a linear first
order transfer function which takes PWM input u; and motor model K H_Lw where K is the positive motor
gain and w is the motor bandwith. Combining motor dynamics with PWM input of each rotor gives motor

thrusts;

T, =K wii=1,2,3,4 (3.1)

S+ w

For mapping between control inputs to motor PWM control inputs, we have used the following matrix;

27
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Uy K K K K Uy
U2 0 0 KL —KL U9
- (3.2)
Us KL —-KL 0 0 U3
U4 KKw KKw 7KK¢ 7KK¢ Uyg

where L is the distance from the center of mass to each motor. K, is a constant for yawing motion. U; is
the total lifting force acting on the system, Us, Us, Uy are torques for rolling, pitching and yawing motions
respectively. For the output of PWM signals, we have also saturated the signals in between 0 and 0.05
where 0 denotes no power and 0.05 denotes maximum actuator effort. Rotor directions and corresponding

movements can be visualized in Figure 3.2.
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Figure 3.2: Schematic Representation of Quadrotor [26]
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Newton-Euler formulation is employed in order to obtain dynamic models for the quadrotor. It is assumed
that air frame is rigid body where it benefits from same dynamic force and moment equations. Dynamic

equations are calculated with respect to body frame where it is denoted as subscript b.

m(wy X vp + ) = F (3.3)

wp X (Ibwb) + Lywy, =M (34)

where m is the mass, wy, = [p ¢ 7] is the angular velocity in body frame, v, = [u v w]? is the linear velocity
in body frame and F is the total force. I, is the moment of inertia matrix in body frame and M is the total
moment. It is possible to manipulate equations (3.3) and (3.4) to show linear and angular velocities in body

frame at left hand side.

v| = % — (wp X vp) (3.5)
p
q| = Ibil(M — ('Ll}b X Ibwb)) (3 6)

Mathematical model of the quadrotor is derived from its force and moment balance equations given in (3.3)
and (3.4) where they mostly rely on propeller thrust and gravity as force components and moment created
under roll, pitch and yaw due to orientation imbalance and opposite propeller speeds. Vector [z y z ¢ 6 1]
denotes position and orientation of the UAV in earth frame and vector [u v w p ¢ 7] denotes linear and

angular velocities in body frame.
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Figure 3.3: Body Coordinate System for a Quadrotor

Z-axis’ direction is taken pointing upwards as can be seen in Figure 3.3 where gravitational forces are denoted
negative and propeller thrust as negative. Body and earth frame can be linked by velocity transformation

and rotation matrices such as;

v = Ruy (3.7)
w = Twy (3.8)
where v = [ 9 2|7 , w=1[¢ 0 |7, vy = [u v w]” and wy, = [p ¢ ]T. R matrix enables transformation from

body frame to inertial frame which is formulated by multiplying three rotation matrices at ZYX conversion;

CyCo  —SyCp T CyS9Sy SypSp + CypSeSyCe
R= |syco  cpcy+spsesy — —CySg + SpSeSyCe (3.9)

—Sp CoS¢ CoCyp

T matrix is the rotation matrix that maps angular velocities from body frame to inertial frame.

1 sgte  cote
T == 0 C¢ —S¢ (3.10)
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Kinematic model becomes;

& =wls(9)s(¥) + c(@)c(¥)s(0)] — v[e(d)s(¢) — c(v)s()s(0)] + ule(v)c(0)]
= vle(@)c(y) + 5(0)s(¥)s(0)] — w(s(d)c(v) — s(¥)e(@)s(0)] + uls(¥)c(0)]
2 = wle(@)e(8) + c(P)c(v)s(8)] + v[e(0)s(9)] — u[s(6)]
¢ = p+rlc(9)t(8)] + als($)t(0)]

0 = qle(9)] — r[s(9)

o), s(0)
=0 e

(3.11)

where s denotes sin, ¢ denotes cos and t denotes tan. Next, total force acting on the system will be found
by Newton’s law;

fo=m(t+ qw — rv)

Jy =m0 — pw — ru) (3.12)

f: =m(w —pv — qu)

We have showed total force generated as U; such as Uy = f, + fy, + f.. Total moment acting on the system
can be found as;

My = Py — quyy +qrl..

my = Glyy — priz, —pri.. (3.13)

m, =71, —pqly, +quyy

We define forces and moments in body frame as f, = [f, fy f.] and my = [mg my m.] where gravity will be

combined as well. But first gravity vector should be multiplied with R” to body frame representation;

fo =mgR"e. — fies + fu (3.14)

where e, is the unit vector in inertial z axis, ez is the unit vector in body z axis, f, denotes external forces
in body frame, f; is the total thrust generated by rotors which can be expressed as T; = K o Wi, KOs
thrust coefficient and f,, is the force caused by the wind. Similar formulation is again conveyed to calculate

external moment balance.

my =TB — Ja + Tw (315)

where 75 = [Uy Uz Uy)? is control torques generated by motor speed difference, g, is generated gyroscopic

moments and 7, is torques generated by wind. Generally, g, is neglected for quadrotors due to very small




CHAPTER 3. NONLINEAR MODEL FOR QUADROTOR 32

inertia value for each rotor. If it would have been a tilt wing application per se, then rotor inertia should

have been considered as well. Combining external force and moment equations gives;

—mg[s(0)] + fuws =4+ qw — v
mg[c(0)s(P)] + fuwy = m(0 — pw — ru)
mglc(0)e()] + fuwz — fr = m(w — pv — qu) (3.16)

Us + Twe = Plog — qrlyy + qrl..
Us + 7wy = ¢lyy +pripe —pri.,
Us + 7wz = 7Lz + ploe — paly,

Actuator dynamics can be modelled by using generated PWM thrusts in (3.1) where control inputs can then
be found via (3.17).

Uy =LT;— LT, (3.17)
Us = LT, — LT,

Uy, = Kle + Kl/)TQ — Kl/,Tg — Kl/,T4
where L is the distance between the center of the quadrotor and the center of the rotor and Ky, is the yawing

constant. Combining all the previous equations provide us the position in earth frame and orientation in

body frame which constitutes a hybrid frame for the quadrotor is as follows;

X = (5(6)3(08) + e()s(0)e(6))
¥ = (~e()s(9) + 5(6)3(0)c(6)) >
7 = (el@)e(0)) -
. Iyy - Izz U2 + Twa (318)
b= q




Chapter 4

Definition and Classification of Faults

Fault detection and isolation process can be utilized under phenomenon of hardware or software redundancy.
Hardware redundancy employs duplicate of several hardware where measurement signal can be supplied from
two independent sensors for example which are allocated for the same task. Therefore, if a fault occurs for a
specific sensor, a correlated separate sensor would still send correct data for evaluation of that signal. Same
redundancy can be applied to actuators or even computers to recover the system from a faulty condition
likewise. Hardware redundancy is utilized frequently for aerospace applications where safety plays a high
importance under certification purposes. However as one could expect, relying more on hardware introduces

extra cost, increased weight and occupies more space which can not be desirable for plenty of low cost or

space-restricted applications.

Hardware Redundancy
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Figure 4.1: Hardware and analytical redundancy

On the other hand, software (analytical) redundancy employs a mathematical model of the system where it

constantly checks deviations of measured output from estimated output via various estimation techniques

33
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which will be discussed further in this section.

This work focuses on analytical redundancy where fault modeling will be investigated for further isolate
that fault out of the system and reconfigure the controller to take an action accordingly. The outline of this

chapter will be as follows;
e System and Fault Modeling

Residual Generation

e Fault Isolation

Decision Making

Reconfiguration
e Fault Injection Interface

Chapter 5 will be dedicated to controller design in which once an accurate fault model is obtained; various

fault tolerant controller architectures will be discussed.

4.1 System and Fault Modeling

We can add disturbance terms to represent the plant dynamics of a system where observer dynamics are

introduced via assuming a linear system. Lineariazed system model becomes;

z(t+1) = (A+ AA)x(t) + (B+ AB)u(t) + Einy (t)
y(t) = (C + AC)z(t) + (D + AD)u(t) + Eana(t)

where n, and ny are unknown disturbance vectors; AA and AB correspond to model uncertainties.
Fault vector is generally modelled including 3 states which are sensor, actuator and component faults.
Actuator and sensor faults are modelled as ‘additive fault’ where a stuck elevator or faulty sensor reading
can be examples. On the other hand component fault is modelled as ‘multiplicative fault’ where a permanent
damage on fuselage or broken control surface. If we include fault terms to our system model;
z(t+1)=(A+AA+AA)z(t) + (B+ AB+ AB)u(t) + E1ni(t) + Bfa(t) (12)
y(t) = (C+ACH+ AC.)z(t) + (D + AD + AD )u(t) + Eana(t) + f5(1) .
where f,(t) is actuator faults, fq(¢) is sensor faults; AA. and AB. represent component faults. As one
can see from (4.2), a possible component fault disturbs the system dynamics highly and unwanted effects
such as sensor noise, environmental disturbances and component faults are evaluated within the same model
uncertainty matrix. This is not a desired calculation method because we would like to isolate disturbances

specific to faults in order to reconfigure an updated control strategy. This is where a residual signal is
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introduced which is defined as the difference between measured output and estimated output. Goal for
designing an effective residual is to minimize effects of disturbances and sensor noise to emphasize strictly
on the fault itself which is a challenging objective. The ideology behind creating a ‘pure’ residual remains
an active field of research. As in the scope of this work, we can embed the model uncertainties into the state
matrices and take out multiplicative component fault to be added to a generalized additive fault vector.

This notion of an isolated fault(f;) can be modelled as;

z(t + 1) = Az(t) + Bu(t) + E1(t)na1(t) + Bfa(t) + F1(t) fo(t)

(4.3)
y(t) = Ca(t) + Du(t) + E2(t)na(t) + f5(t) + Fa(t) fe(t)
where n = [n; no]? is the noise vector, f = [f. fs foJ? is the fault vector. If we squeeze (4.3) into an
input-output scheme and take the z-transform of the equation;
y(2) = G(RJu+ F(2)f + E(z)n (4.4)

where G(z), F'(z), E(z) are transfer functions for how effective the control, fault or noise vectors on output.

They are defined as;

G(z2)=C(:I —A)~'B+D
F(z) = [(2I — A)"'E\Ey)

E(z) = [(2I — A)"'BI(zI — A)"'F, + F]

4.2 Residual Generation

As stated earlier, residual signal is defined as the difference between measured output and estimated output

which can be shown as;
r(t) =y(t) — 4(t) (4.5)

If there is no fault in the system, the mean of the residual E[r(t)] is zero. If there is a detected fault, then
mean should diverge from zero.
There are various methods that tries to create the most robust residual that is independent of noise and

disturbances. Some of them are;

4.2.1 Full-state observer-based methods

If we would write a simplified version of the existing fault model;

xz(t+1) = Az(t) + Bu(t) + E1ny(t) + Bf.(t)
y(t) = Cx(t)
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Figure 4.2: Residual generation

A full state observer would give an estimate such as;

Z(t+1) = Az(t) + Bu(t) + L(y(t) — 9(t))

(4.7)
i(t) = Ci)
where L is the typical observer gain. Residual should also be updated due to altered estimate;
r(t) = Wi(y(t) —9(t)) = WCs(t) (4.8)

where W is the weighting matrix and £ is state estimation error x — . Next, error dynamics can be written
as;

§(t+1) = (A= LOK() + Exna(t) + Bfa(t) (4.9)

By using pole placement, one can choose such observer gain L that may lead the system to asymptotic
stability. Also eigenstructure assignment can be employed other than pole placement where transfer function

of noise in residual signal can be nulled via choosing such W and L.

4.2.2 Kalman filter-based approach

A Kalman filter based observer identify faults regarding to the whiteness, mean and covariance of residuals.
Generally, such application is assembled to the system by assigning separate Kalman filters to every possible

fault scenario. By this way, a bank of Kalman filters are employed as in Figure 4.3.
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Figure 4.3: Parallel Kalman filters assigned to separate faults

This technique is very widely used with aerospace applications where Multiple Model Adaptive Estimation
(MMAE) under reconfiguration chapter is a good example. With MMAE, each type of fault for parallel
Kalman outputs are recorded and a specific model is assigned to each fault configuration. If the system
detects a fault under a predefined condition, entire system model will switch to that faulty scenario model

where again a predefined controller architecture will be assigned accordingly.

Actuator Fault Modeling

In this work Kalman filter-based approach will be employed for modeling actuator faults. An adaptive two
stage Kalman filter(ATSKF) is used for this purpose where an augmented state matrix which embeds system
states and actuator faults is configured. Augmenting the state vector enables us to make MIMO predictions
separating states and faults. However, this method will be only used for estimating actuator faults with
respect to loss of effectiveness factor where a v parameter is constituted to represent how effective that
actuator is. Loss of control effectiveness is reasoned to partial losses in either hydraulic or pneumatic
pressures for control surfaces in fixed wing aircrafts or inadequate thrust for quadrotors due to limited motor

bandwith. One can show the direct effect of partial actuator loss as;
ul = (1 7)u; (4.10)

where u{ is the faulty control input, ; is the LOE factor which is bounded between 0 < ~; < 1 and u; is the
apriori control input before fault injection. This part mainly focuses on actuator faults due to loss of control
effectiveness but three other actuator fault types are included into the fault injection block for simulation

that are specific to fixed wing UAV types which are

e Actuator lock denotes a mechanical jam on the actuator that supplies a constant value due to its

position for control input.
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e Float failure denotes a hydraulic, pneumatic or electric failure for the actuator where a control pressure
or electrical current is completely lost for that actuator. This results in a freely moving control surface

where it generates no lift.

e Hardover Actuator Failure denotes the actuator at its maximum deflection where it supplies high lift

without the need due to software or hardware faults.

Fault modeling techniques are not limited to Kalman filtering only. Even though only KF is employed for
fault detection in this work, various compensation schemes are also available in literature. Some of the other

techniques that are used for fault detection and residual generation are;

e Parity relations approach [63]

Optimization-based approach [64]

Stochastic approach [65]

System identification methods [66]
e Nonlinear systems [67]

e Artificial intelligence approach [68],[69]

4.3 Fault Isolation

Now that is clear that an optimum residual is the one that is sensitive to faults; we need to define how that
specific fault is isolated from other faults. Basically, an isolation is needed to distinguish each fault from
another which is covered under two methods being directional residual approach and structured residual
approach. In directional residual approach, direction of every residual is defined under a residual set where
faults are classified regarding to their directional properties. In structural residual approach, every fault is
quantified due to how similar it is to other faults. In other words, each fault has a weight that is assigned
from similarity to other faults. By this way a certain fault characteristic can be chosen and can be isolated

conforming to that fault property.

4.4 Decision Making

This part mostly rely on a statistical background where an identified fault is evaluated whether it should
be taken into account for controller reconfiguration[70]. Essentially, a decision is made for a previously
quantified fault to be worthy of a compensation. The most basic technique to make such decision is to
define a threshold where consider every fault as valid if it exceeds that threshold. However, this is not a

comprehensive method which is why various decision making techniques are employed. Some techniques use
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adaptive thresholds in which a probabilistic designation becomes handy. Some of the highly used examples

are as follows;
e Sequential probability ratio test (SPRT) [71]
e Cumulative sum algorithm (CUSUM) [72]

e Local approach [73]

4.5 Reconfiguration

This part is about re-configuring a control action to back up the actual controller output. A control action
is taken at this step in the light of quantified valid faults to be added to the real controller. A block diagram

for tracing the signals can be seen in Figure 4.4.
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Figure 4.4: Fault detection, isolation and reconfiguration (FDIR) scheme on a system

Various controller architectures can be employed under 2 major branches which are passive and active
control. Passive control method tries to find a robust control region where possible fault scenarios have
already been modelled and these faults are compensated within this entire robust control envelope. This
method can be very fast comparing to active control due to defined control actions however designing a
wide robustness margin can make the system nonreactive under some conditions. With active FTC on the
other hand, controller structure changes with respect to identified faults to improve real time fault handling
characteristics. Even though active control reconfiguration sound promising, it requires high computation

power. Some of the methods that are used for control reconfiguration in literature are classified as follows[74];
e Passive (Robust Control)
o Active

— Multiple Model (Multiple Model Switching and Tuning)
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— Adaptive (MRAC, Adaptive Feedback Linearization via ANN)
— Actuator Only (Sliding Mode Control, Control Allocation)

— Controller Synthesis where Fault Model is Assumed (Eigenstructure Assignmet, MPC)

4.6 Fault Injection

This part is dedicated to fault injection methods where one can change fault characteristics to his/her own
preference. Depending on the origin of fault and its type, fault injection module has three branches where it
lets user to set faults either one-by-one or simultaneously. Faults caused by actuators, sensors or components

can be configured depending on the fault scenario.

Actuator faults are modeled in this work as LOE (Loss of Effectiveness) factors where injected step LOE
value causes degradation in actuator operation. Sensor faults effect system output matrix where they are
classified under 5 configurations. Bias represents a constant error in the output where a random noise will be
generated for each click. Loss of accuracy is self explanatory for this sensor fault where an accuracy rating
can be manually tuned in percentage. Drift is a cumbersome fault where the sensor output keeps diverging
with respect to time. This fault can be modelled as a ramp function where the assigned slope would emulate
rate of the drift. Freezing is again a straight forward fault where sensor reading is stuck at a specific value.
This option will serve as a steady state sensor measurement. Calibration Error is the last sensor fault option
where a sensor becomes unreliable to be read. If this fault is selected, a chosen sensor will continuously send

uncorrelated set of random measurements.

One other fault type is structural failure where UAV looses a part from its body. This can be modeled
as actuation loss if a fixed-wing UAV looses its rudder per se. However, if our quadrotor model looses an
actuator totally like an entire motor for example; its balance would totally collapse and become very hard
to control unlike rudder loss where a fixed-wing can still preserve its symmetry. So, structural failure on our
model will be modeled as a battery-pack that is ruptured from the rigid body where it only effects weight

not moments of inertia.




Chapter 5

Controller Design

This work lays its foundations on to Passive FTC scheme in which defends one and only robust controller
can compensate effects of disturbances such as faults, failures and noise. Therefore, an attempt to compose
a robust controller architecture is presented in this chapter. We have used a hierarchical control scheme due

to under-actuated structure of the quadrotor.

Uy
u1 X
o Actuator | 2 Nonlinear
Position N _ u2 Fault Quadrotor 000
u . s
Controller Attitude U3 | Injection |3 Dynamics
84 Controller Ua U,
| Inner Loop
Outer Loop

Figure 5.1: Hierarchical Control Architecture

Two controller loops are generated where a feed-forward PID architecture is employed for outer (Position)
controller and two switchable controllers are embedded inside the inner (Attitude) controller. Inner con-
troller’s robustness plays a very important role for stabilizing the system therefore PD and LQR architectures

are constituted for studying robustness.
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5.1 Position Control

5.1.1 PID Control

Position controller is responsible from trajectory tracking in which deals to minimize error dynamics on
reference states. It also provides desired pitch and roll commands for the attitude controller. Position
controller employs virtual control inputs forces the errors on X,Y,Z states in order to converge to zero[75].

We can formulate these errors on position dynamics with the following error dynamics formulation;

€w:Xd—X
ey =Yy Y (5.1)
6z:dez

Taking derivative of error terms yields;

él-:Xd—X=>éw:Xd—X
by =Yy —Y =>86,=Y;-Y (5.2)

b =Lag—ZL=>86,=20q—2
We can now define the virtual control inputs;
fe = Xa+ Kpoeo + Kqobo + Ki,x/emdt
fy = Ya+ Kpyey + Kgyéy + Kiy / ey dt (5.3)
pe = Zqg+ Kp.e: + Kq .6+ K . / e.dt

Desired feed-forward terms are obtained by taking double derivatives of desired X,Y,Z values outputted from
trajectory generation block, and PID terms are feedback terms obtained from error dynamics. Next, we can
determine the total thrust U; and the desired roll and pitch angles in terms of calculated virtual control

inputs as [75];

Ur :m\/ui + p + (1= + 9)?

Spgax — Cypglby
\/u% +p2 + (= + 9)? (5.4)

¢q = asin

Copg o — Sepg My
Ca \/u% +p2 + (pz + g)?

04 = asin
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5.2 Attitude Control

Attitude controller needs a well-designed controller architecture due to high frequency operating conditions.
Therefore, maintaining robustness inside inner loop takes huge importance for overall stability of the system.
In order to cope with high non-linearity that is brought by fault injection and disturbance; we have designed

two switchable controllers to emphasize the importance of robust attitude control.

5.2.1 PD Control

Just as in the case of position controller, attide controller is benefited from PID control. However, control
gains are higher with inner loop with respect to outer loop and even a small error can lead a control

degradation which is why integral control is eliminated with attitude control.
Just as before, we can define error dynamics for attitude controller as follows;

¢ = b+ Kpgpes + Ka oty
0 =04+ Kppeo + Kaoéo (5.5)

b=+ Kpyey + Kapéy
Now, we can calculate control inputs Us, Us, U4 as follows;

U; = Iww(¢d + Kp7¢.€¢ + Kd;¢é¢)
Us = Ly (04 + Ky o0 + Kapéo) (5.6)

U4 = Izz(wd + Kp,il}eﬂ) + Kdﬂl’é¢)

5.2.2 LQG Control

Linear Quadratic control is an optimal control method which employs a state feedback for closed loop
dynamics. Gains for state feedback controller can be chosen depending on demands of the system by
minimizing a cost function[76]. LQR control places the eigenvalues on desired positions which ensures
stability. In our case, we are using output of Kalman filter estimates to achieve full state feedback therefore,

such applications are named as Linear Quadratic Gaussian control.

A finite horizon, linear quadratic regulator (LQR) is formulated as;

Tpr1 = Axy + Buy (57)

where a discrete linear state space model is given such that € RY, u € RV, 2y given. A cost function J is
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defined;

o
J = Z rt Quy, + uf Ruy, (5.8)
k=1

where (Q > 0 is a positive semi-definite and R > 0 is a positive definite matrix. A control input is determined
as;

Uk = Tk —Kil','k (59)

where K is the feedback gain matrix and r is the reference input vector. K is calculated by solving the
algebraic Riccati equation. However, in MATLAB Ilgr command minimizes the cost function by placing

eigenvalues automatically via given Q and R matrices such as K = lgr(A, B, Q, R)

Gains are chosen depending on what is required out of the system. Giving higher values for @ enables
better trajectory tracking but increases control effort. Giving higher values for R reduces control effort by
sacrificing less accurate trajectory tracking therefore, an optimal calibration is done via tuning them with
trial and error.

Linearized system matrices at hovering condition and small angle approximation are as follows;

U2 = a::r(b
Us = 1,0 (5.10)
Uy = L.

which leads to obtain a linear state space model to calculate feedback gain;

é 0100000]| |¢ 000

é 0000000]| |¢ =00 -

. 2

6 0001000]| |0 000

= 1+ Us (5.11)
0 0000000]| |6 oﬁo U

¥ 0000001 | 000 !

i 0000000] |4] _00,;_

Obtained A and B matrices are utilized along with Q and R matrices to compute the optimal state feedback

gain.

LQR is also known for its disability to eliminate steady-state error even though it gives remarkable tracking
results[77]. In order to compensate for this, we have added an integral action to error dynamics which

eliminated previous steady-state error perfectly.




Chapter 6

Observer Design

In this section, some mathematical background is provided for observer development. We have first imple-
mented a Two-Stage Kalman Filter (TSKF) which is designed to estimate injected faults and system states
seperately. TSKF is a beneficial filter especially under FTC scheme however its driving equations are based
on linearized system dynamics at a given hovering condition. Therefore, it may have some difficulties if

nonlinearities are dominant.

In order to cope with nonlinearities in the system dynamics, an Extended Kalman Filter (EKF) has been
implemented. Extended Kalman Filters provide more accurate state estimations due to their fully nonlinear
architecture. This ability to perform estimations in a non-linear manner, removes necessity to estimate a

separate fault value from residual.

These two observers are employed for improving state estimations in order to enable full state feedback
condition. We have also designed another observer additively benefits system dynamics. A disturbance
observer (DOB) is implemented in order to estimate a lumped disturbance value where a disturbance estimate
can be added to the feedback control as a feedforward term for compensating effects of disturbance. Two
relevant disturbance observer architectures are implemented which are called Acceleration-Based (AbDOB)

and Velocity-Based disturbance observers (VbDOB).

6.1 State Estimation

6.1.1 Two-Stage Kalman Filter

This part is dedicated to deriving a TSKF for predicting loss of control effectiveness in an arbitrary actuator.
This method is first formulated by [78] where two Kalman filters are combined for multiple predictions. First

a state matrix should be formed to represent the dynamics which is why we should linearize both of our
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plants around a trim point. This trim point will be the hovering condition for quadrotor where there is no

yaw and very small roll and pitch angles are assumed. Simplified model becomes[26];

T =0g
i=—9¢g
Z*gfﬁ
m
.Uy (6.1)
°=1.
j_Us
Iyy
. Uy
/(/)_IZZ

State vector is [z, ,y, 7, 2, 2, &, 6,0, 9,1/),1/}], and [Uy, Us, Us, Uy] are total lift force, moment of roll, moment
of pitch and moment of yaw respectively. In order to stay in these trim points, quadrotor control input is
taken to be [Uy, Us, Us, Us] where it covers all the rotors. Linearized state space matrices A, B, C and D are

formulated by using Jacobian matrices.

&yp(t) = Aprp(t) + Bpup(t)
(6.2)

Yp = Cpap(1)

In order to include the fault model into the state space model, we can augment the states by including faulty

actuator control inputs. First, state space model is designed that takes actuator dynamics into account.

Ga(t) = Aaza(t) + Bau(t)

Ya(t) = Cama(t)

(6.3)

where z, = [z, up]T is the augmented state vector, u = [ug, us, us, uq] for quadrotor. If we consider control

inputs to be modelled as PWM where a first order linear transfer function becomes

w

sS+w

where K is a positive gain, w is motor bandwith and variation in thrust can be modeled accordingly. B,
becomes B, = [KB, Kw|T and C, = [C,0]. A, = Auo + 64, where Ayo = [A,0;0 — w]2,2 and §A, denotes
unknown model uncertainties. If we combine actuator loss of control effectiveness (4.10) and augmented

state space equations, following expression is obtained.

jfa(t) = Aaxa(t) + Ba(I - F)u(t) (65)
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where it can be converted into additive form such as;

a(t) = Aaza(t) + Bata(t) + Eay(t) (6.6)

where I' = diag(v1,v2,73,7a) for quadrotor, v = [v1,72,73,74]. Fa = —B,U where U = diag(uy,uz, u3, ua).

We can alter the equation once more to obtain;

Bq(t) = Auma(t) + Baua(t) + Eof(t) (6.7)

where E, = —B, and f(t) = Uy(t).

Now that fault augmented state equations are obtained, we can design the two step Kalman filter. This filter
is discrete therefore a discrete-time model should be obtained from upper continuous time representation.

Sampling rate of 100 Hz has been chosen by using zero-order hold. Discrete time state equations become;

Ti+1 = AT + Brug + Epye + wi, (6.8)

yr = Crxp + vg

where wi and v, are uncorrelated white Gaussian noise sequences with covariences Q7 and Rj. These
covariances are found by designing a state feedback that makes eigenvalues of the system matrix stable.
LQR method is employed for optimization in order to obtain best Q and R values with respect to the cost

function J = >"77 2T Qx + uT Ru. A quantified fault value is formulated as;

Vo1 = Y+ wy (6.9)

where w] denotes the zero mean white noise with covarience Q). This quantified fault value will be sent to
TSKF in order to obtain a loss of control effectivess factor(LOE) for fault detection and isolation. TSKF
employes two parallel filters that inputs the augmented state matrix to estimate the fault parameter and
system state [79]. The output of the filter gives these estimations by minimizing variances for state and

actuator fault. First filter that is responsible for fault estimation can be formulated as;

V16 = Vilk (6.10)
Pl = P + @1 (6.11)
KIZ+1 = P/;Y+1\kaT+1|k(Hk+1|lcP;Z+1\kaT+1\k + SYlf+1)71 (6~12)

Yerrib1 = ek + Kl (e — Hipp e e) (6.13)
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P13+1|k+1 = - KIZ+1Hk+1|k>P;:+1‘k (6.14)
We can formulate fault free subfilter that represents states as;
Tk = AkZrpp + Bruk + WieAke — Vi n e (6.15)
P/f+1|k = Ak'PI:]kAZ +QF + WkPI;Y\kaT - Vk+ukP;3+uka+uk (6.16)
Ko = PG (Cor PR+ 1K CL + Riga) ™! (6.17)
Tpt1)it1 = Trgifk + K1 (Urt1 — Cr1Trgain) (6.18)
P1f+1|k+1 = - K}f+10k+1)P1§+1|k (6.19)
where residual is formulated as 741 = Y1 — Ck+1:fk+1|k and its covariance matrix is formulated as
Skatk = Bi1 + Crr PL p O (6.20)
The coupling equations are as follows;
Wi = Aka‘k + Ey, (6.21)
Viripe = WP (Pl ) ™ (6.22)
Hi 11k = Cr1 Vi1 (6.23)
Virierr = Vigie — K1 Hegan (6.24)
Redressed estimated state and its estimated covarience becomes
Tp1k+1 = Trprkr1 T Vst o1 Vet 1k+1 (6.25)
Pryijpgr = Vk+1lk+1PIZ+1\k+1VkT+1\k+1 + Pk (6.26)

TSKF is implemented on MATLAB which takes control inputs and plant outputs as input and supplies full

state estimate vector for controller.
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Figure 6.1: TSKF MATLAB/SIMULINK Implementation

Even though we have used step actuator LOE for our fault injection procedure, different LOE characteristics

have also been tested on the filter for demonstration purposes. Given LOE factors:

Fault Type Motor 1 Motor 2 Motor 3 Motor 4
Step t = 38s, 50% 0 t = 22s, 45% t = 48s, 15%
Sinusoid t = 38s, 20% 0 t = 22s, 40% 0
Random (0K LOE <20) (0<LOE<20) (0<LOE<20) (0<LOE <20)
Pulse 0 t = 22s, 25% 0 t = 44s, 30%

Table 6.1: Injected Actuator LOEs
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TSKF can successfully estimate different fault types as can be seen in Figure 6.2.
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Figure 6.2: TSKF Estimated Faults: (a) Step; (b) Sinusuoid; (¢) Random Number; (d) Pulse

Although it is possible to add multiple fault behaviours, we have chosen to use step LOE for all the simulations

due to being the most challenging one.

6.1.2 Extended Kalman Filter

Rather than directly giving linear state space model as in the case of a regular Kalman filter, Extended
Kalman filter takes nonlinear plant model where it linearizes the model itself in every simulation step by
using Jacobians. EKF is a highly useful tool in terms of catching non-linearaties and improve estimations
with this recursive behaviour accordingly. Although it is pretty obvious that its more computationally heavy
with respect to regular Kalman observer; it may undeniably serve much more accurate state estimations

especially as in our fault injected cases.

We have used Simulink’s built-in EKF block where we have embedded our nonlinear quadrotor model. It

should also be denoted that EKF block takes discretized inputs which is why zero-order-hold blocks are used

which can be seen in Figure 6.3.
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Figure 6.3: EKF Implementation in MATLAB/SIMULINK

Due to adaptive architecure of EKF where every simulation cycle is handled as a separate configuration, EKF
does not need an extra fault estimation term. In TSKF we have used a separate embedded bias estimator in
order to improve observer estimate by being aware of faults but with EKF this burden is removed where each
full state estimation is indirectly manipulated by any disturbance respectively. Therefore, EKF’s ability to
adapt itself under nonlinearity, provided us full state estimate without needing an isolated fault estimation

model.

6.2 Disturbance Estimation

Disturbance observers are very useful tools in order to cancel effects of uncertainties and external distur-
bances. An estimated lumped disturbance parameter is fed back as a compensation signal in which counter-
acts effects of that disturbance value[80]. Many applications[81] can be found in literature due to its simple
architecture for implementation and abilty to reject disturbances. However, disturbances can be estimated

if the disturbance signal is under coverage of used low-pass filter’s bandwith for DOB[83].

An overview for DOB can be presented with the following simple to understand block diagram:;

D(2)
U(z)n U(z) l ) Y(2)
+ ~ n
U(z)+ D(z
Lo I )
D(2)

Figure 6.4: Block Diagram of a Reversible Plant[82]
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One can see from this block diagram that ideally, we could obtain a disturbance term D(z) by subtracting
the control input U(z) from nominal plant output G, *(z). This looks fairly simple however, G, *(z) is not
realizable because given plant G,,(z) might not be exactly as it is on the model. Therefore, even being not
sure about reversing the plant as true as possible to the nominal plant, sensor noise will be added to reversed
plant as well. Briefly, we can’t be sure about modelling all the dynamics inside the plant which corrupts the
notion of estimating a good disturbance term. At this point, we introduce a new term )(z) which is the

low-pass filter.

Figure 6.5: Realizable Disturbance Observer[82]

This filter is employed to make dynamics from U(z) and Y (z) to D(z) realizable. The task of our DOB is
to estimate such lumped disturbance value for disturbance rejection. Figure 6.5 shows the block diagram of
a conventional DOB based controller. On the other hand, we have implemented a realizable DOB structure

which comes more handy for disturbance estimation.
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Figure 6.6: A More Convenient DOB Architecture [83]

We have implemented two types of DOB architectures which are Velocity-Based and Acceleration-Based

disturbance observers. Their working principle is same but nominal plants and corresponding Q filters differ.

For AbDOB, nominal plant model is constructed as;
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- 0 0
Gn(s)=1 0 %%52 0 (6.27)
0 0 oo
which uses as its filter.
2
w
_ 6.28
Qavpon = G (6.28)
For VbDOB, nominal plant model is constructed as;
1
Toos 0 0
Gn(s) = O Iylus 0 (629)
0 0 o
which uses as its filter.
w
= 6.30
Qvypos P (6.30)

Filter cut-off parameter w is chosen as w = 5 for each alternative.




Chapter 7

Simulation Results

In this chapter, simulation results are presented for various implemented configurations. Due to having
plenty of configurations and corresponding result sets, only one trajectory configuration is presented for

preventing excessive result deposition.

n

control [¢——

e

Figure 7.1: MATLAB/SIMULINK Model

Simulation parameters are originated from Concordia University’s QBALL-X4 platform|[26] which are tabu-

lated in Table 7.1.
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Table 7.1: Simulation Parameters

Parameter Description Value
K Thrust Gain 175
w Motor Bandwith 15 rad/s
L Distance from Motor to C.G 0.2m
Ky Thrust to Moment Gain 0.023
m Mass 1.42 kg
g Gravity 9.81 m/s?
Lowi Lyys I, Moments of Inertia 0.03; 0.03; 0.04 k:g.m2

Results are presented with the following layout;

e Baseline Configuration: This is the reference result which neither contains any fault nor added
compensation mechanism. It is presented to visualize designed cubic trajectory generation and corre-
sponding basic controller response. Every other following section can be thought as a supplementation

to this reference configuration.

e Controller Effects: In this section, effects of controller types are discussed. Due to having a singular
PID outer controller for each controller architecture, only inner controller variations are discussed.

Therefore, presented variations due to controllers are specified to inner controllers notably.
e Disturbance Observer Effects: Effects of disturbance observers are presented at this section.

e State Observer Effects: This section compares effects of TKSF and EKF state observers that are
used under load of actuator faults. Results presented are targeted to present the importance of accurate

state estimation methods with high non-linearity.

e Various Types of Faults Effects: This part is the only section where other fault types are injected

on to the system. Multiple configurations of reaction to various faults are presented.

7.1 Baseline Configuration

A reference case is presented here to lay basis for every other following implementation. A trajectory is set
to our quadrotor where it first hovers to 0.6 meters and draws a 1m? square in air by remaining the same
altitude. Dryden wind model is implemented and all the results presented are under its impact. Also, process
and measurement noise is always acting on the system independently of any scenario. Ideal trajectory we

would like to follow can be seen in Figure 7.2.
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Figure 7.2: Visualized Quadrotor Trajectory

However, results will be presented in graphical form such as Figure 7.3 because later when we add faults, its

effects can be visualized better on the graph.
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Figure 7.3: Quadrotor Trajectory in Baseline Configuration

For the baseline configuration, LQG controller is used in order to get the best response to assign as a

reference. Following visualizations are given for understanding error dynamics and system performance.
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Again, this is the lowest error generating condition in which a tabulated form will be presented for every

result set.
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Figure 7.4: X position of the quadrotor (top), position error (bottom)
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Figure 7.5: Y position of the quadrotor (top), position error (bottom)
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Figure 7.6: Z position of the quadrotor (top), position error (bottom)

Trajectory tracking is conveyed very smoothly and tracking errors are very low as expected.
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Figure 7.7: Roll angle of the quadrotor (top), tracking error (bottom)




CHAPTER 7. SIMULATION RESULTS 59

actual
= = = = desired
2r .

( [deg]

0 10 20 30 40 50 60
time[s]

2 T T T T

6, [deg]

0 10 20 30 40 50 60
time[s]

Figure 7.8: Roll angle of the quadrotor (top), tracking error (bottom)

Following table construction is used for presenting root mean square (RMS) and maximum values of errors

for measurement states.

Table 7.2: Tracking Errors for Baseline Configuration

Error | RMS Errors Max Errors
€z 0.0044 0.0179
ey 0.0042 0.0184
€ 0.008 0.0907
€e 0.4520 1.5402
€9 0.4761 1.9486
e 0.0187 0.2310

PWM outputs for all motors are smooth and linear. Motors do not have to operate under full power and
controller task is conveyed by an even distribution on control signal. Motor PWM output is modelled to be

maximum 0.05 under full load and 0 under no load with respect to given actuator response.
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Figure 7.9: PWM Signals for All Motors

Controller effort is calculated for every scenario by summing all the PWM values and divide it by time

interval to get a mean value. Average control effort for the baseline controller is 0.07947.

7.2 Controller

This section presents results for both controller architectures.

From now on, results presented have the same fault injection type which is actuator loss of control effective-

ness until otherwise specified. Corresponding fault injection arrangement can be seen in Table 7.3.

Table 7.3: Actuator Fault (LOE) Injection

Motor 1 Motor 2 Motor 3 Motor 4

30%, t=38s 0%  20%, t=22s 15%, t=A48s
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LQG Control

First, LQG controller response will be shown after injecting actuator loss of effectiveness faults. Due to only
making controller comparison, state feedback should remain the same which is supplied from the Extended

Kalman filter.
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Figure 7.10: LQG Trajectory Following with Actuator LOE

One can immediately realize that fault injection has brought drop in altitude. Drops in altitude are pro-
portional to amount of actuator loss as expected. Here, we can see that no matter which actuator looses
control effectiveness; altitude is lost respectively. However, LQG controller performance is robust enough to

compensate the injected faults.
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7.11: X position of the quadrotor (top), position error (bottom)
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Figure 7.12: Y position of the quadrotor (top), position error (bottom)
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Figure 7.13: Z position of the quadrotor (top), position error (bottom)

Tracking on X and Y directions are not effected but changes in Z is pretty visible. This is because the

feedforward gravity term at Z that is involved in the nonlinear quadrotor model (3.18).
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Figure 7.14: Roll angle of the quadrotor (top), tracking error (bottom)
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Figure 7.15: Pitch angle of the quadrotor (top), tracking error (bottom)

Tracking error is increased for attitude dynamics with fault injection as expected however error residuals are

not high and controllable.
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Figure 7.16: Yaw angle of the quadrotor (top), tracking error (bottom)
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Table 7.4: Tracking Errors for LQG Controller with Actuator LOE

Error | RMS Errors Max Errors
€z 0.0040 0.0189
ey 0.0046 0.0168
e 0.0376 0.1154
€s 0.4469 1.5214
eg 0.4413 2.3469
€y 0.0439 0.3998

Fault injections on 1°¢,3"¢ and 4*" motor is pretty visible on PWM signals as well. If controller detects
actuator loss on a motor, it opens up that motor proportionally more to compensate fault. This is of course
under saturation conditions where a limited increase in voltage is possible. One can see that highest fault

value of 30% on first rotor creates a big margin over standard linear behaviour.

time[s]

Figure 7.17: PWM Signals for LQG Controller with Actuator LOE

Due to increase in PWM signals, average control effort has increased excessively over baseline configuration

having a value of 0.08645 on behalf of fault compensation.
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PD Control

A PD controller is also implemented for controlling attitude dynamics under fault tolerant control scheme.
Integral control is eliminated here because fault introduction combined with this controller architecture
yields to high oscillations and hard to recover error residuals. Therefore, in order not to increase error and
lack of observed steady state error; control dynamics let us to eliminate integral feedback. Presented PD
controller results below are showing significantly poorer trajectory tracking outcomes but it constructs a

good comparison study.
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Figure 7.18: PD Trajectory Following with Actuator LOE

As can be seen from Figure 7.18, quadrotor is highly deflected from intended trajectory. Unlike LQG, PD
controller is not a type of optimal controller and its results may be cumbersome if nonlinearity and amount of
controlled states are high. In order to compensate sudden faults that has high burden on controller, control
gains had to be very high initially. Even though this works for some simulation scenarios, many impudent
configurations really challenge the system and makes PD controller fail. Therefore, we have added desired
double derivatives of trajectory X4, Yy, Zy as feedforward to our controller which enabled a better response
via employing lower gains. Accordingly, a more robust controller architecture is fulfilled and enabled us to

experiment on various configurations.
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Figure 7.19: X position of the quadrotor (top), position error (bottom)
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Figure 7.20: Y position of the quadrotor (top), position error (bottom)
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Figure 7.21: Z position of the quadrotor (top), position error (bottom)
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Figure 7.22: Roll angle of the quadrotor (top), tracking error (bottom)
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Figure 7.23: Pitch angle of the quadrotor (top), tracking error (bottom)
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Figure 7.24: Yaw angle of the quadrotor (top), tracking error (bottom)

Lower frequency position controller can still show acceptable performance however it is not the same case

with high frequency attitude controller. Tracking error on Euler angles have increased very significantly and
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PD controller is having a very hard time coping with this error. Roll angle is controlled at some extent
but pitch angle is completely lost after second fault injection to motor 1. Results may seem distant from
LQG controller but with introduction of the disturbance observer at the next section, this gap will close

spectacularly. This is why direct PD response to faults are shown here.

Table 7.5: Tracking Errors for PD Controller with Actuator LOE

Error | RMS Errors Max Errors
€ 0.0827 0.3937
ey 0.04286 0.0661
e 0.0307 0.0902
es 4.1892 7.7096
€ 7.9748 15.712
€ 6.0053 14.8623

1
0 10 20 30 40 50 60
time][s]

Figure 7.25: PWM Signals for PD Controller with Actuator LOE

Average control effort with this case is found to be 0.08665.
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7.3 Disturbance Observer

This section shows differences of observer types for both controller architectures. Again, fault type is fixed
to only actuator LOE. First implementation is configured to be added on PD controller with high tracking

error. The velocity-based disturbance observer perfectly helps PD controller to reduce tracking error.

VbDOb on PD Controller with Actuator LOE
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Figure 7.26: VbDOB on PD Controller Trajectory Following with Actuator LOE
As can be seen from Figure 7.26, Vbdob has improved results incredibly. If one would compare this figure

with non-dob PD configuration at Figure 7.18, a huge difference can be seen. Vbdob is the best option to

be applied on the PD controller where control performance is very close to LQG control.
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Figure 7.27: X position of the quadrotor (top), position error (bottom)
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Figure 7.28: Y position of the quadrotor (top), position error (bottom)
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Figure 7.29: Z position of the quadrotor (top), position error (bottom)
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Figure 7.30: Roll angle of the quadrotor (top), tracking error (bottom)
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Figure 7.31: Pitch angle of the quadrotor (top), tracking error (bottom)
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Figure 7.32: Yaw angle of the quadrotor (top), tracking error (bottom)
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Disturbance observer has shown exceptional results in terms of error tracking.

Table 7.6: Tracking Errors for VbDOB ob PD Controller with Actuator LOE

Error | RMS Errors Max Errors
€ 0.0062 0.0437
ey 0.0040 0.0144
e 0.0375 0.1161
€s 0.7817 2.7508
€y 0.5489 5.5796
€ 0.6610 4.0297

Figure 7.33: PWM Signals for VbDOB on PD Controller with Actuator LOE

Estimated lumped disturbance is directly added on calculated control input which is why increased oscilla-
tions on PWM signals are seen. Also, other than first motor; fault effects are minimized on PWM signals due
to acted disturbance observer beforehand. Average control effort is reduced slightly comparing to non-DOb

case which is calculated to be 0.08654.
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VbDOB on LQG Controller with Actuator LOE

VbDOB does not change LQG response significantly as in the case of PD. It minimizes error even more on
positional states but change in angular dynamics is negligibly small if we compare it to Table 7.4. LQG

response while acting a VbDOB is as follows;
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Figure 7.34: VbDOB on LQG Controller Trajectory Following with Actuator LOE
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Figure 7.35: X position of the quadrotor (top), position error (bottom)




CHAPTER 7. SIMULATION RESULTS 7

1 T i ™

actual

0.8 r - = = = desired | |

— 06 7
E

>-.04,

0 | 1 1 1 L
0 10 20 30 40 50 60

time[s]

0.02 T T T T

0.01
E
-
@ 0
-0.01
0 10 20 30 40 50 60
time[s]

Figure 7.36: Y position of the quadrotor (top), position error (bottom)
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Figure 7.37: Z position of the quadrotor (top), position error (bottom)
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Figure 7.38: Roll angle of the quadrotor (top), tracking error (bottom)
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Figure 7.39: Pitch angle of the quadrotor (top), tracking error (bottom)
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Figure 7.40: Yaw angle of the quadrotor (top), tracking error (bottom)
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Figure 7.41: PWM Signals for VbDOB on LQG Controller with Actuator LOE
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Table 7.7: Tracking Errors for VbDOB on LQG Controller with Actuator LOE

Error | RMS Errors Max Errors
€x 0.0039 0.0170
ey 0.0036 0.0157
e 0.03771 0.1169
€ 0.5113 1.8184
€p 0.5804 2.2886
[ 0.03465 0.2243

AbDOB on LQG Controller with Actuator LOE

An acceleration based velocity disturbance observer is tested on LQG controller to compare with velocity-
based version. AbDOB uses a nominal plant with second order terms and acts on directly to Euler angles

raher than Euler rates in the VbDOB case.

We have wanted to test this because due to VbDOB acting on Euler rates, high oscillation is observed under
attitude dynamics. This is because improved trajectory response due to VbDOB requires higher demanding
desired roll and pitch angles. One can see from Figures 7.38 and 7.39 tracking error is increased with these
terms due to demanding position controller. In order to lift the burden from attitude dynamics, AbDOB is

designed which improves navigational tracking by not extensively loading on attitude controller.
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Figure 7.42: AbDOB on LQG Controller Trajectory Following with Actuator LOE
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Figure 7.43: X position of the quadrotor (top), position error (bottom)
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Figure 7.44: Y position of the quadrotor (top), position error (bottom)
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Figure 7.45: Z position of the quadrotor (top), position error (bottom)
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Figure 7.46: Roll angle of the quadrotor (top), tracking error (bottom)
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Figure 7.47: Pitch angle of the quadrotor (top), tracking error (bottom)
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Figure 7.48: Yaw angle of the quadrotor (top), tracking error (bottom)

Inner controller’s work load is eased simultaneously achieving very good trajectory following. This configu-
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ration gives the best results so far.

Table 7.8: Tracking Errors for AbDOB on LQG Controller with Actuator LOE

Error | RMS Errors Max Errors
€ 0.0040 0.01738
ey 0.0037 0.01578
€ 0.03777 0.1166
€s 0.4472 1.5005
€y 0.4655 2.3038
€ 0.0302 0.2593

1
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Figure 7.49: PWM Signals for AbDOB on LQG Controller with Actuator LOE

Average control effort is 0.08645 for this configuration.
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7.4 State Observer

This section presents results for two state observer types. It is stated earlier that TSKF is an adaptive fault
estimator which uses linear state space equations for state estimation. On the other hand EKF does not

have a separate fault estimation unit but gives state estimations by directly using nonlinear equations.

Previously, all the results employed EKF for state feedback due to having slightly better estimation figures
with respect to TSKF. This section presents results that employs TSKF as the state-feedback observer. Each
result set has disturbance observer acting upon due to having improved reactions. Therefore, reader can

compare correlating results with Section 7.3 that disturbance observer is activated at all cases.
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Figure 7.50: TKSF Feedback and AbDOB on PD Controller Trajectory Following with Actuator LOE
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Figure 7.51: X position of the quadrotor (top), position error (bottom)
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Figure 7.52: Y position of the quadrotor (top), position error (bottom)




CHAPTER 7. SIMULATION RESULTS

87

0.6 T T G;_:W T e =T - = ===
\/ actual
04l = = = = desired | |
E g2t .
N
0 -
02 L 1 1 1 1
0 10 20 30 40 50 60
time[s]
015 T T T T

Figure 7.53:

10 20 30 40 50 60
time[s]

Z position of the quadrotor (top), position error (bottom)

¢ [deg]

actual
= = = = desired | |

e, [deg]

Figure 7.54:

10 20 30 40 50 60
timel[s]

Roll angle of the quadrotor (top), tracking error (bottom)




CHAPTER 7. SIMULATION RESULTS 88

10 r T T :
actual
= = = = desired
= 5T i
[=}]
@
=
T o
_5 L 1 1 1 1
0 10 20 30 40 50 60
time[s]
B T T T T |

6, [deg]

0 10 20 30 40 50 60
time[s]

Figure 7.55: Pitch angle of the quadrotor (top), tracking error (bottom)
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Figure 7.56: Yaw angle of the quadrotor (top), tracking error (bottom)

Even though taking state feedback from TSKF does not effect system dynamics highly when disturbance
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observer is acting on the system. A little oscillations are observed especially on X and Y states but overall
performance is satisfactory. Also, due to used AbDOB rather than VbDOB for PD setup gave much better
results again just like with the LQG case. So, it is safe to say that acceleration-based disturbance observer

works better and much more efficiently if the position controller is slogging on.

Table 7.9: Tracking Errors for AbDOB on PD Controller with Actuator LOE and TSKF Feedback

Error | RMS Errors Max Errors
€ 0.01048 0.0880
ey 0.0056 0.0232
e 0.03769 0.1178
es 0.4923 3.5078
eg 0.8308 8.2729
€ 1.3624 8.0259
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Figure 7.57: PWM Signals for AbDOB on PD Controller with Actuator LOE and TSKF Feedback

Average control effort is 0.08680 for this configuration.
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Figure 7.58: TKSF Feedback and AbDOB on LQG Controller Trajectory Following with Actuator LOE
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Figure 7.59: X position of the quadrotor (top), position error (bottom)
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Figure 7.62: Roll angle of the quadrotor (top), tracking error (bottom)
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Figure 7.63: Pitch angle of the quadrotor (top), tracking error (bottom)
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Figure 7.64: Yaw angle of the quadrotor (top), tracking error (bottom)

Surprisingly, TSKF feedback showed poorer performance on LQG controller comparing to PD controller.

This is probably due to high error tracking requirement designed for LQG controller. LQG @ gain is selected

conservative for best trajectory following however with poorer feedback response from TSKF, it prevents

LQG to find an optimized strategy to smoothen control decision. In other words, LQG is trying to find the

best solution with the upcoming feedback signal however the signal can’t represent the actual dynamics as

in the case of EKF feedback. This is why, TSKF feedback puts LQG controller into a chattering behaviour

which decreases error tracking performance highly especially with attitude dynamics.

Table 7.10: Tracking Errors for AbDOB on LQG Controller with Actuator LOE and TSKF Feedback

Error | RMS Errors Max Errors

ex 0.0098 0.022
ey 0.009 0.02410
. 0.0399 0.1212
e 1.1494 4.6378
ey 0.9862 3.5211

€y 0.0518 0.3628
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Figure 7.65: PWM Signals for AbDOB on LQG Controller with Actuator LOE and TSKF Feedback

One very important fact to note here is; normally LQG controller shows better performance with every
simulation scenario we have tested so far. However, the only exception is with this configuration where
PD performance out performs LQG performance if feedback signal has higher uncertainty. Therefore, it is
possible to say that an LQG controller architecture is much beneficial under FTC scheme as long as we

design an accurate state feedback for it. Mean control effort is 0.08657 for this configuration.
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7.5 Fault Types

Last part is focused on reaction to different fault types. Only EKF is used to prevent any uncertainty related

to state estimation. Injected fault and failure types are as follows;

e Structural Failure: A battery pack weighing 300 grams breaks of from quadrotor. It is assumed
that the battery pack is lost right from c.g at ¢ = 22s which only causes sudden weight loss and does

not effect any inertia term.

e Sensor Bias: It is assumed that the barometer that is responsible for measuring altitude has a constant
bias of 1073 right from beginning to end of the simulation cycle. Therefore, only fault reflection will

be expected to be observed on altitude.

e Sensor Drift: Additive to bias case, in this scenario initial bias of 1072 is increased linearly and

proportionally to simulation time.

Following cases are experimented as in Table 7.11 to also see reactions of controllers. All of the defined
scenarios are ran with disturbance observers to capture the best performance as possible. This section
alms to give reader an intuitive view about possible fault scenarios and their respective dynamic response.
Therefore, rather than providing detailed analysis of error dynamics on each state; figures that present

general system response are provided in order not to go out of scope.

Table 7.11: Fault Injection and Structural Failure Simulation Scenarios

Case Number Controller Fault Type
Case # 1 LQG Structural Failure
Case # 2 PD Structural Failure
Case # 3 LQG Sensor Bias
Case # 4 PD Sensor Bias
Case # 5 LQG Sensor Drift
Case # 6 PD Sensor Drift
Case # 7 LQG Sensor Bias + Structural Failure
Case # 8 LQG Sensor Drift + Structural Failure+ Actuator LOE
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Figure 7.66: System Response to Case # 1

PD controller induces a chattering behaviour particularly on X and roll.
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Figure 7.67: System Response to Case # 2
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Figure 7.68: System Response to Case # 3

Sensor bias on barometer does not affect controller performance. Both systems are able to compensate for

a fixed bias.
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Figure 7.69: System Response to Case # 4
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Figure 7.70: System Response to Case # 5

Both controllers are effected with barometer sensor drift. This is because drift is additively summed through-

out simulation time which is why error on Z becomes harder to compensate as time is passed.
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Figure 7.71: System Response to Case # 6
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Figure 7.72: System Response to Case # 7

With scenario #7 bias on barometer is increased to 10~! to visualize any changes. In before cases this bias

could be compensated but with this scenario, effects of sensor bias and structural failure are highly visible.

With increased bias, quadrotor constantly thinks its on the right altitude even though its not.
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Figure 7.73: System Response to Case # 8
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Case #38 is designed to be the most challenging scenerio which includes every type of fault and failure on top
of the system. Our designed LQG controller gives exceptional results that can even recover extreme cases
as such. To make a general commentary about this section, controller efforts for all the cases in Table 7.11

are given in Table 7.12.

Table 7.12: Fault Injection and Structural Failure Controller Efforts

Case Number Mean Control Effort
Case # 1 (LQG and Structural Failure) 0.06911
Case # 2 (PD and Structural Failure) 0.06954
Case # 3 (LQG and Sensor Bias) 0.07947
Case # 4 (PD and Sensor Bias) 0.07955
Case # 5 (LQG and Sensor Drift) 0.07947
Case # 6 (PD and Sensor Drift) 0.07955
Case # 7 (LQG and Sensor Bias + Structural Failure) 0.06922
Case # 8 (LQG and Sensor Drift 4+ Structural Failure+ Actuator LOE) 0.07485

One can immediately see by looking at Table 7.12 that sensor fault scenarios use the highest control effort.
Also at first sight, decrease in control effort under structural failure would seem nonsensical because how can
controller effort is reduced while requiring more of the controller under FTC scheme. This is due to reduced
weight after a structural failure where motor voltages are decreased with less weight to carry. Also, LQG

effort is always less than PD effort due to optimal control background.




Chapter 8

Conclusions and Future Work

In this thesis, we have presented a fault tolerant controller architecture via employing and comparing types
of Kalman filters for state estimation and disturbance observers for disturbance estimation. Overall, a com-
prehensive result set is produced by interchanging between 2 controllers, 2 state estimators and 2 disturbance

observers.

Our fault tolerant controller configuration which consists of both PID and LQG options have performed
satisfactorily at a wide robustness envelope. It should be noted that LQG controller performed much more
efficiently when compared to PD control in terms of both minimal control effort and maximum tracking
error. However, PD feedback’s ease of configurability has pushed itself forward from time to time, especially

under finding instant solutions to problems.

Due to having very high gains for attitude response in order to stabilize the quadrotor under actuator fault,
even small increments in fault would have resulted as a failure of control at first. By adding feed-forward terms
of double-derivative trajectory references, we were able to reduce controller gains which directly increased
robustness for more eager fault injection methods. Also, adding disturbance observer on PD control output
was highly beneficial for enabling much better tracking error and better trajectory following. On the other
hand, LQG is highly optimal as itself; does not need too much intervention. Because LQG structure is simply
based on optimizing @@ and R matrices where loop shaping is done by the controller itself to ensure stability
which is why LQG does not need too much intervention unlike PID. Even disturbance observer did not make
a lot of difference due to this self-maintained optimality for LQG. One fact that required intervention was
due to inherent steady-state error problem of LQG which was solved via adding integral action. Therefore,
it would be possible to say that even though LQG shows more promising performance at first, it does not
mean PID can’t. PID controller’s enthusiasm on accepting new implementations and ease of applicability

due to its relatively simpler architecture makes it still a very useful and reliable tool.
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In this work, we have also benefited from diving deep into Kalman filters in order to have good state
estimations which was also an advantage for observing effects of uncertainty over FTC. Knowing what the
system is precisely doing is one of the most important aspects of designing a system especially when this
system is subjected to high non-linearity. At first, a linear Two-Stage Kalman Filter is implemented which
is a generally proposed filter for additive bias estimation from a residual output. This nested structure
of TSKF comes very handy for preventing disadvantages of a linear filter because effects of fault can be

embedded to state estimations anyway.

Every simulation scenario was able to operate with TSKF state feedback but we wanted to see possible
effects that may come from uncertainty due to state estimations, which is why we have implemented an
Extended Kalman Filter as well. Running two filters side-by-side showed that uncertainty can be a major
problem even if we are using LQG controller such as in the case of Figure 7.65 where higher uncertainty due
to TSKF might put extra burden on the controller in order to tolerate. Therefore, importance of accuracy

of a state estimation has really justified itself via this comparison.

Furthermore, robustness of our controllers let us to experiment on various new implementations like intro-
ducing a disturbance observer to fault tolerant control scheme. This study has turned out to be very effective
especially for PD control on attitude dynamics as discussed above. Disturbance observer is very handy for
improving trajectory tracking as well. One other huge benefit of DOB is its feasibility for compensating a
disturbance with an estimated anti-disturbance. This is why its applicability is not only restricted to distur-
bance estimation with fault only but to generate a lumped disturbance to counter-act on the control input
generally. So, rather than compensating solely disturbance due to fault; we could cover an entire envelope

of disturbances including wind, noise and any other possible unmodelled dynamics.

Overall, proposed methods showed successful results on their own way where fault and failure recovery was
achieved for all the presented cases in this work. For future work, active fault tolerant control strategies can
be developed either by adaptive controllers or adaptive fault detection observers. Or combinations of these
methods can be studied; such as estimating faults online while using these faults to actively change control
laws etc. Running all the scenarios and their corresponding solutions on a real test-bed would be a good

opportunity as a future work as well.
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