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Abstract

This thesis presents the development of a medium-scale, single-rotor rotorcraft unmanned

aerial vehicles (RUAVs) nonlinear dynamic model to be used for model-based design of

fault-tolerant control. This model includes the swashplate actuator dynamics and the

engine propulsion model. Most rotorcraft controller design treat these two system com-

ponents as linear first-order systems. The inclusion of actuator dynamics allows us to

simulate the actuator faults with increased fidelity, which enables the development of ro-

bust integrated flight-propulsion controllers (IFPCs) that are seamlessly transferable to

the true platform. IFPC is proposed for the RUAV in order to handle the deliberate varia-

tions in rotor speed and for its exploitation as a redundant thrust control input in the case

of a single swashplate actuator fault. The presented RUAV model is first controlled by

using proportional-integral-derivative (PID) controllers in six degrees-of-freedom (DOF).

To obtain the best controller gains, computational intelligent optimisation techniques

are used, these are: (i) ant-based: ant colony and antlion optimisation algorithms; (ii)

flight-based: cuckoo search and firefly optimisation algorithms; and these are compared

to (iii) particle swarm optimisation and genetic algorithm. The performance of the PID

controllers are used for benchmarking the rest of the control strategies investigated. For

fault tolerance, we present the passive fault-tolerant control (PFTC) based on sliding

mode controller (SMC). Conventional SMC and super-twisting SMC are compared in

terms of robustness to handle loss-of-effectiveness (LOE) faults in one of the three swash-

plate actuators and the deviation of the rotor speed from nominal. These controllers are

also optimised using the same computational intelligent algorithms as in the PID case.

The SMC-based controllers proved robust to actuator LOE faults. However, they fail

to recover the rotorcraft from total actuator failure. For this problem, an active fault-

tolerant control (AFTC) scheme based on dynamic neural networks (DNN) is employed.

RUAV system identification using DNN is combined with feedback linearisation (FBL).

Multi-objective optimisation algorithms are used to find the controller and FBL gains.

DNN is also used for fault detection and diagnosis (FDD) for the AFTC. This applied

indirect DNNFBL control strategy proved to be more suitable for IFPC and was able

to recover from severe actuator faults and rejected rotor speed variations. The effective-

ness of the proposed control strategies is evaluated in hardware-in-the-loop simulations

(HILS) using an experimental swashplate rig of three electromechanical actuators. The

experimental results validated the developed and simulated control strategies.



Scope and Contribution

The contributions resulting from this research are as follows:

1. The design of a medium-scale RUAV model simulation that enables the demonstra-

tion of the application of variable rotor speed;

2. The results of the study of integrating engine control into the flight control for

variable rotor speed as compared to a distributed control strategy;

3. A comprehensive study and the development of computational intelligence inte-

grated flight-propulsion control. These are compared to traditional classical control

methods. In addition, the investigation and comparison of evolutionary algorithms

such as Genetic Algorithm, Particle Swarm Optimisation, Ant Colony Optimisation,

AntLion Optimisation, Cuckoo Search and Firefly Algorithm for optimal tuning of

control parameters are presented;

4. A study of robust PFTC based on SMC and AFTC based on DNN to recover from

actuator faults and complete failure using control allocation of redundant degree of

freedom offered by variable rotor speed. New knowledge contribution is in the RUAV

system evaluated for its resilience to system parameter changes due to variable rotor

speed and actuator LOE faults; and

5. The development of an HILS experimental rig for validation and rapid prototyping

of the control strategies algorithms developed.
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Chapter 1

Introduction

This chapter presents the background and motivation for the research under-

taken. A brief literature review is given to identify the knowledge gaps. The

methodology followed for conducting the research is given and research contri-

butions to the knowledge are enumerated. The chapter concludes by describing

a roadmap for the remainder of the thesis.

1.1 Research Background

The past two decades have seen an unprecedented increase in application of aerial robots.

This is largely due to advancements in technology such as: high processing speeds, elec-

tronic miniaturisation and lighter materials, that have led to affordable, simpler, smaller

and more effective unmanned aerial vehicles (UAVs) (Green and Gómez, 2020). Conse-

quently, due to their small size and the relatively low cost of development and operation,

UAVs are increasingly becoming attractive for civilian applications, such as national parks

surveillance, crime fighting, disaster observation, farming, parcel delivery, and filming.

A UAV is defined as a powered aircraft that is flown without an on-board pilot (Valavanis

and Vachtsevanos, 2015). In essence, it is considered a flying robot. This robot can

either operate autonomously or be a remotely piloted component of a larger integrated

unmanned aerial system (UAS). The most popular UAVs in deployment are fixed-wing

type aircraft (as shown in Figure 1.1 (a)). While fixed-wing aircraft are ideal for long

range flights and large payloads; their disadvantage is that they require a runway or

special launch and recovery equipments for take-off and landing. They also need to
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1.1. RESEARCH BACKGROUND

Figure 1.1: Comparing a fixed-wing (a)(Denel-Dynamics, 2018) to a single rotor rotary-

wing (b)(MilitaryFactory, 2008) UAVs.

maintain high velocity to produce lift. This limits fixed-wing UAVs to payload drop-

off and fly-over missions. There has been a disproportionately larger growth in interest

towards rotorcraft unmanned aerial vehicles (RUAVs) in recent years than in fixed-wings.

Unlike fixed-wing aircraft, RUAVs rely on the rotor speed and collective blade pitch to

generate both lift and thrust. This means that rotorcraft have the capability of versatile

flight profiles such as: vertical take-off and landing (VTOL) and the ability to hover

over a target position. This is a unique advantage for rotorcraft as it eliminates the

need for long runways and maintaining high airspeeds. Hence they can be put to service

in diverse situations and also be able to manoeuvre complex environments. Making

it a good candidate for intelligence, surveillance and reconnaissance (ISR) mission and

parcel delivery. Despite this, fixed-wing aircraft are still more prevalent in operation than

RUAVs. This is because of their simple structure, their ability to achieve higher cruise

airspeeds, and have better endurance and long range. Regardless of these limitations,

RUAVs have been proven successful in military and government applications, and are

steadily gaining popularity in civilian applications. This was effectively demonstrated by

NASA’s Jet Propulsion Laboratory when they successfully flew and landed a RUAV on

planet Mars (Saez et al., 2021).

Controlling rotorcraft is dynamically more complex than fixed-wing aircraft. As the RU-

AVs become more accessible, the need for developing new flight control strategies to pro-

mote high-performance, reliable and cost-effective systems for use in academic research,

military and civilian applications increases. Since RUAVs are safety-critical systems that

lack human judgement on-board, autonomous operation require that they must have

enough situational intelligence to be able to interact with uncontrolled dynamic environ-
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ments and have the self awareness necessary to be able to diagnose and recover from

possible system faults (Böhm et al., 2021).

1.2 Research Motivation

Rotorcraft UAVs are inherently unstable and require continuous feedback control to keep

them stable (Kim and Tilbury, 2004; He and Han, 2010). They are also nonlinear and

dynamically-coupled with regard to aerodynamic forces and moments (Raptis and Vala-

vanis, 2010). In addition, they are underactuated, that is, the number of control inputs

is less than the number of degrees-of-freedom (DOFs). Also, the parameters of the ro-

torcraft cannot be exactly known to be captured in the design model (Raol et al., 2017).

This leads to modelling uncertainties. As a result, the design and development of RUAV

autonomous flight control system (AFCS) is quite challenging.

Secondly, the total loss of the aircraft system is undesirable due to the high cost of

the equipment and the payload being transported. Conversely, the major motivation

for using UAVs is for dull, dangerous and harsh environments and this puts UAVs in

situations subject to high risk of faults, failures, and eventual damage and total loss of

the system. This means that, to achieve a comparable control and stability levels as

manually-piloted aircraft, extra effort is required to monitor the condition of the RUAV

and take appropriate action when required to recover from adverse conditions (Böhm

et al., 2021).

Additionally, the increased interest in the application of UAVs for civilian purposes means

that they have to use the public airspace. This means that system failures are more likely

to occur in areas where injury and death of civilians is possible (Austin, 2011). Previously,

UAVs were only operated in controlled military environment with large margins of error,

away from civilian, obstacles and other civilian aircraft (Drozeski et al., 2005). In civil

airspace there is a high probability of endangering lives and infrastructure on the ground

or mid-air collisions should there be a system failure. The concern is for human safety,

airworthiness and operational control regulations (Eyerman, 2013). There is also more

trust for piloted aircraft than autonomous ones even though pilot error has contributed

substantially to aircraft crashes in recent years. Hence, there is need for robust, fault-

tolerant control systems (FTCS) for UAVs in order to achieve the imposed airworthiness

and reliability targets and earn the public trust.

3
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The key motivation is to ensure the survivability and reliability of the system under

unanticipated faults and failures. Emphasis in this research is directed to the development

of control strategies that will maintain overall RUAV performance while being tolerant

to faults: system damage and external environmental uncertainties (Ren et al., 2012).

The increase in the complexity of RUAV systems leads to an increased probability of

error development and propagation of this error to other parts of the system. Also,

the uncertainties in the operating environment, and the wear-and-tear degradation of the

aircraft system can cause adverse faults that can be hard to isolate and recover in a highly-

coupled system. These objectives can be achieved by novel aircraft design and intelligent

fault-tolerant control (IFTC) strategies, as proposed herein. A number of research efforts

has been proposed to try and optimise the control performance of rotorcraft and improve

their survivability (Hall, 2009; Guo, 2009; Ma et al., 2020; Yuke et al., 2022).

Full-scale rotorcraft have the benefit of a human pilot with natural situational awareness

to avoid danger and account for certain faults and failures that could result in the loss-of-

control (LOC) of the rotorcraft. Experienced pilots find it difficult to operate in adverse

environmental conditions such as fog and brownouts. A brownout is a condition created

when a rotorcraft is flying close to the ground resulting in the dust being blown around

making it difficult to observe the surrounding area (Solem, 2011): which means, even with

intelligent pilots onboard, full-scale rotorcraft still fail and survivability is not guaranteed,

when inadequate information is available for decision making (Caldwell and Splitt, 2021).

In unmanned aircraft, the guidance, navigation and control (GNC) systems must ensure

the stability, manoeuvrability, correct mission execution, and safe completion of tasks

without a pilot (Ducard, 2009). However, this cannot be accomplished during an identified

actuator failure. The accepted contingency in aviation, as in many safety-critical systems,

is to implement hardware redundancy (Goupil and Marcos, 2011) i.e., use two or more

actuators such that when one fails another one is available to take its place. Larger

aircraft implement physical redundancy with large weight penalties.

Medium-scale rotorcraft are classed as tactical UAVs (Fahlstrom and Gleason, 2012). The

motivation for using medium-scale instead of small/miniature-scale UAV as the literature

trends suppose we should be targeting, is for long endurance, long distance and the ability

to carry larger loads (Barnhart et al., 2021). For this research targeted platform, hardware

redundancy is not an option and this generally applies most to medium-scale aircraft in
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this category where the mass budget is very stringent. There are two issues that make

medium-scale rotorcraft of particular interest when compared to full-scale or miniature

aircraft:

1. they are not large enough for additional hardware actuator redundancy to be neg-

ligible; and

2. they are big enough to cause serious damage to people and property if not able to

recover from actuator faults.

Therefore, it is the objective of this research to come up with an alternative fault tolerance

methodology to maintain the same (or better) level of reliability and survivability of a

medium-scale rotorcraft UAV as in the case of manned one. That is, in case of a fault or

a failure, the system must be able to use some fault tolerance mechanism to either:

1. continue with the mission in a degraded mode;

2. abort the mission and safely return to base; or

3. land the aircraft as soon as possible.

A number of strategies based on classical linear control theories and nonlinear control

are presented in the literature. However, they have proven to be limited when it comes

to fault tolerance. The successful implementation of intelligent controllers in other fields

(Pedro and Dahunsi, 2011; John and Pedro, 2013) shows promise in solving the complexity

of the problem under discussion.

The advent of fly-by-wire and the application of software-only flight control means ana-

lytical redundancy is possible and can offer better response to failures. It is the aim of

this research to demonstrate this assertion on a medium-scale rotorcraft design.

1.3 Literature Review

This section presents a review of the material that is deemed as foundational to the

research presented in this thesis. Since the central point of this research is flight control

system (FCS), we first review the work that has been done in terms of integrated flight

propulsion control. The second part presents the most recent developments in linear and
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nonlinear flight control methods that are found in literature. This section also delves

into the application of FTC and concludes with a review of computational intelligence

techniques that are applicable to control strategies.

1.3.1 Integrated Flight-Propulsion Control

Majority of rotorcraft are designed with a regulated or governed rotor speed, i.e., to oper-

ate at a constant setting where the rotation speed does not change much with respect to

the reference (Ren et al., 2012; Iwata, 1996). By so doing, the flight controller and engine

propulsion controller are decoupled and are often designed separately with a small degree

of interaction. However, taking into account the highly nonlinear, coupled dynamics and

time varying nature of rotorcraft systems with the drivetrain and engine system, the dy-

namic interaction of these subsystems cannot be ignored. Thus, in order to optimise the

overall rotorcraft performance, the engine controller has to be integrated with the FCS.

In the past two decades, there has been a revived interest into designing rotorcraft with

rotor speeds that are variable (Guo, 2009; Amri et al., 2016).

Integrated flight-propulsion control (IFPC) is introduced to account for the dynamic cou-

pling of the rotorcraft dynamics and engine systems. Iwata (1996) conducted an extensive

study on integrated flight-propulsion control for variable rotor speed (VRS) application

on a UH-60A Black Hawk. A feedback regulator for small motion disturbance rejection

and a feed-forward trajectory generator for large aggressive manoeuvres were developed

and tested in the wind tunnel. He concluded that control integration performed better

than distributed controllers especially for large automated manoeuvres. The shortcoming

of the method, as he concluded, was that the study was based on linear models and did

not cover a wide flight envelope.

Drozeski (2005) first proposed the utilisation of variable rotor speed as a redundant control

input for a rotorcraft. This work was conducted on the famous GTMax of Georgia Tech.

Although the results were promising, most of the developments were based on linearised

models. Guo (2009) conducted a thorough work investigating the optimal rotor speed

and used the results with model-following and model-inversion integrated control with

state-feedback. The attempt at continuous speed scheduling resulted in running too close

to torque and control margins. In conclusion, a finite and discrete rotor speed scheduler

was recommended.
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Bowen-Davies and Yeo (2017) conducted a comprehensive analysis on the performance

and loads of the UH-60A to determine the limits of the aircraft at high advance ratios.

In this study, the aim was to avoid compressibility effects at high rotor tip speeds by

either varying the rotor blade radius or by varying the rotor speed. The study showed

that the range and airspeed of a rotorcraft can be increased by applying variable rotor

speeds. However, the study did not show how the variation is achieved and the impact

on the control and stability of the aircraft were not considered.

Chi et al. (2019) showed that during one engine inoperative flight condition, the reduction

of engine speed reduces the power requirement during steady flight. Using a model based

on the UH-60A, it was shown that the rotor speed can be reduced by as much as 25%

without an adverse effect on aircraft stability, while the upper limit was set at +7%.

Their results also show that reduced speed makes for better landing performance when

compared to a fixed rotor-speed helicopter.

Figures 1.2 and 1.3 show the result of an experiment conducted to determine the effect

of variable rotor speed for different performance indices in a rotorcraft and the power

requirements. As depicted, the rotor speed can be changed to optimise the rotorcraft

performance for a specific flight regime. For example: maximum endurance at lower

loiter airspeeds will demand a lower rotor speed Ω1, while maximum airspeed will be

achieved at higher rotor speed Ω3.

Figure 1.2: Flight profile of a rotorcraft with a fixed rotor speed.

It has been shown also that rotor speed can be used as a redundant flight control option.
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Figure 1.3: Flight profile of a rotorcraft at three different rotor speeds.

The unfortunate drawback of variable speed rotor is the introduction of unfavourable

effects such as, rotor loads, vibration, and stability, and the limitations on the transmission

system. However, given the advantages of using rotor speed variation, there is a need for

application of control strategies that makes this possible.

1.3.2 Fault-Tolerant Control Strategies

Several control strategies have been proposed for rotorcraft FCS, these are: linear control

such as PID control (Budiyono et al., 2009; Alvarenga et al., 2014), optimal control (Ab-

dulhamitbilal and Jafarov, 2011; Yu, 2005), model predictive control (Kim et al., 2002),

and nonlinear control such as: feedback linearisation also known as nonlinear dynamic

inversion (Chen and Huang, 2015; Nemati et al., 2007), and backstepping (Zhou and Wen,

2008; Ahmed and Pota, 2009). These strategies are concerned with the development of

closed-loop systems that perform according to design specifications. However, the as-

sumption of these strategies is that everything will continue to function as designed and

no faults occur, which is far from reality (Noura et al., 2009). No equipment is as good

as it was when it was installed and given enough time, all equipments will fail (Williams

et al., 1994). There is a high safety requirement that must be met by the rotorcraft

control systems. These systems must demonstrate high integrity and reliability even in
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the presence of faults.

The principle of redundancy is popular in aerospace engineering in dealing with faults.

Physical redundancy is the duplication of sensors, actuators and control system logic that

are used in critical systems (Enns and Si, 2003). This is done so that when a physical

component fails, there is a duplicate item to take over its function. Physical redundancy

is common practice in aircraft development and considerable success has been achieved.

The problem with redundancy is the reduction in efficiency of the system by installing

two or more components to achieve the same objective. As a result, the complexity of the

system is increased, making it more susceptible to faults (Valavanis and Vachtsevanos,

2015). Moreover, the weight, size and power consumption, as well as the time for design,

verification, and testing are increased and ultimately the cost of the aircraft is also in-

creased (Venkataraman et al., 2019). When designing a hardware redundancy, there must

be a trade-off between safety and efficiency. Analytical redundancy is an approach that

uses multiple techniques on the system of interest to obtain its state information or to

actuate it to a desired output after a loss of primary function. In this configuration there

is no duplication but by using different combinations of sensors and actuators, a desired,

albeit decreased, level of performance can be achieved even when one or more sensor or

actuator pairs are malfunctioning.

The introduction of FTC enables the system of interest to have built-in tolerance to faults

which allows the system continue to operate while avoiding complete system failure. In

this case, a fault is defined as an unacceptable state deviation from normal behaviour that

can lead to a failure. A failure, on the other hand, is the condition that disables a certain

function of the system leading to the system being unusable. Faults can occur at the

actuators, sensors or system components (Ducard, 2007, 2009). Regardless of the cause

of the faults, their consequences can be catastrophic and require sophisticated control

system designs to avoid, isolate and recover from them with limited human intervention

(Zhang and Chamseddine, 2012). As shown in Figure 1.4, FTC systems are classified as

passive and active.

A larger amount of FTC work has been dedicated to fixed-wing aircraft (Rudin et al., 2020;

Zogopoulos-Papaliakos et al., 2021). It is only recently that the application to RUAVs

has gained attention. This sudden interest is due to the fact that RUAVs are increasingly

being introduced to operate in difficult and unpredictable environments where reliability
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and safety are critical (Sridhar et al., 2022).

Figure 1.4: Classification of FTC strategies (Edwards et al., 2010).

1.3.2.1 Passive fault-tolerant control

With passive fault-tolerant control (PFTC), a single fixed-structure and fixed-parameters

robust controller is developed to accommodate a wide range of specific faults (Zolghadri

et al., 2014). Applying a single controller has the advantage of reduced complexity, pre-

dictability and ease of implementation since there is no online detection of faults resulting

in a computational effective controller. However, this configuration cannot account for all

fault modes. As a result, a total loss of the aircraft is possible should these unaccounted

for fault modes occur. Also the increased robustness is often at the expense of decreased

nominal performance (Edwards et al., 2010)

Xu (2011) demonstrated a nonlinear state-dependent Riccati equation (SDRE) which

proved to stabilise a damaged Boeing 747. Shi et al. (2014) showed the application of H∞

for PFTC on a windmill with pitch actuator gain and generator gain faults.

A Lyapunov-based strategy which provides robust, rigorous stability proof is the sliding

mode control (SMC) approach (Edwards and Spurgeon, 1998). The theory of SMC in-

volves driving the system towards a designed sliding manifold and then keeping it on this
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manifold (Mpanza and Pedro, 2015). It is able to transform higher-order system models

into first-order equivalents (Slotine and Li, 1991). This provides a method for dealing with

unknown nonlinear dynamics. SMC demonstrates robustness to uncertainties, parame-

ter variations and disturbances. Zhang and Chamseddine (2012) implemented a passive

technique using SMC on a Qball-X4 quadrotor testbed. The results showed that SMC is

robust to a partial damage to one of the propellers. The drawback of SMC is the chatter-

ing that arises in the on-off switching method that is used. Sridhar et al. (2022) presented

the theoretical and experimental implementation of SMC on a tilt-rotor quadcopter. The

study investigated the robustness of the controller in the presence of wind disturbances

and one rotor actuator LOE fault. The authors further discussed the issues related to

transitioning from simulation environment to experimental tests.

Halbe and Hajek (2020) proposed a SMC-based trajectory tracking controller which is

robust to internal and external uncertainties. The controller was separated into an inner

loop for stabilising attitude dynamics and outer loop for trajectory tracking. Using sim-

ulations, the SMC was shown to be accurate in tracking and insensitive to disturbances.

Wang and Zhang (2018) proposed an adaptive SMC with control allocation to adjust

the controller gains for a multirotor helicopter in an effort to eliminate tracking errors

and to maintain closed-loop stability when subjected to actuator faults. It was shown,

theoretically, that system stability is guaranteed. This controller was compared to the

conventional SMC and linear quadratic regulator (LQR) and proved to be superior to

both. Amini and Akbari (2017) employed an inner-loop SMC supported by a PID con-

troller for the navigation outer-loop. This combination was shown to be robust to gust

disturbances. Jiang et al. (2019) developed an integral SMC for trajectory tracking and

disturbance reduction on a small-scale helicopter. Simulation results demonstrated the

usefulness and robustness of the developed method. However, the developed controller

was based on a linearised helicopter model.

Sira-Ramirez et al. (1994) first proposed a chatter-free application in miniature rotorcraft

systems. By investigating the vertical lift of the rotorcraft, the authors were able to

achieve lift to a reference point smoothly without chattering. Shakev and Topalov (2015)

demonstrated the application of continuous SMC on a quadrotor. The application proved

the suitability of this method in stabilising under-actuated systems. Simulation results

showed that the proposed SMC achieved asymptotic stability. Integral SMC was used

successfully in (Hamayun et al., 2013, 2016). Utkin et al. (2020) showed that high-order
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sliding mode control (HOSMC) has better chattering suppression and as a result has

better disturbance rejection when compared to conventional SMC.

1.3.2.2 Active fault-tolerant control

In active fault-tolerant control (AFTC), faults are detected, isolated and then the infor-

mation about the fault is used to reconfigure the controller accordingly in order to make

up for the system’s defect in terms of magnitude and number of faults (Noura et al., 2009).

Control reconfiguration can be achieved by selecting from pre-allocated controllers or by

online redesigning the control law. Figure 1.5 shows the philosophy of AFTC. There are

two parts of interest in AFTC, namely: fault diagnosis and isolation (FDI); and controller

reconfiguration.

Fault Detection and Isolation (FDI): The early detection of a fault, isolating its

location and classifying its nature successfully are first and most important step in AFTC

design (Zolghadri et al., 2014). The major problem with FDI is that false positives

(normal conditions detected as faulty) can result in degradation of aircraft FCS, even

worse so, false negatives (faulty conditions detected as normal) can result in undetected

faults which could lead to eventually the complete loss of the aircraft (Drozeski et al.,

2005). Therefore, the FDI must be robust to parameter changes, noise and environmental

disturbances. Hitherto, the failure of FTC design has been the assumption that the FDI

is a perfect black-box system. One of the best methods for FDI is to use an observer

(Nejati and Faraji, 2021).

Figure 1.5: Active fault-tolerant control philosophy. Adapted from (Edwards et al., 2010).

Reconfigurable Control: After a fault has been successfully detected and isolated, a

mechanism is required in order to achieve fault tolerance (Noura et al., 2009; Zolghadri
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et al., 2014). Reconfigurable control is about using the FDI information to find a new

controller in order to maintain control of the system. The system is reconfigured to re-

duce the deterioration and enables it to safely complete the task. This is achieved by

applying system redundancy, either physical or analytical. The primary goal of reconfig-

urable control is to maintain system stability during an occurrence of a fault. Regaining

rudimentary control of the rotorcraft is secondary and depending on the safety-criticality

of the rotorcraft design, this is included in the cost of control system complexity (Richter,

2011). AFTC reconfiguration methods in Figure 1.4 are detailed in the next sub-sections.

Adaptive control methods have the ability to adapt the control law to uncertain conditions

such as when there are changes in the plant, the external environment or a fault occurs

(Åström and Wittenmark, 1989; Fabri and Kadirkamanathan, 2001; Kim et al., 2003).

Model reference adaptive control consists of an adjustable controller and the mechanism

to adjust this controller. Indirect adaptation uses system identification to estimate the

model parameters of the plant and from this model, the controller is adjusted. In direct

adaptation the attempt is to adapt the control parameters in such a way that the plant

will track the reference model (Edwards et al., 2010).

Bechlioulis and Rovithakis (2010) presented a prescribed performance adaptive control

methodology for application to multi-input multi-output (MIMO) affine-in-control sys-

tems. With this method, the authors showed that by the selection of a proper robust

control Lyapunov function (RCLF), the tracking error can converge to an arbitrarily

small value and at a specified rate. Drozeski (2005) developed a multi-tiered control

architecture to allow RUAVs to complete their tasks despite system failures. This ar-

chitecture enables the inclusion of a priori information and adaptive control to recover

from faults and optimise performance. The added benefit of using FTC is that it also

recovers well from gust and wake turbulence which are treated as external faults. The

added advantage is that it also offers the trade-off between detailed model and control

complexity.

Adaptive control techniques are well documented in the literature, as summarised in

(Zhang and Jiang, 2008). They are mostly limited to single-input single-output (SISO)

linear systems (Zhou and Wen, 2008) and theoretical in nature. This is not suitable for

rotorcraft systems, because they are MIMO nonlinear and time-varying systems (Padfield,

2008). Dydek (2010) demonstrated, with simulation and flight-test, the adaptive control
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for flight and guidance control of aircraft with time-delayed dynamics. This proved to

attain the performance objective and stability.

Multiple model-based AFTC uses predetermined sets of models and pre-computed control

laws. Each law is selected based on the identified model of a known fault mode (Ducard,

2007). In this method, the error between the output and the reference model informs the

model selection in order to minimise the error cost function. This strategy is limited to

restricted number of operating points or faults that are assumed to be known a priori

(Murray-Smith and Johansen, 2020). Should the rotorcraft encounter an undetermined

fault, the control of the system is lost due to the lack of a preprogrammed response to

that fault.

Gain scheduling is used to select controller gain from a predetermined control gains based

on the current system dynamics as informed by the FDI (Sadeghzadeh, 2015). This

method is mostly used, not only for fault tolerance, but also for changes in operating

environment.

Control allocation or control synthesis is a popular reconfiguration control technique for

actuator faults. This method uses a combination of the remaining actuators to produce

the desired actuation after a loss of one or more control actuators. This method produces a

cycle-average of forces and moments by employing the remaining actuators (Valavanis and

Vachtsevanos, 2015). Figure 1.6 shows the controller reconfiguration by control allocation

FTC. In the figure, the control block can be either a linear controller i.e., PID or LQR

(Khan et al., 2013) or nonlinear controller that takes the input from the FDI (Edwards

et al., 2010). The following is a list of control allocation types used in literature.

Figure 1.6: Controller reconfiguration by control allocation.

1. Daisy Chaining: This is a special type of control allocation. The control effort
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is distributed to actuators by using priority analytical redundancy. The priority

ensures that the control effort is distributed to the primary actuators which have

the highest impact on the output first, then the effort is distributed to the secondary

actuators once the primary actuators have been saturated (Alwi et al., 2011). This

process is repeated until the desired control effort is achieved or all the actuators

have been saturated.

2. Pseudo Inverse: The matrix factorisation computational expense of daisy chaining

makes them less desirable in complex applications. Pseudo inverse uses a simple

solution to the system. The pseudo inverse uses linear control allocation by op-

timising the generalised inverse with the following equation: yd = Bu, therefore

u = B−1yd, where u is found by inverting the control effectiveness matrix (pro-

vided B is invertible). This approach is suitable for online reconfiguration (Ding,

2008).

3. Eigenstructure Assignment: This is a method of choosing the eigenvalues of the

closed-loop system. The reconfigurable control FDI uses linear fault models to

choose the possible faults and then send the input to a predefined eigenvalues (Ed-

wards et al., 2010). The gain K is chosen to stabilise the closed-loop systems.

4. Model Predictive Control (MPC): This is a method that employs an iterative algo-

rithm for fine-tuning control action. MPC has become popular due to its capability

to handle system constraints. Since faults normally send the system to its limits,

MPC is able to protect further deterioration of the system by changing/modifying

the constraints. The drawback of MPC is the computational burden when applied to

real-time control system and it is dependent on the availability of FDI information

in order to optimise the tuning of constraints (Edwards et al., 2010).

1.3.3 Computational intelligence techniques in fault-tolerant control

1.3.3.1 Artificial neural network (ANN)

The increase in the application of ANNs is attributed to their capability to model any

complex system’s input-output relationships. The development of ANN is inspired by

attempts to mimic the mechanism of a biological nervous systems (Lapedes and Farber,

1987; Hopfield, 1988; Kruse et al., 2013). They are universally distributed, adaptive and
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generally nonlinear approximators without the need for a priori information. They are

also capable of extracting useful system dynamics from the data.

The basic components of ANN are connected neurons that form an information processing

network. This interconnection of neurons gives the ANN the learning ability, generalisa-

tion and parallelism (Bishop, 2003). The performance of an ANN application depends

on the proper selection of the network architecture, i.e., the number of hidden nodes,

activation functions, learning algorithm and the learning rate, which are used to fine-tune

the ANN performance.

The two types of commonly used ANN are the multi-layer perceptron (MLP) and the

radial basis function (RBF). By incorporating feedback, an ANN results in a dynamic

space model. This is done by putting delayed input and output data at the input. This

delay is used to modify the internal parameters of the ANN so that it adapts to the

input-output relationships. Nonlinear AutoRegressive eXogenous (NARX) is a popular

dynamic neural network (DNN) that can approximate any nonlinear system. NARX

is adapted using a real-time recurrent learning algorithm. Plett (2003) used DNN for

adaptive inverse control on four simple nonlinear SISO systems. This strategy proved to

be effective against imposed disturbance.

ANN model identification is used a great deal in literature for the approximation of non-

linear plants. It does not require detailed knowledge of the plant only the input-output

relationship is necessary. In addition, it requires a large amount of training data. System

modelling using MLP has been applied in (Putro et al., 2009; Samal et al., 2008). Pedro

and Kantue (2011) applied an RBF for online parameter estimation. Both supervised

and unsupervised training have been reported (Fabri and Kadirkamanathan, 2001). Ti-

jani et al. (2014) used a NARX model for nonlinear identification of a small unmanned

helicopter. Since indirect adaptive control involves model adaptation using the difference

between the error and the reference model, ANN-based identification methods offer an

attractive prospect.

1.3.3.2 Fuzzy logic control

Fuzzy logic control (FLC) is arguably the most applied intelligent control scheme. First

conceived by Zadeh (1965), it derives its power from the ability to reason with vague and

imprecise knowledge. Instead of using crisp “on” or “off” logic, fuzzy logic uses vague
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approximation to determine the required control action. For example, instead of using

concrete boundaries between what is hot or cold, fuzzy logic employs a sliding degree of

belonging to either class. It relates input space called the antecedent to an output space

called the consequent using linguistic if-else rules and membership function for processing

information.

A number of successful FLC applications for flight control systems has been documented

in the literature. Khizer et al. (2014) developed an inner-loop and an outer-loop fuzzy

logic controllers in a flight control system for tracking attitude and height of a small

RUAV. Velagic and Osmic (2010) presented a detailed design and experimentation of a

FLC applied to a 2DOF helicopter. In this work, the robustness of the FLC was proven

and benchmarked against the PID. The application of adaptive FLC was also presented

in (Yu, 2005). This adaptive FLC proved to be superior to the classical PID which

requires re-tuning for different flight conditions. The challenge with FLC design is that

the definition of rules requires detailed a priori knowledge of the system by an expert.

However, when the expert information is available it can be readily incorporated into the

controller.

1.3.3.3 Hybrid intelligent control

What makes ANNs less acceptable for safety critical systems is that they are a “blackbox”.

The information is represented as numerical. On the other end, the shortcomings of FLC

are that it requires a priori information from the system’s experts. The combination

of neural networks with fuzzy logic affords an opportunity to explore the advantages of

both methods resulting in what is called Neuro-Fuzzy (NF) (Fabri and Kadirkamanathan,

2001).

Neuro-fuzzy refers to a hybridisation, which results from the synergistic combination of

the learning ability and parallel processing of the ANN and the knowledge representation

and human-like reasoning of the FLC. It is represented by the sum of weighted inputs with

a logistic activation function mimicking an if-else decision point. This way it presents

the transparency required in terms of membership-like logistic functions (Kolman and

Margaliot, 2009).

Kurnaz et al. (2010) presented an autonomous flight controller for the fixed-wing UAV.

The controller implemented an adaptive neuro-fuzzy inference system (ANFIS) to control
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the altitude, heading and airspeed. A simulation was conducted on an Aerosim blockset

and FlightGear and flight test was conducted on an Aerosonde UAV platform. This work

demonstrated that ANFIS is able to accomplish fast responses while maintaining stability.

In (Premkumar and Manijandan, 2014) an ANFIS was developed through simulations for

controlling a brushless motor at various load and speeds. The results were benchmarked

against the PI controller and fuzzy-tuned PID controller. The ANFIS outperformed

its counterparts in terms of rise time, overshoot, settling time and steady-state error.

It also demonstrated robustness to load variations. Shafiekhani et al. (2015) proposed

an adaptive critic-based NF system. In this work, the adaptive NF system used back-

propagation with dynamic programming for online learning to control the roll angle of

an unmanned bicycle. Through simulation and experimentation they demonstrated the

applicability of NF controller to an inherently unstable nonlinear system and got results

that are better than the FL controller.

Since SMC demonstrates robustness to uncertainties, parameter variations and distur-

bances, it is not surprising that it is extensively applied in PFTC. The major drawback of

SMC is that it suffers from chattering caused by the discontinuous control strategy used.

A hybrid of sliding mode with other control strategies has been proposed in literature.

Herein the focus is the SMC combination with NF to form a neuro-fuzzy-sliding mode

controller (NFSMC) which has been proven to reduce chattering. Boubakir et al. (2009)

applied the NFSMC to the coupled-tanks control problem. In this study, a standard

SMC was compared to the NFSMC from tracking water levels. The NFSMC showed

considerable improvement and reduced actuator action over the non-hybrid SMC. Javadi-

Maghaddam and Bagheri (2010) presented an adaptive neuro-fuzzy sliding mode control

(ANFS) against an adaptive neuro-fuzzy sliding mode control based on genetic algorithm

(ANFSGA). The authors used the SMC for guiding the ensemble into stability (sliding

surface) and used the ANFIS for generating the optimal control action. The genetic al-

gorithm was used to get the best control action by finding the solution candidate that is

closest to the sliding surface.

Backstepping has been applied successfully for nonlinear control and disturbance rejection.

However, it is sensitive to parameter variations. Mohd Basri et al. (2015), developed a

hybrid controller based on backstepping with an adaptive FL for regulation and trajectory

control of a quadrotor with varying dynamics. The backstepping is used as a primary

controller, while the adaptive fuzzy controller is used to compensate the system when
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it varies from nominal. The hybrid was proved to be stable via the Lyapunov stability

theorem. Similar control techniques have been reported in (Wang et al., 2017, 2015) with

only simulation results presented.

1.3.3.4 Summary of computational intelligence techniques

The ideas of computational intelligence are to implicitly develop adaptive control tech-

niques that are able to sustain stability and controllability under a variety of disturbances

and uncertainties. In a way, they are able to tolerate system faults better than the linear

and nonlinear controllers discussed earlier. There have been questions about the stability

of nonlinear adaptive controllers. How to prove that the adaptation of parameters leads

to convergence of parameters and that closed-loop stability is maintained is a topic of

interest among researchers (Zhou and Wen, 2008; Liu, 2017).

1.4 Identified Gaps in the Existing Literature

The literature presents an insight into the state of the art of the control strategies currently

employed on rotorcraft FTC. As such, the knowledge gaps identified in the literature are

as follows:

1. There is a need for rotorcraft UAVs that have high payload capability, range and

endurance, while operating at optimal power with less environmental impact. Vari-

able rotor speed has been proposed as one of the promising approaches. However,

there is no research focused on the control application for this strategy.

2. Rotorcraft are highly nonlinear, coupled systems and require nonlinear treatment

to deal with model uncertainties, time-varying parameters and dynamic coupling.

Application of variable rotor speed makes the dynamics even more complicated, as

it requires the inclusion of high fidelity engine and actuator models.

3. To avoid the loss of the RUAV system during an event of a flight control actuator

fault, FTC has been proposed with promising results. However, there is limited

results showing the application of rotor speed variation for actuator redundancy.

4. Computational intelligence has been applied in industry. However, it is still treated

with suspicion in the aviation industry where most applications are only for research
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and hobbies. Investigating the combination of FTC with computational intelligence

may prove worthwhile for the rotorcraft design. A comprehensive study to develop

computational intelligence control strategies is required.

5. Any proposed control strategy must be developed in a way that is practically ap-

plicable. The challenges of introducing advanced fault-tolerant strategies have been

the certification of the control systems in both the hardware and the software. To

the author’s knowledge, there is no research output on the topic of certification

implications of intelligent FTC strategies applied to rotorcraft.

1.5 Research Hypothesis/Research Question

In response to the literature reviewed so far and the gaps that are identified, the proposed

research aims to confirm the following hypothesis:

A rotorcraft UAV that employs a rotor speed variation technique can demonstrate flight

control actuator fault tolerance by the application of an integrated flight-propulsion

control using computational intelligence techniques.

1.6 Research Objectives

From the above motivation and the gaps identified, the objectives of this research project

are as follows:

1. To investigate the possibility of improving rotorcraft performance using variable ro-

tor speed and the control of the rotorcraft using integrated flight-propulsion strategy.

This has a potential of also improving the fault tolerance of the rotorcraft system

with an additional DOF in the swashplate that can be used as redundant control.

2. To develop a high-fidelity model for the medium-scale rotorcraft including engine

and actuator dynamics with the aim of evaluating the ability of the variable rotor

speed and integrated flight-propulsion combination in demonstrating resilience to

actuator faults.

3. To investigate the application of computational intelligence in integrated flight-

propulsion control. The aim is to quantify the performance improvements of com-
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putational intelligence strategies over the limitations of conventional linear control

strategies found in literature. The end goal being to propose the most suitable

control strategy for a variable rotor speed aircraft.

4. To develop an intelligent fault-tolerant integrated flight-propulsion control strategy.

In order to improve system reliability and avoid total loss, tolerance to main rotor

actuator faults are investigated with the goal of demonstrating acceptable level of

confidence for flights in civilian airspace.

5. The proposed flight control strategy must eventually fulfil its requirement by be-

ing implemented on a real system. Therefore, the last objective is to analyse the

practicality i.e., development and certifiability of the proposed control methodology.

To use hardware-in-the-loop simulation strategies interface with a real actuators to

uncover practical issues that would, otherwise, not be visible in a simulation.

1.7 Research Methodology

This research project focuses on developing a nonlinear model of the rotorcraft. Actuator

models are integrated for the simulation of the nonlinear dynamics. The resulting system

model is used to develop an intelligent fault-tolerant control strategy. The SMC, a PFTC

strategy, and DNN, an intelligent AFTC strategy are investigated. These methods are

benchmarked against the popular PID controller. For determining and optimisation of

control parameters, a number of optimisation techniques based on evolutionary algorithms

such as ant colony optimisation, firefly, cuckoo search, ant lion and genetic algorithm are

investigated.

The following listing summarises the approach that is taken in this research.

1. A nonlinear rotorcraft UAV model is developed. Emphasis is toward computational

intelligence tools;

2. Use the best model to design control strategies using the control tools investigated

in literature;

3. Investigate the application of computational intelligence and evolutionary optimi-

sation algorithms for controller parameters tuning;

4. Apply the model to develop linear PID controller with the optimisation techniques;
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5. Apply the model to develop passive fault-tolerant controller using sliding mode

control technique;

6. Apply the model to develop active fault-tolerant controllers using different compu-

tational intelligence tools;

7. Critically evaluate the developed FTC controllers by comparing controllers from

items (4), (5) and (6).

The proposed methods are developed and evaluated in numerical simulation environment.

The laboratory and field evaluation of the methods being investigated is proposed as

recommendation for future work.

1.8 Research Contributions

This research project presents the development of control strategies in order to tackle

the issues of increasing rotorcraft performance and, most importantly, improve safety and

reliability. This research project resulted in the following key contributions:

1. The design of a medium-scale RUAV model simulation that enables the demonstra-

tion of variable rotor speed;

2. The results of the study of integrating engine control into the flight control for

variable rotor speed as compared to a distributed control strategy;

3. A comprehensive study and the development of computational intelligence inte-

grated flight-propulsion control. These are compared to traditional classical control

methods. In addition, the investigation and comparison of evolutionary algorithms

such as particle swarm optimisation, genetic algorithm, continuous ant colony op-

timisation, antlion optimisation, cuckoo search and firefly algorithm for optimal

tuning of control parameters are presented;

4. A study of robust PFTC based on SMC and AFTC strategies to recover from

actuator faults and complete failure using control allocation of redundant degree of

freedom offered by variable rotor speed. New knowledge contribution is in the RUAV

system evaluated for its resilience to system parameter changes due to variable rotor

speed and actuator loss-of-effectiveness faults; and
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5. The development of an HILS experimental rig for validation and rapid prototyping

of the control strategies algorithms developed. Certification considerations present

a formal methodology for developing the evidence required for control software cer-

tification.

1.9 Thesis Outline

The purpose of this research project is to explore and evaluate the challenges in the RUAV

applications and their reliance on classical control strategies as shown in the literature.

This thesis presents the evidence to argue for the necessity of investigating the application

of intelligent FTC solutions to the problem of variable rotor speed control.

Chapter 1 forms the core of this thesis by discussing motivation, the gaps in literature

and setting objectives and defining the plan and the approach taken to fill the

knowledge gaps.

Chapter 2 presents the details of the experimental platform, modelling and analysis of

the nonlinear rotorcraft that is used to evaluate the control algorithms proposed in

the rest of the thesis. It contains the rotorcraft equations of motion including rotor

dynamics. The actuator dynamics are also presented in order to simulate faults and

failures in the rotorcraft model.

Chapter 3 presents the rotorcraft trim analysis and the design of PID stabilising con-

trollers for hover and forward flight. This is presented here as it is the benchmarking

controller in aviation and it is used to mark the starting point to which advanced

nonlinear controllers can be referred. The optimal PID controller parameters are

found using computational intelligence optimisation techniques.

Chapter 4 presents the design, the analysis using Lyapunov method and implementa-

tion of the sliding mode controller. The controller design also includes the use of

ant colony optimisation, particle swarm optimisation techniques for finding optimal

controller parameters.

Chapter 5 presents the design and implementation of the DNN with feedback lineari-

sation. The DNN is investigated for its applicability as an active fault-tolerant

controller. The DNN is also used for FDI to enable AFTC. This chapter also intro-

23



1.9. THESIS OUTLINE

duces the application of multi-objective optimisation to find the parameters of the

DNNFBL controller.

Chapter 6 presents hardware-in-the-loop simulation of the controllers developed in the

preceding chapters. In this chapter, the simulated actuators are replaced with ex-

perimental electromechanical actuators to validate the proposed control strategies

and the computational intelligence optimisation algorithms applied in a real-life

system.

Chapter 7 reflects on the research approach and the results presented in the thesis. In

this chapter, the conclusions are drawn in terms of the ability for the intelligent

control algorithms used for integrated-flight propulsion for fault tolerance and rec-

ommendations for future improvements of the proposed methods are enumerated.
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Figure 1.7: Structure of the thesis.
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Chapter 2

Mathematical Modelling of the

RUAV and Actuator Dynamics

This chapter describes the rotorcraft model used for the intelligent FTC inves-

tigation. It begins with the discussion of the coordinate reference frames used

for the derivation of the rotorcraft’s equations of motion. The rotorcraft dy-

namic model includes the main and tail rotor actuators and the engine dynam-

ics. This is necessary when investigating integrated-flight propulsion control.

The objective is to end up with an affine-in-control nonlinear model which is

suitable for the flight control algorithms developed in subsequent chapters.

2.1 Research Introduction

To be able to design a flight control system, a mathematical model that reflects the flight

dynamics of the rotorcraft of interest is required. The model of a helicopter is much more

complex compared to that of a fixed-wing aircraft. The most common configuration for

rotorcraft is a single main and tail rotors, which is the platform of choice of this research

investigation. Other configurations such as compound rotor, tandem rotor and quadrotor

are not discussed, even though they are becoming common and just as interesting (see

Johnson (2013) for more details). Researchers in the academia and industry have recently

shown interest in rotorcraft UAV research (Valavanis and Vachtsevanos, 2015).

Rotorcraft are inherently unstable nonlinear systems, with coupled and time-varying dy-

namics. They are a class of multi-input, multi-output (MIMO) systems that are under-

actuated, which means that they have more degrees of freedom than they have control
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inputs. This makes the development of flight control systems challenging even under

fault-free conditions. For such developments, the dynamics of the rotorcraft need to be

well understood. Therefore, a high-fidelity model is essential in making sure that the FTC

is designed to a model that is as close to the real rotorcraft representation as possible. At

the same time, model-based development avoids design and development using the real

rotorcraft system which may be prone to accidental damage to the aircraft.

A model of a system is an approximation of the true system and can never be perfect. The

model must have high enough fidelity to give confidence that the flight control algorithms

developed are representative of the control of the real system. The approach to model-

based control development relies on the system model that is used to synthesise the

control laws. Therefore, in this thesis we distinguish between the following modelling

methodologies.

1. White box: analytical model developed from first principle;

2. Black box: computational model using system identification based on large sets of

flight data;

3. Grey box: a combination of first principle and parameter identification from flight

test data.

The analytical treatment of a rotorcraft model can be derived from Momentum Theory

(MT) and Blade Element Theory (BET) (Prouty, 1984). The two seemingly different the-

ories offer the same explanation from different perspectives. Analytical models have been

covered extensively in literature over the past few decades (Johnson, 1980; Prouty, 1995;

Bramwell et al., 2001; Padfield, 2008) and a more recent coverage is found in (Venkate-

san, 2014; Johnson, 2015). Unfortunately, these models usually have high dimensions and

order, making them difficult to use for FTC development.

Simplified models have also been presented in literature (Mettler et al., 1999; Shim et al.,

2000; Gavrilets, 2003). These simplified models have received prominence during the

advent of UAVs at the turn of the century. The simplification involves neglecting most of

the transient behaviour of the rotor system, such as induced inflow and rotor aeroelastic

modes. While these methods offer a simple model for controller development, they are

only applicable in a smaller flight envelope where the selected assumptions hold. This

limits their application for nonlinear FCS development.
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Mettler et al. (2002) proposed a parametric helicopter model which combines analytical

modelling with system identification. The system identification is conducted in the fre-

quency domain. The parameters of the model are deduced from flight data, thus creating

a linear model around the collected flight data points. This helicopter modelling philoso-

phy continues to be popular among researchers to this day (Kim et al., 2002; Raptis and

Valavanis, 2010; Ren et al., 2012; Alvarenga et al., 2014). The reason for this popularity

is the availability of a large knowledge-base for linear control techniques, which makes the

FCS design manageable.

The problem with the preceding approach is that the accuracy of the model is reduced

due to the presence of the control feedback loop which is required for data collection

from an inherently unstable system such as the rotorcraft (Gavrilets, 2003; Isermann and

Münchhof, 2010). As a result, the rotorcraft model is limited to a small set of flight

manoeuvres usually around hover and slow forward flight. In order to create a model

that covers the whole (or larger) fight envelope, a full nonlinear model is required (Raptis

and Valavanis, 2010). This however, requires high computational resources to run in real-

time to facilitate FCS design (Pourrezaei Khaligh, 2014). However, with the development

in computer technology, the models that were previously deemed too computationally

expensive or intractable for FCS are now readily available and practical (Budiyono et al.,

2010).

A number of aircraft modelling tools and software systems have been developed in recent

years to assist with rapid prototyping, such as the commercial FlightLab (Zang et al.,

2017), CIFER (Tischler and Remple, 2012), NASA’s NDARC (Johnson, 2015) and Delft’s

SIMONA (Smaili et al., 2008; Pavel et al., 2016). These tools give the aerodynamicist an

opportunity to investigate rotorcraft performance, optimise flight parameter and simulate

different design scenario. The drawback of these tools is that they are proprietary and

the source code is not made available to the user, thus exhibiting a black-box nature.

This makes it difficult to understand what these tools are doing in the background. They

also do not easily incorporate FCS development. For this reason, models based on the

MATLAB®/ Simulink® environment are popular in practice (Budiyono et al., 2010;

Chachou et al., 2014; Munna et al., 2020).

The initial part of this thesis focuses attention at white-box modelling of the rotorcraft.

As such, the developed model is based on first principle theory and dimensions from
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the actual rotorcraft designs. Later the grey-box approach is used in applying advanced

computational intelligence algorithm. The information from the experimental platform is

incorporated into the analytical model as detailed later.

In the previous chapter we proposed the application of variable rotor speed for improving

the rotorcraft performance and also make available this extra DOF to successfully control

the aircraft in the event that one of the primary actuators experiences a fault. For

such a fault-tolerant system to be possible, the details of the actuator and their failure

mechanisms are required. Therefore, the model developed makes provision for inclusion

of the actuator dynamics. The medium-scale rotorcraft under investigation is intended

to be used with an electrical engine to provide power to the rotor system. To control the

rotor speed successfully, a model of an engine is also required. Which means that despite

the already complex rotorcraft dynamics, two more levels of complexities are added by

incorporating the actuator dynamics and the motor drive system.

2.2 Description of the Rotorcraft Platform

This section describes a model of an experimental RUAV currently under development

at Denel Aeronautics. The platform is designed to be 630 kg, with the ability to carry

80 kg payload. The power plant is based on a 90 kW electric motor with a 15 kWh

Lithium Polymer battery pack, with an option for a 90 kW petrol internal combustion

engine. It also includes a 5-blade fully-articulated rotor system. The main and the tail

rotors employ symmetrical airfoils based on the NACA0021. The rotorcraft system is

designed to be completely Fly-by-Wire (FBW) based on the success of UH-60M upgrade

(Solem, 2011). The avionics is designed to support line-of-sight (LOS) communication

with a ground station and equipped with a return to home base functionality should

communication with ground station fail. The flight control algorithm is executed on a

mission computer running a real-time operating system (RTOS). The FTC allows for

automatic take-off, route steering, airspeed hold, height (altitude) hold, automatic hover

and automatic landing.

The platform’s operating environment is a dusty and sandy area, and possibly marine

environment. Hence, this rotorcraft system must be tolerant to faults that these en-

vironments may pose. This research effort is directed at dealing with actuator faults.

The detailed experimental setup to investigate FTC on the physical rotor flight control
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actuators is presented in Chapter 6.

2.3 Modelling Assumptions

Since a model is an imperfect representation of a real existing agent, there is a need to

draw some simplifying assumptions. This ensures that the model is simple enough to

make the controller derivation process practical. At the same time, the model must not

be too simple that the generality and accuracy of the platform are lost and the validity

of conclusions drawn is affected. The derived model must still account for a broad flight

envelope. As such, the assumptions imposed on the target rotorcraft model are as follows:

Assumption 1. The rotorcraft is considered to be 6-DOF rigid, only the movement of

the blades is considered; (Raptis and Valavanis, 2010);

Assumption 2. The body axis has longitudinal symmetry about the centre of gravity;

Assumption 3. The fuselage’s centre of pressure coincides with the c.g.;

Assumption 4. There is uniform inflow across the rotor area, there is no reverse flow;

Assumption 5. The directional vector of the thrust developed is always perpendicular to

the rotor disc tip-path-plane;

Assumption 6. The local properties of the air/flight medium do not vary significantly;

Assumption 7. The curvature and rotation of the Earth are locally insignificant.

The first assumption is included in order for the Newton-Euler rigid body dynamics to

apply in fixed mass and inertia tensor. Assumption number two is necessary to reduction

in model complexity. However, due to the presence of the tail rotor assembly on the right

of the vertical stabiliser, the rotorcraft is not entirely symmetrical about the x-axis but

the difference is negligible. Assumption number four is valid since the designed maximum

velocity of the rotorcraft is 180 km/h and the tip speed is ΩR = 177.8 m/s, this results

in an advance ratio of µ < 0.3, which small enough to ignore reverse flow according to

Seddon and Newman (2002). The sixth and the last assumptions are sufficient as the

rotorcraft is expected to operate at low altitude and over a short range close to the Earth

surface.

2.4 Coordinate Reference Frames

The rotorcraft has many moving parts. Therefore, to describe the motions of these parts

it is necessary to describe the coordinate reference frames in which these motions occur.
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Four coordinate reference frames are defined for the work presented here:

1. The Earth-fixed reference frame FE : this is used as an inertial reference frame in

which Newton’s laws are applicable and valid.

2. The Body-fixed reference frame FB: this is the reference frame that coincides with

the rotorcraft’s centre of gravity (CG).

3. The Hub-fixed reference frame Fh: this is the reference whose origin coincides with

the top centre of the rotor hub.

4. The tip-path reference frame Ft: this frame is in alignment with the tip-path-plane

(TPP).

2.5 Rotorcraft Model

The rotorcraft is controlled by pitching of the main rotor blades. Controlling the vertical

displacement (z) is achieved by varying the pitch on all blades equally i.e., collective pitch.

Controlling the pitch (θ) the roll (ϕ) is by the cyclic varying in the respective direction

of motion. Controlling the rotorcraft yaw (ψ) is by varying the pitch of the tail rotor

blades collectively, and the difference in the counter-torque of main rotor. The rotorcraft

has six DOF. However, it only has four inputs. As mentioned earlier, this type of system

is known as under-actuated i.e., the number of system inputs is less than the number of

outputs (i.e., number of the DOF).

The important parameter for rotorcraft flight dynamics are:

1. The disk area which is given by:

A = πR2. (2.1)

2. The disk solidity is given by:

σ =
bc

πR
. (2.2)

3. The Lock number is given by:

γ =
ρacR4

Iβ
. (2.3)
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where R, b, c, a and Iβ are the rotor radius, the number of rotor blades, equivalent chord,

the blade lift-curve slope and the moment of inertia of the blade about the flapping hinge,

respectively.

2.5.1 Position kinematics

The dynamics of the rotorcraft are derived using the Newton-Euler approach. two refer-

ence frames are required for navigation and control, i.e., the Earth-fixed reference frame

FE = {RO, x, y, z} and the body-fixed reference frame FB = {RBOB, xB, yB, zB}, whose

centre coincides with the CG of the rotorcraft. Therefore, the CG of the rotorcraft

with reference to the FE frame is given by ξ = [x y z]T . The rotational angles are

η = [ϕ θ ψ]T of the FB frame with respect to the FE frame which are for pitching

θ ∈ (−π/2, π/2), rolling ϕ ∈ (−π/2, π/2) and yawing which is unrestricted. These are

referred to as Euler angles. The translational and angular velocities in the FB frame are

given by vB = [u v w]T and ωB = [p q r]T respectively.

Due to the two reference frames, there is a need to transform from FB frame to the FE

frame and vice-versa. For this purpose we define, R, the transformation matrix as a

function of Euler angles given by:

R(η) = Rψ(ψ)Rθ(θ)Rϕ(ϕ), (2.4)

R(η) =


cosψ cos θ cosψ sin θ sinϕ− sinψ cosϕ cosψ sin θ cosϕ+ sinψ sinϕ

sinψ cos θ sinψ sin θ sinϕ+ cosψ cosϕ sinψ sin θ cosϕ− cosψ sinϕ

− sin θ cos θ sinϕ cos θ cosϕ

 . (2.5)

Therefore, the position and the velocity vectors in the FB frame are translated to the FE

frame using the following:

ξ̇ = RvB. (2.6)

2.5.2 Orientation kinematics

Raptis and Valavanis (2010) described the properties of a special orthogonal group matrix

SO3. This group is used for relating orientation in the FB frame translate to the FE frame
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using the differential transformation matrix, T, which is defined as:

T =


1 sinϕ tan θ cosϕ tan θ

0 cosϕ − sinϕ

0 sinϕ/ cos θ cosϕ/ cos θ

 . (2.7)

Such that the body rates vector relates to the Euler angles as follows:

η̇ = TωB. (2.8)

This transformation matrix, T, has a singularity at ±90◦. This is a disadvantage of

using Euler angles for representing aircraft orientation. However, the manoeuvres under

consideration in this thesis are not too aggressive for this to be considered as a problem.

If the objective is to design an acrobatic RUAV with aggressive manoeuvres, the use of

quaternions representation of angles is recommended (see Cai et al. (2011); Chen et al.

(2021) for more).

2.5.3 Rotorcraft dynamics

The sum of forces and moments acting on the rotorcraft is expressed in the Newton-Euler

rigid-body equations of motion as follows:

m
dvB

dt
+m(ωB × vB) = F, (2.9)

I
dωB

dt
+ (ωB × IωB) = M, (2.10)

wherem and I are the rotorcraft mass and the moment of inertia respectively. All external

forces and moments acting on the rotorcraft with respect to the CG are combined into the

triples F = [X Y Z]T and M = [L M N ]T respectively. These forces and moments are

contributions are derived from different rotorcraft components. The contributing system

components are the main and tail rotors, fuselage, vertical and horizontal stabilisers

respectively, and are depicted in Figure 2.1.
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Figure 2.1: The rotorcraft as a combination of subsystems working together to accomplish the flight task.
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The dynamics of the rotorcraft in 6-DOF result from the summation of all contributing

forces and moments in the RB frame and summarised as follows:

X = XM +XF +XB
g ,

Y = YM + YF + YT + YV + Y B
g ,

Z = ZM + ZF + ZH + ZBg ,

L = LM + YMhM + YThT + YV hV ,

M =MM −XMhM +MT − ZH lH ,

N = NM + YT lT + YV lV .

(2.11)

The positions of the main rotor {0, 0, hM}, tail rotor {xT , yT , hT }, horizontal stabiliser

{lH , 0, hH} and vertical stabiliser {lV , 0, hV } with reference to the CG. A simplified

representation of the rotorcraft with subsystem locations is shown in Figure 2.2.

Figure 2.2: The rotorcraft configuration diagram with axis labels (Mpanza and Pedro,

2021).

The forces and moments are applied to the rotorcraft with respect to the {FB} frame.

This is due to the fact that moments of inertia are time varying in the FE frame and

thus make analytical treatment a challenge (Raptis and Valavanis, 2010). Therefore, the

force due to gravity, which pulls the rotorcraft downwards towards the Earth’s centre is
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transformed onto the FB frame as follows:

Fg = mg


− sin θ

sinϕ cos θ

cosϕ cos θ

 . (2.12)

2.5.4 Main rotor

The helicopter convention outside the United States (most of the Western world) is that

the rotor blades rotate clockwise when viewed from the top of the aircraft (Seddon and

Newman, 2002). The main rotor produces lift to support the mass of the rotorcraft and

the thrust to navigate by pitching the blades as they rotate about the rotor hub. While the

tail rotor thrust is normally directed to the positive y-axis to oppose the counter rotation

of the rotorcraft body. The rotor blades are free to move in three DOF. These degrees are

flapping, lead-lag and feathering. There are several design configurations that facilitate

the movement of blades as they rotate around the rotor hub. The three most known are

articulated, teetering and hingeless rotors. This research focuses on the articulated rotor

system that has a flapping and a lead-lag hinge for each blade. Controlling the blade’s

pitch angle is with respect to the feathering hinge via the pitch links attached to the blade

horns. The effective control of the thrust, longitudinal and lateral forces, and moments

is achieved through the blade’s collective pitch angle, θ0 and the cyclical variation pitch

angles around the rotor azimuth Ψ. Conventionally, Ψ = 0o occurs when the blade points

to the tail of the rotorcraft. The blade’s pitch angle is periodic and the effective pitch

angle can be represented by the first harmonics of the Fourier series which is a function

of the azimuth angle Ψ (Layton, 1983).

θM = θ0 + θlat cos(Ψ) + θlon sin(Ψ), (2.13)

where θ0, is the collective pitch angle responsible for controlling main rotor thrust. The

lateral, θlat, and the longitudinal, θlon, cyclic pitch angles result in the orientation or

tilting of the main rotor disc in the sideways and forward directions respectively.

The vertical movement and hovering are controlled by the main rotor thrust developed.

The equation of thrust is derived from BET as follows:

dTM = ρπR4
MΩ2

MCTdr, (2.14)
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where dr is a small section of the blade. Integrating the thrust through the length of the

blade gives:

TM =
ρ

2
Ω2
MaMbcM

∫ R

0

(
θr2 − viM (r)

ΩM

)
dr, (2.15)

where aM is the main rotor blade lift-curve slope, b is the number of blades, cM is the

main rotor blade chord length and viM is the main rotor induced velocity. For uniform

flow across the rotor disc area, based on assumption 4, the main rotor produces thrust

according to the following (Gavrilets, 2003):

TM = CTρA(ΩMRM )2 (2.16)

CTM =
σMaM

4


(µz − λM0) +


2
3 + µ2x + µ2y

−µy

µx

0



T

u


, (2.17)

where u = [δcol δlon δlat δped]
T is the vector of rotorcraft inputs and λM0 is the inflow

ratio, i.e., λM0 = viM/(ΩMRM ). Therefore, the inflow is required for the calculation of

the thrust. We define the hover induced velocity based on momentum theory as:

viM =

√
TM

2ρπR2
M

. (2.18)

For general flight in any direction, the induced flow velocity is:

viM =
T

2ρπR2V∞
, (2.19)

where V∞ is given by:

V∞ =
√
V 2
hor + (Vvet + viM )2, (2.20)

where:

V∞ : is the velocity of the rotorcraft through air;

Vhor : is the component of rotor velocity parallel to the TPP;

Vvet : is the component of rotor velocity normal to the TPP.

The induced velocity viM , is normally solved through the use of iterative approach such

as the Newton-Raphson method. However, for an affine-in-control model there is a need

for the solution of thrust in closed form. Therefore, the simplified Glauert approximation

function that has been shown to yield good induced velocity estimation is used in this

model as follows (Johnson, 2013):

37



2.5. ROTORCRAFT MODEL

viM =


−Va

2 −
√

V 2
a
4 − 1 Va ≤ −2

1− Va
2 + 25

15V
2
a + 7

6V
3
a −2 < Va < 0

−Va
2 +

√
V 2
a
4 + 1 Va ≥ 0

. (2.21)

For a rotorcraft translating forward or sideways there is a planar horizontal force developed

(H-force). This is a drag force resulting from asymmetry in the angle of attack along the

azimuth. The rotor drag in the hub-plane is given by:

CxH =
HxM

ρ(ΩMRM )2πR2
M

, (2.22)

CyH =
HyM

ρ(ΩMRM )2πR2
M

. (2.23)

The rotor drag coefficient is found as follows:

CxH = −σCDM0

4
µx +

σMaM
8

[(µz − λM0)(2µxδcol + b1s)] , (2.24)

and

CyH = −σCDM0

4
µy +

σMaM
8

[
(µz − λM0)(2µyδcol − a1c)

]
. (2.25)

The main rotor a reaction torque that is applied to the body below. This torque is a

result of the blade stiffness at the root (hub stiffness) and rotor anti-torque. The main

rotor develops torque according to the following:

QM = CQM
ρ(ΩMRM )2πR3, (2.26)

CQM
=
CDM0

σM
8

(
1 +

7

3
µ2

)
− σMaM

8
(µz − λM0)


2(µz − λM0) +


4
3

−µy

µx

0



T

u


,

(2.27)

where CDM0
is the zero-lift drag coefficient. The first term in Equation 2.27 represents

the profile drag and the other represents the induced torque during thrust development.

The thrust is applicable in the vertical motion of the rotorcraft. To include longitudinal

and lateral motion, the flapping dynamics are required as detailed below.
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2.5.4.1 Flapping Motion

A model of the the flapping dynamics is used to calculate the developed forces and mo-

ments acting on the CG. The flapping angle is periodic in terms of the azimuth position

of the blade Ψ, and therefore can be represented by a Fourier series:

β(Ψ) = β0 +
∑
k=1

akc cosΨ +
∑
k=1

bks sinΨ. (2.28)

Since flapping is periodic it can be approximated using a first-order harmonic, a truncated

Fourier series (Layton, 1983).

β(Ψ) = β0 + a1c cosΨ + b1s sinΨ. (2.29)

This results in the coning of the TPP according to the value of β0, and the tilting of the

TPP in the direction of β1c and β1s, along the longitudinal and lateral axes, respectively.

In literature a1c and b1s are replaced with a and b. Without loss of generality, the flapping

angle dynamics can be approximated by two first-order differential equations as follows:

τf ȧlc = −alc − τfq +
(
∂alc
∂µ

µx +
∂alc
∂µz

µz

)
+Klonδlon, (2.30)

τf ḃls = −bls − τfp+
(
∂bls
∂µv

µy

)
+Klatδlat, (2.31)

where Klon and Klat are the longitudinal and lateral control gains for cyclic pitch inputs

δlon and δlat respectively. While τf is the main rotor flapping damping time constant

given approximately by:

τf =
16

γΩM
≈ 0.0257 s. (2.32)

This means that the flapping angles settle faster than the revolution frequency of the

rotor blades, which in this case is 59.27 rad/s. Considering Assumption 6 that the

developed thrust is always perpendicular to the TPP, the following equations represent

the longitudinal components of the thrust due to the flapping of the TPP in the respective

directions:

XM = −TM sin alc,

YM = TM sin bls,

ZM = −TM cos alc cos bls.

(2.33)

The tilting of the TPP also means that the main rotor torque is deviated from the z axis

accordingly. Using the flapping angles, the components of moments due to the main rotor
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become:

LM =

(
∂LM
∂bls

)
bls −QM sin alc,

MM =

(
∂MM

∂alc

)
alc −QM sin bls,

NM = −QM cos alc cos bls,

(2.34)

where
(
∂LM
∂bls

)
and

(
∂MM
∂alc

)
are as a result of the out-of-plane resistance of the blades due

to the attachment to the rotor hub. This is a result of a hinge-less rotor or stiff flapping

hinges and are representative of a torsional spring constants. The rotor stiffness term is

given by: (
∂LM
∂bls

)
=

(
∂MM

∂alc

)
=

e

4R
bmbR(ΩR)

2, (2.35)

where e, b and mb are the blade’s hinge offset, number of blades, and moment of inertia

respectively.

2.5.5 Tail rotor

The tail rotor is modelled to be proportional to the main rotor. The tail rotor does not

have cyclic pitch, but other than that, the thrust is developed is similarly to the main

rotor. Also, since the main and tail rotor are driven from the same power plant through a

gear system, the tail rotor speed is simply given by ΩT = kTΩM , where kT is the reduction

gear ratio and ΩM is the main rotor speed.

The tail rotor equation of thrust is given as follows:

dTT = ρπR4
Tk

2
TΩ

2
MCTdr. (2.36)

Integrating the thrust through the length of the tail rotor blade and the azimuth angle

gives:

TT =
ρ

4
k2TΩ

2aT bcT

∫ RT

0

∫ 2π

0

(
θr2 − viT (r)

kTΩM

)
dΨdr. (2.37)

For uniform flow across the tail rotor disc area, this expression is equivalent to:

CTT =
σTaT
4

(
δped

(
2

3
+ µ2x + µ2z

))
, (2.38)

where σT , aT and cT are the tail rotor’s disc solidity, the blade’s lift-curve slope and chord

length respectively.

The tail rotor only has a thrust component in the y-direction, i.e., YT = −TT . The

component of torque is about the longitudinal axis, MT = −QT .
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2.5.6 Fuselage

The fuselage experiences lift and drag. The rotor downwash pushes the fuselage downward

during hover. In forward, level flight and lateral motion, the fuselage experiences parasite

drag. The forces acting on the fuselage are as follows:

XF =
1

2
ρSFx V∞(u− uwind),

YF =
1

2
ρSFy V∞(v − vwind),

ZF =
1

2
ρSFz V∞(w − wwind + viM ),

(2.39)

where SFi , is the characteristic areas of the fuselage as seen from the i ∈ {x, y, z} axes. Flat

plane area that is perpendicular to the axis of interest is used. The dynamic pressure of

the fuselage is V∞ =
√
(u− uwind)2 + (v − vwind)2 + (w − wwind + viM )2. The main rotor

induced velocity, viM , influences the dynamic pressure on the fuselage.

2.5.7 Horizontal and vertical tail stabilisers

The horizontal and the vertical tails produce aerodynamic lift and drag as the rotorcraft

flies through air. The vertical tail aerodynamic forces and moments produced are as

follows:

YV = SV
(
CVLαVV + |vV |

)
vV , (2.40)

LV = −YV hV , (2.41)

NV = YV lV , (2.42)

where SV is the vertical tail area, VV =
√

(u− uwind)2 + (w − wwind + lV q −KλviM )2 is

the axial velocity, vV = v− vwind− lV r− ϵT viT is the velocity normal to the vertical tail,

Kλ is the intensity of the main rotor wake experienced at the empennage and ϵT is the

fractional area exposed to the tail rotor induced velocity.

The horizontal tail aerodynamic forces and moments produced are as follows:

ZH =
1

2
ρSH

(
CHLα |u− uwind|+ vH

)
vH , (2.43)

MH = −ZH lH , (2.44)

where vH = w−wwind + lHq −KλviM is the velocity and SH is the effective surface area

of the horizontal stabiliser and lH is the horizontal stabiliser longitudinal distance from

the C.G.
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2.5.8 Drive-train dynamics

The present rotorcraft system employs an electric engine. Electric cars such as the Tesla

Model 3 have been successful in operating electric motor-based drive trains. They are built

on the premise of having low impact on the environment compared to internal combustion

engines. Other benefits for using electric motor include:

� Electric motors have high-energy efficiency and power density.

� Reduced vibrations.

The NASA’s Green Flight Challenge (Administrator, 2013) has inspired the research and

development of fuel-efficient flight. The focus is on fuel efficiency, however other benefits

such as flight safety and reduced noise signatures have been witnessed.

For the power-plant, the engine is modelled as an armature-controlled direct current

(ACDC) motor. The equations describing the dynamics of the ACDC motor are:

va = Raia + La
dia
dt

+KeΩe,

Qe = KQia, Pe = QeΩe,

IeqΩ̇e = Qe −QM − keQT −Qloss,

(2.45)

where va, ia, Ra, La,Ke,KQ, Ieq, Qe, QM , QT , Qloss and Ωe, are the motor input voltage,

armature current, resistance, inductance, emf proportionality constant, torque constant,

the equivalent moment of inertia of the motor and the rotorcraft downstream load, the

torque developed by the engine, the main rotor torque, the tail rotor torque and the

torque due to gearbox and miscellaneous systems. These parameters are found through

system identification of the motor itself. The equivalent moment of inertia as seen by the

motor is found by lumping all the moments of inertia upstream. To the motor, variations

in load torque is akin to disturbance on the speed which must be corrected promptly to

avoid affecting rotorcraft dynamics.

The motor sizing, power electronics and the optimisation of the power requirements for

the batteries and inverter are beyond the scope of this thesis. The assumption is that the

selected powerplant has enough power to meet the nominal rotorcraft flight profiles and

planned range.

To the motor, variations in load torque is akin to disturbance on the regulated speed
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2.6. ROTORCRAFT SIMULATION MODEL

setting which must be corrected properly to avoid rotor speed dropping below the required

value. To the rest of the flight controller, changes in engine is also treated as a disturbance

that the controller must be robust against.

2.6 Rotorcraft Simulation Model

As discussed above, the CG coincides with the rotorcraft geometric centre and the origin

of the FB frame. For the purpose of flight control design, a mathematical model that

is square and affine-in-control model is required (Saffarian and Fahimi, 2008). In this

section the simulation model of the rotorcraft is presented. Recall from Equations 2.6,

2.8, 2.9 and 2.10, the rotorcraft equations of motion are combined and expressed as:

v̇B =
1

m
F− ωB × vB,

Iω̇B = −ωB × (IωB) +M,

ξ̇ = RvB,

η̇ = TωB,

(2.46)

where F, M, R and T are the external forces and moments acting on the CG of the

rotorcraft, and the translational and rotational transformation matrices respectively.

2.6.1 Rotorcraft model with ideal actuators

The first rotorcraft model discussed is the one without actuator dynamics. The assump-

tion here is that the actuator responds to input instantaneously and follows the command

without error. This is a gross simplification, however it is used extensively in literature

(Gavrilets, 2003). Later in the thesis, modelled actuators and real experimental actuators

are included in this full rotorcraft model. As a result, this model has sixteen states: the

twelve rigid-body states, the two flapping states and the two drive-train states.

The non-affine-in-control state-space model of the rotorcraft dynamics is given by:

ẋ = f(x,u),

y = h(x),
(2.47)

where x ∈ ℜn is the state vector, u ∈ ℜm is the system input vector, and y ∈ ℜp is the

system output vector. The functions f(.) and h(.) are generally nonlinear. The state
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vector is:

x = [x1, x2, x3, x4, x5, x6, x7, x8, x9, x10, x11, x12, x13, x14, x15, x16]
T

= [v, u, w, p, q, r, x, y, z, ϕ, θ, ψ, alc, bls, ia, ΩM ]T .
(2.48)

The system input vector is u = [δcol δlat δlon δped δΩ]
T . The fifth control input is included

to aid fault-tolerant flight control development. This is used to control the speed of the

engine and by extension the speed of the rotor.

The simplified system state-space representation is given as follows:

v̇ = (vr − wq)/m+ sθg + (−TM (δcol,ΩM )sa +X)/m,

u̇ = (wp− ur)/m+ sϕcθg + (TM (δcol,ΩM )sb + Y + TTR)/m, (2.49)

ẇ = (uq − vp)/m+ cϕcθg + (−TM (δcol,ΩM )cacb + Z)/m,

ṗ =
Iyy − Izz
Ixx

qr − Ixz
Ixx

(ṗ− pq) + L

Ixx
,

q̇ =
Ixx − Izz
Iyy

pr +
Ixz
Iyy

(r2 − p2) + M

Iyy
, (2.50)

ṙ =
Ixx − Iyy

Izz
pq +

Ixz
Izz

(ṗ− qr) + N

Izz
,

ẋI = cθcϕu+ (sθcϕcψ − cϕsϕ)v + (sθcϕcψ + sψsϕ)w,

ẏI = cθcψu+ (sθsϕsψ + cθcψ)v + (cθsϕsψ − cψsϕ)w, (2.51)

żI = −sθu+ cθsϕv + cϕcθw,

ϕ̇ = p+ sϕtθq + cϕtθr,

θ̇ = cϕq − sϕr, (2.52)

ψ̇ =
sϕ
cθ
q +

cϕ
cθ
r,

τf ȧlc = −alc − τfq +
(
∂alc
∂µ

µx +
∂alc
∂µz

µz

)
+Klonδlon, (2.53)

τf ḃls = −bls − τfp+
(
∂bls
∂µv

µy

)
+Klatδlat,

i̇a = (−Raia −KeΩM )/La + δΩ/La,

Ω̇M = (KQia −QR − nQT −Qloss)/Ieq, (2.54)

where sθ = sin(θ), cθ = cos(θ), tθ = tan(θ), sϕ = sin(ϕ), cϕ = cos(ϕ), sψ = sin(ψ),

and cψ = cos(ψ). It is clear that this model is not affine-in-control. However, most of

control theory presented in literature requires an affine-in-control model for model-based

controller design. In Chapter 4, it is shown how this model can be transformed into an

affine-in-control equivalent.
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2.7 Actuator Dynamics Models

The modelling of actuators is essential in order to get the response of the rotorcraft

model to be as close as possible to the real aircraft. The dynamics of actuators are

usually ignored when developing FCS in literature (Halbe et al., 2021). Therefore, when

the FCS is implemented on a real aircraft it does not work as expected. Since actuators

form the basis of the FTC strategies studied here, they are given a detailed treatment.

The first actuator considered is the electromechanical actuator which is used in the main

rotor (three of them) and one for the tail rotor. Popular actuators in aviation are:

1. Hydraulic actuators;

2. Electrohydraulic actuators;

3. Electromechanical actuators.

Before each actuator type is discussed, it is necessary to understand the swashplate mech-

anism as this is how the actuators are arranged to translate control into the blades.

2.7.1 Detailed swashplate mechanism

The swashplate is a mechanism for converting linear travel of a set of actuators into height

and inclination of the rotor hub. It is complex and nonlinear. Rotorcraft flight control

is managed by varying the blades’ pitch angles collectively and cyclically. This section

discusses the kinematics of a three-actuator swashplate as depicted in Figure 2.3. In the

figure, the swashplate supports a flat non-rotating surface mass (with equivalent mass of

the hub and rotor head) on three actuators. The surface is able to move in three DOFs

by individually controlling the vertical travel of each actuator, xi, where i ∈ {a, b, c} for

front, left rear and right rear actuators respectively. The front actuator is at a distance

lf from the rotor shaft centre. The rear actuators are at a distance lr behind the rotor

shaft centre and are lrr = lrl apart as shown on the vertical view shown in Figure 2.4.

The kinematics equations of the actuators and the swashplate are as follows:

za = z + lf sin θ, (2.55)

zb = z + lrl sinϕ− lr sin θ, (2.56)
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Figure 2.3: Simplified actuator model.

zc = z − lrr sinϕ− lr sin θ. (2.57)

The dynamics for swashplate vertical translation are derived by Newton’s 2nd law as

follows (Bilyaletdinova and Steblinkin, 2017):

Msz̈ = Fa + Fb + Fc −Msg, (2.58)

where Ms is the mass of the swashplate combined with the masses of the individual

actuators. This is distinguished from m, which is the mass of the entire aircraft. The

rotation dynamics for pitch and roll are given by:

Ixϕ̈ = lrr (Fb − Fc) cosϕ, (2.59)

Iy θ̈ = (lfFa − lrFb − lrFc) cos θ, (2.60)

where Ix = Iy are the moments of inertia of the swashplate disc upon the x and y axes,

lr , is the distance to the two rears actuator along the x-axis, lf , is the distance from the

centre to the front actuator, and lrr = lrl are the distances to the right and the left of the

swashplate centre line of the respective rear actuators.

In order to be consistent with established literature, the values {z, ϕ, θ} can be replaced by

{σ0, σlc, σ1s}. According to (Layton, 1983; Johnson, 2013), the tilting of the swashplate is
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Figure 2.4: Top view of the actuator model with actuator A pointing directly forward.

out of phase with reference to the hub rotor plane by π/2. The swashplate with reference

to the azimuth angle Ψ is given below as:

σ = σ0 + σlc sinΨ + σls cosΨ, (2.61)

where σ0, σlc and σls are collective pitch, lateral and longitudinal cyclic pitch angles. This

relates to the pitching angle in the following:

σ = σ0 + σlc sin(Ψ + π/2) + σls cos(Ψ + π/2),

σ = σ0 + σlc cos(Ψ)− σls sin(Ψ).
(2.62)

In traditional swashplates the mixing is done mechanically via linkages. In modern fly-

by-wire systems (Saffarian and Fahimi, 2008), the mixing is done by a mixing software

algorithm that mimics the mechanical links and sends the electrical signal to the actuators

as shown in Figure 2.5.

Figure 2.5: Algorithmic swashplate mixing.
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The geometry to translate between the actuators, swashplate and the blades is shown

in Figure 2.6 (Wang et al., 2020). The angle χ is used to off-centre the actuators so

that actuator A is not aligned with the x− axis of the rotorcraft. For this investigation

the actuator are placed at 120o from each other. This leads to the following swashplate

equations:

z =
1

3
(za + zb + zc) ,

θ =
1

3

(
−za2 cos(χ) + zb(cos(χ) +

√
3 sin(χ)) + zc(cos(χ) +

√
3 sin(χ))

)
,

ϕ =
1

3

(
za2 sin(χ)− zb(sin(χ) +

√
3 cos(χ))− zc(sin(χ)−

√
3 cos(χ))

)
,

(2.63)

where χ is a design attribute that can be chosen freely. For simplicity without loss of

generality, χ may be chosen as 0o, however, this restricts the motion of the swashplate

should one actuator experience a fault or failure (Enns and Si, 2003).

A

B

C

Figure 2.6: Swashplate geometry with A, B and C are as the positions of the actuators.

The desired swashplate translation (z) and orientation (ϕ and θ) are found from the

desired actuator translations. In order to translate from the individual actuator displace-

ments za, zb and zc, to the swashplate height and orientation, the following equations is

used:
z

θ

ϕ

 =


1
3

1
3

1
3

−2
3 cos(χ)

1
3 cos(χ)−

√
3
3 sin(χ) 1

3 cos(χ) +
√
3
3 sin(χ)

2
3 sin(χ) −1

3 sin(χ)−
√
3
3 cos(χ) −1

3 sin(χ) +
√
3
3 cos(χ)

 .

za

zb

zc

 . (2.64)
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The mixing algorithm employs the inverse of Equation 2.64 to find the desired actuator

position to effect the desired swashplate height and orientation. However, the flight

controller will only send the desired height to the mixing algorithm. These signals must

be sent to the individual actuators as follows:


za

zb

zc

 =


1 − cos(χ) sin(χ)

1 −
√
3
2 sin(χ) + 1

2 cos(χ) −
√
3
2 cos(χ)− 1

2 sin(χ))

1
√
3
2 sin(χ) + 1

2 cos(χ)
√
3
2 cos(χ)− 1

2 sin(χ)

 .

z

θ

ϕ

 . (2.65)

When the flight controller detects that the desired height and orientation cannot be

achieved, it is flagged as a fault in one of the actuators.

2.7.2 Electromechanical actuators-based rotorcraft

Electromechanical actuators (EMA) are used in the development of the medium-scale

rotorcraft platform. The EMA have recently become popular in the aviation industry

due to the fact that they are lightweight; they are fast and precise; and they do not

require high maintenance when compared to hydraulic actuators.

An armature-controlled direct current (ACDC) motor electromechanical actuator is under

consideration. This ACDC motor converts electrical energy into mechanical rotational

motion which drives a nut-screw which in turn converts the rotation of the shaft into

translational motion, as shown in Figure 2.7.

Both the electrical and the mechanical sides are approximated by linear differential equa-

tions. The electrical side of the ACDC motor system is given by this equation:

va(t) = L
di(t)

dt
+Ri(t) + e(t), (2.66)

where e(t) is the electromotive force (emf) due to the rotating shaft, which can be calcu-

lated as follows:

e(t) = Keθ̇e, (2.67)

where Ke is the is the motor’s emf constant. The torque produced by the armature

current is found by:

T (t) = Kti(t), (2.68)

where Kt is the torque constant.
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Figure 2.7: The standard components of an ACDC motor-based linear electromechanical

actuator.

Referring to the mechanical side, the ACDC motor generates shaft rotation motion. How-

ever, only actuator shaft translational movement is of interest for controlling of the swash-

plate. Since the motor is rotating at thousands of radians per second, a reduction gear

to reduce the motor speed at the output shaft is implemented as follows:

θn = θe
R1

R2
= θeNr, (2.69)

where θe is the motor angular displacement and θn is the angular displacement at the

nut-screw mechanism. The ratio of the motor to shaft gears R1/R2 is written as Nr. The

nut-screw converts motor shaft angular displacement into actuator shaft translational

movement as follows:

zi = θni
pitch

rev
= θniKr, (2.70)

where zi is the actuator translational travel, i = {a, b, c} the subscript for the three

individual actuators, and Kr is the pitch nut-screw (in mm/radians).

The equivalent mass due to motor’s moment of inertia and the actuator rotating parts

when translated to the translational side become me = J(NrKr)
2. This equivalent mass,

plus the mass of the shafts and the swashplate disc are included as part of the translational

side of the equation. The motor force developed and transmitted to the shaft is Fi = Ti
Nr
Rs

,

where Rs is the actuator shaft’s radius.
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2.7.2.1 Electromechanical actuator dynamics

The three DOFs of the swashplate are controlled via the switching algorithm that sets the

desired position of each EMA. Then the controller determines the input voltage required

to achieved the desired actuator position. Then the input voltages, u = {ua, ub, uc}, are

sent to the three EMAs resulting in the control of the vertical displacement, and roll and

pitch of the swashplate.

The state-space model of the EMA swashplate system is given in the affine-in-control

form as follows:

ẋ = f(x) + g(x)u,

y = h(x).
(2.71)

The state vector is:

x = [x1, x2, x3, x4, x5, x6, x7, x8, x9]
T ,

= [z, θ, ϕ, ż, θ̇, ϕ̇, ia, ib, ic]
T .

(2.72)

The system input vector is:

u = [ua, ub, uc]
T = [va, vb, vc]

T . (2.73)

The system matrix is:

f(x) = [f1, f2, f3, f4, f5, f6, f7, f8, f9]
T , (2.74)

f1 = x4, f2 = x5, f3 = x6, (2.75)

f4 =
KtNr

M.Rs
(x7 + x8 + x9)−Mg, (2.76)

f5 =
1

Iyy

KtNr

Rs
(lfx7 − lr(x8 + x9)) cosx2, (2.77)

f6 =
1

Ixx

KtNrlrr
Rs

(x8 − x9) cosx3, (2.78)

f7 = −
R

L
x7 −

KeNr

LKr
(x4 − lf cosx2x5), (2.79)

f8 = −
R

L
x8 −

KeNr

LKr
(x4 + lrx5 cosx2 − lrrx6 cosx3), (2.80)

f9 = −
R

L
x9 −

KeNr

LKr
(x4 + lrx5 cosx2 + lrrx6 cosx3). (2.81)

The control input matrix is:

g(x) =


0 . . . 1/L 0 0

0 . . . 0 1/L 0

0 . . . 0 0 1/L


T

, (2.82)
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and the output is:

h(x) = [x1, x2, x3]
T . (2.83)

The dynamics of the EMA swashplate are modelled for simulation in MATLAB®/Simulink®

environment. Table 2.1 lists values of the EMA swashplate parameters used in this thesis.

Table 2.1: The system parameters of the complete EMA swashplate system.

Parameters Value

Swashpate Mass, Ms 20 kg

Swashplate Radius, lf 100× 10−3 m

Moment of inertia, Ix, Iy 30.1× 10−3 kg/m2

Gear Reduction, Nr 1 : 20

Mass Moment of inertia of EMA, Jm 3.0× 10−4 kg/m2

Motor torque constant, Kt 0.04 Nm/A

Motor emf constant, Ke 0.04 V s/rad

Motor Inductance, Le 0.05 H

Motor Resistance, Re 0.61 Ω

Nut-screw Radius, Rr 10× 10−3 m

Nut-screw Pitch, Kr 3× 10−3 m/rev
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2.8 Rotorcraft Modelling Parameters

The rotorcraft subsystem discuss up this point are collected into a single model for sim-

ulation in MATLAB®/Simulink®. Table 2.2 gives values of the rotorcraft systems’ pa-

rameters used in this investigation.

Table 2.2: The parameters used in the rotorcraft modelling.

Parameters Description Value

Main rotor

RM Main rotor radius 3 m

cM Main rotor blade cord length 0.231 m

b Number of rotor blades 5

Ib Moment of inertia of the rotor blade 5 kgm2

aM (CLα) Main rotor lift curve-slope 7.06 /rad

θtw Blades twist −0.21 rad
N Number of blades 5

Ω Main rotor angular speed 59.29 rad

hM Main hub position above CG 0.928 m

Tail rotor

RT Tail rotor radius 0.587 m

cT Tail rotor blade cord 0.077 m

aT (CLαT
) Tail rotor lift-curve slope 5.6 /rad

ΩT Tail rotor angular speed 345.54 rad

lT Tail rotor hub’s x distance behind the CG 3.628 m

hT Tail height above the CG 0.7 m

Fuselage

m Rotorcraft mass 630 kg

Ixx Moment of inertia about x 116 kgm2

Iyy Moment of inertia about y 654 kgm2

Izz Moment of inertia about z 624 kgm2

Ixz Product of inertia in xz 8.13 kgm2

hH Tail horizontal stabiliser from CG 0.7 m

hV Tail vertical stabiliser from CG 3.628 m
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2.9 Flight Control Performance Specifications and Scope

The FCS developed must complement the operational concept of the RUAV. The FCS

accepts references and steering commands from an external system i.e., human ground

station pilot or an autonomous high-mode trajectory generation system on board the

rotorcraft. This research is focused on autonomous flight control, however, trajectory

generation is outside the scope of this work.

Other supporting systems that are required for the successful execution of the FCS but

are outside the scope of this research are: air data system (ADS), the attitude and

heading reference system (AHRS), radio altimeter (Radalt), and global position system

(GPS) units. These systems are required to supply the information used to form a state

feedback control system. For the rest of this study, these data sources are assumed present

and correct. Faults in the sensors and the associated data loss correction are also outside

the scope of this research project.

An additional fifth control input is used in case of failure in one of the other traditional four

control inputs. These control inputs are used together in an integrated flight-propulsion

control strategy. The actuators are:

1. Three main rotor control inputs that are mixed via the swashplate to control the

collective pitch, longitudinal and lateral cyclic pitch;

2. One tail rotor actuator to control the tail rotor collective pitch; and

3. One engine actuator to control the motor engine rotation speed.

The intelligent FTC strategy is tested based on the following flight regimes:

� Hover out of ground effect;

� Cruise at two determined speeds;

� Trajectory following a preplanned flight path.

The investigation is limited to hover and slow forward flight with the speed of up to

23 m/s. As a result, the lateral acceleration is only based on the rated of change of

lateral velocity and not the turn rate. The ADS-33 distinguished between predicted
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handling qualities and assigned handling qualities. The former is a quantitative measure

of the rotorcraft’s dynamic response, while the latter is a qualitative feel by the pilot.

Since this study is restricted to RUAV only the predicted HQs are analysed.

Also, the rotorcraft is tested when faults are present in the main rotor actuators. The

failure of the tail rotor actuator, even though it is more severe compared to main rotor

actuator failure, it is not covered in this investigation. Integrated flight-propulsion assists

in redundancy when one of the three actuators fail.

Validation is used to determine whether the derived model simulates the real rotorcraft

behaviour. Fidelity is judged by comparing real experimental data to the model’s simu-

lated response when similar inputs are applied (Padfield, 2008).

Two types of fidelity are discussed: functional and physical.

1. Functional fidelity: is the model compliant to design requirements such as predicting

flying qualities?

2. Physical fidelity: does the model capture the underlying physics correctly?

In the next chapter, the rotorcraft trim analysis is presented. This includes the sta-

bilisation of the system using PID controllers. Computational intelligence optimisation

techniques are used to tune the PID controllers. The inclusion of a stabilisation controller

is to enable the study of intelligent FTC strategies that follow, which are the main subject

of this research project.

2.10 Chapter Summary

This chapter presented the mathematical model of the rotorcraft UAV used for FTC

system development. The dynamics and kinematics of the swashplate are also presented

for electromechanical actuators. A model of the electrical motor is also presented. From

the fully developed model, it is interesting to note that the rotor flapping angles settling

time is inversely proportional to the rotor speed. This increases coupling if the rotor

speed is to be used as a control input. In addition, the chapter presented the model in a

non-affine-in-control format and this representation is not suitable for FTC development

to follow. The performance specifications to be met by the flight control strategy to be

developed and the research scope were outlined.
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Chapter 3

Flight Control Design using PID

Controller and Computational

Intelligence Optimisation

Techniques

This chapter presents the design and application of the PID-based flight con-

troller for the rotorcraft system model described in the previous chapter. Since

the presented rotorcraft system is MIMO and non-affine-in-control, the selec-

tion and tuning of PID controller gains is not a trivial task. For this reason, we

employ the use of computational intelligence optimisation techniques to obtain

the gains that are close to optimal as possible for this FCS The computational

intelligence optimisation algorithms are presented in two groups: ant-based

and flight-based algorithms. These algorithms are also compared to the ge-

netic algorithm and the particle swarm optimisation in order to benchmark

their performance. The results show that the PID controller is able to control

the rotorcraft effectively around selected trim points. This was demonstrated

in numerical simulations for regulation hover, steady forward flight, tracking a

small amplitude circle and rejection of moderate wind gust disturbances of up

to 5m/s. Also the optimised gains proved to perform better than the manually-

selected ones. An actuator failure in the swashplate was demonstrated leading

up to fault tolerance.
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3.1 Introduction

In this chapter, we start to tackle the rotorcraft problem by providing a flight control

solution. As a benchmarking chapter, the methods presented here should be at the

same level as those found in contemporary literature and forms the baseline to which the

upcoming chapters’ advanced control strategies are compared.

Firstly, let us review the conclusions from the previous chapter: that rotorcraft are difficult

to control owing to the following:

1. Highly nonlinear dynamic systems;

2. Strong degree of inter-axis coupling; and

3. Underactuated making them highly unstable.

A PID controller for a rotorcraft is developed in this chapter. Even though a PID con-

troller does not handle nonlinearities well (unless gain scheduling is used), it has several

advantages for a good departure point for comparing the advanced controllers that are

discussed in the sequel. In addition, since a rotorcraft is inherently unstable, a rudimen-

tary stable controller is required in order to safely conduct experiment on the platform

without loss of control, such as data collection for system identification. The proposed

flight controller is modelled for the following scenarios:

� To stabilise the rotorcraft about a selected trim point. This is a regulation problem.

� To track the a desired flight plan. This is a tracking problem.

� To recover from imposed disturbances on the attitude. This is a disturbance rejection

problem.

� To evaluate the system’s resilience to parameter changes and the injection of an

actuator fault. This is a fault tolerance problem.

The PID controller designs are based on the rotorcraft model developed in Chapter 2.

The adopted model presented in Equation 2.46 is repeated here for quick reference and

completeness. This system representation is expressed in concise form of the rotorcraft
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dynamics as given by the following:

v̇B =
1

m
F− ωB × vB,

Iω̇B = −ωB × (IωB) +M,

ξ̇ = RvB,

η̇ = TωB.

The PID controller is developed for the rotorcraft at two trim points: hover and 10 m/s

forward speed. Trim analysis of these points is treated next.

3.2 Rotorcraft Trim Analysis

In order to conduct experiments on a rotorcraft, it is necessary to perform trim analysis

which helps in defining the operating condition where the aircraft is deemed stable for a

given set of inputs. This is the point around which the PID controllers are designed. Trim

is concerned with making sure that the rotorcraft is able to maintain some equilibrium

state given a precisely chosen set of inputs in a given operational environment (Padfield,

2008).

What gives rotorcraft a supreme advantage over other types of aircraft is its ability for

vertical take-off and landing, and hovering. Hovering is one of the most challenging of

the rotorcraft manoeuvres. In hover, the flight controller’s objective is to position the

aircraft in a specific position x, y and z above the ground. It requires precise selection

of forces and torques inputs to maintain a steady equilibrium. Selecting these inputs is

an optimisation problem, hence optimisation techniques are used to find the candidate

solution for inputs. The trim states are found by solving for the control input vector u

in the rotorcraft dynamic equation that result in zero state rate; which means finding the

zeros of the following equation:

f(x,u) = 0. (3.1)

In an optimisation problem formulation Equation 3.1 can be expressed as:

f : u→ 0. (3.2)

This is a strict condition for trim known as uniformly asymptotic stable. However in real

rotorcraft the sufficient condition for equilibrium is uniform ultimately bounded stability
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in a small region around round trim defined by ϵ > 0, so that the following condition is

true:

∥x0∥ < δ(ϵ)⇒ ∥x(t)∥ < ϵ , for all t ≥ t0. (3.3)

This means that if the rotorcraft’s initial state, x0, is in a small region δ(ϵ) at time t = t0,

any time after that it is found to be in the region ϵ, that is, it is bounded.

A number of trim analysis tools have been proposed. Dai et al. (2008) used a hybrid GA

to find the trim state of a helicopter. This method is hybrid because it combined quasi-

Newton with GA. The hybrid proved to be superior to both individual algorithms in terms

of convergence time and minimising the objective function. Wang et al. (2019) used a

similar hybrid GA to trim a helicopter in a coordinated turn. Gümüşboğa and İftar (2019)

showed that PSO can trim an F-16 model successfully for level flight and coordinated turn.

Demirel (2019) investigated the application of Nelder-Mead (NM) simplex to find the trim

solution of the GENHEL-based UH-60 helicopter. This method was chosen simply because

it is less computationally expensive when compared to advanced methods such as GA.

The MATLAB fminsearch algorithm is based on this method and is generally used for

trim (Lagarias et al., 1998).

3.2.1 Rotorcraft in hover

The analysis presented in this thesis begins with the trimming of the rotorcraft model in

hover, 10 m above the ground. The position above ground was chosen in order to avoid

ground-effects that take place when the rotorcraft is less than the diameter of the main

rotor above the ground. The second step is to trim at steady low speed forward flight of

10 m/s. In hover trim analysis, the condition is characterised by zero translation velocity,

vI = [0 0 0]T , and zero angular rates, ωB = [0 0 0]T . A set of inputs in main rotor

collective and cyclic and tail rotor collective setting is required to achieve this equilibrium

state. This is achieved by iterative means. The algorithm for hover trim analysis is given

as follows.
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Algorithm 1: Rotorcraft hover trim analysis.

Initialisation

while Trim condition not met do

1. Choose the collective setting for the thrust to support the rotorcraft weight.

2. Choose tail rotor thrust to counteracts the generated main rotor toque .

3. Choose lateral cyclic to tilt the main rotor to counteract the tail rotor side force.

4. Choose longitudinal cyclic to tilt the main rotor backwards to counteract the tail

rotor upthrust due to fuselage side tilt.

end

Save File ← trim data

The steady-state values for rotorcraft attainment and maintenance of hover trim condition

are shown in Table 3.1.

Table 3.1: Parameters for rotorcraft maintenance of hover trim condition.
Parameters Value Parameters Value

TM = 5423.2 N CTM = 0.0083

λM0 = 0.0501 viM = 8.905 m/s

QM = 1252.62 N.m CQM = 0.00038

δ0M = 0.109 rad ϕ = 0.062

TT = 379.61 N CTt = 0.011

λT0 = 0.0446 viT = 11.405 m/s

QT = 11.59 N.m CQT = 0.00035

δ0T = 0.115 rad

a1c = 0.0019 rad b1s = 0.0001 rad

Figures 3.1 and 3.2 show the displacement and Euler angles responses of the rotorcraft

to the calculated hover trim values. The rotorcraft is in the vicinity of the desired state

with the oscillation in the order of 10−4 m. Which is insignificant when compared to the

size of the rotorcraft and the resolution of the distance sensor used (DGPS resolution is

about 200 mm). In Figure 3.2 the Euler angles are also shown to be relatively low. The

exception is made for the roll angle ϕ, which is required to produce a force to balance

the tail rotor force. The inflow ratio, λM0 = 0.0501, is also consistent with the result

predicted by momentum theory to be between 0.05 and 0.07 (Johnson, 2013).
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Figure 3.1: The rotorcraft position responses to selected hover trim condition.

Figure 3.2: The rotorcraft Euler angles’ responses to selected hover trim condition.
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3.2.2 Rotorcraft in forward flight

A new flight trim condition was developed for the rotorcraft. This happens at low steady

forward speed of 10 m/s. The condition is specified by 10 m/s longitudinal translation

velocity, zero translation velocities elsewhere, vI = [10 0 0]T , and zero angular rates,

ωB = [0 0 0]T . The algorithm for forward trim analysis is given as follows:

Algorithm 2: Rotorcraft 10 m/s forward flight trim analysis.

Initialisation

while Trim condition not met do

1. Choose longitudinal cyclic to produce the pitch angle required to create the force

that will balance 10 m/s drag;

2. Choose the collective setting for the thrust to support the rotorcraft weight and

the force required in 1 above.

3. Choose the tail collective setting for the tail rotor thrust required to counteract

the main rotor toque produced.

4. Choose lateral cyclic to tilt the main rotor to counteract the tail rotor side force.

5. Choose longitudinal cyclic to tilt the main rotor backwards to counteract the tail

rotor upthrust due to fuselage side tilt.

end

Save File ← trim data

The steady-state values for rotorcraft attainment and maintenance of forward flight trim

condition are shown in Table 3.2.

Table 3.2: Parameters for rotorcraft maintenance of forward flight of 10 m/s trim condi-

tion.
Parameters Value Parameters Value

TM = 5394.2 N CTM = 0.0049

λ0 = 0.0484 viM = 8.603 m/s

QM = 1223.7 N.m CQM = 0.00037

δ0M = 0.107 rad ϕ = 0.060

TT = 306.24 N CTT = 0.0056

λ0T = 0.0446 viT = 11.115 m/s

QT = 11.59 N.m CQT = 0.00035

δ0T = 0.2269 rad

a1c = 0.0016 rad b1s = 0.0001 rad
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Figure 3.3: The rotorcraft position response to selected forward flight trim condition.

Figure 3.4: The rotorcraft Euler angles’ responses to selected forward flight trim condition.

Figures 3.3 and 3.4 illustrate the response of the rotorcraft in forward flight with the trim

values in Table 3.2. The rotorcraft is able to hold a stable forward flight as the x value

continue to increase. The y channel has more oscillation than was observed in hover.

There is also an error of 60 mm in the z−direction. Since the vertical tail contributes to

anti-torque in forward flight, the tail rotor thrust has reduced and so has the roll angle.
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3.3 Proportional-Integral-Derivative (PID) Controller

To ensure a stable response for the rotorcraft at the selected trim conditions and an ability

to reject disturbances such as parameter variations and wind gust, an active closed-loop

controllers are used. In this chapter, the controller of choice is PID. The PID controller

has been in use for close to a 100 years. It is claimed that 90% of all automation and

control systems are based on PID controllers (O’dwyer, 2009). It is easy to apply and

tune PID controller even in the absence of a system model. The PID controller is made

up of sum of three terms: the proportional term, the integral term and the derivative

term. The simplified representation of a PID controller is derived in the time-domain as

follows (Pedro et al., 2016):

ui = Kpei(t) +Ki

∫
ei(t)dτ +Kd

d

dt
ei(t), (3.4)

ei = ydi − yi, (3.5)

where ui, ei, Kp, Ki and Kd are the control variable, the error signal that has to be

driven to zero, the proportional, the integral and the derivative gains respectively. The

subscript i indicates that there could be more than one PID controller in the system of

interest. As it is, in fact, six PID controllers in the case for rotorcraft with six-DOF.

Despite the long standing history and popularity, (Van Overschee and De Moor, 2000)

reported that 80% of PID controllers currently in operation are badly tuned. As discussed

in the previous section, the model of the RUAV is too complex for an analytical solution.

When combined with PID controller, it is solved by means of numerical methods in the

MATLAB®/ Simulink® environment. Because there is no analytical solution for this

model, to get the correct PID controller gains, the popular method of Ziegler-Nichols

tuning is used.

1. Adjust the proportional parameter to influence the rise time;

2. Adjust the derivative gain to reduce the overshoot; and

3. Then adjust the integral gain to reduce the steady-state error.

PID has been applied extensively to the control of rotorcraft (Mpanza and Pedro, 2021).

Recently, there has been an increase towards hybrids of controllers to take advantage

of their positives and eliminate the negatives. Sanchez et al. (2007) combined the PID
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controller with a FLC for stabilising the inner loop and tracking in the outer loop. The

authors showed controller effectiveness in simulations. Godbolt et al. (2013) implemented

a model-based PID controller in an experiment of a helicopter UAV. This work experi-

mentally validated the applicability of the two-loops PID controllers for a RUAV.

The developed PID controller for the rotorcraft is analysed. Since there are four control

inputs and six DOFs, the pitch and roll dynamics are coupled to the x and y translation

dynamics. This allows us to develop PID controllers in the inner and outer loops for faster

and slower dynamics respectively. Then the controller tuning process starts in the inner

loop to guarantee attitude stability then followed by the outer loop for x and y tracking

accuracy.

The position of the rotorcraft with reference to FE is controlled by the outer loop PID

controller. The transformation matrix, R, converts the position reference signals, xd, yd

and zd, to control loops in FB. Due to coupling, the output of the outer loop controllers

output becomes the desired values of roll and pitch angles of the rotorcraft that are

required to produce the desired positions as shown in Figure 3.5 (Sanchez et al., 2007).

3.3.1 Controller objectives and evaluation criteria

The control problems discussed in this chapter are for regulation, tracking and disturbance

rejection. For the PID controller design, we present two control loops: one for tracking the

position of the rotorcraft and others for disturbance rejection of the rotorcraft attitude.

The controller design must meet the following performance specifications to be deemed

satisfactory (Gavrilets, 2003):

1. The controller must exhibit general stability;

2. The steady-state error must be less than 5%;

3. The percentage overshoot must be less than 5%;

4. It must track the following signal zd = 2.5 sin(2πft);

5. The handling qualities of the helicopter must be within the limits recommended in

(ADS-33E, 2000), i.e., Level 1.

The architecture of the system used for PID controller tuning is shown in Figure 3.5.
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Figure 3.5: The control architecture of the rotorcraft using PID controller closed-loop system.
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In order to develop a set of properly tuned PID controllers the following objective function

is used:

J =
1

T

∫ T

0

[(
xd − x
xmax

)2

+

(
yd − y
ymax

)2

+

(
zd − z
zmax

)2

(3.6)

+

(
θd − θ
θmax

)2

+

(
ϕd − ϕ
ϕmax

)2

+

(
ψd − ψ
ψmax

)2

+

(
δcol

δcolmax

)2

+

(
δlon

δlonmax

)2

+

(
δlat

δlatmax

)2

+

(
δped

δpedmax

)2 ]
dt,

where xd, yd and zd are the desired positions of the rotorcraft with respect to the Earth-

fixed reference frame; θd, ϕd and ψd are the desired Euler angles of the rotorcraft; and

δcol, δlon, δlat and δped are the collective, longitudinal cyclic, lateral cyclic and tail rotor

collective inputs respectively. And δcolmax , δlonmax , δlatmax and δpedmax are the maximum

permissible actuator deflections. This is an exampler single-objective optimisation prob-

lem whose aim is to reduce the tracking error and while minimising the actuator effort

applied.

The PID controller gains tuning procedure presented in this section has significant cov-

erage in literature. As seen in Figure 3.5, the number of parameters is greatly increased

and the coupling of the variables make the tuning process complex. The contribution

contained in this chapter is based on the expansion of this procedure by including and

comparing computational intelligence algorithms for tuning controller gains/parameters.

These techniques are presented in the next section.

3.4 Introduction to Computational Intelligence Optimisa-

tion Techniques

Computational intelligence techniques are proposed for the optimal selection of controller

parameters. Although this chapter is concerned with PID controllers, the optimisation

techniques discussed here are also applicable to the nonlinear control strategies to be dis-

cussed in subsequent chapters. The optimisation techniques of interest here include: ge-

netic algorithm (GA), particle swarm optimisation (PSO), ant colony optimisation (ACO),

antlion optimisation (ALO), firefly algorithm (FA) and cuckoo search (CS) algorithm. The

merits of these methods have been discussed in literature; however they have never been

compared for controller gains tuning, especially in relation to rotorcraft control. This is
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the focus of this thesis.

Optimisation is the act of choosing the best possible results within a given set of con-

straints. In order to understand how an optimisation algorithm operates it is crucial

to understand the concept of an optimisation problem first. An optimisation problem

satisfies Equation 3.7 (Yao et al., 2003; Socha and Dorigo, 2008).

P = (S, f) , (3.7)

where S ∈ ℜn is the problem search space which is a set of all possible solutions and f is

an objective function expressed as:

f : S → ℜ. (3.8)

The function returns a real value that is used to measure the cost value of an individual

solution s. The aim of the optimisation process is to discover s ∈ S, that results in

the lowest cost value possible for the problem, i.e., finding ∀s ∈ S : f(s∗) ≤ f(s) in a

reasonable amount of time.

A number of objective functions have been proposed in literature for optimally tuning

controllers, such as the following (Solihin et al., 2011):

1. The Integral of Squared Error (ISE)

J1 =

∫ T

0
e2(t)dt. (3.9)

2. The Integral of Absolute Error (IAE)

J2 =

∫ T

0
|e(t)| dt. (3.10)

3. The Integral of Time Multiply Squared Error (ITSE)

J3 =

∫ T

0
te2(t)dt. (3.11)

4. The Integral of Time Multiply Absolute Error (IMAE)

J4 =

∫ T

0
t |e(t)| dt. (3.12)

There are three types of optimisation techniques found in the literature. They are defined

as follows (Mpanza, 2012; Platt et al., 2018):
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Definition 3.1. Analytical Search is a mathematically-based search algorithm. Because

it is based in calculus, it is guaranteed to find a solution but this solution can be a local

optimal solution.

Definition 3.2. Blind search is an exhaustive search approach that searches for every

possible solution. This method is guaranteed to find a global optimal solution but it is

computationally expensive and for large search spaces it is intractable.

Definition 3.3. Heuristic search is a guided search mechanism that is not guaranteed

to find the optimal solution. This method, however, does find a satisfactory solution in a

reasonable amount of time.

While the blind and analytical search techniques are attractive for simple optimisation

problems, due to their exactness in optimal solutions, they fall short in large combinatorial

optimisation problems. Heuristic search algorithms are able to approximate the solutions

of hard optimisation problems(Mpanza, 2012), such as in controller gains optimisation

problems and system identification. These problems do not have any minima or maxima

analytical solutions. However, a near optimal solution for these problems are found and

used successfully in practice (Okwu and Tartibu, 2020). Therefore, this thesis investigates

the application of heuristic search algorithms to the problem of tuning controller gains.

A subset belonging to the class of computational intelligence is of special interest in this

thesis and the description of each algorithm is given in the sequel.

3.4.1 Genetic algorithm (GA)

GA is a heuristic population-based optimisation strategy that was developed to imitate

the evolution of a population in a natural environment by natural selection. This is

based on Darwin’s theory “survival of the fittest.” GA has been successfully used in

complex and high-dimensional optimisation problems with solutions found in a relatively

short time. The setup of GA is that the candidate solutions called chromosomes. The

solution evolves over a number of prescribed generation. At each generation, new off-

spring chromosomes are generated through the reproduction of two parent chromosomes.

The new chromosomes can also undergo mutation at a prescribed probability. Once all

the chromosomes have been processed the process is repeated for a prescribed number of

generations. This GA optimisation process is summarised in the Figure 3.6.

The process followed by the GA is: (i) creating a random initial population solution

of chromosomes, (ii) each solution in chromosome is evaluated for fitness, (iii) the fittest
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Figure 3.6: GA computation flowchart (Aly, 2011).

members of the population are allowed to reproduce, by crossover, for the next generation,

(iv) the new chromosomes in the new population are subject to mutation. The process

is repeated until a stopping condition is reached. This condition may be either that the

solution was found or the number of specified generations have been reached. The latter

case meaning a satisfactory solution was not reached.

The pseudocode for the GA optimisation processes is shown in Algorithm 3 (Bindu and

Namboothiripad, 2012):

The best GA parameters for the present problem were found by numerical experiments

and are listed in Table 3.3.

Unlike many optimisation procedure, GA has a high probability for converging to a global

minimum solution. In (Phillips et al., 1996), the GA was used to discover rules for a

fuzzy-based controller of a UH-1 helicopter with a need for pilot knowledge. Alkamachi

and Erçelebi (2017) used GA to tune PID controllers for a high-speed racing quadrotor

helicopter. This controller combination was able to reject disturbance of up to 30% weight

change and injected Gaussian noise into the feedback loop. In (Mpanza and Pedro, 2019)

a GA was used for SMC gain tuning.

As a tool for adaptive control, GA is used to find the fittest model representing the current

system states and operating conditions. It is also useful in system identification where

it is able to choose the best fitting parameters from a number of generations (Fabri and
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Algorithm 3: GA optimisation.

1. Initialise new population with N chromosomes;

2. Initialise iGen = 0;

while (iGen < maximum generation)||(stopping criteria) do

1. Update the number of generation iGen = iGen+ 1.

for each chromosome i = 1, ..., N do
// Evaluate the fitness of the chromosome;

end

// Generating off-springs;

2. Selection: Create the elite by selecting the chromosomes with high fitness value to

participate in the reproduction.

3. Crossover : Random Roulette is used for pairing parent chromosomes and these

are used to reproduce new chromosomes by crossover with a probability Pc.

4. Mutation: mutation is applied to a percentage, Pm, of the offspring to simulate

adaptation.

end

Save File ← best solution

Table 3.3: The setup parameters for the GA algorithm.

Parameters Value

Population size, N 500

Crossover point, Pc 0.8

Mutation probability, Pm 0.05

Maximum generation, Genmax 100
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Kadirkamanathan, 2001). However, the drawbacks of GA are the computational intensity

and the indeterminate speed at which the solution is arrived at. This makes it a bottleneck

in on-board real-time computation where resources are limited.

3.4.2 Particle swarm optimisation (PSO)

PSO is a multi-agent meta-heuristic optimisation algorithm that imitates the social be-

haviour of a group of animals acting as a single system. This behaviour is found in

animals such as in flock of birds, school of fish, swarm of insects, etc. These animals are

referred to as particles in a swarm. PSO is a random search that possesses the following

characteristics:

� A single collection of individuals that is capable of accomplishing a difficult task;

� This task would normally be impossible for the individual to perform in the envi-

ronment;

� The problem is distributed to the population making it easy to manage.

The idea of PSO was first proposed in 1995 by Eberhart and Kennedy and it has been very

popular among heuristic evolutionary algorithms(Eberhart and Kennedy, 1995). There

are similarities between PSO and GA in that they are both based on a population evolving

the solution over a number of generations/iterations. However, while GA has evolution

properties such as crossover and mutation, PSO does not.

Instead, the PSO algorithm uses a population of particles that are swarming through the

search space with given individual velocities. Since each PSO particle at any iteration

has velocity and position, the best solution is found by tracking the particle with the

best solution cost to a specific position. The velocity of each particle is calculated by the

following equation:

vi(k + 1) = mvi(k) + c1.r1(pbesti(k)− pi(k)) + c2.r2.(gbest(k)− pi(k)), (3.13)

where vi and pi are the velocity and current position of the i-th particle respectively. pbest

is the i-th particle’s best solution so far, and gbest is the best solution in the global set

of all the particles. The parameter m is the velocity gain used for controlling exploration

versus exploitation trade-off. The parameters r1 and r2 are random numbers in a range
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[0, 1] sampled from a normal distribution. While the parameters c1 and c2 are positive

acceleration constants (Engelbrecht, 2007).

The velocity of the particle allows it to move in the direction towards gbest. The next

position of each particle is found by integrating velocity according to the following equa-

tion:

pi(k + 1) = pi(k) + vi(k + 1) (3.14)

In Equation 3.14, the particles are only updated to pi(k + 1) if the fitness of the current

position f(pi(k)) < f(pi(k + 1)). The iteration number is incremented once all particles

in the swarm have updated their positions (Engelbrecht, 2007).

Algorithm 4: Particle swarm optimisation.

1. Create and initialise an ns-dimensional swarm;

2. Initialise k = 0

while (k < maxIteration)||(stopping criteria) do
// Update iterations k = k + 1;

for each particle i = 1, ..., N do
// Evaluate the fitness of the particle;

if f(pi) < f(pbesti) then
// update the i-th particle’s best position

pbesti = pi
end

if f(pbesti) < f(gbesti) then
// update the global best position

gbest = pbesti;
end

end

for each particle i = 1, ..., ns do
The velocity vi is updated using Equation (3.13);

The position pi is updated using Equation (3.14);

end

end

Save File ← best solution

In Algorithm 4, N is the number of particles, pi and pbesti are the solutions of each

particle and its best position so far, gbest is the global solution. The particle moves to

its best possible position pbesti and then shares that information with the other particles

Equation (3.13). After positions of every particle have been evaluated, the best overall

position is designated as the global best position, gbest. This global best position is

returned as the solution after reaching the stopping condition.
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The parameters that are used in the setup of the PSO algorithm are shown in Table 3.4.

Table 3.4: The setup parameters for the PSO algorithm.

Parameters Value

Number of particles, N 250

Crossover factor, F 0.5

Crossover probability, CR 0.5

Particle inertia, m 0.9

Acceleration factors, c1,c2 1, 2

Maximum iteration, k 100

PSO has been popular in controller tuning given the number of findings reported in litera-

ture. Solihin et al. (2011) presented the result of PID controller tuning for the DC motor.

The results were compared with Zeigler-Nichols tuning. Pedro et al. (2018) compared

a passive vehicle suspension system with an PSO optimised active system and showed

that the inclusion of PSO improved the vehicle handling and ride comfort. Moreover,

the PSO was employed for tuning using different objective functions (Equations 3.9 3.10

3.11 and 3.12). Fan and Jen (2019) compared the traditional PSO with a newly devel-

oped enhanced partial search (EPS), i.e., a PSO with co-swarms that are able to share

information between particles.

3.4.3 Ant colony optimisation (ACO)

ACO is also a population-based meta-heuristic optimisation method falling into the swarm

intelligence category. Swarm intelligence aims to exploit the emergent collective intelli-

gence of group of simple agents (Engelbrecht, 2007). It was first proposed by Dorigo

(1992), after studying the natural behaviour of ants as they move in the environment

searching for food.

The behaviour of the ACO algorithm is determined by selecting the number of concurrent

ants, m. The i-th ant, i = 1, . . . ,m, represents a current solution of the optimisation

problem being optimised. Given the current position and the pheromone trails of all

the possible transition states, the ant selects, j, the new state move using a pheromone

probability distribution function. The new ant solutions are evaluated and the pheromone

trails are updated proportionally to the quality of the solutions. Thereafter, the process

is repeated for each ant unit the maximum iteration number or stopping condition is

reached.
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The process outline above works for discrete combinatorial optimisation problems. How-

ever, the present problem of controller parameter tuning is optimisation over a continuous

space. Socha and Dorigo (2008) developed ACOℜ which is ACO for ℜ, a continuous do-

main. By comparison: the new ACOℜ has a continuous search space is vi ∈ Di ⊆ ℜ, while

ACO has a discrete countable search space vi ∈ Di = {v1i , ..., v
|Di|
i }, where |Di| is the size

of the search space. Also, unlike ACO, ACOℜ employs a probability density function

(PDF) to find the next feasible solution, such that P (s) ≥ 0 ∀s and
∫∞
−∞ P (s) = 1. For

our purpose, a Gaussian PDF was selected for its ease of sampling.

Since each controller has more that one gain, a multi-variable optimisation problem is

setup using a kernel, Gi(s), that maps a sum of weighted Gaussian functions as follows:

Gi(s) =
k∑
l=1

ωl
1

σil
√
2π
e
− (s−µil)

2

2(σi
l
)2 , (3.15)

where i = 1, ..., n is variable index in a n−dimension search problem, µil and σ
i
l are mean

and its standard deviation of the l− th solution for each variable respectively. An archive

table, Tij , is used to store the current available solutions, µ and σ. The table is indexed by

l = 1, ..., k, where k is the archive table size - an algorithm tuning parameter representing

the size of available solutions at a given iteration. The first item in the table sl = µ1l , ...µ
n
l .

represents the best solution at a given iteration.

The ACOℜ pseudocode is shown in Algorithm 5.

The tuning parameters, q and ζ are for controlling exploration versus exploitation and

pheromone evaporation rate respectively. The effect of these parameters on the algorithm

performance are summarised in Table 3.5 (Socha and Dorigo, 2008).

The best ACO parameters for the present problem were found by numerical experimen-

tation and are listed in Table 3.6.

There is not a lot of ACO application in literature for control gain tuning, let alone in

aircraft flight control. Priyambodo et al. (2015) applied ACO to the tuning of PID gain for

stabilising a quadrotor. The study investigated all four objective functions (Equations 3.9

3.10 3.11 and 3.12). Through numerical simulation, it was observed that ACO corrected

the problems found in Zeigler-Nichols tuning. Boubertakh (2017) used ACO to tune

a Fuzzy-PID controller for a 2-DOF helicopter supported on a gimble for azimuth and

elevation tracking of a quadrotor. Using the ISE objective function, this method was

shown to be superior to manual tuning in numerical simulations.
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Algorithm 5: Continuous ant colony optimisation.

� Create and randomly initialise m ant ;

� Initialise an archive table of size k;

� Initialise l = 0;

while (l < maximum iteration)||(stop criteria) do
// Update iterations l = l + 1;

for each ant i = 1, ...,m do
Create new solution drawn from Equation (3.15)

Evaluate the solution’s fitness f(sl);

end

1. Sort the solutions starting with the best fitness value f(sl);

2. Calculate probability weight ωl for each solution using the following:

ωl =
1

qk
√
2π
e
− (l−1)2

2q2k2 .

3. Find σil for each candidate solution using the equation:

σil = ζ

k∑
j=1

∣∣∣sij − sil∣∣∣
k − 1

.

4. Update the archive table T with µ and σ, of the best solutions up to k.

end

Save File ← best solution

Table 3.5: The ACO tuning parameters and their effect on the algorithm.

High Value Low Value

q exploitation exploration

ζ fast forgetting, slow convergence slow forgetting, fast convergence

Table 3.6: The setup parameters for the continuous ACO algorithm.

Parameters Value

Number of ants, m 20

Number of archives, k 30

Forgetting constant, ζ 0.8

Pheromone constant, q 0.05

Maximum iteration, l 100
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3.4.4 Antlion optimisation (ALO)

Similar to ACO, ALO is a meta-heuristic algorithm. It works to mimic the behavioural

interaction, between antlions (predator) and ants (prey) in traps. It was first proposed

by Mirjalili (2015). The following steps are involved in implementing the ALO: the ants

move around randomly (seemingly random; as it is known that ants intelligently share

environmental information with other ants using pheromones), the antlion hunt them by

constructing pit traps; these traps capture ants, catching of prey, and the reconstruction

of traps.

The motivation for the recent increase in using ALO is that it is gradient-free and provides

high levels of exploration and exploitation. Exploration is by ants and antlion random

walks. Exploitation is provided by reduction in the antlion boundary. The ALO algorithm

is defined as a triple-tuple function AOL(A1, A2, A3) that estimates the best solution for

the optimisation problems.

Φ→A1 {Gant, Goa, Gantlions, Goal} , (3.16)

{Gant, Gantlion} →A2 {Gant, Gantlions} ,

{Gant, Gantlion} →A2 {true, false} ,

where Gant is the ants’ position matrix, Gantlion is the antlions’ gain matrix, Goa contains

the ants’ fitness values and Goal contains the antlions fitness values.

The ants and antlions are initialised randomly by applying a Roulette wheel to Equation

3.16. The ALO algorithm implements random walks as follows:

Xn(t) = [0, cumlsum(2l(t1)− 1), . . . , cumlsum(2l(tn)− 1), ] (3.17)

where n is the maximum number of iterations for the algorithm run, cumlsum(·) is the

cumulative sum and t is the instance of the random walk.

l(t) =


1 rand() > 0.5

0 rand() ≤ 0.5

,

where rand() generates a random number between [0, 1] with a Gaussian distribution.

The random walk are restricted to the boundary of the solution space Ω by normalisation

as follows:

Xt
i =

(Xt
i − ai)(di − cti)
(dti − ai)

+ ci, (3.18)
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where ai is the minimum random walk of the i-th ant, di is the maximum random walk

of the i-th ant, cti is the minimum of the i-th ant at the t − th iteration and dti is the

maximum of the i-th ant at the t-th iteration (Mirjalili, 2015; Leke and Marwala, 2019).

Randomly walking ants fall into traps. The antlion traps ants which are modelled by the

following:

cti = Antliontj + ct, (3.19)

dti = Antliontj + dt, (3.20)

where ct is the lower bound of all the ants at the t-th iteration. dt is the upper bound of

all the ants at the t-th iteration and Antliontj is the location of the j-th antlion at the

t-th iteration. These traps are proportional to the antlions’ fitness values. Modelling how

an ant trapped slides down the slope, the following applies:

ct =
ct

Z
, (3.21)

dt =
dt

Z
, (3.22)

where Z is a ratio specified as an algorithm parameter. Z = 10w t
T and w is chosen to

adjust the trade-off between exploration and exploitation.

ALO also applies elitism by choosing the fittest antlion at iteration t. This allows the

algorithm to maintain the best solution. Therefore, the position of every ant’s random

walk around a Roulette selected antlion and the elite antlion as follows (Mirjalili, 2015):

Antti =
RtA +RtE

2
, (3.23)

where RtA is the random walk around a Roulette selected antlion and RtE is a random

walk around the elite antlion.

The ALO pseudocode is shown in Algorithm 6,

In the setup of the ALO, the parameters that are used are shown in Table 3.7 (Leke and

Marwala, 2019).

ALO literature is starting to gain popularity when it comes to controller optimisation. In

(Al-Jodah et al., 2020), an ALO algorithm wa used for tuning a SMC for a 3-DOF micro-

positioning mechanisms for trajectory tracking tasks in XYΘ. Compared to manual

tuning, ALO showed better tracking performance and this was shown in simulations and
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Algorithm 6: AntLion Optimisation.

begin
Create and randomly initialise n ants and antlions;

Evaluate the fitness of ants and antlions;

Apply elitism to the best antlions.

while (t < maxIteration)||(stopping criteria) do

for each ant i = 1, ..., n do
Select an antlion using Roulette wheel;

Update c and d using Equations 3.21 and 3.23;

Create ants’ random walks Equation 3.17 ;

Normalise random walks using Equation 3.18;

Update the position of the ants using Equation 3.23.
end

Evaluate ants’ fitness;

Replace antlion position with a fitter ant;

Apply elitism to the best antlions.
end

Save File ← best solution: the elite antlion
end

Table 3.7: The setup parameters for the ALO algorithm.

Parameters Value

Number of ant agents, n 20

Number of ants, k 50

Maximum iteration, t 100
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experimental results. Oliveira et al. (2020) implemented ALO and compared it to another

contemporary algorithm called the gray wolf optimiser (GWO) for tuning of SMC gains of

a quadrotor helicopter. The two algorithms outperformed the PSO based on ISE objective

functions for precise tracking.

3.4.5 Cuckoo search (CS) optimisation algorithm

CS is another meta-heuristic algorithm which derives its inspiration from the parasitic

breeding behaviour of cuckoo birds. These birds are opportunistic in that they try to

maximise the chance of survival of their off-springs without participating in incubating

the eggs or feeding the hatchlings. Yang and Deb (2009) developed the cuckoo search

optimisation algorithm.

A cuckoo bird lays its own eggs and conceals them among the eggs of other unsuspecting

birds. This is done in the hope that the nest’s owner will not notice the foreign eggs and

will treat them as its own. Thereby relieving the cuckoo of its responsibilities. Occa-

sionally, the cuckoo goes far as to cast out the other bird’s eggs in order to increase its

chicks survival rate. The cuckoo chick that hatches first also maximises its own chance

of survival by disposing of the eggs in the nest. The chick that successfully survives is

considered the best solution. The eggs laid by the cuckoo can be discovered by the host

bird and discarded with a probability Pa. Yang and Deb (2009) notice that this aggressive

breeding behaviour of cuckoo can be used as a search optimisation algorithm.

A number of nest k exists. There are fewer nest than there are birds, n. The access

number of birds k−n are cuckoo birds. The algorithm employs random walks for cuckoo

to find suitable nests. The new solution for each cuckoo is found as follows Yang and Deb

(2009):

xt+1
i = xti + Lévy(λ), (3.24)

where xi is the position of the cuckoo, Lévy(λ) flight generates stochastic random walks

from a Lévy = t−λ distribution with the conditions 1 < λ < 3. The nest has a high fitness

value if the cuckoo egg deposited is better than the eggs that are already in the nest and

the new offending eggs are not discovered.

The whole process summarising the cuckoo search algorithm is shown in Algorithm 7

(Yang and Deb, 2009).

80



3.4. INTRODUCTION TO COMPUTATIONAL INTELLIGENCE OPTIMISATION
TECHNIQUES

Algorithm 7: Cuckoo search optimisation.

begin
Initialise the population n and host nests xi : (i = 1, 2, 3...n)

Set the maximum search generations G

while (i < maxIteration)||(stop criteria) do

1. Select a i-th cuckoo and generate a new solution by Levy flights

2. Evaluated the solution’s fitness Fi

3. Randomly chose a nest among the n nests

if (Fi < Fj) then
replace j-th solution with the i-th solution

end

Drop the solutions with the lowest fitness values.
end

Save File ← best solution
end

In the setup of the CS, the parameters that are used are shown in Table 3.8.

Table 3.8: The setup parameters for the CS algorithm.

Parameters Value

Number of nests, m 20

Number of birds, n 30

Discovery rate, Pa 0.25

Maximum number of iterations, i 100

Jin et al. (2015) employed CS for PID tuning and compared the results to the classical

Zeigler-Nichols tuning method. Three versions of CS are presented: traditional, improved

and novel improved CS, all of which performed better than Ziegler Nichols method. In

(El Gmili et al., 2019), the CS optimisation algorithm was compared to PSO for quadrotor

PID controller tuning. The comparison here also applied the following objective functions

(Equations 3.9 3.10 3.11 and 3.12). Even though the CS did not outperform the PSO,

the hybrid PSO-CS outperform both individual algorithms.

3.4.6 Firefly algorithm (FA)

FA is one of the meta-heuristic algorithms that are inspired by naturally occurring phe-

nomena. It is an example of swarm intelligence optimisation technique. In particular, the
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algorithm models the flashing pattern and resulting behaviour of fireflies. The primary

function of the firefly flashing pattern is to attract mating partners as well as to attract

prey.

The algorithm was proposed by Yang and He (2013). The algorithm postulates that the

intensity of bioluminescent light produced by a firefly can be a signal of fitness of the

light source to other fireflies. That is, in a fixed population of fireflies, the brightest one

signifies the best solution for the problem and the rest of them should move towards it

for mating and resulting in progenies with better solutions. The rhythmic flashing and

the rate of flash signals the fitness of the individual and therefore attracts appropriate

mates. The FA is based on the following assumptions (Yang, 2013):

� Fireflies are unisex, i.e., all fireflies are attracted to all other fireflies regardless of

their sex;

� The brighter the firefly the higher attractiveness. The brightness decreases with

the increases in distance. Less bright firefly improve their apparent brightness by

moving closer to brighter one;

� The fireflies are allowed to move randomly if there is a tie of brightness; and

� The firefly’s brightness at a distance is a function of the environment.

To develop the optimisation problem, the brightness, Ii, of firefly i as seen by firefly j

separated by a distance rij follows the square of distance law as given by:

I(r) =
Ii
r2ij
. (3.25)

The brightness or attractiveness is associated with the objective function of the problem

to be optimised. The attractiveness function is given by:

β(r) = β0e
−γr2 , (3.26)

where β0 is the firefly brightness as seen at rij = 0 and γ is the coefficient of light

absorption by the medium. The distance, r, between two fireflies xi and xj , is Cartesian

distance rij = ∥xi − xj∥ (Leke, 2017).

The movement of a firefly from its initial position, xi, is either at random or towards the

brightest firefly as determined by the following equation:

xi(t+ 1) = xi(t) + β0e
−γr2(xi − xj) + αϵi, (3.27)
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where subscript i and j are the current and the brightest fireflies respectively. β0e
−γr2(xi−

xj) controls the movement of the firefly towards the brightest one. This means that

the closer fireflies are attracted at a higher rate than farther ones. This portion of the

movement represents the exploitation of the current best solution. The coefficient γ is

used to control the exploitation rate of the algorithm. The higher the value of γ the less

is the exploitation and encourages more exploration of the search space. The last term,

αϵi, is a randomisation parameter that encourages the exploration of the search space.

The magnitude of exploration is governed by α, the exploration coefficient and ϵi is a new

random solution drawn from a Gaussian distribution.

The algorithm is iterated according to the following pseudocode (Yang, 2013):

Algorithm 8: Firefly Algorithm.

begin
Create and randomly initialise n fireflies xi;

Evaluate the attractiveness of each firefly by f(xi);

Apply elitism to the best fireflies.

while (l < MaxIteration)||(stopping criteria) do

for each firefly i : n do

for each firefly j : i = 1, ..., n do
// Light intensity of i is determined by f(xi);

if (Ij > Ii) then
The move by i towards j is found using Equation 3.27;

end

Evaluate solution and update flies light intensities;
end

end

Rank fireflies according to the fittest found
end

Save File ← best solution

Postprocessing and visualisation
end
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This process is repeated for all fireflies in the populations. The best individual is returned

as the solution to the optimisation problem. In our case the best individual contains the

optimal gains for the controller gains.

The parameters used in this investigation are shown in Table 3.9.

Table 3.9: The setup parameters for the FA.

Parameters Value

Number in the population, N 50

Randomisation factor, α 0.5

Light diffusion scale, γ 0.5

Maximum iteration, i 100

Bendjeghaba et al. (2013) compared FA to Ziegler-Nichols method for PID tuning of

three different plants including one with time delay. A compound objective function

composed of the ITAE, rise time, settling time, overshoot and steady-state error was used

for comparison. Overall, the FA performed better even though in some cases the steady-

state error did not converge to zero. Sababha et al. (2019) demonstrated the tuning ability

of FA for a PID controller on a MIMO LTI system. The autotuning was applied in the

MATLAB environment and simulation showed that FA performed within specifications.

Literature at the time of writing this thesis did not have any implementation of FA to

the control of rotorcraft.

3.5 Evaluation and Validation of the Optimisation Tech-

niques

The proposed computational intelligence optimisation algorithms are evaluated in bench-

marking tests before proceeding to the act of solving our engineering problem. The steps

followed for the evaluation are indicated by Ratner (2011) as follows:

1. Defining the problem: This first step identifies the dependent variables which we

aim to optimise.

2. Determining technique: This step presents the preferred method of optimisation for

the selected type of problem.

3. Use of competing techniques: At this step, the preferred method is compared to
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alternatives to increase the odds of finding the most suitable method.

4. Rough comparison of efficacy: A matrix is used to compare the chosen methods.

At this step, some methods may be dropped and there may be a search for more

alternatives.

5. Comparing in terms of precise criterion: At this step, the methods are compared

based on the criteria that were identified to optimise the dependent variables iden-

tified in Step 1.

6. Finding the best solution: It must be noted at this stage that the best solution for

a given problem cannot be assumed to be a suitable solution for any other problem.

There are a large number of optimisation algorithms proposed in literature. There are

even more evaluation problems to validate the algorithms being proposed. In this section,

a number of functions are used to validate the optimisation algorithms that were discussed

in this section. The functions used are shown in Table 3.10.

Table 3.10: Optimisation benchmark functions.

Parameters Range Value

Michalewicz x ∈ [0, π]n f(x) = −
∑n

i=1 sin(xi) sin
2n(

ix2i
π )

Griewangk x ∈ [−600, 600]n f(x) = 1
4000

∑n
i=1 x

2
i −

∏n
i=1 cos(

xi√
i
) + 1

Rosenbrock x ∈ [−5, 10]n f(x) =
∑n−1

i=1 100(x2i − xi+1)
2 + (x1 − 1)2

Schwefel x ∈ [−500, 500]n f(x) = 418.9829n−
∑n

i=1 xi sin(
√
|xi|)

Ackley x ∈ [−32.768, 32.768]n f(x) = −20e(−0.2
√

1
n

∑n
i=1 x

2
i ) − e(

1
n

∑n
i=1 cos(2πxi)) + 20 + e

De Jong x ∈ [−5.12, 5.12]n f(x) = x21 + x22 + x23

An example of a Michalewicz function used for optimisation benchmarking is shown in

Figure 3.7.

For each optimisation algorithms, the benchmarking function tests were run 100 times

and the statistical variables were recorded together with the average running time. The

statistical variables collected are: maximum, minimum, mean and standard deviation.

The results of this computational experimentation are shown in Table 3.11.

It was observed that the PSO outperformed all the other algorithms in all but the De Jong

function. It also has the fastest convergence time in three out of the six test functions. The

ACO algorithm performed the second best and was able to find the global minimum in the
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Figure 3.7: The Michalewicz function used for evaluating optimisation algorithms.

six test functions. For the Ackley function, it was the fastest and found the best solution.

GA came in third and converged the fastest time in De Jong function. The performance

of ALO and CS are comparable. However, the FA was the worst performing algorithm. It

was able to find near optimal results in Michalewicz, but failed to converge to a solution

for Schwefel and De Jong. It also had the slowest convergence of all the algorithms tested.

PSO has the smallest standard deviation meaning its results are repeatable. It was closely

followed by ACO.

The motivation for using computational intelligence techniques for the tuning of controller

gains is that, in most controller designs the developed PID controllers are based on lin-

earised models around a trim point. While these methods work, they do neglect/eliminate

important rotorcraft information during linearisation resulting in less than optimal out-

comes. This necessitates fine-tuning of the PID gains by the pilot during flight testing.

The optimisation methods presented herein tune the controller gains on the nonlinear

model. Even though they are around a selected trim point, they incorporate the full

nonlinear knowledge of the rotorcraft and search for the near optimal gains just as an

experienced pilot would.
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Table 3.11: The benchmark comparison of the six computational intelligence optimisation

algorithms proposed for use in the tuning of controller gains.

Parameter GA PSO ACO ALO CS FA

Michalewicz Max -1.801 -0.801 -1.000 -1.000 -1.801 -1.782

Min -1.801 -1.801 -1.801 -1.801 -1.801 -1.801

Average -1.801 -1.771 -1.770 -1.785 -1.801 -1.799

SD 1.28e-8 0.17 0.138 0.121 1.16e-6 2.22e-3

Time 0.062 0.048 0.834 0.131 0.085 0.325

Griewangk Max 0.205 4.06e-8 1.45e-1 4.68e-2 1.77e-2 15.5

Min 2.29e-12 0.00 0.00 6.91e-13 5.30e-5 9.33e-2

Average 1.58e-2 5.04e-10 1.65e-2 8.48e-3 5.61e-3 2.741

SD 3.44e-2 4.12e-9 2.02e-2 9.22e-3 3.34e-3 1.99

Time 0.069 0.047 0.049 0.137 0.100 0.103

Rosenbrock Max 9.67 6.08e-8 2.00e-5 3.50 6.61e-2 1.26

Min 4.66e-7 6.08e-14 2.42-13 8.74e-14 3.24e-2 3.34e-5

Average 4.95e-1 9.49e-10 2.54e-7 8.98e-2 5.53e-3 1.90e-1

SD 1.34 6.28e-9 2.00e-6 4.77e-1 8.90e-3 2.56e-1

Time 0.155 0.053 0.039 0.128 0.056 0.331

Schwefel Max 236.9 415.0 118.4 236.9 439.1 310.0

Min 2.55e-5 2.55e-5 2.55e-5 2.55e-5 1.924e-4 5.33

Average 23.49 138.3 45.01 43.82 0.126 120.6

SD 52.2 168 57.49 64.12 0.457 75.37

Time 0.083 0.043 0.046 0.122 0.083 0.331

Ackley Max 2.58 2.58 4.44e-15 2.41e-5 5.49e-2 11.5

Min 2.35e-6 4.45e-9 8.88e-16 4.15e-7 5.38e-4 2.08e-2

Average 5.16e-2 2.58e-2 1.03e-15 6.41-6 1.03e-2 5.623

SD 3.61e-1 2.57e-1 6.96e-16 3.78e-6 8.74e-3 2.667

Time 0.08 0.06 0.048 0.125 0.339 0.081

De Jong Max 17.37 10.76 23.81 20.15 1.048 52.73

Min 9.98e-1 10.76 9.98e-1 9.98e-1 9.98e-1 1.094

Average 5.294 10.76 6.66 5.31 9.99e-1 9.55

SD 4.360 7.97e-11 3.78e-6 8.74e-3 5.791e-3 7.184

Time 0.078 0.083 0.132 0.166 0.261 0.359
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3.6 Simulation Experiment Setup

The numerical simulations of the rotorcraft system and the PID controllers for trajectory

tracking of x, y and z and regulation of ϕ, θ, ψ were implemented in MATLAB®/

Simulink®. A Bogacki-Shampine solver was used with the sampling time of 1 kHz.

3.6.1 PID parameter optimisation

In the previous section, a number of optimisation techniques were introduced, and it was

earlier mentioned that most PID controllers in industrial operations are under-performing

due to lack of optimal tuning, despite the simple and intuitive structure of the controller.

This is not evidence of the lack of know-how, but a prevailing problem that is inherent in

systems that have large number of variables to tune.

From this experience and literature evidence, instinctively, we note that tuning an in-

herently unstable system such as a rotorcraft is a difficult and tedious task. The most

common methodology for designing PID controller is by linearising the model of the sys-

tem of interest and then using the available wealth of analytical linear control tools to

find the gains that meet the performance specifications (Ogata, 2010). Other methods are

empirical in nature and rely on the ability to excite the system and measure the output.

An example from these is the Ziegler-Nichols method for finding the PID controller gains.

The following, however, presents the results of PID controller gains tuned using optimisa-

tion techniques based on computational intelligence algorithms presented in the previous

section. The following PID controller gains optimisation techniques are employed.

1. Manual tuning (MT) method;

2. Genetic Algorithm;

3. Particle Swarm Optimisation;

4. Continuous Ant Colony Optimisation;

5. Cuckoo Search Optimisation Algorithm.

The results are presented for the rotorcraft in hover and in 10 m/s forward flight.
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3.6.1.1 PID control for a rotorcraft in hover

The algorithms presented in the previous section are used to tune PID controllers to

minimise the objective function shown in Equation 3.6. Due to the stochastic nature of

these algorithms, ten (10) trials were executed for each and the best results were recorded.

Figure 3.8 shows the fitness value convergence history graphs for each of the optimisation

algorithms tested.

Figure 3.8: The convergence history of the fitness values of each of the optimisation

algorithms over 100 iterations (generations).

Table 3.12: The fitness, the running times, mean fitness and standard deviation of the

PID controller gains optimisation process for hover condition.

PID gains PSO GA ACO CS

Best fitness 1.499e-01 2.563e-01 1.340e-01 1.566e-01

Running time (min) 94.70 91.21 77.59 119.68

Mean 1.521e-01 2.608e-01 1.434e-01 1.763e-01

Standard deviation 0.020 0.065 0.119 0.240

Table 3.12 shows the fitness values for each algorithm and the respective running times.

The ACO-based PID optimisation was completed in the fastest time and achieved the

lowest average ISE score. The GA-tuned PID controller performed the worst, while the CS
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had the longest running time. The gains found for the four PID controllers optimisation

methods are shown in Table 3.13.

Table 3.13: The PID controllers gains for hover conditions found using the optimisation

algorithms.

PID gains Roll Pitch Yaw Altitude Lon Lat

PSOKp -12.564 36.446 -20.986 -37.172 10.998 49.867

Ki 0 0 36.985 2.460 -45.444 19.936

Kd -12.546 16.296 48.725 7.108 41.892 -47.418

GA Kp 21.000 -10.000 -14.000 -17.750 19.755 36.000

Ki 0 0 18.000 -10.000 11.000 33.250

Kd 0 0 31.000 0.931 -19.000 -8.000

ACO Kp 20.000 -9.757 -19.999 -19.997 0.975 19.999

Ki 0 0 8.669 -1.751 10.913 19.997

Kd 0 0 19.986 0.801 -17.124 -6.533

CSKp 20.000 -8.862 -19.623 -20.000 17.650 20.000

Ki 0 0 20.000 -14.914 19.590 20.000

Kd -4.370 -11.987 20.000 1.063 -18.6291 -8.603

The performance of the optimised PID controllers are evaluated for regulation of the

elevation at hover time, i.e., the desired height above ground of, zd = −10 ± 1, and

while withstanding a unit steps wind gust for y at 7 seconds. Figures 3.9 and 3.10 show

the comparison of the tuned controllers. The ACO-based PID controller shows superior

performance to others even though the others are also within performance specifications.

The PSO-based PID controller is different from the controllers found by the other three

algorithms. This is due to the stochastic nature of meta-heuristic algorithms, which means

that even with similar initial conditions, the outcome can be vastly different, especially

in cases where there are multiple minima.

On the graph it can also be seen at 5 seconds and 10 seconds that the height was disturbed.

This droop was caused by the sudden change of the thrust vector components into the

horizontal plane. Additionally, in Figure 3.10, the slowly growing pitch angle shows the

unstable nature of the rotorcraft equilibrium. However, this is still below 0.001 rad after

20 seconds.
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Figure 3.9: The nonlinear rotorcraft position response for the tuned PID controllers.
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Figure 3.10: The nonlinear rotorcraft Euler angles’ response for the tuned PID controllers.

PID controllers tend to have better regulation performance than tracking a desired signal

due to the limited region of effectiveness around an equilibrium point. The PID controller
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are evaluated for the tracking of sudden change in longitudinal displacement. In this case

the controllers are able to track a small increase in forward speed of up to 2 m/s. Figures

3.11 and 3.12 shows the displacement and velocity responses of the rotorcraft. However,

the ACO-based PID seems to be performing best. Also, it has less overshoot which is

very desirable if the rotorcraft is performing in confined spaces. The PSO-based PID

is the worst performing with velocity overshoot of 68%. With the controller gains an

attempt to move the rotorcraft from trim with a velocity higher than 2 m/s result in

control instability.
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Figure 3.11: The rotorcraft positions response for the forward flight at 1 m/s.
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Figure 3.12: The rotorcraft velocity history for the forward flight at 1 m/s.

3.6.1.2 PID control for a rotorcraft in forward speed

The optimally-tuned PID controllers can give performance of up to 2 m/s, after which,

the rotorcraft becomes unstable. Substantial move away from the selected conditions of

the PID controller whose gains have been optimised results in the loss of performance.

This is a well understood shortcoming of the PID controllers. The tuned system was

tested on how well it withstands the translation from hover to 10 m/s forward flight,

and found that a new set of controller gains is required for the new flight condition.

The PID controllers were retuned using the four optimisation techniques for the 10 m/s

forward flight, vI = [10 0 0]T . Fitness value convergence history graphs for each of the

optimisation algorithms tested are shown in Figure 3.13.

Table 3.14: The fitness, the running times, mean fitness and standard deviation of the

PID controller gains optimisation process for forward flight condition.

PID gains PSO GA ACO CS

Best fitness 1.334e2 0.972e2 0.021e2 0.723e2

Running time (min) 91.11 91.21 77.59 130.02

Mean 1.176e2 1.076e2 0.034e2 0.812e2

Standard deviation 30.8 0.33 1.71 8.62

The training process for forward flight took about the same time as in hover. The ACO

algorithm converged the fastest and also found the best gains. The velocity is regulated
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Figure 3.13: The convergence history of the fitness values of each of the four optimisation

algorithms over 100 iterations.

at 10m/s and the distance is continually increasing. The fitness values were found to be

larger than those found in hover. However, the performances of the algorithms are closely

comparable. Table 3.15 shows the gains returned from the optimisation process.

Table 3.15: The PID controllers gains for forward flight condition found using the using

optimisation.

PID gains Roll Pitch Yaw Altitude Lat Lon

PSOKp 37.4465 -11.6261 4.4341 -36.7346 8.4551 11.6230

Ki 0 0 38.2470 5.9603 0.6901 1.7972

Kd 17.2960 -2.6046 2.4902 7.1013 0.1360 -7.9357

GA Kp 37.4465 -11.6261 4.4341 -36.7346 8.4551 11.6230

Ki 0 0 38.2470 5.9603 0.6901 1.7972

Kd 17.2960 -2.6046 2.4902 7.1013 0.1360 -7.9357

ACO Kp 37.3029 -11.6348 4.3475 -36.7444 8.4505 11.6536

Ki 0 0 38.2267 5.9482 0.6955 1.8379

Kd 17.4892 -2.5949 2.4355 7.1258 0.1196 -7.9047

CSKp 37.4465 -11.6261 4.4341 -36.7346 8.4551 11.6230

Ki 0 0 38.2470 5.9603 0.6901 1.7972

Kd 17.2960 -2.6046 2.4902 7.1013 0.1360 -7.9357
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A forward flight path the reference signal was used to test the optimised PID control. The

controllers were analysed by comparison the position and the velocity responses of the

rotorcraft in this forward flight are shown in Figures 3.14 and 3.15. The controllers are

able to keep a constant velocity while steadily increasing the x-position as it is expected

at constant velocity. Simulations show that the GA-based PID controller outperformed

the other tuned controllers with regards to regulating the required velocity. However, the

velocity percentage overshoot and settling time were 11% and 4s respectively. The rest of

the controllers are also follow the desired forward displacement and velocity, but this was

at the expense of loss of the vertical position of the rotorcraft. It is worth noting that the

GA-based PID controller resulted in the worst performance when it come to regulating

the y-axis. The underactuated and coupled nature of this problem becomes apparent in

that optimising each rotorcraft DOF output channel comes at the expense of other output

channels.

In Table 3.15, three of the control gains set seem to be similar within the quoted rounding

error. However, in an optimisation problem, especially with a large search space or

complex problem, a slight difference in the algorithm can result in significantly different

results. This is because these optimisation algorithms involve iterative processes where

small changes to the algorithm can compound over time and lead to divergent solutions.

Hence, there will be significant differences in the performance of the corresponding control

systems as shown in Figures 3.14 and 3.15.
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Figure 3.14: The rotorcraft positions response for the forward flight at 10 m/s.
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Figure 3.15: The rotorcraft velocity history for the forward flight at 10 m/s.

3.6.1.3 Effect of variations in rotor speed

One of the main objectives of this study is to integrate the flight controller with the propul-

sion controller. In this section of the thesis, the result of how the designed PID controller
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handles the changes in rotor speed from nominal are presented. The engine speed and

rotor speed are used interchangeably since the difference is in the gear transmission ratio.

The engine speed was changed from nominal to nominal+10% after 10 seconds of steady

flight. Figures 3.16 and 3.17 show the time history of the position of the aircraft and how

it responds to 10% increase in rotor speed, and the inputs that are required to keep the

rotorcraft in steady flight.

Figure 3.16: The rotorcraft position response when operating at 10% increase in rotor

speed.

The engine speed was then changed to nominal - 10% after 10 seconds of steady flight.

Figures 3.16 and 3.17 show the time history of the position of the rotorcraft and how it

responds to 10% decrease in rotor speed from nominal, and the inputs that are required

to keep the rotorcraft in steady flight.
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Figure 3.17: The rotorcraft control input when operating at 10% increase in rotor speed.

3.6.1.4 Robustness to parameter variations and external disturbances

No component is as good as it was when new. As a result, during its operation the

parameters that define our rotorcraft will change over time: due to wear and tear, fault

and damage. In this section, the rotorcraft is subjected to change in its parameters

and the performance of the designed controllers is analysed. The following parameter

variations and disturbances are imposed on the rotorcraft and to see how the respective

controllers react:

� The mass of the rotorcraft will be varied from 50, 100 and 200%;

� The moments of inertia will be varied from 50, 100 and 200%;

� The rejection of wind gust of up to 5 m/s;
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� The LOE of one of the three actuators by 10 and 30% effectiveness.

The results of mass experiment are shown in the Figure 3.18. As can be seen that the

controllers are able to handle minor variations, but it is unable to control the rotorcraft

if the variations are too large.

Figure 3.18: The rotorcraft position response for the robustness testing with 50%, 100%

and 200% of the nominal mass.

The results of the moments of inertia variations show a similar pattern (Figures 3.19) in

that for minor variations the control is robust enough to control the rotorcraft. However,

this robustness is limited as it fails to control the system at larger changes to parameters.
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Figure 3.19: The rotorcraft position response for the robustness testing with 50%, 100%

and 200% of the nominal inertia tensor.

Thirdly, to verify the robustness of the tuned controllers to external disturbance, the

rotorcraft was subjected to a wind gust perturbation . After introducing the disturbance

at time t = 7 seconds, the rotorcraft was observed to see if it will be able to return

and maintain its equilibrium. The position and orientation of the rotorcraft when it is

subjected to a 5 m/s wind gust from the starboard side are depicted in Figures 3.20

and 3.21. All the PID controllers tuned for hover are capable of recovering from the

disturbance within 5 seconds as shown in Figure 3.20. Eventhough the rotorcraft is able

to retrun to a zero y position, the vertical position, z, is lightly increased. Figure 3.21,

shows velocity response of the rotorcraft. There is obeservable change at 7 seconds for

all three axes. The velocities oscillate afterwards but eventually settles asymptotically.

The longitudinal velocity, u, takes longer than others to settle. The GA-based controller

rotorcraft in unable to recover at all.
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Figure 3.20: The rotorcraft position response to wind gust disturbance in hover.

During the rotorcraft wing gust perturbation in forward speed, it is still able maintain

the correct forward speed, eventually it drifts and does not recover the desired position

track. The ACO-based PID controller was the more effective in its disturbance rejection

response while the GA-based PID controller responded the worst to wind gust in this

flight regime. We suppose that GA’s effectiveness is diminished outside the nominal trim

conditions is that due to its strict adherence to the objective function during tuning,

making it less robust.

The fourth experiment is to control the rotorcraft with a faulty actuator. Referring to

Figure 2.3 of the previous Chapter, the LOE is injected in actuator A. The response of

the rotorcraft is shown in Figure 3.23, the control inputs are shown in Figure 3.24.

The PID controllers are shown to maintain the stability of the system when there is

an actuator fault of 30% and 50% LOE. However, during the faults, it is seen that the

actuators are pushed to saturation. There is significant droop on the aircraft. The aircraft

losses close to half a metre in height. If the rotorcraft is operating in a confined space,

this could result in a crash and loss of the rotorcraft.
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Figure 3.21: The rotorcraft speed response to wind gust disturbance in hover.

Figure 3.22: The rotorcraft position response to wind gust disturbance at 10 m/s forward

flight.

The shortcomings of adaptive and intelligent control when applied to aircraft FCS and

their lack of rigorous proofs leading to the large number of documented experimental air-

craft incidents (Nguyen, 2018). However, in this thesis the PID controller gains presented

are derived off-line. The result of the computational intelligence optimisation algorithms
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Figure 3.23: The rotorcraft position response when there is an actuator fault of 30% and

50% LOE.

are the controller gains. These gains become part of the FCS while the intelligent algo-

rithms themselves do not end up in the aircraft FCS.

We showed earlier in numerical simulations that ACO-based PID controller performs bet-

ter for hover while the GA-tuned PID controller performs better for forward flight. This

might come across as a contradiction. However, this does not mean that the rotorcraft

FCS employs the GA algorithm and later the ACO algorithm. In reality, the results of the

optimisation process are incorporated into the FCS, while the optimising algorithm is not

installed in the FCS. These results are subjected to the same scrutiny and rigour as the

optimised PID controller gains from manual or other empirical means that are available

to the designer, albeit not optimal.
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Figure 3.24: The control inputs into the rotorcraft when there is an actuator fault of 30%

and 50% LOE.

3.7 Chapter Summary

This chapter presented the rotorcraft trim analysis for hover and forward flight. The

position, attitude, altitude and heading control design using the PID controller was also

presented. The PID controller gains were initially tuned manually. In order to get opti-

mal gains computational intelligence optimisation algorithms were employed. The results

presented in this chapter have been published in (Mpanza and Pedro, 2021). The con-

tribution to knowledge is the application of continuous ant colony and cuckoo search for

finding gains in a multi-input multi-output rotorcraft system. It was evident that the

optimised controllers are able to maintain rotorcraft stability even after the system mass

and moment have been halved or doubled. The rotorcraft was able to reject a wind gust

of up to 5 m/s in the lateral axis. However, the controllers (both optimised and not)

failed to meet the system’s performance specifications and actuator fault with 50% LOE.
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Chapter 4

Passive Fault-Tolerant Control of

Rotorcraft using Sliding Mode

Controller

This chapter presents the passive fault-tolerant control based on the sliding

mode control on the rotorcraft model developed earlier. It is concerned with

the development of the basics of sliding mode control and presents different

variants which are applied to the rotorcraft system. The model-based con-

troller design methodology is used. The application of sliding mode in nu-

merical experimentation and simulation is detailed. In order to find optimal

parameters for the system, the computational intelligence optimisation algo-

rithms that were developed in previous chapter are applied. The fault tolerance

is evaluated on actuator loss-of-effectiveness of up to 50%.

4.1 Passive Fault-Tolerant Control and Fault Modelling

The preceding chapter presented the rotorcraft control based on PID controller. This

controller proved effective in controlling the rotorcraft in terms of regulating trim condi-

tions for both hover and forward flights, and demonstrated disturbance rejection around a

specified trim. However, the PID controller was ineffective in dealing with large deviations

from trim, parameter variations, such as: changes in rotorcraft mass and inertia tensor,

and control under actuator faults. Improvements were noticed when the PID controller is

optimally tuned using computational intelligence algorithms. This chapter extends on the

preceding effort by proposing passive fault-tolerant control (PFTC) strategies for dealing
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with modelling uncertainties, disturbances in the environment and parameter variations

of the rotorcraft in operation.

The two major aims of this Chapter are: to develop control strategies for the rotorcraft to

recover from actuator faults; and be able to handle variations in rotor speed as required

for variable rotor speed rotorcraft. PFTC is achieved when a single-fixed parameter or

fixed-structure controller has the ability to tolerate faults without the need for fault in-

formation. This is also called robust or reliable controller. This type of control strategy

guarantees nominal performance while providing tolerance to changes in the nominal sys-

tem characteristics to a certain extent. PFTC is designed off-line and when in operation,

it is robust to a limited number and types of faults. Trying to increase coverage of faults

is at the expense of nominal performance.

In this thesis, we present the application of sliding mode control (SMC) for robust tol-

erance to actuator faults (Yu, 2016). Literature on robust controller and FTC refers to

three issues that must be dealt with. However, there is no consensus on the proper defi-

nition of these items. Given herein is a brief definition of the SMC FTC formulation as

used in this thesis in alignment with majority of the literature covering similar subject

(Noura et al., 2009; Xu, 2011; Halbe and Hajek, 2020).

Definition 4.1. External disturbance involves the change of the system due to unintended

external excitations such as gust winds, temperature, density, and altitude to name a few;

These are a function of operation environment and can come and go.

Definition 4.2. Model uncertainties are due to the flaws in the system identification pro-

cess. That a controller is designed based on the model which is not a true representation

of the system to be controlled.

Definition 4.3. Parameter variation is due to the fact that the system itself changes

over time due to aging or faults occurring internally. This differs from disturbances in

that once the parameter changes, it does not return to a nominal value until external

interventions are applied.

4.2 Modelling of System’s Parameter Variations, Actuators

and Faults

In a system that is in continuous operation, no component is as good as it was when new

in terms of functionality. This is due to the fact that during operation, the parameters

that define the rotorcraft system will change over time: due to wear and tear, faults,
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damages and improper installation (Zhang et al., 2021). Therefore a controller must be

able to handle minor deviations from the model that was used to derive the control laws.

In this chapter we investigate the reaction of the rotorcraft when it is subjected to changes

in its parameters and the performance of the proposed controllers is analysed based on

their robustness.

Consider a linear time invariant (LTI) system representation for the FTC system with

parameter variation as shown in Equation 4.1:

ẋ = (A+ ΓA)x+Bu, (4.1)

where 0.5 < Γ < 1 is the parameter variation factor. In this case, the system parameter is

allowed to vary by a factor of two. In this study, an assumption is made to ignore system

component failure due to ΓA. This ΓA factor is treated as a system uncertainty. The

developed controller is expected to deal with these uncertainties. The rest of this thesis

will focus on modelling actuator faults.

Actuator faults

The representation of faults is important in gaining insight into the failure recovery mech-

anism. The rotorcraft has four actuators. Three actuators are for controlling the main

rotor swashplate and one actuator for controlling the tail rotor thrust. The actuators

are either electrohydraulic or electromechanical as described in Chapter 2. If we consider

these actuator dynamics as “fast”, the actuator positions response to inputs can be esti-

mated as xi = Kui: which simplifies the model-based design of the controllers. Since the

tail rotor’s main purpose is to counter the torque resulting from the rotation of the main

rotor, its failure is unrecoverable by any means (Bramwell et al., 2001). As a result only

the main rotor actuators are considered for fault tolerance in this thesis.

Actuator and sensor faults can be considered in two categories: additive and multiplica-

tive. The ultimate goal of the FTC is to compensate for faults regardless of thier nature

or origin. The fault illustration is simplest when considering a MIMO linear model. A

system with different types of faults and can be represented as follows:

ẋf = Afx(t) +Bfuf (t), (4.2)

yf = Cfx(t), (4.3)
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where Af = A+ δA, Bf = B+ δB and Cf = C+ δC representing the change in system

components, actuators and sensors, respectively. More importantly, the actuator fault

(which is the subject of this thesis) is linked to the variation of u, the system input vector

(Alwi et al., 2011; Hamayun et al., 2016).

uf = un + (I − Γ)(ufo − un),

where un, uf , ufo and Γ are the nominal input, the global fault input, the additive actu-

ator fault (such as drift) and the multiplicative fault (change in effectiveness) respectively.

The constant is given as: 0 < Γ < I, Γ ∈ ℜm×m is an unknown diagonal positive definite

matrix representing the actuator loss-of-effectiveness (LOE) constants ofm-sized diagonal

matrix given by:

Γ =


α1 0 0 0

0 α2 0 0

0 0 α3 0

0 0 0 α4

 . (4.4)

This is a weighting matrix used by the system to inject the faults and failures into the

rotorcraft actuator dynamics. This matrix is used later when the effectiveness of the

designed controller is being tested for robustness to changes and tolerance to actuator

loss-of-effectiveness. The list below gives the fault that are possible for the given actuator

model:

1. when αi = 1, the system is healthy;

2. when 0 < αi < 1, the system has “actuator loss-of-effectiveness” fault;

3. when αi = 0, the actuator at i has completely failed.

The system representation for a biased FTC system is as shown in Equation 4.5

ẋ = Ax+BΓun +B(I − Γ)(ufo − un), (4.5)

where ufo ∈ ℜm is an unknown input, and the system is not biased if and only if ufo = Θ.

This means that in order to identify the faulty actuator, the fault detection and diagnosis

(FDD) must detect the presence of the following condition (not mutually exclusive):

Γ ̸= I,

ufo ̸= Θ,
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where I and Θ are the identity matrix and zero matrix of appropriate dimensions re-

spectively. This chapter does not employ FDD to detect the faults. Only the passive

robustness of the SMC is investigated for recovering from faults.

A number of FTCs for rotorcraft have been presented in the literature. The popular ones

are H2 (Paulino et al., 2006; Guerreiro et al., 2018), H∞ (Gadewadikar et al., 2009; Jeong

et al., 2012; Khalesi et al., 2020), and sliding mode controller (He and He, 2018; Halbe

and Hajek, 2020; Wang and Zhang, 2018).

Guerreiro et al. (2018) used H2 technique to control a rotorcraft based on a linear param-

eter varying (LPV) model representation; which is a combination of affine model systems.

In this aircraft, states are measured using LiDAR and only gave relative position of the

aircraft. The effectiveness of the controller was validated with simulations and experimen-

tal results. Salmah et al. (2013) demonstrated the implementation of H2 technique, where

the controller is supposed to be robust-scheduled to changes among five linearised models

in order to cover a large flight envelope. Simulation results showed that the controller is

able to stabilise the helicopter in the five different trim states.

H∞ approach provides a better response in the presence of disturbance than H2 ap-

proach. Gadewadikar et al. (2009) used a static output-feedback H∞ control to stabilise

a rotorcraft in hover when subject to external disturbances. In (Jeong et al., 2012), a

loop shaping-based controller is developed using weighted functions and H∞ approach.

This controller is applied to a LTI rotorcraft model and it was able to withstand model

parameter variation of up to 50% and 0.1s delays in the actuators. Guo et al. (2017)

presented a linear matrix inequality (LMI)-based state feedback controller by mixing H2

and H∞ techniques with constraints. This controller is used to stabilise a quadrotor with

a cable-suspended load. Simulations showed that the hybrid controller performed better

than the individual controllers. The major drawback of H2 and H∞ approaches has been

found to be the reliance on linear models and gain-scheduling.

In the following, the rotorcraft FTC problem is formulated in a form suitable for appli-

cation of SMC technique.
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4.3 Problem Formulation

The rotorcraft state-space equations can be written as shown in Equation 2.54. This

system state-space is repeated here for ease of reference:

v̇ = vr − wq + sθg +X/m,

u̇ = wp− ur + sϕcθg + Y/m, (4.6)

ẇ = uq − vp+ cϕcθg + Z/m,

ṗ =
Iyy − Izz
Ixx

qr − Ixz
Ixx

(ṗ− pq) + L

Ixx
,

q̇ =
Ixx − Izz
Iyy

pr +
Ixz
Iyy

(r2 − p2) + M

Iyy
, (4.7)

ṙ =
Ixx − Iyy

Izz
pq +

Ixz
Izz

(ṗ− qr) + N

Izz
,

τf ȧlc = −alc − τfq +
(
∂alc
∂µ

µx +
∂alc
∂µz

µz

)
+Klonδlon,

τf ˙bls = −bls − τfp+
(
∂bls
∂µv

µy

)
+Klatδlat, (4.8)

ẋI = cθcϕu+ (sθcϕcψ − cϕsϕ)v + (sθcϕcψ + sψsϕ)w,

ẏI = cθcψu+ (sθsϕsψ + cθcψ)v + (cθsϕsψ − cψsϕ)w, (4.9)

żI = −sθu+ cθsψv + cψcθw,

ϕ̇ = p+ sθtθq + cϕtθr,

θ̇ = cϕq − sϕr, (4.10)

ψ̇ =
sϕ
cθ
q +

cϕ
cθ
r,

where sθ = sin(θ), cθ = cos(θ), sϕ = sin(ϕ), cϕ = cos(ϕ), sψ = sin(ψ), cψ = cos(ψ), and

tθ = tan(θ). The difference between Equations 2.54 and 4.10 is that the engine dynamics

are assumed to be fast compared to the rotor thrust dynamics and therefore in quasi

steady-state when the rotorcraft system is being studied (Iwata, 1996). This assumption

is only applied to the model used for controller development. The resulting controller is

tested on the rotorcraft with the engine dynamics as shown in Equation 2.54. The rotor

speed Ω is regulated as nominal and any deviation from the nominal condition, whether

intentional or not, is treated as disturbance. A robust controller should be able to deal

with the engine dynamics as model uncertainty.

The Euler angles [ϕ, θ, ψ] depend on the body rates [p, q, r]. While the position states

[x, y, z] depend on rotorcraft velocity [u, v, w] and Euler angles [ϕ, θ, ψ]. Therefore, these
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Figure 4.1: The system divided into states that are directly and indirectly influenced by

the control input.

derived states that are not directly influenced by the control inputs. Instead, they depend

on other states as shown in Figure 4.1.

This means the state-space equation can be split into input-directly dependent states

subsystem and subsystem of states variables that are dependent on other states.

The following is the new state equations based on Subsystem 1:

v̇ = vr − wq + sθg +X/m,

u̇ = wp− ur + sϕcθg + Y/m, (4.11)

ẇ = uq − vp+ cϕcθg + Z/m,

ṗ =
Iyy − Izz
Ixx

qr − Ixz
Ixx

(ṗ− pq) + L

Ixx
,

q̇ =
Ixx − Izz
Iyy

pr +
Ixz
Iyy

(r2 − p2) + M

Iyy
, (4.12)

ṙ =
Ixx − Iyy

Izz
pq +

Ixz
Izz

(ṗ− qr) + N

Izz
,

τf ȧlc = −alc − τfq +
(
∂alc
∂µ

µx +
∂a

∂µz
µz

)
+Klonδlon,

τf ˙bls = −bls − τfp+
(
∂bls
∂µv

µy

)
+Klatδlat, (4.13)

where the reduced state x ∈ R8 = [u v w p q r alc bls]
T . And for input-independent states
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based on Subsystem 2:

ẋI = cθcϕu+ (sθcϕcψ − cϕsϕ)v + (sθcϕcψ + sψsϕ)w,

ẏI = cθcψu+ (sθsϕsψ + cθcψ)v + (cθsϕsψ − cψsϕ)w, (4.14)

żI = −sθu+ cθsψv + cψcθw,

ϕ̇ = p+ sθtθq + cϕtθr,

θ̇ = cϕq − sϕr, (4.15)

ψ̇ =
sϕ
cθ
q +

cϕ
cθ
r.

After state reduction, the system is still not affine-in-control. In order to apply SMC

to the present control problem, there is a need to have a system presented in affine-

in-control form. Therefore, the system in Equations 4.11 - 4.13 are transformed into

affine-in-control with six states instead of eight. If the flapping angles are considered

small and fast - which is the case in hover and low speed steady-forward flight - then

Equation 4.13 can be considered as quasi-steady state such that (Khaligh, 2014):

alc = −τfq + av +Klonδlon, (4.16)

where av =
(
∂alc
∂µ µx +

∂alc
∂µz

µz

)
and similarly for bls. Also sin alc ≈ alc, cos alc ≈ 1,

sin bls ≈ bls and cos bls ≈ 1. This simplifies the main rotor forces and moments equations

as follows:

XM = −TMalc; YM = TMblc; ZM = −TM ; (4.17)

LM = Kβbls −QMalc; MM = Kβalc −QMbls; NM = −QM . (4.18)

The forces in Equation 4.17 can be simplified further by substituting Equation 4.16 into

2.17 and by algebraic manipulation and by neglecting products of control inputs and

repeating this operation for all forces and moments, the system is transformed from a

8×1 non-affine system into an 6×1 affine-in-control form in the control inputs as shown:

ẋ6×1 = f(x)6×1 + g(x)6×4u4×1, (4.19)

where x ∈ ℜ6 = [u v w p q r]T is the state vector and f(x) is a vector of nonlinear

equations of state variables and g(x) is the input distribution matrix.

Remark 1. The system in Equation 4.19 is still underactuated; as there are six states to

be controlled while there are only four inputs available.

Equation 4.19 is shown in expanded form in Equations 4.20.
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

X

Y

Z

L

M

N


=
ρσMaMπR

4Ω2

4



(µz − λ0)(τfq − av)

−(µz − λ0)(τfp− bv) +
R4

T σT aTn
2

R4σMaM
v

(µz − λ0)

−(µz − λ0)(τfp− bv)hM −Kβ(τfp− bv)−
R4

T σT aTn
2

R4σMaM
vhT

−(µz − λ0)(τfq − av)hM

0



+
ρσMaMπR

4Ω2

4



−(τfq − av)(23 + µ2x + µ2y)

+2(µz − λ0)µx

−(τfq − av)µy

+(µz − λ0)(Klon + 1)
(τfq − av)µx 0

(τfp− bv)(23 + µ2x + µ2y)

+(µz − λ0)µy
(τfp− bv)µy

−(τfp− bv)µx

+(µz − λ0)(Klat + 1)
−R4

T σT aTn
2

R4σMaM
(u2 + w2 + 2

3)

2
3 + µ2x + µ2y −µy µx 0

−(τfp− bv)(23 + µ2x + µ2y)hM

+(µz − λ0)µyhM

−(τfp− bv)µyhM −KlatKβ

+(µz − λ0)KlathM
(τfp− bv)µxhM

R4
T σT aTn

2

R4σMaM
(u2 + w2 + 2

3)hT

−(τfq − av)(23 + µ2x + µ2y)hM

+2(µz − λ0)µxhM
−(τfq − av)µyhM

(τfq − av)µxhM −KlonKβ

+(µz − λ0)KlonhM
0

R(µz − λ0)43 −R(µz − λ0)µy R(µz − λ0)µx
R4

T σT aTn
2

R4σMaM
(u2 + w2 + 2

3)lT



u

(4.20)
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4.4 Sliding Mode Control (SMC)

Sliding mode control is a special case of variable structure control (VSC) developed in

the USSR (Edwards and Spurgeon, 1998). It uses discontinuous switching control to

accommodate the system’s matched uncertainties and parameter variations. This ability

to be invariant to uncertainties makes the SMC attractive for PFTC in literature.

SMC of the rotorcraft is developed herein, is set up in a similar architecture as it was

done for the PID controllers by separating faster dynamics from slower dynamics ones.

According to Enns and Keviczky (2006), the reduced state model is created using resid-

ualisation of the state equations leaving only the fast dynamics. This way, the system in

Equation 4.20 is reduced to a square affine-in-control form:

ẋ4×1 = f(x)4×1 + g(x)4×4u4×1, (4.21)

where x ∈ ℜ4 = [w p q r]T is the new state vector and, f(x) ∈ ℜ4×1 and g(x) ∈ ℜ4×4

are similarly reduced.

Assumption 8. The system in Equation 4.21 is Lipschitz continuous on a compact set

Ω ⊆ ℜ (called the flight envelope) such that a solution f(xtrim) = 0 is unique for the

selected xtrim ∈ ℜn.

To investigate the consequence of uncertainties and disturbances on the developed con-

troller, the system in Equation 4.21 is rewritten as follows:

ẋ4×1 = f(x)0 +∆f(x) + (g(x)0 +∆g(x))u4×1 + d(t), (4.22)

where f(x)0 and g(x)0 are the nominal parts of the system. ∆f(x) and ∆g(x) are

caused by system parameters variations, such as changes in the rotorcraft’s mass. d(t)

is the system disturbance due to external influences. The rest of the SMC developments

are based on the following assumptions:

Assumption 9. ∆f and ∆g are bounded such that |∆f | > f̄ and |∆g| > ḡ, where f̄

and ḡ are vectors of positive constants.

Assumption 10. d(t) is globally bounded such that d(t) > d̄, where d̄ is vector of positive

constants.

For matched uncertainties ∆f(x) = g(x)F (x)u. Then Equation 4.22 becomes:

ẋ = f(x)0 + g(x)0u︸ ︷︷ ︸
nominal

+ [g(x)F (x) + ∆g(x)]u︸ ︷︷ ︸
matched uncertainty

+ d(t)︸︷︷︸
disturbance

. (4.23)
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Unmatched uncertainties that go beyond the threshold will cause degradation to the

controller and the system. Therefore, the uncertainties dealt with in this thesis are only

the matched kind.

The architecture of the SMC investigated is shown in Figure 4.2. Included in the figure

is the optimisation process followed to fine-tune the controller gains. The xd and yd

translation are controlled by PID controller. This PID controller will output the desired

pitch and roll angles of the rotorcraft in the FB frame.

The first step in developing the SMC is to design the sliding surface or manifold such

that the system has the desired performance when restricted to it, then followed by the

development of the control law that forces the system state towards the sliding surface

in finite time and keep it there; thereby encouraging the state to slide along the surface.

This is achieved by using a discontinuous function chosen carefully in order for the state

to be driven to the surface. The forcing of the system to this condition is known as the

sliding mode (Perruquetti and Barbot, 2002).

During the sliding phase of the SMC, one sets the desired performance in a sliding surface

σ = σ(x), where x is the system state whose performance is desired.

For tracking control problem, the sliding surface σ is designed as a function of the error

signal e instead of it being a function of x, the state vector. The sliding surface σ is

defined as follows:

σ = λe+ ė (4.24)

where e, is the error for each system state, is defined as the difference between the current

state x and the desired or reference state xd supplied by commanded trajectory.

e = [eϕ eθ eψ ex ey ez]
T (4.25)

= [ϕ− ϕd θ − θd ψ − ψd x− xd y − yd z − zd]T . (4.26)

λ is a diagonal matrix of positive constants, λ = diag(λϕ, λθ . . . λz) > 0. The positiveness

of λ is required by Hurwitz stability condition to ensure that e→ 0 as t→∞ and hence

σ = 0 is attained. The time-derivative of the sliding surface results in:

σ̇ = λė+ ë. (4.27)
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Figure 4.2: The control system architecture of the rotocraft SMC.
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When the system in Equation 4.21 is confined to the designed sliding surface, this implies

that a steady state has been reached and σ(x) = 0 and σ̇(x) = 0. In order to satisfy

this condition, a control law is designed. SMC requires the calculation of an equivalent

control term which is able to maintain the state trajectory along the sliding surface once

it is reached and the switching input which is responsible for driving the system towards

the sliding surface. The control law is given as follows:

u = ueq + usw, (4.28)

where ueq is dependent on the desired value and the state variables, while usw is based

on the sliding surface.

The time derivative of σ(x) is given as follows:

σ̇(x) =
∂σ

∂x
ẋ =

∂σ

∂x
(f(x) + g(x)u) = 0. (4.29)

Solving Equation 4.29 for the input u that is required for σ̇(x) to be equal to zero, is

finding the solution of the equivalent control ueq. For the affine-in-control system as

Equation 4.21, the equivalent control, ueq, is found when σ̇ = 0, as follows:

ueq = −(σ(x)g(x))−1σ(x)f(x). (4.30)

In order to guarantee that the system state trajectory is driven to the sliding surface

σ(x) = 0, usw is designed such that σ(x)σ̇T (x) ≤ −κ ∥σ(x)∥ is satisfied, where κ is the

reachability constant vector and the inequality is called the “reachability condition”. For

guaranteed reachability the following is satisfied.

σ̇(x) =
∂σ

∂x
ẋ =

∂σ

∂x
(f(x) + g(x)u), (4.31)

σ(x)σ̇T (x) =σ(x)
∂σ

∂x
(f(x) + g(x)u) ≤ −κ ∥σ(x)∥ . (4.32)

From Equation 4.32, the control that guarantees reachability is developed and the reaching

phase is asymptotically stable in Lyapunov sense. In the subsections that follow, two

different types of SMCs are developed for the rotorcraft control based on the sliding

surface presented in Equation 4.24.

4.4.1 Conventional sliding mode control (CSMC)

The CSMC is developed in order to compare its performance to the super-twisting sliding

mode control (STSMC). The sliding surface in Equation 4.24 is used in a traditional sense.
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When the system has reached the sliding surface, both σ = 0 and σ̇ = 0. The following

is required so that the states are always pointing towards the sliding surface:

σ̇ = λė+ ë = −Ksgn(σ), (4.33)

where K is a positive definite diagonal matrix whose size is determined by the number

of controlled variables.

Substituting Equation 4.23 into Equation 4.33.

λė+ ẍ− ẍd = −Ksgn(σ)

(4.34)

The control input is then found to be:

u = g(x)−1(ẍd − f(x)− λė−Ksgn(σ)), (4.35)

where g(x)−1 is nonsingular (Fu et al., 2012). If g(x) is not square a Moore-Penrose

pseudo-inverse of g(x) can be found provided that g(x)g(x)T is invertible, using the

following matrix multiplication. g(x)T (g(x)g(x)T )−1.

To prove that the selected sliding surface is attractive and therefore guarantees conver-

gence, we use the candidate Lyapunov function V = 1
2σσ

T . The sufficient condition for

attraction is that V̇ should be negative definite. Therefore:

V̇ = σσ̇, (4.36)

= σ(−Ksgn(σ)), (4.37)

= −K|σ|, (4.38)

that is, for positive definite gain matrix K, V̇ will be negative definite. Hence, the system

will be asymptotically stable.

σ̇ = f(x) + ∆f(x) + (g(x) + ∆g(x))u+ λė, (4.39)

substituting 4.35 into 4.39, we get

σσ̇ = σ(−ẍd + f(x) + ∆f(x) + (g(x) + ∆g(x))(g(x)−1(ẍd − f(x)− λė−Ksgn(σ))) + λė),

= σ
(
∆f(x)−Ksgn(σ) + ∆g(x)g(x)−1(ẍd − f(x)− λė−Ksgn(σ))

)
. (4.40)

If we define ẍd − λė = ξ, then

σ{∆f(x) + ∆g(x)g(x)−1ξ −∆g(x)g(x)−1f(x)} −Ksgn(σ)−K∆g(x)g(x)−1sgn(σ),

≤ −κ|σ| (4.41)
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and using the fact that

Ksgn(σ) <K||σ||2,

K∆g(x)g(x)−1sgn(σ) ≤K||σ||2 · ||∆g(x)|| · ||g(x)−1sgn(σ), || (4.42)

we get

||σ|| · {||∆f(x)||+ ||d||+ ||∆g(x)|| · ||g(x)−1ξ|| −K +K||∆g(x)|| · ||g(x)−1sgn(σ)||}

≤ −κ||σ||, (4.43)

||σ|| · {f̄ + d̄+ ḡ||g(x)−1ξ|| −K +Kḡ||g(x)−1sgn(σ)||}

≤ −κ||σ||, (4.44)

then solve for K

K =
f̄ + d̄+ ḡ||g(x)−1ξ||+ κ

1− ḡ||g(x)−1sgn(σ)||
. (4.45)

In order to guarantee that K > 0, the following sufficient condition is enforced (Chang,

1991):

ḡ||g(x)−1sgn(σ)|| < 1. (4.46)

During the optimisation process that is discussed in the sequel, this condition is always

checked so that the numerical experiment avoids the situation where the system dynamics

are ill-defined.

4.4.2 Super-twisting sliding mode control (STSMC)

The sliding surface for the STSMC is the same as the one for CSMC. STSMC differs in

the type of switching function used (Nagesh and Edwards, 2014). STSMC was developed

to control systems with relative degree one in order to reduce chattering. The switching

control input is found as follows:

usw = −K
√
|σ|sgn(σ) + v, (4.47)

v̇ = −Msgn(σ), (4.48)

where K and M are positive definite diagonal matrices. In this case usw is continuous

since
√
|σ|sgn(σ) is continuous and v = M

∫
sgn(σ)dt is also continuous due to it being

buffered by the integral.
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If we rewrite

σ̇(x) =
∂σ

∂x
ẋ =

∂σ

∂x
(f(x) + g(x)u) = h(t,x) + b(t,x)u (4.49)

and there exist positive diagonal matrices of constants C, Km, and KM such that Km ≤

b(t,x) ≤ KM . To guarantee the finite robust convergence of the controller parameters

K and M , the necessary condition that must be satisfied is given by:

2(KmM +C)2

K2K2
m(KmM −C)

< 1 (4.50)

This condition is achieved when KmM > C.

Theorem 1. With KmM > C and K sufficiently large, the controller in 4.48 guarantees

σ = σ̇ = 0 in system 4.49, which attracts the trajectories in finite time. The control u

enters in finite time the segment [−Um, Um] and stays there. It never leaves the segment,

if the initial value is inside at the beginning.

Proof. See in (Shtessel et al., 2014)

Therefore, to guarantee stability the values must be M >K−1
m C and K is chosen as:

K2 =
2(KmM +C)2

K2
m(KmM −C)

(4.51)

These values can be found analytically in a trivial system. For a coupled MIMO system

such as the rotorcraft, however, it is more complex. The computational intelligence

optimisation algorithms are used to find these values.

The scheme used to find the switching function of the STSMC is shown in Figure 4.3

(Anderson Azzano et al., 2019).

Figure 4.3: The scheme used to find the STSMC switching function.
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4.4.3 Dealing with chattering

As mentioned, conventional SMC exhibits chattering due to its discontinuous nature.

Chattering is caused by the following (Liu et al., 2020):

� Unmodelled dynamics;

� Digital controller with finite sampling rate.

Without uncertainty the equivalent control would be exact and keep the system state

trajectory on the sliding surface. Also with infinite sampling there would be no chattering.

However such systems do not exist in real life.

To reduce chattering, instead of the sgn(·) function, we use the tanh(·) function (Liu,

2017). To be used as a substitute, it is shown that the following results must hold:

Lemma 1. (Liu, 2017) Given a scalar x and a positive scalar ϵ, then the following

inequality holds:

x tanh
(x
ϵ

)
≤

∣∣∣x tanh(x
ϵ

)∣∣∣ ≤ |x| ∣∣∣tanh(x
ϵ

)∣∣∣ . (4.52)

Then it follows that:

x tanh
(x
ϵ

)
= x

e
x
ϵ − e−

x
ϵ

e
x
ϵ + e−

x
ϵ

=
1

e2
x
ϵ + 1

x(e2
x
ϵ − 1). (4.53)

Since:

e2
x
ϵ − 1 ≥ 0 if x ≥ 0, (4.54)

e2
x
ϵ − 1 < 0 if x < 0, (4.55)

then the following is always true:

x(e2
x
ϵ − 1) ≥ 0, (4.56)

therefore:

x tanh
(x
ϵ

)
=

1

e2
x
ϵ + 1

x(e2
x
ϵ − 1) ≥ 0. (4.57)

Although, the use of tanh(·) reduces chattering in the system, it does not guarantee

asymptotic tracking. Depending on the choice of ϵ the controller can be said to provide

uniform ultimate boundedness instead.
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4.4. SLIDING MODE CONTROL (SMC)

The action of chattering using tanh is depicted by Taylor’s series expansion as follows:

tanh(σ) = σ(1− σ2/3 + (2/15)σ4 + . . . ) for |σ| ≤ π/2. (4.58)

Chattering occurs in the vicinity of the sliding surface, σ ≈ 0. Therefore the series can

be truncated to be

tanh(σ) ≈ σ. (4.59)

According to Maharaj (1994), the smoothing of the sliding surface is defined as follows:

σ̇ = ∆f(x) + ∆g(x)g(x)−1ξ −∆g(x)g(x)−1f(x)−Kσ −K∆g(x)g(x)−1σ, (4.60)

σ̇ +K(1 + ∆g(x)g(x)−1)σ = ∆f(x) + ∆g(x)g(x)−1(ξ − f(x)). (4.61)

This represents a first-order low-pass filter with the uncertainties as inputs and K(1 +

∆g(x)g(x)−1) defining the cut-off frequency. Edwards and Spurgeon (1998) showed that

when the switching control signal is passed through a low-pass filter the equivalent control

is recovered. Therefore, using the low-pass filter action of the tanh(·), the equivalent

control is used to maintain the system trajectory on the sliding surface, while still being

invariant to uncertainties and disturbances.

4.4.4 Controller tuning strategies

The parameters of the SMC controllers discussed above are found using the manual tun-

ing method first, then after by the computational intelligence optimisation algorithms as

discussed in Chapter 3. Manual tuning is effective in small and simple system. However,

in large, coupled MIMO systems with many DOF, manual tuning becomes tedious and

difficult due to the optimisation problem’s dimension explosion. For this reason compu-

tational intelligence algorithms are used.

The tuning algorithms are used to find the candidate solutions si = {λ, K} for CSMC

and si = {λ, K, M} for STSMC respectively. The computed solutions are evaluated

according to the following objective function:

J =
1

T

∫ T

0

[(
xd − x
xmax

)2

+

(
yd − y
ymax

)2

+

(
zd − z
zmax

)2

+

(
θd − θ
θmax

)2

+

(
ϕd − ϕ
ϕmax

)2

(4.62)

+

(
ψd − ψ
ψmax

)2

+

(
δcol

δcolmax

)2

+

(
δlon

δlonmax

)2

+

(
δlat

δlatmax

)2

+

(
δped

δpedmax

)2 ]
dt.
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Two optimisation algorithms are investigated in this chapter. These are PSO and ACO. It

was seen in the previous chapter that ALO and FA were not effective in the benchmarking

exercise.

4.5 Simulation Results and Discussion

A numerical simulation of the rotorcraft system in Figure 4.19 and the SMC controllers

for trajectory tracking of z and regulating ϕ, θ, ψ were designed and implemented in

MATLAB®/ Simulink®. A Bogacki-Shampine solver was used with the sampling time

of 1 kHz.

4.5.1 SMC parameter optimisation

The following different SMC controller gains optimisation techniques were employed:

1. Manual tuning (MT) method;

2. Particle Swarm Optimisation;

3. Continuous Ant Colony Optimisation.

The reason for choosing these two algorithms is that the ACO outperformed in the pre-

vious chapter and the PSO has a reputation for generally performing well across a wide

range of optimisation problems (Platt et al., 2018). These techniques were used to find

λ,K for the SMC, with eight variables, and λ,K,M for the STSMC parameters, with 12

variables. The first set of non-optimal SMC controllers’ gains were found using manual

tuning (trial and error) method until the desired performance was attained. The sec-

ond set of optimised SMC controllers’ gains was found using PSO. The final optimised

SMC controllers’ parameters were found using continuous ACO. These methods were also

applied to STSMC tuning.
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4.5. SIMULATION RESULTS AND DISCUSSION

The values of SMC controllers’ gains found using the MT, PSO and ACO techniques are

given in Table 4.1. The convergence history of the SMC optimisation is shown in Figure

4.4.

Figure 4.4: SMC convergence history of the fitness value for ACO and PSO over 100

iterations.

Table 4.1: Tuned SMC parameters using the proposed optimisation techniques.

SMC z λ K M

MT 200 20.0 −
PSO 153 13.8 −
ACO 154 12.7 −
SMC ϕ λ K M

MT 5.00 1.00 −
PSO 6.61 4.30 −
ACO 18.0 15.3 −
SMC θ λ K M

MT 5.00 1.00 −
PSO 7.47 1.72 −
ACO 20.6 3.09 −
SMC ψ λ K M

MT 40.0 20.0 −
PSO 35.4 4.18 −
ACO 33.2 14.9 −
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For each of the optimisation algorithms, twenty trials were executed and the best result

was chosen based on the gains that give the lowest cost function value. Figure 4.5 shows

how the system fitness value changes as the iteration increases. Notice that the ACO

algorithm converges after 51 iterations, and the PSO converges after 74 iterations for

SMC. For STSMC the PSO converges faster than the ACO as shown in Figure 4.5. The

optimal gains returned from the STSMC tuning process for each optimisation algorithm

are listed in Table 4.2.

Figure 4.5: STSMC convergence history of the fitness value for ACO and PSO over 100

iterations.

Table 4.2: Tuned super-twisting SMC parameters using the proposed optimisation tech-

niques.

STSMC z λ K M

MT 200 20.0 5.00

PSO 245 40.2 3.37

ACO 116 79.3 17.9

STSMC ϕ λ K M

MT 5.00 2.00 10.0

PSO 4.98 1.22 3.73

ACO 8.45 1.36 6.90

STSMC θ λ K M

MT 5.00 2.00 10.0

PSO 5.33 4.46 2.00

ACO 7.67 3.10 5.96

STSMC ψ λ K M

MT 40.0 20.0 10.0

PSO 27.7 30.5 2.88

ACO 24.9 38.2 11.6
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4.5.1.1 Hover

The gain values found for the MT, PSO and the ACO controllers are compared for the

rotorcraft in hover to determine the best performing controller. The position tracking

graphs shown in Figure 4.6, the SMC tracking for the PSO-based SMC is superior to the

others. The manually-tuned SMC has a higher z tracking error than the other methods.

However, this is below the specified 20 cm steady-state error.

Figure 4.6: Comparing PSO and ACO SMC displacement tracking in hover.

The control effort produced in each axis is shown to be within the specified range as

illustrated in Figure 4.8. There is evidence that the manually-tuned SMC applied less

collective than the other controllers. This explains why the z tracking error is higher in

Figure 4.6.

Although, the PSO-based SMC has the highest pitch error, as shown in Figure 4.7, in the

sub-figure, however the effectiveness of produced force is similar for the three methods as

depicted in Figure 4.8. Also, both the ACO-based SMC and the PSO-based SMC exhibit

transient oscillations before settling.
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4.5. SIMULATION RESULTS AND DISCUSSION

Figure 4.7: Comparing PSO and ACO SMC Euler angles’ tracking in hover.

Figure 4.8: Comparing PSO and ACO SMC control inputs for the rotorcraft in hover.

The graphs for the STSMC controllers are shown in Figures 4.9 to 4.11. When comparing

the two controller types, it can be observed that while the SMC exhibits steady-state

error, the STSMC does not. Additionally, it is notable that the control inputs for both

types of controllers do not exhibit chattering and instead present smooth force control.

This suggests that the inclusion of tanh attenuates the chattering normally found in
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conventional SMC. On the other hand, the STSMC is designed to not have chattering

Figure 4.9: Comparing PSO and ACO STSMC displacement tracking in hover.

Figure 4.10: Comparing PSO and ACO STSMC Euler angles’ tracking in hover.
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Figure 4.11: Comparing PSO and ACO STSMC control inputs for the rotorcraft in hover.

.
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4.5.1.2 Forward flight

The controllers are further compared for the rotorcraft in 10 m/s forward flight to de-

termine the best performing. Unlike the PID controller set presented in the previous

chapter, the SMC variants do not require retuning to move from hover to forward flight

as can be seen in Figures 4.12-4.14. The position tracking graphs shown in Figure 4.12,

the tracking for the PSO-based STSMC is superior to the others. The ACO-based SMC

has a higher z tracking error than the other methods. However, this is below the specified

20 cm steady-state error.

Figure 4.12: Comparing PSO and ACO SMC displacement tracking for the rotorcraft in

forward flight.

The control effort produced in each axis is shown to be within the specified range as illus-

trated in Figure 4.14. It is worth noting that the control input does not have chattering

as expected.

130



4.5. SIMULATION RESULTS AND DISCUSSION

Figure 4.13: Comparing PSO and ACO SMC velocities for the rotorcraft in forward flight.

Figure 4.14: Comparing PSO and ACO SMC control inputs for the rotorcraft in forward

flight.

The corresponding STSMC outputs for forward flight are shown in Figures 4.15-4.17.

The noted difference to SMC in position is that all STSMC position converge to a zero

steady-state error even in forward flight.
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4.5. SIMULATION RESULTS AND DISCUSSION

Figure 4.15: Comparing PSO and ACO STSMC displacement tracking for the rotorcraft

in forward flight.

Figure 4.16: Comparing PSO and ACO STSMC velocities for the rotorcraft in forward

flight.

.

132



4.5. SIMULATION RESULTS AND DISCUSSION

Figure 4.17: Comparing PSO and ACO STSMC control inputs for the rotorcraft in for-

ward flight.

To gain insight into the internal stability behaviour of the SMC and the STSMC controllers

developed, the phase-plane portraits are analysed. The z-axis tracking error is utilised.

The error is plotted against the error rate. The phase-plane portraits of the hover and

forward flight for SMC are shown in Figure 4.18. The corresponding phase-plane portraits

for STSMC are shown in Figure 4.19 It can be seen that the SMC controller do not

converge to a zero steady state. Instead they remain bounded in a small region. This

shows bounded-input bounded-output stability

Figure 4.18: SMC phase-plane portraits of the hover (a) and forward flight (b).
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On the other hand, the STSMC portrait shows convergence to a zero steady-state error.

This shows that when the initial conditions are in a given small area, the error trajectory

does not escape a given region and subsequently converges to zero in finite time. The

circles shows that the STSMC oscillates before settling at zero. The SMC does not

oscillate as can be seen by the linear sliding surface. The non-zero convergence can be

attributed to the tanh() which was used for chattering attenuation.

Figure 4.19: STSMC phase-plane portraits of the hover (a) and forward flight (b).

4.5.2 Robustness to parameter variations and external disturbances

The rotorcraft is subjected to change in its parameters and the performance of the de-

signed controllers is analysed. The following parameter variations and disturbances are

imposed on the rotorcraft and to see how the respective controllers react:

� The mass of the rotorcraft will be varied from 50, 100 and 200%;

� The moments of inertia will be varied from 50, 100 and 200%;

� The rejection of wind gust of up to 5m/s;

� The LOE of one of the three actuators by 10, 20 and 40% effectiveness.

SMC is known for its robustness. In the control of the rotorcraft, a number of tests are

conducted to evaluate the effectiveness of SMC and STSMC when the system parameters

are changed. The PSO-based STSMC was found to be the superior of the developed SMC

controllers. When only one controller is tested, the PSO-based STSMC is assumed.
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The first test is the change in rotorcraft mass. It can be seen from Figure 4.20 that the

controller is able to keep the rotorcraft in stable hover for up to 200% changes in the mass

of the aircraft. The control inputs to stabilise the system are shown in Figure 4.21.

Figure 4.20: Comparing robustness to mass variations for position in hover.

Figure 4.21: Comparing robustness to mass variations control inputs in hover.

The second test is to vary the inertia tensor of the rotorcraft. Figures 4.22 and 4.23 show
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that the controller stuggles to stabilise the rotor but succeeds. The larger the variations

the more oscillation is experienced, especially as seen in the longitudinal and lateral axes.

Figure 4.22: Comparing robustness to inertia tensor variations for position in hover.

Figure 4.23: Comparing robustness to inertia tensor variations control inputs in hover.
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The third test is the rotorcraft’s response to gust winds. A gust is applied at 7s. Figures

4.24 and 4.25 show the position of the rotorcraft in hover and the control efforts applied

to keep the rotorcraft in its hovering position during this disturbance. The controller is

able to reject the wind gust and maintain the rotorcraft within hover specification.

Figure 4.24: Comparing robustness to gust disturbance position in hover.

Figure 4.25: Comparing robustness to gust disturbance control inputs in hover.
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Figures 4.26 and 4.27 show the position of the rotorcraft in forward flight and the con-

trol efforts applied to keep the rotorcraft in its steady forward flight during the gust

disturbance.

Figure 4.26: Comparing robustness to gust disturbance position in forward flight.

Figure 4.27: Comparing robustness to gust disturbance control inputs in forward flight.
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4.5.3 Actuator fault tolerance

The attraction of SMC is that it is useful for passive fault tolerance. In this section the

rotorcraft is subjected to actuator faults. The faults are limited to the the forward pitch

actuator which will result in a reduced effectiveness on the pitch control channel. The

fault is injected at 7 s during level and steady flight. The PSO-based STSMC was used

for fault tolerance.

Figure 4.28 shows the rotorcraft response in position when subjected to 10%, 20% and

40% reductions in effectiveness. A disturbance can be seen after 7 s, but the controller

does well to recover. The inputs used in order to recover from the fault are shown in

Figure 4.29. It is seen that more effort is required in the δlon in order to retain control of

the helicopter. The greater the error, the more control input is required.

Figure 4.28: Comparing robustness of the RUAV position for different levels of loss-of-

effectiveness.
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Figure 4.29: Comparing robustness of the RUAV control inputs for different levels of

loss-of-effectiveness.

4.5.4 Comparing the two optimisation algorithms

To further test whether the difference between the tuning conducted using PSO and

ACO algorithms is statistically significant or not, the optimisation data is subjected to

statistical tests (Coffin and Saltzman, 2000). The results of these tests are summarised in

Tables 4.3 and 4.4, and are discussed. The null-hypothesis is presented stating that “there

is no difference between the SMC gains tuned using PSO and the ones tuned using ACO in

tuning the respective controllers.” The SMC F-score, t-score and p-value are 1.13×10−5,

0.065 and 0.029 respectively. This means the performance of PSO is significantly better

than that of ACO in this exercise.

Table 4.3: Statistical test for comparing PSO and ACO used to tune the SMC.

PSO-SMC ACO-SMC

Mean 1.48× 10−3 1.52× 10−3

SD 8.1× 10−5 2.6× 10−5

F-score 1.13× 10−5

t-test score 0.065

p-value 0.029

The summary of comparing PSO and ACO tuning for the STSMC is shown is Table 4.4.

The STSMC F-score, t-score and p-value are 8.7 × 10−2, 0.147 and 0.075 respectively.
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PSO is better than ACO, but not significantly. Overall, PSO does provide better tuning

when compared to ACO, however, the null-hypothesis can not be rejected due to the

p-value being greater than 0.05.

Table 4.4: Statistical test for comparing PSO and ACO used to tune the STSMC.

PSO-STSMC ACO-STSMC

Mean 1.34× 10−3 1.41× 10−3

SD 2.2× 10−5 3.2× 10−5

F-score 8.7× 10−2

t-test score 0.147

p-value 0.075

It was shown that the PSO perform significantly better than the ACO. Therefore, only the

PSO-based SMC and STSMC are compared in Table 4.5. The null-hypothesis is stated

as follows: “there is no difference between the performance of the optimised-SMC and

optimised-STSMC.” The F-score of 0.06687, t-score of 0.000142 and p-value of 0.000229

means that the performance of the two optimised controllers are significantly different.

Therefore the null-hypothesis is rejected.

Table 4.5: Statistical test computation for comparing conventional SMC and STSMC.

SMC vs. STSMC

F-score 0.06687

t-test score 0.000142

p-value 0.000229

At this point it should be pointed out that the statistical analysis results presented only

apply to the optimisation problem under investigation. The rejection of the hypothesis

does not imply that PSO is generally better performing than ACO. Mirjalili and Dong

(2020) studied this dilemma on what is referred to as the “no-free lunch Theorem”. The

authors found that optimisation algorithms cannot be classified as generally better or

worse than others. When comparing these algorithms, one that performs best in one task

can be the worst performing in another task. They recommend evaluating a number of

algorithms for each problem of interest.

4.6 Chapter Summary

During literature review it was found that most controllers in the field are not properly

tuned. A simulation-based research was conducted to determine the optimal SMC pa-
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rameters for the rotorcraft. The performance of a SMC and STSMC controllers designed

for a rotorcraft UAV were presented in this chapter. The objective was to investigate the

application of PSO and ACO algorithms to the two types of sliding mode controller for

gains tuning. These optimisation techniques were benchmarked against manually-tuned

SMC controllers. There are 8 parameters for CSMC and 12 for STSMC optimisation

problem. A detailed stability analysis using the Lyapunov method was presented. In

addition to that, the smoothing of the control action with the sign() function replaced

by tanh() function was derived and shown to represent a first-order low-pass filter. These

results mathematically showed the mechanism of how the chattering is eliminated.

The designed CSMC and STSMC controllers were evaluated by for the control of x, y and

z in hover and in forward flight. Simulation results showed that the PSO-based STSMC

controller performed better than the ACO-tuned STSMC in terms of pitch tracking error.

In terms of translation tracking, the ACO results are comparable to the PSO. Even

though the results of PSO-based STSMC and ACO-tuned STSMC are comparable, the

ACO algorithm converges faster than the PSO optimisation. Statistical tests show that

the PSO-based STSMC controllers perform significantly better that the other controllers.

It was also shown that the PSO-based system is robust and bounded stable for actuator

loss-of-effectiveness of up to 40%. The effectiveness of the optimised STSMC over the

conventional SMC for the rotorcraft control at hand was demonstrated using statistical

tests.
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Chapter 5

Active Fault-Tolerant Control of

Rotorcraft for Integrated

Flight-Propulsion Control by

Application of Dynamic Neural

Network-based Feedback

Linearisation

In the previous chapters we presented PID and SMC controllers of the medium-

scale rotorcraft. This chapter presents the development of a Dynamic Neural

Network-based fault-tolerant controller. Two popular indirect methods based

on DNN are presented that is feedback linearisation and active fault-tolerant

control using DNN as the fault detection and diagnosis method.

5.1 Active Fault-Tolerant Control (AFTC)

Actuators are the link between the user-input commands, the system control and the

desired rotorcraft response or physical action. When there are no faults in the system,

this link is carried out to completion without issues (Zhong et al., 2018). However,

during an actuator fault the system can react unexpectedly to what is commanded and

result in rotorcraft instability. This could lead eventually to failure of the mission or

adversely to the loss of the rotorcraft and, worst of all, loss of life. As demonstrated

in the previous chapter, small to medium faults can be handled by a robust passive
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fault-tolerant controller such as the SMC. More severe faults leading to total disablement

of system function require AFTC which is capable of detecting the presence of such

a fault, isolating its location and estimating its magnitude. This chapter presents the

development of intelligent AFTC with the ability to handle swashplate actuator faults

while distinguishing them from deliberate changes in rotor speed. The changes in the

rotor speed are treated as a system disturbance.

One of the major reasons for failure of most controllers is the lack of proper gain-tuning.

Whether this has an impact on the controller’s ability to handle faults is still an open

research topic. Computational intelligence techniques have been put forward to overcome

this problem by a number of authors (Ramalakshmi et al., 2013; Mpanza and Pedro,

2021). Ramalakshmi et al. (2013) used PSO algorithm and its modified form to tune

PID controllers of a 2-DOF model helicopter. These were compared to GA-based PID

controllers. Through simulation, it was shown that the modified PSO-tuned parameters

produced better command tracking and less steady-state error. In (Mpanza and Pedro,

2021), the authors compared the tuning of PID controller gains of a full 6-DOF rotor-

craft based on PSO, ACO and CS. The tuning was done for hover and 10 m/s forward

flight. With computational simulation results, the optimisation algorithms were shown

to give better performance. Rodŕıguez-Molina et al. (2020) reviewed the application of

multi-objective optimisation (MOO) for tuning controllers and showed that MOO can

handle the trade-offs among conflicting control performance objectives. Zhou and Zhang

(2019) compared a non-dominated sorting genetic algorithm II (NSGA-II) to the multi-

objective evolutionary algorithm (MOEA) for tuning PID controllers applied to an aerial

manipulator.

The nonlinear nature of rotorcraft has motivated authors to propose application of differ-

ent nonlinear controllers, such as: feedback linearisation (FBL) (Lee et al., 2009), sliding

mode control (Nonaka and Sugizaki, 2011; Mokhtari and Cherki, 2015), and neural net-

work (NN)-based controllers. The idea of feedback linearisation is to cancel out systems’

nonlinearity, thereby rendering the rotorcraft linear in its input-output relation. Lee

et al. (2009) applied FBL and compared it to SMC on a quadrotor. Since FBL requires

a number of derivatives of the output to expose the input, it is highly sensitive to noise.

NN-based system identification and controllers have seen a resurgence lately, mainly due

to availability of compact and affordable processing platforms. NNs are able to approx-
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imate any arbitrary nonlinear system given adequate input-output data (Isermann and

Münchhof, 2010). Numerous efforts on system identification have been applied on both

the multi-layer perceptron (MLP) and radial basis function (RBF) to model complex sys-

tems (Majhi and Panda, 2011; Ugalde et al., 2015). Even though NN are able to model

complex systems, this comes at a cost of large number of hidden nodes and the weights

to be trained. NNs also lack the ability to model dynamic data due to their inability to

preserve historic knowledge (Adeyemi et al., 2018). As a result, they fail to incorporate

the temporal dimension of a system such as the rotorcraft under investigation (Shoaib

et al., 2016).

Dynamic NN are more suitable for dynamic systems such as rotorcraft; due to their in-

herent ability to handle time-series data (Garces et al., 2003). NN is applied as direct

adaptive control, i.e., used as the actual system controller or indirect adaptive, used for

system identification and control (Suprijono and Kusumoputro, 2017). DNN in combi-

nation with FBL has been applied successfully in multi-input and multi-output systems

(Pedro et al., 2018; Naimi et al., 2020). In (Pedro et al., 2018), the DNN system iden-

tification model of a suspension system and the accompanying PID gains were tuned

using the PSO algorithm. Naimi et al. (2020), applied quasi-Newton optimisation to a

multi-input single-output pressurised water reactor. Both these reported methods are

single-objective optimisation. However, none has been applied to rotorcraft system and

none use multi-objective optimisation to tune the controller gains.

Other intelligent control strategies have been used successfully for system identification

such as the Takagi-Sugeno (T-S) fuzzy system that provides an intuitive rule-based rep-

resentation of a nonlinear system (Liu, 2018; Singh and Bhushan, 2020). The T–S fuzzy

system is suitable for the piecewise linear control system representation which limits its

application to rotorcraft control.

5.1.1 Fault Detection and Isolation (FDI) Model

The research presented here is focused on the controller part of the active FTC. How-

ever, for completeness this section presents a brief introduction into a useful FDI mech-

anism. According to Blanke et al. (2006), FDI has been studied since the 70s. For the

requirements of an AFTC, two system blocks are required: fault detection and diag-

nosis/identification, and fault reconfiguration. Fault detection measures the signals of
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interest and compares them with the ideal model signals. If enough deviation is detected

this information is sent to the control system to be reconfigured. Control reconfiguration

alters the controller in order to account for the fault detected.

Desirable properties of an FDI system are (Blanke et al., 2006; Zheng et al., 2016; Zol-

ghadri et al., 2014):

1. Early detection;

2. High sensitivity (detection rate) and performance (low false alarm); and

3. Robustness to noise and other disturbances.

The strategy to adopt and the level of performance that can be recovered depends on the

following (Noura et al., 2009):

1. The complexity of the process under investigation;

2. The availability of redundancy in the system - be it hardware or analytical;

3. The severity of the estimated fault; and

4. The level of performance required of the system

Nyulászi et al. (2018) used multi-models based on ARX for FDI on an aircraft turbojet

engine. Data was collected from a small turbojet engine using multiple sensors. This

input-output data was then used to train the ARX model. An expert voting system

was used to detect system deviations from nominal. This arrangement was successful in

detecting engine fault in a laboratory setup. Taimoor and Aijun (2020) used a MLPNN

for model-based FDI of aircraft actuators and sensors of a Boeing 747-100 aircraft. The

authors added an extended Kalman filter (EKF) to adapt the weights of the MLPNN

online to improve the precision of the fault detection of the sensors and actuators. This

method was validated on a Boeing 747/200 nonlinear model and was found to be better

and quicker than traditional MLPNN. Amozegar and Khorasani (2016) compared DNNs,

to MLPNN and RBFNN for identifying faults in a gas turbine engine. The ensemble of

the three models was also created. While RBFNN performed best as a single model, the

ensemble outperformed all three strategies in terms of accuracy and reliable performance.
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The preceding are examples of model-based fault detection. There is also a large literature

that reports on filters/observer-based fault detection. Bateman et al. (2011) applied EKF

to the FDI problem on a F-16 model. This was compared to the robust Kalman filter

(RKF). The latter was found to be more effective in detecting actuator/control surfaces

faults. An improved robust adaptive Kalman filter (RAKF) was used to detect faults

on a fixed-wing UAV (Hajiyev and Soken, 2013) and the implementation compared to

optimal Kalman filter (OKF). The RAKF proved to be effective even under harsh envi-

ronmental conditions. Pérez et al. (2018) implemented third-order sliding mode observer

to generate a residual for fault detection. The STSMC had a better detection rate than

the continuous-twisting SMC (CTSMC).

As effective as they are, filter-based methods are computationally expensive when com-

pared to model-based FDIs. Therefore for this study, the DNN-based FDI is used to

find actuator fault on the swashplate. The rest of this chapter discussed dynamic neural

networks and its application to both FBL and FDI.

5.2 DNN-based Feedback Linearisation

Since the system in Equation 2.54 is non-affine-in-control, this means that FBL by the

analytical methods is impossible. A DNN, just like a static NN, possesses the property

of universal approximation. Unlike static NN, a DNN also has dynamic memory and it is

more suitable for approximating dynamic systems such as rotorcraft. A DNN can model

any plant and be expressed in the following differential equation (Garces et al., 2003):

ẋ = f(x,u,Θ), (5.1)

y = h(x,θ), (5.2)

where x ∈ ℜn, u ∈ ℜm and y ∈ ℜp are the state, input and output vectors respectively.

The parameter Θ is a tunable network architecture variable, f(·) represents the network

structure and h(·) maps the states to the output. The state is also known as the dynamic

units of order n. The DNN can be written as (Garces et al., 2003):

ẋi = −βixi +
n∑
j=1

ωijσ(xi) +
m∑
j=1

γijuj , (5.3)

where βi, ωij and γij are adjustable parameters, xi is the activation state of unit i and uj

is the jth network input. The network output corresponds to the first p states, xo. The
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5.2. DNN-BASED FEEDBACK LINEARISATION

remainder, n− p states, are considered hidden, xh: such that x = [xo xh]T . In a vector

form, Equation 5.3 can be expressed as (Naimi et al., 2020):

ẋ = −βx+ ωσ(x)+ γu, (5.4)

ŷ = Cx,

where β ∈ ℜn×n, ω ∈ ℜn×n, γ ∈ ℜn×m, σ(x) = [σ(x1), . . . , σ(xn)]
T and σ(·) is a

sigmoidal activation function: σ(·) = tanh(·), chosen for network stability, and C =

[Ip×p Op×(n−p)] is the output matrix.

The development of a DNN nonlinear mapping requires experimental dataZN = [u(k), y(k)],

with k = 1, . . . , N and N is the size of the dataset. Here u(k) and y(k) are the measured

input-output pairs in the dataset. The training problem is therefore:

argminΘ FN (Θ,Z
N ), (5.5)

where FN is the objective function and Θ is the parameter vector to be adjusted in order

to minimise the objective function.

Θ =


βn×1

vec(γn×m)

vec(ωn×n)

 . (5.6)

The error function that was chosen for this investigation is the RMSE as shown:

RMSE =
1

N

√√√√ N∑
i=1

(y − ŷ)2, (5.7)

where y is the target and ŷ is the prediction.

In the following, ant-based multi-objective optimisation techniques are used for finding

Θ of Equation 5.5 and for optimising the rotorcraft performance as discussed.

5.2.1 Multi-objective optimisation

To solve the problem stated above, we formulate the rest of the investigation as an opti-

misation problem. This section discusses the formulation of multi-objective optimisation

and act as a supplement to the computational intelligence optimisation algorithms already

discussed in Chapter 3.

MOO is about finding an optimal solution to a problem with two or more objective

functions. As shown in Equation 3.6, the control optimisation considered can be treated
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5.2. DNN-BASED FEEDBACK LINEARISATION

as two-objective functions, while the DNN parameters estimation is treated as a single-

objective function; according to Equation 5.7.

There are two prevalent approaches for dealing with multi-objective optimisation problems

(MOOP). Firstly, the MOOP can be converted to a single-objective function and solved

as such (Gomez et al., 2020). The shortcomings of this method is that it may be difficult

to find suitable weights for aggregation which means an optimal solution is never found.

The second approach is to keep the separate objective functions. This means a Pareto

optimal set of the problem must be found (Gomez et al., 2020).

The MOOP is formulated as follows:

argmimx F (x) = {f1(x), f2(x), . . . , fJ(x)} , (5.8)

where x is a candidate solution and given gi(x) ≥ 0 and hi(x) = 0, the inequality

and equality constraints respectively. The subscript J is the total number of objective

functions. Since F (x) is a vector of real-valued functions, simple relational operators

cannot be applied to compare fitness of each solution. The definitions of optimality used

for comparison are as follows (Mirjalili and Dong, 2020):

1. Pareto dominance: Given two candidate solutions x = (x1, x2, . . . , xd) and y =

(y1, y2, . . . , yd), where d is the dimension of the solution. In this case x is said to

dominate y, that is to say (x ≺ y), if and only if:

∀i ∈ [1, 2, . . . , d] f(xi) ≤ f(yi) ∧ ∃i ∈ [1, 2, . . . , J ] : fi(x) < fi(y). (5.9)

2. Pareto optimality: A solution x ∈X is called Pareto optimality if and only if:

{∄y ∈X|y ≺ x} . (5.10)

3. Pareto optimal set: The set of all Pareto optimal solutions is called Pareto

optimal set:

Ps = {x,y ∈X|∄y ≺ x} . (5.11)

4. Pareto front: A set containing the values of objective functions of the Pareto

solution set:

Pf = {f(x)|x ∈ Ps} . (5.12)

149



5.3. METHODOLOGY

To solve a MOOP, the Pareto optimal set must be obtained and then evaluated to give

a Pareto front the results which are used to determine the best trade-off between given

objective functions.

The general framework for meta-heuristic MOO is as follows:

� start by initialising multiple random candidate solutions;

� compare solutions using Pareto dominance;

� non-dominant solutions are stored to be improved later;

� improve non-dominant solutions for future iterations. The improvement methodol-

ogy is the part where these algorithms differ.

Two meta-heuristic based-algorithms are compared for training the DNN and also finding

the PID gains for the feedback-linearised system. The first is ant colony optimisation

and the second is the antlion optimisation. Both algorithms are discussed in the next

subsection.

5.3 Methodology

DNN is used to identify the rotorcraft in a formulation suitable for FBL. In order to apply

DNNFBL control to the present problem, the first step involves system identification. The

process followed in system identification is shown in Figure 5.1 and detailed here:

1. identify the physical model from which the data is to be collected;

2. excite the physical model, collect and pre-process data;

3. select the model architecture by:

(a) selecting the number of hidden layers;

(b) selecting the optimal number of nodes in each hidden layer;

(c) selecting the appropriate transfer functions.

4. train the DNN using training data;

5. validate the DNN using validation data;
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5.3. METHODOLOGY

Figure 5.1: Schematic of the DNN-based system identification process for the rotorcraft

system.

6. Once an acceptable model is achieved, then it is used in FBL. If not accepted, return

to 2.

As it has been mentioned in the previous chapters, the rotorcraft under investigation only

exists as a conceptual design. The model presented in Chapter 2 was developed to be as

closed to the design as possible. As a result, this model was used to extract the input-

output data that is used in the sequel. It might, therefore, be confusing as to why a new

model is created when one from Chapter 2 is available and already has been validated. As

presented, in the end of that chapter, the model in non-affine-in-control and not feedback

linearisable. The model developed here is to make the aircraft feedback linearisable using

DNN approximation.

In this numerical experimentation, a MATLAB® physical model of the rotorcraft is used

instead of actual flight test. The aim of the exercise is to determine if the DNN can embody

the dynamics of the rotorcraft model. If the dynamics are captured with reasonable

accuracy, then, without any loss of generalisation, the effectiveness of the method followed
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Figure 5.2: Reference signal used to excite the closed-loop rotorcraft.

for system identification can capture rotorcraft dynamics from actual flight data.

Since a rotorcraft is open-loop unstable, it is not possible to collect input-output data

without crashing. In this numerical experimentation, system identification is performed

on a closed-loop rotorcraft system. According to Miliken (1947): “It would appear that the

optimum input in a given case is that which best excites the frequency range of interest,

and hence the harmonic content of the input should be examined before the test to ensure

that it is suitable.” (Jategaonkar, 2005). Therefore, to excite the rotorcraft effectively

and safely, reference inputs are modified in order to inject test data. The test data is

based on a Fourier series as follows:

xd = ao +
N∑
i=1

ai sin(2πfit), (5.13)

where ai and fi are the amplitude and the frequency of each signal harmonics. The index

i up to N , is the number of harmonics included. In this investigation it is chosen to be

two. The reference xd represents z, ϕ, θ and ψ respectively. These are the desired values

sent to the PID controllers. Figure 5.2 shows the data collected from the closed-loop

simulations.

When performing system identification the interest is in the actual inputs that go into

the rotorcraft. These are shown in Figure 5.3. Notice that the data have been normalised

between [0, 1] to ensure that all the observations in the data set are of the same order

of magnitude to simplify and hasten the DNN training process. This normalisation is
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Figure 5.3: A sample of the system input signals applied to the rotorcraft for DNN system

identification.

achieved by making use of the following relationship:

xnorm =
x− xmin

xmax − xmin
,

where xnorm is the normalised observation, xmin and xmax are the smallest and the largest

observations in the data set respectively.

It is essential to select a suitable state vector such that DNNFBL is possible. It was

found that the rotorcraft rates of change capture meaningful relationships of the rotorcraft

dynamics. Therefore, the state vector was identified as [w, p, q, r]T , which is set as the

output of the DNN. Therefore, the identified DNN model has 4 inputs, 4 outputs and 4

delayed outputs are also applied as inputs to the DNN. In Figure 5.1, the γ = [A B] is

used for input distribution matrix A and delayed output distribution matrix B.

The second part of the training is to select a suitable number of hidden units. Since the

output is equal to 4 items, the minimum number of the DNN hidden units is 4. The

structure of the DNN was selected using the pruning method. The hidden units are

varied from 4 to 15 until the topology with the lowest validation error is found. Through

numerical experimentation, the best number of states were found to be 4 and the relative

degree vector is [1, 1, 1, 1]T .

Lastly, the system represented by a DNN is combined with FBL to cancel out nonlinear-

ities. Even though the rotorcraft system is not affine-in-control, the DNN approximation
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makes it possible for the rotorcraft to be treated as affine-in-control as follows (Garces

et al., 2003):

f(x) = −βx+ ωσ(x),

gj(x) = [γ1j , . . . , γNj ]
T ,

h(x) = Cnx.

(5.14)

Since each output has a relative degree of 1, the system is feedback linearisable. Therefore,

the control law can found by differentiating the output function until it is an explicit

function of the input. The following applies:

˙̂yi =
∂ŷi
∂t

=
∂ĥi(x)

∂x
ẋ

=
∂ĥi
∂x

−βixi + n∑
j=1

ωijσ(xj) + gi(x)u

 . (5.15)

This leads to the system expressed as follows:

ŷ = Â(x) + B̂(x)u,

where Â and B̂ are defined as follows:

Â(x) =

[
r1∑
k=0

λ1kL
k
fh1(x)

r2∑
k=0

λ2kL
k
fh2(x) . . .

rm∑
k=0

λmkL
k
fhm(x)

]T
, (5.16)

and

B̂(x) =


Lg1L

r1−1
f h1(x) Lg2L

r1−1
f h1(x) . . . LgmL

r1−1
f h1(x)

Lg1L
r2−1
f h2(x) Lg2L

r2−1
f h2(x) . . . LgmL

r2−1
f h2(x)

...
...

. . .
...

Lg1L
rm−1
f hm(x) Lg2L

rm−1
f hm(x) . . . LgmL

rm−1
f hm(x)


, (5.17)

where (r1, r2, . . . , rm) are the relative degrees in each variable in the model given by

Equation 5.14 and λiks are tunable design parameters. Noting that the determinant

|B̂(x)| ≠ 0 ∀ x and where Lrif hi(x) and LgiL
ri−1
f hi are the corresponding Lie derivatives.

The matrix B̂(x) is called the ‘decoupling matrix” of Equation 5.14.

Theorem 2. The system define in Equation 5.14 is statically decouplabled on a subset

Z0 of ℜn if and only if the rank(B̂(x)) = m, ∀x ∈ Z0.

Proof. See in (Garces et al., 2003)
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The transformed state is:

ẑ = Ψ[xo xh]T

where ŷ = xo is the predicted network output and xh is the hidden dynamics which in

this case xh = 0. The transformed system can be written as:

ẋo = Âxo + B̂v, (5.18)

v is found by inverse relationship:

v = P̂ (x) + Q̂(x)u, (5.19)

where P̂ = −B̂(x)−1Â(x) and Q̂ = −B̂(x)−1. The virtual control for each channel is

found to be:

vj =

rj∑
k=0

λjk
dkŷj
dtk

, for j = 1 . . .m.

As can be seen in Equation 5.18, this controller is only related to the observable state. In

order to stabilise the hidden state, more analysis is required. It has been shown that each

variable was developed with relative degree 1. Therefore there are no hidden dynamics in

the DNNs that were used for FBL.

For each of the four closed-loop controllers, the system is solved for [λ0j λ1j ], where j is

the index of the controlled variable. The system architecture used in this investigation

is shown in Figure 5.4. The identified linearised system is then augmented with the PID

controllers for the four system variables. The PID gains [KPj KIj KDj ] are found through

the MOO algorithms as discussed previously.

Similar to all the control methods presented in the previous chapters, the stability anal-

ysis of the DNN-based controller is required. This enables the developed controller to be

tested whether it will always results in bounded output for every bounded input presented

to the system. Even though a helicopter is inherently unstable, and this is also expected

in the model if the dynamics of the rotorcraft are captured correctly. The stability anal-

ysis is, therefore, a method of testing that the modelling instrument does not introduce

unexpected behaviour into the behaviour of the rotorcraft. The conditions that must be

met to ensure stability of the DNNFBL controller are listed in (Garces et al., 2003; Pedro

et al., 2018):

1. The activation function σ(x) used must be continuously differentiable. The function
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5.4. CONTROLLER IMPLEMENTATION

used is the hyperbolic tangent - this function is differentiable.

y = tanh(x), (5.20)

dy

dx
=

1

cosh2(x)
. (5.21)

2. 0 ≤ dσ(x)/dx ≤ 1. The derivative of the hyperbolic tangent function is within the

stated range.

3. σ(x) is bounded. The hyperbolic tangent function is bounded {σ(x) ∈ ℜ : −1 ≤

σ(x) ≤ 1}.

4. Given u ∈ ℜ, there is a symmetric positive definite solution P to the following

Lyapunov equation:

−βTP − Pβ = −µI, (5.22)

where µ is the scaling factor chosen to be 1, and I is the identity matrix of ap-

propriate size. The matrix β is found through computational intelligence algorithm

meets this condition.

5. The following inequality must be satisfied:

∥W∥2 ≤ µ− w ∥P ∥
∥P ∥

, ∥P ∥ < µ

2
. (5.23)

The matrix W is found through computational intelligence algorithm meets this

condition.

For the present DNN controller design, the hyperbolic tangent function is selected as

the DNN activation function. This directly satisfies the first three conditions. During

the optimisation of weights, Equation 5.22 and the inequalities in 5.23 are enforced to

guarantee stability of the DNN models derived from training.

5.4 Controller Implementation

5.4.1 System performance specifications

The objective of the present chapter is to develop nonlinear controller for the rotorcraft.

A benchmarking PID controller is developed for purpose of comparison. A controller
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based on DNN combined with FBL is developed, analysed and then compared to PID

controller. The controller parameters are found using ant-based optimisation algorithms.

These are elaborated upon in the next subsections.

In order to develop a suitable DNNFBL controller, two objective function are used. The

first one is defined as follows:

J1 =
1

T

∫ T

0

[(
xd − x
xmax

)2

+

(
yd − y
ymax

)2

+

(
zd − z
zmax

)2

+

(
θd − θ
θmax

)2

+

(
ϕd − ϕ
ϕmax

)2

+

(
ψd − ψ
ψmax

)2 ]
dt. (5.24)

This objective function is to make sure that the tracking error is minimised. The second

objective function ensures that the actuators are not over-stressed and stay within limits

and it is defined as follows:

J2 =
1

T

∫ T

0

[(
δcol

δcolmax

)2

+

(
δlon

δlonmax

)2

+

(
δlat

δlatmax

)2

+

(
δped

δpedmax

)2 ]
dt. (5.25)

These two objective functions differ from the one given in Chapter 3, Equation 3.6 in that

Equations 5.24 and 5.25 are separated in a manner suitable for MOO.

5.4.2 PID controller augmentation

The PID controllers developed in Chapter 3 are used for benchmarking the proposed

DNN controller. In later sections, the PID controller is combined with DNN in a FBL

framework.

5.5 Simulation Results and Discussion

This section presents the numerical simulation of the rotorcraft system shown in Figure

5.4, covering system identification, the development of the PID and DNNFBL-based PID

controllers for trajectory tracking of z and ϕ, θ, ψ. The experiment design and implemen-

tation is conducted in the MATLAB®/ Simulink® environment. A Bogacki-Shampine

solver is used with the sampling time of 1 kHz. Single-objective ALO and ACO are

employed for system identification. Multi-objective optimisation ALO and ACO are used

for PID controller gains tuning in addition to the manual tuning (MT) method.
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Figure 5.4: The DNN-based input-output feedback linearisation (DNNFBL) architecture with off-line SOO algorithm for DNN identification

and MOO algorithm for PID gains tuning.
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Two models were created for the rotorcraft system identification: the ALO-based DNN

and ACO-based DNN. Each model has θ ∈ ℜ50×1, a total of 50 parameters to be tuned.

The ACO algorithm parameters chosen are are shown in Table 5.1.

Table 5.1: The setup parameters for the ACO algorithm in tuning DNN models.

Parameters Value

number of ants, m 100

number of archives, k 180

maximum iteration, i 100

forgetting constant, ζ 0.8

pheromone constant, q 0.05

The parameters for the ALO algorithm algorithm parameters chosen are are shown in

Table 5.2.

Table 5.2: The setup parameters for the ALO algorithm in tuning DNN models.

Parameters Value

Search agents, k 100

Archive length, T 100

The fitness evolution of the selected DNN models for ACO and ALO are shown in Figure

5.5. The ACO shows faster convergence at around 30 iterations while the ALO converged

at 90 iterations. The ACO has a validation error of 0.108 while the ALO has a validation

error of 0.116

Figure 5.5: The system identification system fitness changes over the number of iterations.

Figure 5.6 shows how the trained DNN approximate the data from the real system. The

DNN is able to predict the system’s output well which means it has successfully learned

159



5.5. SIMULATION RESULTS AND DISCUSSION

the rotorcraft dynamics.

Figure 5.6: DNN predictions vs validation data collected.

The algorithms are further used to tune [KPj KIj KDj ] for the six PID controllers, with a

total of 16 variables. The values of PID controllers’ gains found using the MT, MOACO

and MOALO techniques are given in Table 5.3. The corresponding MOALO and MOACO

Pareto fronts are as shown in Figure 5.7. 15 trials were executed and the best result was

selected based on the candidate solution that gives the best Pareto optimal set.

Table 5.3: The PID controller gains found using multi-objective optimisation algorithms.

PID gains Roll Pitch Yaw Altitude Lon Lat

MTKp 60.0000 50.0000 25.0000 -15.0000 8.0000 -35.0000

Ki 0 0 -50.0000 25.0000 60.0000 -30.0000

Kd 0 1.0000 25.0000 12.0000 -3.0000 6.0000

ALO Kp 65.4128 43.8105 17.3546 -9.2113 14.7463 -41.4408

Ki 0 0 -49.7323 20.1482 47.6738 -28.0746

Kd 5.8625 1.6045 7.1407 9.6753 -7.5070 25.7663

ACO Kp 59.4986 51.4500 15.2475 -13.6239 12.0153 -1.0600

Ki 0 0 -54.5593 15.6975 55.0661 -34.7223

Kd 2.8425 0.5375 8.7758 3.5232 -4.0871 31.6719

Figures 5.8 and 5.9 show the performance of the tuned PID controllers in displacement

tracking, velocity of the rotorcraft, the Euler angles and the control effort produced in each

axis. All the controllers meet the performance specifications. However, the ACO-tuned
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Figure 5.7: PID controller system Pareto front over the number of iterations.

controllers outperform the other ALO-tuned controllers.

Figure 5.8: Comparing MOALO and MOACO PID-DNNFBL displacement tracking.

The best controller from the PID optimisation simulation is compared to the DNNFBL

optimisation in order to contrast the performance of the two control strategies. The

MOACO and MOALO were used to optimise the DNNFBL gains [λ0j λ1j ] and the asso-

ciated PID controller gains [KPj KIj KDj ]. A total of 24 parameters were tuned. The

values of DNNFBL and PID controllers’ gains found using the MOACO and MOALO

techniques are given in Table 5.4. Figure 5.10 shows the associated Pareto front. Fifteen
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Figure 5.9: Comparing ALO and ACO PID control inputs.

trials were executed and the best result was selected based on the candidate solution that

gives the best Pareto optimal set.

Table 5.4: The PID controller gains and the DNNFBL parameters found using multi-

objective optimisation algorithms

PID gains Roll Pitch Yaw Altitude Lon Lat

ALO Kp 38.4524 800.1077 129.9790 750.1017 -648.8120 93.7630

Ki 0 0 -870.6659 946.4286 -34.3106 308.1582

Kd 333.6327 100.3127 -893.0022 -265.7071 60.1670 -319.2285

λ0 -208.9696 -125.4109 -670.3806 947.6190 - -

λ1 635.0942 -525.4168 23.2759 7.1495 - -

ACO Kp 491.0457 399.8292 -266.5365 11.9192 154.8345 -39.6656

Ki 0 0 474.1616 5.9218 83.1601 393.813

Kd 696.32 767.9171 252.6947 -276.9483 334.0301 28.0775

λ0 -463.4413 717.6914 414.8464 147.7619 - -

λ1 890.0248 111.8247 166.4946 7.1495 - -

All the points on the Pareto front are considered optimal. In this experiment, the selected

Pareto point is closest to the origin. This is the point that has middle of the ground

compromise between the tracking error and minimising the control effort. Table 5.5 gives

the values of the points selected for each controller. The number of Pareto optimal gains to

choose from are also shown. Looking at the values, it is apparent that the MOACO-based

PID solution dominates the MOALO-based PID controller solution.
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Figure 5.10: PID-DNNFBL system Pareto front over the number of iterations.

Table 5.5: The Pareto fronts for MOO-based PID controller gains and the FBL parameters

found using optimisation. n-d means number of non-dominated solutions.

J1 J2 n-d solutions

MOACO-PID 0.759 0.343 37

MOALO-PID 0.832 0.351 34

MOACO-DNNFBL 3.56× 10−4 0.1577 50

MOALO-DNNFBL 2.969× 10−4 0.1585 100

The controller was tested in tracking sinusoidal z and ψ while ϕ and θ are to be regulated

at zero. The tracking performance is shown in Figure 5.11, the velocity is shown in Figure

5.12, and the Euler angles are compared in Figure 5.13. The control effort produced in

each axis is shown to be within the specified range as illustrated in Figure 5.14.

The MOALO-based DNNFBL has the lowest tracking error, however the effectiveness of

the produced force is similar for the MOACO methods. Also, both the MOALO-based

DNNFBL and MOACO-based DNNFBL do not have transient oscillations before settling,

while the ACO-based DNNFBL does. This means that the DNNFBL offers smoother

control action when compared to the PID controllers.
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Figure 5.11: Comparing ALO and ACO PID-DNNFBL displacement tracking.

Figure 5.12: Comparing ALO and ACO PID-DNNFBL velocities.

.
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Figure 5.13: Comparing ALO and ACO PID-DNNFBL Euler angles.

Figure 5.14: Comparing ALO and ACO PID-DNNFBL control inputs.

.
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5.6 DNN, Fault Diagnosis and Isolation

A DNN is used to detect and identify actuator fault online. The fault identified are then

used to reconfigure the control algorithms presented in the preceding section. The FDI

is applied to the electromechanical swashplate as detailed in Section 2.7.1. The dynamic

model of the swashplate is shown in Figure 2.3. The swashplate dynamics are identified

using the DNN and used to identify the controller gains online.

FDI using DNN is one of the many ways to perform fault detection and isolation. The

concept works by creating a bank of models that are used to generate a residual and using

this residual to detect which of the actuators in the system has a fault. The following

process is followed in creating DNN-based FDI:

� Collect input-output data from the healthy system using the swashplate model (in

the next chapter, the data is collected from the experimental rig presented);

� Pre-process the data by partitioning it into training, validation and testing data.

Scaling the data is also performed;

� Configure the DNN structure in terms of number of inputs, output and hidden

nodes;

� Initialise the architecture of the network;

� Train the network using the collected data and the optimisation algorithm. In this

part of research, ACO and GA are used as optimisation algorithms;

� Validate the trained model;

� Install the model into the AFTC as an FDI component.

Figure 5.15 shows the architecture of the integrated FDI which introduces the stages

described above. The DNN is used online to create a residual signal based on the system

inputs and the expected outputs. The residual evaluator and the identified threshold are

used to detect the presence of a fault in the swashplate (Ding, 2008). Once a fault is

identified, integrated flight-propulsion is activated to accommodate the fault.
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Figure 5.15: The DNN-based AFTC with the FDI and the control reconfiguration to use the engine control as a redundant control variable.
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The three inputs to the swashplate are the desired positions of the actuators, while the

outputs were chosen to be the vertical displacement, the pitch and the roll orientation of

the swashplate. The selected inputs must be able to excite all the modes of interest in

order to fully characterise the swashplate. This confirms Resnikoff conundrum of fault

detection and maintenance which stated clearly that “in order to collect failure data,

there must be equipment failures” (Crespo Márquez et al., 2016). The collected data

uses polyharmonic signal generated using Equation 5.13 for the collective, lateral and

longitudinal cyclic input. These inputs are chosen as follows:

1. Collective a1 = 1.0, a2 = 0.7, wn1 = 0.1, wn2 = 0.7.

2. Cyclic lat a1 = π/2, a2 = π/15, wn1 = 0.7, wn2 = 1.15.

3. Cyclic long a1 = π/2, a2 = π/15, wn1 = 0.5, wn2 = 1.05.

These are the inputs to the swashplate. The system identification is performed on the

actuators taking into consideration the voltage input and the actuator travel as the output.

The data was collected in a MATLAB simulation at 1kHz sampling rate. 75000 input-

output data pairs were recorded and split into training, validation and testing data with

25000 cases in each.

The first step is to determine the number of hidden nodes in the DNN. The graph used

for selection of the number is shown in Figures 5.16. Comparison of the history evolution

of the RMS as the function of number of iteration/generation is shown in Figure 5.16.The

training set had the lowest RMS with one state. However the validation showed that the

best network structure is to have three states, that is, one output and two hidden states.

The training and validation of the identified DNN is shown in the Figure 5.17. It is seen

that the DNN prediction data correlates well with the set measured from the actuator.

The training and validation errors are 4.32× 10−4 and 0.22 respectively.

After the training process, the newly trained DNN is included in the AFTC design. Three

DNN models are used, one for each actuator.

5.6.1 Residual generation

The DNN models are used to determine the actuator positions when there is no fault

present in the swashplate. When a fault occurs in the swashplate, the value of the output

168



5.6. DNN, FAULT DIAGNOSIS AND ISOLATION

Figure 5.16: The determination of the number of states for the training of the DNN.

Figure 5.17: The training and validation of the DNN for actuator identification.
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from the actual actuator will differ compared to the prediction made by the DNN.

Let the real position value of the actuator be zi and the predicted value be ẑi, where i =

a, b, c for each actuator positions. Then the residuals are calculated as follows (Guezmil

et al., 2018):

Fa = |za − ẑa|

Fb = |zb − ẑb|

Fc = |zc − ẑc|

The faults are detected and identified according to the binary diagnostic matrix shown in

Table 5.6 (Korbicz et al., 2004).

Table 5.6: The use of residuals to identify faults in actuators a, b and c. µa, µb and µc
are the fault thresholds.

Fa Fb Fc Residual identified Fault condition

Fa < µa Fb < µb Fc < µc 0 0 0 0 No fault

Fa > µa Fb < µb Fc < µc 0 1 0 0 Actuator A fault

Fa < µa Fb > µb Fc < µc 0 0 1 0 Actuator B fault

Fa < µa Fb < µb Fc > µc 0 0 0 1 Actuator C fault

In order to find the values of µ, a number of simulations were conducted. Taking into

consideration the inherent robustness of the employed controllers, the residual threshold

was set as the point where the controlled system started to fail. This value was found to

be µ = 0.5 for all the actuators. This occurs at the 35% loss-of-effectiveness mark.

5.6.2 Controller reconfiguration

For the actuator fault detected by the DNN, if there is LOE, the actuator will move by

a fraction of what is required by the flight controller. When the actuator is stuck in

place there will be no movement in response to the voltage input. Since the swashplate

has three DOF, (x, ϕ, θ), one DOF is lost when one actuator has a fault. The following

conditions have been chosen to respond to the respective actuator failures.

Sacrificing z in Table 5.7 allows us to apply the control of the rotor speed in order to

make up for the loss of control in this DOF. This control is achieved by the fact that

increasing or decreasing Ω results in an equivalent increase in thrust as given by Equation
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Table 5.7: The response determined in order to react to a fault in a single swashplate

actuator.
Actuator failure Control maintained Control sacrificed

Actuator A ϕ and θ z

Actuator B ϕ and θ z

Actuator C ϕ and θ z

2.14, repeated here for ease of reference.

dTM = ρπR4Ω2CTdr

With this equivalent relationship in mind, the allocation of control to the swashplate for

each fault detected is reorganised as follows:

Actuator A failure:
z

zb

zc

 =


1 + cos(χ) − sin(χ)

1 −
√
3
2 sin(χ) + 1

2 cos(χ) −
√
3
2 cos(χ)− 1

2 sin(χ))

1
√
3
2 sin(χ) + 1

2 cos(χ)
√
3
2 cos(χ)− 1

2 sin(χ)

 .

za

θ

ϕ

 (5.26)

Actuator B failure:
za

z

zc

 =


1 − cos(χ) sin(χ)

1 +
√
3
2 sin(χ)− 1

2 cos(χ) +
√
3
2 cos(χ) + 1

2 sin(χ))

1
√
3
2 sin(χ) + 1

2 cos(χ)
√
3
2 cos(χ)− 1

2 sin(χ)

 .

zb

θ

ϕ

 (5.27)

Actuator C failure:
za

zb

z

 =


1 − cos(χ) sin(χ)

1 −
√
3
2 sin(χ) + 1

2 cos(χ) −
√
3
2 cos(χ)− 1

2 sin(χ))

1 −
√
3
2 sin(χ)− 1

2 cos(χ) −
√
3
2 cos(χ) + 1

2 sin(χ)

 .

zc

θ

ϕ

 (5.28)

Notice in each of the Equations 5.26, 5.27 and 5.28 that the stuck actuator position is

used as the reference input. Since the z position is not controlled by the swashplate,

it is floating depending on the selected ϕ and θ. From the controller point of view the

difference between the desired and actual value, ∆z = z − zd, will remain. This ∆z is

sent to the propulsion controller so as to replicate the effect of the desired thrust. This is

known as “analytical repair” (Blanke et al., 2016).

Since the rotor speed is regulated at Ωref , the new engine speed is requested as follows

(Enns and Si, 2003):

Ωr = Ωref +
∂Ω

∂z
∆z (5.29)
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where, ∂Ω
∂z is the derivative found by numerical experimentation. It was found to be

3.15 rad/s/mm. This way, an AFTC is able to achieve analytical redundancy using rotor

speed control.

A 50% LOE fault was injected at 7s and the residual generator was inspected. The

residual generated from the DNN is shown in Figure 5.18. The FDI was able to identify

the fault on actuator A. The residual r(t) is shown to increase from time zero and then

levels off after three seconds. This is consistent with the expectation during rotorcraft

transients. At time t = 7s, the difference is sustained and exceeds the threshold. For this

reason, the reconfiguration was selected to deal with the loss of actuator A as given by

Equation 5.26.

Figure 5.18: Residuals generated for a 50% LOE on actuator A.

In the figure, between zero and two seconds there is a departure from zero residual for

all three actuators. This happens when the system is undergoing transient. However this

residual is below the threshold. At the point where the fault is injected (7s), the residual

on actuator A is shown to exceed the threshold and a fault is detected. The two points

contrast trade-off between the false alarms that can occur, such as during transients and

high positive fault detection rate.

The DNNFBL combined with DNN-FDI is able to control the rotorcraft and the per-

formance is similar to the fault-free actuator response. Figure 5.19 shows the rotorcraft

response in hover. When the actuator fails at 7s, it can be seen that there is a loss of

height. When the fault is detected and corrected, the height settles in a new steady state.

The difference in height is detected in the range of 1mm. This is below the resolution of

any aircraft height instrument. Therefore, the FTC response is without loss of height.

172



5.6. DNN, FAULT DIAGNOSIS AND ISOLATION

The control signal produced by the DNNFBL input to the rotorcraft are shown in Figure

5.20. It can be seen that the collective is increased. This is to make up for the LOE in the

actuator. This extra collective results in ∆z which is detected by the residual generator.

Once the fault is detected and using the reconfiguration discussed, this information is

passed to the engine controlled.

Figure 5.19: Rotorcraft position response under the DNNFBL controller for a 50% LOE

on actuator A.

Figure 5.20: Rotorcraft control inputs under the DNNFBL controller for a 50% LOE on

actuator A.
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Figure 5.21 shows the residual detecting the fault in the actuator. The two other actuators

are without faults. The response of the rotor speed to the reconfigured control is also

shown. Since the desired change in rotor speed is directly related to the residual, it can

be seen in that the graphs are similar.

Figure 5.21: Residual generated for a 50% LOE on actuator A for the rotorcraft in hover.

The experiment is repeated for the rotorcraft in steady forward flight and when tracking

as sinusoidal height reference. Figure 5.22 shows the rotorcraft response during a fault

and the associated control inputs to keep the rotorcraft in stable forward flight are shown

in Figure 5.23. There is a noticeable spike in the control input during the fault transients.

The controls settles after a few seconds. The residual and reconfiguration control of the

engine are shown in Figure 5.24.

The tracking is shown in Figure 5.25. The tracking control is effective even with the loss

of effectiveness there is no detected height difference in the z direction. The x and y

direction are also not affected.

The integrated flight-propulsion controller is able to keep the rotorcraft stable after an

occurrence of an actuator fault and the presence of a gust wind. Figures 5.26 and 5.27

show the time history of the rotorcraft with a fault injected followed by a sudden gust

wind in the y direction at 13s. It can be seen that the rotorcraft is disturbed, however it

does settle into a stable hover. The actuator residuals and the rotor speed are shown in

Figure 5.28
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Figure 5.22: Rotorcraft position response under the DNNFBL controller for a 50% LOE

on actuator A in forward flight.

Figure 5.23: Rotorcraft control inputs under the DNNFBL controller for a 50% LOE on

actuator A in forward flight.
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Figure 5.24: Residual generated for a 50% LOE on actuator A for the rotorcraft in steady

forward flight.

Figure 5.25: Rotorcraft position response under the DNNFBL controller for a 50% LOE

on actuator A.
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Figure 5.26: Rotorcraft position response under the DNNFBL controller for a 50% LOE

on actuator A and the presence of 5m/s gust wind.

Figure 5.27: Rotorcraft control inputs under the DNNFBL controller for a 50% LOE on

actuator A and the presence of 5m/s gust wind.
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Figure 5.28: Residual generated for a 50% LOE on actuator A for the rotorcraft in the

presence of 5m/s gust wind.

5.7 Chapter Summary

This chapter has presented the AFTC based on DNN and applied the strategy on a

rotorcraft system. The results presented herein show improved controller performance to

system’s parameters variations, actuator faults and variable rotor speeds.

A closed-loop data collection and system identification for a rotorcraft UAV using DNN

and FBL was presented. In order to do that, a mathematical model derivation and

simulation of the system were presented. The main objective of this investigation was to

evaluate the application of MOALO and MOACO for the PID-DNNFBL hybrid system

controller gains optimisation. There are 16 and 24 parameters that were used for the two

optimisation problems. The designed PID and PID-DNNFBL controllers were evaluated

by tracking x, y, z and ψ.

Simulation results showed that the MOALO-based DNNFBL controller performed better

than the PID controller and the MOACO-based DNNFBL in terms of pitch and roll

tracking errors. In the translation tracking channel the MOALO results are comparable

to the MOACO. Even though the results of MOALO-based DNNFBL and MOACO-based

DNNFBL are comparable.

A FDI system using DNN identification was also developed to be incorporated to an

AFTC strategy. Using control reconfiguration and integrating it with the variable rotor
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speed control, the three actuator faults were successfully accounted for and the rotorcraft

regain stability. The integrated system proved to be resilient to actuator faults in hover,

steady forward flight and when tracking as sinusoidal signal. It was seen that the stability

of the closed-loop control can be affected by the reconfiguration of the system. This was

more noticeable in forward flight.
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Chapter 6

Hardware-in-the-Loop Simulation

This chapter presents the hardware-in-the-loop simulations. The hardware that

was developed is the swashplate mechanism used to control the collective, lat-

eral and longitudinal cyclic. Actuators models are replaced with electrome-

chanical actuators to determine how the proposed control techniques perform

to real fault for experimental validation. Three different schemes are compared:

the ideal actuator, the modelled actuator and the real actuator incorporated in

hardware-in-the-loop. The control algorithms developed previously: the PID,

STSMC and DNNFBL and compared. This chapter concludes by discussing

software certification issues surrounding the developed algorithms

6.1 Introduction

The nonlinear model of the RUAV was discussed in Chapter 2. The flight control methods

developed and results presented in Chapters 3, 4 and 5 were under the assumption that the

swashplate actuators are ideal, i.e., they respond instantaneously to controller commands.

However, real-life actuators have a finite transient period which results in a lag between

the desired response sent by the flight controller and the actual response of the aircraft.

In this chapter, the response of the flight controllers that were identified and optimised

in the previous chapters are compared to the response of the rotorcraft with actuator

dynamics. In order to compare the actuator models to the real actuators, the optimal

PID gains are used going forward, i.e., the PSO gains for hover and GA gains for forward

flight. For the PFTC the STSMC optimised by PSO is used. For the DNNFBL it was
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found that the MOACO tuned the DNNFBL better than its counterparts. Table 6.1

summarises the flight control methods to be validated using HILS.

Table 6.1: The summary of the flight control methods compared in this chapter.

Controller Gain optimisation Identifier

PID Hover PSO PSO-PID

PID Forward GA GA-PID

STSMC PSO PSO-STSMC

DNNFBL MOACO MOACO-DNNFBL

The experimental investigation includes the following:

1. Rotorcraft without actuator dynamics (as presented in the previous chapters);

2. Rotorcraft with modelled electromechanical actuator dynamics: analytical and sys-

tem identification models;

3. Rotorcraft with electromechanical actuator dynamics.

Once the model and the real actuator have been compared and the response found satis-

factory, then the PID, SMC and DNNFBL controllers are implemented for hardware-in-

the-loop simulation (HILS). The description of the experiment setup is elaborated first,

followed by the system identification of actuator and concludes with the control applica-

tion and the execution of the experiment and results discussion.

6.2 Experiment Setup Description

6.2.1 Apparatus

The setup of the system is shown in Figure 6.1. The description of each item is given

below.

Physical construction

� 1) The mechanical structure used to conduct the experiment is made up of alu-

minium square tubes of 25 × 25 mm. They form the reinforcement area and the

base for holding the power electronics;
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Figure 6.1: The experimental setup.

� 2) Makeshift swashplate is the structure made up of Plexiglass and its purpose is

to support the fixing of the rate and angular sensors;

� 3) The base is constructed from wood and it is where the actuators are rigidly fixed.

It also offers electrical insulation.

Electromechanical actuator

� Linear actuator: The actuator used is the Transmotec DLA-24-20-50-HS2-IP65

shown in Figure 6.1 as number 4. The internal of the actuator is shown in Fig-

ure 6.2.

� Power electronics: Arduino Mega 2560, the actuator is driven by a bi-directional H-

bridge - the L298N motor driver board module. A pulse-width-modulated (PWM)

signal is sent to the H-bridge to control the speed of the actuator. This group is

labelled 3 in Figure 6.1.

Power supply and measurements instruments

1. High-power DC supply;

2. Oscilloscope with 4 input channels;

3. Digital multimeter.
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Figure 6.2: Actuator internal.

Computers

1. Simulation computer with MATLAB®/Simulink®, V-Realm® and Arduino® IDE

v1.8.19, i7-6560U CPU 2.2 GHz and 8.00 GB RAM.

2. Visualisation computer with X-Plane® 10 and Flight Gear® 2020, i7-6820HQ CPU

2.7 GHz RAM and 16 GB RAM.

3. 10/100Mbps Desktop Switch for networking the two computers.

6.3 Methodology

The method followed in conducting the experiment is shown in Figure 6.3. The actuators

are controlled from an Arduino Mega 2560. This micro-controller was chosen due to its

versatility. It has a four PWM channels. These are enough for the three actuators used

in this study.

The first part of the study was to connect the Hall-effect sensor and make sure that

the position feedback works as specified in the manufacturer’s manual. The Hall-effect

uses magnetic field sensor to create a pulse when a magnet passes. The displacement of

the actuator is measured by counting the number of pulse that passes from a specified

reference point. Figure 6.4 shows the test results for the actuator full-scale deflection. The

full-scale deflection of each actuator was measured as 305 pulses. This converted to 50

mm. The manufacturer gave an error of ±1 mm. In this experiment, the measurement of

full deflection has a standard deviation of 3.5 pulses. This is equal to 0.5341 mm, which is

within specification of the steady-state error. The velocity was measured at 12mm/s. An

attempt to increase this velocity resulted in a higher error in pulse counting. A trade-off

must be struck between speed and accuracy.
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Figure 6.3: Flowchart of the methodology followed in conducting the HILS experiment.
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Figure 6.4: Actuator full-scale deflection test.

The Arduino was configured to transmit and receive data using the USB serial proto-

col built into the micro-controller. The serial communication channel was configured at

115200 baud. This was chosen to avoid any latency that might be induced as low transfer

frequency.

The data was read in Simulink using the Instrument Control ToolboxTM serial send/receive

library. The data was collected to the MATLAB® workspace. This data was used for

system identification of the actuators. System identification was conducted using pre-

dicted error minimisation (PEM) using the Levenberg-Marquardt algorithm. The model

for using PEM in transfer function is as follows:

T (s) =
Y (s)

V (s)
=

133

0.1s2 + 120s
(6.1)

where Y (s) is the displacement and V (s) is the input voltage in Laplace transform.

The actuator model discussed in Chapter 2 was refined using the measured experimen-

tal data. A different set of data was collected to validate the models recovered. The

comparison of the model and the experiment is shown in Figure 6.5.

The model demonstrates a match with the real data collected from the actuator. The

difference in delay between the two results are attributed to communication delay loop

from Simulink to Arduino to Actuators and the return path.
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Figure 6.5: Actuator model validation with full-scale deflection data.

Figure 6.6: The digital twin of the hardware rig created in V-Realm® and integrated in

Simulink®.
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The characterised model is incorporated into a swashplate digital twin shown in Figure 6.6.

The digital twin is created in V-Realm and connects directly to MATLAB®/Simulink®.

The use of a digital twin assists in rapid prototyping actuator controllers. Once the

controllers are ready, they are uploaded onto the micro-controller to drive the hardware

actuators.

6.4 Sensors and Data Collection Limitations

The control of the swashplate depends on the sensor information used to close the loop.

The variables of interest are z vertical displacement, the pitch θ and the roll ϕ of the

swashplate. These variables cannot be measured directly. Unlike the experimental rig

described here, in an actual rotor-head the rotor mast goes directly through the swashplate

and the exact height cannot be measured. The same applies to the angles. In the test rig

the following provisions have been made.

1. The vertical displacement can be inferred by taking the average position of the

actuators, zi for i = a, b, c;

2. The angular orientation of the swashplate can be derived trigonometrically using

the same actuator position information;

3. In addition, the accelerometer is used for z̈ and the height position is found by

integration; and

4. The gyroscope is used to find the ϕ̇ and θ̇ from which the orientation of the swash-

plate is derived.

6.5 Actuator Control Design

The swashplate has three actuators that are independently controllable. This part of the

experiment is to make sure that the actuator are properly controlled and their reaction is

fast enough for the FCS. The PID controller is compared to the SMC for actuator control.

In keeping with the other controllers presented, the optimal gains were found using the

Cuckoo Search optimisation algorithm. The parameters that are used to setup the CS

algorithm are shown in Table 6.2 (Mpanza and Pedro, 2020).

187



6.5. ACTUATOR CONTROL DESIGN

Table 6.2: CS setup parameters for PID and SMC tuning for the swashplate actuators.

Parameters Value

Number of nests, m 20

Number of birds, k 30

Discovery rate, Pa 0.25

Maximum iteration, i 100

The convergences of the training is shown in Figures 6.7 and 6.8.

Figure 6.7: Fitness values of changes over time using CS-based PID for the swashplate

actuators.

Figure 6.8: Fitness values changes over time using CS-based SMC for the swashplate

actuators.

The swashplate system was design and tested using a step reference signal at t = 0 for

vertical displacement, at t = 1.5 for the roll angle and at t = 3 for the pitch angle. The

comparison graphs of the CS-tuned PID controller and the CS-tuned SMC results are

shown in Figure 6.9. Both controllers show smooth and accurate tracking the desired

step signal. The steady-state error for vertical displacement is 1.99 mm, which is within

the error resolution of the actual actuator as shown prior. The steady-state error for

pitch, θ, and roll, ϕ, are 4.71 × 10−4 rad and 5.5 × 10−4 rad respectively. Figure 6.10

shows the errors in each of the EMA controlled by CS-tuned SMC. All three errors show

asymptotic convergence to a neighbourhood of zero.

It is noticeable in the z tracking of MT-PID controlled system that the achieved steady-

state error is outside the specifications. The PID controller shows improved steady-state
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Figure 6.9: CS-based PID and SMC controlled swashplate tracking response for the de-

sired reference signals.

performance when optimised using CS for gains tuning. This, however, resulted in a large

overshoot for ϕ and θ of 14, 33% and 23.33% respectively. Due to this limitation of the

PID controller, only SMC tuned by CS is discussed for the remainder of this thesis.

The robustness of the CS-based SMC in handling parameter variations was evaluated.

The model swashplate actuators was subjected to changes in the mass of the swashplate

by reducing and increasing by up to 80%. The controller was able to handle these changes

without noticeable change in the performance. These robustness results are depicted in

Figure 6.11. This invariance property of the SMC is upheld and the developed controller

will be robust to system wear and ageing, and new parts with production defects.
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Figure 6.10: CS-based SMC swashplate errors command for the desired reference signals.

Figure 6.11: Robustness testing with parameter variations.
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6.6 Comparing the Rotorcraft Response with Actuator Dy-

namics

The model identified and the actuator controllers presented in the prequel are used in the

simulation. The simulation for PID, SMC and DNNFBL are repeated here. To compare

the response of the actuators to the flight control, the ideal actuators’ reference input from

the controllers is sent through to the actual actuator without the corresponding output

being sent to the rotorcraft dynamics. This way, it is possible to see how the real actuator

response compares to the flight control request. Figure 6.12 shows the comparison of these

response for the three actuators. The response of the actuators does not track the request.

The delay in rise time has affected the position response such that it is out of phase and

it does not reach the peak position that is required.

Figure 6.12: Ideal compared to real actuator response.

The real actuators are evaluated for rotorcraft in hover trim. The real actuators’ outputs

are allowed to affect the aircraft dynamic using the controllers tuned in Chapter 3, the

results are shown in Figure 6.13. The position response of the aircraft is shown in Figure

6.14.

From Figures 6.13 and 6.14 it is apparent that the actuators fail to meet the demand of

the controller in maintaining the rotorcraft in hover equilibrium. This shows that the PID

controller developed are affected by the parameter changes in the actuator system. The
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Figure 6.13: The response of the real actuators when affecting flight dynamics.

Figure 6.14: Rotorcraft response with real actuators under PID control.
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real actuators have a finite response time, while the response time of the ideal actuator is

infinite. This means the PID controllers have to be retuned to align with the new system

dynamics.

6.6.1 Controller gains retuning

The PID controller gains are retuned with the resulting values given in Table 6.3:

Table 6.3: The new PID controller gains found after retuning using ACO algorithm.

PID gains Roll Pitch Yaw Altitude Long Lat

Kp 7.000 150.000 90.606 -75.000 3.0000 -3.000

Ki 0.000 0.000 0.000 0.000 0.000 0.000

Kd -1.200 1.000 -10.000 27.000 -1.0000 -2.000

The response of the rotorcraft after tuning using the ACO is shown in Figures 6.15. This

shows the effectiveness of the computational intelligence methods in recalibrating the

control system for changes in the parameter. The optimisation tools do not have to know

the exact nature of the parameter changes in order to make the correct prediction of the

gains required to control the rotorcraft. The requirements is that the model of the system

is available. This was shown in the previous section.

Figure 6.15: Rotorcraft position response with real actuator models under the retuned

PID controller.
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6.6.2 PID HILS response

The new controller is applied to hardware-in-the-loop actuators. The responses of the

aircraft in HILS are shown in Figures 6.16 and 6.17. The control inputs to the rotorcraft

are shown in Figure 6.18.

Figure 6.16: Rotorcraft position response with HILS actuators under the retuned PID

controller.

Comparing the modelled actuator response to the HILS response, it is evident that the

controller developed with the actuator models is able to control the HILS actuator and

the response of the rotorcraft is within the specifications. This means that at a selected

equilibrium point the optimised PID is able to control the real-actuated rotorcraft. The

RMS for the model is 5.3069× 10−3 and for the real actuator 5.8185× 10−3.

When the system is disturbed from equilibrium, such as when transitioning from hover to

forward flight, the PID controller fails to control the rotorcraft as shown in Figure 6.19.

This is consistent with the results presented in Chapter 3 with ideal actuators.
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Figure 6.17: Rotorcraft Euler angles response with HILS actuators under the retuned

PID controller.

Figure 6.18: Rotorcraft control inputs with HILS actuators under the retuned PID con-

troller.
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Figure 6.19: Rotorcraft position response with HILS actuators under PID controller tran-

sitioning from hover to forward flight.

.
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6.7 Robust SMC Response to Real Actuators

As it was seen with the PID controller, the SM controllers developed in Chapter 4 are

tested with the real actuator. The STSMC is applied to the HILS actuator in order to

verify that it can control the real system. The results are shown in Figures 6.20 and 6.21.

It is noted that the STSMC is able to control the rotorcraft without the need for retuning.

This is an exemplary display of the STSMC’s robustness.

Figure 6.20: Rotorcraft position response with real actuator models under the STSMC.

The STSMC is able to control the HILS model and closely related to the model actuator

response. Since the SMC is prone to chattering, the control inputs are shown in Figure

6.22.
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Figure 6.21: Rotorcraft Euler angles response with real actuator models under the

STSMC.

Figure 6.22: Rotorcraft control inputs with HILS actuators under the STSMC.
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6.8 Active DNN Response to Real Actuators

The next part of the experiment is to use the DNNFBL controller that was presented in

Chapter 5. The MOACO-based DNNFBL is used in this study.

The DNN is then applied to the HILS actuator in order to verify that it can control the

real system. The results are shown in Figure 6.23 and 6.24. The DNN is able to control

the HILS model and the performance is similar to the model actuator response. Forward

flight position response is shown in Figure 6.26. The control inputs produced by the DNN

are shown in Figures 6.25 and 6.27.

Figure 6.23: Rotorcraft position response with real actuator models under the DNNFBL.
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Figure 6.24: Rotorcraft Euler angles response with real actuator models under the

DNNFBL.

Figure 6.25: Rotorcraft control inputs with HILS actuators under the DNNFBL.

200



6.8. ACTIVE DNN RESPONSE TO REAL ACTUATORS

Figure 6.26: Rotorcraft position response with real actuator models under the DNNFBL

in forward flight.

Figure 6.27: Rotorcraft control inputs with HILS actuators under the DNNFBL in forward

flight.
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6.9 Comparing the Responses of the Proposed Controllers

The error from the rotorcraft controlled by PID, STSMC and DNNFBL was recorded.

The summary of the performance of the three controllers based on the performance spec-

ification for hover and 10m/s forward flight are shown in Table 6.4.

Table 6.4: Comparing the HIL simulation results for the three controllers.

Performance conditions PID STSMC DNNFBL

Hover 0.33 0.34 0.31

Forward 4.14 0.54 0.28

From the table, it is seen that the PID has a lower error in hover than the STSMC. This is

due to the fact that PID controller is tuned specifically for the selected flight conditions.

For the STSMC and the DNNFBL, the same controller is used for hover and forward

flight. To cover a larger range results in the limitation and sacrificing performance when

a specific condition is investigated. However, when the full envelope is considered, STSMC

and DNNFBL perform better.

6.10 HILS Fault Tolerance

The DNNFBL controller is applied to the fault tolerance of the LOE of the actuator. The

bank of DNN models are used for residual generation. The residual and the fault decisions

are sent to the reconfiguration controller. When a fault is identified, the swashplate

switching mechanism is reconfigured and the engine speed is used as one of the controller

commands.

The fault injection is coded into the Arduino micro-controller system. The PWM that is

sent to the H-bridge is multiplied by a factor less than 1 to simulate a loss-of-effectiveness.

A fault LOE of 50% is injected into actuator A at 7s and the residual is monitored in

Figure 6.28. Since the residual exceeds the threshold, the fault is identified and the control

is reconfigured. Figure 6.28 shows the signal sent to the engine and the resulting rotor

speed.

Figures 6.29 and 6.30 illustrate the position and Euler angles’ responses of the rotorcraft

when subjected to a fault. The corresponding control inputs can be seen in Figure 6.31.

The DNNFBL HILS response has a higher steady-state error. However, this is still within
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performance specifications. Therefore, the system with DNNFBL recovers successfully in

HILS.

Figure 6.28: Residual and rotor speed with HILS actuators under the DNNFBL for a

LOE of 50%.

Figure 6.29: Rotorcraft position response with real actuator models under the DNNFBL

for a LOE of 50%.
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Figure 6.30: Rotorcraft Euler angles response with HILS actuators under the DNNFBL

for tracking with LOE of 50%.

Figure 6.31: Rotorcraft control inputs with HILS actuators under the DNNFBL for track-

ing with LOE of 50%.
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The DNNFBL system is also able to control the HILS setup signal when it is tracking a

height sinusoidal reference and the performance is similar to the model actuator response.

The performance of a fault-free case is compared with the performance of an actuator

LOE of 50%.

The sinusoidal position tracking responses of a fault-free rotorcraft compared to a faulty

rotorcraft are illustrated in Figure 6.32, while the corresponding control inputs that con-

trol the rotorcraft are presented in Figure 6.33.

Figure 6.32: Rotorcraft position response with real actuator models under the DNNFBL

for tracking with LOE of 50%.

Figure 6.33: Rotorcraft control inputs with HILS actuators under the DNNFBL for track-

ing with LOE of 50%.
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These experiments confirmed that a rotorcraft UAV that employs a rotor speed varia-

tion technique can demonstrate control actuator fault tolerance by the application of an

integrated flight-propulsion control and computational intelligence techniques.

6.11 Chapter Summary

This chapter presented control of the rotorcraft with hardware-in-the-loop simulations

of the swashplate and the electromechanical actuators. The hardware of the swashplate

mechanism was developed and tested with the control of the collective, lateral and lon-

gitudinal cyclic. The control algorithms presented in previous respective chapters were

implemented in the HILS setup. Actuators models were replaced with real hardware

actuators to determine how the proposed control techniques perform to real fault for

experimental validation.

The PID controller had to be retuned in order to be compatible with the HILS. The

STSMC and the DNNFBL did not need retuning. The performance of the PID at the

selected trim was better than the SMC and DNNFBL. The SMC handled actuator faults

well. The DNNFBL with the aid of the DNN FDD was able to handle more severe

actuator faults. This was done with the incorporation of engine control.

This chapter demonstrated that the inclusion of propulsion control to the flight control

can assist a faulty swashplate in continuing to control the rotorcraft. The limitation of the

proposed method is that it caters for a single actuator fault in the main rotor swashplate.

Also, the results of this chapter only compare the two fault-tolerant techniques, further

research is necessary to establish the software acceptance levels required for RTCA DO-

178 in order for these techniques to be used on the rotorcraft.
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Chapter 7

Conclusion and Recommendations

for Future Work

This concluding chapter of this thesis summarises the approach that was fol-

lowed and the results that have been presented so far. Based on these results,

further work on this topic is recommended.

7.1 Conclusions

This thesis has presented the results for the design and development of a medium-scale,

single-rotor rotorcraft UAVs nonlinear dynamic model to be used for model-based design

of FTC variable rotor speed applications in a flight-propulsion combination. The need

arose from the requirement for a cost effective, reliable and environmentally friendly

rotorcraft. The developed model includes the swashplate actuator dynamics and the

engine propulsion model.

Most rotorcraft controller design treat actuator and the engine propulsion system com-

ponents as linear first-order systems. This thesis introduced the application of electrome-

chanical actuators in the swashplate. This has not previously been applied in rotorcraft

UAV models. The inclusion of nonlinear actuator dynamics allows us to simulate the ac-

tuator faults with increased fidelity, which enables the development of robust integrated

flight-propulsion controllers that are a true reflection of the real system to be controlled.

Thereby reducing the time and effort required to transition from simulated results to real

systems.
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The loss of a rotorcraft system is undesirable, due to loss of property and life that can

result. Reliability is even more important in unmanned platforms where there is no pilot

to handle system errors and environmental uncertainties. IFPC was proposed in this

thesis for the RUAV in order to handle the deliberate variations in rotor speed and for

its exploitation as a redundant thrust control input in the case of a single swashplate

actuator fault.

The presented integrated RUAV system model was first controlled by using proportional-

integral-derivative (PID) controllers in 6 degrees-of-freedom (DOF). This was performed

to benchmark the controllers and have a starting point for the comparison of the fault-

tolerant controllers that followed. However, the PID controllers present here were en-

hanced as the first contribution of this thesis. It became apparent that most PID cur-

rently in application are not properly tuned. It proved to be difficult tuning a multi-input

multi-output system with four inputs and six outputs. This thesis endeavoured to in-

vestigate if this problem can be remedied. To find the optimal controller gains for the

rotorcraft at hover and forward speeds, computational intelligent optimisation techniques

are used, these are:

1. ant-based ant colony and antlion optimisation;

2. flight-based cuckoo search and firefly optimisation algorithms;

3. particle swarm optimisation; and

4. genetic algorithm.

These techniques were compared. Continuous ant colony and cuckoo search optimisation

had not been used in a similar study. Both methods proved to be suitable for the task. It

was noticeable, also, that the performance of the PID, even the optimal one, deteriorated

away from the trim conditions with limited robustness.

Since rotorcraft UAV can operate well beyond the control of a remote pilot, it becomes

important that the system is able to tolerate a some level of system malfunction before

heading back to the base. For fault tolerance, we presented the passive fault-tolerant

control (PFTC) based on sliding mode controller (SMC). Conventional SMC and super-

twisting SMC were compared in terms of robustness to handle loss-of-effectiveness (LOE)

fault in one of the three swashplate actuators and the deviation of the rotor speed from
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nominal. The parameters of these three controllers were tuned using computational intel-

ligence algorithms as was used in the PID controllers case. In order to apply this robust

control, the system had to be transformed from a complex non-affine-in-control system in

to an affine-in-control representation. The controllers proved to be invariant to the rotor

speed changes and maintain the rotorcraft control. Chattering was removed by using the

hyperbolic tangent function. The SMC-based controllers proved robust to actuator LOE

faults. However, they fail to recover the rotorcraft from total actuator failure. This was

shown using hypothesis testing that the performance results were significantly different.

The smoothing of the control action was derived mathematical and showed how the tanh

function is able to filter out chattering when compared to the sgn function.

Active fault-tolerant control (AFTC) scheme based on dynamic neural networks (DNN) is

employed. RUAV system identification using DNN is combined with feedback linearisation

(FBL). Multi-objective optimisation algorithms are used to find the controller and FBL

gains. The application of MOO in tuning rotorcraft control design was presented for the

first time in this thesis. The MOO focused on Antlion and Ant colony optimisation, both

of which proved suitable for finding near optimal parameters for he DNNFBL. The ACO

was found to be better than the ALO.

DNN is also used for fault detection and diagnosis (FDD) for the AFTC. This applied

indirect DNNFBL control strategy proved to be more suitable for IFPC and was able to

recover from severe actuator faults and rejected rotor speed variations. The effectiveness

of the proposed control strategies is evaluated in hardware-in-the-loop simulations using

an experimental swashplate rig of three electromechanical actuators. The experimental

results validated the developed and simulated control strategies.

The aim of this research was to improve the knowledge base by introducing flight-

propulsion-based design through thorough investigation of variable rotor speed. The

control strategies will be used to study the application to RUAV design and trade-offs be-

tween performance, reliability and safety. This project proposed the use of computational

intelligence FTC and this was compared to conventional controllers.
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7.2 Recommendations for Future Work

1. The study of the rotorcraft and the actuator dynamics presented in the thesis were

based on a combination of simulated results and limited experimental results on the

hardware-in-the-loop bases. This was done for the development phase of the RUAV

under investigation. It is recommended that as the RUAV evolves and more of the

experimental system becomes available, the experiment be expanded to include as

many real-life dynamics as possible. This includes, but should not be limited, the

real propulsion system, the rotor hub and the effect of the coupling gearbox both in

the main and the tail rotors. The controller developed here can then be evaluated

for a wider applicability. This way the limiting assumptions listed in Chapter 2,

that guided the development of our proposed systems can be validated.

2. In Chapter 3 a number of optimisation algorithms were presented and benchmarked.

These were used to find PID controller gains. This process involved only the op-

timisation using a single objective. Future test can be conducted to investigate

if multi-objectives optimisation offers better tuning results when compared to the

single objective one.

3. The robustness of the conventional SMC and STSMC were based on the assumption

that uncertainty and disturbance are below a certain threshold. However, this

threshold is not known a priori. Adaptive control has been shown to yield a good

approximation of these unknown functions. A better understanding can be gained

by investigating the incorporation of this adaptation with the SMC results presented

in this thesis.

4. For future investigation, it is recommended that an intelligent fault detection and

identification agent is used in conjunction with the DNNFBL for AFTC of the

rotorcraft. This setup can be compared to the robust methods that currently prevail

in literature, such as high-order sliding mode controller.

5. In Chapter 2 it was shown the the actuator can be positioned in an optimal way, by

making γ ̸= 0. The study of this optimisation with the inclusion of AFTC should

be conducted to gain insight in whether there is an optimal position for the actuator

that maximises the effectiveness of the two actuators should one fail.
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