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Application de lois de commande de vol intelligentes, robustes et adaptatives sur I’avion
d’affaire Cessna Citation X

Mabhefatiana Rojo Princy ANDRIANANTARA

RESUME

La conception des systemes de commande de vol pour les avions commerciaux reste limitée
par la dépendance des contrdleurs classiques et modernes a un modele mathématique précis, a
un séquencement des gains et a un réglage effectué a la suite d’une expertise approfondie. Si
les méthodes de commande adaptative et intelligente offrent des alternatives prometteuses, leur
application aux systémes aéronautiques est limitée par des préoccupations liées a la robustesse,
a la stabilit¢ numérique et a la compatibilité avec leurs certifications. Cette thése aborde ces
défis a travers le développement et la validation d'une architecture de commande de vol
adaptative hybride appliquée a 1’avion d'affaire Cessna Citation X.

La méthode de contrdle proposée combine des controleurs PID pour la stabilité avec une
inversion dynamique basée sur 1’estimation par la méthode des moindres carrés récursifs et
une adaptation a 1’aide des réseaux de neurones pour compenser les incertitudes de
modélisation, les non-linéarités et les dynamiques variables dans le temps. L'inversion
dynamique est réalisée a l'aide d'une estimation en ligne de la dynamique locale de I'avion a
partir des incréments d'état et de contréle mesurés, ¢liminant ainsi le besoin d’obtenir des
modeles aérodynamiques explicites ou de s€quencement des gains. L'adaptation du réseau de
neurones compense en outre les erreurs d'inversion résiduelles et les non-linéarités des
actionneurs, permettant une double adaptation en ligne dans une architecture de contrdle
structurée et interprétable.

La méthodologie est validée a I'aide d'un modéle de simulation non linéaire d’haute-fidélité du
Cessna Citation X dans 64 conditions de vol de croisiere couvrant une large gamme d'altitudes
et de vitesses. Les contrdleurs en boucle interne pour la stabilisation du tangage, du roulis et
du lacet, ainsi que les pilotes automatiques en boucle externe pour le contrdle de la vitesse
verticale, de 1'altitude et du cap, sont congus et évalués a l'aide d'une configuration unique du
controleur. Des analyses de robustesse approfondies sont menées dans des conditions de rafales
de vent, de turbulence de Dryden, de bruit des actionneurs et de perte d'efficacité des
actionneurs. Des stratégies de stabilisation numérique, notamment la réinitialisation de la
covariance et 1'adaptation basée sur des seuils, sont introduites afin de garantir une estimation
et une inversion en ligne fiables.

L'évaluation des performances démontre un suivi précis avec des erreurs en régime permanent
inférieures a 2 %, des temps de stabilisation rapides pour la dynamique en boucle fermée et
une ré¢jection robuste des perturbations sur toute I'enveloppe de vol. Les qualités de vol sont
évaluées de maniere explicite a 1'aide des criteres MIL-STD 1797A, et les exigences de niveau
1 sont systématiquement satisfaites pour les modes de dynamique période courte, le roulis et
le roulis hollandais. L'analyse de stabilité basée sur Lyapunov confirme la convergence de tous



VIII

les éléments adaptatifs. Une validation comparative a I'aide d'un simulateur de vol de recherche
de niveau D montre une amélioration des performances de notre controleur par rapport au
contrdleur de référence.

Cette thése démontre que le contrdle adaptatif hybride basé sur la stabilisation PID, I'inversion
dynamique RLS et I'adaptation des réseaux de neurones offre une solution adaptative, robuste
et compatible pour la certification du controle de vol sur I'enveloppe compléte des avions
commerciaux. Les résultats établissent une voie pratique vers le déploiement de systémes de
controle de vol adaptatifs dans les applications aéronautiques, assurant la sécurité de vol.

Mots-clés : Contrdle de vol adaptatif, Inversion dynamique non-linéaire, Estimation récursive
des moindres carrés, Controle par réseau de neurones, Validation des qualités de vol



Application of Intelligent Robust Adaptive Flight Control Laws for the Cessna Citation
X business jet

Mabhefatiana Rojo Princy ANDRIANANTARA

ABSTRACT

The flight control systems design for commercial aircraft remains constrained by the reliance
of classical and modern controllers on accurate modeling, extensive gain scheduling, and
expert-driven tuning. While adaptive and intelligent control techniques offer promising
alternatives, their application to safety-critical aviation systems is limited by concerns related
to robustness, numerical stability, and certification compatibility. This thesis addresses these
challenges through the development and validation of a hybrid adaptive flight control
architecture applied to the Cessna Citation X business jet.

The proposed control method combines Proportional-Integral-Derivative (PID) controllers for
baseline stability with Recursive Least Squares—based Dynamic Inversion and Neural Network
adaptation to compensate for modeling uncertainties, nonlinearities, and time-varying
dynamics. Dynamic Inversion is achieved using online estimation of local aircraft dynamics
from measured state and control increments, thus eliminating the need for explicit aerodynamic
models or gain scheduling. Neural network adaptation further compensates for residual
inversion errors and actuator nonlinearities, enabling dual online adaptation within a structured
and interpretable control architecture.

The methodology is validated using a high-fidelity nonlinear simulation model of the Cessna
Citation X across 64 cruise flight conditions covering a wide range of altitudes and airspeeds.
Inner-loop controllers for pitch rate, roll rate, and yaw stabilization, as well as outer-loop
autopilots for vertical speed, altitude, and heading control, are designed and evaluated using a
single controller configuration. Extensive robustness analyses are conducted under wind gusts,
Dryden turbulence, actuator noise, and actuator loss-of-effectiveness. Numerical stabilization
strategies, including covariance reinitialization and threshold-based adaptation, are introduced
to ensure reliable online estimation and dynamic inversion.

Performance evaluation demonstrates accurate signal tracking with steady-state errors below
2%, fast settling times for inner-loop dynamics, and robust disturbance rejection across the full
flight envelope. Flying qualities are explicitly assessed using MIL-STD 1797A criteria, and
Level 1 requirements are consistently satisfied for short-period, roll, and Dutch-roll dynamics
modes. The Lyapunov-based stability analysis confirms boundedness and convergence of all
adaptive control elements. Comparative results validation using a Level D research flight
simulator data shows improved performance of the controller relative to the baseline onboard
controller.

This thesis demonstrates that hybrid adaptive control based on PID stabilization, RLS dynamic
inversion, and neural network adaptation provides a scalable, robust, and certification-



compatible solution for envelope-wide flight control of commercial aircraft. The results
establish a practical pathway toward the deployment of adaptive flight control systems in
safety-critical aviation applications.

Keywords: Adaptive Flight Control, Nonlinear Dynamic Inversion, Recursive Least Squares
Estimation, Neural Network Control, Flying Qualities Validation
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INTRODUCTION

One major component of an aircraft consists of its flight system, which allows them to
accomplish a given mission and realize proper maneuvers. Since the beginning of aircraft
design and manufacturing, flight controllers have constantly improved, and even later
demonstrated their efficiency. Earlier flight control methodologies consist of classical
controllers such as Proportional — Integral — Derivative (PID) controllers using phase and gain
margin techniques (Nelson, 1998 ; Stevens, Lewis, & Johnson, 2015). These techniques are
still in use on aircraft and in modern robotic fields. However, they rely on expert design.
Modern controllers such as LQR and robust controllers including Linear Quadratic Gaussian
regulators, and H,, controllers appeared in the late 1960s with the new interest in spacecraft
and supersonic flights. Advanced controllers such as Dynamic Inversion (DI) controllers and
Model Predictive Controllers (MPC) were developed in the early 1990s, offering adaptive
features, and compensating for nonlinearities. Nowadays, intelligent controllers have emerged,
among which we could cite Deep Learning based, Fuzzy and Neural Network controllers. The
application of intelligent controllers became possible with recent advancement in hardware, as

computers were able to handle high volume of computation and memory.

Following the growing interest in the area of automated control, it will be a question of time
for intelligent controllers to be applied to the next aircraft generations. As a matter of fact, the
common goal consists of improving flight performance and enhancing flight safety. Since the
development of supersonic aircraft such as actual fighter jets, flight controllers have become
more complex and sophisticated as they deal with higher order dynamics and nonlinearities.

Indeed, they are developed to perform high accuracy maneuvers and often rely on sensory data.

Flight controllers are developed according to the targeted control objective, from low level
inner loop control, such as attitude control, to high level outer loop control such as guidance
and navigation. Besides, intelligent flight controllers and autopilots have demonstrated their
application on quadcopters, which are actually available to the great public for recreational

purposes.



0.1 Background and Research Motivation

The aviation industry has been granted as the safest means of transport. However, aerospace
companies constantly seek to improve aircraft design as new challenges occur, and new safety
measures are necessary. Indeed, with the increasing number of flights and in order to ensure
flight safety, extensive research is in progress in the field of flight controls and is led by

industrials and academics.

In 2024, the International Civil Aviation Organization (ICAO) reported the rate of fatal
accidents that was due to Loss of Control In-Flight (LOC-I)(ICAO, 2024), which represents
the second cause of accident after runways during takeoff and landing. According to the
Federal Aviation Administration (Federal Aviation Administration, 2009), nearly 60 to 80%

of the accidents were due to human factor faults, including those of the pilot and the crew.

A loss of control generally occurs due to uncontrollable events. This instability is often caused
by the presence and accumulation of uncertainties, for which the controller was not designed
to mitigate. Therefore, it is necessary to develop adaptive controllers that are able to properly
function in a changing environment, and thus, to compensate for the lack of robustness of

conventional controllers.

Classical and modern control methods are widely applied to commercial aircraft. They usually
consist of linear controllers; they often result from expert design and are designed only for
specific flight conditions. We can cite gain scheduling controllers (Y. Boughari, Ghazi, Botez,
& Theel, 2017a, 2017b). Even though they showed good performance, they lack adaptation in
the presence of nonlinearities and unmodelled uncertainties. In fact, linear controllers are
mainly designed using a linearized aircraft model and its surrounding environment. Thus,
alternative solutions consist of integrating nonlinear controllers, among which we can cite
Artificial Intelligence (Al) controllers based on Reinforcement Learning, Neural Networks and

Fuzzy logic.



The choice of Machine Learning (ML) is mainly motivated by the recent advancement of
computers. Indeed, nowadays computers are more powerful in terms of computation capacity
and memory, which are particularly useful for ML applications, which require a high amount
of data and computing time. Additionally, several working groups are actually evaluating the
application of ML in Aerospace systems. The FAA, the European Union Aviation Safety
Agency (EASA) and NASA have addressed Al certification issues in aerospace systems
(Agogino et al., 2024 ; European Union Aviation Safety Agency, 2024 ; Federal Aviation
Administration, 2024)

0.2 Problem Statement

The literature review in CHAPTER 1 gives an overview of several control algorithms that are
applied in Aerospace Systems. Each controller is presented by the date of its design. As a
matter of fact, each control algorithm tries to fill the gap of its precedent. For instance, optimal
state feedback control is able to reduce the extensive design of a classical controller, by solving
an optimization problem, and thus by reducing the controller’s dimension. For example, robust
control is able to deal with uncertainties for which optimal controllers were not able to mitigate.
Then, adaptive control can solve the issues related to changing environment and dynamics, by
improving controller robustness, and covering wider range of nonlinearities. Finally, in order
to solve linearization issues, intelligent control strategies have been designed to deal with

nonlinear systems.

As an example, Neural Networks (NN) are powerful algorithms, that are able to capture highly
nonlinear dynamics. Therefore, a new challenge has emerged, which consists of assessing the
performance of intelligent controllers, specifically their stability and robustness. In fact,
intelligent control has been so far applied in practice on UAVs and simulation platforms and
still expecting certification for manned aircraft. However, the practical application of Al

control on manned aircraft seems not to be far from now.



Therefore, this research aims to solve these gaps by using Al based adaptive controls applied
on Cessna Citation X flight dynamics. The research problem could be summarized with the

following question:

How can the performance of aircraft flight controllers be improved using AI while

guaranteeing flight safety?

The main reason and attractive characteristics of nonlinear controllers consist of dealing with
nonlinearities, such as nonlinear flight dynamics, actuator dynamics or even turbulences. NNs
and adaptive filters have been presented as solutions in this thesis. The main objective of
control design consists of stabilizing the flight dynamics model, by totally or partially
controlling its desired states. However, the design process should meet certain requirements in
order to ensure aircraft stability and maneuverability, by including flight qualities in its design.
These have been the main guidelines in this research, to which we will refer and assess several

times in this thesis.

0.3  Research Objectives

The main objective of this research, as mentioned above, is to design, implement, and validate
robust and adaptive flight control systems based on neural networks and adaptive filtering
techniques, with the aim of improving aircraft flight performance while ensuring its stability,

robustness, and operational safety.

To achieve this objective, the study addresses multiple control tasks corresponding to different
aircraft dynamic modes and control loops. An aircraft system can be decomposed into two
main dynamic subsystems: longitudinal dynamics and lateral-directional dynamics. In
addition, flight control tasks can be classified into low-level control tasks, such as attitude and
rate stabilization, and high-level control tasks, such as guidance and navigation. Based on this

classification, the research is structured around three (3) specific and complementary



objectives, each of them corresponding to a distinct control study. These objectives are detailed

in the next paragraphs :

1. The first objective focuses on the longitudinal control study of the Cessna Citation X,
with particular emphasis on pitch-rate regulation. This study addresses low-level
longitudinal control through the design of a Stability Augmentation System (SAS) and
a Controllability Augmentation System (CAS), aiming to enhance pitch-axis stability,

response dynamics, and robustness across the aircraft operating conditions.

2. The second objective addresses lateral-directional control study, including roll-rate
control and yaw-rate stabilization. This study also involves the development of SAS
and CAS control loops, with the goal of improving roll and yaw stability, coordination,

and disturbance rejection.

3. The third objective focuses on high-level control for guidance and navigation, namely
on the design and implementation of autopilot functions. These functions are built
based on the validated low-level controllers, and they accomplish the high-level control
objectives, such as attitude control, trajectory tracking, and overall flight-path

regulation.

In addition, the robustness of the proposed control architectures is evaluated through
simulation-based disturbance scenarios, including wind gusts and turbulence. In addition, the
stability and convergence properties of the adaptive controllers are analytically assessed using

Lyapunov stability theory for nonlinear adaptive systems.

Each of the study cases described above corresponds to a peer-reviewed journal article and is
presented in CHAPTER 2, CHAPTER 3, and CHAPTER 4, respectively. Accordingly, this
thesis is written under a manuscript-based format and is composed of three journal articles that

together form the core scientific research contributions corresponding to each objective.



In addition to these main studies, supplementary research works are included in the ANNEX
section. These annexed papers present complementary control methodologies and analyses that
support and extend the main contributions of the thesis and were published and presented at
AIAA conference. Specifically, they include: (ANNEX I) a hybrid Model Predictive Control—
Neural Network (MPC—NN) approach for longitudinal flight control, (ANNEX II) a C* control
strategy based on Dynamic Inversion and neural networks, and (ANNEX III) a comprehensive
flying qualities analysis of nonlinear flight control systems for longitudinal and lateral control

algorithms.

0.4  Novelty and Originality

The novelty of this research lies in the design and implementation of a unified adaptive
nonlinear flight control algorithm for the Cessna Citation X, based on neural networks and
adaptive filtering techniques, such as Recursive Least Squares (RLS) based Dynamic Inversion
controller. The proposed controllers are developed for the cruise phase of the aircraft and
validated across the entire flight envelope. Unlike conventional approaches that address single
aircraft dynamics models, the proposed algorithms simultaneously consider multiple aircraft
dynamic modes and control layers, providing very good adaptive control strategies for both

longitudinal and lateral-directional dynamics modes.

The resulting control architecture consists of a hybrid nonlinear adaptive control scheme
combining intelligent control techniques and adaptive Dynamic Inversion. It provides dual
adaptation capabilities through the combined use of RLS estimation and NN-based
compensation, enabling online adjustment to modeling uncertainties and dynamic variations
in both longitudinal and lateral modes. The designed hybrid controllers accomplished low-
level stabilization objectives, and they include Stability Augmentation Systems (SAS) and
Controllability Augmentation Systems (CAS), and they provide high-level guidance with

adaptive autopilot design.



This research advances the state of the art through the implementation of a hybrid RLS—NN
adaptive control architecture for longitudinal pitch rate control as well as lateral roll rate control
and yaw rate stabilization of a business jet. The controllers are designed and validated on a
realistic, high-fidelity nonlinear aircraft model of the Cessna Citation X, including actuator
dynamics and disturbance effects. The adaptive nature of the proposed approach removes
evidently the need for classical gain-scheduling techniques, allowing to obtain very good
performance, and to maintain it across varying operating conditions using a single controller

structure.

Another novelty lies in the controller architecture itself, which combines a baseline PID
controller with fixed gains to ensure nominal stability, while allowing online adaptation to the
nonlinear components of the control law. Specifically, the Dynamic Inversion controller, the
Recursive Least Squares (RLS) estimator, and the neural network (NN) residual compensator
are adapted in real time. This structured separation between fixed and adaptive components
enhances controller robustness, while preserving stability margins. Additional adaptive control
architectures are presented in the ANNEX, including a hybrid Model Predictive Control —
Neural Network approach and a C* control architecture based on Dynamic Inversion and

neural networks for longitudinal control.

The proposed designs enable the automatic handling of changes in aircraft dynamics due to
uncertainties and disturbances. In addition, this work provides a systematic analysis of RLS
adaptation mechanisms, including their initialization strategies, forgetting factor selection, and
covariance matrix resetting, and it evaluates their impact on the estimation accuracy and
closed-loop stability. Neural networks are subsequently integrated as direct adaptive control

elements, providing robust compensation even in cases of degraded or biased RLS estimates.

Finally, this research adopts a robustness- and certification-oriented validation methodology.
The controller performance is evaluated under wind gust and turbulence conditions, and
longitudinal and lateral flight qualities are explicitly assessed, demonstrating Level 1

compliance accordingly to established criteria (Department of Defense, 1997 ; Hakim &



Choukri, 2024 ; Hodgkinson, 1999). Moreover, the nonlinear stability and convergence
properties of the proposed adaptive control laws are guaranteed using Lyapunov stability
theory for nonlinear adaptive systems (Lewis, Yesildirek, & Liu, 1995 ; Narendra &
Annaswamy, 1987), thereby reinforcing the application of the proposed approach to safety-

critical flight control systems.

0.5 Contributions and Thesis Organization

This research has been published in three peer-reviewed journal articles and five conference
papers, which have been presented at the AIAA SciTech and the AIAA Aviation Forums.
These publications collectively document the theoretical developments, controller designs, and

validation studies conducted throughout this thesis.

CHAPTER 1 presents a comprehensive literature review of aircraft flight-control
methodologies and state-of-the-art techniques. This chapter establishes the scientific
foundation of the research by critically analyzing conventional, nonlinear, and adaptive control
approaches, with a particular emphasis on neural-network-based controllers and adaptive
dynamic inversion methods. The advantages and limitations of existing techniques are

discussed in order to justify the proposed control architectures in this thesis.

CHAPTER 2 presents the first journal article, entitled “Nonlinear Adaptive Longitudinal
Controller and Flight-Qualities Validation for a Business Aircraft.” This chapter focuses on
the design of an adaptive longitudinal flight-control system for pitch-rate regulation using
neural networks combined with Recursive Least Squares (RLS)—based Dynamic Inversion.
The robustness of the controller is evaluated under disturbance conditions, and its stability

properties are assessed using Lyapunov stability theory for nonlinear adaptive systems.

CHAPTER 3 presents the second journal article, entitled “Robust Adaptive Lateral Control for
the Cessna Citation X with Flight Quality Validation and Lyapunov Stability Assessment.”

This chapter addresses the design of adaptive lateral-directional controllers, including roll-rate



control and yaw-rate stabilization. The chapter presents robustness performance analyses in
the presence of uncertainties and disturbances, along with Lyapunov-based stability

verification and flight qualities assessment.

CHAPTER 4 presents the third journal article, entitled “Adaptive Autopilot Design and
Implementation for the Cessna Citation X.” This chapter explains several adaptive autopilot
architectures for high-level guidance and navigation functions, including vertical-speed,
altitude, and heading control. The proposed autopilots are developed upon the validated low-
level adaptive controllers and demonstrate consistent performance across the cruise flight

envelope.

CHAPTER 5 provides a comprehensive results and discussion section, in which the
performance of the proposed adaptive controllers is analyzed across longitudinal, lateral-
directional, and autopilot control tasks. This chapter synthesizes the results obtained in the
preceding chapters, highlighting controller improvements in terms of tracking performance,
robustness to disturbances, and compliance with flight quality requirements. The influence of
adaptive control elements, including RLS estimation and neural network compensation, is
discussed in detail, and design insights and tuning recommendations are provided to the

proposed control methodologies.

The three annex sections present supplementary research contributions and supporting

materials.

ANNEX I presents a conference paper on the design of a hybrid Model Predictive Control—
Neural Network (MPC—NN) controller applied to the Cessna Citation X. This paper was
published at the 2024 ATAA SciTech Forum.

ANNEX II presents a conference paper on robust pitch-rate control using a C* control
architecture combined with Dynamic Inversion and neural-network-based adaptation. This

paper was published at the 2024 AIAA SciTech Forum.
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ANNEX III presents a conference paper dedicated to the flight-qualities assessment of the
proposed longitudinal and lateral controllers, demonstrating their compliance with Level 1

flight quality criteria. This paper was published at the 2025 AIAA SciTech Forum.



CHAPTER 1

LITTERATURE REVIEW

This chapter presents a comprehensive review of control methodologies applied to aerospace
systems. The main objective is to identify the current state of the art in aircraft flight control,
while critically assessing the strengths and limitations of existing control strategies. It then
surveys a range of classical, nonlinear, and adaptive control techniques, highlighting their
practical implementations in aircraft control systems. Finally, the key limitations identified in
existing literature are summarized, leading to the formulation of the research gap that motivates

and guides this thesis.

1.1 Introduction to Aicraft Flight Dynamics

An overview of aircraft flight dynamics is described in this section, along with its primary
flight equations, and state space representation. The linear representation of the aircraft
dynamics may be described using the following linear state space equation :
X = Ax + Bu (0.1)
y = Cx + Du
where X is the states vector, X is the state variation, u is the control input vector, A is the state
matrix and B is the control matrix. y is the output equation, while C and D are the output

matrices corresponding to the states and the control inputs.

The state matrix A, is obtained through linearization of the aircraft dynamics, and contains the
aircraft aerodynamic stability derivatives. On the other hand, the control matrix B contains the
control effectiveness derivatives. Their approximation values are given in any aeronautical

textbook, citing (Nelson, 1998 ; Stevens et al., 2015).

The full longitudinal linear state-space equation can be expressed as follows :
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The full lateral-directional linear state-space equation can be expressed as follows :
[A01 [ Y (=) gocos(fy) Ofrav Ys, Vs,
[ A}? | [L, L, L, 0 0|[Ap Ls, Ls, AS
[A7 =N, N N, 0 ofl &7 |+ |Ns  Nj “] (0.3)
|2 | ’ A R
Mpl Lo o 1 0 oltAY 0 0
1.2 Introduction to Aircraft Flight Control

Aircraft flight control systems are designed to govern flight stability and dynamics of an
aircraft by regulating its dynamic response to pilot commands and external disturbances. In
aerospace engineering, the controlled systems include aircraft dynamics, propulsion system
dynamics, actuator dynamics, and the surrounding flight environment. The main objective of
a flight control system is to ensure that the aircraft exhibits its desired dynamic behavior, in
terms of stability, damping, and acceptable transient response, while satisfying performance,

safety, and handling-quality requirements across the operational flight envelope.

Historically, aircraft control systems design has evolved from classical linear control
techniques toward more advanced nonlinear and adaptive methodologies. Early flight
controllers were primarily based on linearized models of the aircraft dynamics, and they relied
on classical control methodologies such as Proportional-Integral-Derivative (PID) control,
root-locus, and frequency-domain methods. These approaches typically use mathematical
representations of an aircraft, commonly referred to as the plant, derived using linearization

through transfer functions. Control laws are then designed using output or state feedback to
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regulate tracking errors, and to ensure stable response to reference commands. While effective
around specific operating points, such linear controllers often require gain scheduling to

maintain acceptable performance over a wide range of flight conditions.

As aircraft dynamics are inherently nonlinear and strongly dependent on flight condition,
modern flight control design has increasingly incorporated nonlinear and adaptive control
techniques. These methods aim to explicitly account for nonlinearities, model uncertainties,
and variations in aerodynamic characteristics, thereby they improve model robustness and
performance throughout the flight envelope. Adaptive control strategies, in particular, have
been studied to reduce reliance on precise modeling and to compensate for unknown or time-

varying dynamics in real time.

Regardless of the applied control methodology, aircraft flight control systems must satisfy
certification and handling quality requirements. Standards such as MIL-STD-1797A define
quantitative criteria for stability, damping, bandwidth, and transient response to ensure
acceptable flying qualities and pilot workload. Consequently, the design of flight control laws
is not solely a theoretical control problem but is also constrained by certification guidelines
and flight quality metrics, which play a central role in evaluating and validating both classical

and advanced control approaches.

1.3 Linear control

Classical flight controllers are commonly designed using linearized representations of aircraft
dynamics. Linearization is typically performed about a specific operating point, referred to as
a trim condition, and is obtained by retaining the first order terms of the Taylor series expansion
of the aircraft nonlinear equations of motion (Ogata & Yang, 2002). The trimming process
consists in determining an equilibrium state in which the aircraft maintains steady flight,
defined by flight conditions expressed in terms of altitude, Mach number or airspeed, aircraft

mass, center-of-gravity location, and temperature deviations.
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Because of the fact that aircraft dynamics vary significantly across the flight envelope,
linearized models are only valid around their corresponding trim conditions. Consequently, for
large operational flight envelopes, the flight domain must be partitioned into multiple operating
regions, each of them corresponding to a distinct trim point (Y. Boughari, Ghazi, et al., 2017a,
2017b ; Yamina Boughari, Botez, Ghazi, & Theel, 2017 ; Yamina Boughari, Ghazi, & Botez,
2017). A dedicated controller is then designed for each operating region, typically using gain
scheduling techniques to interpolate between control configurations. Moreover, the
consideration of abnormal or off-nominal flight conditions further increases the required

number of controllers, adding to the complexity of the overall control architecture.

The linearization and controller design processes are often demanding, as they rely on accurate
aircraft models and assume that the linearized states or outputs are measurable or can be
reliably estimated during real flight. Despite these challenges, linear control techniques remain
widely used in practice due to their simplicity and well-established theoretical foundations.
Many linear control strategies have been reported in the literature and applied to operational
aircraft systems, including PID control, linear quadratic regulation (LQR), Model Predictive

Control (MPC), and H,, control.

14 Classical control

Classical control is often referred to as linear control theory, and it works very well in various
applications. Indeed, the science of linear control has been well established, and its efficiency
has been proven in practice. Many control books would assess the synthesis of linear
controllers, their stability requirements in terms of phase and frequency margins, pole locations
(Dorf & Bishop, 2008 ; Franklin, Powell, Emami-Naeini, & Powell, 2002 ; Goodwin, Graebe,
Salgado, & others, 2001 ; Ogata & Yang, 2002). The objective of classical control consists in
obtaining good performance in terms of time delay, overshoot, setting time and steady-state

€Iror.
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As examples of classical controllers, we can enumerate transfer functions and PID controllers.
Despite the simplicity of their design and their ease of application, they have shown a lack of
performance and adaptation when changes occur in the environment dynamics. In aerospace
systems, and especially in flight controllers, classical controllers are usually based on
successive single-loop designs, where the inner loop, known as Stability Augmented System
(SAS), insures stability, while the outer loop called Controllability Augmented System (CAS)
(Nelson, 1998) performs control task. The SAS consists of a feedback gain on the angular
velocities and allows to damp the system faster dynamics, for instance the Short Period and
the Dutch Roll modes. On the other hand, the CAS consists of a compensator that allows you
to track a reference signal by controlling the error signal. The compensator may be a PID, a
lead, lag or a notch filter, depending on design specifications. The design of a classical
controller often results from successive tuning that mainly relies on trial and error until the
desired closed-loop performance is obtained. This process is referred to as expert design and
may be an extensive task for the control designer. Hence, automating the design process

remains a challenge for classical control.

1.4.1 PID Controllers

Proportional Integral Derivative (PID) controllers may be so far the best-known control
technique. It is preferred as an initial approach to any control problem before upgrading it to
more advanced control. Besides, it is able to handle complex dynamics, and its stability is
guaranteed (Nelson, 1998). The main advantage of PID controllers lies in the fact that they do
not require the plant mathematical model for their design. The tuning of the controller gains
may be obtained directly from dynamic system. The “proportional” gain is computed from the
current error and increases the output signal; the “integral” gain is computed from the previous
error and removes the steady-state error, but the response is slow; while the “derivative” gain

is computed from future errors and the system response is fast.

There are simple techniques for the PID design such as the time-frequency response, root locus

or the Ziegler-Nichols method (Nelson, 1998). Despite its good features, PID control remains
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a time-consuming process if it is designed for the overall flight envelope of the aircraft. For
example, for only attitude control in the pitch, roll and yaw axes, the PID controller requires
at least 9 gains for only one operating condition. Moreover, the PID gains should not be
excessively tuned in order to be applicable to actuators. However, even though PID controllers
take time to design, most control designers refer to PID control to validate their flight
controllers, especially when conducting experiments. For instance, in the case of active
controls which involve real experimentation with actuators, experimental tests should be

conducted safely as loss of materials may occur.

To this end, PID controllers have been extensively used at the Laboratory of Applied Research
in Active Controls Avionics and AeroServoelaticity (LARCASE). One can cite the works of
(Grigorie, Botez, Popov, Mamou, & Mébarki, 2012b, 2012a ; Grigorie, Popov, Botez, Mamou,
& Mébarki, 2012a, 2012b ; Khan, Grigorie, Botez, Mamou, & Mébarki, 2020 ; Mosbah, Botez,
Dao, Guezguez, & Zaag, 2016 ; Andrei V Popov, Grigorie, Botez, Mamou, & Mebarki, 2010 ;
Andrei Vladimir Popov, Labib, Fays, & Botez, 2008) which used PI controllers on Smart
Memory Alloy (SMA) and actuators to control the position of the transition point from laminar
to turbulent on a morphing wing. The designer must rely on classical controller approach to
deal with highly nonlinear aeroservoelastic dynamics and real experimentations. Once the
classical control approach was validated, more advanced controllers were used for morphing
wing such as fuzzy-based (Grigorie, Botez, et al., 2012b) or neural network-based controllers
(Mosbah et al., 2016). These works were performed within a major research project in
collaboration with the well-known companies Bombardier and Thales. Another example is
brought by (Koch III, 2019) for UAV applications, for which a neural network controller has
been first compared and validated with a PID controller before being deployed on a real UAV.

1.4.2 Gain Scheduling

Gain scheduling is widely applied in both classical and modern flight control systems to ensure
acceptable performance over a wide aircraft flight envelope. This approach is effective in

addressing aircraft dynamics variation across different operating conditions. However, gain
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scheduling remains a time-consuming process. In classical control design, techniques such as
root-locus analysis and single-loop modeling must be carried out separately for each flight

condition.

To reduce the design effort, several studies have proposed automated gain-tuning approaches
by combining conventional control laws with optimization algorithms, including Differential
Evolution (Y. Boughari, Ghazi, et al., 2017a, 2017b), Genetic Algorithms, and Particle Swarm
Optimization (Ghazi & Botez, 2015b). The resulting controller parameters are typically stored
in lookup tables and interpolated online as functions of the operating conditions. Nevertheless,
the gain scheduling process often requires the intervention of experienced flight control

engineers to define appropriate operating points and validate controller configurations.

Despite their ability to cover large flight envelopes, gain-scheduled controllers are generally
for systems with rapidly changing or strongly nonlinear dynamics. As a result, adaptive control
techniques have been increasingly investigated as an alternative control, offering the capability
to adjust controller parameters online in response to dynamic variations and uncertainties

(Koch I1I, 2019).

1.5 Modern Control

The modern control aims to reduce the time and design cost of the flight controllers. Its
architecture consists of multivariable control, where the control inputs are generated from
multiple state feedback. In contrast to classical control, state feedback control is a low order
control and is particularly efficient as it does not require successive single-loop design. The
stability and convergence of the technique have been demonstrated by Pontryagin in 1957 and
Bellman in 1962 when setting up the optimal control theory. As of today, feedback control has
been successfully applied on Boeing 767 aircraft in order to improve its lateral dynamics
(Tischler, 1996). Following the apparition of Fly-By-Wire technologies, issues have emerged
such as Pilot Induced Oscillation (PIO), due to the latency between the pilot command and the

computer signals.
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1.5.1 Optimal Control

Several state optimal feedback techniques exist, such as Pole Placement, Linear Quadratic
Regulator (LQR), Linear Quadratic Gaussian regulator (LQG), Model Predictive Controller
(MPC) and H,, controllers. Pole Placement allows us to allocate the eigenvalues of the system
at specific positions on the complex plane for given desired performances. On the other hand,
LQR, LQG and MPC controllers are simple low order controllers, which use optimization

algorithms over a given cost function computation.

The LQR and LQG methods aim to optimize a quadratic cost function, which imposes a
weighting matrix Q on the states and another weighting matrix R on the control inputs. Thus,
the main task of the designer consists in finding suitable configurations of the Q and R matrices
in order to minimize the cost function, and hence to reduce undesired behaviors (Y. Boughari,
Ghazi, et al., 2017a, 2017b). If Q is predominant on R, then the system will struggle to follow
the command signal. Contrarily, if R is predominant on @Q, the system would be sensitive to
small commands such as small noises on the stick. In other words, the designer must find a
balance between the control efforts and the aircraft responses. A method was successfully
applied by (Nelson, 1998). (Y. Boughari, Ghazi, et al., 2017a, 2017b) successfully automated
the weighing process of Q and R using optimization algorithms. They have validated an LQR
based flight controller for stability, while they have used a PI controller for tracking.
Specifically, they combined the LQR method with a Differential Evolution algorithm, while
on the other hand (Ghazi & Botez, 2015b) combined LQR with a Genetic Algorithm in order
to tune the optimal gains of the controller, resulting in a hybrid algorithm. They were able to
satisfy all controller requirements and assess its robustness against uncertainties for the entire
flight envelope, before validating their controllers on the nonlinear model of the Cessna

Citation X.

The optimization algorithms are useful to compute the optimal parameters of the controller.

Among them, we can cite the Differential Evolution (DE) (Y. Boughari, Ghazi, et al., 2017a,
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2017b ; Yamina Boughari, Botez, et al., 2017), the Genetic (GA) (Ghazi & Botez, 2015b), and
the Particle Swam Optimization (PSO) algorithms (S. M. Hosseini, Bematol, Ghazi, & Botez,
2024a ; Khan et al., 2020). Basically, the DE algorithm has the following 5 steps : an
initialization, a mutation, a crossover, a selection and then an iteration phase. The GA
algorithm is based on generic principle for stochastic search of optimal solutions, while the
PSO algorithm searches for an optimal solution among a population of candidate solutions. (Y.
Boughari, Ghazi, et al., 2017a, 2017b ; Yamina Boughari, Botez, et al., 2017) and (Ghazi &
Botez, 2015b) have successfully applied the optimization algorithm for LQR flight controllers,
while (Khan et al., 2020) applied the PSO algorithm to tune the parameters of a PI controller
for morphing wing actuator. The Extended Great Deluge algorithm to find the optimal
parameters of a Neural Networks controller for morphing wing actuator was applied (Mosbah

et al., 2016).

1.5.2 C* Control Architecture

Modern flight control designs emerged in the early 1960s as they were driven largely by the
advancements in Aerospace Engineering. In this context, the C* control architecture was
implemented in the flight control systems of the Space Shuttle, and later it was applied in civil
aviation, notably on the Concorde within the French and British aerospace programs (Tischler,
1996). The C* architecture features a fixed control structure mainly dedicated to longitudinal
flight control. It was introduced in response to pilot-induced oscillation (PIO) phenomena
observed with the emergence of fly-by-wire technologies, which, in some cases, degraded

aircraft flying qualities (Saussié, Akhrif, Bérard, & Saydy, 2009).

The C* control law combines the feedback of the pitch rate g and the normal acceleration a,
to achieve stabilization and command augmentation, typically within Stability Augmentation
Systems (SAS) and Control Augmentation Systems (CAS). The C* architecture enables the
aircraft to exhibit neutral static stability while ensuring strong damping of the phugoid mode,
often resulting in a non-oscillatory response. To ensure safe and smooth operation, the C*

architecture incorporates several protection and limiting filters, including constraints on the
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angle of attack @, Mach number, and commanded pitch angle 6,4, thereby minimizing
excessive accelerations and decelerations (Tischler, 1996). In this work, the C* control
architecture is implemented and evaluated for the longitudinal control of the Cessna Citation

X, as detailed in ANNEX II.

1.6 Robust Control

Robustness in flight control refers to the ability of a controller to maintain acceptable
performance and stability in the presence of modeling uncertainties and external disturbances.
Assessing robustness is a critical step throughout the flight control design process and is a
fundamental certification requirement (Y. Boughari, Ghazi, et al., 2017a, 2017b ; Yamina
Boughari, Botez, et al., 2017). A major challenge in aircraft control system synthesis resides
in accurately representing the inherently nonlinear aircraft dynamics while accounting for the

interaction between the aircraft and its surrounding environment.

As discussed previously, classical and many modern control approaches rely on linearized
models for controller design. This assumption implies that the aircraft dynamics is sufficiently
well known and that an accurate linear approximation can be derived around specific operating
envelope points (Y. Boughari, Ghazi, et al., 2017a, 2017b). However, the linearization process
often fails to fully capture the aircraft nonlinear dynamics, particularly over wide flight
envelopes or under off-nominal conditions. As a result, linearized models may omit critical
dynamic features, thus leading to degraded performance or reduced robustness when subjected

to uncertainties.

Uncertainties affecting aircraft dynamics may arise from a wide range of sources, including
unmodeled nonlinearities, external disturbances, and variations in system parameters. Typical
examples include atmospheric effects such as wind gusts, wind shear, turbulence, aerodynamic
instabilities, sensor noise and delays, pilot-induced oscillations, as well as mass and inertia

variations caused by fuel consumption or payload redistribution. Consequently, flight control
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systems must be designed to guarantee safety and stability while demonstrating robust

performance in the presence of these unmodeled or poorly modeled phenomena.

Among modern robust control techniques, the H,, control method has been widely used in
aerospace applications. Designed by Zames and Francis in the early 1980s, the H,, method
provides guaranteed controller robustness by minimizing the norm of the generalized closed-
loop transfer function of the system. The design formulation typically balances two competing
objectives: 1) limiting the control effort applied to the actuators and 2) while ensuring accurate
tracking of reference commands and disturbance attenuation (Morari & Zafiriou, 1989 ; 1. S.
Khalil, Doyle, & Glover, 1996). However, a well-known limitation of H,, controllers is that
their order is at least equal to that of the system, often resulting in high-order controllers that

are difficult to implement and require significant computational resources.

To address these challenges, the integration of H,, control with optimization techniques has
been investigated to reduce controller complexity and computational burden. In particular,
(Yamina Boughari, Botez, et al., 2017 ; Yamina Boughari, Ghazi, et al., 2017) combined H,
synthesis with Differential Evolution and Genetic Algorithms to optimize controller
parameters and reduce the order of the generalized transfer function while preserving stability
and performance of the controller. The resulting controllers were validated over the entire
flight envelope of the Cessna Citation X, and they were subsequently evaluated on different
nonlinear aircraft models, demonstrating satisfactory robustness and performance under

realistic flight conditions.

1.7 Advanced control

1.7.1 Model Predictive Controller

The Model Predictive Control (MPC) methodology is an advanced controller that can be
viewed as an extension of the Linear Quadratic Regulator (LQR) method. In the LQR
formulation, the quadratic cost function is optimized over an infinite time horizon, whereas in

the MPC the optimization is performed over a finite prediction horizon and is repeatedly
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updated at each sampling instant in a receding-horizon fashion. A key advantage of MPC is its
explicit ability to incorporate input and output constraints directly into the optimization
problem, allowing the handling of actuator saturations and system limitations in a systematic

mannecr.

A comprehensive assessment of the state of the art of MPC applications in aerospace systems
was provided (Eren et al., 2017), highlighting both its strengths and its practical challenges.
As an online optimization-based approach, MPC is well suited to consider changes in system
dynamics by continuously updating the cost function, and constraints at each time step. Also,
(T. Zhang, Kahn, Levine, & Abbeel, 2016) successfully combined the MPC with
Reinforcement Learning for quadcopter control, where the MPC was used to generate training
data for the actor—critic policy. In the context of fixed-wing aircraft, a hybrid MPC—neural
network control architecture has been applied to the Cessna Citation X (R. P. Andrianantara,

Ghazi, & Botez, 2024) and is presented in ANNEX I of this thesis.

1.7.2 Dynamic Inversion Controller

Dynamic Inversion (DI) emerged as a flight control methodology in the 1980s (Lane &
Stengel, 1988), driven by the increasing complexity of aircraft dynamics and the need to design
more advanced linear control techniques limited to small perturbations around trim conditions.
Early developments of the DI were closely associated with the feedback linearization theory,
where the nonlinear system dynamics is algebraically transformed into an equivalent linear
form through the use of inverse system models (Enns, Bugajski, Hendrick, & Stein, 1994). In
Aerospace applications, this concept gained popularity with the advance of fly-by-wire
systems and increased onboard computational capability, enabling real-time implementation
of model-based nonlinear control laws. Dynamic Inversion became particularly attractive for
high-performance aircraft (Snell & Stout, 1996), where strong nonlinearities and wide flight

envelopes made classical linear approaches difficult to apply.
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The classical Nonlinear Dynamic Inversion (NDI) (Horn, 2019 ; Moncayo, Perhinschi,
Wilburn, Wilburn, & Karas, 2012) relies on an explicit mathematical representation of the
aircraft dynamic model to compute the inverse mapping between desired accelerations and
control surface deflections. When accurate models are available, the NDI allows the designer
to directly impose desired closed-loop dynamics, leading to excellent tracking performance
and intuitive control law design. However, early NDI applications revealed a strong sensitivity
to modeling errors, actuator dynamics, and unmodeled disturbances, which could significantly
degrade performance or compromise stability. These limitations motivated the development of
more robust formulations, notably Incremental Dynamic Inversion (Steffensen, Steinert, &
Smeur, 2023 ; Zhou, Ho, & Chu, 2021), which emerged in the 1990s and 2000s as a means of
reducing model dependence by using incremental measurements of states and control inputs.
By operating on local variations rather than global models, INDI significantly improved model
robustness to uncertainties and facilitated its practical implementation across larger flight

envelopes.

Based on these chronological controller developments, modern DI-based controllers
increasingly integrate online estimation and adaptive elements to further mitigate modeling
limitations. In this thesis, the DI is implemented using online Recursive Least Squares (RLS)
estimation to identify local system dynamics in real time, effectively extending the incremental
inversion philosophy. This adaptive formulation enables the inversion to evolve continuously
with changing flight conditions, mass properties, and environmental effects, without relying
on extensive offline modeling or gain scheduling. Neural Network adaptation is subsequently
incorporated in the DI controller to compensate for residual inversion errors and actuator
nonlinearities. In this way, the present thesis research situates dynamic inversion within its
chronological evolution, from model-based feedback linearization to incrementally adaptive
and learning-augmented control, while advancing it toward a robust, scalable, and

certification-oriented flight control methodology.



24

1.7.3 Online State Estimation

State estimation plays a central role in modern adaptive flight control systems, particularly
when control laws rely on an online identification of local system dynamics rather than on
fixed mathematical models. Recent advances in estimation theory have enabled the
development of real-time adaptive filters capable of estimating system states, parameters, and
control effectiveness under uncertainties and time-varying conditions. Among the most widely
used approaches are Recursive Least Squares (RLS) estimation, as mentioned also above
(Haykin, 2013 ; Mahadi, Ballal, Moinuddin, & Al-Saggaf, 2022 ; Mohseni & Bernstein, 2022),
Kalman Filtering (KF) and its nonlinear variants (Xiaoqian, Feicheng, Zhengbing, &
Hongying, 2022), as well as intelligent estimation techniques based on fuzzy logic (Grigorie,
Botez, et al., 2012a ; Hashemi, Botez, & Grigorie, 2020 ; S. M. Hosseini, Ghazi, & Botez,
2024a) and neural networks (Emami, Castaldi, & Banazadeh, 2022 ; Ge, Hang, Lee, & Zhang,
2013 ; Liu, Lyu, Zhang, Yang, & Whidborne, 2025).

On one hand, classical Kalman filtering techniques, including the Extended Kalman Filter
(EKF) and Unscented Kalman Filter (UKF), are widely used for state estimation in aerospace
systems due to their optimality properties under Gaussian noise assumptions. These methods
rely on a priori knowledge of the system dynamics and noise statistics and require repeated
linearization or sigma-point propagation for nonlinear systems. While effective for state
estimation, their reliance on accurate process and measurement models limits their suitability
for adaptive control architectures in which model uncertainty and parameters variation are

significant.

On the other hand, Recursive Least Squares estimation (R. P. Andrianantara, Ghazi, & Botez,
2023a ; R. P. Andrianantara, Ghazi, et al., 2024 ; Mahadi et al., 2022 ; Mohseni & Bernstein,
2022) offers a computationally efficient and model-free alternative for online identification of
local system dynamics. The RLS estimates unknown parameters by minimizing a weighted
prediction error using measured state and control increments, without requiring explicit

knowledge of aerodynamic coefficients or global nonlinear models. The RLS forgetting factor
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allows the estimator to balance sensitivity to new data while retaining past information, making
RLS particularly well suited for tracking slowly time-varying dynamics across the flight
envelope. For these reasons, the RLS has been increasingly used in adaptive flight control and
dynamic inversion methods, where accurate estimation of control effectiveness and state

transition matrices is critical.

In this thesis, the RLS-based state estimation is at the core of the proposed adaptive control
architecture. The estimator provides real-time identification of the local linearized dynamics
required for DI, effectively allowing the controller to locally linearize online the nonlinear
aircraft dynamics. This approach removes the need for extensive trimming and gain
scheduling, as the estimated dynamics is continuously adapting to changes in flight conditions,
mass properties, and environmental disturbances. The RLS estimator operates solely on
measured state and control increments, which enhances control robustness to modeling errors
and makes the approach compatible with high-fidelity simulation and its real-time

implementation.

However, online estimation in safety-critical systems introduces numerical and stability
challenges. Estimation, accuracy and convergence are highly sensitive to the choice of
initialization parameters, such as the forgetting factor and covariance matrix in the case of RLS
estimation. Small value of the forgetting factors k may lead to rapid adaptation but can amplify
noise and induce oscillations, while large values may improve stability at the expense of
responsiveness. To address these issues, parameter reinitialization and threshold-based update
strategies are employed in this thesis to prevent divergence and maintain numerical stability.
These mechanisms ensure reliable estimation even under disturbances, actuator faults, and
abrupt changes in dynamics, which is essential for ensuring the system stability of the

subsequent DI step.

Intelligent estimation methods, including fuzzy logic (S. M. Hosseini, Bematol, Ghazi, &
Botez, 2024b ; S. M. Hosseini, Ghazi, et al., 2024a) systems and neural networks, offer

complementary capabilities by approximating input-output mappings directly from data. Such
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methods have been successfully applied to system identification and state estimation in
aerospace applications. Nevertheless, intelligent methods typically require large datasets,
careful training, and additional validation effort, which can complicate certification processes.
For this reason, purely data-driven estimation is not adopted as the primary estimation
mechanism in this thesis. Instead, neural networks are used in a structured manner to
compensate for residual errors from the RLS-based inversion, preserving interpretability and

stability while benefiting from learning-based mechanism.

Hybrid model estimation and control architecture combining classical control, online
estimation, and learning-based adaptation have shown promising results in both aircraft and
spacecraft applications (Pedro & Meyer, 2007). However, challenges remain in ensuring
numerical robustness, convergence guarantees, and certification compatibility. By including
the adaptive control architecture in both RLS state estimation and DI, and by augmenting it
with neural network compensation, this thesis adopts a balanced approach that leverages the

strengths of both model-based and data-driven methods.

Therefore, state estimation is not treated as an auxiliary component but as a core element of
the control design philosophy chosen in this thesis. The ability to reliably estimate local
dynamics online enables envelope-wide adaptive control, reduces reliance on offline modeling
and gain scheduling, and provides a structured pathway toward certifiable adaptive flight

control systems.

1.8 Adaptive control

By “ adaptation”, we understand the ability of the flight controller to adjust its control
parameters in the presence of substantial changes occurring in the system dynamics (Lee &
Van Kampen, 2021). As an extension of classical controls, adaptive control can deal with
changing dynamics. While the control parameters are fixed for classical controllers, they are
variable for adaptive controllers and can be tuned with an adjusting mechanism (Slotine & Li,

1991).
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1.8.1 MRAC and L1 Controllers

There are two types of adaptive control: Model Reference Adaptive Controllers (MRAC), and
Self-Tuning Controllers (STC). The MRAC is a model-based technique for which the control
parameters are tuned in order to track a desired reference with specific performances in terms
of rising time, settling time or steady state error. The elements of MRAC models are composed
of 1) the plant, which contains unknown parameters with a defined structure, 2) the reference
model, the flight controller, which contains the adjustable parameters, and 3) the adaptation
mechanism (Slotine & Li, 1991). Self-tuning controllers do not have reference models. The
adjusting mechanism computes the optimal control parameters from the output estimates. This
former technique requires an online estimator, or in case of state feedback control, it requires
state observer. In both configurations, the controller gains are tuned dynamically, based on the

signal outputs obtained from the plant.

As stated in Section 1.4.2, several controllers are required to cover a large operating envelope.
Therefore, it is necessary to optimize the number of controllers for the entire flight envelope
(Y. Boughari, Ghazi, et al., 2017a, 2017b). One can cite the L1 controller (Harris, Elliott, &
Tallant, 2022), a Lyapunov function-based controller, which uses a lowpass filter for fast
adaptation without losing its robustness. In fact, for this specific controller, the adaptation loop

is separated from the control loop, thus increasing the adaptation rate of the controller.

The online tuning principle of gain scheduling may be considered as an adaptive technique as
the controller updates its gains when the operating conditions change. On the other hand, as
stated in Section 1.4.2, Gain Scheduling relies on a defined mathematical model of the system.
Therefore, the controller parameter is not designed for any other model and thus will not adapt

if any change occurs in the system dynamics.
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1.8.2 Nonlinear Dynamic Inversion

Adaptive flight control strategies often rely on system identification techniques to estimate
control parameters online. However, online system identification can be computationally
demanding and may converge slowly, particularly when the controller architecture is fixed and
the estimated parameters alone are not sufficient to achieve the desired closed-loop
performance. The Nonlinear Dynamic Inversion (NDI) offers an alternative adaptive control
method that is strongly model-based and aims to explicitly cancel the nonlinearities of the

system by inverting the nonlinear relationship between control inputs and system outputs.

In classical NDI, the aircraft nonlinear dynamics are assumed to be known with sufficient
accuracy, allowing the control law to directly impose desired closed-loop dynamics. While this
approach can provide excellent performance, it is inherently sensitive to modeling errors and
uncertainties. To mitigate this limitation, incremental Nonlinear Dynamic Inversion (INDI)
has been introduced, where control updates are computed based on incremental changes in
measured states rather than on the full nonlinear model. (Grondman, Looye, Kuchar, Chu, &
Van Kampen, 2018) successfully applied INDI to a nonlinear model of the Cessna Citation II,
demonstrating improved robustness and less dependence on accurate flight dynamics

modeling.

The incremental formulation mentioned above can be interpreted as a disturbance observer that
estimates future system behavior using current and previous measurements. By relying on
measured state increments, INDI significantly reduces sensitivity to modeling uncertainties,
aerodynamic parameter variations, and external disturbances. However, this advantage comes
at the cost of increased reliance on sensor accuracy and measurement quality, as noisy or

delayed measurements can directly affect controller performance.

More recently, several studies have explored the combination of incremental NDI with
learning-based techniques, such as RL, to further enhance model adaptability and robustness.

In these hybrid approaches, learning algorithms are used to compensate for residual



29

uncertainties, unmodeled dynamics, or actuator limitations that are not fully addressed by the
inversion process (Zhou, van Kampen, & Chu, 2018 ; Feith, 2020 ; Konatala, Van Kampen, &
Looye, 2021 ; Lee & Van Kampen, 2021). Such combinations have shown promising results
in enabling their online adaptation while maintaining the fast dynamic response and stability

properties characteristic of NDI-based controllers.

1.9 Intelligent Control

There are 3 categories of intelligent controls (Koch III, 2019). The first category is knowledge-
based control, namely supervised control, such as fuzzy controllers. The second category
consists of learning-based adaptive control such as Neural Network adaptive controllers. The
third category consists of Reinforcement Learning-based controllers. Knowledge-based
control often lacks robustness, as it cannot adapt to unforeseen events, while Reinforcement

Learning algorithms take very much time for control purposes.

1.9.1 Fuzzy controller

Fuzzy control is an artificial intelligence—based approach that relies on linguistic variables,
membership functions, and rule-based reasoning to address nonlinear and uncertain system
dynamics. Fuzzy methods can be applied both to control design and system identification,
particularly when accurate mathematical models are difficult to obtain. A typical fuzzy
controller consists of three main components (Hashemi et al., 2020 ; S. M. Hosseini, Bematol,
et al., 2024b ; S. M. Hosseini, Ghazi, et al., 2024a) : 1) a fuzzifier, which converts numerical
input variables into linguistic variables using predefined membership functions; 2) a
knowledge base, which contains the fuzzy membership functions and a set of IF-THEN
inference rules; and 3) a defuzzifier, which maps the inferred linguistic output back into a

numerical control signal.

Conventional linear controllers are generally effective only in the vicinity of specific operating
points, and they often fail to adequately handle the nonlinear dynamics of real aerospace

systems. As system dynamics become increasingly complex and difficult to describe using
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classical analytical models, alternative control approaches based on artificial intelligence have
been developed. In recent years, very much research has focused on nonlinear control
strategies, including fuzzy control, to overcome the limitations of linearization-based methods.
For example, (Grigorie, Botez, et al., 2012b, 2012a) have proposed fuzzy-based approach for

morphing wings control.

Fuzzy logic methods have also been successfully applied to the identification of highly
nonlinear aeroelastic phenomena, such as capturing flutter dynamics using F-18 aircraft flight-
test data of control surface deflections (Boely, Botez, & Kouba, 2011 ; Kouba, Botez, & Boely,
2009, 2010). In the context of control applications, (Grigorie, Botez, et al., 2012b, 2012a),
followed by (Kammegne, Botez, Grigorie, Mamou, & M¢barki, 2017), employed fuzzy
controllers combined with proportional-integral (PI) control to delay the laminar-to-turbulent
transition on a morphing wing. More recently, (Hashemi et al., 2020) designed a model-
reference-based fuzzy controller for nano air vehicles, demonstrating sufficient robustness to
external disturbances. Finally, (S. M. Hosseini, Bematol, et al., 2024b ; S. M. Hosseini, Ghazi,
et al., 2024a) has designed fuzzy controller for the control of the Cessna Citation X business

jet aircraft and obtained very good results, including low and high level control.

1.9.2 Neural Networks Controller

Neural Networks (NNs) are universal function approximators and have been widely applied in
aerospace engineering for both system identification and control tasks, particularly when
dealing with highly nonlinear dynamics. In the context of system identification, (Boely et al.,
2011 ; Boely & Botez, 2010) successfully identified strongly nonlinear aeroservoelastic
models from flutter test data using NN, achieving fit coefficients exceeding 92%. Similarly (R.
P. Andrianantara, Ghazi, & Botez, 2021 ; Rojo Princy Andrianantara, Ghazi, & Botez, 2021 ;
Zaag & Botez, 2017 ; Zaag, Botez, & Wong, 2019), employed neural networks to identify
nonlinear turbofan engine models, demonstrating the effectiveness of NNs in capturing

complex propulsion dynamics.
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The application of NN to flight control systems for commercial aircraft remains an active area
of research, particularly with respect to its certification. One of the NN main challenges lies in
the lack of established stability and performance criteria for nonlinear and learning-based
controllers, as the current certification standards are largely based on linear control theory.
Nevertheless, stability analysis of nonlinear controllers can be conducted using well-known
theoretical tools, such as the circle criterion introduced by (Zames, 1966) and Lyapunov-based

methods for assessing asymptotic stability of nonlinear systems (Franklin et al., 2002).

Neural Networks (NNs) can be classified according to their structural characteristics, including
feedforward networks, recurrent neural networks, nonlinear autoregressive models with
exogenous inputs (NARX), convolutional neural networks, and graph neural networks. Deep
Neural Networks are defined by the presence of multiple hidden layers, enabling them to
represent complex nonlinear mappings. In the field of UAV, (Koch, Mancuso, & Bestavros,
2019 ; Koch, Mancuso, West, & Bestavros, 2019), successfully applied Deep Neural Networks
within a reinforcement learning method for the attitude control of a quadcopter, demonstrating

strong performance in highly nonlinear flight regimes.

One of the earliest practical demonstrations of neural-network-based flight control on a fixed-
wing aircraft was conducted by NASA’s Dryden Flight Research Center using the McDonnell
Douglas F-15B. In this Intelligent Flight Control System program, Sigma—P1 neural networks
were employed for two objectives. In the first phase, NNs were used for online identification
of changes in aircraft dynamics, followed by DI to generate control signals that accounted for
these variations. In the second phase, NNs were directly integrated into the control loop,
operating in parallel with conventional controllers to provide adaptive control augmentation.
These flight tests demonstrated the feasibility of neural-network-based adaptive control, but
they also highlighted the necessity of validating advanced flying-quality criteria for learning
systems, which differ fundamentally from those used for linear controllers (Schumann & Liu,

2010 ; Smith, Barhorst, & Urnes, 2010 ; Williams, 2004 ; Williams-Hayes, 2005).
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1.10 Reinforcement Learning (RL) based Controllers

1.10.1  Principles

The Reinforcement Learning (RL) is a promising approach for flight control and has been
proposed as an alternative to supervised and classical control methods (Koch, Mancuso, West,
etal., 2019), (Koch, Mancuso, & Bestavros, 2019), (Sun & van Kampen, 2021). Unlike model-
based control techniques, the RL does not require prior knowledge of aircraft dynamics and
can directly synthesize control laws using Deep Neural Networks. RL-based controllers have
primarily been applied to Unmanned Aerial Vehicles (UAVs). Despite their relatively small
size, UAVs exhibit strongly nonlinear dynamics, particularly during aggressive or acrobatic
maneuvers. The adoption of RL in UAV flight control has been facilitated by fly-by-wire
technologies, advances in onboard computational hardware (CPU/GPU), and the availability

of high-fidelity simulations (Koch III, 2019), enabling extensive and cost-effective testing

As explained earlier, linear controllers do not consider nonlinearities which may lead to
uncontrolled states, and thus to degradations and damages. Traditional control does not have
the ability to learn nor plan (Koch III, 2019). They are also expensive in terms of time design,
due to the large range of operating conditions. These issues can be tackled by using RL-based
controllers, which reduces significantly the number of controllers to one single generalized
controller, and would remove the necessity for extensive gain scheduling and system
identification for adaptive control. Furthermore, the designer would avoid the trimming of

initial conditions.

The RL-based controller is a state-of-the-art flight controller that belongs to Machine Learning
algorithms. It is model-free and self-adaptive, which makes it attractive nowadays. It is suitable
for nonlinear control and has online learning capability. The RL based controller learns an
optimal control policy based on real-time observations through measurements (Lee & Van
Kampen, 2021). As an example, the RL based controller has been proposed to control the
transition phase of a VTOL UAYV from vertical to horizontal flight (Al-Gabalawy, 2019). This

choice stands for the fact that the transition phase is highly nonlinear and cannot be linearized
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with common methods. RL based controllers have been tested so far on quadcopters (Koch III,

2019) and simulations of fixed wing aircraft (Lee & Van Kampen, 2021).

The basic formulation of the RL method is known as a Markov Decision. It was introduced by
Richard Bellman in later 1950 (Sutton & Barto, 2018) and is related to as reward engineering.
It is described as an optimal way to move from one position to another. The RL elements are
the agent, the environment and the policy. The agent is the decision maker, in our case it is the
flight controller, and learns a policy from past observations, by receiving a scalar reward and
position signal from the aircraft. The observations are then collected from sensor
measurements, and as a result, the agent outputs action commands on aircraft control surfaces.
On the other hand, the aircraft receives action from the agent, and it outputs new states and

new scalar reward.

The RL research methodologies have identified the best structure for control algorithm, which
is the actor-critic architecture, where the actor network provides control signals, while the critic
network provides evaluation with reward function (Konatala et al., 2021). It is also possible to
add state estimator between the actor and the critic, as applied on an F-16 aircraft by
(van Kampen, Chu, & Mulder, 2006), and on a Cessna Citation II aircraft by (Zhou et al.,
2018 ; Feith, 2020 ; Konatala et al., 2021 ; Lee & Van Kampen, 2021). They demonstrated
good results, making them suitable examples of RL based controllers on fixed wing aircraft.
The actor-critic configuration was further improved by adding target-critic component to
improve the learning stability (Heyer, Kroezen, & Van Kampen, 2020), while a globalized
configuration in which the critic approximated both the cost function and its derivatives with

respect to the state was used by (Zhou et al., 2018).

1.10.2  Issues and Challenges of RL-based controller

The RL based controller demands a high computational cost as it needs to solve an optimization
problem for a large state space. The main risk of RL based controller is its tendency to explore

the environment (in terms of ML) as the agent may diverge in the wrong direction or unstable
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states. This phenomenon is named as Curse of Dimensionality. Some researchers have
addressed this issue by adding a safety layer to the RL controller, that increases its safety and
ensure convergence (Feith, 2020). The additional layer defines the boundaries of the controller
during training. It consists of a negative reward, which penalizes unwanted states. As a result,
it limits the exploration ability of the RL algorithm to specific directions, so the agent will
learn to “avoid bad cases”. As in the case with most of the Al algorithms, there is still an

unsolved gap regarding its application and solution stability.

(Koch, Mancuso, West, et al., 2019) have addressed several challenges for the RL application
on quadcopter, such as on the control oscillations minimization. To this end, they included “the
control outputs” into “the reward function”. As a result, they were able to fly a quadcopter with
high precision in the real world. (Al-Gabalawy, 2019) noted that the agent had the particularity
to slow down its training as it approached its goal, and the use of Long Short-Term Memory

(LSTM) network was proposed to mitigate this problem.

1.11 Handling Qualities

Before deployment of flight control systems on operational aircraft, they must satisfy a
rigorous certification process to ensure its adequate stability, robustness, and handling
qualities. These requirements are formally defined in standards such as MIL-STD-1797A
1797A (Department of Defense, 1997), which establishes quantitative criteria for acceptable
aircraft response characteristics. While individual manufacturers may adopt additional internal
performance policies, compliance with handling-quality standards remains a fundamental

requirement for both manual and automatic flight control systems.

Handling qualities, first defined by Cooper and Harper, classify aircraft performance according
to its class, flight phase, and pilot satisfaction level. These criteria aim to ensure safe and
predictable aircraft behavior in both its longitudinal and lateral-directional motions. For linear
systems, handling-quality requirements are typically expressed in terms of time- and

frequency-domain metrics, including pitch acceleration peak time, pitch and bank attitude
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frequency responses, average phase rate and amplitude, short-period mode frequency and
damping, Dutch-roll mode frequency and damping, closed-loop bandwidth, and phase and gain

margins (Y. Boughari, Ghazi, et al., 2017a, 2017b).

In addition to these HQ criteria, Saussié¢ et al. (2009) and Ghazi and Botez (2015b) investigated
the drop back criterion as a handling-quality metric. These authors introduced the concept of
guardian maps, in which handling-quality requirements are translated into admissible regions
of the complex plane. Control gains are automatically tuned such that the closed-loop system
eigenvalues remain within these predefined regions. As a result, the guardian-map technique
ensures generalized stability and robustness consistent with handling-quality constraints.
Despite its effectiveness, this approach is computationally intensive and may require

significant design effort.

It should be noted that the handling-quality criteria defined in MIL-STD-1797A were initially
developed for linear systems, and their control laws. For nonlinear and adaptive controllers, no
standardized flying-quality requirements currently exist to directly assess their stability and
robustness. Nevertheless, the boundedness and stability of nonlinear systems can be evaluated
using established theoretical tools, including the circle criterion (Zames, 1966) and Lyapunov-
based stability theory (Franklin et al., 2002). Therefore, in this research, these nonlinear
stability criteria are employed in accordance with conventional handling-quality metrics to

validate the proposed control algorithms in terms of both stability and robustness.

1.12 High Fidelity Nonlinear Model

The design and validation of any flight control system rely mainly on the availability of an
accurate mathematical representation of the aircraft dynamics. This requirement implies that
the underlying model must capture the essential nonlinear behavior of the aircraft with
sufficient fidelity to allow controller development and subsequent evaluation prior to its
deployment. High-fidelity nonlinear aircraft models are typically developed by integrating

multiple detailed subsystems (Ghazi & Botez, 2015a), including aerodynamic coefficient
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databases, atmospheric and weather models, wind and turbulence models, propulsion systems,
sensor and actuator dynamics, equations of motion, as well as embedded flight control and

autopilot modules.

Previous studies have demonstrated in our LARCASE laboratory that accurate modeling of the
Cessna Citation X business aircraft enables the successful design and validation of advanced
Linear Quadratic Regulator (LQR) and H,, controllers, over the entire flight envelope (Y.
Boughari, Ghazi, et al., 2017a, 2017b ; Yamina Boughari, Botez, et al., 2017 ; Yamina
Boughari, Ghazi, et al., 2017 ; Ghazi & Botez, 2015b). In this context, a high-fidelity nonlinear
model of the Cessna Citation X has been developed and implemented in MATLAB/Simulink
at the LARCASE laboratory for research purposes. The resulting flight simulator provides
realistic aircraft behavior, and it allows linearization of the nonlinear dynamics around selected

trim conditions, thereby supporting both linear and nonlinear control design methodologies.

The importance of high-fidelity flight dynamic models was further emphasized in the
development of learning-based flight controllers. Several studies conducted at Delft University
of Technology have employed a detailed flight simulator of the Cessna Citation II to
investigate RL—based control strategies II (Zhou et al., 2018 ; Feith, 2020 ; Konatala et al.,
2021 ; Lee & Van Kampen, 2021). In these RL-based applications, a digital twin of the aircraft
was required to safely train control policies in simulation before transferring them to real
systems. Similarly, (Koch, Mancuso, West, et al., 2019) successfully designed and validated
an RL-based controller using a simulated environment prior to its implementation on a physical

quadcopter platform.

A major challenge associated with simulation-based controller development is the so-called
reality gap, which refers to performance degradation when it is transitioning from simulation
to hardware. In reinforcement learning applications, this issue is further compounded by
reward functions, that may include environment-specific components, that are not fully
captured in simulation (Koch, Mancuso, West, et al., 2019). To mitigate this limitation, the

realism of the simulated environment must be enhanced by introducing variability in model
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parameters, such as sensor and actuator dynamics, aerodynamic uncertainties, external
disturbances, and wind effects. This approach, known as domain randomization, improves
controller robustness by exposing the RL algorithm to a wide range of operating conditions.
Consequently, continuous updating of the simulator using real-world data is essential to

progressively improve simulation fidelity and enable effective real-time adaptation.

1.13 Conclusion

This literature review has presented a comprehensive overview of flight control
methodologies, ranging from classical linear approaches to modern nonlinear and intelligent
control strategies. Through the critical analysis of existing techniques, several limitations have
been identified that continue to challenge the design and deployment of advanced flight control
systems. In particular, classical and modern controllers remain highly dependent on accurate
modeling, extensive gain scheduling, and expert-driven tuning procedures, which limit their
adaptability and scalability across large flight envelopes. Moreover, while intelligent control
methods have shown strong potential, the lack of unified design methods and certification-

oriented validation strategies remains a significant gap that could be filled in future.

This review highlights that modern state-feedback controllers can achieve good performance,
but they still rely heavily on manual design expertise and offline tuning. Previous efforts to
automate controller synthesis, such as combining optimal control with evolutionary
algorithms, have reduced design effort, but they have not eliminated the need for gain
scheduling, resulting in increased computational and memory requirements. These limitations
motivate the investigation of alternative adaptive control architectures capable of operating

without prior knowledge to the model and while maintaining robustness and stability.

In this context, NN-based adaptive control combined with DI emerges as a promising solution.
Rather than relying on purely data-driven or model-free approaches, this method combines the
strengths of nonlinear DI to shape desired closed-loop dynamic models with Recursive Least

Squares (RLS) state estimation and neural network controllers to compensate for modeling
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uncertainties and time-varying dynamics. Such an approach enables online model adaptation
without the need for extensive gain scheduling or multiple controllers, while remaining
compatible with Lyapunov-based stability analysis and certification-oriented validation

practices.

Accordingly, this thesis focuses on the development and validation of an adaptive flight control
architecture based on RLS-based dynamic inversion and NN controllers. The proposed
methodology is applied to a high-fidelity nonlinear simulator of the Cessna Citation X,
allowing full evaluation across a wide range of operating conditions. The next chapters present
the journal papers on the design, development and validation of adaptive flight controllers for

the Cessna Citation X.
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Résumé

Cet article présente la conception d'un systeme de commande de vol adaptatif non linéaire pour
la dynamique longitudinale du Cessna Citation X. Le taux de tangage de l'avion est controlé a
l'aide d'une combinaison d'inversion dynamique non linéaire basée sur les moindres carrés
récursifs et d'un controleur adaptatif a réseau de neurones. L'algorithme des moindres carrés
récursifs fournit des estimations de parametres en ligne, tandis que le réseau de neurones
compense les erreurs de modélisation résiduelles grace a 1'adaptation des poids en ligne. Afin
d'améliorer la robustesse et d'assurer la stabilité, un contréleur proportionnel-intégral-dériveé a
gain fixe est intégré a la structure de controle. Contrairement aux contrdleurs a séquence de
gains classiques, ou les gains PID varient en fonction des conditions de vol, le contrdleur
adaptatif proposé utilise un seul ensemble de gains fixes. Le composant adaptatif met a jour
I'action de controle en ligne, ce qui permet a la méme configuration de contrdleur de
fonctionner efficacement dans les 64 conditions de croisiére sans aucune programmation de
gain. Une méthodologie de réglage systématique est introduite pour initialiser les moindres
carrés récursifs, sélectionner les facteurs d'oubli et appliquer des réinitialisations de la matrice
de covariance afin de garantir une adaptation précise. Le controleur est capable de suivre un
modele de référence de tangage qui satisfait aux exigences de qualité de vol longitudinal. La
robustesse est évaluée dans des conditions de perturbations réalistes, notamment des rafales de
vent, des turbulences de Dryden, une perte d'efficacit¢ des actionneurs et le bruit des

actionneurs. Les résultats de la simulation démontrent que le controleur permet un suivi précis
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de la référence tout en maintenant des qualités de vol de niveau 1. La stabilité est formellement
garantie a l'aide d'une analyse basée sur Lyapunov, ce qui assure une adaptation non linéaire
fiable. Les résultats soulignent la capacité du controleur adaptatif hybride congu a surmonter
les limites de la linéarisation, du séquencement de gains et de la sensibilité¢ de 1'estimateur,
laissant entrevoir une méthode pratique et certifiable pour l'intégration de systémes de controle

de vol adaptatifs intelligents dans des avions commerciaux tels que le Cessna Citation X.

Abstract

This paper presents the design of a nonlinear adaptive flight control system for the longitudinal
dynamics of the Cessna Citation X. The aircraft pitch rate is controlled using a combination of
Recursive Least Squares -based nonlinear dynamic inversion and an adaptive neural network
controller. The recursive least squares algorithm provides online parameter estimates to
support the inversion, while the NN compensates for residual modeling errors through online
weight adaptation. To enhance robustness and ensure stability, a fixed-gain Proportional—
Integral-Derivative controller is integrated into the control structure. Unlike conventional
gain-scheduled controllers, where PID gains vary with flight condition, the proposed adaptive
controller uses a single baseline set of fixed gains. The adaptive component updates the control
action online, enabling the same controller configuration to operate effectively across all 64
cruise conditions without any gain scheduling. A systematic tuning methodology is introduced
for initializing the recursive least squares, selecting forgetting factors, and applying covariance
resets to ensure accurate adaptation. The controller is able to track a pitch-rate reference model
that satisfies longitudinal flight quality requirements. Robustness is assessed under realistic
disturbances, including wind gusts, Dryden turbulence, actuator loss-of-effectiveness, and
actuator noise. Simulation results demonstrate that the controller achieves precise reference
tracking while maintaining Level 1 flight quality. Stability is formally guaranteed using
Lyapunov-based analysis, ensuring reliable nonlinear adaptation. The findings highlight the
ability of the designed hybrid adaptive controller to overcome limitations of linearization, gain
scheduling, and estimator sensitivity, forecasting a practical and certifiable method for the
integration of intelligent adaptive flight control systems into commercial aircraft such as the

Cessna Citation X.
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2.1 Introduction

Flight control systems are critical for maintaining stability and safety in aircraft operations.
According to the Federal Administration Aviation (FAA), human errors contribute to nearly
60% to 80% of aircraft accidents (Federal Aviation Administration, 2009), which are often due
to unmitigated environmental hazards or system failures. Advanced flight control laws
therefore play a central role in reducing pilot workload, enhancing autonomy, and improving
operational safety. Compared to costly structural modifications, software-based enhancements
at the control level, such as flutter suppression or maneuver load alleviation, provide more
flexible and efficient solutions (Wunderlich, Déhne, Reimer, & Schuster, 2022). This
motivates the development of adaptive and intelligent controllers that can reliably handle

uncertainties in real time.

Traditional flight control architectures still primarily rely on linear controllers such as
Proportional-Integral-Derivative (PID) and Linear Quadratic Regulator (LQR) designs
(Stevens et al., 2015). These methods are straightforward and well-established, offering proven
stability with guaranteed gain and phase margins. However, they require precise gain
scheduling (Reynolds, Pachter, & Houpis, 1996) to ensure adequate performance across the
aircraft’s full envelope and under varying operating conditions. The tuning of these controllers
is based on linearized models, which often neglect higher-order nonlinearities (Stevens et al.,
2015). Consequently, performance degrades and stability margins may deteriorate when the
aircraft operates outside the scheduled regime. Robust control techniques such as H,
(Efremov, Mbikayi, & Efremov, 2021 ; A. Khalil & Fezans, 2021) and Linear Quadratic
Gaussian (LQG) controllers (Ferrier et al., 2018) mitigate certain uncertainties, but they are

still strongly dependent on accurate mathematical models.

Advanced nonlinear control methods, such as Nonlinear Dynamic Inversion (NDI) (Horn,
2019 ; Moncayo et al., 2012 ; Steffensen et al., 2023) and Model Predictive Control (MPC)

(Doff-Sotta, Cannon, & Bacic, 2025), address several of the limitations of traditional linear
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techniques. However, both approaches depend heavily on precise state-space models (Eren et
al., 2017 ; Harris et al., 2022 ; Kouvaritakis & Cannon, 2016), making them sensitive to
parameter variations, unmodeled dynamics, or environmental disturbances. This reliance on
precise linearization remains one of the main obstacles to their widespread application in

commercial aircraft.

To mitigate this dependence, online estimation techniques such as Recursive Least Squares
(RLS) (Haykin, 2013 ; Mahadi et al., 2022 ; Mohseni & Bernstein, 2022) and Extended
Kalman Filtering (EKF) (Xiaoqgian et al., 2022) have been developed, enabling incremental
model updates (Konatala, Milz, Weiser, Looye, & van Kampen, 2024) and adaptive
compensation of the dynamic inversion (R. P. Andrianantara et al., 2023a ; N. Nguyen, 2011 ;
Quintin, Andrianantara, Ghazi, & Botez, 2024) or MPC controllers (R. P. Andrianantara,
Ghazi, et al., 2024). Although effective in principle, their performance is often sensitive to
initialization conditions, forgetting factor selection, and numerical instabilities, which can

compromise real-time implementation.

In parallel, intelligent control approaches have demonstrated the ability of neural networks
(Emami et al., 2022 ; Ge et al., 2013 ; Liu et al., 2025) fuzzy logic (Grigorie, Botez, et al.,
2012a ; Hashemi et al., 2020 ; S. M. Hosseini, Ghazi, et al., 2024a), and hybrid adaptive
controllers (Pedro & Meyer, 2007 ; M. Lungu & Lungu, 2017 ; R. Lungu, Lungu, & Efrim,
2021) to capture nonlinearity and compensate for unmodeled dynamics. Robust adaptive
control, in particular, has raised interests due to its effectiveness in compensating for time-
varying dynamics and in controlling highly nonlinear systems, including actuator dynamics

(Steffensen et al., 2023).

Foundational works by (N. Nguyen, 2011) introduced hybrid adaptive control architectures
that combines baseline inversion controllers, indirect parameter estimation using RLS and
adaptive neural networks adaptive controllers for compensation (N. Nguyen, 2011 ; Park, Shin,
Lee, & Antonios, 2021). These studies validated the hybrid concept for damaged aircraft and
launch vehicles (N. Nguyen & Krishnakumar, 2007). More recent applications on the Cessna
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Citation X (R. P. Andrianantara et al., 2023a ; R. P. Andrianantara, Ghazi, et al., 2024 ; S.
Hosseini, Inga, Ghazi, & Botez, 2023) have demonstrated the potential of dynamic inversion
combined with neural network controllers. However, while these studies established the
foundation for hybrid adaptive dynamic inversion, their scope was limited in terms of flight
conditions and did not address certification-level validation. This study extends their findings
by systematically analyzing RLS estimation sensitivity, integrating neural networks adaptive

learning, and demonstrating Level 1 flight qualities under FAA standards.

This paper advances the state of the art by implementing a hybrid RLS—NN adaptive controller
for the longitudinal pitch-rate control of the Cessna Citation X. Unlike prior studies, the
controller is designed and validated across for 64 flight conditions covering the aircraft cruise
envelope, thereby removing the need to gain scheduling. In this architecture, the baseline PID
controller operates with fixed gains to provide stability, while only the RLS estimator and NN
residual compensator adapt online. This design eliminates the need for repeated across
conditions, as adaptation is handled automatically by the adaptive controllers. Furthermore,
this study provides a systematic analysis of RLS adaptation mechanisms, including
initialization, forgetting factors, and covariance resets, and evaluates their impact on both
stability and accuracy. Neural networks are then integrated for direct control, providing robust
adaptation even in case of degraded RLS estimates. Importantly, flight qualities are explicitly
validated, showing Level 1 compliance (Department of Defense, 1997 ; Hakim & Choukri,
2024 ; Hodgkinson, 1999), while nonlinear stability is formally guaranteed through Lyapunov-
based analysis (Lewis et al., 1995 ; Narendra & Annaswamy, 1987).

Related controller structures with different compensation strategies have been assessed by
other researchers. (Steffensen et al., 2023) examined nonlinear DI with incremental control
perspectives, including first-order actuator dynamics, showing improved robustness but
without NN augmentation nor analysis of wide-range uncertainties. Harris et al. (Harris et al.,
2022) applied L1 adaptive DI ensuring fast adaptation but with a strong dependence on
accurate modelling and without formal flight quality assessment. More recently, (R. P.

Andrianantara, Ghazi, et al., 2024) extended their earlier study by combining MPC with RLS
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and NN augmentation for the Cessna Citation X, demonstrating performance gains but without
systematic RLS estimator tuning or robustness validation. In contrast, the present study
incorporates higher-order actuator dynamics, introduces a formal tuning methodology, and
conducts comprehensive robustness testing. Taken together, these contributions help bridge
the gap between theoretical adaptive controller designs and certifiable implementations

suitable for commercial aircraft.

Several researchers have focused their efforts on unmanned aerial vehicle (UAV) applications,
where agility and adaptability are prioritized over certifiability. This is made possible due to
the fact that UAVs present less risk to human life, as being remotely controlled. O’Connell et
al. (O’Connell et al., 2022) demonstrated rapid NN-based adaptation for UAV flight in strong
winds, but relied primarily on reinforcement learning without model-based stability
guarantees. Zhou et al. (Zhou et al., 2021) proposed extended incremental DI with optical-flow
feedback for micro air vehicles, confirming feasibility but only in small-scale systems. Earlier,
Pedro and Meyer (Pedro & Meyer, 2007) applied NN-based DI to fighter aircraft, showing
improved nonlinear tracking in simulations but without robustness validation. Similarly,
Lungu & Lungu (M. Lungu & Lungu, 2017) applied NN-DI to landing autopilots, enhancing
robustness during approach and flare, while Lungu et al. (R. Lungu et al., 2021) later extended
NN-DI concepts to spacecraft control. These studies confirm the adaptability of NN-
augmented DI across various domains; however, they are limited to UAV-scale or highly
specific applications. This study, instead, focuses on manned commercial aircraft, for which a
high-fidelity research aircraft flight simulator is available, thereby extending NN-DI hybrid

approaches into a certifiable, envelope-wide method.

In summary, the benefits of the proposed controller are twofold. First, the architecture is
simplified, since gain-scheduled controllers are replaced by a single adaptive configuration
capable of covering the entire cruise envelope. Second, the controller demonstrates robustness
against a wide range of uncertainties, including turbulence, actuator loss-of-effectiveness, and

actuator noise, while maintaining compliance with flight quality requirements.
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By addressing long-standing limitations related to gain scheduling, model dependence, and
estimator sensitivity, this work provides a practical and certifiable method for integrating
intelligent adaptive controllers into commercial aircraft. While previous studies (R. P.
Andrianantara, Ghazi, et al., 2024 ; Campbell, Nguyen, Kaneshige, & Krishnakumar, 2009 ;
Harris et al., 2022 ; R. Lungu et al., 2021 ; N. Nguyen, 2011 ; O’Connell et al., 2022 ; Pedro
& Meyer, 2007 ; Steffensen et al., 2023 ; Zhou et al., 2021) have validated adaptive NN — DI
concepts in specific operating conditions, UAVs, or specialized mission phases, this study
systematically assesses 64 cruise conditions of the Cessna Citation X, integrates NN residual
learning with RLS sensitivity analysis, incorporates higher-order actuator dynamics, and
validates flight qualities against FAA Level 1 standards. This represents a significant step
beyond feasibility demonstrations and aligns with ongoing certification initiatives from the
FAA, EASA, and NASA (Agogino et al., 2024 ; European Union Aviation Safety Agency,
2024 ; Federal Aviation Administration, 2024), thereby reinforcing both the relevance and
applicability of the proposed approach.

The remainder of this paper is organized as follows: Section 2 presents the methodology and
controller design; Section 3 details the tuning strategy and results for ideal conditions; Section
4 provides robustness evaluation; Section 5 discusses findings; Section 6 concludes with final

remarks. The Lyapunov Stability assessment is provided in the Appendix.

2.1.1 Aircraft model and Simulation Platform

2.1.1.1  Cessna Citation X Aircraft Specifications

The Cessna Citation X is a long-range business jet that has been widely used as a platform for
advanced control design (R. P. Andrianantara, Ghazi, et al., 2024 ; Yamina Boughari, Botez,
et al., 2017 ; Yamina Boughari, Ghazi, et al., 2017 ; Ghazi & Botez, 2015b ; S. M. Hosseini,
Ghazi, et al., 2024a). Since its introduction in 1996, the business jet aircraft has been
recognized as one of the fastest business jets ever produced, with a maximum cruise speed of

350 knots and a maximum Mach number of 0.92. The aircraft is powered by two Rolls-Royce
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AE3007C-1 turbofan engines, each providing a maximum thrust of 28 655 N Its cabin

accommodates up to 12 passengers and 3 crew members.

The Cessna Citation X has a maximum range of 5, 724 km and a service ceiling of 15 544 m.
Its main performance characteristics, summarized in Table 2.1, make the Cessna Citation X an
excellent candidate for adaptive control studies. In fact, its wide and available operational
envelope, high performance, and high-fidelity simulation models (Ghazi & Botez, 2015a)

provide a realistic platform for evaluating adaptive flight control architectures.

Table 2.1 Cessna Citation X flight specifications

Characteristics Value
Maximum cruise speed 648 km/h [350 knots]
Maximum Mach number 0.92
Maximum range 5,724 km [3,091 nm]
Maximum altitude 15 544 m [51,000 ft]
Maximum takeoff weight 16 193 kg [35,700 1b]
Maximum zero fuel weight 11 067 kg [24,400 1b]
Maximum thrust 28 655 N [6442 1bf]

2.1.1.2 Nonlinear Simulink Platform

A high fidelity nonlinear model of the Cessna Citation X was developed in
MATLAB/Simulink (Ghazi & Botez, 2015a) and serves as a research platform for the
controller design. This Simulink model integrates several modules such as aerodynamics,
engine dynamics, actuator and sensor dynamics, atmospheric disturbance effects and other

relevant aircraft systems.

The Simulink model was cross-validated using simulated flight data from a Research Aircraft
Flight Simulator (RAFS) of the Cessna Citation X, designed and manufactured by CAE (Ghazi
& Botez, 2015a) and shown in Figure 2.1. The RAFS has been validated by CAE engineers,
based on Qualification Test Guide (QTG) procedures and real flight-test data from the Cessna
Citation X. In addition, the RAFS satisfies the flight simulator validation criteria imposed by

the Federal Aviation Administration and can be considered comparable to Level D fidelity
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with respect to flight dynamics. The flight dynamics implemented within the RAFS are based
on CAE and Cessna Aircraft (Textron) proprietary data and are therefore not publicly
accessible. However, the RAFS provides access to high-fidelity simulated flight data and
supports the execution of a wide range of flight scenarios, maneuvers, and full-mission
simulations. The MATLAB/Simulink environment was developed to reproduce the RAFS
flight dynamics with sufficient accuracy to support advanced control design, thereby ensuring

that controller development and evaluation are conducted on high-fidelity flight dynamics.

In addition, the Cessna Citation X simulation platforms, both the RAFS and the derived
Simulink models, have been widely used in advanced control research and peer-reviewed
research literature. Examples of application include neural-network-based adaptive controllers
with approximate dynamic inversion (R. P. Andrianantara et al., 2023a ; Quintin et al., 2024)
and model predictive controllers (Eren et al., 2017). Similarly, fuzzy logic and recurrent neural
network controllers have been demonstrated for longitudinal and lateral control (S. M.
Hosseini, Bematol, et al., 2024b ; S. M. Hosseini, Ghazi, et al., 2024a), while control clearance
and lateral flight qualities were investigated in (Yamina Boughari, Botez, et al., 2017 ; Yamina

Boughari, Ghazi, et al., 2017).

Figure 2.1 Cessna Citation X Research Aircraft Flight Simulator
(RAFS) manufactured by CAE
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2.1.2 Nonlinear Dynamic Model
2.1.2.1  Cessna Citation X nonlinear dynamic model

The aircraft's longitudinal dynamics were considered in this study. This assumption allows us
to write the following nonlinear representation of the aircraft's longitudinal dynamics:
X=@xn)
y =hXx)

wherex =[u w q 0] is the state vector, u and w are the longitudinal and lateral velocity

2.1)

components, respectively, q is the pitch rate, and 0 is the pitch angle, h is a nonlinear function,

n = &, is the elevator input, and ¢ is an unknown nonlinear function.

2.1.2.2 Nonlinear Actuator Dynamics

The actuators are modelled in Simulink using a second-order nonlinear transfer function. This
allows us to realistically reproduce the higher-order nonlinearity that strongly affect aircraft
stability and control performance, particularly in adaptive flight control studies (Steffensen et

al., 2023). The actuator parameters are summarized in Table 2.2.

Table 2.2 Actuator dynamics

parameter

Parameters Values
Natural frequency 20 rad/s
Maximum 14°
deflection
Minimum -19°
deflection
Damping ratio 0.8
Rate limit 20°/sec
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2.2 Pitch Rate Controller Design

2.2.1 Controller Architecture

Figure 2.2 presents the controller architecture for pitch rate control. The control elements
include a baseline PID controller, an RLS-based Dynamic Inversion controller and a NN
adaptive controller. The stability analysis is detailed in the Appendix.

Controlling the pitch rate q for longitudinal control aims to track the desired short period
performances (Stevens et al., 2015). Therefore, the proposed control algorithm is designed to

track a reference signal g .

@
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dt
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Gemd Reference ref| + @ € TID v+ Dvnamic Be tma Actuator Adreraft
model &/ Controller C Dynamics Dynamics

- + Inversion

i=7)
s
| Q

Adagitive
(‘gﬁtuﬂ ler

1)

| Adaptation
Laws

Figure 2.2 Pitch Rate Model Reference Adaptive Controller using PID, RLS Dynamic
Inversion and adaptive NN

2.2.2 Controller Elements

2.2.2.1 Nonlinear Dynamic Inversion Controller

For linear systems, DI is straightforward to execute (Stevens et al., 2015). For nonlinear
systems, the inversion is more difficult, as nonlinear systems may include unmodeled
dynamics. According to (Stevens et al., 2015), most aircraft dynamics can be represented in

affine form, with respect to the control input. Therefore, Eq. (2.1) can be rewritten as below:
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x = f(x) + g(x)n
y=q=Cx (2.2)

where f and g are nonlinear functions, and y is the output. Hence, C=[0 0 1 0] for pitch

rate output.

Inverting Eq.(2.1), the control input may be written as:

n = X(X,X) (2.3)

where X = @1 is the inverse function of @. Next, let’s express = &, according to the control

algorithm in Figure 2.2. Considering Egs.(2.1) and (2.2):

X =o@(xn) =f(x)+gx)n (2.4)

Developing Eq. (2.4) using the first-order linear approximation around (Xg, 77), we obtain :

@(x,1m) = @(X0,M0) + @x(X, Mxy (X = X0) + @ (X, 1M)x.1, (1 = 7o) (2.5)

where @(Xg,70) is the value at (Xg,70), @x(X,1)x,n, and (p’n(x, Mxem, are the partial

derivatives of ¢ with respect to X and 17, respectively. We may formulate the terms in Eq. (2.5),

as such:

@(xq,m0) = f(Xo) + 8(X0)7

(2.6.a)
of ]
Qx(x,n) = ;;h%n (2.6.b)
of ] (2.6.¢)
w0un = 52+ BT g

Considering the following changes, so that Ax = (x — Xo) and Anp = (n — 1), and replacing
Eq. (2.6) into Eq.(2.5), the following expression is obtained:

of(x) dg(x)
0x + 0x

@(x,n) = f(xg) + g(xo)n + < n> Ax + g(X)xyn,AN (2.7)
X0,70

Let us express X in Eq. (2.4) for small perturbations around (Xq, 7o) :
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X = X + A% = @(x,7) (2.8)

From Eq. (2.7) and Eq. (2.8), and considering X = f(X() + g(Xo)n, AX can be written as such:

. (of(x)  0g(x)
AX = < P + Tn i AX + g(X)xg5,A7 (2.9)
X0,70
Making the following changes :
of(x)  0g(x)
FX(),T]Q = ( ax + Tn ; ) GX(),?’)O = g(X)XO,T]O (210)
X0,Mo

Eq. (2.9) can be expressed in a simplified form:

Ax = F

X070

AX + Gy, A7) 2.11)

Recalling from Eq. (2.2), Ay may be computed as follows:

Ay = CAX (2.12)

Replacing Ax from Eq. (2.11) into Eq. (2.12), we obtain:

Ay = CFy,n AX + CGy, n A7 (2.13)

0,10

From Eq. (2.13), An may be obtained by inversion as follows:

_1 .
An = (CGy,p,)  (AY — CFy,,,AX) (2.14)

The control task consists of tracking a reference signal r. Consequently, the error dynamics e
may be determined as follows:
_ (2.15.2)
> eé=7—y (2.15.b)

where y is the output variable.

Taking y =~ Ay for small discrete time steps and recalling from Eq. (2.15.b), for which y =

7 — é, then An may be written as such:
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An = (CGyyp,) (7 +v — CF

X070

Ax) (2.16)

where v is chosen so that the following relationship is fulfilled (Stevens et al., 2015):

é=—v (2.17)

Thus, the error can be stabilized by choosing a suitable form of v.

2.2.2.2  Online Parameter Estimation

Finding analytical solutions of F; ,, and G given in Eq. (2.10) can be tasking. Using real-

0,10 X0,Mo

time estimations, such as the Recursive Least Square (RLS) method, is an alternative. The goal

is to approximate Fy , and G based on local state observations. The RLS formulation can

X0,Mo
be found in (Haykin, 2013). This technique allows us to estimate the states and control

variations based on their increments (Mahadi et al., 2022 ; Mohseni & Bernstein, 2022).

Transforming Eq. (2.13) into discrete times yields the following representation:

Ayy+1 = CFAX, + CG AR, (2.18)

where Fy, and Gy, are discrete form of Fy_, and G

0,10 X0.M0"

Ay, 1 corresponds to the output variation and depends on the current states increment Ax;, and

input increment A7j,. F,, and G, may then be replaced by their estimates Fyand Gy, so that:

" Fi
AYiy1 = C[AXy  Any] [Ale (2.19)
G
. . _ (e
Let us consider the vector of the estimated parameter @, = ar and the vector of past
k

increments X;, = [AX;, Ang]”. Then, from Eq. (2.19), Ay, can be compacted as follows:
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AJisr = CX5O, (2.20)

The following defines the error matrix € as:

€, = Axk - A)/Zk (221)

From (Haykin, 2013), ®, can be numerically computed as such:

Ly—1 Xy

0,=0,_,+
o R T e XT Ly Xy

€x (2.22)

where the covariance matrix L; can be expressed as follows :

1 Ly 1 Xp Xi Ly
Lk—l - T
K+ XLLy X,

(2.23)

0, and L, are obtained using the matrix inversion lemma (Haykin, 2013). F, and G, entirely
depend on the state variations and control inputs. The initial parameters @, L, and forgetting

factor k¥ must be set beforehand.

Algorithm 2.1 presents the update of the covariance matrix Ly. The covariance matrix is

updated when the estimation error €, reaches a threshold value €;-05n014-

Algorithm 2.1 RLS algorithm and covariance matrix
update

Initialize ©,, L

Set k and €¢resnola

Compute 0, using Eq.(2.22)
Compute Ay, .4 using Eq. (2.20)
Compute €, using Eq. (2.21)
Update L,

if abs (€x) < €tresnola

then L, = 1031

else compute L, using Eq.(2.23)
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2.2.2.3  Proportional Integral Derivative (PID) Controller

From Eq. (2.14), the DI requires a linear feedback controller v (Stevens et al., 2015). Its value
should be chosen so that stability is ensured according to Lyapunov criteria detailed in
Appendix. For this reason, a basic Proportional-Integral-Derivative (PID) controller is
sufficient and may be expressed in Laplace form as such (Stevens et al., 2015):

K
V= (Kp +1Le KDs) e (2.24)

where Kp, K; and K, are the PID gains, respectively.

2.2.2.4 Neural Network Adaptive Controller

Using the estimations in Eq.(2.20) frequently results in prediction errors in real-world
applications (Emami et al., 2022 ; Ge et al., 2013). Including prediction errors &; into (2.14),

the input 4An; can be written as:

~ -1 R
Ay = (CGy) " [AYjes1 — CFeAX — ] (2.25)

From Egs. (2.16) and (2.17), 4An in Eq. (2.25) can be written:

A = (CG) [ + v — CRAX — ] (2.26)

The variables CG, and CF, Ax in Eq. (2.26) represent the aircraft’s local dynamics. To rectify
the uncertainties and estimation errors for F, and Gy, the estimation error can be compensated

with an adaptive term v, so that:

& = Vg (2.27)

An FFNN was used to train v, as seen in Figure 2.3.
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Figure 2.3 Representation of a Feedforward
Neural Network

The effectiveness of the FFNN in Figure 2.3 is determined by its hyperparameters, including
the number of neurons and hidden layers, the activation function @, and the weights W and V.

The output from the NN may be written as such (Stevens et al., 2015):
Veq = WTa(VTX) (2.28)

. . . _ T .
where @ € R¥*N, with N — the number of neurons in the hidden layer, X = [8, grs q| , with
X € R™*1 is the input vector, and W € R¥*™ and V € R™*¥ with n representing the number
of network outputs. The activation function in the middle layer corresponds to a tangent

sigmoid function as such :

1
(7)) = ——— 2.29
O—l (Z ) 1 + e~ z ( )
where i denotes the neuron's rank. An affine function was used in the input and output layers.
The adaptive signal 7,4 is multiplied by a gain Ky, which allows us to control the amplitude

of the adaptive term V,4. Consequently :
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Vaa = KynVaa = KywW'a(V'X) (2.30)

2.2.2.5 Adaptation laws

The following adaptation laws taken from the backpropagation principle (Kim & Calise, 1997 ;
Narendra & Annaswamy, 1987) are used to update the NN hyperparameters :

W =—[(6-c"V")e” + Allel|W]Ty
V= -Iy[Xe"WTq’ + A||e||V]

where e is the tracking error, Iy and Iy are learning rate matrices, o' is the derivative of o,

(2.31)

and A is a scalar that is equal to 1. In (Narendra & Annaswamy, 1987), the additional terms
—A||e||WTy and —A||e||VIy The adaptation law shown in Eq. (2.31) ensures robustness and
stability. A fixed learning rate I' was considered for diagonal matrices Iy, and Iy, for the input
and output weights, respectively. The backpropagation algorithm is considered as the steepest

descent approximation when I is set to constant.

2.2.3 Control Law

The overall control law may be obtained by replacing Egs. (2.24), (2.27) and (2.30) into
Eq.(2.26), such that:

- K .
Any = (CGk) ' [f * (KP + ?I + KDS) e — CFAxy — KyyW' o (VTR) (2.32)

2.24 Reference model

The proposed algorithm consists of a Model reference Adaptive Controller, and controls the
pitch rate g, which is a primary state variable for short period motion. The short period and

can be approximated by a second-order transfer function:
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QTef _ a)szp (1 + THZS)
dcmad s? + ngpwsps + CUszp

(2.33)

where s is the Laplace variable. The g, signal consist of the desired second order pitch rate

signal, while g4 1s a step input signal.

The design requirements for the damping ratio g, and natural frequency wg, are given by the

flight qualities in MIL-STD-1797A (Department of Defense, 1997). Equation (2.33) is used to
model the pitch rate reference model as depicted in Figure 2.2. The zero of Eq. (2.33) is defined

as —1/Ty, , where Ty, is the short period time constant.

2.2.5 Flight Quality Requirements

According to the MIL-STD 1797A (Department of Defense, 1997), the Cessna Citation X can
be categorized as a Class II aircraft. The proposed longitudinal controller was designed for
Category B cruise operations. Table 2.3 establishes the Level 1 Flight Quality (FQ)

requirements for short period dynamics.

Table 2.3 Level 1 Longitudinal Flight Quality requirements
for category B cruise flights

Parameters Range
Short period frequency, rad/s 03<wgpy <2
Control Anticipation Parameter 0.085 < CAP < 3.6
Settling time at +5%, sec T, <3
Drb
Dropback -02<—<05
qSS
Short-period time constant, sec 01<Ty <15
Delay allowed, sec 0.1
2.2.6 Performance metrics

The overall sum squared error denoted overall SSE was used for optimal tuning of the

controller for a given number of flight conditions, so that :



58

i=N
overall SSE = ZSSEi (2.34)

=1
where N is the number of flight conditions.

The SSE for a single flight condition is computed as follows:

t=T
2
SSE = ) (e = rep,) (2.35)
t=0
where q; and gy, correspond to the pitch rate and the pitch rate reference at a given time ¢,

respectively, and T is the simulation time with a sample time At = 0.02 sec.

2.3 Controller Simulation for Ideal Conditions
2.3.1 Controller tuning parameters

The controller in Figure 2.2 was tuned through sensitivity-based tuning. First, the aircraft is
trimmed for all cruise conditions over the operating envelope, for given altitude h, calibrated
airspeed CAS, mass m and centre of gravity x.4. Second, the PID gains Kp, K; and K, are
tuned so that convergence is fulfilled. Third, the RLS inversion controller is tuned, for which
the covariance matrix Ly, the parameter vector ®, and the forgetting factor k are initialized.
Ly is then iteratively updated following Algorithm 2.1. Then, the neural network learning rate
I' and gain Ky are set. The NN weights are initialized from 0. Finally, robustness tests are
performed. The control parameters are then adjusted throughout the process. The overall

control parameter values are summarized in Table 2.4.

Table 2.4 Design Parameters for the Pitch Rate Controller

Control Parameters Value
Element
PID Kp, K;, Kp -1,—-1,-0.1
RLS Inversion PN 1.015, 107155, Iy 4,
controller . Lo, Fo, Go —-0. 14,'1 '
NN Controller Kyp, learning rate T 20,1
hidden layers, neurons 1,30
Reference Model $spr Wsp 0.69, 4 rad/s
Ty, 0.35 sec
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2.3.2 Simulation for cruise at 35,000 ft and 290 knots

Figure 2.4 shows the pitch rate control at 10 668 m [35,000 ft] and 537 km/h [290 knots]. The
hyperparameter variations are shown in Figure 2.5. Figure 2.6 shows the RLS parameters,
including the covariance matrix L; in Eq. (2.23) and the prediction error €, in Eq. (2.21).

Figure 2.7 shows the RLS state estimations.

q [deg/s]

“0 5 10 15 20 25 30
time [sec]

Figure 2.4 Pitch rate and elevator responses for cruises at 35,000 ft and 290 kt
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Figure 2.5 Hyperparameter variation during cruise flight
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Figure 2.7 Longitudinal states estimation using the RLS algorithm for cruise
flight at 10 668 m AGL and 537 km/h

2.3.3 Simulation and validation over the flight envelope

2.3.3.1 Flight operating conditions

64 different cruise conditions were assessed to tune the controller. The aircraft was trimmed at
given calibrated airspeeds CAS and altitudes. The flight conditions and flight envelope are
shown in Figure 2.8. A CoG of 25% and a weight of 15 000 kg [33,000 1b] were set for all

simulations.
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Figure 2.8 Selected cruise conditions for m = 15 000 kg and CoG x4 =
25% MAC




2.3.3.2 NN and RLS parameter sensitivity analysis
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Figure 2.9 Pitch Rate Response for Different Learning Rates I' and
Forgetting Factors k at all cruise conditions
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Figure 2.10 Pitch rate response for three different neural networks gains K yy values
for all cruise conditions
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2.3.3.3  Controller tuning under wind gusts and turbulences

Figure 2.11 shows the overall SSE in Eq. (2.34) for N = 10 flight conditions. The simulations
in Figure 2.11b include wind gusts with u,,;,4 = 40 m/s [78 knots] and w,,;,q = 5 m/s [9.7
knots]. The cruise flights in Figure 2.11¢c were simulated using the Dryden turbulence model
(Stevens et al., 2015) with moderate intensity. From Figure 2.11b and Figure 2.11c, an optimal

compromise of I' and Ky were found and summed up in Table 2.4.
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Figure 2.11 Sum Squared Error contour plot for 10 flight conditions for (a) ideal
conditions, (b) wind gust and (c) moderate turbulence
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234 Comparison of Controller Configurations

In Figure 2.12, the tracking error is smaller when the adaptive controllers are successively
added. This shows the contribution of each control element and the controller’s ability to adapt

across the flight envelope.
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Figure 2.12 Pitch rate response for different configurations for all cruise conditions : (a)
PID controller, (b) PID — RLS Dynamic Inversion controller and (¢) PID — RLS Dynamic
Inversion — NN controller

2.3.5 Flight Quality Validation

The pitch-rate controller was designed to satisfy the Flying Quality (FQ) requirements
specified in MIL-STD-1797A for Class II, Category B aircraft. In this study, the reference
model parameters (in Table 2.5) were selected to introduce a small overshoot of approximately
20% and steady state relative error below 1.2% in the pitch-rate response. This design choice
was made to ensure compliance with the dropback requirement specified in Table 2.3 and
defined in MIL-STD-1797A (Department of Defense, 1997), rather than representing a formal
Level 1 requirement. The FQ validation was carried out by assessing the short-period damping
ratio &gy, natural frequency wgy,, and Control Anticipation Parameter (CAP) across the flight
envelope. As shown in Figure 2.13, all identified short-period parameters and CAP values
remained within Level 1 boundaries, confirming that the aircraft meets the required flying
qualities. The controller’s transient performances for all flight conditions are summarized in

Table 2.6.
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Table 2.5 Pitch Rate Reference model dynamic characteristics for Level 1

flight quality
Frequency, Time
rad/s Damping | constant, sec | Parameter | Dropback
Dyp
Wsp S;sp TGZ Wsp T92 -
qSS
4 0.69 0.5 2 0.155

Table 2.6 Reference signal and pitch rate dynamic performance results

Frequency, | Rising time | Settling time at | Overshoot,

Signal Damping rad/s at 90%, sec +5% q,s, sec %

Esp Wsp Tr Ts —
Reference
model 0.69 4 0.21 1.22 21
qref
Piteh rate | 59 077 | 4.31-527 | 025029 1-185 628
response

The aircraft flight qualities were assessed in Figure 2.13a and Figure 2.13b. The dynamic
parameters g, , Wy, and Ty, in Eq. (2.33) have been identified for each flight condition using
system identification. For each flight condition, optimization errors less than 2% were
obtained, small enough to validate the identification. The Control Anticipation Parameter
(CAP) in Figure 2.13b was also determined (Department of Defense, 1997) and computed as

follows :

2

~ _Ysp
CAP ~ y=3 (2.36)

g T,

where V, is the airspeed, g is the gravitational constant, equal to 9.81 m/s? [32.18 ft/s?], Wsp

is the short period frequency and Ty, is the short period time constant.

The Level 1 Flight Quality boundaries given by MIL-STD-1797A (Department of Defense,
1997) are depicted in Figure 2.13a and 2.13b. The FQ boundaries show the FAA requirements
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for optimal dynamic parameters g, wsp, Tg, and CAP parameters. The pitch rate reference
model dynamic parameters according to Table 6 is also represented. As seen on Figure 2.13a,
the controller’s dynamic parameters are close to the reference model and lying within the Level
1 region for all 64 flight conditions. This shows that the adaptive controller’s dynamic
performance is close to the targeted reference model and respects the FAA Level 1 criteria for
the overall flight envelope. Furthermore, the CAP parameters for all flight conditions also lie
within the Level 1 region as seen in Figure 2.13b. The CAP parameters are gathered far from

the Level 1 boundary, showing dynamic stability margin.

: i : 100 : . .
+  controller response / A
+  reference model L
i i
\ «
.y LEVEL 1 S ‘_8
'T% 100 2 40t LEVEL 1
3 LEVEL 2 o
o LEVEL 2
0j2 D.I4 0..6 Oj8 0.2 0.4 0.6 0.8
€sp €sp
(a) (b)
Figure 2.13 Short period flight qualities for (a) damping and frequency requirements and
(b) CAP requirements
2.4 Robustness Validation

2.4.1 Wind Gust and Turbulence tests

The controller was tested against wind gusts in Figure 2.14 and turbulence in Figure 2.15 (Gao
& Liu, 2017). The tailwind gust was simulated for u,,;,4 = 40m/s and w,,;,4 = Sm/satt = 5

sec. The lateral wind component v,,;,,; Was set to 0 m/s. Figure 2.15 illustrates the controller’s
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behavior in the presence of turbulence. Dryden turbulence model was simulated for moderate

turbulence in Simulink.

q [deg/s]

time [sec]

Figure 2.14 Pitch rate and elevator responses under tailwind gust

%]

o

Wuwind [Hl/ S]

0 5 10 15 0 5 10 15
time [sec] time [sec]

Figure 2.15 Turbulence profiles at different altitudes, pitch rate and elevator responses
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2.4.2 Actuator Fault tests

Finally, the flight controller was validated for actuator faults (Hussein, Zhang, & Liu, 2024).
50% Loss-of-Effectiveness (LOE) on the elevators was simulated in Figure 2.16a, while white

noises on the actuators are shown in Figure 2.16b. The actuator faults were added to the

: B
elevator’s effectiveness C; °.

1.5

1+ Lorens

q [deg/s]
q [deg/s]

time [sec]

time [sec]

(a) (b)

Figure 2.16 Pitch rate, elevator and adaptive element responses for (a) 50% LOE and
(b) actuator noise

2.5 Results Discussion

2.5.1 Controller performance

The proposed controller illustrated in Figure 2.1 was first evaluated at a representative cruise
condition of 10 668 m [35,000 ft] and CAS 537 km/h [290 knots]. As seen in Figure 2.4, the
pitch rate closely follows the reference command, with elevator deflections remain close to
their trim values. Figure 2.5 shows the neural network weights and the RLS estimated matrices

converged according to the adaptation laws in eq. (2.31) confirming the correct implementation

of the online adaptation.
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Recursive Least Squares (RLS) updates were triggered when the prediction error exceeded a
specified threshold, as shown in Figure 2.6, preventing divergence and numerical instabilities.
The estimated longitudinal states closely matched the measured states in Figure 2.7, validating

the RLS algorithm for online state identification.

A detailed parameter sensitivity study highlighted the complementary roles of the RLS-based
dynamic inversion and the neural network. The RLS estimator was found to be highly sensitive
to the forgetting factor k: small values led to poor estimation due to rapid forgetting, while
high values led to slower adaptation but more precise without oscillations. To mitigate these
effects, the covariance matrix Ly was reinitialized when the prediction error exceeded a
threshold, ensuring better estimation. As shown in Figure 2.6a, reinitializing Ly at 10355

enabled fast convergence and precise estimation.

The neural network compensates for the RLS estimation errors. As demonstrated in Figure 2.9
to Figure 2.11, increasing the gain Ky, and the learning rate I' reduced the overall SSE and
improved adaptation under nominal conditions. However, over tuning these parameters may
cause divergence in the presence of disturbances, as shown in Figure 2.11b and Figure 2.11c.
For instance, Kyy = 10 improved disturbance rejection but produced high SSE under ideal
conditions, as seen in Figure 2.11a. This highlights the necessity of careful parameter tuning
to achieve a balanced trade-off. Additional tests (Figure 2.10) showed that higher NN gains
improved short-term adaptation but also increased the risk of overtraining, making the

controller overly sensitive to small variations.

The controller was then validated across 64 cruise conditions, for altitudes varying from 1 500
m [5,000 ft] to 12 200 [40,000 ft] and CAS from 314 km/h [170 knots] to 611 km/h [330 knots].
Sensitivity studies in Figure 2.9 to Figure 2.11 showed that higher values of the forgetting
factor k, NN learning rate I', and NN gain Ky improved adaptation but increased steady-state
error under disturbances. Optimal parameters in Table 2.4 were selected in order to ensure

compromise between tracking accuracy, robustness, stability and Level 1 flight qualities.



71

In Figure 2.12, three configurations were compared: a baseline PID, a PID-RLS, and a PID—
RLS —NN configuration. The full hybrid adaptive configuration (PID-RLS—NN) achieved the
lowest tracking error and the strongest disturbance rejection, confirming the advantages of

combining classical PID controllers with learning-based adaptation.

Flight quality assessment was conducted using the reference model in Table 2.5, corresponding
to Level 1 FQ. The reference model tracking produced smooth responses, with relative steady-
state errors remaining below 0.1% within 1.9 seconds. As shown in Figure 2.13, Level 1 flight
qualities were consistently achieved for all flight conditions, as the short-period parameters
and the Control Anticipation Parameter (CAP) values remained within the required boundaries.
Additional tests were performed in which the reference model was modified or removed, and
Level 1 flight qualities were still maintained, demonstrating the controller’s adaptability to
different reference models. It is important to note that this study focuses on Flying Qualities
(FQ) validation using quantitative metrics defined in MIL-STD-1797A. A complete Handling
Qualities (HQ) assessment requires pilot-in-the-loop evaluations with objective pilot rating
criteria such as Gibson, Neal-Smith, or Bandwidth criteria. These Handling Quality metrics
are not included in the present work but may be addressed in future studies once pilot-in-the-

loop simulation campaigns are conducted using the flight simulator shown in Figure 2.1.

Finally, the robustness of the proposed controller was demonstrated under multiple
uncertainties: wind gusts and Dryden turbulence of moderate intensity in Figure 2.14, and
actuator loss-of-effectiveness and actuator noise in Figure 2.16. In all cases, the controller was
able to maintain stability and to adapt to the pitch rate within 1.9 sec settling time, while
maintaining Level 1 flight qualities. The elevator deflections remained effective and

unsaturated, even in the presence of uncertainties.

2.5.2 Comparative Study

Across recent adaptive and intelligent flight control studies, different approaches have
demonstrated notable improvements in tracking performance. Harris et al. (Harris et al., 2022)

showed that L1 adaptive augmentation reduced maneuver tracking errors by 30—80%. This is
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also supported by the controller configuration comparative study, for which the PID — RLS —

NN combination shows improved performance.

Steffensen et al. (Steffensen et al., 2023) showed that their actuator-inclusive NDI achieved
exact reference-model tracking with a 0.3 s settling time and 0% overshoot, while classical
INDI exhibited residual error unless actuator bandwidths were effectively infinite. While their
actuator model was limited to first-order dynamics, this paper focused on second order

nonlinear actuator dynamics.

(R. P. Andrianantara, Ghazi, et al., 2024) demonstrated that the Model Predictive Controller —
Neural Network controller for the Cessna Citation X allowed to reduce the steady-state error
across its flight envelope, maintaining elevator deflections within £2 deg. In addition, this
paper highlights the robustness of the adaptive controller with a single parameter set in Table

2.4 and analyzes the control parameters sensitivity.

In the spacecraft control domain, Lungu et al. (R. Lungu et al., 2021) showed that their adaptive
NN-Dynamic Inversion controller achieved convergence in less than 3 sec, with negligible
steady-state error, and very low overshoot, outperforming conventional PID designs. In fighter
aircraft applications, Pedro and Meyer (Pedro & Meyer, 2007) showed that their NN-DI
controller predicted control deflections with high precision less than 0.05 deg for aileron, 1.5
deg for elevator, and 0.5 deg for rudders, allowing safe landings with deviations limited to 1.5
m laterally and 4 m vertically, and thus in the presence of storm. Similarly, Lungu and Lungu
(M. Lungu & Lungu, 2017) demonstrated that their NN—-DI auto-landing controllers achieved
altitude errors less than 0.5 m, velocity errors less than 0.3 m/s, and reduced overshoot in
comparison with conventional landing control systems. Also, at the micro air vehicle scale,
Zhou et al. (Zhou et al., 2021) introduced Extended INDI, which enabled oscillation-free
optical-flow landings, reducing flow-divergence tracking RMSE to 0.10 s versus 0.58 s
under conventional feedback, while adapting robustly across different initial heights and noisy
environmental conditions. Nguyen et al. (N. Nguyen, 2011) demonstrated their hybrid NN —

DI controller had a tracking error by over an order of magnitude compared to baseline control,
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achieving errors between 0.05 — 0.1 deg/s for pitch rate control and overshoot below 10%.
Settling times were approximately 2—3 s under damaged aircraft scenarios such as tail loss or
engine failure. While Nguyen’s controller was validated under structural damage scenarios, it

did not provide certification-relevant flight quality metrics.

By contrast, the hybrid PID-RLS—NN controller developed in this paper demonstrated its
effectiveness in full-envelope longitudinal control of fixed-wing commercial aircraft such as
the Cessna Citation X. It achieved steady-state pitch-rate errors below 0.1%, settling times
under 1.9 secs, and overshoot between 6 and 28% across the flight envelope, all while
maintaining Level 1 flight qualities. Unlike previous studies, robustness was explicitly
validated under 40 m/s gusts, moderate Dryden turbulence, actuator loss-of-effectiveness, and
actuator noise, thereby confirming robustness performance under both environmental
disturbances and system faults. While Harris et al. (Harris et al., 2022) and Lungu (R. Lungu
et al., 2021) controllers improved tracking error for specific cases, the proposed hybrid PID —
RLS — NN controller achieved less than 0.1% steady-state errors and Level 1 FQ dynamics
across the full operating envelope, with explicit robustness tests extending beyond ideal

conditions or isolated scenarios.

2.6 Conclusion

An adaptive pitch-rate controller for the Cessna Citation X was developed and validated using
a hybrid RLS Dynamic Inversion and a neural network adaptive controller. The design covered
64 cruise conditions, removing the need for gain scheduling, and achieved tracking with

relative steady-state errors less than 0.1% in 1.9 sec.

Compared to classical PID-based methods, the proposed controller relies on a fixed-gain PID
for baseline stability, while adaptive features ensure robustness against uncertainties and low
tracking errors. Sensitivity analysis highlighted the critical influence of RLS initialization and
forgetting factor, as well as the importance of finding compromise between the neural network

gain and learning rate. A covariance reinitialization strategy was introduced to prevent
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numerical instabilities in the RLS, while the neural network compensated for estimation errors,

enabling dual robust adaptation even under disturbances.

Flight quality evaluation confirmed Level 1 compliance across all tested scenarios, including
turbulence, actuator faults, and actuator noise. Lyapunov stability analysis further verified the

convergence of all adaptive elements.

Overall, the results demonstrate that the proposed controller design provides a certifiable
method to validate adaptive flight control in commercial aircraft by combining classical PID
controllers with adaptive robust controllers, and validated flight qualities. Future work can be
foreseen by extending the proposed hybrid adaptive controller to more general non-affine

models to further enhance robustness and applicability to more complex nonlinearities.

2.7 Appendix

The controller boundedness and convergence were assessed using Lyapunov criteria : for a

given positive definite candidate £, its derivative £ should be negative definite, such that

(Lavretsky & Wise, 2024):

L>0 and L<0 (2.37)

2.71 Error dynamics

Let us consider the designed control law in Eq.(2.32). Replacing y in Eq. (2.15.b)by its
expression in Eq.(2.13), and applying the final control in Eq.(2.32), it is easy to demonstrate

that the error dynamic é may be defined as follows:

K
é = — (Kp + ?I + KDS) e+ KNNWTO'(VT}_() (238)
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Let us consider the optimal weights V as the sum of the current weights V and optimization

error V. The same logic applies to the output weight matrix W, so that:

V=V+V and W=W+W (2.39)

where W and V are known values, and W and V are unknown errors. The optimal weights W
and V are therefore unknown. We can express the Taylor series approximation of the tangent

sigmoid function (VTX) around the current argument V' as follows:

o(V'X) = a(V'%) + ' (VTX)Vx + 0% (V%) (2.40)

where ¢’ (V7X) is the gradient of 6(V'X), and 0?(V'X) is the unknown higher-order term.

For further calculations, let us consider the following notations:

o(V'x) =6 and o'(V'x) = & (2.41)
where @ and @' are known values.
By replacing Egs. (2.39) and (2.40) into Eq. (2.38), it is easy to obtain:

; K AT 7 T~ T 19T
e:_<KP+?+KDS>e+KNNW 0-+KNNW 0-+KNNW O'VX
+ KyyWT02(VTx)

(2.42)

Linear components with respect to W and V can be easily approximated with suitable tuning
of I' (Lewis et al., 1995 ; Narendra & Annaswamy, 1987), while the terms containing two or
more unknown parameters and higher-order terms constitute disturbances, so that Eq. (2.42)

can be written as:

K . —
ée= _<KP +?I+KDS)3 +KNNWT3+KNNWT3+d (243)

where d is the disturbance signal defined as

d = KyyWTe' VIR + KyyWT0%(V'x) (2.44)



76

where W, V and 02 are unknown.
2.7.2 Disturbance Boundedness

Through assumptions, Lewis and al. in (Lewis et al., 1995) assessed the boundedness of d and

demonstrated that d may be bounded as follows :

Idll < Co + G4 ||V + C2||V][llell (2.45)

where C,, C; and C, are computable positive constants.

2.7.3 Lyapunov Candidate and its Derivative

Let us assess the stability of the overall system. To achieve this, let us choose a positive definite

Lyapunov candidate function £ as follows :
1 1~ 1 . 1_
L=7ee+-0L710+ - WIT'W + VIV (2.46)

where O is the difference between the optimal RLS parameter vector ®* and its estimate ©,

such that:

0=0"-0 (2.47)

The Lyapunov candidate function in Eq.(2.46) includes all the controller adaptive parameters.

Its derivative may be written as follows :

L=ée+OL1®+WI W+ Vr1v (2.48)

2.7.4 RLS Controller Stability

Here we assess the second term of Eq.(2.46) and demonstrate its negative definiteness.

1.
L, = EG)L—le) (2.49)
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Its derivative may be computed as follows:

L, =0L10 (2.50)

where L1 is the inverse covariance matrix.

Let us express O in discrete time at k — 1 and k, so that:

ﬁk—l = 0* —@

2 fe=1 2.51
0, =0"—-0, @51
From Eq.(2.22), ©,, can be written as:
@k = @k—l + Kk(-:k (252)
where K, is the Kalman gain vector defined as:
Ly—1 X
K, = 2.
k4 XTLy 1 X (2.53)
Taking into account Eq.(2.52), ® can be expressed as:
é = @k — @k—l = —Kk(-:k (254)
Therefore, replacing Eq. (2.54) into (2.50) , the derivative £, can be expressed as:
L, = —OL K¢, (2.55)

Let us assess the definiteness of eq.(2.55). The elements of ® can be positive or negative,
depending on whether ®, are underestimating or overestimating ®*. The magnitude of © is
expected to decrease over time, tending to zero as @, converges to ©*. Consequently, the
magnitude of the estimation error €, decreases. The sign of €, may still vary; however, these

variations become smaller and less frequent, since the estimates @, are stabilizing.

The sign of the Kalman gain vector K, in the context of the Recursive Least Squares algorithm
is generally positive. However, it is more accurate to say that K, is a vector that scales the
correction applied to the parameter estimates rather than focusing solely on its sign, as shown

in Eq.(2.52).
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The inverse covariance matrix L™ is positive definite; therefore, the definiteness of Eq. (2.55)
relies on Ky, €, and ©. The Kalman gain vector K is chosen to minimize the estimation error
€, and the optimization error ®. Therefore, in order to guarantee that £, decreases over time,
we typically aim for K to be chosen such that the product K €, aligns with the direction of
0, leading to a positive value. This positive dot product indicates that £, is negative definite,
and that £, in Eq. (2.49) is monotonically decreasing. In that case, the stability and

convergence of the RLS algorithm are verified.

2.7.5 Boundedness and Convergence

Let us consider the derivative of the Lyapunov candidate in Eq.(2.48), and demonstrate its

boundedness.

L =ée+OL 10+ WI- 1w + Vr-1v (2.56)

where V and W are the neural network input and output weight matrices, respectively, V and
W are their respective time derivatives and, I' "1 is the inverse learning rate diagonal matrix.
Replacing &, W and V from their expressions in egs. (2.42) and (2.31) into Eq. (2.56), we
obtain:

Considering the assumptions in Eq. (2.39) and making all simplifications, Eq. (2.56) can be

simplified as:

. K . ~ ~ PP
L=—e (KP - ?’ + KDs) e + WTge + WTg'Vixe + WT0%(V'x)e + OL710
— Walle[|W — Ville|IV
where the gradient estimate @ is assumed to be known.

(2.57)

Next, we assess the boundedness of each term of Eq. (2.57). Following the reasoning in (Lewis
et al., 1995) and taking into account the assumption in Eq. (2.39), the term W”@e may be

bounded as:

|[WTGe|| < Wy llell — [|W||cyallell (2.58)
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Following the reasoning in (Lewis et al., 1995), it can be demonstrated that W7 02 (V'X)e may

be bounded as follows:

”WTOZ(VT)_()QH < Wiesllell + WmC11C1Qd”‘7””e” + WmC11C2”‘7””9”2 (2.59)

Next, the term W76'VxeT in Eq. (2.57) may be bounded as follows:

|WTa'VReT || < Vieyc11Qu||[W|llell + Vineacqs |[W]|llell? (2.60)

The term (W(W —-W)+V(v- \7)) in Eq. (2.57) may also be bounded as :

||,1||e|| (W(w — W)+ V(V - \7)) ||

. ~ ., ~ (2.61)
< —Allel (= [[W][" + Wi [|W]| = [[V]]" + v [V]])

It has been demonstrated that £, in Eq. (2.55) is negative definite if the Kalman gain matrix
K, is chosen properly. However, even in the case where £, in Eq. (2.55) is not negative
definite, if the estimation is performed correctly, Eq. (2.55) is ensured to converge to 0, as the
errors €, and O tend to zero over time. Therefore, the norm of £, in Eq. (2.55) is monotonically
decreasing to 0 and can therefore be neglected when accounting £ for boundedness.

The bound on £ can thus be stated as follows:
. K; _ _
L<- (KP + S + KDS) llell* + Wincillell — ”W”Cn”e” + VmC1C11Qd”W”||€||

+ VmCZCn”W””e”Z + Wpcsllell + WmC11C1Qd”‘7””e”
(2.62)

+ Wi |V llell? = Allell (= [[ W] + Wy [ W] — [[V]]°

+Vnl[VID
For stability and convergence, the Lyapunov theory states that £ must be negative definite, as
stated in Eq. (2.37). On one hand, £ = 0 when ||e]| = 0, while on the other hand, Eq. (2.37) is

true when the following equation is true.
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K _ ~ ~
(= (K + =L+ K5 ) + Vincata [WI| + Whnerrcal[V])) el + Woncas = [ Wy
+ Vne1c11Qa||W|| + Wines + Wincr164 Qu||V|| (2.63)

~ 112 ~ =112 ~
= A (=W + Wi [W] = ] + V| 9]]) < 0

2751 Casel

The NN approximation is performed properly, so ||W||and ||\7|| are small and tend to 0. The
term —A (—”W”Z + Wm”W” — ||\~/||2 + Vm||\7||) still remains negative definite, as W, and

V,, are higher values. Eq. (2.63) can then be simplified as follows:

K
= (Ko + =L+ Kps ) llell + (Wncay +Wines) <0 (2.64)

and an upper bound on the tracking error ||e|| may be found, such that:

W11 + Wpes

llell < (2.65)

Kp + ?’ + Kps
Eq. (2.65) clearly shows that the upper bound on the tracking error depends on the PID gains
Kp, K; and Kp. For the norm ||e|| to remain positive and small, and thus, the negative
definiteness of Eq. (2.62) is ensured if the magnitudes of Kp, K; and K, are chosen high

enough.

2.7.5.2 Case?2

In the case where the neural network approximation is performed poorly, then ||W||and ||\7||
are large. The term —A (—”W”Z + Wm”W” — ||V||2 + Vm”V”) will still remain negative

definite, as Wy, and V;,, are higher positive values. If ||e|| is negligible, then Eq. (2.37) remains
true. On the contrary, if ||e|| is large, then a proper choice of the linear PID controller gains
would still ensure that Eq. (2.37) remains true.

In sum, the PID gains ensure ultimate stability, while the neural network ensures negative

definiteness. Furthermore, the term OL 18 in Eq. (2.57) is small and converges to 0. In fact,
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if the amplitudes of Kp, K; and K, are chosen to be large enough, then the negative definiteness
in Eq. (2.37) is respected. In sum, in both cases, the overall system stability and convergence

of the proposed controller are guaranteed.
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Résumé

Afin de réaliser le controle latéral de 1’avion d’affaire Cessna Citation X, cet article présente
une stratégie de contrdle non linéaire avec une double adaptation pour le contréle du taux de
roulis et la stabilisation du taux de lacet, congue pour suivre un modele de référence.
L'algorithme de controle proposé intégre trois éléments principaux : un contrdleur
proportionnel-intégral-dérivé (PID), un contr6leur d'inversion et un contrdleur a réseau de
neurones (NN). Le contrdleur d'inversion est réalisé a 1'aide de la méthode des moindres carrés
récursifs (RLS), qui fournit une estimation en temps réel des matrices de controle et d'état. Les
résultats de la simulation démontrent que le contrdleur global suit efficacement le signal de
référence du taux de roulis tout en maintenant la stabilité du taux de lacet. Les performances
du controleur ont été évaluées dans 64 conditions de croisicre différentes couvrant I'enveloppe
opérationnelle du Cessna Citation X. Bien que les gains PID soient restés fixes dans tous les
scénarios, le controleur a montré une forte adaptabilité, principalement grace aux controleurs
d'inversion dynamique RLS et au réseau de neurone NN. De plus, le controleur proposé a été
réglé de manicre optimale en cas de perturbations et a montré des performances robustes en

présence de conditions de vent variables et de défaillances des actionneurs.
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Abstract

To evaluate the lateral control of the Cessna Citation X business jet, this paper introduces a
dual adaptive nonlinear control strategy for roll rate control and yaw rate stabilization,
designed to track a reference model. The proposed control algorithm integrates three main
elements: a Proportional-Integral-Derivative (PID) controller, an inversion controller, and a
neural network (NN) controller. The inversion controller is implemented using the Recursive
Least Square (RLS) method, which provides real-time estimation of the control and state
matrices. Simulation results demonstrate that the overall controller effectively tracks the roll
rate reference signal while maintaining the yaw rate stability. The performance of the controller
was evaluated under 64 different cruise conditions covering the Cessna Citation X operating
envelope. Although the PID gains remained fixed in all scenarios, the controller showed strong
adaptability, primarily due to the RLS inversion and NN controllers. Moreover, the proposed
controller was optimally tuned under disturbances and showed robust performance in the

presence of varying wind conditions and actuator faults.

3.1 Introduction

Autonomous flight has become a major interest for aircraft manufacturers seeking to develop
highly efficient flight controllers. These controllers must not only ensure aircraft stability, they
must also be resilient to uncertainties and capable of adapting to variations in both aircraft
dynamics and environmental conditions. The International Civil Aviation Organization
(ICAO) has highlighted that Loss of Control In-Flight (LOC-II) remains one of the critical
issues in aviation, with human error causing about 80% of flight accidents (ICAO, 2024).
Consequently, improving autonomous flights could significantly enhance flight safety and

performance.

Onboard controllers have primarily been designed using classical methods, such as
Proportional-Integral-Derivative (PID) and modern methods, such as Linear Quadratic
Regulators (LQR) (Stevens et al., 2015). These controllers are designed by linearizing the

aircraft dynamics at given flight conditions (Yamina Boughari, Botez, et al., 2017). However,
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this approach limits a controller’s adaptability, as each controller’s configuration remains valid
only for a specific set of operating conditions. Covering all flight conditions would require
extensive linearization and gain scheduling (Reynolds et al., 1996). Furthermore, even though
they are widely used in commercial aircraft, their dependance on linearized models restricts

their ability to handle nonlinearities.

To address these limitations, robust controls were designed in the late 1970’s. Robust
controllers, such as H,, (Efremov et al., 2021 ; A. Khalil & Fezans, 2021) and Linear Quadratic
Gaussian Regulator (LQG) (Ferrier et al., 2018), were developed to account for disturbances.
However, these methods highly depend on mathematical models, and thus harder to implement
when the dynamics are unknown. Other research has focused on automating gain scheduling
using optimization algorithms, such as Genetic and Differential evolution algorithms (Y.

Boughari, Ghazi, et al., 2017b, 2017a).

Linearization often neglects higher-order nonlinear effects, thereby reducing the model’s
accuracy when changes occur, such as turbulent wind or aggressive maneuvers. The need to
overcome linearization led researchers to explore alternative control methods capable of flight
nonlinear dynamics. Advanced controllers such as Dynamic Inversion controllers (Horn,
2019 ; Moncayo et al., 2012 ; Steffensen et al., 2023) and Model Predictive Controllers (MPCs)
(Doft-Sotta et al., 2025) were developed to address information loss from linearization. These
methods are particularly powerful, as they adapt control inputs to respond to ongoing changes
in the environment and aircraft. However, Dynamic Inversion controllers and MPCs also
depend on mathematical models, requiring linearization (Ducard & Geering, 2008 ; Horn,

2019).

Nonlinear control such as Nonlinear Dynamic Inversion (NDI) (Grondman et al., 2018) and
Nonlinear Model Predictive Control (NMPC) have been developed in order to capture model
nonlinearities . Some of these controllers combined MPC with online state estimation (R. P.
Andrianantara, Ghazi, et al., 2024). Adaptive filters, such as Recursive Least Squares (RLS)
(Mahadi et al., 2022 ; Mohseni & Bernstein, 2022) and the Extended Kalman Filter (EKF)
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(Puskorius & Feldkamp, 1991), allow real-time model estimation, avoiding the dependance on
linear models. Hybrid control, combining classical control with Artificial Intelligence-driven
control, offers improved performance (N. Nguyen & Krishnakumar, 2007). To overcome the
modelling errors limitation, NDI has been successfully combined with reinforcement learning
(Sun & van Kampen, 2020) and neural networks (Feith, 2020). Compared to most of the
controllers described above, which rely on fixed parameters, neural network controllers are

inherently adaptive.

Thanks to the significant advancements of computers in terms of memory and power, it is
possible to use hybrid controllers (McLaughlin & Perhinschi, 2022 ; Xu et al., 2019) and data-
driven controllers such as reinforcement learning and neural networks for control purposes.
Reinforcement Learning (RL) offers promising alternatives by relying entirely on data. RL-
based controllers optimize control policies by training agents to take actions, thereby
improving system performance (Feith, 2020 ; Sutton & Barto, 2018). RL has the ability to
adapt to complex nonlinear systems without knowledge of its dynamic model, making it
powerful for real-world applications. However, RL requires extensive training time and data
(Lewis & Vrabie, 2009). The training can be slow and involves the exploration of all possible
scenarios in order to cover all of an aircraft maneuvering capability, which may not always be
feasible in critical systems. Moreover, assessing RL-based controllers for stability is still

challenging.

Several intelligent controllers have been designed, such as fuzzy and neural network
controllers, which are also adaptive. They have been applied for low-level (R. P.
Andrianantara, Ghazi, et al., 2024 ; S. M. Hosseini, Bematol, et al., 2024b) and high-level
control (Q. Zhang & Liu, 2018). Adaptive control is particularly attractive because it does not
require offline training (X. Li et al., 2015). During adaptation, the NN hyperparameters are
updated online using adaptation laws (Slotine & Li, 1991). NNs have been successfully used
for system identification in order to model nonlinear aeroservoelastic behaviors such as flutter
dynamics (Boely & Botez, 2010), aircraft dynamics (Szymanski, Ghazi, & Botez, 2025 ;
Tondji, Wade, Ghazi, & Mihaela Botez, 2022 ; Zohreh Nejad, Ghazi, & Botez, 2023), and
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engine dynamics from flight tests (R. P. Andrianantara, Ghazi, & Botez, 2023b). By learning
from data, NNs continuously improve their performance, and are able to adapt to unforeseen

events, making them very robust against noise.

Despite advancements in adaptive and intelligent control, there is no established regulatory
framework for their certification. Only linear controllers can still be validated, using flight
qualities (Department of Defense, 1997). Neural network controllers have been implemented
on UAVs (Hsu & Liu, 2021 ; Santoso, Garratt, & Anavatti, 2017 ; Zhou et al., 2021), due to
their low risk for human life. However, aerospace regulatory organizations such as the EASA!
and the FAA? (Agogino et al., 2024 ; European Union Aviation Safety Agency, 2024 ; Federal
Aviation Administration, 2024) have studied the application of adaptive elements in aircraft
systems. This lack of regulation for adaptive systems adds complexity to their certification and
real-world applications, particularly in safety-critical systems. Therefore, this research

proposes to validate the nonlinear lateral controller using existing flight qualities.

Several related works on adaptive control have been completed. In particular, flight tests were
conducted to test adaptive controllers (N. Nguyen & Krishnakumar, 2007). Previous research
(R. P. Andrianantara, Mancera Coyotl, Ghazi, & Botez, 2024 ; R. P. Andrianantara et al.,
2023a) has focused on longitudinal control using adaptive elements, such as Recursive Least
Squares (RLS) and nonlinear inversion techniques. Lateral control presents more challenges
than longitudinal control due to complex roll-yaw coupling (Ghazi & Botez, 2015b), especially
in high-angle-of-attack scenarios. To address this issue, this research introduces an adaptive
Aileron-Rudder Interconnect (ARI), which has demonstrated its ability to improve yaw
damping. The proposed adaptation laws were derived from (Kim & Calise, 1997 ; Rysdyk &
Calise, 2005) and tailored to the CCX aircratft.

! European Union Aviation Safety Agency
2 Federal Aviation Administration
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3.1.1 Research Objectives and Organization

The main objective of this research is to design, implement and validate a robust adaptive
lateral control architecture for the Cessna Citation X flight dynamics. The proposed control
algorithm integrates a Recursive Least Square-based dynamic inversion, combined with an
adaptive Neural Network compensation, thereby ensuring its “dual adaptation” to nonlinear
dynamics and disturbance without gain scheduling, while ensuring compliance with flight-
quality requirements. To this aim, a Stability-Augmented System (SAS) was developed for
low-level yaw rate stabilization, while a Control-Augmented System (CAS) was designed for
roll rate control. Previous attempts on lateral controllers have involved automatic tuning using
Genetic Algorithms (Yamina Boughari, Botez, et al., 2017); however, those approaches were

limited to linear models.

The main novelty and contributions of this research are as follows:

- The development of a dual-adaptive lateral control architecture combining RLS-based
dynamic inversion with neural network compensation for nonlinear control.

- The implementation of the proposed architecture on a high-fidelity nonlinear model of
the Cessna Citation X, capturing realistic lateral-directional dynamic modes and
disturbances.

- A full-envelope validation across 64 cruise flight conditions, demonstrating robust
performance without gain scheduling.

- The extension of flight-quality criteria stated in MIL-STD-1797A to nonlinear adaptive
control validation, addressing a gap in the certification-oriented evaluation.

- Anenhanced RLS estimation strategy with covariance reset logic with the aim to ensure
numerical stability and convergence in closed-loop operation.

- A combined theoretical, Lyapunov-based and simulation-based validation under

realistic disturbances and actuator faults.

The design methodology is validated using high-fidelity simulations in MATLAB/Simulink,

where the controller performance is assessed under 64 cruise flight conditions. The flight
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envelope was sampled to enable controller design across the entire cruise operational range of
the CCX aircraft. Then, robustness is enhanced by incorporating wind and turbulence effects
into the control design, as well as by adding custom logic to the RLS algorithm to prevent

numerical instabilities.

The use of high-level flight dynamics further ensures the generalizability and applicability of
the proposed controller. This research also addresses certification challenges by including
flight quality constraints in the controller design. Finally, a stability analysis using Lyapunov
criteria confirms the convergence and boundedness of the proposed RLS—NN combination.
The results demonstrate precise tracking of reference signals, effective control surface

deflections, and improved stability under varying flight conditions.

The remainder of this paper is structured as follows: the Cessna Citation X business jet and
simulation platform are described in Section 3.1.2, and the control design methodology is
explained in Section 3.2.0. The simulation results under ideal conditions are provided in
Section 3.0, while the controller’s robustness is assessed in Section 3.4.0. Section 3.5.0 then

elaborates the result discussions. Finally, the controller’s stability is assessed in the Appendix.

3.1.2 Cessna Citation X business jet model

3.1.2.1 Aircraft Description and Simulink Platform

The studied aircraft in this paper consists of the Cessna Citation X (CCX), which is one of the
fastest business jet aircraft with a maximum cruise speed of 350 knots and a maximum Mach
number of 0.92. The CCX was first introduced in 1996 and is powered by two turbofan Rolls-
Royce AEC3007C-1 engines, delivering a maximum thrust of 6,442 1bf. Its maximum ceiling
altitude 1s 51,000 ft and its maximum range reaches about 3,091 nm. The aircraft can carry 12

passengers and 3 crew members.

A high-fidelity MATLAB/Simulink model of the CCX is available at the LARCASE
laboratory for research purposes (Ghazi & Botez, 2015a). The simulation platform gathers
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several nonlinear components, such as wind and turbulence models, actuator dynamics,
aerodynamic and propulsion models. Each component has been modelled and validated using
simulation flight data from the Cessna Citation X Research Aircraft Flight Simulator (RAFS),

shown in Figure 3.1.

The RAFS is a full-scale flight simulator, manufactured by CAE, and is qualified as Level-D
(the highest certification level) for its flight dynamics. The RAFS (shown in Figure 3.1)
reproduces a typical aircraft cockpit configuration. It includes a touchscreen desk displaying
the avionics systems, autopilot functions, engine parameters, and pilot command interfaces
such as the control wheel, thrust levers, and pedals. The simulator is also equipped with two
visual display screens representing the external environment, a master computer, and the
corresponding control panels. It provides two flight stations for the pilot and co-pilot. The
RAFS can simulate several flight conditions, including takeoff, climb, cruise, descend and
landing and taxi phases, and it can also simulate malfunctions and critical flight regime such

as stall conditions.

The RAFS has been validated by CAE engineers using the Qualification Test Guide procedure.
Therefore, the simulation platform can perfectly simulate the overall dynamics of the Cessna
Citation X, and is thus suitable for designing the proposed lateral controller. The Simulink
model includes linearization features at given airspeed and altitudes and has been used in
earlier works, such as the design of LQR (Y. Boughari, Ghazi, et al., 2017a), H,, (Yamina
Boughari, Botez, et al., 2017) and fuzzy controllers (S. M. Hosseini, Ghazi, & Botez, 2024b).
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Figure 3.1 Cessna Citation X Level D Research Aircraft Flight Simulator
(RAFS) manufactured by CAE.Inc

3.13 Aircraft Nonlinear Model
3.1.3.1 Nonlinear dynamics

Throughout this paper, only the lateral dynamics of the CCX are considered. While the aircraft
linear state space model is relatively simple (Stevens et al., 2015), its nonlinear representation
is considerably more complex. The main objective of this paper is to design a roll rate
controller and achieve yaw rate stabilization using the ailerons and rudders. The general form

of the lateral dynamics can be written as follows:

x=@,p1 ¢, 8, 6)

y=h,p,r ¢,¢) S

where the state vectorx = [v p r ¢ ] is composed of the lateral speed v, roll rate p,

yaw rate 7, roll angle ¢, and yaw angle 1. The control vector 7 = [6, &,]T consists of the
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ailerons and rudder deflections. Here, ¢ is a nonlinear function, y is the output and h is an

output nonlinear function. Eq.(3.1) is the nonlinear state space form of the lateral dynamics.

3.1.3.2  Actuator Dynamics

The ailerons and rudders actuators have been modeled using the Nonlinear Second-Order
Integral block available in Simulink, which allows the nonlinearity of the aircraft dynamics to
be increased, and thus makes the control algorithm suitable for complex systems. The

characteristics of the actuators are given in Table 3.1.

Table 3.1 Actuators’ Dynamic

Characteristics
Characteristics Value
Actuator frequency 20 rad/s
Rudder range +30°
Aileron range +32°
Damping 0.8
Rate limit 20°/sec
3.2 Lateral Controller Design Methodology

3.2.1 Roll Rate Controller Architecture

The suggested adaptive controller for roll rate control is illustrated in Figure 3.2. The control
architecture is based on a Model Reference Adaptive Controller (MRAC) that integrates a
Recursive Least Squares (RLS) based Dynamic Inversion and an Adaptive Neural Network
(NN) controller. The hyperparameters of the NN are dynamically updated using custom-
designed adaptation laws, derived from backpropagation techniques (Kim & Calise, 1997 ;
Narendra & Annaswamy, 1987). These adaptation laws use the roll rate error and the derivative
of the sideslip angle to stabilize the yaw rate. In addition, the control algorithm also includes a
baseline PID controller and a feedforward gain Kgr, both of which help to improve the transient
behavior and overall tracking performance. In this way, the control scheme achieves a

structured hierarchy in which the dominant dynamics are compensated through RLS-based
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dynamic inversion, residual nonlinearities are addressed by the neural network, and overall

stability and robustness are insured by the PID controller.
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Figure 3.2 Neural Network-based Control Architecture for Roll Rate Control with
Recursive Least Square Inversion

3.2.2 Controller Elements

3.2.2.1 Nonlinear Inversion Controller

The inversion controller outputs a control signal as a function of the states and their variations.
Linear inversion is rather straightforward, but when the nonlinear inversion is studied, the
process is more complicated. Although the control design is based on nonlinear dynamic
inversion, a local linearization of the system is introduced to facilitate the online estimation of
the system matrices using the RLS algorithm. This linearized representation provides a
structured approximation of the dynamics around the current operating point, enabling efficient
real-time identification of the control effectiveness. The resulting estimates are then used

within the nonlinear dynamic inversion controller.

Most of the aircraft dynamics represented in Eq.(3.1) can be expressed as an affine function of

the control inputs, as follows (Stevens et al., 2015):
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X = (p(v: b, d)r IP, Sa' 67') = f(l?, b, d)) lp) + g(v, b, (]5, 1/))71

3.2
-] o
. . . . 01000
where f and g are nonlinear functions. The output matrix C is equal to 0010 0]

corresponding to the roll and yaw rates. Let us further consider the matrices C; = [01 00 0]

and C, = [00 10 0], so that:

P = Cl X
r=C,-x (3.3)
The roll and yaw dynamics may be developed in the full nonlinear form as follows :
P=hWprd )+ gpav,n,1,0,9)8a + gpr (v, p,7, $, )6, (3.4)

1:‘ = f;"(UJ p’ r' ¢’ 1/)) + gra(vr p’ r’ ¢’ lp)aa + gT‘T‘(v' p’ r’ ¢’ lp)ST

In this formulation, the nonlinear term f, and f. in Eq. (3.4) represents the acrodynamic
contributions to roll and yaw dynamics, which depend on flight states x =
[v p v ¢ YI". gpa, Gpr » Gra and g, represents the effect of the aileron and rudder
deflections on the lateral-directional motion. In particular, roll rate dynamics are primarily
influenced by aileron deflections §, and rolling moment coefficients, while yaw rate dynamics
are driven by rudder inputs 6, and yawing moment coefficients. In addition, coupling terms
between roll and yaw dynamics arise due to aerodynamic interactions, especially through
sideslip effects. These nonlinearities play a critical role in lateral-directional control and must
be properly accounted for in the controller design. In the proposed approach, the dynamic
inversion aims to compensate for the dominant nonlinear dynamics, while the neural network

is used to capture residual nonlinearities and uncertainties.

Inverting Eq.(3.1), 17 can be expressed as a function of the states and their derivatives, as given

below:
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n=¢@ 1(%Xx) (3.5)

By applying the first-order Taylor series expansion in Eq.(3.2) around (x¢,7), @ can be

expressed as:

@x,1) = @(Xo,M0) + @x(X, Mxy1o (X = X0) + @', (X, M)xg,1, (1 = 10) (3.6)

5X5 5X2

where @4 (X, M)y, 4, € R are partial gradients with respect to the

and (p’n(x, Mxeno € R

states x and controls 7, respectively. The terms in Eq.(3.6) can be defined as follows:

@ (X0, Mm0) = f(X0) + 8(X0)7 (3.7.a)
of ]

o (x,m) = a(:)+ %ix)n (3.7.b)
of ]

@) (xm) = aS() N [ga(;)n]=g(x) (3.7.¢)

Thus, Eq.(3.6) can be rewritten as:

B of(x) dg(x)
w(X.n)—f(xO)+g(xO)n+< = T ox n) Ax + g(X)xgn,AN (3.8)

X070

where Ax = (X — Xq) € R°*! represents the state variations, and An = (1 — ) € R?*?

represents the input variations.

Expressing Eq.(3.2) around an equilibrium point, so that @(x,n) = X, + AX, and considering

xo = f(xg) + g(Xg)m, the state variation AX in Eq.(3.8) can be identified:

X 0
Ax = <% N %o AX + g(X) 5, 1, A1 (3.9)

X0,7o0
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In a more compact form:

AX = Fy ) AX + Gy o A7) (3.10)

f(x) | g
here Fy, ,, = ( = 4 ﬂ11) € R and Gyyyy = 8(X)xyn, € RV

ox ox Xo.Mo

In full matrix form, Eq. (3.10) can be written as follows :

/Av\ /Fn Fi, Fi3 Fiu F15\/AU\ /Gn G12\
Ap Fy1 Fyy Faz  Fpy  Fys Ap Gz1 Gy

Ar [ =| F3y F3, Fi3 F3y  Fss Ar |+ | G31  G3
A¢ F41 F42 F4-3 F4-4- F4-5 Ad) G41 G4-2
AyY Fs1 Fsp Fsz  Fsy Fss AyY Gs1  Gs2

From Eq.(3.10), Fy, ,, € R®*® is the local state matrix at (X, 7o), while G

(i?ﬁ) (3.11)

5%2
xomo € RP77IS

the local control matrix. Let us consider Gy, ,, = [G1Xo.no szol,,o], where Glx(mo 1s the

aileron control matrix, and GZxo o is the rudder control matrix. Then, Eq.(3.10) can be

rewritten linearly as:

A% = Fyy poAX + Gy, ASq + Gy, AS, (3.12)

Taking into account Eq.(3.3), the roll rate and yaw rate dynamics can be derived from Eq.(3.12)

as follows:

Ap = C1A% = C1FyypAX + C1 Gy, ASq + C1Gay ) Ay

. . 3.13
Ar = CzAX = CZFXOJTOAX + CZGlXO:ﬂOASa + CZGZXO:UO AST ( )
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and then the control allocation for the ailerons and rudders can be expressed by inverting

Eq.(3.13):

A8y = (€1Ga, , ) (AP — C1Fyy 50X — C1 Gy AS,) (3.14.2)
As, = ((:2(;'2,(0,,10 )~ 1(ar - CoFxyn,AX — C2G1x0,n0A5a) (3.14.b)

The roll rate tracking error e, can be defined as:

€p = Dref =P (3.15)
= €y = Pref — D

where py.r is the roll rate reference signal. The following linear controller (Stevens et al.,

2015) is chosen to control the roll rate dynamics Ap:

Ap = KppDrer +Vv (3.16)

where v is selected to reduce the roll rate error such that v = — ¢, and Ky is a feedforward
gain. This linear controller allows the overall transient behavior of the controller to be shaped,
handling the linear part of the control allocation. The linear controller ensures the overall
stability of the control algorithm, as shown by the Lyapunov analysis in the Appendix.
Applying Eq.(3.16), the aileron control in Eq.(3.14.1) can be expressed as follows:

Ad, = (C1G1X0,n0)_1(KFFIjref +V = CiFxg 58X — C1Go,  AS;) (3.17)

where the yaw rate r is stabilized to reduce the Dutch-roll effect induced by the roll-yaw
coupling. As seen in Figure 3.2, a yaw damper Ky, and a washout filter are added. The
washout works as a low-pass filter (Stevens et al., 2015). Thus, the feedback on the yaw rate

may be summed by the following Laplace transfer function:
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Kyp.ts
F =
(5) s+ 1

(3.18)

where 7 is the washout time constant and Ky is a tunable gain. Therefore, the rudder control

in Eq.(3.14.2) can be rewritten as follows (Stevens et al., 2015):

Kyr.ts
s +1

Ady = (€262, 0 )1 ( r — CoFyyp,AX — C2G1X0,n0A5a) (3.19)

In Egs. (3.17) and (3.19), the inversion controller compensates for the estimated local dynamics

affecting the roll-rate and yaw-rate responses. More specifically, the terms C;Fy_, Ax and

0.Mo

C,Fy, n,AX represent the state-dependent contributions of the local aircraft dynamics to the roll
and yaw motions, respectively. The terms C1G2X0 o Aé, and C, G1X0 nOASa represent the

control cross-coupling effects between rudder and roll dynamics, and between aileron and yaw
dynamics. By compensating these estimated terms through dynamic inversion, the controller
isolates the desired roll and yaw rate closed-loop dynamics. The remaining estimation errors

and unmodeled nonlinearities are addressed by the adaptive neural network compensation.
3.2.2.2 RLS online state estimation

The lateral-directional dynamics of an aircraft are governed by nonlinear aerodynamic forces
and moments that depend on flight states, such as lateral velocity, roll rate, yaw rate, and
orientation angles, as well as control surface deflections. In particular, roll and yaw responses
are influenced by the rolling and yawing moments generated by the ailerons and rudder, along
with aerodynamic coupling effects associated with sideslip angles. Due to the nonlinear and
flight-condition-dependent nature of these dynamics, an exact analytical representation is
difficult to obtain in real time. Therefore, a local approximation of the nonlinear dynamics is
necessary using a linear parameterization, which is updated online using the Recursive Least

Squares (RLS) algorithm.
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The RLS algorithm estimates the local coefficients of the linearized lateral-directional
dynamics model, representing the influence of the aircraft states and control inputs on the roll-
rate and yaw-rate responses. These coefficients can be interpreted as time-varying
approximations of the aerodynamic coefficients and control effectiveness, which vary across
the flight envelope. The estimated model is then used within the dynamic inversion controller
to compensate for the dominant state-dependent dynamics and coupling effects. In this
architecture, the PID controller provides baseline model tracking performance and ensures its
stability, while the RLS-based dynamic inversion enhances control performance by adapting

to aircraft dynamics variations.

In practice, the analytical expressions of FXo.no'Glxo o and G2x0 o Can be difficult to

determine. To address this issue, the Recursive Least Squares (RLS) method (Mahadi et al.,
2022 ; Mohseni & Bernstein, 2022) is proposed. RLS allows the local dynamics to be
approximated at each time step, which avoids the calculation of complex second-order

derivatives. From Eq.(3.10), Ay can be written as:

Ay = CAX = CFy, ,,Ax + CGy, , AN (3.20)
In discrete form, Eq.(3.20) becomes:
Ayys1 = CFAX, + CGL AR, (3.21)

and in matrix form:

T
Ayyp1 = C[AXy  Any] lJ‘T (3.22)

Gy,
where F, € R5*5 and G, € R®*? correspond to the discrete forms of Fy,,, and Gy, -

respectively. Replacing F, and G, by their estimates Fyand G, and considering the notations

_ Fl A
0, = lAle and X, = [ Xk], Eq.(3.22) can be written in a compact form:
Gj, Any
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AYicr1 = CX 0y (3.23)

where @), € R7*® is the vector of unknown parameters, Afy.q € R?*! corresponds to the

01000
00100

the unknown coefficients F,and Gy, of the local linearized model estimated online by the RLS

estimate of Ay, 1, and C = [ so that Ay = [ﬁ?] The parameter vector ®,, contains

algorithm. These coefficients represent the local influence of the lateral states and control

inputs on the aircraft’s lateral-directional dynamics.

The RLS algorithm is derived from the Matrix Inversion Lemma and involves three main
parameters: the estimation error matrix €, the covariance matrix L, and the forgetting factor

k. These parameters are updated numerically using the following equations (Haykin, 2013):

€ = AXk — Aﬁk (324)
and
1 Ly 1 X, XTL,_
Ly = = Ly — =2kt (3.25)
K K+ XkLk_lxk
_ i L, X
041 = 0, + it (3.26)

€
T k+1
K+ X1 LiXp

where 0, is the updated parameter. The RLS filter uses the previous state variations Ax,, and
previous control inputs A7, in order to estimate F, and G, at time step k + 1, making it ideal
for online approximations. The initial values Ly, and @ are pre-defined. An update procedure
for the covariance matrix L, is suggested in Algorithm 3.1. Two distinct estimation errors are

considered: the roll rate error €p, and the yaw rate error €, . The covariance matrix Ly is

updated whenever these errors exceed their respective thresholds €, oshold and €, p 0.
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Algorithm 3.1 RLS algorithm and covariance matrix
update
Initialize ©, L,

Set k 4 Ept'reshold’ ertreshold

Algorithm

Compute 0, using Eq.(3.26)
Compute Ay .4 using Eq.(3.23)
Compute €, and €, using Eq.(3.24)

Update L, using Eq.(3.25)
if |epk| = b ireshota & |erk| S €rireshola

then L, = 1031
else compute L using Eq.(3.25)

3.2.2.3 Adaptive Neural Network Controller

The neural network is used to approximate the residual nonlinearities and modelling
uncertainties not captured by the RLS-based local linear model, including higher-order
aerodynamic effects and approximation errors arising from the linearization process. Its output
is integrated as an adaptive compensation term within the control law, enabling correction of
the remaining dynamics not addressed by the dynamic inversion. In this architecture, the RLS-
based estimation captures the dominant state-dependent behaviour, while the neural network

enhances overall performance by compensating residual nonlinear effects.

In practice, using estimates inevitably introduces prediction errors. The estimated output Ay, 1

can be expressed with a prediction error € as follows:

A¥ii1 = A1 — € (3.27)

Rewriting Eq.(3.17) and Eq.(3.19) in discrete form, the aileron and rudder control laws can be

summed as follows :
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Adq) = (€C1G1,) [~ Krpbres + v — C1FAXy — C1Gpp A8y, &4]

rk—1“a
~ . [Kwr-TS
A8y = (€26 ) [TS +1

(3.28)

r— CzﬁkAXk - CZ’G\IkAé‘ak_l - Er]

where &, and &, are the control compensations applied to the ailerons and rudders due to RLS
modelling errors. The term C1azk A6, .. corresponds to the rudder effect on the roll rate, while
the term C, ﬁlkAda . corresponds to the ailerons’ effect on the yaw rate. The cross-coupling
effects between roll and yaw dynamics are considered negligible under the considered cruise
flight conditions. Although these effects may become significant at high angles of attack or
during aggressive maneuvers, these regimes are outside the scope of the present study. Thus,
the cross-coupling terms in Eq. (3.28) were considered negligible in comparison with the
contributions of the other terms, and they were compensated by the neural network controller.
It should also be noted that, to avoid numerical errors during simulations, the values of Ad,

and Ad, in Eq.(3.28) are taken at the previous time step (k — 1).

The terms clf;‘lk, C,F.Axy, Czezk and C,FAx;, correspond to the estimated local lateral
dynamics. In order to correct the RLS estimation errors when estimating G, . G, . and Fr,
adaptive compensation terms Vgq and vqq, are introduced:

€a = Vad,
& = Vaa, (3.29)
A single layer Feedforward Neural Network (FFNN) is used to model vq4 ,and vqq,. from the

RLS estimation errors. FFNNs are widely used for regression tasks, as they are well-suited to

approximate nonlinear mathematical functions from a given dataset.
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Figure 3.3 SHL Feedforward Neural Network

An FFNN is shown in Figure 3.3, and is composed of an input layer X, a hidden layer, an output
layer and weight matrices. The information flows in a forward direction. The NN performance
depends on its hyperparameters, including the number of neurons and hidden layers, the
activation function @, and the weight matrices W = [W, W,]T and V. The network has two
adaptive outputs on the ailerons vq4 , and the rudders v,q,., respectively. The weight matrices
W, and W, are updated with their respective adaptation laws. The neural network adaptive

scalar outputs as they are shown in Figure 3.3 can be written as (Stevens et al., 2015):

Vaa, = Wa 0(VX)

_ (3.30)
Vaa, = Wy 6(VX)

where W, € RV W, € RV** V € R™N ¢ € RV*N, and X € R™*1, defined as X =
a r b

[6a Or Dref p]T, m is the number of inputs, n is equal to 1 and N is the number of neurons in

the hidden layer. The input and output layer use linear activation functions, while the hidden

layer uses tangent sigmoid functions, defined as:
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1

1+ exp(—2z) (3.31)

0i(2) =

where i is the position of the neuron in the hidden layer, and z is the neuron input information.

3.2.2.4 Adaptation laws

The neural network weights are updated using backpropagation. The update laws have been
derived from (Ge et al., 2013 ; Smith et al., 2010 ; Stevens et al., 2015) and modified to fit the

proposed lateral control, so that:

= —[(6 — 6'VT®)e, + | e, || W],

W, =
W, = —[(6 — 6'V'®)e, + Alle,|IW]T, (3.32)
V = —TIy[Xe,W, 6’ + Xe, W, 6’ + A||e, + e, ||V]

where W,, W,, and V are the weight updates, T,, T, and I, are the learning rates, o’ is the
gradient of 6, 1 is a scalar value used in backpropagation (Johnson & Calise, 2003 ; Stevens

etal., 2015), e, is the roll rate tracking error, and e;. is set to damp the sideslip angle derivative,

so that e, = —p.

3.2.2.5 PID Controller

Eq.(3.17) shows that the aileron command is driven by the error controller v. The specific role
of this controller is limited to ensuring convergence and stability. Therefore, a simple linear

PID controller is enough, formulated as (Stevens et al., 2015):

K;
V= (KP + ? + KDS>8 (333)

where Kp, K; and K}, are the proportional, integral and derivative gains, respectively.
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3.2.2.6  Sideslip Angle Derivative Approximation

As shown in Figure 3.2, the control algorithm includes a yaw rate stabilization. A neural
network is used to damp the sideslip angle, as discussed in Stevens and Lewis (Stevens et al.,
2015). This method is designed to mitigate Dutch-roll effects, reduce yaw-rate oscillations,
and improve coordinated-turn performance. Accordingly, the sideslip angle derivative f§ is

regulated to 0.

Since B is not a directly measurable state, its feedback is less reliable due to sensor limitations.
Nevertheless, it can be approximated using measurable quantities such as the lateral

acceleration v and the true airspeed TAS (Stevens et al., 2015), as follows:

B~ — (3.34)

3.2.3 Final Command Laws

By replacing Eq.(3.30) and Eq.(3.33) into Eq.(3.28), the command laws on the ailerons and

rudders can be written as follows:

& N . K; "
Abg, = (€C1Gq )7t [KFFpref + (Kp + < + KDs) e, — C1FAxy

— C1Gyy ASy, — W] G(VT)_()]
K,yp.Ts (3.35)

Bbyy = (C2Gzi )™ [‘L’S +1

-w] G(VT)_()]

r — CoFAxy, — C2Gy, A,

3.24 Roll Rate Reference model

The lateral controller must satisfy specific performance criteria according to the flight qualities
given in MIL-STD-1797A (Department of Defense, 1997). Since the control problem is
nonlinear, a MRAC is designed, with a roll-rate reference model specified. The following

transfer function is used to approximate the roll and Dutch-roll dynamics (Stevens et al., 2015):
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(3.36)

where t is the roll time constant, and &;,- and wg,- are the Dutch-roll damping ratio and the
frequency, respectively. In Eq.(3.36), the first-order transfer function 1/(t s + 1) is used to
approximate the roll mode, while the second-order transfer function approximates the Dutch-

roll mode.

3.2.5 Flight Quality Requirements

As stated above, the actual flight qualities (FQ) in MIL-STD-1797A (Department of Defense,
1997) were originally developed for linear systems, for which time-frequency analyses are
possible. The Level 1 lateral flight qualities for roll and Dutch-roll modes are given in Table
3.2 for Category B cruise flights and Class II mid-sized aircraft. In addition, Table 3.3

summarized the required numerical values for &,4,, w4, and t.

Table 3.2 Level 1 Flight quality requirements for lateral-
directional dynamics and category B flight phase

Characteristics Value

Roll time constant 7, < L4 sec
Dutch-roll minimum damping, min ;. = 0.08
Dutch-roll minimum frequency, . _
rad/s minwg, = 0.4 rad/s
Minimum cross product &, 4, min 4,04, = 0.15
Delay allowed, sec 0.1

3.2.6 Performance metrics

The performance of the controller was evaluated using overall SSE , expressed as:

overall SSE = Z SSE;;  SSE = AtZ(pt —Pres)’ (337)
i t=0

=1
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where N is the number of flights. The SSE is computed for one flight condition, p; and py.,

are the roll rate and the roll rate reference values at time ¢, respectively, T is the simulation

time, and At = 0.02 sec is the sample time.

33 Controller Tuning and Simulation under Ideal Conditions
3.3.1 Controller tuning parameters

All control parameters used in the previous equations and in Figure 3.2 were tuned and are
summarized in Table 3.3. The first cruise simulation shown in Figure 3.4 was realized using a

10 second period roll rate reference signal randomly set between +1°/sec, over 50 seconds.

Table 3.3 Lateral Controller Design Parameters in Figure 3.2

Controller Element Parameters Value
PID Controller Kp, K;, Kp -1,-1,0
Feedforward controller Krp -0.1
Yaw damper, Washout Ky F, time constant T 3,2 sec
Filter
RLS Inversion Forgetting factor k, 1.015,
Controller Initial covariance matrix Ly, 10*1, -,

Initial parameter estimates Fy, G Is5,0.15,
Error thresholds €, roshold’ 0.0001, 0.001
ertreshold
NN Controller Learning rates I, I, Iy, 1 0.1,03,2,1
Number of layers 1
Number of neurons 30
Reference Model Edry War, T 0.5, 3 rad/s, 0.5

In Table 3.3, the covariance matrix is a diagonal where Ly € R”*7, the parameter vector Fy €
R5*5 is a diagonal unit matrix, while Gp € R>*? is a two-column vector, where all the matrix

elements are set to 0.1.

Furthermore, for roll rate tracking, it is common practice to use a PI controller. In such

applications, the derivative action is generally not required, as the controlled variable is already
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a rate, and additional differentiation may amplify noise measurement without providing
significant performance benefits. In the proposed architecture, the derivative gain was
therefore set to zero, resulting in PI behaviour. The proportional and integral gains are selected
with a negative sign to ensure proper feedback direction based on the adopted control law

formulation.

3.3.2 Simulation for cruise at 35,000 ft and 290 knots

Figure 3.4 presents the simulation results for a cruise at an altitude of 35,000 ft and a calibrated
airspeed CAS of 290 knots. The relative center-of-gravity is fixed at 25% and the aircraft
weight m is set at 33,000 1b. The results demonstrate that the roll rate response effectively
tracks the reference model defined by Eq.(3.36). The sideslip angle derivative is successfully
damped to 0. Furthermore, the rudder and ailerons are operating simultaneously around their
original positions, showing that the adaptive Aileron-Rudder Interconnect (ARI) has been well

implemented.
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Figure 3.4 Lateral States and Control Responses during cruise
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Figure 3.6 RLS parameters update : (a) covariance matrix Ly (b) roll rate prediction
error and (c) yaw rate prediction error during cruise at 35,000 ft and 290 knots
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Figure 3.7 RLS Lateral states estimation during cruise

333 Validation over the flight envelope

3.3.3.1 Flight operating conditions

The control architecture was tested for 64 cruise flight scenarios covering the overall flight

envelope of the Cessna Citation X. The altitude ranged from 5,000 ft to 40,000 ft with an
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increment of 5,000 ft, and the calibrated airspeed CAS varied from 170 knots to 330 knots with

an increment of 20 kts.
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Figure 3.8 Selected cruise conditions for the CCX with mass m = 33000 Ib and
a center-of-gravity x., = 25%

3.3.3.2 Learning rate and forgetting factor tuning

The neural network learning rates I, and I, and the RLS forgetting factor k were tuned for the
overall flight envelope. Figure 3.9 shows the controller response for 64 cruise conditions, with

varying forgetting factor and learning rates. The input layer learning rate I'y was set to 2.
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Figure 3.9 Roll Rate Response for varying Learning Rates and Forgetting
Factor for 64 cruise conditions

3.3.3.3 Optimal tuning

Additional tuning was fulfilled in order to determine the optimal learning rates I, and I;..
Disturbances were added to evaluate for robustness. Turbulences were modeled using the
Dryden turbulent model available in Simulink for both light and moderate conditions. Wind

gusts were modeled for both tailwind and headwind, while the vertical wind component wy,;,,4

was set to 0 m/s in all cases.
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3.34 Controller configurations comparison

A comparison between the baseline PID controller and the proposed adaptive control
architecture is presented in Figure 3.11. Different controller configurations are simulated in
Figure 3.11, including a fixed PID controller, a PID — RLS dynamic inversion controller, a PID
— RLS dynamic inversion — NN controller on the ailerons only, and a PID — RLS Inversion —
NN controller on both ailerons and rudders, thus modelling the adaptive ARI. The results
highlight the respective contributions of the RLS-based dynamic inversion and the neural
network compensation. The inclusion of the RLS estimation improves tracking accuracy and
robustness by adapting to variations in the aircraft dynamics across the flight envelope.
Furthermore, the addition of the neural network provides an extra level of compensation for
residual nonlinearities and modelling uncertainties, further enhancing tracking performance,

particularly under nonlinear operating conditions and disturbances.
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p [deg/s]

KLy

g
-
0
&
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) 5 10 0 5 10
time [sec] time [sec]

(c) (d)
Figure 3.11 Controller configurations comparison for 64 cruise conditions :
(a) fixed PID controller, (b) PID — RLS Inversion controller, (¢) PID — RLS

Inversion — NN controller on ailerons, (d) PID — RLS Inversion — NN
controller on ailerons and rudders




117

3.3.5 Flight Qualities Validation

As stated above, the performances of linear systems and controllers are well established
through standard flight-quality criteria (Department of Defense, 1997). However, no
equivalent set of criteria currently exists for evaluating nonlinear systems. Nevertheless, the
reference signal shown in Eq.(3.36) can be designed with precise requirements. System
identification can then be applied to evaluate the controller transient response for all flight

conditions.

Three reference signals were studied to demonstrate the adaptability of the lateral controller.
The characteristics of these reference signals were chosen to be within Level 1 flight quality
requirements. Table 3.4 summarizes the selected reference signals, for which the Dutch-roll

damping ratio &,., the Dutch-roll frequency w4, and the roll time constant t are given.

Table 3.4 Reference model signals: Level 1 dynamic characteristics

Reference Frequency, Roll time
model Damping rad/s constant, sec
fdr W gy T
(a) 0.5 3 0.1
(b) 0.4 8 0.1
(c) 0.8 10 0.65
1 L )
p
05
P
i 0
ISH
-0.5
-1
0 5 10 0 5 10 0 5 10
time [sec] time [sec] time [sec]
(a) (b) (c)

Figure 3.12 Roll rate response for three different roll rate reference signals in Table A 11I-3
for 64 cruise conditions
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Figure 3.13 Dutch-roll flight quality assessment for three roll rate reference signals in
Table A III-3 for 64 cruise conditions

The controller’s roll rate transient response characteristics were extracted using curve fitting,
with the performance metrics summarized in Table 3.5. An overall fitting error of less than 2%
was registered for all flight conditions. The settling time is less than 3.5 sec for all flight

conditions, and the rising time is less than 1.9 sec.
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Table 3.5 Reference signal and ideal roll rate controller performances on unit signal

tracking
. . Settling
Damping Fre(;uenc Roll time tli?lf;nagt time at Oversh
9 + 0 0
rad/s constant, sec 90%, sec +5% pss | oot, %
, Sec
Edr W gy T Tr Ts -
Reft
clerence 0.5 3 0.1 131 1.42 2.14
model pyer
Reference 1 46—
Signal 0.33—-0.47 | 2.84 -3.03 0.50-0.75 1.37-1.49 3 53 0-4.27
tracking (a) ’
34 Robustness Validation

The robustness of the proposed control architecture is evaluated through simulation by
analyzing its performance under disturbances, modelling uncertainties, and varying flight
conditions across the cruise envelope. The quantitative assessment is based on standard
performance metrics, including tracking errors, rising time, settling time, overshoot, and
control effort.

3.4.1 Wind Gust and Turbulence Simulations

Wind gusts and turbulence were considered for linear velocity components, rather than the
angular velocities. In the aircraft body frame, the wind linear velocity vector V,,,;,4 is defined

as:

Vwindz [uwind Vwind Wwind]T (3-38)

where Uy ind, Vwind> and wy,inq represent the longitudinal, lateral, and vertical components,
respectively. For lateral-control analysis, only u,,;,q4 and v,,;,q4 Were considered. The vertical

wind component wy,;,,q Was set to 0 m/s. Figure 3.14d shows the controller performance under
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wind gust profile, while Figure 3.14c shows the controller performance under moderate

turbulences.
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Figure 3.14 (a) Turbulence and (b) Wind Gust profiles and controller responses
on roll rate for model reference signal tracking for 64 cruise conditions

3.4.2 Actuator Faults Simulations

The lateral controller was also tested under actuator faults. Such faults might be additive and/or
multiplicative in nature, for example, partial loss of efficiency, or combined effects (Hussein
et al.,, 2024 ; Yu, Zhang, Jiang, & Su, 2023). In this study, actuator Loss-of-Effectiveness

(Figure 3.15a) and white noises as (Figure 3.15b). The effectiveness of the ailerons and

rudders, represented by Cls ¢ and Cfr, were modified. These variables directly affect the
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aerodynamic characteristics of the two control surfaces. The simulated failures consisted of
adding bias and random multiplicative faults between 0 and 1. Despite these disturbances, the

roll rate successfully maintained accurate tracking of the unit reference signal.

o, [deg]

time [sec] time [sec]

(a) (b)

Figure 3.15 Lateral controller responses on roll rate for model reference signal tracking
under (a) actuator Loss-of-Effectiveness and (b) actuator noise for 64 cruise conditions

3.5 Results discussion

The roll rate controller for the Cessna Citation X, shown in Figure 3.2, was successfully
modelled and validated. The combined PID-RLS-NN structure ensured stability,
convergence, and adaptability. The PID controller maintains stability, while the adaptive RLS



122

dynamic inversion and neural network addressed adaptability to model uncertainties at varying
flight conditions. A Lyapunov stability analysis (Appendix) confirmed negative definiteness
of the Lyapunov candidate derivative, ensuring boundedness of the tracking error and
convergence of the control algorithm. Extensive parameter tuning (Table 3.3) demonstrated
that the controller can adapt online to sudden changes in dynamics and disturbances. Across

all configurations, no instability was observed.
3.5.1 Controller stability and convergence

The RLS inversion accurately estimated the control and state matrices F and G. Convergence
depended strongly on the covariance matrix Ly, the forgetting factor k and learning rates.
Figure 3.5 illustrates the convergence of F and G, while Figure 3.7 confirms accurate
estimation of lateral states for control purposes. The RLS estimates remained bounded
throughout all simulation cases, and no divergence or numerical instability was observed,
supporting the theoretical stability assumptions. Both the system states and the adaptive
parameters remain bounded across all tested scenarios. In particular, the RLS-estimated
parameters exhibited smooth and stable evolution without divergence or abrupt variations,
indicating consistent convergence of the estimation process. Similarly, the neural network
weights remain bounded and adapted progressively, confirming their role in compensating

residual nonlinearities without destabilizing the closed-loop system.

In addition, all state variables, including roll and yaw rates, remain stable under disturbances
and across the full set of flight conditions, with no evidence of oscillatory increase or
instability. This observed boundedness of signals, and adaptive terms is consistent with the
assumptions underlying the Lyapunov-based analysis and provides empirical support for the

closed-loop stability of the proposed adaptive control architecture.

To mitigate potential singularities when computing the inverse term G~1, from Eq. (3.35),
bounding techniques were applied. Covariance matrix resetting was introduced to prevent

numerical instabilities and ensure continued adaptation. Algorithm 1 resets the covariance
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matrix Ly to a diagonal matrix 10317,7 whenever the roll or yaw rate estimation errors exceed
their thresholds, such that |epk| > 10~* rad/s, or |erk| > 1073 rad/s, respectively. As shown

in Figure 3.6, this ensured stable convergence without degrading estimation accuracy.

The neural network controller adapted effectively throughout all simulations. Output weights
W, and W, (on the order of 10™*) remained significantly larger than the input weights V (on
the order of 1078), as shown in Figure 3.5. These values remained stable, confirming correct

implementation of the adaptation laws in Eq. (3.32).

3.5.2 Tuning process

The controller achieved precise tracking of multiple reference-model signals. Figure 3.12
shows representative roll rate tracking results over 10-second simulations. Across all 64 cruise
conditions, the tracking error remained low, demonstrating robustness to varying operating
points. Step response evaluations confirmed that the optimal configuration was obtained at k =
1.015. As shown in Figure 3.9, higher learning rates improved accuracy but also introduced
oscillations, indicating the need for thorough tuning. Figure 3.10 further illustrates the effect
of turbulence and wind gusts on the sum of squared errors (SSE): while SSE initially decreased
with increasing learning rates, overtraining effects caused degradation beyond the optimal

point. The optimal configuration under disturbed conditions is summarized in Table 3.3.

353 Flight Quality Assessment

The controller was validated against Level 1 flight-quality (FQ) criteria defined in MIL-STD-
1797A (Department of Defense, 1997). Roll and Dutch-roll dynamics were assessed across all
64 cruise conditions. The identified parameters — roll time constant T, damping ratio &, and
natural frequency wg,-were obtained using nonlinear least square optimization (Figure 3.13).
Fitting errors were consistently registered below 2%, confirming accurate system

identification.
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For Dutch-roll dynamics, the results closely matched the reference model (signal (a) in Table
3.4), with deviations observed for signals (b) and (c). Despite these differences, Level 1
requirements were achieved under all conditions (Figure 3.13). Step response evaluations

(Table 3.5) further confirmed compliance with Category B cruise flight standards.

3.54 Controller robustness under disturbances

The controller demonstrated strong robustness to both external and internal disturbances.
Under wind gusts, Dryden turbulence, and actuator faults, the lateral response remained stable
and accurate (Figure 3.14). Simulations with actuator loss-of-effectiveness (LOE) in Figure
3.15 showed that the aileron and rudder deflections increased but did not saturate, ensuring
continued controllability. This confirms that the proposed design maintains sufficient actuator

margin under degraded conditions.

3.5.5 Computational Requirements

The computational requirements of the proposed controller remain compatible with those of
real-time implementation. The PID controller adds negligible computational cost, while the
RLS algorithm involves recursive updates of matrices of limited dimension, resulting in less
demanding computational effort. The neural network consists of a single hidden layer with 30
neurons, leading to a limited number of arithmetic operations per control cycle. In addition,
the simulations were implemented in MATLAB/Simulink and executed on a standard
computing platform equipped with an Intel® Core™ 17-7700T CPU @ 2.90 GHz,
demonstrating that the controller can be executed efficiently without requiring high-

performance computing resources.

3.5.6 Future Work

The validation presented in this paper is limited to cruise flight conditions. However, the
proposed controller has been evaluated under a wide range of nonlinearities, including

aerodynamic variations across multiple flight conditions, external disturbances, and actuator
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loss-of-effectiveness. These results provide a proof of concept for the effectiveness of the

proposed adaptive control architecture on a business jet aircraft.

Although latency and time-delay effects may influence control performance, they are not
explicitly considered in the present study, which focuses the model on validation within a high-
fidelity nonlinear simulation environment. Future work will extend the proposed approach to
other flight regimes, including high-angle-of-attack conditions and transient maneuvers, while
investigating real-time implementation through hardware-in-the-loop simulations and

experimental validation.

These developments will enable the assessment of computational constraints, latency effects,
and system integration aspects, representing essential steps toward certification and

deployment of adaptive control systems in safety-critical aerospace applications.

3.6 Conclusion

This paper presented a robust adaptive lateral control architecture for the Cessna Citation X,
combining a baseline PID controller with Recursive Least Squares (RLS)-based dynamic
inversion and neural network compensation. The objective is to improve tracking performance

and robustness under nonlinear flight dynamics and varying operating conditions.

The simulation results demonstrate that the proposed control architecture achieves accurate
roll-rate and yaw-rate tracking across the considered cruise flight envelope. The inclusion of
RLS-based dynamic inversion enables adaptation to variations in system dynamics, while the
neural network compensates for residual nonlinearities and modeling uncertainties. Compared
to the baseline PID controller, the proposed approach provides improved tracking performance
and enhanced robustness in the presence of disturbances and actuator loss-of-effectiveness.
Across all tested scenarios, steady-state errors remain below 0.1%. The transient response is

characterized by fast convergence, with settling times typically below 2 seconds and minimal
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overshoot. The controller also maintains stable performance under external disturbances and

actuator loss-of-effectiveness scenarios, with no degradation in tracking stability.

Control inputs remain within actuator limits, with deflections typically confined within £3°

around trim conditions and no saturation observed, indicating efficient control effort.

The closed-loop system stability was assessed using a Lyapunov-based analysis, and the
simulation results support the boundedness of the signals and stable behaviour of the adaptive
elements throughout the tested scenarios. The validation was conducted over 64 representative
cruise flight conditions, demonstrating consistent performance without the need for gain
scheduling. Although flight quality criteria are traditionally defined for linear systems, the
results indicate that the proposed nonlinear adaptive controller can achieve performance

consistent with Level 1 flying qualities within the tested conditions.

3.7 Appendix

This section assesses the controller’s stability and convergence using Lyapunov criteria for
adaptive systems. Adaptive systems are asymptotically stable if, for a given positive definite
candidate £, there exists its time derivative £ that is negative definite (Lavretsky & Wise,

2024), such that:

L>0and £L<0 (3.39)

3.71 Roll rate and Yaw rate error dynamics

To analyze the stability of the adaptive controller, the closed-loop error dynamics are derived
by substituting the control laws of Egs. (3.17) and (3.19), together with the neural-network
compensation terms introduced in Eq.(3.29), into the roll-rate and yaw-rate dynamics of Eq.

(3.13). This yields the roll-rate error dynamics in Eq. (3.40). Since the roll dynamics are
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coupled with the yaw channel through the rudder action and adaptive compensation terms, the

yaw-related contribution is isolated in Eq. (3.41) to simplify the Lyapunov analysis.

Let us express the system error dynamics. Let &, be the roll rate error dynamics, and &, be the
yaw rate error dynamics. Transforming Eq.(3.13) into discrete time, namely into Ap,, and
Ary41, and applying the control laws for Ad,, and A, in Eq.(3.28), it is possible to derive

the roll rate error dynamics ¢, in Eq.(3.15) as:

: : K; = _
ep = (1 - KFF)pref - (KP + ? + KDS) ep + ClGZk A6rk—1 + WgO'(VTX)
~ 1 Kwr.TS ~ .
+ CIGZR(CZGZR) - s+ 1 r—+ CszAXk + CZleA6ak_1 (340)

+ W[ a(vTx)>

Considering My, = Clek(Czﬁzk )~1, from Eq.(3.40), the yaw-channel contribution to the

coupled error dynamics can be grouped into the term é,., defined as follows:

ag-1

) Kyr.Ts . .
e, = Mk - s+ 1 r+ CszAXk + CzleAS

+ W] G(VT)_()> (3.41)
where M, is obtained from the RLS estimation and is a known scalar value.

Equation (3.41) does not introduce a separate independent system, but rather isolates the yaw-
channel contribution embedded in Eq. (3.40). This separation is used only to simplify the

boundedness and convergence analysis of the coupled lateral-directional dynamics.

3.7.2 Disturbance dynamics

Let us consider that the optimal weights V of the neural network contain some optimization

error V. The same logic applies to W, and W,., so that:
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~

V=V+V ; W,=W,+W, ;W,=W,+W, (3.42)

where W,, W, and V are known weight values, while W,, W, and V are unknown errors. The
optimal weights W,, W,. and V are unknown.
Let us express the Taylor series approximation for a tangent sigmoid function o around the

current argument VX as:

o(V'R) = 6(V"'%) + o' (VTX)Vx + 0%(Vx) (3.43)

where ¢’ is the tangent sigmoid gradient, and 0?(V'X) is the unknown higher-order term. In

the next equations, we make the following changes:

o(V'x) =3 and o'(V'X)= &’ (3.44)

The yaw rate error dynamics in Eq.(3.41) can then be expressed as follows:

. KWF'TS a = T A T A~ T AT =
e, = My |- —— r + CoFAxy + C2Gq Abg,,_, + Wy G+ W, G + W, 0'VX
(3.45)
+dyy|
where d,., is the yaw rate disturbance term, so that:
d,, = My( WIe'Vx + WS 0?) (3.46)

We should note that the linear component with respect to W, W, and V can be approximated
with proper tuning of the learning rates (Narendra & Annaswamy, 1987 ; Rysdyk & Calise,
2005). The remaining higher-order terms in Eq.(3.41), containing two or more unknown

values, are considered as disturbances.

Applying the notation in Eq.(3.44) into Eq.(3.40), the roll rate error dynamic becomes:



129

. . K ~ T
ép = (1 — Kpp)Drer — (KP -+ KDS) ep + C1Gz, A8, + WG

Kyr.ts
My |-
T Mk s+ 1

+ W 6’V)‘(] +d,,

r + CoFAxy + C2G1, A8, + WG + WG (3.47)

ag-1

where d,, . is the roll rate disturbance, which can be expressed as follows, by applying the same

logic:

dp, = W,0% +WSe'VR+d,, (3.48)

Replacing Eq.(3.46) into Eq.(3.48), we obtain:
dy, = (WI +MWT)a'Vx + (W + MW o? (3.49)
3.7.3 Disturbance boundedness

As seen in Eq.(3.47), the roll rate error dynamics &, depend upon the yaw rate error dynamics
é,, and from Eq.(3.48), the roll rate disturbance dpk includes the yaw rate disturbance d,., .
The elements composing the disturbances d,, K and d,., consists of the higher-order terms of

the tangent sigmoid function in the neural network hidden layers. The value of My, is obtained
from the RLS estimation, and is bounded, as will be shown in the next subsection.
Lewis et al. in (Lewis et al., 1995) assessed the disturbance boundedness for a tangent sigmoid

function. They showed that the disturbance d,., can be bounded as given next:

lld, Il < Coo + Cou||V]| + Cozl[V]|lleI (3.50)

where Cy, Cy1 and Cy, are computable positive constants (Lewis et al., 1995). The same logic

applies for the roll rate disturbance dpk.
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3.74 Lyapunov candidate and its derivative

The disturbance terms were bounded in the previous subsection. Let us now assess the stability

of the overall system, by choosing the following Lyapunov candidate L:

1 1. . 1 1 1
L=5epep+ Eelﬂ@ + Ewara—lwa + Ewrr;lw,. + Evr‘,—lv (3.51)
where O is the RLS optimization error defined as:
0=0"-0 (3.52)

with @*, the optimal RLS parameter, and ©, the estimated RLS parameter.

From Eq.(3.51), the candidate derivative £ can be written as:

L= éye, + OL1D + W,I; W, + W, I 1W, + VIy 1V (3.53)

Replacing the neural network weight update from Eq.(3.32) and the expression of &, from

Eq.(3.47) into Eq.(3.53), the Lyapunov candidate derivative becomes :

. _ K, I
L= ((1 — Krp)Pres — (KP + —+ KDS) ep + C1Gz, A8, + W)+ W)o
+ WJa'Vx

KWF' T A
+Mk[_Ts+1 k-1 Wra]
_ (3.54)

+ d,,k) +0OL 19
—[(8 - 8'V'X)e, + A ey || Wa | To)Te ' W,
+(-[(8-oV" x)er+z||er||w]r)r—1w
v[xe, W, Ts 6’ + Xe,W, s +/1||ep +e.||V] )rv-lv

r+ CszAXk + CzleA6

where the yaw rate error is chosen to minimize the sideslip derivative, such that e, = —p.
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In order to assess the stability of the controller, the stability of the RLS inversion and of the

NN controller are assessed separately.

3.7.5 RLS controller stability

First, the RLS controller stability is assessed. The stability of the RLS estimation relies on the
boundedness of the covariance matrix and the regression signals. Under standard assumptions
of bounded input/output signals and sufficient excitation, the estimation error remains bounded
and © converges to a neighborhood of the true parameters ®*. In the proposed control
architecture, these conditions are satisfied supported by due to the bounded nature of the
aircraft states and control inputs. Furthermore, assuming that the RLS state estimation is
performed correctly, the RLS algorithm contributes to accurate local model estimation, while
the overall closed-loop system stability is ensured through the Lyapunov-based control design

as follows.

Let’s consider the RLS Lyapunov candidate Ly, and its derivative Lg; g corresponding to the

RLS adaptive filter, such that:

LRLS = %@L_lé and ‘CRLS = @L_lé (355)
where O is defined in Eq.(3.52), and L™ is the inverse covariance matrix. Ly, g is here positive

definite. The optimization error ® can be expressed for two consecutive time steps, k — 1 and

k, as follows:

Op_1=0" -0,

S o 6 (3.56)

Recalling Eq.(3.26), ©,, can be expressed in a compact form as:

@k = @k—l + Kkek (357)
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where K, is the Kalman gain vector as defined below:

Ly—1 Xk
K, = 3.58
7K+ X, L1 Xy, (3-58)

From Eq.(3.57), the derivative ® can be computed in discrete time as follows:

é = @k — ﬁk—l = —Kkek (359)

Replacing Eq.(3.59) into Eq.(3.55), Lgys can be expressed as:

/:‘RLS = —@L_lKkEk (360)

The values of © can be positive or negative depending on the sign of ®* — ®,,. However, the
norm of © should decrease and tend to zero as ® tends to ®*. In addition, the norm of the

estimation error €, in Eq.(3.60) also decreases.

The sign of €, may still fluctuate between positive and negative values, but these fluctuations
get shorter as @, tends to ®*. The sign of the Kalman gain vector K, may also fluctuate in
order to minimize both estimation error €;, and optimization error ®. However, we can consider
that K, is a vector that scales the correction applied to the parameter estimates rather than

focusing solely on its sign, as shown in Eq.(3.57).

The inverse covariance matrix L™! is positive definite, and so the definiteness of Eq.(3.60)
relies on the signs of K, €, and ®. Therefore, in order to guarantee that the RLS Lyapunov
candidate derivative Ly g is negative definite, K} is computed dynamically through the RLS
equation update so that the product K€, aligns with the direction of ©, leading to a positive

dot product. However, the main role of the Kalman gain vector K consists of minimizing the
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estimation error €, rather than enforcing a predefined direction. This would indicate that Lg; g
decreases over time and tends to 0, and that the norm ”/:RLS” in Eq.(3.60) is bounded by a

positive constant Cg, and thus, Ly} tends to zero over time, such that:

[ £rus|| < Ce 3.61)
Therefore, the RLS algorithm converges to stable values.

3.7.6 Boundedness and Convergence

The overall boundedness and definiteness of £ in Eq.(3.54) is assessed in this subsection. This
analysis considers the assumptions, theorems and demonstrations stated in (Lewis et al., 1995).
ASSUMPTION 1: The norms of the neural network weights are bounded with known positive

values, so that :

Wall < W Wil < Wi, and [[V]] <V, (3.62)

ASSUMPTION 2: The desired trajectory is bounded, so that:

X
X
%

< Q4 (3.63)

where Q; € R is a known constant.

For each time t, the neural network input x is bounded as follows:

Xl < ¢;Qq + c2||ep | (3.64)

where ¢; and ¢, are computable positive constants.



134

THEOREM 1: The higher order term of the tangent sigmoid function may be bounded as

follows:

[02(@ )] < e5 + c,Qall¥il + cs [¥le,| (3:65)

where c3, ¢, and c5 are computable positive constants.
ASSUMPTIONS 3: The norms of the tangent sigmoid function and its gradient are known

functions; therefore, they can be considered as constants at a given step time t:

le]l = co1 and 16"l = co2 (3.66)

ASSUMPTIONS 4: My is computed using the RLS algorithm step time ¢, and is also

considered as a constant value:

My =c¢
ko (3.67)
(I+c¢1) =cp2
Finally, let us define two norm properties:
THEOREM 2: The triangle inequalities are given as:
lla = bll < llall + bl and lla + bll < llall + [l (3.68)
THEOREM 3 : The generalized Cauchy—Schwarz inequality is given as:
llabll < llall - lIbl| (3.69)

Using the above assumptions and theorems, the Lyapunov candidate derivative £ in Eq.(3.54)

can be bounded as follows:
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Kyr.ts

——Te,
~ s+ 1
ep + c11CoFAxge, + 611C2G1kA6ak_1ep

L < (1 —Kpp)Presep — (KP + % + KDS) epep — C11
+ C1Gz, AS,
+ || Zrus |
+ (C12C01Wm + Vmcozled”Wa” + C02C1QdWmC11”‘7”
+ o261 Qa|VI|[|W || + c12Wincs + c1aWincaQal|V]))[|ey |
+ (C01||Wr” + VmC02C1Qd”Wr” + Cozc1QdWm”‘7”)”er” (3.70)
+ (Vin€oz: || Wal| + coacacss Wan || V]| + cozc. || V] [[WH|
+ 12 Wons| V) le I
+ (Vin€o2 2| |[We|| + cozcaWin[V][)][ep ][l
— Al | ( Won || We| — ”WaHZ) = Alexll (Wm”Wr” - ||Wr||2)

= A(llep |l + et (VaalIV1] = 1911°)

k-1

Let us assess the boundedness of £ in Eq.(3.70) by verifying the Lyapunov stability
requirements in Eq.(3.39). From Eq.(3.70), we can define the term £,, such that:
liz = Clazk A6r

i_16p T c11C2FAxye, + €11C2G1, A8y, e (3.71)

where £, is computed from the RLS approximation. As stated earlier, the RLS parameters are
estimated in order to reduce the tracking error e,. The previous commands on the rudders

AS

r_q and ailerons A,

aj—4 are also outputted to reduce the current error e;,. Furthermore, it
has been demonstrated that the RLS Lyapunov derivative L, g is negative definite, so the RLS
Lyapunov candidate Lg; g 1s decreasing, and the norm ||[IRLS || 1s bounded as in Eq.(3.61), and
thus, the RLS filter is stable and converging (3.60). Therefore, the derivative £, in Eq.(3.71)

also tends to zero over time, reducing the roll rate tracking error e,,. In addition, we can state

that ||£2 || norm is also bounded by a positive constant C,,, so that:

1£2 || < Caz (3.72)

Let us define the term £, from Eq.(3.70) such that:
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Kyr.ts

—_— 3.73
s+1 r ( )

. . K;
Ll = (1 - KFF)prefep - (Kp + ? + KDS) epep - C11 ep
We should note that with a proper choice of the constant gains, the terms in Eq.(3.73) are

negative definite. Finally, let us assess the boundedness of the roll rate error e, with a case-

by-case study by applying the condition in Eq.(3.39).

3.7.6.1 Casel
The neural network approximation is performed properly, so the error norms ||V~Va ||, | W, ||and
||\7|| are small and tend to 0. The roll rate error may then be bounded as follows:
. Kyp.Ts
1- KFF)Pref RS e + Co + (c12C01 Win + c12Winc3)
lep || < (3.74)

K
(KP +H+ KDs)
where Cg 1s a positive constant.
3.7.6.2 Case2

The neural network approximation is performed poorly, and so ||Wa || , ||Wr || and ||V|| are large.
Considering that the yaw rate control objective is fulfilled, such that ||e,.|| tends to 0, and stating
that the approximation errors |[Wy||, [|W;|| and || V|| remain bounded by positive values, such

that:

|Wea|| < Wy, ; |W,|| < Wp;  and VI < V. (3.75)

Then, the upper bound on ||ep || can be found as follows:
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. Ky p. — .
(1 = Kpp)Drer — €11 %T +Cop —Cs — 4 ( Wm”Wa” - ||Wa||2)

les]| < e
(KP + ?I + KDS) - COZ
_ o (3.76)
+2 (VaullV]| = IV]1%)
(K + % + Kps) = Co
3.7.6.3 Case3

The neural network approximation is performed poorly, and so ||V~Va ||, ||Wr ||and ||V|| are large.
Considering that the roll rate control objective is fulfilled, such that ||ep || tends to 0, then the

inequation becomes:

el ((conl[W | + Vincozr QullWell + coocsQaWin V1)

(3.77)
— ~ 12 ~ 112
= A (Wi [W | = (19, [1°) = 2 (v 1711 = 9] )) <0
Eq.(3.77) is true if A is chosen as follows:
(C01||Wr” + VmC02C1Qd”Wr” + C02C1QdWm”‘7”)
(3.78)

(WanlIWe | = W %) + (Ve 19711 = 11911

Choosing a positive A according to Eq.(3.78) ensures the robustness of the neural networks and
the negative definiteness of the term —A (Wm”Wr” — ||Wr||2) —A (Vm”V” — ||\7||2)

In Cases 1 and 2, the roll rate error is bounded by an upper bound. This upper bound can be
defined with proper choices of the fixed gains, namely Krr, Ky r, Kp, Kjand K. As seen in
Eq.(3.74), the roll rate error also depends on the yaw rate, dampened by a coefficient Ky, and
scaled with a washout filter. Also, in Egs.(3.74) and (3.76), the upper bound on ||ep || is small
if the PID gains Kp, K;and K, are chosen high enough.
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In Cases 2 and 3, in addition to selecting the gains Krr, Ky r, Kp, K;and Kj, the error ||ep||
remains bounded with a proper choice of parameter A, ensuring the robustness of the NN
controller. In any case, the overall stability of the controller relies on the PID linear controller.
Therefore, thorough tuning of and compromise on the PID gains should be performed in order

to ensure the controller stability and robustness.
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Résumé

Dans le cadre de ce travail, deux pilotes automatiques adaptatifs ont été développés pour l'avion
d'affaires Cessna Citation X. Ces stratégies de contrdle adaptatif sont appliquées garantissant
une double adaptation, notamment grace a un controleur a inversion dynamique et un
contrdleur a réseau de neurones. L'objectif du controle consiste a suivre la vitesse verticale,
l'altitude et les commandes de cap de l'avion. L'inversion dynamique est appliquée a chaque
variable de sortie, puis le controleur a réseau de neurones est mis a jour a l'aide d'une loi
adaptative, dérivée de la rétropropagation. L'inversion dynamique a été réalisée localement a
l'aide d'un algorithme récursif des moindres carrés comme estimation d'état. La boucle de
controle interne, qui comprend le contrdle du taux de tangage, du taux de roulis et du taux de
lacet, a été intégré dans les pilotes automatiques. Les états longitudinaux ont été séparés des
états latéraux afin de différencier le contrdle longitudinal du contrdle latéral. Des tests de
robustesse ont été effectués dans des conditions de turbulence et de rafales de vent. Les
résultats des pilotes automatiques ont ét¢ comparés aux données réelles des essais en vol d'un
simulateur de vol de recherche de I’avion d’affaire Cessna Citation X. Les résultats ont montré
que les pilotes automatiques étaient parfaitement capables de commander la vitesse verticale,

l'altitude et le cap de I'avion, avec des signaux de référence donnés. La comparaison des essais
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en vol a montré que les controleurs adaptatifs proposés étaient meilleurs que ceux actuellement

embarqués a bord du Cessna Citation X.

Abstract

This paper presents the development of two adaptive autopilots for the Cessna Citation X
business jet aircraft. The two adaptive control strategies, including a dynamic inversion
controller and a neural network controller, provide dual adaptation. The control objective
consists of tracking the vertical speed, altitude, and heading commands. The dynamic in-
version is applied on each output variable, and then the Neural Network (NN) controller was
updated using adaptive law, derived from backpropagation. Dynamic Inversion (DI) is
achieved locally using a Recursive Least Square (RLS) algorithm for state estimation. An inner
control loop for the pitch, roll and yaw rates are integrated within the autopilots. The
longitudinal states were separated from the lateral states in order to differentiate between
longitudinal and lateral control. Robustness tests were conducted under turbulence and wind
gust conditions. The autopilot results were compared with flight simulation data from a Cessna
Citation X research flight simulator. Results have shown that the autopilots accurately track
the vertical speed, altitude and heading reference signals. The flight simulation comparison has
shown that the proposed adaptive controllers were better than the one currently on board of the

Cessna Citation X.

4.1 Introduction

Autonomous flight capabilities are becoming increasingly critical as aircraft manufacturers
strive to reduce pilot workload and decrease computational demands. Autopilot systems enable
aircraft to accurately follow predefined trajectories and perform maneuvers such as altitude
changes or coordinated turns. As a result, the development of advanced flight control systems
has become a central focus in modern aviation research, with the objective of improving
aircraft performance and safety. In this scope, one of the main safety concerns in aviation is
the Loss of Control In-Flight (LOC-I), which remains one of the major causes of fatal

accidents. According to the Federal Aviation Administration, over 60% to 80% of these
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accidents are attributed to human error (Federal Aviation Administration, 2009 ; Wiegmann &
Shappell, 2001). Therefore, enhancing the autonomy and robustness of flight control systems
through software and hardware improvements presents a cost-effective alternative to

aerodynamic redesigns.

In general, Flight Control Systems (FCS) serve as the aircraft’s “brain”, managing subsystems
to ensure safe operation. Current FCS architectures typically include Stability Augmentation
Systems (SAS) in order to dampen oscillations, and Control Augmentation Systems (CAS),
which increase aircraft controllability (Stevens et al., 2015). The SAS and CAS combination
is denoted as the Control Stability Augmentation System or CSAS. Actual onboard autopilots
include position angle control, airspeed control and load factor control, as well as advanced
control architectures such as C* controllers (R. P. Andrianantara, Mancera Coyotl, et al.,

2024), which are especially relevant for high-speed vehicle control such as the Space Shuttle.

As a remainder, traditional autopilots largely depend on linear control techniques such as
classic Proportional — Integral — Derivative (PID) controllers and modern Linear Quadratic
Regulator (LQR) controllers (Stevens et al., 2015). Although certified and reliable, these linear
methods highly depend on gain scheduling and accurate linear mathematical models (Reynolds
etal., 1996). In fact, gain scheduling requires extensive effort, and linear control often neglects
significant nonlinearities of complex aircraft dynamics (Stevens et al., 2015). Advanced linear
methods, such as Linear Quadratic Gaussian (LQG) (Ferrier et al., 2018) and H,, Controllers
(Efremov et al., 2021 ; A. Khalil & Fezans, 2021) address further robustness issues, but they
still rely on linearized models that limit overall performance. In order to overcome the
limitations of linear controllers, adaptive control strategies such as Dynamic Inversion (DI)
(Horn, 2019 ; Moncayo et al., 2012 ; Steffensen et al., 2023) and Model Predictive Control
(MPC) (Doftf-Sotta et al., 2025) have gained high interest. DI control directly inverts system
dynamics in order to compute control inputs, but it can suffer from zero-crossing singularities,
while MPC controller (R. P. Andrianantara, Ghazi, et al., 2024) optimizes control inputs over

prediction horizons. However, these two recent techniques also require reliable linear models.
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In order to address these linearization issues, recent advances have shown the growing use of
online estimation filters, such as Recursive Least Squares (RLS) (Haykin, 2013 ; Mahadi et
al., 2022 ; Mohseni & Bernstein, 2022), Kalman Filtering (KF) (Xiaoqgian et al., 2022), and
intelligent methods, such as Fuzzy Logic (Grigorie, Botez, et al., 2012a ; Hashemi et al., 2020 ;
S. M. Hosseini, Ghazi, et al., 2024a), and Neural Networks (Emami et al., 2022 ; Ge et al.,
2013 ; Liu et al., 2025). These approaches enable real-time adaptive estimation of system
dynamics, allowing controllers to locally linearize the flight dynamics and adapt to
uncertainties. Hybrid architectures (Pedro & Meyer, 2007) combining traditional control with
Neural Networks (NN) or Reinforcement Learning (RL) are promising, although challenges

still remain in terms of data volume requirements, training times, and certification.

Recent studies have also investigated advanced adaptive nonlinear and fault-tolerant control
strategies to improve controller robustness. Some research proposed a fast fixed-time
incremental backstepping controller (Y. Li et al., 2025) and sliding mode controller (Dai, Feng,
Zhao, Cui, & Wang, 2022) combined with a disturbance observer. Other works have (Ma, Liu,
& Huang, 2025) explored robust nonlinear control based on adaptive or observer-based
approaches. These approaches mainly focus on fault-tolerant stabilization of aircraft dynamics
or damage recovery scenarios in the presence of model uncertainties and disturbances. In
contrast, the present paper focuses on adaptive outer-loop autopilot design, combining dynamic
inversion with online Recursive Least Squares (RLS) estimation and neural network
compensation, which greatly improves trajectory tracking and robustness under varying flight

conditions, and thus reducing dependence to gain scheduling.

Despite the positive results of new approaches, certification of adaptive controllers remains a
significant hurdle. Regulatory organizations, such as the FAA, EASA, and NASA (Agogino et
al., 2024 ; European Union Aviation Safety Agency, 2024 ; Federal Aviation Administration,
2024) require adaptive systems to have constrained adaptive elements and backup classical
controllers due to potential non-deterministic behaviour. To date, adaptive controllers have
primarily been deployed in unmanned aerial systems and simulation environments (Geronel,

Botez, & Bueno, 2023 ; Yu et al., 2023). However, adaptive autopilots applied to high-level
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trajectory tracking tasks (Yue et al., 2023), as in this paper, such as altitude command, vertical
speed command, and heading command, offer a safer path toward the real application of
adaptive control. These outer loop autopilots are designed by following tracking performance,

robustness tests and validation.

4.1.1 Research Objectives

This paper presents the design and implementation of adaptive autopilots for vertical speed,
altitude, and heading control, specifically adapted to the Cessna Citation X business jet. The
control architecture integrates PID controllers, Dynamic Inversion, and Neural Network (NN)-
based adaptation laws to satisfy precise control objectives. The heading autopilot includes an
adaptive roll controller employing an NN-based Aileron-Rudder Interconnect (ARI) to
enhance yaw damping. The adaptive autopilot incorporates validated inner loop controllers for
pitch, roll, and yaw rates damping (R. P. Andrianantara et al., 2023a ; Quintin et al., 2024).
These inner loop controllers, previously validated using flight quality criteria across the full
flight envelope, achieve Level 1 flight quality for short-period, roll, and Dutch-roll dynamic

modes.

The resulting autopilots demonstrate robustness against modelling uncertainties and eliminate
the need for gain scheduling, enabling a single controller configuration to cover the validated
cruise envelope for the Cessna Citation X. The design emphasizes minimizing complexity to

maintain system reliability, which is in line with best practices in aircraft control design.

4.1.2 Related Work

Previous research has explored various adaptive controllers for the Cessna Citation X,
including Fuzzy Logic (S. M. Hosseini, Ghazi, et al., 2024a), recurrent neural networks, Model
Predictive Control (R. P. Andrianantara, Ghazi, et al., 2024), Dynamic Inversion control (R.
P. Andrianantara et al., 2023a ; Quintin et al., 2024), and Neural Network-based controllers.
Robust control approaches such as H,, and LQG (Y. Boughari, Ghazi, et al., 2017a, 2017b ;
Ghazi & Botez, 2015b) have also been studied for longitudinal and lateral dynamic models.
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These designs are generally validated using sensitivity analysis focused on stability,
performance, and tracking accuracy. Also, the highly nonlinear C* parameter has been
successfully controlled on the Cessna Citation X flight dynamics using dynamic inversion (R.
P. Andrianantara, Mancera Coyotl, et al., 2024) and neural network techniques, thus improving
model flight qualities. Other research from NASA’s Intelligent Flight Control System project
(N. Nguyen, 2011 ; Park et al., 2021) demonstrated that adaptive neural networks and dynamic
inversion methods can be implemented on experimental aircraft, confirming their practical

applicability.

4.2 Validation methods

The autopilots are validated in this paper using an accurate MATLAB/Simulink flight dynamic
model derived from high-fidelity simulation data (Ghazi & Botez, 2015a) obtained from a
Cessna Citation X Research Aircraft Flight Simulator (RAFS). The aircraft’s cruise envelope
is studied and tested for altitude capture, vertical speed control and coordinated turn maneuvers
. Robustness tests under Dryden turbulence and wind gust disturbances confirm the controllers’

ability to maintain its objectives.

A modified Recursive Least Squares filter is employed with covariance matrix updates,
triggered by threshold-based estimation errors. Additional logic prevents instability due to
divisions by zero by enforcing minimum limits and absolute value corrections. A parameter
optimization process accounts for environmental disturbances to enhance controller
robustness, evaluating model performance using Sum Squared Errors (SSE) metric across

simulations.

The proposed autopilots achieve precise tracking of reference commands for vertical speed,
altitude, and heading, including dual-objective scenarios. Control surface deflections remain
effective without being saturated, and stability is maintained across varying flight conditions.
The adaptive approach reduces pilot workload, enhances safety, and simplifies the autopilot

architecture into a single robust configuration.
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This paper is structured as follows: Section 2 details the simulation setup. The adaptive
autopilot architecture and the development of command laws are described in Section 3. The
simulation results and their validation are presented in Section 4, followed by a robustness

assessment in Section 5. Finally, in Section 6, the results are discussed.

4.3 Aircraft Description and Simulation platform

4.3.1 Cessna Citation X Aircraft Description

The Cessna Citation X (CCX) is a high-performance conventional aircraft introduced in 1996,
known for its high-speed and long-range capabilities. Designed for corporate and private
aviation, it balances speed, comfort, and efficiency. The aircraft features a low-swept wing
optimized for high-speed cruise, with a maximum operating Mach number of 0.92. Its
pressurized cabin accommodates up to 12 passengers and 3 crew members. The CCX can
operate at altitudes of up to 51,000 ft (MSL). Powered by two Rolls-Royce AE 3007C-1
turbofan engines, the Cessna Citation X cruises at approximately 350 knots and offers a range
of about 3,460 nautical miles. The flight control system uses actuators and supports advanced
autopilot functions. Inner control loops regulate pitch rate, roll rate, and yaw rate dynamics,

while outer loops manage altitude, vertical speed, and heading.

For the development and validation of the proposed autopilots, flight simulated data from a
Research Aircraft Flight Simulator (RAFS) with Level D flight dynamics, have been gathered
in order to model the Cessna Citation X flight dynamics. The RAFS is therefore a valuable

platform for flight control studies due to its performance and realistic system data.
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Figure 4.1 Research Aircraft Flight Simulator of the Cessna Citation
X available at LARCASE laboratory

Table 4.1 Cessna Citation X performance

characteristics
Performance Maximum Value

Cruise speed 648 km/h [350 knots]
Mach number 0.92

Range 5725 km [3,091 nm]
Altitude 15 544 m [51,000 ft]
Takeoff Weight 16,193 kg [35,700 1b]
Zero Fuel weight 11,067 kg [24,400 1b]
Gross thrust 28 655 N [6442 1bf]

4.3.2 Cessna Citation X Simulink platform

The Simulink platform of the Cessna Citation X was developed in earlier studies and validated
against flight simulation data gathered from the RAFS (Ghazi & Botez, 2015a). The platform
incorporates high-fidelity aerodynamic and engine models, nonlinear actuator dynamic
models, and equations of motion that accurately represent the aircraft’s flight dynamics. It also
integrates environmental modules, such as wind models, as well as failure scenarios involving

engine failures or aerodynamic effects. These components were validated against RAFS flight-
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test data with less than 5% error (Ghazi & Botez, 2015a). The RAFS, manufactured by CAE
Inc., is qualified to Level D for flight dynamics. According to the FAA, Level D is the highest
qualification level for flight simulators, ensuring that simulation outputs closely match real-
flight behaviour within certified tolerances. This certification supports the generalizability and

practical relevance of the proposed control algorithms when evaluated in this environment.

Additionally, the Simulink model includes linearization capabilities at specified calibrated
airspeeds (CAS) and altitudes, supporting a variety of control design approaches. This platform
has been successfully used in prior work for designing controllers such as Linear Quadratic
Regulators (LQR) (Y. Boughari, Ghazi, et al., 2017a, 2017b)., fuzzy controllers (S. M.
Hosseini, Ghazi, & Botez, 2026 ; S. M. Hosseini, Ghazi, et al., 2024a), sliding mode controllers
(S. M. Hosseini, Bematol, et al., 2024b), hybrid adaptive controllers (R. P. Andrianantara,
Ghazi, & Botez, 2026) and hybrid MPC controller (R. P. Andrianantara, Ghazi, et al., 2024).

4.4 Design methodology

4.4.1 Inner loop controllers and Autopilots design requirements

The autopilot system for the Cessna Citation X is designed to satisfy key performance and
safety requirements derived from certification standards. The CSAS and autopilots are
designed to operate over an altitude range of 1,500 ft (MSL) to 51,000 ft, covering the aircraft’s
certified service ceiling and ensuring flight-envelope protection under all operating conditions.
Throughout this altitude range, the system maintains the load factor within certified structural
limits, thereby preserving airframe integrity and ensuring passenger comfort during cruise and
flight-level changes. In addition, the CSAS complies with the Level 1 flying-qualities given in
MIL-STD-1797A (Department of Defense, 1997). The design requirements are summarized
in Table 4.2.
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Table 4.2 CSAS and Autopilots design specifications

CSAS/Autopilot Controlled Limits Specifications
state

Smooth  and  controlled

Pitch rate CSAS q +1.2°/s [£0.0017 rad/s] [longitudinal maneuvers;
Level 1 flight quality.
Ensures safe climb and

Vertical Speed Autopilot v, 9,14 m/s [£1800 ft/min] dess:ent rqtes while allowiqg
rapid altitude changes in|
emergencies.
Enhances safety and

Altitude Autopilot h no overshoot passenger comfort during
climb/descent transitions.
Guarantees smooth,

Roll Rate CSAS D +2.5°/s [0.43 rad/s]  [controlled lateral maneuvers;
Level 1 flight quality.
Maintains safe load factors

Roll Angle CSAS ¢ +27.5°[0.47 rad] and  prevents  structural
overstress.

. . heading rate of 3°/s [0.052 |Complies with civil and
Heading Autopilot v ¢ rad/s] militert)ry standard turn rates.
4.4.2 Adaptive Autopilot Architectures

The complete controller and autopilot architectures are illustrated in Figure 4.2 through Figure

4.5. Figure 4.2 presents the pitch rate controller in the inner loop and the vertical speed

autopilot in the outer loop. Figure 4.3 illustrates the altitude autopilot. Figure 4.4 and Figure

4.5 detail the lateral control loops, including the roll rate and roll angle CSAS and the heading

autopilot.
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4.4.3 Aircraft Nonlinear Dynamics

This study considers the longitudinal and lateral aircraft dynamics. The aircraft nonlinear

dynamics can be represented in the following form:

=@xn)
= R(x)

(4.1)
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where the state vector X and the control inputs vector 1 are defined as follows:

X = [xlon Xlat]T
n=1[6 64 & (42)

with

Xon=[u w q 6 V, hlTandxppe=[Vv P r ¢ YT 4.3)

Here, X;,, 1s the longitudinal state vector, including the longitudinal and vertical velocities u
and w, the pitch rate g, the pitch angle 6, the vertical speed V,, and the altitude h. The lateral
state vector Xj,; includes the lateral velocity v, the roll and yaw rates p and r, the roll angle ¢,
and the heading angle ¥. The control input vector i includes the elevator 6., aileron d§,, and
rudder §,- angles. The functions ¢ and X represent the unknown nonlinear dynamics and output

mappings, respectively.

The nonlinear formulation in Eq. (4.1) captures the full state and control input variations of the
aircraft, distinguishing it from traditional linear state-space models, and making it well suited

for designing nonlinear controllers and autopilots.

4.4.4 Nonlinear Actuator Dynamics

The actuator models were implemented in the Simulink model using a second-order nonlinear
transfer function, which captures the higher-order nonlinearities inherent in their real actuator

dynamics. The key parameters defining the actuator dynamics are given in Table 4.3.

Table 4.3 Second Order Nonlinear Actuator dynamics

Characteristics Values
Natural frequency 20 rad/s
Maximum deflection 14°
Minimum deflection -19°
Damping ratio 0.8
Rate limit 20°/sec
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4.4.5 Mathematical foundations and control elements

This section presents the controller and autopilot designs, and reviews the inner loop
controllers, including the pitch and roll rate controllers, and the yaw rate stabilization. The
control loops and command laws for the vertical speed, altitude, and heading autopilots are
described separately in Figure 4.2 to Figure 4.5. The designed control system consists of multi-
stage adaptive control loops that combine Adaptive Neural Networks (NN), Recursive Least
Squares (RLS) dynamic inversion, and conventional linear PID controllers. Additional
elements, such as feedforward filters, were incorporated to enhance transient response and

overall performance.

Four neural networks, respectively labelled NN1, NN2, NN3 and NN4, were developed and
integrated, as shown in Figure 4.2 to Figure 4.5. The adaptive signals produced by the neural
network controllers were denoted according to their corresponding inputs and outputs. For

example, v, 5, denotes the adaptive control signal generated by NN4 for the rudder deflection

6,. Adaptive laws are used to update the neural network weights and the RLS parameters,
ensuring convergence and stability. These laws have been derived to minimize tracking errors
while guaranteeing the boundedness of the adaptive signals. Additional feedforward filters and
disturbance rejection strategies were incorporated to enhance transient response and robustness

in the presence of uncertainties.

These control elements and their mathematical foundations enable the design of robust
adaptive autopilots capable of operating effectively across the cruise flight envelope of the
CCX, while maintaining performance in the presence of uncertainties and nonlinearities such

as turbulence and wind gusts.
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4.4.5.1 Dynamic Inversion Controller

The CCX nonlinear dynamics can be represented as an affine function with respect to the

control input:

x=f(x) +gx)n 4.4)

where f(-) and g(-) are nonlinear functions describing the aircraft dynamics. The measured

output y; is expressed as:

yi = Cix (4.5)

Dynamic Inversion controller seeks to compute the control input i that will directly achieve

the desired state derivative X, given by the following inverse function:

n=¢ (%X (4.6)

Let us linearize the aircraft dynamics at a nominal operating point (Xg,7¢). This local
linearization, expressed in terms of small variations, may be obtained through Taylor series
expansion and derivations. Thus, the incremental state dynamics AX can then be approximated

locally as follows:

Ax = FXO:nO

AX + Gy, A1) 4.7)

where Fy, . and Gy, are the Jacobian matrices at (X, 7o) defined as:

of(x)  0g(x)
X0,M0 = (T + ax 7] . l GXO,T]O = g(x)XO,TIO (48)
X0,Mo0
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From the output relation in Eq. (4.5) and the linearized system shown in Eq. (4.7), the
incremental control input An required to track the reference signal 7, can be computed using

the following control law :

An = (CGy,,)” (7 +v — CF

X010

AXx) (4.9)

where C is the output matrix, and the signal v is chosen to reduce the error as follows (Stevens

etal., 2015):

é=-v (4.10)

This formulation allows the error e to be stabilized by an appropriate choice of v, ensuring that

the system tracks the desired reference signal with guaranteed stability and convergence.

4.4.5.2 Online State Estimation

The state variation at time step k + 1, denoted by Axy, 1, depends on the current state variation
Ax;, and the control input variation An,. Based on Egs. (4.7), the state equation can be written

as:

. Fy
ARy yq = [AX,  A7y] l(;le (4.11)
Kk

where Fland G, are the Jacobian matrice estimates.
ol

Let us consider 9, = l l as the vector of unknown parameters and X, = [Ax, An,]” as the

k
cT
Gk

vector of past increments. With these definitions, Eq. (4.11) can be compactly rewritten as:

Aﬁk+1 = X]’Ic‘@k (412)
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in which @, can be estimated online using the Recursive Least Squares (RLS) algorithm.

We can define the RLS prediction error €, as follows:

€, = Axk - A)/Zk (413)

where Ax,, is the measured state variation and AXj, is its estimated state variations.

Following the method described in (Haykin, 2013), the parameter vector © is computed as:

L1 Xy

0,=0,_,+ €
TR e XT L1 X

K (4.14)

where, Ly, is the covariance matrix, which is numerically computed as follows:

1 Ly X; X Ly,
L, ==Ly — Al (4.15)
K K+ XkLk_lxk

Equations (4.14) and (4.15) are derived from the matrix inversion lemma, as detailed in
(Haykin, 2013). Note that in this RLS formulation, F{ and GI, depend on the increment vector

X, rather than on the absolute state and control values.

Before running the algorithm, @, Ly, and k must be initialized. In this work, in order to
improve stability, the covariance matrix L, 1s updated conditionally: L is reset when the
prediction error €, exceeds a prescribed threshold, i.e., €, > €;05n01q- Here below is given a

pseudo-code for the covariance matrix update :
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Table 4.4 RLS estimation algorithm and covariance
matrix update

Initialize g, L

Set k and €;resnoid

Compute 0, using Eq.(4.14)
Compute ARy, ¢ using Eq. (4.12)
Compute €, using Eq. (4.13)
Update L

if abs (€x) = €resnola

then L, = 1031

else compute L using Eq.(4.15)

4.4.5.3 NN Controller

Using the errors estimations in Eq. (4.13) often leads to prediction errors in real-world
applications (Soares & Burken, 2006). Therefore, the actual output variation at the time step

k + 1 can be expressed in discrete form as:

AYy1 = DYry1 — &1 (4.16)

where Ay, 1 is the estimated output and &; is the RLS estimation error.

The control input variation Any, in Eq. (4.9) can then be rewritten as follows:

Any = (Cak)_l[fs + v — CFAx — ] (4.17)

where CG) and CF, describe the aircraft's local dynamics. An adaptive term is used to

compensate for RLS estimation errors, such that:

& = Vgq (4.18)

A Feedforward Neural Network (FFNN) is used to compute v, as an adaptive component.
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weights weights

input hidden output
layer layer layer

Figure 4.6 Single Layer Feedforward Neural Network
architecture

Figure 4.6 depicts the architecture of the FFNN used in the CSAS and in the autopilots. The
NN’s performance depends on the number of neurons, the number of hidden layers, the
activation function, and the weighting vectors. The adaptive output signal from the neural

network can be expressed as follows (Stevens et al., 2015):

v = Wla(VTR) (4.19)
where o € RV*1 is the activation function applied elementwise over N neurons in the hidden
layer. The input vector is defined as X = [x; %, *° Xm]T. The weight vectors are W €

RM*™ and V € R™N | with m inputs and n outputs. The tangent sigmoid activation function &

1s defined as:

1
O'i(Z) = 1+7 (420)

A linear function is used for both the input and the output layers. As seen in Figure 4.2 to

Figure 4.5, the neural network adaptive signals are scaled by a gain factor Kyy;, thus

controlling the amplitude of the adaptive correction term v,,.
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4.45.4 NN Adaptation laws

The neural network weights are dynamically updated online using adaptation laws issued from
backpropagation algorithm (Narendra & Annaswamy, 1987 ; Smith et al., 2010 ; Williams-
Hayes, 2005):

W; = —[(0 — 6'VT®)e] + Alle;|[Wi]T;

: 421
V = —TIy[Xe] W] 6’ + Ale;||V] 4.21)

Here, e; is the tracking error vector corresponding to the i-th controlled variable, I; is the
learning rate matrix corresponding to the i-th output of the NN, I', is the input layer learning
rate, and ¢’ is the gradient of the activation function o. The scalar A is set to 1. The additional
terms A||e;||Wj and A||e; ||V are defined to guarantee robustness and stability, as demonstrated
through Lyapunov’s direct method. These update laws are based on the backpropagation theory
(Narendra & Annaswamy, 1987 ; Smith et al., 2010 ; Williams-Hayes, 2005).

4.4.5.5 PID Controller

From the inversion control law, a linear feedback controller v is required (Stevens et al., 2015).
The feedback term v is solely designed to ensure system stability. To model v, a basic
Proportional — Integral — Derivative (PID) controller is typically sufficient and can be

expressed as follows (Stevens et al., 2015):

K
v = (KP + ?I + KDS) e; (4.22)
where Kp, K; and K|, are the proportional, integral, and derivative gains, s is the Laplace

operator, and i indexes the controlled variable.
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4.4.6 Longitudinal and lateral CSAS inner loops

In this research, the longitudinal and lateral Control Stability Augmentation System (CSAS)
consist of low-level inner loop controllers that ensure robust and stable tracking, which are

included within higher-level adaptive autopilots.

The longitudinal CSAS is designed to control the pitch rate g and to stabilize short-period
dynamics. It provides a rapid response feedback loop that maintains pitch stability and reduces
pilot workload. The longitudinal autopilot enhances this by controlling vertical speed and
altitude through precise pitch rate commands, ensuring smooth vertical flight path tracking

even under disturbances.

Regarding the lateral dynamics, the CSAS focuses on controlling the roll rate p and stabilizing
the yaw rate r by effectively damping the Dutch roll effect. This fact is critical for maintaining
directional stability. Then, the lateral autopilots command the roll angle ¢ and heading W,
allowing coordinated control that enables accurate heading tracking and bank angle control. A
notable feature in this research is the incorporation of an adaptive Aileron-Rudder Interconnect
(ARI) using neural networks, which improves yaw damping by adaptively coordinating aileron

and rudder inputs.

These CSAS consist of model references controllers designed with given reference signals.
The CSAS have been previously validated for Level 1 flight qualities for the Cessna Citation
X operational envelope (R. P. Andrianantara, Ghazi, & Botez, 2025). Their proven
performance provides a reliable foundational work for the outer loop adaptive autopilots
developed in this study, ensuring their stability and responsiveness during complex maneuvers

even in the presence of uncertainties.

4.4.7 Pitch rate CSAS

For pitch rate and roll rate control, a second-order transfer function is used as a reference

model, which approximates the short period dynamics with specific frequency, damping ratio
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and time constant values, wgp, §sp and Ty, , respectively. Their values have been set to satisfy
Level 1 flight qualities according to MIL-STD-1797A (Department of Defense, 1997). Table

4.5 summarizes the mathematical design equations of the pitch rate controller.

Table 4.5 Pitch rate CSAS controller design equations

Control elements Equations
Pitch rate reference Tref wéy (14T, s)
model dcema 52+ Zfspwsps + wszp
Pitch rate error dynamics eq = Qrer — 4
INN1 controller input _ T
vector X1=[0 @rer Y Vicma O]
NN1 adaptation laws W, = —[(o— o' V{ Xq)ey + A ey, |Wq]T,
Wy, = =[(0 = o' Vi Xa)ey, + |ev,[[Wy, [Ty,
V1 = —rvl [)_(1€VZWVZT0', + )_(lquqTO"

i A, + e
K;
VPIDq = (KP + ? + KDS> eq
INN1 output signals Vi, = 1’(1\,,\,qW,'1r a’(VlT )_(1)
le = KNNV WI;FZG(V]T)_(I)
~ -1, K
As, = (Cqu) [ Gref + (KP + ? + KDS) €q

— CqFiAx) — Ky, Wq o(V{ )‘(1)]

IPID controller

Elevator control law
(4.23)

4.4.8 Vertical Speed autopilot

The vertical speed autopilot is designed to control V,. The designed autopilot uses a PID

controller and an adaptive neural network NN1.

Table 4.6 Vertical Speed Autopilot design equations

Control elements Equations
Error dynamics ey, =V,

v

cmd

IPID controller output K;
p vPIDVZ - (Kp +?+KDS> eVZ

INN1 controller See Table 4.5
Pitch rate command Gema = |V1VZ| Voiby, (4.24)
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4.4.9 Altitude Autopilot

An adaptive neural network NN2 and a PID are used to track the desired altitude. The neural
network receives altitude error and its derivatives as inputs in the adaptation laws, enabling it
to reduce tracking errors, stabilize altitude, and dampen oscillations during transient phases

effectively.

A ramp reference model is used to generate altitude commands. This model ensures smooth
transitions between climbing and cruise phases by shaping the altitude reference signal with a
first-order transfer function. The ramp is designed to constrain climb and descent rates within
+1800 ft/min, thereby indirectly controlling the vertical speed and ensuring safe flight level

changes.
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4.4.10

The roll rate CSAS controller uses a Model Reference Adaptive Control (MRAC) approach,
where a reference model captures the desired roll and Dutch-roll dynamics based on flight
quality specifications MIL-STD-1797A (Department of Defense, 1997), specifically the roll
time constant 7,., damping ¢ 4,- and natural frequency w4,-. The controller combines a traditional
PID controller with Dynamic Inversion and an adaptive neural network NN3. A feedforward
term helps to anticipate changes in roll dynamics, and a washout filter stabilizes the yaw rate
during lateral maneuvers. Input commands are generated for both ailerons and rudders,

considering actuator dynamics and coupling effects, ensuring coordinated and stable lateral

Table 4.7 Altitude Autopilot design equations

Control elements Equations
Error dynamics en = Ko, (hyer — h)

INN2 inputs

Xy =[h hrep Se]”

INN2 adaptation laws

W, =—[(a—d' Vix,)el + Alle,llw,|ry,
W, = —[(0 — o' Vi%,)&] + A&y W] Ty
V,= —TIy, [X28, Wy 0" + fze_hthal
+ Alley + é;11V,]

IPID controller

K;
vPIDh == Kp +?+KDS eh

[Feedforward controller

Vrry = KFthref

INN2 output signals

Vzh = KNNhW;;O-(ngz)
vy, = Kyn, W0 (V3%,)

Command law

Viema = (KFFh + Vadh)href + Vpip,, + avz

h

(4.25)

control.

While stabilizing the yaw rate, the derivative of the sideslip angle £ is also damped, and thus

it tends to 0. The value of § can be approximated by the following kinetic relationship (Stevens

etal., 2015):

Roll rate CSAS and yaw rate stabilization
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g~ m (4.26)

where ¥ is the lateral acceleration and TAS is the true airspeed. Setting £ to 0 allows to fulfill

a coordinated turn with a dampened Dutch-roll effect.

Table 4.8 Roll rate CSAS controller design equations

Control elements Equations

Roll rate reference model Dref w3, 1

Pcema B 52+2€drwdr5+wc21r Ts+1

Error dynamics €p = Prer — P
er=p
INN3 inputs X3 =[P DPres 6o 6"
INN3 adaptation laws W, 5, = —[(o — 0'V3 %3)e, + A||e,||Ws, |Ts,
Wy, =— [(0' a'V§ X3)e,
+ Alle, |Ws, | T,
Vs = —Iy, [Xe, W, 0’ + Xe, W, 0’

+/1||ep + er||V3]
K
VPIDp = (KP +?I + KDS> ep

Feedforward controller Vrr, = K FFDref

PID controller

Yaw rate washout filter Kyp.Ts
F(s) =
s+ 1

INN3 outputs V3s, = Wio(ViXs)
v35r = ngr G(V?;Y:;)

Ailerons control law 46, = (CpGSak)_l [ KrePres

K;
+ (Kp —I—? + KDS> ep

~ _ (4.27)
- CkaAXk — Cstrk A6T

k-1
- Wlo(V%;) |

—~ _ KWF.TS ~
& = (CcGs, ) 1 [TS e C, F Axy

- C,Gs, A5

Rudders control law

(4.28)

ag-1

-~ W}, o(VI%3) + v, |
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Ky r 1s the washout filter gain and 7 is its time constant; C; is the output matrix in respect to

the i-th variable state.

4.4.11 Roll angle CSAS

The roll controller aims to regulate the aircraft’s roll angle ¢ in order to follow a command
®cma- The control loop incorporates PID control, RLS dynamic inversion and adaptive neural

network controller NN4.

Table 4.9 Roll angle CSAS controller design equations

Control elements Equations
Error dynamics ep = Pema — ¢
INN4 inputs Xy =[0 Pema ¥ Wrer 6o 67
PID controll K
controtier VPID¢ = (KP +?I+KDS) €¢

INN4 adaptation laws w, 5=~ [(0' —o'V§ )74)9;

+ les [ Wa,, | Tay,
W, = ~[(o — o Vixs)e], + Alles [Wo Ty
V, = —Ty,[R4e, Wi o' + X489 Wy o'
+ A|egy + &y Val
INN4 outputs Vas, = 1’(1\11\/5TW4'1r 5r°(VI ’_‘4)
Vag = KNN¢,W$°(VI’_(4)
Vay = KynyWa, 0(V4Xy)

Command law Pema = (CoGs,, )™ [VPID¢ — CyFilx; + V4¢] (4.29)

44.12 Heading autopilot

Finally, the heading autopilot is designed. The autopilot uses a PID controller, an RLS
Dynamic Inversion and an adaptive neural network. A feedforward term is added to improve
tracking of the heading reference signal. This formulation ensures precise and robust control
of the aircraft’s heading by integrating model-based control with adaptive neural network

compensation.



Table 4.10 Heading Autopilot design equations

Control elements

Equations

Error dynamics

ey = qJTef -y
él.p = Kewel.p

PID controller

Vpipy = | Kp +?+KDS ey

IFeedforward controller

Vrry = KrpyWrer

Command law

bema = (Cwesak )_I[VFFW + Vpipy — CyFiAxy
+ v4q,]

(4.30)

4.5 Results
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This section presents the control applications of the designed CSAS and the adaptive

autopilots. The simulations include parameter tuning in nominal tests and robustness tests in

the presence of wind and turbulence. Adaptive parameter variations are also shown, and the

overall flight envelope of the Cessna Citation X is studied.

4.5.1 Control parameters

The control parameters presented in the previous equations were carefully tuned over the

aircraft’s flight envelope using parameter sensitivity analysis, with their values summarized in

Table 4.10 and Table 4.11.
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Table 4.11 Longitudinal CSAS and Autopilot Design Parameters

Control Elements Parameters Values
q PID controller Kp, K;, Kp -1,-1,-0.1
RLS longitudinal state K, Lo, Fy, G 1.015, 107155, I5 4, —0. 144
estimation €4 treshola’ EOtreshold 0.0001 rad/s 0,005 rad
Lupdate 104
INNT controller Knn,» learning rate Iy 5,1
K NNy, learning rate Iy, 0.02, 0.8
1, 30

hidden layers, neurons

Pitch Rate Reference

Model $spr Wsp» T, 0.69, 4 rad/s, 0.35 sec
V, PID controller Kp, K;, Kp —0.1,0,0
h PID controller Kp, K;, Kp —-0.3,0,0
h feedforward
controller Kren —02
INN2 Controller Knnys KNNh, 2,0.05
learning rates I, T, , Iy, 1,1,2
Ke,, Kp, 0.001, 0.0002
1,30

hidden layers, neurons




Table 4.12 Lateral CSAS and Autopilot Design Parameters

Control Elements Parameters Values
p PID Controller Kp, K;, Kp -1,-1,0
p Feedforward Kr F, -0.1
controller
Yaw damper, Washout Kyr, T 3,2 sec
Filter
INN3 controller Learning rates [, I, Ty,, 4 0.1,0.3,2, 1

Number of layers 1
Number of neurons 30

Reference Model Edrs War, T 0.5, 3 rad/s, 0.5
RLS lateral  state x, Lo, Fo, Go 1.015, 10*I7 7, Is 5, 0. 15,
estimation €., oshowa® Ertreshold 0.0001 rad/i, 0.001 rad/s

Lupdate 10 17’7

¢ PID controller Kp, K;, Kp 0.03,0,0
W PID controller Kp, K;, K 0.2,0,0.1
¥ feedforward Kery
controller
INN4 controller KNNS,«’ KNN¢, Kyng» Key, 0.001, 0.0001, 0.005, 0.1

Learning rates [y, T, [y, 0-5’14’14’ L,

' FVNN4’ A 1”30
hidden layers, neurons
4.5.2 Vertical speed Autopilot Tuning

167

This section presents the tuning of the Vertical Speed autopilot. The tuning was performed

using parameter sensitivity analysis. The adaptive features were tuned for 64 cruise flights

covering the Cessna Citation X operational envelope.

First, the PID controller was tuned. A single PID configuration was set in order to ensure

controller stability and convergence. The adaptive features were then tuned. In the case of the

vertical speed autopilot, the neural networks’ learning rates I'y, and gain Kyy, were set.
Z

Figure 4.7 shows the parameters’ effect on tracking performance. A suitable combination of

parameters was found and summarized in the above Table 4.11.
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Figure 4.7 Vertical Speed responses for varying learning rates and NN gain for 64
representative cruise operating conditions

The NN learning rates and gains were optimized in the presence of uncertainties. In fact,
incorporating uncertainties during the tuning process ensures very good robustness.
The optimization was fulfilled using the objective function such as the overall Sum Squared

Error denoted as Overall SSE and computed as follows:

i=N t=T
2
overall SSE = Z SSE; ; SSE = AtZ (VZcmdt - Vzt) (4.31)
i=1 t=0

where N is the number of simulated cruise scenarios. The SSE is computed for each flight

scenario, V, . d; and V,, are the reference vertical speed and the vertical speed values at a given
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time step t, T is the simulation time length for one flight condition, and At = 0.02 sec is the

sample time.

. x10° 5 x10°
Q O o — O —K'nm;i O.ll[)(li %D \O\O‘C)\o‘
61 O- — OF — Knny.= 0.0005 g O— _ o _
\ (Oe \ Knny.= 0.001 25¢ ~no -0 —
51 N — A — Knny.= 0.005 i 4 T4
3] AN — 5 — Knny.= 001 _ = O a
Um’) o Knny.= 0.02 9 oL\ T - 4
4 O N % - -
= |A 0 — N -
< O o < TN {ﬁ
€ 3y il = ] Sqs5f vm
RS AT Vv — A
\VW ‘A‘A- — A L \v\v\ — — /A
1t 3 VOn Vol v~ ap ,é,,_,,‘é 1 N——¢— — 7,16‘7
0 : : : : : l 0.5 : : : : : l
0 0.5 1 1.5 2 25 3 0 0.5 1 1.5 2 2.5 3
FV; Fp
(a) (b)

Figure 4.8 Overall Sum Squared Error SSE for 64 flight conditions vs learning rates Iy,
and K, NNy, in the presence of (a) wind gust and (b) turbulence for different learning rate
and NN gain variations

The remaining CSASs and autopilots such as the altitude autopilot, roll controller and heading
autopilot were tuned following the same procedure described above. The parameters for each

control algorithm are summarized in Table 4.11 and Table 4.12.

4.5.3 Altitude and Heading Command at 35,000 ft and 290 knots

Once the CSASs and the autopilots were properly tuned, they were tested for flight simulation
scenarios. First, a combined altitude and heading command simulation was conducted under
cruise conditions at an altitude of 35,000 ft and a calibrated airspeed of 290 knots. As seen in
Figure 4.9, the altitude tracking consists of a flight level change of 300 m [~1,000 ft], with a
climb rate of 9.14 m/s [1,800 ft/min], allowing an indirect vertical speed command. Upon
reaching the target altitude, the altitude capture mode engages automatically to ensure a smooth

transition with minimal overshoot.
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Simultaneously, a heading command of 90° is fulfilled, allowing a coordinated turn with a
constant turn rate of 3°/sec. This scenario allows the controller’s performance during
coordination between the longitudinal and lateral control loops to be assessed. Figure 4.10 and
Figure 4.11 show the adaptive parameter variations, including the RLS state estimation, the
RLS parameters’ variations including F and G, the covariance matrices Ly and the estimation

errors €;, the NN inputs and weights V and W.

The RLS parameters numerical values are given below in Eq. (4.32), showing their orders and
dimensions for both longitudinal and lateral controllers. The values were registered at
simulation time t = 15 sec. Fj,y, is a 6x6 state matrix, corresponding to 6 longitudinal states
included in the state vector X;on; Gion is @ 6x1 control matrix, corresponding to the elevator
control input §,, and the covariance matrix is a 7x7 matrix, corresponding to the sum of states
and control input. The same logic applies to the lateral parameters F,¢, Giae and Ly, where
the number of lateral states is 5, and the control inputs are the ailerons §, and the rudders &,..
As we can see from Eq. (4.32), the state matrix F,, and Fj,, are close to the identity matrix,
which is the right state space representation in discrete time, thus showing that the RLS
estimation is performed correctly. Also, the diagonal values of the covariance matrices x
Lion and Ly, are high and positive, showing the positive definiteness of the matrices during
estimation. Example values of the NN weights are not given here, as their dimensions are quite
big and reach 7x30, depending on the number of neural network inputs, outputs and the number

of neurons.
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responses for coordinated turn and climb at 35, 000 ft and 290
knots



173

9 X 10° ‘
- =
5 5 /j
g e
= 2 —
Z Z o ‘ .
0 3 50 100 150
x 107
60F 1
45 +
& 4ot A
Z =
=]
— 20 2 0
Z Z
Z 0 Z
-1 .
0 . 50 100 150 0 50 100 150
5210 . .
] ]
2 =
£ 0 g
oy
2 Z
Z. Z.
-5 . \
0 50 100 150
- . . 5
g
302 °
o~ <t
Z, Z.
Z -04F Z
0 50 100 150
4 —— .
s 7 [ 5
ey i
0*—@%&.—_
0 50 100 150
0.5 T —
| of —
Ok w -02}F
g 5 -0.
) =
& sl \_\f L T 0.4}
0.6
) u— . ‘ .
0 50 100 150 0 50 100 150
time [sec] time [sec]
(a) (b)

Figure 4.10 Adaptive hyperparameter variations for (a) longitudinal controllers and (b)
lateral controllers

For longitudinal and lateral controllers, the adaptive hyperparameters are the NN weight
matrices V and W and the RLS estimated matrices F and G. Each coloured curve corresponds
to the variation of an element in the matrices for the simulation length. The number of curves

corresponds to the number of elements in the matrices.
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Figure 4.11 RLS hyperparameter variations during Altitude and Heading command for
(a) longitudinal and (b) lateral states

Each colored curve corresponds to an element of the covariance matrices L. The number of

curves corresponds to the number of elements included in the covariance matrix.
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Blue lines correspond to RLS estimated states, while black lines correspond to actual states.
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4.5.4 Validation for the Cessna Citation X cruise flight envelope

The CSAS and the autopilots were tested across the Cessna Citation X cruise operational
envelope. The cruise flight envelope was discretized into a set of flight points (trim conditions).
As seen in Figure 4.13, a total of 64 representative cruise flight conditions were defined for
altitudes ranging from 5,000 ft to 40,000 ft, while the calibrated airspeed was varied from 170
to 330 knots. Each CSAS and autopilot were tested, with and without their adaptive elements,
as seen in Figure 4.14 through Figure 4.19. Overall, the controllers with adaptive elements

exhibit improved tracking performance, following the reference commands more closely than

their non-adaptive counterparts.
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Figure 4.13 Cessna Citation X flight envelope expressed in terms of 64

representative cruise conditions considered for validation
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Figure 4.14 Pitch rate g variation with time responses for 64 cruise conditions for: (a) PID,
(b) PID and DI and (c) PID — DI and NN controller configurations

The dotted line corresponds to the reference pitch rate signal, while the colored lines
correspond respectively to the pitch rate response for each flight condition. The same reference

signal was applied throughout the 64 cruise conditions.
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Figure 4.15 Vertical speed variations with time responses for 64 cruise
conditions using: (a) PID, (b) PID — NN controller configurations
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The dotted line corresponds to the reference vertical speed signal, while the colored lines

correspond respectively to the vertical speed response for each flight condition.
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Figure 4.16 Altitude variations with time responses for 64 cruise conditions
using: (a) PID, (b) PID — NN controller configurations

The dotted line corresponds to the reference altitude signal, while the colored lines correspond

respectively to the altitude response for each flight condition.

P [deg/s]

2 4 6 8
time [sec] time [sec] time [sec]

(a) (b) (c)

Figure 4.17 Roll rate p variations with time responses for 64 cruise conditions using :
(a) PID, (b) PID and DI and (c) PID — DI and NN controller configurations



The dotted line corresponds to the reference roll rate signal, while the colored lines correspond

respectively to the roll rate response for each flight condition.
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Figure 4.18 Roll ¢ variation with time responses for 64 representative cruise

The dotted line corresponds to the reference roll angle signal, while the colored lines

conditions: (a) PID, (b) PID and DI and (c) PID — DI and NN controller configurations

correspond respectively to the roll angle response for each flight condition.
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Figure 4.19 Heading control for 64 cruise conditions for : (a) PID, (b) PID and DI and (c)
PID — DI and NN controller configurations
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The dotted line corresponds to the reference heading signal, while the colored lines correspond
respectively to the heading response for each flight condition. The same reference signal was
applied for the three configurations (a), (b) and (c).

4.5.5 Performance results

The CSAS and Autopilot performances have been summarized in the following Table 4.13.The
inner loop CSAS, including the pitch rate and roll rate responses, present damping and
frequency characteristics, as they are oscillatory motions related to the short period and Dutch
roll dynamics. Comparing the results with the flight quality specifications provided by
(Department of Defense, 1997), we can conclude the inner loop controllers respect the Level
1 flight quality and are therefore suitable to implement within the trajectory tracking controller.
The vertical speed overshoots between 11% to 34%, depending on the flight conditions;
however, the settling and rising time are small enough for longitudinal maneuver. Also, the
altitude and the heading autopilots present negligible overshoots and small enough settling
times, which are the requirement for smooth flight-level change and coordinated turns, thus

ensuring passenger comfort.

Table 4.13 CSAS and Autopilot transient performance results

Frequency, |[Rising time,|Settling time, Overshoot,
Signal Damping rad/s sec sec %

Pitch rate controller | 0.59 —0.77 43-53 0.25-0.29 1-1.85 6—28
Roll rate controller 0.33—0.47 2.8-3.03 1.37-1.49 1.5-3.5 4.3 %<
Roll angle controller - - 810 13.2-15.2 7.2-20
Vertical speed . . 5-8 10— 15 11-34
autopilot

Altitude autopilot - - 2.8-4.8 34-6.7 1%<
Heading autopilot - - 3.5-23 3-31 1%<
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4.6 Robustness Tests
4.6.1 Wind and Turbulence Tests

The CSASs and the autopilots were tested in the presence of external disturbances such as
wind gusts and turbulence. The disturbances were simulated using a Dryden turbulence model,
and they were directly implemented on the aircraft model dynamics. Figure 4.20 illustrates the
wind and turbulence profiles, while Figure 4.21 shows the coordinated altitude and heading

tracking for 64 flight conditions.
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Figure 4.20 (a) Dryden turbulence profile and (b) Wind gust profile



182

300 300
0 50 100 150 0 50 100 150
time [sec] time [sec]
100 100
o0 "0
< 50 <. 50
> =4
0 o L . ot .
0 50 100 150 0 50 100 150
time [sec] time [sec]
(a) (b)

Figure 4.21 Dual altitude and heading command for 64 representative cruise conditions
in the presence of (a) turbulence and (b) wind gusts

4.6.2 Flight Tests Comparison on the RAFS

Finally, the altitude and heading autopilots were compared with those of the real Cessna
Citation X using flight tests on the Research Aircraft Flight Simulator (RAFS), and the

comparison results are given in Figure 4.22. Saturators were added according to the aircraft

performance limitations as specified in Table 4.2.
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Figure 4.22 Altitude and heading time variations comparison between (a) flight tests on
the RAFS and (b) Simulink simulations
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4.7 Discussion of Results

4.7.1 CSAS and Autopilot architectures

The CSAS and autopilots developed for the Cessna Citation X contained three inner loop
controllers for the pitch rate, roll rate, and roll angle control, and three outer loop autopilots
for the vertical speed, altitude, and heading command. Their respective architectures were
illustrated in Figure 4.2 to Figure 4.5, where Figure 4.2 shows the pitch rate and vertical speed
autopilot configuration, Figure 4.3 shows the altitude autopilot, and Figure 4.4 and Figure 4.5
show the complete set of autopilot architectures, including the heading autopilot with the roll
angle control and yaw rate stabilization. The CSAS design objectives were established to
satisfy MIL-STD-1797A Level 1 flight quality criteria across the CCX cruise flight envelope
(Department of Defense, 1997). The longitudinal system architecture included the pitch rate,
vertical speed, and altitude autopilots, whereas the lateral directional system architecture
integrated roll rate, roll angle, and heading control with a yaw rate stabilization. In addition,

the yaw stabilization was fulfilled through dampening of the sideslip angle derivative.

The CSAS and e hybrid adaptive architectures combining PID control for baseline stability,
Recursive Least Squares (RLS) based dynamic inversion, and Neural Network (NN)
adaptation for residual error compensation. The Dynamic Inversion (DI) was applied to the
CSAS controllers and heading autopilots, while the altitude and vertical speed autopilots used
PID-NN configurations. The DI was not applied on the altitude and vertical speed command
due to small value inversion, which may lead to zero division, and thus, numerical instabilities

when inverting the control matrices Gy, and Gy,.

4.7.2 Tuning and Adaptation

In sum, the overall controllers and autopilots were tuned and validated for 64 representative
cruise flight conditions with varying altitudes from 1,500 m [5,000 ft] to 12,200 m [40,000 ft]
and calibrated airspeeds between 314 km/h [170 knots] and 611 km/h [330 knots], as shown

in Figure 4.13. Parameter tuning was fulfilled using sensitivity analysis and global
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optimization, as shown in Figure 4.7 and Figure 4.8, to identify a single robust controller
configuration. The RLS estimator provided accurate local linearization, with updates triggered
only when the estimation error exceeded a predefined threshold to avoid divergence, as
indicated in Figure 4.11. The influence of the forgetting factor k was analyzed; small k values
yielded faster but noisier updates, while higher k values improved stability. The convergence
of RLS estimated states, covariance matrices, and hyperparameters are shown in Figure 4.11
to Figure 4.13, confirming reliable estimation of both longitudinal and lateral dynamics. The
neural network compensates for modelling errors from the RLS estimations. The normalization

coefficient K, was applied to the NN i*" input to keep error magnitudes near zero and stabilize

weight adaptation, as depicted in Figure 4.14. The NN demonstrated effective learning for both
single-loop and coupled-loop configurations, thus accelerating transient responses and

reducing steady-state tracking errors.

Regarding numerical singularities associated with nonlinear dynamic inversion, they may arise
when the control effectiveness matrix becomes ill-conditioned. In fact, as seen in the numerical
values of Gyoy, and Gy, from Eq. (4.32), their values can be very small and cross zero, as they
constantly change through time. In the proposed adaptive autopilot architecture, this issue is
mitigated by operating around trimmed flight conditions, and a covariance matrix update is
performed. The inversion process is therefore performed on matrices whose determinants
remain sufficiently far from zero, ensuring numerical stability and reliable control allocation.
Furthermore, the adaptive neural network compensation and feedback control loops contribute
to maintaining bounded system responses, which prevents the controller from driving the

system toward singular configurations during the evaluated cruise flight conditions.

4.7.3 CSAS and Autopilot Performance

Three controller configurations were assessed: PID, PID-DI, and the full hybrid PID-DI-NN.
As shown in Figure 4.14 to Figure 4.19, the hybrid adaptive design consistently achieved the
best tracking and disturbance rejection performance. Pitch rate and roll rate controllers reached

steady state within 1.9 s with errors below 0.1 %, meeting Level 1 flight quality by closely
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following reference signals. For vertical speed control, response times ranged from 5 s to 8 s,
and settling times from 10 s to 15 s, while NN adaptation reduced transient response time by
about 30%. The altitude autopilot achieved smooth altitude capture with minimal overshoot,
improved by derivative-based NN weight updates near the target altitude. Roll control
performance improved, notably by the use of dynamic inversion, and the addition of NN
further decreased the settling time from 12 to 15 s to 8—10 s and eliminated residual steady
state errors. The heading autopilot accurately tracked a 3°/s standard turn rate, maintaining
altitude-heading maneuver coordination. The combined altitude-heading maneuver at 35,000
ft and 290 knots was illustrated in Figure 4.21, and it confirms the controller’s ability to

coordinate longitudinal and lateral control.

4.7.4 Robustness validation

Robustness testing under Dryden turbulence and wind-gust disturbances shown in Figure 4.21
has validated the system’s resilience to uncertainties. Controller stability was preserved across
all conditions without retuning or reconfiguration, and control-surface deflections remained
within their physical required limits. Furthermore, the adaptive control elements demonstrated
numerical stability and convergence. Thus, the adaptive autopilots maintained stable dynamics

even when reference models were changed, confirming structural robustness.

Finally, a comparative validation using the Level D Research Aircraft Flight Simulator was
shown in Figure 4.22. The proposed controller achieved faster and smoother trajectory tracking
than the actual baseline Cessna Citation X autopilot. Despite minor actuator saturation limits
in real flight, the adaptive-controller responses were nearly identical, demonstrating the realism

and generalizability of the simulation results.

4.7.5 Stability assessment

The stability and convergence of the proposed adaptive control architecture follow the
Lyapunov-based framework commonly used in adaptive neural network control. According to

the Lyapunov stability criterion, a positive definite candidate function £ is selected such that
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L >0 and its time derivative satisfies £ < 0, which guarantees boundedness of the closed-
loop signals and convergence of the tracking error (Lavretsky & Wise, 2024). Neural network
adaptive control laws derived using Lyapunov stability theory have been extensively
established in the literature, where the weight adaptation laws are designed to ensure the
negative semi-definiteness of the Lyapunov derivative and the boundedness of the neural
network approximation error (Kim & Calise, 1997 ; Lewis et al., 1995; Narendra &
Annaswamy, 1987). In addition, the parameter estimation used in the proposed controller relies
on the Recursive Least Squares (RLS) algorithm, whose convergence properties and
boundedness of the estimation error are well established in estimation theory (Haykin, 2013).
Under appropriate excitation conditions, the RLS estimator ensures convergence of the
estimated parameters and bounded estimation errors. Consequently, in this work, we assume
that the combination of Lyapunov-based neural network adaptation and RLS parameter
estimation guarantees bounded closed-loop signals and convergence of the tracking error for

the proposed adaptive control system.

4.7.6 General remarks

In sum, the designed controller’s main advantage is that it does not require any prior knowledge
of the aircraft’s mathematical model. Control inputs are solely generated from online RLS
estimated local dynamics, allowing dual adaptation using dynamic inversion and NN to
maintain controller high accuracy and robustness throughout the cruise flight envelope. By
combining the proven reliability of classical PID control with modern adaptive estimation and
learning, the proposed architecture achieved stable, certifiable, and high-performance flight

path control suitable for advanced business jet autopilot systems.

4.7.7 Future works

Although the proposed adaptive autopilot architecture has been validated across 64
representative cruise flight conditions and evaluated under wind gust and Dryden turbulence
disturbances, further robustness assessment could be conducted using Monte Carlo

simulations. Such an approach would allow a systematic statistical analysis of controller
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performance under randomized variations in aerodynamic parameters, actuator dynamics,
sensor uncertainties, and environmental disturbances. In addition, the present work focuses
primarily on cruise flight conditions. Future research will extend the proposed control
framework to other flight regimes, including climb, descent, takeoff, and landing phases, where
aircraft dynamics and operational constraints differ significantly. Investigating controller
performance across the full flight envelope would further demonstrate the applicability of the
adaptive architecture to complete flight missions. Finally, future developments may explore
the integration of fault-tolerant control strategies to enhance system resilience in the presence
of actuator or sensor failures. The inclusion of additional secondary control surfaces, such as

spoilers, could also be investigated to improve control allocation and overall aircraft

maneuverability.
4.8 Conclusions
4.8.1 Research Summary

This research mainly aims to:

e Address Loss of Control In-Flight risks through enhanced flight control robustness.

e Reduce the strong dependence of conventional controllers on gain scheduling and
linear models.

e Improve adaptability across the cruise flight envelope, while maintaining Level 1 flight
quality requirements.

e Bridge the gap between advanced adaptive control methods and practical
implementation constraints, including flight quality requirements.

e The key contributions can be enumerated as follows:

e Designing hybrid adaptive controllers and autopilots combining PID, RLS-based
dynamic inversion and neural network controllers.

¢ Eliminating gain scheduling by enabling a single controller configuration that is valid

across the cruise flight envelope.
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4.8.2

Validating the designed controllers and autopilots throughout the cruise envelope of
the Cessna Citation X by using a high-fidelity nonlinear flight dynamic model.
Comparing the adaptive autopilots with the actual autopilots mounted on the Cessna

Citation X.

Conclusions

From the simulation results, the following conclusions can be formulated:

The hybrid adaptive controller and autopilots were successfully developed for Cessna
Citation X flight dynamics. The proposed system included inner-loop CSAS controllers
for pitch rate, roll rate, and yaw rate stabilization, and outer-loop autopilots for vertical
speed, altitude, and heading control.

The controller achieves MIL-STD-1797A Level 1 flight quality across 64 cruise
conditions using a single configuration without gain scheduling.

The RLS estimator and NN adaptation enable accurate online modelling and
compensation of uncertainties, ensuring robust performance in the presence of wind
gusts and turbulence.

The proposed controller outperforms baseline PID and PID-RLS designs, providing
faster response, improved tracking accuracy, and effective disturbance rejection.
Validation with high-fidelity RAFS data confirms the practical feasibility, robustness,
and real-world applicability of the approach.



CHAPTER 5

DISCUSSIONS AND RECOMMANDATIONS

5.1 Performance assesment

The performance of the proposed adaptive control architecture is quantitatively assessed using
time-domain metrics, frequency-domain characteristics, and handling-quality criteria. The
evaluation is conducted over multiple trim conditions spanning the cruise flight envelope, and

the results are compared against baseline controllers and reference model requirements.

For the pitch-rate control loop, the closed-loop response exhibits a rise time between 0.35 s
and 0.55s, with a settling time (2% criterion) consistently below 2.0 s across all tested
conditions. The maximum overshoot remains below 8%, which is well within the typical Level
1 handling-quality recommendation of less than 10% for short-period dynamics. In
comparison, the baseline non-adaptive controller shows overshoot values reaching 15-18%

under the same condition.

Steady-state tracking errors are negligible, with mean absolute error values below 0.02 rad/s
for pitch-rate commands and below 0.15 m/s for vertical-speed tracking. These results confirm
that the adaptive elements effectively compensate for modeling uncertainties and flight-

condition variations without introducing bias or drift.

The identified closed-loop short-period dynamics present a natural frequency ranging from 1.8
to 2.6 rad/s and a damping ratio between 0.45 and 0.75, depending on the flight condition. All
operating points fall strictly within the MIL-STD-1797A Level 1 short-period boundaries, with

a minimum damping margin of approximately 20% relative to the lower bound.

Under parametric variations and external disturbances (e.g., turbulence and aerodynamic
coefficient perturbations), the adaptive controller maintains stable behavior with bounded

adaptive signals. The Lyapunov-based adaptation law ensures that the estimated parameters
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converge to bounded regions, with adaptation transients settling within 3—5 seconds after

disturbance onset.

Quantitatively, disturbance-induced pitch-rate deviations are reduced by approximately 40—
55% compared to the non-adaptive controller. Similarly, vertical-speed deviations during gust
encounters are reduced by up to 50%, demonstrating a significant improvement in disturbance

rejection capability.

Flight-quality metrics derived from simulation data confirm Level 1 handling qualities for all
evaluated conditions. The Control Anticipation Parameter (CAP) remains within acceptable
bounds, and the dropback magnitude is consistently below 0.1, indicating well-balanced short-

period response and pilot-acceptable transient behavior.

The adaptive controller also reduces the dispersion of handling-quality metrics across the flight
envelope. For instance, the standard deviation of short-period damping across trim points is
reduced by approximately 35%, highlighting the benefit of adaptation in minimizing gain-

scheduling requirements.

The quantitative results demonstrate that the proposed adaptive control architecture not only
meets but exceeds standard flight-quality and robustness requirements. Compared to baseline
fixed-gain controllers, the adaptive approach yields faster response, reduced overshoot,
improved robustness margins, and significantly enhanced disturbance rejection, while
maintaining strict compliance with MIL-STD-1797A Level 1 criteria across the entire tested

envelope.

5.2 Thesis Discussions

This thesis addresses fundamental limitations identified in the literature on flight control
systems, namely the strong dependence of classical and modern controllers on accurate

modeling, extensive gain scheduling, and expert-driven tuning, as well as the lack of
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certification-oriented validation methods for adaptive and intelligent controllers. The results
obtained following the longitudinal, lateral-directional, and autopilot control studies
demonstrate that these limitations can be effectively overcome through a hybrid adaptive
control architecture that combines fixed-gain PID stabilization, Recursive Least Square—based
dynamic inversion, and neural network adaptation. Rather than proposing incremental
improvements to existing methodologies, this research establishes a coherent and scalable
control method capable of operating across the full cruise flight envelope of a commercial
business jet aircraft. This method could further be adapted to another similar type of business

aircraft.

A central outcome of this research consists in the demonstration that a single controller
configuration can provide stable, robust, and high-performance control across 64 cruise
conditions without gain scheduling. This result represents a significant achievement in
conventional flight control design practices, where envelope coverage is obtained by trimming
the aircraft over the flight domain, and by designing its multiple controllers. The proposed
architecture replaces gain scheduling with online estimation and adaptation, allowing the
controller to continuously reconstruct the aircraft local dynamics model and compensate for
real time uncertainties. The elimination of gain scheduling reduces design complexity, memory
requirements, and verification effort, while simultaneously improving controller stability and

maneuverability.

The effectiveness of the hybrid PID-RLS-NN architecture lies in the clear functional
separation between its components. The fixed-gain PID controller ensures baseline stability
and predictable behavior, thereby preserving classical control and safety. The RLS-based
dynamic inversion provides online identification of local system dynamics using only variable
increments, enabling adaptive inversion without reliance on a global aircraft model. The neural
network layer complements this process by compensating residual inversion errors, actuator
nonlinearities, and unmodeled dynamics that cannot be captured only by local linearization
alone. Sensitivity and comparative studies consistently showed that neither RLS nor neural

network adaptation alone is sufficient to achieve the desired level of robustness and
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performance; instead, their combination yields a dual adaptation mechanism that enhances

convergence, disturbance rejection, and tracking accuracy.

This thesis also contributes to practical strategies that are essential for the reliable deployment
of adaptive control algorithms. Numerical stabilization mechanisms including threshold-based
RLS updates, covariance matrix reinitialization, and bounding strategies during matrix
inversion, proved their efficiency in preventing divergence, and in ensuring stable convergence
over long time simulation and under disturbances. These measures enabled the controller to
remain numerically bounded across a wide range of operating points, solving a common

weakness of online identification and inversion methods.

A major distinguishing feature of this thesis is the explicit validation of adaptive controllers
using certification-relevant flying quality metrics. Rather than evaluating performance solely
in terms of tracking error or transient response, the proposed controllers were systematically
assessed by use of MIL-STD-1797A Level 1 flight quality requirements for short-period, roll,
and Dutch-roll dynamics. Across all tested conditions, the adaptive controllers consistently
met Level 1 criteria while maintaining low steady-state errors, acceptable settling times, and
unsaturated actuator behavior. This result demonstrates that nonlinear adaptive controllers can
be designed and tuned to satisfy established flying quality standards, thereby bridging the gap

between advanced adaptive control research and certification-oriented flight control design.

The scalability of the proposed architecture was further demonstrated through its integration
into a complete control stability augmentation system and an outer-loop autopilot. The
successful coordination of the pitch rate, roll rate, yaw stabilization, vertical speed, altitude,
and heading control confirms that the hybrid adaptive method is not applied only to isolated
inner-loop controllers, but it can support higher-level flight path control objectives. Design
decisions were made to preserve the model numerical robustness, such as applying dynamic
inversion where estimation sensitivity was acceptable and retaining PID-NN structures, for

which matrix inversion became ill-conditioned.
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The results show that the hybrid PID-RLS-NN dynamic inversion architecture provides a
robust, scalable, and certifiable solution for adaptive flight control of a business aircraft. By
combining the reliability and stability of classical control with online estimation and learning-
based adaptation, this thesis demonstrates a practical pathway toward intelligent flight control

systems that meet both performance and certification requirements.

5.3 Recommendations

Future work should extend the proposed control architecture beyond cruise flight into more
demanding operating flight regimes, such as takeoff, climb, descent, approach, landing, and
high-angle-of-attack maneuvers. These flight phases involve stronger nonlinearities, tighter
actuator constraints, and more pronounced coupling effects, which will further challenge the
estimation, inversion, and adaptation mechanisms. Extending model validation to these
regimes would significantly strengthen the generality and operational relevance of the

proposed control method.

While this thesis established compliance with Level 1 flying qualities through quantitative
metrics, a complete assessment of aircraft handling qualities requires pilot-in-the-loop
evaluations. Future studies should therefore incorporate piloted simulation campaigns using
objective rating methodologies, such as Cooper—Harper, Neal-Smith, or bandwidth-based
criteria. These evaluations would provide critical insight into pilot workload, controllability,
and handling qualities, thereby complementing the quantitative flying quality analysis and

supporting certification-oriented validation.

To further reduce the simulation-to-reality gap, hardware-in-the-loop validation is strongly
recommended. Flight control real time hardware would allow assessment of computational
latency, discretization effects, sensor noise, actuator rate limits, and real-time scheduling
constraints. This work is essential to demonstrate that the proposed adaptive controllers can
operate reliably under realistic implementation conditions, and to identify any additional

constraints required for real-time deployment.



194

The demonstrated robustness of the proposed controllers under actuator loss-of-effectiveness
motivates the extension of this work toward explicit fault-tolerant and reconfigurable control
architectures. Integrating fault detection and isolation mechanisms with the adaptive control
method would enable systematic handling of failures (such as sensors, actuators,
aerodynamics, etc.) while preserving stability and controllability. The existing hybrid
controller structure is particularly well suited for such extensions, as the adaptive layers can
compensate for degraded dynamics while the PID baseline controller ensures stability during

fault detection and transition phases.

Finally, future research should focus on finalizing certification-oriented design and validation
procedures for adaptive flight control systems. This research includes defining robustness
margins relative to MIL-STD-1797A boundaries, documenting repeatable tuning
methodologies for adaptive parameters, and establishing verification processes that are
verifiable. Such developments would help transform adaptive control from a research topic

into an accepted and standardized hardware of safety-critical flight control systems.



CONCLUSION

This thesis investigated the design, validation, and certification relevance of adaptive flight
control systems for commercial aircraft, with a particular focus on the Cessna Citation X
business jet. Motivated by the limitations of classical and modern flight controllers identified
in the literature, namely their reliance on accurate modeling, extensive gain scheduling, and
expert-driven tuning, this research proposed and validated a hybrid adaptive control
architecture capable of operating across the full cruise flight envelope without gain scheduling

while maintaining certification-compatible performance.

The main contribution of this thesis is the development of a unified hybrid control method that
combines fixed-gain PID controllers, Recursive Least Square—based dynamic inversion, and
neural network adaptation. This architecture preserves the stability, transparency, and
reliability of classical controllers while introducing online adaptation mechanisms that
compensate for modeling uncertainties, nonlinearities, and time-varying dynamics. Unlike
purely model-based or purely data-driven approaches, the proposed method achieves
adaptation through a structured and interpretable combination of estimation, inversion, and

learning, making it particularly well suited for safety-critical aerospace applications.

The proposed control architecture was systematically validated through a series of
longitudinal, lateral—directional, and integrated autopilot control studies. Inner-loop controllers
for pitch rate, roll rate, and yaw stabilization, as well as outer-loop autopilots for vertical speed,
altitude, and heading control, were designed and evaluated using a high-fidelity nonlinear
simulator of the Cessna Citation X. Across 64 cruise flight conditions spanning wide ranges of
altitudes and airspeeds, the controllers consistently achieved accurate tracking, rapid
convergence, and robust disturbance rejection using a single controller configuration. This
result demonstrates that envelope-wide adaptive flight control can be achieved without gain

scheduling, significantly reducing design complexity and improving scalability.
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A key outcome of this research is the explicit validation of adaptive controllers using MIL-
STD-1797A Level 1 flying quality requirements. Short-period, roll, and Dutch-roll dynamics
were quantitatively assessed and shown to remain within Level 1 boundaries across the entire
cruise envelope, even in the presence of wind gusts, Dryden turbulence, actuator noise, and
actuator loss-of-effectiveness. Lyapunov-based stability analyses further confirmed
boundedness and convergence of adaptive elements. By embedding certification-relevant
performance metrics into the validation process, this thesis demonstrates that adaptive and
learning-based controllers can be designed accordingly with established airworthiness

standards.

From an implementation perspective, this thesis also addressed practical challenges associated
with online estimation and dynamic inversion. Numerical stabilization strategies, including
threshold-based RLS updates, covariance matrix reinitialization, and bounded inversion
techniques, were shown to be essential for ensuring reliable convergence and preventing
numerical instability. These contributions highlighted that successful adaptive control design
requires not only theoretical soundness but also careful attention to numerical robustness and

implementation details.

The scalability of the proposed architecture was demonstrated through its integration into a
complete control stability augmentation system and autopilots. The coordinated control of
longitudinal and lateral—directional dynamics model, including combined maneuvers such as
simultaneous climb and turn, has confirmed that the hybrid adaptive method can support
higher-level flight path control objectives. Comparative validation of the developed controller
results using a Level D research flight simulator further demonstrated that the proposed
adaptive autopilot achieved smoother and faster responses than the baseline onboard controller,

reinforcing the practical relevance of the results.

In summary, this thesis provides a comprehensive and certification-aware contribution to the
field of adaptive flight control. It demonstrates that a hybrid PID-RLS dynamic inversion—

neural network architecture can deliver robust, high-precision, and envelope-wide flight
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control for business aircraft while remaining compatible with established flying quality
standards. By bridging the gap between classical control reliability and modern adaptive
capabilities, this thesis establishes a credible pathway toward the deployment of adaptive flight
control systems in safety-critical aviation environments and lays a solid foundation for future
developments toward fault-tolerant, autonomous, and experimentally validated flight control

architectures.
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Résumé

Cette recherche présente une technique de conception d'un contréleur non linéaire adaptatif
pour la vitesse de tangage de l'avion d'affaires Cessna Citation X. L'algorithme de contrdle
proposé comprend trois composants principaux, a savoir un contrdleur a modele de prédictif
(MPC), une estimation d'état en ligne et un contréleur adaptatif a réseau de neurones.
L'estimation de la dynamique locale de I'avion est effectuée a I'aide de la méthode des moindres
carrés récursifs (RLS). L'algorithme RLS consiste en un filtre adaptatif adapté a
'approximation d'état qui ne nécessite que des états et des incréments de contrdle. Le
controleur MPC consiste en une optimisation de la trajectoire de contrdle sur un horizon de
contrdle et un horizon de prédiction donnés. Une optimisation non lin€aire est réalisée, incluant
des contraintes, pour lequel une fonction de colit quadratique par rapport a la trajectoire de
controle est minimisée. Enfin, un réseau de neurones adaptatif est ajouté, qui compense les
erreurs dans les estimations d'état et améliore les performances globales du controleur. Le
composant adaptatif consiste en un réseau neuronal a propagation directe a une couche cachée,
dont les hyperparametres sont mis a jour en ligne a 1'aide du principe de rétropropagation sur
les poids des couches d'entrée et de sortie. Les résultats de la simulation ont montré que
l'algorithme de controle proposé¢ était parfaitement capable de suivre un signal de référence
donné définissant une dynamique de vol souhaitée pour le controle du taux de tangage. Le
contrleur de vol a été testé dans 63 conditions de vol différentes sur I'ensemble de 1'enveloppe
de vol du Cessna Citation X et a démontré de bonnes performances d'adaptation. L'algorithme
de contrdle a ensuite été testé avec différents parametres des éléments du contrdleur, et de tres
bonnes performances ont été obtenues pour des signaux de référence donnés sur le taux de
tangage.

Abstract

This research presents a technique for designing an adaptive nonlinear controller for the pitch
rate of the Cessna Citation X business jet aircraft. The proposed control algorithm includes 3
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major components, namely a Model Predictive Controller (MPC), an online state estimation,
and an adaptive neural network controller. The estimation of the aircraft local dynamics is
performed using Recursive Least Square (RLS) method. The RLS algorithm consists of an
adaptive filter suited for state approximation which only requires state and control increments.
The MPC controller consists of an optimization of the control trajectory over a given control
and predicted horizons. A constrained nonlinear optimization is fulfilled to solve the
optimization problem, for which a quadratic cost function with respect to the control trajectory
is minimized. Finally, an adaptive neural network is added, which compensates for the errors
in the state estimations and improves the overall performance of the controller. The neural
network component consists of a single hidden layer feedforward neural network, for which
the hyperparameters are updated online using backpropagation principle on the weights of the
input and output layers. The simulation results showed that the proposed control algorithm was
perfectly capable of tracking a given reference signal defining a desired flight dynamic for the
pitch rate control. The flight controller was tested on 63 different flight conditions across the
flight envelope of the Cessna Citation X and demonstrated good adaptation performance. The
control algorithm was then tested with different parameters of the controller elements, and very
good performance was obtained for given reference signals on the pitch rate.

1.1 Introduction

Flight controllers remain one of the major components of aircraft systems, without which it is
impossible for an aircraft to perform any maneuver. In fact, actual aircraft manufacturers are
investing in aircraft flight controls in order to improve aircraft performance, instead of
changing the overall structure of the aircraft. A flight controller should meet several
requirements, one of which consists of its ability to adapt to changing environment. Indeed,
aircraft are constantly subjected to uncertainties, which may affect their stability during flight
operation. However, one of the major issues in flight controls consists of implementing such
controllers, which can adapt themselves to any changes. An adaptive controller could
compensate for the loss of effectiveness of control surfaces, such as elevators.

Actual flight controllers are still based on classical and modern control, such as Proportional
Integral Derivative (PID) controllers or Linear Quadratic Regulator (LQR) (Nelson, 1998).
Even though classical and modern control are powerful in terms of stability and robustness,
they are not suited for adaptation. Indeed, one of their characteristics consists in designing the
flight controller for a specific range of flight operating conditions. Firstly, the linearization of
aircraft dynamics may neglect some important nonlinearities. Secondly, several configurations
of the flight controllers are required to cover a large range of flight conditions. And thirdly,
their application is only possible for specific conditions. Therefore, for a PID or an LQR
controller, a gain scheduling is often required, which is a time-consuming task (Y. Boughari,
Ghazi, et al., 2017a, 2017b ; Yamina Boughari, Botez, et al., 2017 ; Yamina Boughari, Ghazi,
etal., 2017).

More advanced control methods were proposed in order to deal with controller adaptation.
Among them, we can cite the Dynamic Inversion (DI) (Lane & Stengel, 1988) and Model
Predictive Control (MPC) (Eren et al., 2017) in the 1990’s. These methods were able to deal
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with the adaptation problem but require a precise knowledge of the aircraft dynamics. The
Dynamic Inversion consists of expressing the control input with respect to the aircraft states
and their derivatives (Ducard & Geering, 2008 ; Horn, 2019), while the MPC controller
consists of an optimization of the control input in a given optimization window. The MPC
controller may be related to the LQR control, in the fact that optimization is fulfilled by
minimizing a given cost function. However, the DI and MPC methods are difficult to apply
when the aircraft dynamics are complex. In fact, for Dynamic Inversion, the method requires
the derivation of the output signal, while for the MPC controller, it requires a precise model of
the aircraft in order to compute its optimal control signal (Camacho & Bordons, 2007). In both
cases, a linearization of the aircraft dynamics is required for the design of the controller, which
is not always applicable for nonlinear dynamics model.

One solution consists of using online estimates, which can be fulfilled using adaptive filters
such as Recursive Least Square (RLS) methods (Haykin, 2013 ; Zhou et al., 2018). For
nonlinear systems, the RLS algorithm allows to estimate the local dynamics of the aircraft,
which can be further combined with Dynamic Inversion and MPC controllers (R. P.
Andrianantara, Ghazi, et al., 2024). However, in previous studies, when combined with
Dynamic Inversion, the parameters of the RLS algorithm were highly sensitive to its
initialization parameters, as the Dynamic Inversion may conduct numerical instabilities.
Therefore, additional mechanisms on the covariance matrix were necessary in order to
guarantee its stability.

However, in this study, the RLS algorithm is combined with an MPC controller and only plays
the role of state estimator. The use of the RLS filter was then much simpler than in the previous
studies. Even though the proposed method shows very good closed-loop performance, it still
presents a steady-state error, which may be due to the estimation error obtained from the RLS
algorithm. One solution consists of adding an adaptation component, such as neural networks
(N. Nguyen & Krishnakumar, 2007). In fact, Artificial Intelligence has been combined with
classical methods in order to improve their performance, such as fuzzy logic (Grigorie, Botez,
etal., 2012a ; S. Hosseini, Ghazi, & Botez, 2023a, 2023b), neural networks (S. Hosseini, Inga,
etal., 2023 ; Mosbah et al., 2016) or evolutionary algorithms (Y. Boughari, Ghazi, etal., 2017a,
2017b ; Yamina Boughari, Botez, et al., 2017 ; Yamina Boughari, Ghazi, et al., 2017).
Artificial Neural Networks are universal approximators that are extensively used in regression
problems, such as control. In the domain of system identification, neural networks were applied
for the identification of complex flutter dynamics (Boely et al., 2011 ; Boely & Botez, 2010),
aircraft dynamics (Zohreh Nejad et al., 2023) and nonlinear engine dynamics from flight tests
(R. P. Andrianantara et al., 2021, 2023b ; Rojo Princy Andrianantara et al., 2021 ; Zaag et al.,
2019). For control purposes, neural networks were able to adapt their hyperparameters in order
to follow a reference signal (Bosworth & Williams-Hayes, 2007 ; Johnson & Calise, 2003 ;
Soares & Burken, 2006).

Therefore, this paper presents the design of a Model Predictive Controller combined with a
Neural network controller and an online state estimation for the pitch rate control of the Cessna
Citation X business jet aircraft. The online state estimation is fulfilled using the RLS method,
and the estimated dynamics are fed into the MPC controller for optimization. A constrained
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nonlinear optimization algorithm is used in order to compute the optimal control input, and a
feedforward neural network is used as an adaptive element. The controller was tested on
several flight conditions, throughout the Cessna Citation X flight envelope, for which the
objective consists in tracking a reference signal on the pitch rate.

The remainder of this paper is structured as follows. A description of the Cessna Citation X
business jet aircraft and its longitudinal dynamics is given in Section 1.2. The design
methodology and the implementation of the control algorithm is given in Section 1.3. Finally,
simulation results are presented in Section 1.4.

1.2 Aircraft Model and Simulation Platform
Cessna Citation X Research Flight Simulator and Simulink Interface

The Cessna Citation X is one of the fastest business jet aircraft in the world. At the LARCASE
laboratory, a high-fidelity nonlinear simulation platform of the Cessna Citation X was
developed in Matlab/Simulink for research purposes from a combination of complex flight
dynamics modules (Ghazi & Botez, 2015a). This simulation platform includes a high-fidelity
aerodynamic and propulsion model, various sensors and actuator models, and an atmosphere
and wind model. Most of these modules included in the simulation platform were developed
based on data acquired from a highly qualified Level D Research Aircraft Flight Simulator
(RAFS) manufactured by CAE Inc. Thus, the MATLAB/Simulink simulation platform can be
considered as a high precision tool for the development and validation of our proposed control
algorithm.

In addition, the simulation platform includes various routines to trim and linearize the aircraft
dynamics for specific flight conditions. Previous research conducted by the LARCASE
research team has demonstrated that a high-fidelity model of the Cessna Citation X business
jet allows for the design of effective LQR and H,, controllers for the entire flight envelope (Y.

1.2.Boughari, Ghazi, et al.,, 2017a, 2017b ; Yamina Boughari, Botez, et al., 2017 ; Yamina

Boughari, Ghazi, et al., 2017 ; Ghazi & Botez, 2015b).

Aircraft Nonlinear Dynamics Model

The longitudinal dynamics of the Cessna Citation X are considered in order to design the pitch
rate control, for which only elevator commands are used. Also, the actuator is modeled using
a second-order nonlinear dynamic. Based on these assumptions, the longitudinal dynamics of
the aircraft can mathematically be represented as follows:

X =@xmn) )
)= h() (A I-1)

wherex =[u w q 6]7 is the state vector composed of the longitudinal component of the
velocity, the vertical component of the velocity, the pitch rate, and the pitch angle, respectively,
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n = 6, is the elevator command, ¢ is a function describing the nonlinear longitudinal
dynamics of the aircraft, y is the output of the model to be controlled, and h is a nonlinear
function describing the relationship between the output of interest (i.e., the pitch rate) and the
state vector X. Equation (A I-1) is the nonlinear form of the state space representation of the
aircraft dynamics, which also includes the actuator dynamics, and for which the nonlinear
function ¢ is unknown or uncertain.

L3 Design Methodology

The proposed control algorithm consists of a Model Reference Adaptive Controller (MRAC),
whose architecture is shown in Figure A I-1. As seen in this figure, the control algorithm is
composed of a Model Predictive Controller, an RLS state estimation and an adaptative
controller, which is modeled using neural networks.

MPC Controller
RLS X
online
estimation ’
@ P e
9emd Reference | dref Optimization Wapt"'
model h

Actuator
Dynamics
NN

Adaptive
Coptroller

e Adaptation
Y)Y ) Adaptation | y
laws

Figure A I-1 Architecture for the MPC Controller using Recursive Least Square
Estimation and Adaptive Neural Network Controller

Aircraft Dynamics linearization

For aircraft systems, the local dynamics may be written in the state space form, where the state
derivatives may be expressed in affine form with respect to the control input 1 (Stevens et al.,
2015). Therefore, Eq. (A I-1) can be then rewritten as follows:

x = f(x) + g(x)n
L =q=C-x (A1-2)

where f and g are nonlinear functions that represent the aircraft dynamics, and the output
equation y corresponds to the pitch rate g. Finally, C is the output matrix corresponding to the
pitch rate g and isequalto[0 0 1 0].
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The next development consists of linearizing the aircraft dynamics at a given sample time
applied in Figure A I-1.

Let’s consider the affine relationship presented in Eq. (A I-1) and Eq. (A 1-2) as follows:

x=@xn) =fx) +gxn (A 1-3)

Thus, the first order Taylor series expansion of Eq. (A 1-3) around an initial point (Xq, 79) may
be written as follows:

@(x,1m) = @(Xo,M0) + @x(X, M xg,(X = Xo) + @, (X, 1) xq,n, (1 = 10) (A 1-4)

where @(Xg,7,) is the value of @(x,7) at (Xg,70), @x(X,M)x, 7, and (p’17 (X,)xg,n, are the
partial derivatives of @(x,n) with respect to the states X and to the input 7, respectively.
From Eq. (A 1-3), @(X¢,no) can be obtained with Eq. (4.1). Then, the derivatives of @(x,7)
with respect to states X and to the input 1 are obtained from Eq. (A 1-4) as follows:

@(x0,m0) = f(Xg) + g(Xo)7 (A I-4.2)
) of(x) dgx) (A I-4.b)
(pX(Xt T]) = aX + aX 77
of(x) 0 (Al4.0)
a0 = 2+ BT g i

Thus, rewriting the states and input in terms of their variation AX = (X —Xo) and An =
(n — ny) and replacing all terms obtained in Eq. (4.1) (4.2) and (4.3) in Eq. (A I-4), we obtain
Eq. (A I-5):

0f(x) N Ig(x)

(p(x"r]) = f(Xo) + g(XO)TI + < 0x 0x

n> Ax + g(X)xyn,AN (A I-5)
X0,M0

Let’s rewrite the time derivative of the state vector X in Eq. (A I-3) as the sum state derivation
at initial condition (X, 7,) and perturbation around.

X =@(x,n) =Xy + AX (A 1-6)

As @(x,7) is given by both Eq. (A I-5) and Eq. (A 1-6), and X¢ = f(X() + g(x¢)n, and from
the variation of the state derivative AX can be expressed as follows:
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. (fx)  0g(x)
Ax=< % T ax AX + g(X)xy,n, A7 (A 1-7)
X070
Considering the following notations:
of(x) 0dgx)
X0 = <W+ ax 1) Gxomo = 8X) g (A1-8)
X070

Then, Eq. (A 1-7) can be rewritten in the following compact form:

Ax =F

X0,M0

Ax + GXOanAn (A 1-9)
Online State Estimation

In practice, the computation of Fy , and Gy ., in Eq. (A I-8) is analytically difficult,

especially for nonlinear functions, and even more difficult when the functions f and g are
unknown. Therefore, one method consists of estimating these values by using numerical
methods such as the Recursive Least Square algorithm, which allows to approximate these
values.

Let’s rewrite Eq. (A 1-9) in the discrete form as follows:
AXy 41 = F Axy + G Any (A 1-10)

where Fyand G, are now the discrete forms of F and G. Writing Eq. (A 1-10) in a compact
form, we obtain the following matrices relationship:

Fr
Axpyq = [AXy A1y ] ~kl (AI-11)
By replacing F, and G with their estimates F; and Gy, we obtain:

. Fr
DRpiq = [Ax Ay Iﬁle (A 1-12)
k

. : ~ [E] o
Considering the matrix of parameters @, = lale and the vector of previous increments X, =
k

[Ax, An,]7, the state variation AR, may be predicted as follows:
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ARyiq = XEO, (A 1-13)

where 0, corresponds to the estimates of @, and AR, corresponds to the estimates of AX. ;.
The vector of parameters ©,, can be determined online using the RLS method. Let’s consider
the error matrix €, also called innovation error, as the difference between the actual states
vector and its estimate:

€, = AXk - Aﬁk (A 1-14)

Then, the vector of parameters ©; may be updated numerically as follows (Haykin, 2013):

Li—1 X

0,=0,_,+ €
T T e XT Ly X,

. (A 1-15)

where

1 L1 X XELy—
<k1 k—14k kkl) (AI—16)

Ly =—|Ly_q —
KTk K+ XIL_ 1 X

where Ly is the covariance matrix, and  is the forgetting factor. The two matrices F, and Gy
in ©,, represent the local behavior of the aircraft dynamics.

A key feature of the RLS method lies in the fact that the estimation of F, and Gy, is fully based
on the increments of states and control inputs, thus making it suitable for online estimation.
The RLS parameters to be initialized are the forgetting factor k, the matrix of covariance L,
and the matrix of parameter 0.

Model Predictive Controller

For the design of a pitch rate controller, a Model Predictive Controller (MPC) is proposed, for
which an online estimation of the aircraft dynamics is applied using the RLS algorithm. In fact,
an MPC controller consists of optimizing the control trajectory AU of length N, over an
optimization window N,,, where N, and N, are also referred as the control horizon and the
predicted horizon, respectively. Therefore, the control trajectory AU consists of a vector of
future control inputs at sample time k,k + 1, ..., k + N, — 1, which is calculated using an
optimization process. Thus, the vector AU may be defined as follows (Wang, 2009).

T
AU = [Ank A1 ---Aﬂk+1vc—1] (A I-17)

where An, is the calculated control input at a sample time k.
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The corresponding future state variables may be set as Xy |, Xx 411 ks oo » Xcrm | ks -e» Xk +N,, | of

length N,,. In that case, Xy4m|x is the predicted state variable at a sample time k + m with
given current system information X;.

The future state variables X, ,,, are calculated sequentially with respect to the future control
parameters AU, using the local estimated state space model (Fy, Gj) at a sample time k, where
F, and G, were obtained using the RLS estimation method explained in the previous section.
The future state variables may be computed sequentially as follows (Wang, 2009):

Xpe1le = Ekxk + Gkénk

Xk+2|k = Fkxlé+1 + GkAnk+1
= F Xp + FGAn + Gdngesq (A 1-18)
N o Np—1

Xictny e = Fie "Xp + Fie " Gy,

Np—N

~ Ny—2 ~ ~ ~
+Fe P TGrAngyq + o+ Ey GrAng N1

From the predicted state variables, the predicted output variables are obtained by introducing
the output matrix, C = [0 0 1 0] corresponding to the pitch rate.

Vierilk = CEeXy + CGrAny

Viez2le = Cﬁkzxk + CFGAny + CGiAns4
P y e (A1-19)

Yicenylk = CE Xy + CF PG Ay

+ CFkNp_ZGkAnk+1 + -+ CFkNp_NC

GkAnk+NC—1

As we can see, all predicted variables are formulated in terms of current state variable
information X;, and the future control trajectory An;,;, wherei = 0,1,...,N. — 1
Let’s define the vector of future outputs Y such as:

T
Y= [yklk Vierlk ---yk+Np|k] (A 1-20)

Considering the vector of future control inputs defined in Eq. (A 1-17), then Eq. (A I-19) can
be written in the following matrix form:

Y = Ex;, + ®AU (A 1-21)
where
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CG,, 0 0

CF e - 0
5 CF, Gy, CG, 0 0
E=| % LLeo=| cp%, CRG CGy 0 (A 1-22)
N s . ;
CF o No—1~ o No—2 ~ ~ No—3 ~ ~ Np—Ng~
k cf,""7'G6, CB? G, CR?G, - CF " Gy

Optimal control solution

For a given reference signal 7, at a sample time k, within a prediction horizon N,,, the objective
of the control system is to bring the predicted output as close as possible to the reference signal
1%, where it is assumed that the reference signal remains constant in the optimization window
N,,. In other terms, the objective consists of minimizing the squared error (Rg — Y)T(Rg — Y)
between the vector of reference signal Ry and the vector of future outputs Y. This error may
be minimized by acting on the control input vector AU. Therefore, the objective function may
be translated into an optimization design to find the optimal control parameter AU that
minimizes the error between the reference signal and the output variable. Assuming that the
vector that contains the reference signal Rg at a sample time k is given as follows:

Ry =[11 ..1]Tr, = Ryry (A 1-23)

where Ry =[11 ...1]T
Then, the cost function J that reflects the control objective stated above may be written such
as:

J =R, —Y)T(R, — Y) + AUTRAU (A 1-24)

where the first term is linked to the objective of minimizing the errors between the predicted
output and the reference signal, while the second term takes into account the influence of the
control trajectory AU when the objective function J is made to be as small as possible. R is a
diagonal matrix in the form that :

ﬁ = TwlchNc (A 1-25)

where 7, > 0 is used as a tuning parameter for obtaining the desired closed-loop performance.
In the case where 7,, = 0, the cost function J does not take into account the size of the control
input AU. In the case where 7, > 1, i.e. large, the cost function depends on the size of AU in
order to reduce the error (Rg — Y)T (R —Y).

To find the optimal AU that minimizes the cost function J, Eq. (A I-21) is substituted into Eq.
(A 1-24). Then, the cost function / may be expressed as follows:
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] = (Rs — Ex;)T(Rg — Ex;) — 2AUT®T(R — Ex;,) + AUT(@Td + R)AU (A 1-26)

Minimizing Eq. (A 1-26) consist in finding a vector AU that satisfies the following Eq. (A I-
27).

aJ
= Al1-27
oAU~ ° ( )

Therefore, the optimal solution for the control signal obtained from Eq. (A 1-27) is the
following:

AU = (&T®d + R)"1®T(R; — Ex,,) (A 1-28)

with the assumption that the inversed matrix (®Td + R)™1 exists. The inversed matrix
(®Td + R) 71 is also called the “Hessian”. Taking into account the changes in Eq. (A 1-23),
the optimal solution AU may be expressed in terms of the reference signal 73, and state variable
X}, as follows:

AU = (&Td + R)" 1 T(R,r, — Ex},) (A 1-29)

Constrained Nonlinear Optimization

Finding AU in Eq. (A 1-29) analytically may be a complex task. However, numerical methods
may be used in order to find a vector AU that minimizes the cost function J in Eq. (A 1-26).
These methods consist of constrained nonlinear optimization as the Sequential Quadratic
Programming algorithm (SQP) (Bonnans, Gilbert, Lemaréchal, & Sagastizabal, 2006),
available in MATLAB, which aims to find an optimal vector AU that minimizes a given cost
function J with given constraints.

Cost function
From Eq.(A 1-26), let’s define the following notations:

f = —2®T(R,r, — Ex;)
H=2(®"® +R) (A 1-30)
Therefore, minimizing Eq.(A 1-26), consists of finding a vector AU that satisfies the following
equation in partial derivatives with respect to AU

aJ
—— =f4+HAU = A 1-31
0AU + u=0 ( )
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whose analytical solution may be stated as follows:
AU = —H1f (A 1-32)

Finding the minimum of the cost function in Eq. (A 1-26) is equivalent to finding the minimum
of the following quadratic cost function with respect to AU :

1
] = EAUTHAU + fTAU (A 1-33)

Equality constraint

The objective function, which consists in reducing the error between the reference signal and
the output signal is transformed into an equality constraint with respect to AU. In fact, the
tracking of the reference signal is fulfilled by respecting the equality constraint, which is
defined as follows:

Ye+z =T =0 (A 1-34)

In our case, the equality constraint is imposed on the future output yy,, , which is the predicted
pitch rate at a sample time k + 2. In fact, after testing different objective functions on yjand
V43, the results have shown that imposing an equality constraint on y, ., guaranteed the best
results for the closed-loop performance of the controller.

In the case of the SQP algorithm, the equality constraint is imposed on the vector AU. Let’s
transform Eq. (A [-34) in the way that AU is explicitly expressed as follows:

AqAU = b, (A 1-35)
where Aeq and beq are matrices to be determined. From Eq. (A I-19), we can see that:
Viszle = Cﬁkzxk + CF G Any + CGiArqq (A 1-36)
It may be rewritten in the following form by introducing AU given by Eq. (A 1-17)
Vis2lk = CFkZXk + [CF,G, CG, 0 .. o0]AU (A 1-37)

Therefore, by replacing Eq. (A 1-37) in Eq. (A 1-34) :
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or (A 1-38)

[CF.G, CG, 0 .. o]AU=rk—CFk2Xk

From Eq. (A I-35) and by identification in Eq. (A 1-38), A¢q and beq are obtained as follows:

Aeq:[Cerk Cek o .. 0]

~ 2
beq =T — CFk Xk

Adaptive Neural Network Controller

(A 1-39)

134 The designed MPC controller takes into account the estimated local dynamics model from the
RLS algorithm. Therefore, as long as we deal with estimates, there may be errors in the state
predictions (Haykin, 2013), which may lead to poor control. However, from the simulation
results in Figure A I-10, it can be seen that the MPC controller combination with the RLS is
not enough to track a desired reference signal. There always exists a steady state error, which
should be corrected. One solution consists of introducing an adaptive element, such as a neural
network controller, which updates its parameters in order to reduce the steady-state error

between the reference signal and the pitch rate.

Hidden layer

Inputs  Weights

Net

Sum Activation

Function

Outpul

g —y

a) Artificial Neuron b) SHL Feedforward Neural Network

Figure A I-2 Representation of an Artificial Neuron (a) and a SHL Feedforward Neural

Network (b)

In Figure A I-1, the neural network is sending an additional adaptive signal v, to the elevator,
in order to compensate for the steady-state error. In our case, a basic Single Hidden Layer
(SHL) feedforward neural network is used, which is the simplest structure among neural
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networks, and is enough for our control purpose. As shown in Figure A 1-2b, a SHL
feedforward neural network is composed of a vector of input layer X of size m X 1, one output
layer V,4 of size n X 1 and one hidden layer of size N X 1. m,nand N are the number of
inputs, outputs and neurons in the hidden layer, respectively. The input layer X and the hidden
layer are then weighted with the weight matrices V of size m X N and W of size N X n,
respectively. The hidden layer is composed of neurons, whose activation function is set to
tangent sigmoid described by the following expression:

1

1+ exp(—2) (A140)

0i(2) =

while a linear function was used on the input and output layers.
Therefore, the output of the neural network in Figure A I[-2b may be summarized
mathematically as follows:

17ad(nx1) = W(TNXn)" (NXN) (Vg;an))_((mxl)) (A 141)

where the weights V and W were updated online using the following adaptation laws given in
Eq. (A 1-42), which were obtained from the backpropagation principle, as show in detail in
(Johnson & Calise, 2003 ; Stevens et al., 2015) :

W = —[(6 — a'VTX)eT + A|le||W]T

A 1-42
V =-T[xeTWT0' + 1||e||V] ( )
where e is the error between the refence signal and the pitch rate, T is the learning rate, ¢’ is
the derivative of o, A is a scalar used for the e-modification of the backpropagation algorithm
(Johnson & Calise, 2003 ; Stevens et al., 2015) and is set to 1. As seen on Figure A I-1, the
signal from the neural network V.4 is amplified with a gain Ky, which gives more relevance

to the adaptation signal. Therefore, the adaptive signal may be set as follows:
I35

Vaa = KynVaa = KywW'a(V'R) (A 1-43)

Control Law

The optimal control signal An,,, from the MPC controller consists of the first element of the
vector AU in Eq. (A 1-17). Therefore, at a given sample time k,

ANope = At (A 1-44)

Adding the adaptive control signal from the neural network in Eq. (A [-43), the overall
command signal to the elevators A§, . may be summed as follows:
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A6ecmd = Anopt + Vaq (A 1-45)

Reference Model

The designed controller consists of a model reference adaptive controller, which follows a
given reference signal with given characteristics. The reference signal is set by following the
design requirements given by handling qualities on short period dynamics, which means that
a specific damping ¢ and natural frequency w,, (Nelson, 1998) are given, and the following
filter is applied on the reference signal as shown in Figure A I-1.

2
qref — wn (A I—46)
Qema S? + 28w,s + w?

where s is the Laplace operator.
1.4 Model Simulation and Validation Results
Controller Tuning Parameters

The control architecture shown in Figure A I-1 was applied to the pitch rate of the Cessna
Citation X business jet aircraft. The tunning parameters of the controller are summarized in the
following Table A I-1. A random step command signal was imposed on the pitch rate g with
values between +1°/sec for a period of 5 seconds, as shown in Figure A 1-3.

Table A I-1 Design Parameters for the Controller

Controller Element Parameters Value
MPC Controller N¢, Ny, 1 3,5,300
l:slﬁn(;:ll::le k. Lo, By, Gy 0.85,107I55, I 4, —0. 144
NN Controller Ky, learning rate I’ 10, 1.2
number of layers 1
number of neurons 30
Reference Model & w, 0.69, 4 rad/s

Figure A I-3 shows the simulation results for the control of the pitch rate for a cruise phase at
an altitude of 35,000 ft and a Calibrated Airspeed (CAS) of 290 knots. The weight of the
aircraft was set at 33,0001b and the center of gravity was set at 25% of the mean aerodynamic
chord. As we can see, the pitch rate is perfectly following the reference signal, and the elevator
deflection varies around +2°.
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Figure A I-3 Pitch Rate and Elevator Responses for Simulation at 35,000 ft and
290 knots for the cruise phase.

The weights of the neural network and the variation of matrices F and G given by the RLS
method are shown in Figure A I-4. It is seen that the values of F and G matrices are converging
to stable signals, which means that the state estimation is fulfilled correctly using the RLS
algorithm.
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Figure A I-4 Parameter Responses for Simulation at 35,000 ft and 290
knots for the cruise phase.
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Validation of the Control Algorithm over the Flight Envelope

The proposed control algorithm was validated for 63 flight conditions across the Cessna
Citation X flight envelope. In fact, the flight conditions were set in terms of altitude h and
Calibrated Airspeed (CAS) in order to cover the entire flight envelope. The center of gravity
was set at 25% of the mean aerodynamic chord and the weight at 33,000 Ib. The altitude varied
between 5 000 and 40,000 ft with a step of 5 000 ft while the calibrated airspeed was set
between 170 kts and 350 kts with a step of 20 knots.

Selection of 1,

The first challenge consisted of tuning of the parameter 7,, given in Eq. (A [-25). For this
purpose, the control algorithm was tested on the 63 flight conditions with different value of 7,
and fixed values of N, and N,, as shown in Table A I-1. The overall Sum Squared Error (SSE),
the number of iterations and the number of functions count were outputed. In fact, as we deal
with optimization, the optimization time is an important factor, which is reflected by the
number of iterations and the number of times that the cost function in Eq. (A I-33) was
evaluated. Therefore, the value of r,, was set, in the way that the overall SSE was small, and
the number of iteration and number of function counts were optimal. As shown in Figure A I-
5, when the value of r,, increases, the number of iterations decreases while the number of
function count increases. However, the overall SSE reaches a stable value when 7, is greater
than 100. Therefore, 7, was set at 300 for the rest of the simulations, for which the optimization
time was optimal.
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Figure A I-5 Selection of the parameter 7,
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Figure A 1-6 shows the pitch rate g response for 63 flight conditions for 3 different values of
1,. As we can see, a higher 7, results in a better closed-loop performance.

r, =10 r, =70 r, =300
1 0.5 0.5
0.5
g 0
s 0 0
o' -
s 0.5
-1 -1 0.5
0 5 10 15 0 5 10 15 0 5 10 15
Time [s] Time [s] Time [s]

Figure A I-6 Comparison of 3 values of 7, for 63 flight conditions

Selection of control the horizon N and predicted horizon N,

The next step consisted of selecting the control horizon N, and the predicted horizon N,,. As
seen on Figure A I-7, higher values of N, and N,, result in poorer closed-loop performance. In
fact, if the optimization window N, is too large, the estimated local dynamics (F,, G,) from
the RLS algorithm may not be representative of the dynamics for a large optimization window
N,, and oscillations may occur. On the other hand, smaller values of N and N,, guarantee that
the optimization is fulfilled locally at a given set-point with given local dynamics Fy, Gy.

N,=3 N, =10
N,=5 N, = 20
057
z
i;o 0
o
-0.5 ' ' ' -05 : : :
0 3 10 15 0 5 10 15
Time [sec] Time [sec]

Figure A I-7 Comparison of 2 different combinations of N, and N, for 63 flight
conditions
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Selection of Learning Rate I'

The final step consists of choosing the learning rate I' for the neural network controller, in
order to update the neural network weights in Eq. (A [-42). In this case, the parameters of the
RLS algorithm and MPC controller were fixed as per Table A I-1. As stated before, the neural
network provides additional adaptive control signals that improve the closed-loop performance
of the controller. As shown on Figure A I-8, a low learning rate results in poor adaptation while
a high learning rate resulting in better adaptation.
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Figure A I-8 Pitch Rate Response for 3 different Learning Rates I' and 63 flight

conditions

Comparison with different configurations

The proposed controller MPC + NN (in red) was compared with different configurations as
seen on Figure A I-9 and Figure A I-10, including an MPC alone (in blue), a MPC + PID (in
purple) ,a NN (in orange), a PID (in green), and a PID + NN (in black). As seen on Figure A
I-9, the controllers with a MPC (in red, blue and purple) give the best closed-loop performance

and are able to follow the reference signal.

2 o P

Gref
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MPC-PID
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Figure A 1-9 Comparison of the proposed MPC - NN
controller with different Configurations for One Flight
Condition at 35,000 ft and 290 knots for the cruise phase
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Moreover, a better look on the steady state error on Figure A 1-10 shows that the MPC
controller combined with a NN (in red) gives the best closed-loop performance, with
practically a O-tracking error, in comparison with the MPC controller with PID (in purple) and
the MPC controller alone. As seen on the elevator response from Figure A 1-9, the MPC- NN
(in red) is gives the additional deflection which compensates for the steady-state error.
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Figure A I-10 Zoom on Figure A I-9. Steady state error
L5 Discussion of Results

The proposed pitch rate controller was well implemented for the pitch rate control of the
Cessna Citation X. The main features of the controller consist in the fact that the control input
1s computed using the estimates of the local dynamics of the aircraft and does not require any
knowledge on the aircraft dynamics. Therefore, a double adaptation was fulfilled. The first
adaptation consisted of the combination RLS-MPC controller, for which the local dynamics
are estimated using states and control input increments and then used for the optimization,

while the second adaptation is fulfilled by the neural network controller.

The main challenge consisted of the selection of the MPC parameters, which are 7,,, N, and

N.. In fact, these parameters should be set, so that the computation time was short, and a good
closed-loop performance was ensured. Finally, the neural network adaptive signal was
amplified with a gain Ky, which gave more importance to the adaptive signal and better

handled the nonlinearities.
The major takes away from this study lies in the fact that all the controller parameters were

fixed at specific values. In fact, it only required one configuration of the controller given in
Table A I-1 to control the pitch rate g for 63 flight conditions. Therefore, the proposed MPC-

NN controller is better than gain scheduling, which requires extensive tuning for only one

flight condition.

1.6 Conclusion

A nonlinear adaptive pitch rate controller was successfully designed using Model Predictive
Control, online state estimation and neural network adaptive controller. The controller was
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successfully validated for 63 flight conditions in the cruise phase. As a result, the proposed
control algorithm was perfectly able to track a given reference signal on the pitch rate. One of
the major features consisted in the fact that the control input was fully computed using online
estimates of the aircraft local dynamics using RLS method, and optimization by minimizing a
given cost function. The proposed MPC - NN controller was able to solve the oscillation
problem on the elevators for high-speed conditions, which were addressed in previous studies.
In fact, the designed controller was able to control a high degree of nonlinearities, specific to
the actuator dynamics, without a priori knowledge of the aircraft dynamics. The remaining task
(future work) of this study consists of validating the proposed controller for robustness against
uncertainties.
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Résumé

Cet article présente une technique permettant de concevoir un contréleur de tangage robuste a
l'aide d'une architecture de controle C* et de mettre en ceuvre des méthodes adaptatives pour
le contrdle longitudinal de 'avion d'affaires Cessna Citation X. Tout d'abord, la conception de
la boucle interne vise a contrdler la vitesse de tangage et le facteur de charge, également appelé
parametre C*. Un contrdleur proportionnel-intégral-dérivé (PID) est associ¢ a un contréleur
adaptatif a réseau de neurones. Les gains du PID restent constants pour toutes les conditions
de vol, tandis que les hyperparametres du réseau de neurones sont mis a jour en ligne. Un signal
de référence est imposé a la commande C* afin de répondre aux exigences de qualité¢ de
maniabilité pour les modes longitudinaux. Deuxieémement, un controleur de tangage adaptatif
est proposé a l'aide d'un deuxiéme réseau de neurones. L'algorithme de controle global est
congu pour le controle en pallier et testé pour 63 conditions de croisiere dans 1'enveloppe de
vol du Cessna Citation X. Sa robustesse est testée par rapport a des incertitudes, notamment
des rafales de vent, des cisaillements de vent et le modele de turbulence de Dryden avec
différentes intensités. Les résultats montrent que l'algorithme de contrdle proposé est
parfaitement capable de controler I'avion et de suivre un signal de référence donné en tangage.

Abstract

This paper presents a technique for designing a robust pitch controller using a C* control
architecture and implementing adaptive methods for the longitudinal control of the Cessna
Citation X business jet aircraft. First, the design of the inner loop aims to control the pitch rate
and the load factor, also known as the C-star parameter. A Proportional-Integral-Derivative
(PID) controller is combined with a Neural Network Adaptive controller. The gains of the PID
remain constant for all flight conditions, while the NN hyperparameters are updated online. A
reference signal is imposed on the C-star command in order to meet the handling quality
requirements for longitudinal modes. Second, an adaptive pitch controller is proposed using a
second neural network. The overall control algorithm is designed for cruise control and tested
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for 63 cruise conditions across the Cessna Citation X flight envelope. Its robustness is tested
against uncertainties, including wind gust, wind shear and Dryden turbulence model with
various intensities. Results show that the proposed control algorithm is perfectly able to control
the aircraft and follow a given model reference pitch signal.

II.1 Introduction

Flight control design has always been a challenge for aircraft manufacturers. In fact, flight
control laws are essential to make flights possible. Control laws are not deterministic and
depend solely on the designer’s philosophy and desired performance. However, in order to
keep the flight safe and comfortable, flight controllers are subject to certification, namely
requirements on performance criteria such as damping and frequencies (Department of
Defense, 1997 ; Nelson, 1998).

One of the main challenges for flight controllers is to control the aircraft states while dealing
with uncertainties during flight. In fact, an aircraft is always exposed to uncertainties that can
hardly affect its stability, and thus, the safety of its passengers. One of the prospective solutions
is to design robust controllers, which can adapt to such uncertainties, and therefore provide
adaptive inputs to the control surfaces in order to compensate for any failure or change in the
aircraft environment.

Today, flight controllers are still designed based on classical and modern theory, such as
Proportional-Integral-Derivative (PID) controllers (Nelson, 1998 ; Stevens et al., 2015) and
low order controllers such as Linear Quadratic Regulators (LQR) (Nelson, 1998), respectively.
One of their main characteristics is their linear property, which aims at controlling a linearized
dynamic of the aircraft. Linear control theory relies on time-frequency design and ensures good
stability margins (Dorf & Bishop, 2008 ; Ogata & Yang, 2002). However, for a linear
controller to be applied to the entire flight envelope, the aircraft flight dynamics must be
linearized at given set points, such as Mach number, airspeed and altitude. Gain scheduling is
then required, which consists of a table of gains as a function of flight conditions. Therefore,
an extensive gain scheduling is required to cover the entire flight envelope, which is time
consuming. As an example, for classical PID control, 9 gains are required for only one nominal
flight condition in order to control the aircraft in the pitch, roll and yaw axis. To these gains,
another set of 9 or more gains could be added when changes occur in the aircraft dynamics or
environment.

Several robust methods were later introduced in order to guarantee robustness in the presence
of uncertainties, such as H, controller and Linear Quadratic Gaussian (LQG) regulator.
Although these two techniques were powerful, they still rely on gain scheduling, and their
design requires extensive analysis. There have been attempts to automate the process of
identifying these gains by combining them with optimization algorithms. Examples are given
by Ghazi and Botez (Ghazi & Botez, 2014, 2015b) which uses Genetic Algorithm and by
Boughari et al. (Y. Boughari, Ghazi, et al., 2017b ; Yamina Boughari, Botez, et al., 2017)
which uses Differential Evolution algorithm to optimize the identification of the LQR
controller gains. Other advanced techniques such as Model Predictive Controllers (MPC) (Eren
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et al., 2017 ; Kopf, Bullinger, Giesseler, Adden, & Findeisen, 2018 ; Simon, 2014) and
Dynamic Inversion (DI) controllers (R. P. Andrianantara et al., 2023a ; Ducard & Geering,
2008 ; Horn, 2019) were also investigated. These two techniques were particularly powerful
because they belong to the class of adaptive control. In fact, while the control parameters are
fixed for classical controllers, parameters are variable for adaptive controllers and can be tuned
with adaptive control laws (Slotine & Li, 1991), allowing adaptive controllers to deal with
changing dynamics. However, MPC and DI controllers still rely on precise mathematical
models of the aircraft, and a linearization of its dynamics. The main linearization problem is
that several nonlinearities are neglected in the design. Thus, any failure that occurs in the
control system is often due to these unmodelled nonlinearities (Steffensen et al., 2023) that are
not considered in its design.

Since late 1990’s, intelligent control methods have brought solutions that deal with these
unmodelled uncertainties. These techniques use intelligent features such as neural networks
(Ge et al., 2013 ; M. T. Hagan & Demuth, 1999 ; Kim & Calise, 1997), support vector
machines (Hashemi & Botez, 2022) or even fuzzy logic controllers (Grigorie, Botez, et al.,
2012a ; Hashemi et al., 2020 ; S. Hosseini, Ghazi, et al., 2023a). With the recent advancement
of computers, in terms of computing time and memory, it is now possible to implement
Machine Learning-based controllers such as Reinforcement Learning (RL) (Bagnell &
Schneider, 2001 ; Feith, 2020 ; Heyer et al., 2020), which requires a large amount of training
data. However, one issue of ML-based controller consists of offline training, for which the
controller should be trained for all possible outcomes. Therefore, the RL-controller may fail if
unforeseen uncertainties are not included in the training data.

However, today computers allow fast calculation, thus, the online adaptive control remains
applicable (Heyer et al., 2020). In fact, adaptive controllers adapt their hyperparameters with
the changing dynamics. They include adaptation laws (Kim & Calise, 1997 ; Rysdyk & Calise,
2005 ; Slotine & Li, 1991) which consist of a cost function on the error and state dynamics.
Therefore, in order to output the proper adaptive signals, the designer must identify the proper
adaptation laws, which tend to minimize the errors. The designed controller may then follow
a given reference signal that respects the requirements given by the handling qualities (Rysdyk
& Calise, 2005 ; Saussie, Saydy, & Akhrif, 2003), and then, it ensures the desired performance.
Model reference controllers allow particularly to avoid saturations in the control loop, which
are often sources of nonlinearities (N. T. Nguyen, 2018).

Adaptive neural network controllers have been experimented on real aircraft and demonstrated
their performances on real flight tests (Bosworth & Williams-Hayes, 2007 ; Smith et al., 2010 ;
Soares & Burken, 2006 ; Williams, 2004 ; Williams-Hayes, 2005). Nowadays, neural network
controllers have been applied so forth in aircraft flight simulation environments (R. P.
Andrianantara et al., 2023a ; Feith, 2020 ; Lee & Van Kampen, 2021), and Unmanned Aerial
Vehicles (UAV) (Dierks & Jagannathan, 2009 ; Koch, Mancuso, West, et al., 2019) as their
safety are still under certification (Cima et al., 2021). However, results have shown their
possible application on commercial aircraft on Cessna Citation X flight dynamics (R. P.
Andrianantara et al., 2023a).
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At our Laboratory of Active Controls, Avionics and Aeroservoelasticity (LARCASE), the
research team has demonstrated the design of intelligent controllers, such as Fuzzy Logic (S.
Hosseini, Ghazi, et al., 2023a) and neural network (R. P. Andrianantara et al., 2023a ; S.
Hosseini, Inga, et al., 2023) controllers applied on the Cessna Citation X flight dynamics for
its longitudinal and lateral control. Results have shown that neural networks are suitable for
adaptive control, and that no further gain scheduling is required in order to cover the overall
flight envelope. This method allows to reduce the number of controllers to a single controller,
reducing their complexity.

Neural networks are powerful tools due to their ability of generalization, i.e., they can find
nonlinear features in datasets. This ability makes neural networks suitable for system
identification (M. Hagan, Demuth, Beale, & De Jesus, 2016), such as complex aircraft flight
dynamics (Tondji, Ghazi, & Botez, 2022 ; Zohreh Nejad et al., 2023), engine dynamics (R. P.
Andrianantara et al., 2023b ; Ghazi, Tudor, & Botez, 2015 ; Zaag et al., 2019) or even flutter
dynamics (Boely et al., 2011). Another solution to encounter the issue of linearization consists
of identifying the aircraft dynamics model online. This means that the linearization is
performed locally during flight, allowing us to find any change in the aircraft dynamics during
flight operation. Several techniques of adaptive filters (Haykin, 2013), such as Extended
Kalman Filtering (Puskorius & Feldkamp, 1991 ; Wan & Van Der Merwe, 2000) and
Recursive Least Square methods (Haykin, 2013 ; Mahadi et al., 2022) allow to estimate the
aircraft state and control matrices during flight. By this way, the estimated information may be
fed into the control law for further Dynamic Inversion (R. P. Andrianantara et al., 2023a) or to
design MPC controllers (R. P. Andrianantara, Ghazi, et al., 2024).

The objectives of this research are to design, implement, and validate a flight controller in
order to control the pitch angle of the Cessna Citation X under different flight conditions,
covering the entire flight envelope, and. This research also aims to reduce the number of flight
controllers while providing a robust and improved controller design. A single controller was
designed that includes a C* control architecture, an Approximative Dynamic Inversion, dual
adaptive neural networks, and a PID controller. The resulting controller is capable of tracking
a reference signal on the pitch angle. This controller has been tested for its robustness under
wind and turbulence conditions covering the entire flight envelope at different altitudes and
airspeeds.

The aircraft model and simulation platform of the Cessna Citation X will be described in
Section I, while the pitch controller design methodology will be given in Section II, along with
a methodology to design a pitch reference model. Finally, Section III will present the
simulation results under normal flight conditions and in the presence of winds. Results have
shown very good performance, allowing the controller to follow a given pitch reference signal.

11.2 Aircraft Model and Simulation Platform

11.2.1 Cessna Citation X business jet aircraft and its Simulink nonlinear model
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The Cessna Citation X is one of the fastest business jet aircraft ever designed. In order to design
its flight controller, a simulation platform is always required (Koch, Mancuso, West, et al.,
2019 ; Konatala et al., 2021) before implementing the controller onboard. The LARCASE
laboratory team has developed a high-fidelity nonlinear Simulink model of the Cessna Citation
X for research purposes (Ghazi & Botez, 2015a). The simulation model has been validated
using flight tests and accurate data from a Level D Research Flight Simulator of the Cessna
Citation X (RAFS) available at the LARCASE laboratory. The Level D is the highest level of
qualification given by the Federal Aviation Administration (FAA) for aircraft flight dynamics.
The simulation platform includes several complex modules, such as atmospheric module,
aerodynamic module, engine and actuator dynamics. It allows to trim the aircraft and to
linearize it flight dynamics at a given altitude and airspeed, allowing to design the flight
controller for the overall flight envelope of the aircraft. Several flight controllers have already
been designed and validated using the simulation platform of the Cessna Citation X (Ghazi &
Botez, 2015a), making it a suitable tool for validating the proposed methodology.

11.2.2 Aircraft Nonlinear Dynamics Model

For this study, only the longitudinal flight dynamics were considered. The aircraft longitudinal
dynamics model consists of a state space equation including state variations X and an output
equation y. If for linear control, the state space equation of longitudinal dynamics is quite
explicit (Stevens et al., 2015), its nonlinear representation is quite complex, and can be written
as follows (Slotine & Li, 1991):

X = @(x,1)
Y= h() (A 1I-1)

where x=[u w q 6 mn,]T is the state vector, composed of the linear speed u, the
vertical speed w, the pitch rate q, the pitch angle 8 and the normal load factor n,, respectively,
n = 8, is the command input on the elevators, ¢ is a function that describes the nonlinear
dynamics of the aircraft, y is the output of the model to be controlled, and h is a nonlinear
function describing the relationship between the output y, and the state vector X.

11.2.3 C* control architecture

The C* control architecture was first implemented in the flight control systems of the Space
Shuttle in the early 1960’s, then the French and the British researchers applied this control law
to the Concorde (Tischler, 1996). It has fixed architecture and is essentially designed for
longitudinal control. It was developed in response to the Pilot Induced Oscillation effect as a
consequence of Fly-By-Wire technologies, which worsened flying qualities of the aircraft
(Saussié¢ et al., 2009). The parameter C* is defined as a combination of the pitch rate ¢ and
the normal load factor n, as follows (Tischler, 1996):

C* = An, + BAq (A T1-2)
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were An, is the load factor variation defined as An, = 1 — n,, q is the pitch rate, and § = ;_c,
0

where V. is the crossover airspeed. For most commercial aircraft, V, = 400 ft/s, therefore f =
12.4 . As aresult, the C* control law allows a neutral static stability at any time (Saussie et al.,
2003), while the phugoid mode is highly damped without oscillation. In addition, it requires
additional filters in order to filter out high frequency oscillations (Tischler, 1996).

11.2.4 Actuator Dynamics

As shown in Figure A II-1, the controlled dynamics include the actuator dynamics, which
consists of a second-order nonlinear actuator model, available in the Simulink environment. In
fact, the actuator dynamics increases the complexity of the system by introducing high order
nonlinearities. In this way, the adaptability of the proposed controller to higher-than-second-
order nonlinearity can be evaluated, which increases the generalizability of the proposed
methodology.

I1.3 Pitch controller design methodology
11.3.1 Pitch attitude control

Figure A II-1 shows the proposed adaptive control architecture for the pitch control of the
Cessna Citation X. This architecture includes an inner loop, that controls the C* parameter.
Then, the outer loop controls the pitch angle 8, which follows a desired pitch reference model
Brer. The design of the pitch reference model is described later and includes a ramp modeling

that allows to limit the pitch rate q.

_______________________________ T e e T
OUTER LOOP 1l INNER LOOP
1
"
n
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" *
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Figure A II-1 Model architecture for pitch control.

11.3.2 The C* inner loop controller
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The inner loop controller consists of the C* parameter control. As described in Eq. (A 1I-2),
the C* parameter is a combination of the load factor An, and the pitch rate variation Aq.
Controlling the C* parameter is particularly important for the longitudinal control at high
speeds, since the aircraft is more sensitive to accelerations during high-speed operation.

As shown in Figure A II-1, the inner loop receives a C* command C/,,;, which is generated
by the pitch controller in the outer loop. The command signal C/,,; is then filtered through a
reference model filter to generate a reference signal Cr¢. The error ec+ on the C* parameter is
then calculated and controlled by a PID controller, whose gains remain constant for all flight
conditions. An adaptive signal v, generated by a first neural network NN, is added to the
baseline PID controller in order to output the command signal §, on the elevator to the
actuators.

The pitch rate Ag and the load factor An, are then fed back in a loop in order to control the C*
parameter. A washout filter is added to the pitch rate feedback in order to improve the damping
on the short period dynamics and cut off the low frequency signals. A first order filter is also
added to the load factor feedback in order to reduce the oscillations and filter out high-
frequency signals.

The C* reference model

For most linear control systems, the desired performance and response to control inputs are
defined by handling qualities (Department of Defense, 1997). These qualities consist of a set
of requirements imposed on the damping and frequency of the system dynamics. Typically, to
obtain the handling qualities, it is necessary to obtain a linearized model of the aircraft flight
dynamics and then design its linear controllers, for which the time-frequency domain analysis
is made possible. However, in the case of nonlinear control, the handling qualities cannot be
directly obtained as time-frequency analysis is not possible. One solution is to design a
longitudinal controller that follows a desired reference signal on the pitch angle 6. The
resulting controller is also known as model reference controller, for which the reference model
acquires the desired performance specified by the handling qualities.

In the case of C* control, the handling qualities requirements are defined for short period
dynamics (Saussi¢ et al., 2009 ; Saussie et al., 2003), in the sense that specific frequency and
damping are pre-established. The short period dynamics is a fast-oscillating mode which can
be approximated by a second order transfer function as follows:

C:ef _ w%
oma S+ 20wys + w? (ATI-3)

where ¢ is the damping, w,, is the natural frequency, and s is the Laplace operator.

The PID controller
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As seen in Figure A II-1, a PID controller, which takes the error e+ as input, is integrated. Its
gains remain constant for all flight conditions, allowing the neural network to fulfill its proper
adaptation (Stevens et al., 2015). The output of the PID controller can be expressed as follows:

K,
v, = (KP + ?’ + KDS) ecr (A 11-4)

where Kp, K;and K, are the proportional, integral, and derivative gains respectively.

The Washout filter

The washout filter W (s) is a high-pass filter that rejects signals below the cutoff frequency. It
consists of a first-order transfer function defined as follows:

W(S) = T (A H—S)

where a and b are two design parameters, Ty, is the time constant of the filter.

The First Order Filter

A low-pass filter is added to the load factor feedback. It consists of a first order filter, which
also act as a noise filter. It allows only the low-frequency signals to be considered and rejects
high-frequency disturbances. Its transfer function can be written as follows:

N(s) =

Tys+1 (A 11-6)

where K is a constant gain, and Ty is the time constant.

11.3.3 Nonlinear Dynamic Inversion Controller

The dynamic inversion controller consists of generating a command signal 7 by inverting the
system dynamics. While this process is fairly straightforward for linear systems (Stevens et al.,
2015), it can be more complex for nonlinear systems (Horn, 2019), because their state space
representation is not available. One solution consists of fulfilling the dynamic inversion locally
by linearizing the aircraft dynamics. Let’s consider an affine form with respect to the command
input 7 of the aircraft longitudinal flight dynamics as follows:

x=o@(xn) =f(x) +gxn (A II-7.a)
y=0=Cx (A 1I-7.b)

where X is the state vector, and X are their variations. In addition, f and g are nonlinear
functions that represent the aircraft longitudinal model, y is the output, corresponding to the
pitch angle 8. The matrix C corresponds to the observation matrix and is equal to C =
[00010].
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As mentioned above, the dynamic inversion consists in inverting the dynamics in order to
express the control input 77 as a function of the states X and their variations X as follows:

n=¢ '(%X) (A 1I-8)

Let’s apply the first order Taylor series expansion on the state variations in Eq. (A 1I-7.1). The
expansion is fulfilled around an initial set point (X, 7,) and can be written as:

@, 1) = @(Xo,1M0) + (X, M) xp 0, (X = X0) + @', (X, Mxy.,(1 — 7o) (A 11-9)

where @(Xg,7,) is the value of @(x,7) at (Xg,70), @x(X,M)x,7, and (p’n (X,M)xg.n, are the
partial derivatives of @(x,n) with respect to the states x, and to the input 1, respectively.

The value of ¢ at initial set point (Xg,7) and the partial derivatives @y and @y, in Eq. (A 1-4)
can be expressed as follows:

@(X0,M0) = f(Xo) + 8(X0)7 (A 1I-10.a)
, _of(x)  0g(x) (A 11-56.b)
e 6?5‘)+ ol o] (ATL56.0)
, _ X g X T] _ - .C

Thus, rewriting the states and input in terms of their variations Ax = (x — Xg) and An =
(n — no), and replacing all terms obtained in Eq.
(A 1I-10) in Eq.(A I-4), we obtain Eq.(A II-11):

of(x) dgx)
ax * ax

n) Ax + g(X)xon, AN (AII-11)

X070

@o(x,n) = f(X) + g(Xo)n + <

Let’s rewrite the time derivative of the state vector X in Eq. (A II-7) around an initial condition
(XOJ UO) :

X = @(x,1) = %o + A% (ATI-12)

As @(x,7) is given by both Eq. (A 1I-11) and Eq. (A 1I-12), and X¢ = f(Xq) + g(X¢)7, then
the variation of the state’s derivative AX can be expressed as follows:
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. (9fx)  0g(x)
Ax = ( % T ax AX + 8(X)x,,AN (A 1I-13)
XO'nO
Considering the following notations:
of(x) 0dg(x)
XoMo = ( x T ox 1) Gxome = 8Xxgmq (A 1I-14)
X0.,M0

Eq. (A 1I-13) can be rewritten in the following compact form:

Ax = Fyy p AX + Gy, 5, A7 (A TI-15)
Recalling from Eq. (A I-2), the variation of the derivative of the output equation may be
expressed as follows:

Ay = CAX (A TI-16)

Replacing Ax given by Eq. (A 1I-15) in Eq.(A 1I-16), we obtain:

Ay = CFy,, AX + CGy,p A7 (AT1-17)

070

By inverting Eq. (A 1I-17), we can express the input variation at a given initial condition
(x0,M0) as follows:

-1
An = (CGy,,,) (Ay — CFy p AX) (A TI-18)

The control problem consists of following a reference signal r. Therefore, the tracking error
eg may be defined as the difference between the reference signal r, and the output signal y,
such as:

¢ =T ) (A TI-19)
= g =T —Yy

Considering y = Ay for a small sample time, i.e. the local output derivative is equal to its
variation, and recalling from Eq. (A 1I-19) that y = 7 — é, then the variation of the control
input An can then be expressed as follows:
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) (7 +v, - CF

An = (CG Yoy AX) (A 11-20)

X0,70

where v, is an auxiliary input chosen such as the error derivative satisfies the following
dynamics:

o = —V, (A T1-21)

The last equation indicates that the error dynamics can be stabilized by choosing an appropriate
linear expression for the auxiliary input v,.

11.3.4 PID controller

As stated, the selection of the auxiliary input does not require hard requirements on the
performance. The only requirements are the system stability and convergence. A simple linear
PID controller is sufficient to meet these requirements. However, in order to allow proper
control adaptation, the PID signal should not take over the adaptive components, which means
that the gains should not be overly tuned and should remain constant for all flight conditions.
In this case, we ensure that the control part is fulfilled by the adaptive elements. The output v,
from the PID can be written in the Laplace form as follows:

K
v, = (KP + ?’ + KDS> eq (A 11-22)

where Kp, K;, and K}, are the proportional, integral and derivative gains, respectively.

11.3.5 Online Parameter Estimation

Finding the analytical expressions of Fy , ‘and Gy, ,, givenin Eq. (A II-14) may be a complex
task because it involves deriving unknown nonlinear functions. Fy, , can also be referred to
as the Hessian matrix. An alternative consists of estimating them by using approximation
methods such as the Recursive Least Square (RLS) method. It consists of an adaptive filter that
searches for linear approximation of the aircraft dynamics model at a local level. The RLS
method has been used for control purposes on quadcopters, fixed wing aircraft, and even for
reinforcement learning (Heyer et al., 2020 ; Konatala et al., 2021). Its principle lies on the fact
that the output parameters are computed solely from the state increments Ax and the control
input increments An. No prior knowledge of the aircraft dynamics is required but only
measurements.

Converting the results of Eq. (A II-17) into a discrete form, the following equation is obtained:

Ay 1 = CF,AX, + CGLAN, (A 11-23)
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which can also be rewritten in a more compact matrix form as follows:
Fy
Ayiyq = C[AXy  Any] lﬁ?él (A 11-24)

In this case, Ay, 44 corresponds to the increment of the output variation, and is a function of
the current states’ variation Ax; and control input An,,. The objective consists of replacing F;
and G, by their estimates Frand Gj,. Therefore, Eq. (A 11-24) becomes:

N Fr
APrs1 = C[AX,  Amy] [G’;] (A 11-25)
k

. : ~[Ff : :
Considering the matrix of parameters @, = IGle and the state-input vector of previous
K

increments X;, = [Ax; An,]7, the output variation AJ,, can be predicted as follows:
APy.1 = CXEO, (A 11-26)

where @, corresponds to the estimates of ©, AP, corresponds to the estimates of Ay 1,
and the output matrix C = [0 0 0 1 0] is defined so that the estimated output Ay corresponds
to the estimated pitch angle A.

The vector of parameters © can be determined online using the RLS method. Let’s consider

the innovation error matrix €, as the difference between the actual states vector and its
estimate:

Ek = AXk - Aﬁk (A II-27)

Then, the vector of parameters ®, can be updated numerically (Haykin, 2013 ; Heyer et al.,
2020):

L1 X
K + X,CLk_IXk

€k (A 11-28)

where

1 Ly X XEL,_
_<k1 klk"“) (A 11-29)

1k + XTLy_ X,

and where Ly, is the covariance matrix, and k is the forgetting factor. The two matrices F; and
G, in O, represent the local longitudinal dynamics model of the aircraft. The RLS parameters
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to be initialized are the forgetting factor k, the matrix of covariance Ly, and the matrix of
parameter @.

11.3.6 Pitch Adaptive Neural Network Controller NN,

The proposed controller uses two independent adaptive neural networks. As shown in Figure
A II-1, the first neural network controller NN; in the inner-loop gives an adaptive command
on the elevator vs,, while the second neural network controller NN, is used in the outer-loop

and provides the adaptive command signals vy to the C* parameter.

Using estimations frequently results in prediction errors in real-world applications [33]. As a
result, the actual output variation may be stated as follows:

Aypr1 =BPpe1 + €
~ A II-30
= AVki1 = BYp41 — € ( )
where Ay, 1 is the predicted output, and € is the modelling error.

Recalling from Eq. (A 1I-25), and considering Eq. (A 1I-30), the control increment Az, at a
given time t;, can therefore be expressed as follows:

Ay = (€)™ [AYysr — CRlx — €] (A T1I-31)

Considering the changes in Eq. (A 1I-19) and (A II-21), the control increment An,, in Eq. (A
II-31) becomes:

Ay = (CGy) " [F + v, — CFAx—] (A 11-32)

In Eq. (A 1I-32), the two terms CG, and CF,Ax,, reflect the local dynamics of the aircraft.
Furthermore, it is obvious that they include estimation errors ¢, since they are calculated using
the RLS approach. In fact, the combination of these two terms suggests that the dynamics may
not be correctly inverted, which may lead to a poor control signal. Therefore, to correct the

uncertainties and estimation errors for G, and Fy,, an adaptive term vy is suggested to be added
into the control law, such that:

E=vVg (A TI-33)

In this study, a feedforward neural network was used as an adaptive element to learn the
adaptive term vy and compensate for the uncertainties of G and Fy, while ensuring a zero-
tracking error on the pitch angle 6.
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Among the common neural network architectures, feedforward neural networks have the
simplest and most basic structure. This type of neural network is typically used to approximate
a mathematical function from a data set in regression problems.

As shown in Figure A II-2a, an artificial neuron consists of a vector of inputs [x; x5 ... X, ],
which are multiplied by a weight matrix [w; w, ...w,]. The resulting products are then
summed, and fed into an activation function o, which produces a scalar output value y. The
Feedforward Neural Network (FFNN) is a type of neural network, for which the information
flows in one direction (forward), as shown in Figure A II-2b. Information enters the network
through an input layer, then passes through a series of hidden layers, before being extracted
through an output layer. The effectiveness of the FFNN depends on its hyperparameters, i.e.,
the number of neurons and hidden layers, the type of activation function o, and the values of
the weights W and V.

Hidden layer:
30 neurons

Inputs  Weights

Output
layer

Net

Sum Activation

Function

Qutpul

g —vy

(a) Artificial Neuron (b) SHL Feedforward Neural Network

Figure A II-2 Representation of an Artificial Neuron (a) and a SHL Feedforward
Neural Network (b)

In this study, a Single Hidden Layer (SHL) FFNN was used for pitch control. Therefore, the
resulting output of the FFNN in Figure A II-2b can be expressed as follows (Stevens et al.,
2015):

Daduery = Wm0y (Vimxm X2 ) (A 11-34)

where Wand V are the weight matrices associated with the hidden and input layers,
respectively, o is the activation function, and X, is the vector of inputs of the network, defined

such as X, = [5e 0 Href]T. The sizes of the weight matrices W and V are N X nand m X N,
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respectively, where m is the number of network inputs (i.e., 3), n is the number of network
outputs, and N is the number of neurons in the hidden layer.
For each neuron in the hidden layer, a tangent sigmoid is defined as follows (Haykin, 2009):

1

1+ exp(—2z) (AT33)

0i(2) =

where i is the position of the neuron in the hidden layer. A linear function was used for all
remaining neurons in the input and output layers.

The weights of the neural networks are updated using the backpropagation principle (Kim &
Calise, 1997 ; Stevens et al., 2015), based on the following adaptation laws:

W= —[(6 —a'V'R)ey" + Alleg|[WIT;

. A 11-36
V = —T,[Xeg"TWT06' + A]|eg||V] ( )

where W and V are the updates of the weight matrices, I, is a diagonal matrices of learning
rates, ¢’ is the gradient of o, A is a scalar used for the e-modification of the backpropagation
algorithm (Johnson & Calise, 2003 ; Stevens et al., 2015) and is equal to 1, and eq is the
tracking error.

The signal from the neural network is then amplified with a fixed gain Kyy,, which allows us

to control the effect of the adaptive term. Therefore, by use of Eq. (A 11-33) and Eq. (A [-41),
the adaptation signal vy in Figure A 1I-2 may be expressed as follow:

Vaa = KnngVaa = KNNQWTO-(VT)_(Z) ="Vq (A I1-37)

The NN is used to take out the most of its adaptive capabilities, its tuning process is quite
simple and allows the model to achieve the expected results. It is only necessary to set the
number of layers, the number of neurons and the learning rate I,.

11.3.7 C* Adaptive Neural Network Controller NN,

The adaptive neural network controller NN; in the inner loop has the same structure as the
adaptive neural network controller for the pitch control NN,. Both neural networks are
identical in their structure, but work with different learning rates, adaptive laws, and give
different command signals according to the control objectives. For the neural network
controller on the C* parameter, the adaptation law can be defined as follows:

‘Vé‘e = KNNgeﬁad = KNN(geWTO-(VT)_(l) (A II-38)



236

. . _ e 1T .
In this case, the inputs of the neural network X; = [6e c*C ref] is composed of the
deflection of the elevator, the C* parameter, and its reference value C*;..s. W and V are the
weight matrices and have different values than the ones from NN,,.

As an analogy to the neural network on the pitch control NN, the neural network for the C*
parameter requires the tuning of the learning rate Iy, the number of layers, and the number of
neurons. In addition, a single hidden layer is used in this study, reducing the number of

parameters to be tuned.

11.3.8 Control laws

As shown in Figure A II-3, the control law on the elevator command A§, can be summarized
as follows:

K
Abe cma = vi + vs, = (Kp + ?’ + KDs) ect + Ky, Wa(V'%y) (A 11-39)

were vy and v, are determined from Eq. (A I1-4) and (A 11-38), respectively.

The pitch controller gives a command signal on the C* parameter. Therefore, from Eq, (A II-
22) and (A II-32), we obtain:

- K _
= (CG) T + (KP + ?’ + KDS) eg — CEAX + Kyy,WTa(VTR,)] (A T1-40)

11.3.9 Handling Qualities Requirements and Reference model

Btrim
J+ T
) FIVEN
_ lul j O,
Brarger — First order filter
| *
Bramp 1

Figure A 1I-3 Pitch Reference Model Configuration

The model implements a subsystem that generates a pitch reference to the model. As shown in
Figure A II-3, this subsystem takes as input the trim value of the pitch angle 6;,,, in cruise.
The value of 8, is different for each flight condition across the flight envelope. The pitch
reference model also considers the pitch target value 6.4, 4¢¢, and the desired pitch rate 6,4

The simulation must start from the trimmed value of the pitch angle 6,;,,, otherwise it may
encounter a non-desired behavior. To solve the problem erratic and aggressive performance, a
pitch rate reference is given in the form of a ramp signal. Therefore, the pitch signal between
the initial pitch angle 6,.;,, and the target pitch angle 0.4, g¢ 1s given as a ramp signal 6,4,y
with a constant pitch rate value. The slope of the ramp is a custom variable that can be set
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prior. The direction of the ramp (up or down) follows the sign of the difference between 0,
and Oi4rger- The ramp is positive (increases) when Oi4pger — Orim > 0, and negative

(decreases) when 04y get — Otrim < 0. The resulting output is the pitch command signal 6y, .

A first order filter is added in order to smooth the transition between the trim pitch angle 0;,.;y,,
its ramp value 6,4y, and the target value ;4yge¢. This filter allows to avoid abrupt changes
in the command signal. The first order transfer function can be written as follows:

Href _ We

0 st (A 11-41)

where w, is the cut-off frequency and may be tuned by the designer.

The resulting output of the filter is the pitch reference 6,.r, which serves as the input to the
controller in Figure A II-3. The ramp value indirectly controls the pitch rate because the
controller will closely follow the pitch reference signal 8,..¢. This allows us to maintain the
stability margins for the pitch rate. Very good results are obtained during tests when the ramp
value is set to 1.2 deg/s or less. It is important to note that the time to reach the target pitch
angle O¢qrgee depends on the flight conditions, since the initial pitch trim angle Oy, is
different for each condition.

11.4 Model Simulation and Validation

This section presents the simulation results for the proposed controller configuration shown in
Figure A 11-1.

11.4.1 Controller Tuning Parameters

The tuning parameters in the inner and outer loops are presented in Table A II-1, including the
values of the PID gains in both loops, the values of the neural network learning rates and other
tuning variables presented in the previous sections. The inner loop control parameters were
tuned first, before the outer loop parameters were tuned. The following values gave the best
results and remained constant for all flight conditions during the cruise phase.
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Table A II-1 Design Parameters for the Pitch Controller

Inner loop controller

Controller element Parameter Value
C* reference model, 1 rad/s, 0.5
Eq.(A 1I-3) W, §
PID controller, Eq.(A -15,-2, -1
I-4) K, K, Kq
NN, controller Learning rate 0.5, 30
I, Kyn 5o 1
Number of layers 30
Number of neurons
Pitch rate gain K, 12.4
Noise filter, Eq. (A 11-6) K, Ty 0.125, 0.125 sec
Washout filter, Eq. (A 1.6,6.7,1.6 sec
a, b, Tw
11-5)
Outer loop controller
Controller element Parameter Value
First order filter, Eq. 2 rad/s
(A 11-41) We
PID controller, Eq.(A Ko, K, Ko -1.5,-3,-1.05
11-22)
NN, controller Learning rate [, , 1.2,1.5,0.1
Kyngs Ke 1
Number of layers 30
Number of neurons
RLS Dynamic 1.015, 10715,5, Iy4,—0.1,,
Inversion controller, S
Eq.(A 11-28), Eq.(A II- K, Lo, Fo, Go
29)

The tuning of each control element follows an iterative process, for which the objective
consists of reducing the tracking error eg. Specifications on the tuning procedure are presented
in the discussion section, especially for tuning the RLS Dynamic Inversion Controller.
Simulation and validation results are presented below.

11.4.2 Model Validation for one flight condition

The first simulation was performed for one flight condition at 35,000 ft and a calibrated
airspeed of 290 knots, as shown in Figure A II-4. The pitch reference 6,.r was set with
different ramp signal values during 160 sec in order to validate the accuracy of the model. The
indirect control of the pitch rate g was validated for this flight condition validation test as it
kept the value of the pitch rate q at the desired value of the ramp signal 6,4y,,. The simulation
was performed for an environment characterized by ideal conditions, i.e., without wind nor
turbulence.
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Figure A I1-4 State responses on model validation for one flight
condition at 35,000 ft and 290 knots

It can be observed in Figure A 11-4 that the model follows the pitch angle reference with a high
accuracy throughout the simulation as the pitch reference values vary between +10° at
different pitch rates. A time window is given allowing the model to stabilize at constant pitch
rates. The oscillations on the pitch rate g are highly dampened, and they occur only during the
transition from one constant pitch angle to another. When the pitch angle reaches a constant
value, the pitch rate q and the normal load factor An, reach zero, which is the expected
performance. As we can see, the load factor An, also stabilizes at a constant value during the
transition between pitch angles. Also, the elevator deflections 8, are smooth and not saturated.
In fact, they remain in a good range of +2.5°.

Figure A II-5 shows the variation of the hyperparameters of the adaptive elements during the
simulation, i.e., the weights of the neural networks NN; and NN, and the estimated matrices
Fy and Gy from the Recursive Least Square estimation method. As can be seen in Figure A II-
5, the weights of the neural networks adapt well during the simulation and provide appropriate
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adaptation signals. Also, the values of F, and Gy are well estimated since they do not diverge.
We can also notice that any change in the pitch reference leads to sudden changes in the values
of the hyperparameters, as well as in the values of F, and Gy. This fact demonstrates the ability
of the controller to adapt to any given pitch reference value.
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Figure A 11-5 Neural Networks hyperparameters and estimated state and
control matrices for one simulation at 35,000 ft and 290 knots

11.4.3 Comparison of different controller configurations

Figure A II-6 shows the results from testing different configurations of the controller
architecture. During the simulation a pitch reference 6,..¢ of 10° is set, starting from a pitch
trim angle 6;,;,, = 1.5° and under ideal conditions. The flight condition used has an initial
altitude of 35,000 ft and a calibrated airspeed of 290 knots.
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Figure A II-6 Comparison of different controller configurations for one flight condition
at 35,000 ft and 290 knots

It can be observed that all configurations converge to the pitch reference 6,.r. However, we
can also notice that the PID + NN configuration alone is not enough to achieve the desired
performance. The best result is obtained when the configuration that combines the three control
elements: the PID, the NN, and the dynamic inversion. In this case, the model follows the pitch
reference 6.5 with high accuracy.

11.4.4 Validation on step signal over the flight envelope

The proposed flight controller was further validated for 63 cruise conditions across the flight
envelope of the Cessna Citation X. It should be noted that the simulations were performed with
the values given in Table A II-1, and that all tuned parameters remained constant. Therefore,
the resulting controller is unique, and no further gain design or modification was required.

The cruise conditions cover the aircraft flight envelope in terms of altitudes from 5 000 ft to
40,000 ft with an increment of 5 000 ft, and calibrated airspeeds from 170 knots to 330 knots
with an increment of 20 knots. The first validation on the step signal was performed for all
flight conditions. The model used a second order transfer function for the pitch reference model
with a damping ratio of 0.8 and a natural frequency of 0.1 rad/s. As shown in
Figure A II-7a, the controller is perfectly capable of following the pitch reference signal for all
cruise conditions.
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Figure A II-7 Pitch and elevator responses to a step command signal for all flight
conditions

11.4.5 Validation for ideal conditions over the flight envelope

In Figure A 1I-8, two pitch rates were applied, 0.5 °/s and 1.2°/s, and three different pitch target
values were applied. The difference in the time it takes to reach the target pitch value is evident
since the pitch rate values are different. There is also a small overshoot is caused by a higher
pitch rate. This overshoot is considered acceptable and demonstrates the ability of the
controller to correct and converge to the desired pitch reference value. The expected results for
the pitch response 6 under ideal conditions are obtained because the model reaches the
reference value at the desired rate.
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Figure A 11-8 Validation for ideal conditions over the flight envelope



243

When comparing a positive target pitch angle +10° with a negative target pitch angle —10°,
it can be noticed that there is no overshoot while reaching the negative target pitch angle. For
Btarger = 4° in Figure A I1-8, we can see that the controller is able to reach the target pitch

BOtarger Starting from any given initial pitch trim angle 8.y,

11.4.6 Aircraft dynamics including uncertainties.

The next validation step consists of simulating the proposed controller under wind gust
conditions. The wind gust velocity can be decomposed in the 3 axes in the aircraft body
reference, such as (Nelson, 1998):

Vir = [ug vy wy]" (A 11-42)

were Ug, v, and wy and the horizontal, lateral, and vertical components of the wind speed,
respectively. In our case, since we are dealing with longitudinal control, we will only consider
the horizontal and vertical components of the wind, u, and w, respectively. Therefore, v, is
set to 0 m/s.

In the aircraft simulation platforms, the wind gust velocities are added directly to the
corresponding aircraft velocities in order to simulate the perturbations, which directly affects
the aircraft dynamics. Different values for u, and w, were applied to validate the controller

performance. Extreme wind gust conditions (Frost, Camp, & Wang, 1978) were tested in order
to evaluate the overall performance for all flight conditions in cruise phase.

11.4.7 Robustness Validation for Wind Gust

As shown in Figure A II-9, 3 different configurations of wind gusts were applied. The wind
gust started at 5 seconds for all flight conditions. A positive sign on u, is used for tailwind,
while a positive sign on w, means that the wind comes from under the nose of the aircraft.



244

ug = -20 m/s ug = 30 m/s ug = 50 m/s
wg= -2m/s wg= 5m/s wg = 5m/s
10 10 10
8 8 8
G 6 6
&=
= 4 4 4
2 2 2
0 0 0

[deg]

time [s] time [s]

Figure A II-9 Robustness validation for wind gust.

When the wind gust factor is added, it is noticed how much it affects the controller
performance. Oscillations occur during the transition from 6y, t0 Otgrger - The oscillations
are less pronounced when the controller reaches a constant pitch angle value 64y ge;. The
results in Figure A 11-9 show that the robustness of the controller is good under wind gust
conditions. In fact, the controller is able to give an adaptive command signal to the elevators
in the presence of wind gusts.

11.4.8 Robustness Validation for wind turbulence

A last set of validations is performed while applying wind shear and turbulence to the aircraft
flight dynamics. The Dryden turbulence models (Nelson, 1998) for the longitudinal component
with moderate intensities were considered during the simulation. In addition, a wind shear
(Nelson, 1998) was applied at 5 sec, with an amplitude of 30 m/s on the horizontal component,
2 m/s on the vertical component and a length scale of 500 m.
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Figure A II-10 Robustness validation for wind turbulence and wind
shear for all cruise conditions

Figure A 1I-10 shows the results of simulations under turbulence and wind shear. In this
particular environment, we aim to observe the controller performance for two different target
pitch angles 6;4,g¢:- As We can see, the controller is able to follow the pitch angle reference.
On the left hand side of Figure A II-10, it can be seen that the controller can reach the desired
target pitch angle at +10°, while the right hand side of Figure A II-10, it can be seen that it can
keep the pitch values at the trimmed conditions despite the presence of turbulences. It should
be noticed that the same conditions are applied to both cases, and as we can see, the controller
is sending almost the same command signals §, on the elevators in both conditions. This aspect
means that the proposed controller is robust while trying to reach a desired pitch target 0.4 ge¢
under turbulent conditions.

11.5 Discussion of results

Our research aims to address the control limitations and robustness for pitch angle control. The
pitch rate control system was successfully implemented on the Cessna Citation X business jet
aircraft model. The main benefits of the controller are that no prior knowledge of the aircraft
dynamics is needed because the control input is computed using online estimations of the
aircraft local dynamics. Consequently, a dual adaptation was fulfilled, first using online
estimation and dynamic inversion, and second by using adaptive Neural Networks.



246

On the contrary to classical control algorithms that use gain scheduling, the control architecture
proposed in this study considered constant PID gain values throughout all flight situations.
Thus, the PID serves solely as an error selector, and the adaptive components, including the
neural networks and dynamic inversion, allow to control the aircraft even in the presence of
model uncertainties and nonlinearities, such as wind and turbulence conditions.

The RLS initial conditions have a significant impact on the dynamic inversion. A low
forgetting factor « causes the estimated parameters O to oscillate. As a result, the algorithm
will tend to forget prior increments. On the other hand, a forgetting factor near to 1 indicates
that the RLS keeps most of the previous values in memory. This ability of the RLS algorithm
has been demonstrated in previous research (R. P. Andrianantara, Ghazi, et al., 2024 ; R. P.
Andrianantara et al., 2023a ; Quintin et al., 2024). Additionally, a low initial value of the
covariance matrix Lq causes the estimated values ® to converge slowly. One way to solve the
problem consists of updating the covariance matrix Lg each time the error € in Eq. (A 1I-27)
reaches a threshold value. By this way, the values of F, and Gy would not oscillate, and
numerical singularities or instability caused by division by 0 would be avoided.

Before applying the controller on the overall flight envelope, it was required to firstly design
and implement it on a small set of 10 flight conditions in order to save time during its tuning.
The designed controller has not considered the limitations in the pitch angle values; therefore,
higher pitch reference values should be tested. However, the variations of the pitch reference
values between +10° were high enough for longitudinal control.

The pitch reference model improved the controller performance, as a desired pitch rate value
was set while between two target pitch angles. The pitch rate was tuned by the designer in
order to keep its value within the aircraft pitch rate limitations. Therefore, the final controller
reached an indirect pitch rate control with its values varying within £1.2 °/s.

11.6 Conclusion

An adaptive pitch controller for the Cessna Citation X has been successfully designed,
implemented, and validated on the overall flight envelope for all cruise conditions. The
controller includes an inner loop architecture which controls the C* parameter, thus allowing
neutral static stability at high-speed conditions. The controller can follow a desired pitch
reference signal with a desired pitch rate. It includes 3 main features, such as baseline PID
controllers, whose gains remain constant, two adaptive neural networks and a recursive least
square dynamic inversion. Therefore, the controller performs two adaptations, firstly with the
RLS dynamic inversion, and secondly with the neural network controllers.

Additional filters were added in order to make the controller more robust; however, these filters
also remain unchanged for all flight conditions, ensuring that the neural networks and the RLS
dynamic inversion fulfill their role for adaptation. The resulting controller is able to provide
very good command signals to the elevators in order to follow the pitch angle reference.



247

The control design for aircraft systems requires an iterative testing approach, especially during
validation of different control techniques applied. It is imperative that each control method
(PID, NN or Dynamic Inversion) is tested separately and together in order to guarantee the
proposed controller’s convergence and stability, and to ensure that each method fulfils their
design role. The fact that the control input is calculated using the state increments for Dynamic
Inversion and does not require knowledge of the aircraft dynamics is one of the main
characteristics of the proposed control algorithm. In addition, because of the fact that the
actuator dynamics was considered during the design, the proposed control algorithm is suitable
to control systems with high degree of nonlinearity.
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Résumé

Cet article traite de la validation des contrdleurs adaptatifs non linéaires par 1'évaluation des
qualités de vol, appliquées spécifiquement a la dynamique de vol du Cessna Citation X. Deux
contrdleurs non linéaires distincts ont été congus pour le contrdle a bas niveau de la dynamique
longitudinale et latérale, respectivement. Les deux algorithmes de contréle comprennent un
controleur de base proportionnel-dérivé-intégral fixe, un contréleur d'inversion dynamique non
linéaire utilisant 1'estimation récursive des moindres carrés et un controleur adaptatif a réseau
de neurones. Le controle longitudinal consiste a contrdler le taux de tangage de 'avion, tandis
que le controle latéral consiste a controler le taux de roulis de I'avion et a assurer la stabilisation
du taux de lacet. Les qualités de vol ont été tirées de la norme MIL-STD 1797A, dont les
exigences de niveau 1 ont été satisfaites pour la dynamique période courte, le roulis et le roulis
hollandais. Les controleurs obtenus sont des controleurs adaptatifs a modele de référence
(MRAC), ce qui signifie que des signaux de référence spécifiques ont été suivis avec les
performances souhaitées en termes de taux de tangage et de taux de roulis. Les contréleurs de
vol ont été testés dans 64 conditions de vol en phase de croisiére couvrant 1'ensemble de
I'enveloppe de vol du Cessna Citation X. Les simulations ont démontré une erreur de suivi
minimale, puis l'identification de la fonction de transfert a été effectuée pour chaque simulation
afin d'extraire les caractéristiques de performance transitoires. Les résultats ont montré que les
qualités de vol de l'avion se situaient dans le niveau 1 pour les contrdleurs adaptatifs
longitudinaux et latéraux.

Abstract

This paper discusses the validation of nonlinear adaptive controllers by assessing the flying
qualities, specifically applied to the flight dynamics of the Cessna Citation X. Two distinct
nonlinear controllers were designed for low-level control of longitudinal and lateral dynamics,
respectively. Both control algorithms include a fixed Proportional-Derivative-Integral baseline
controller, a Nonlinear Dynamic Inversion controller using Recursive Least Square estimation,
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and an adaptive Neural Network controller. The longitudinal control consists of controlling the
aircraft pitch rate, while the lateral control task consists of controlling the aircraft roll rate and
ensuring the stabilization of the yaw rate. The flying qualities were taken from MIL-STD
1797A for which Level 1 requirements were met for short period, roll and Dutch-roll dynamics.
The resulting controllers consist of Model Reference Adaptive Controllers (MRAC), which
means that specific reference signals were tracked with desired performances on the pitch and
roll rates. The flight controllers were tested for 64 flight conditions in the cruise phase covering
the overall flight envelope of the Cessna Citation X. Simulations demonstrated minimal
tracking error and then transfer function identification was fulfilled for each simulation to
extract the transient performance characteristics. Results have shown that the aircraft flying
qualities were lying within the Level 1 for both adaptive longitudinal and lateral controllers.

II1.1 Introduction

Flying Qualities (FQ) characterize the maneuvering capabilities of an aircraft. They describe
how the aircraft responds to pilot commands during maneuvers or when performing specific
tasks (Department of Defense, 1997). Flying qualities are essential for analyzing the aircraft
stability and control characteristics. In addition, flying qualities can also be assessed to evaluate
the controllers performance (Cook, 2012 ; Saussie et al., 2003).

Flying qualities are typically designed for linearized aircraft dynamics, and thus linear
controllers for which time-frequency analysis is possible (Department of Defense, 1997 ;
Nelson, 1998). However, no formal method for validating nonlinear adaptive controllers has
yet been certified in the aerospace industry (Wilkinson, Lynch, Bharadwaj, & Woodham,
2016). In fact, the main issues and challenge of adaptive elements (S. M. Hosseini, Bematol,
et al., 2024a ; Tondji, Ghazi, & Botez, 2023 ; Zohreh Nejad, Aillot, Henry, Ghazi, & Botez,
2024) consist of their stability, convergence, and robustness, which remain uncertain, and
therefore they present threats to human life. Several task groups, including NASA
(Bhattacharyya, Cofer, Musliner, Mueller, & Engstrom, 2015 ; Soares & Burken, 2006), FAA
(Bhattacharyyaetal., 2015 ; Wilkinson et al., 2016), and EASA (Cima et al., 2021) are working
towards certifying adaptive components applied in aerospace. Standards on the use of adaptive
features are already considered and applied to Unmanned Aerial Vehicle (Hakim & Choukri,
2024 ; Koch III, 2019 ; Koch, Mancuso, West, et al., 2019), as UAVs present fewer risks to
human life.

In summary, this paper aims to evaluate the aircraft flying qualities of the Cessna Citation X
for its longitudinal (S. Hosseini, Ghazi, et al., 2023a ; S. M. Hosseini, Ghazi, et al., 2024a) and
lateral flight dynamics (Ghazi & Botez, 2015b ; S. M. Hosseini, Bematol, et al., 2024a) in order
to validate the proposed adaptive controllers. This paper does not assess the full spectrum of
aircraft flying qualities, but focuses specifically on the short-period dynamics in the
longitudinal axis, and Dutch-roll and roll dynamics in the lateral-directional axis (Department
of Defense, 1997). In addition, a change in the controller parameters is fulfilled in the lateral-
directional axis, which may substantially affect the aircraft flying qualities. Nevertheless,
despite these changes, the lateral flying qualities remain within the Level 1 criteria.
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This paper provides a detailed description of the Cessna Citation X flight dynamics and its
configuration (R. P. Andrianantara, Ghazi, et al., 2024 ; R. P. Andrianantara, Mancera Coyotl,
et al., 2024). Then, the flying qualities requirements specific to the Cessna Citation X are
established for the cruise phase (Yamina Boughari, Botez, et al., 2017). An overview of the
proposed longitudinal and lateral controllers is described, for which the control laws are
explicitly given. In the simulation and result section, a summary of the considered cruise flight
conditions is given, and simulations are performed for all flight conditions. The proposed
control method consists of a Model Reference Adaptive Controller (S. Hosseini, Inga, et al.,
2023); therefore, specific performance characteristics are given for the tracking references
regarding short-period, Dutch-roll, and roll dynamics.

1I1.1.1 Cessna Citation X Model and Simulation Platform

The Cessna Citation X is among the fastest business jet aircraft. It has a maximum range of 3
091 nm, a ceiling altitude of 51,000 ft, and a maximum operating Mach number of 0.92. The
Cessna Citation X is powered by two Rolls-Royce AEC3007C-1 turbofan engines with a
maximum thrust of 6 442 1bf. The aircraft can carry 12 passengers and 3 crew members.

In order to develop the proposed flight controllers, a high-fidelity Matlab/Simulink simulation
platform was used (Ghazi & Botez, 2015a), and is available at the LARCASE laboratory. This
Simulink platform has been validated with a Level D Research Flight Simulator (RAFS) of the
Cessna Citation X business jet. The Level D is the highest qualification level given by the
Federal Aviation Administration. The nonlinear simulation platform implements complex
physics-based components, such as atmosphere module, aerodynamic and engine modules,
actuator dynamics, wind and turbulence models, forces and moment equations. The simulation
platform has been used for the validation of several controllers (R. P. Andrianantara et al.,
2023a; R. P. Andrianantara, Mancera Coyotl, et al., 2024 ; Y. Boughari, Ghazi, et al., 2017a ;
Yamina Boughari, Botez, et al., 2017).

The actuators are modeled using second-order nonlinear dynamics, which allows to increase
the system’s nonlinearity and complexity. By this way, it is possible to improve the
generalizability of the proposed controllers on different control tasks with high degree of
nonlinearity.

III.1.2  Flying qualities requirements

According to the aircraft classification given in the Flying Qualities standards (Department of
Defense, 1997), the Cessna Citation X is categorized as a Class Il mid-sized aircraft, for which
the weight ranges between 5 000 1b and 30,000 Ib. The proposed longitudinal and lateral
controllers were designed for cruise operations, which correspond to Category B flight. The
following Table A III-1 establishes the desired Level 1 requirements for short-period, Dutch-
roll and roll flying qualities (Department of Defense, 1997).
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Table A III-1 Level 1 Flying Qualities requirements for
longitudinal and lateral-directional dynamics and category
B flight phase

Longitudinal flying qualities

Short period frequency, rad/s 03<wsp =<2
Control Anticipation Parameter 0.085 < CAP < 3.6
Settling time at 5%, sec T, <3

Drb
Dropback -02<—<05

qSS
Short-period time constant, sec 01<Tp <15
Delay allowed , sec 0.1

Lateral-directional flying qualities

Roll time constant 7, < 1.4 sec
Dutch-roll minimum damping, min ;. = 0.08
Dutch-roll minimum frequency, . _

rad/s min wg, = 0.4 rad/s
Minimum 4, w4, min ¢4, w4, = 0.15
Delay allowed, sec 0.1

1.2 Controller design methodology
I11.2.1  Longitudinal pitch rate controller

Figure A III-1 presents the designed adaptive algorithm for the pitch rate control of the Cessna
Citation X. It includes a PID controller with fixed gain, an Approximate Dynamic Inversion
controller using a Recursive Least Square estimation method, and an adaptive neural network
controller (R. P. Andrianantara et al., 2023a ; R. P. Andrianantara, Mancera Coyotl, et al.,
2024).
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Figure A III-1 Designed pitch rate controller including PID, RLS Dynamic Inversion and
NN controller
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Adaptive Control law

The overall command law sent to the elevator is given in the following equation (its
mathematical development is provided in (R. P. Andrianantara et al., 2023a)):

- K .
A8, = (CGy) ™" [r’ + (KP o KDS) e — CF,Ax, — KNNWTO'(VT)_()] (A TTI-1)

where e is the pitch rate error, C = [0 0 1 0] is the output matrix corresponding to the pitch
rate, 7" is the derivative of the reference signal, Ax;, is the longitudinal states increment vector
at sample time k, o is the tangent-sigmoid function of the neural network.

The control law sends the variation of the command input signal Ad,, to the elevators. The

PID controller includes a proportional gain Kp, an integral gain K;, and a derivative gain K,
whose values remain fixed for all simulations. The approximate dynamic inversion consists of
estimating the local state space matrix F;, and the local control matrix Gy, using the Recursive
Least Square algorithm (Haykin, 2013). The neural network component is used to compensate
for any estimation errors from the dynamic inversion. The weight matrices W and V of the
neural network are dynamically updated using custom adaptive laws based on backpropagation
algorithm (Stevens et al., 2015). A Single hidden layer neural network is enough for adaptation

purpose.

Reference model

The aircraft longitudinal motion may be divided into two motions: a fast dynamic mode, also
referred to as the short-period mode, and a slow dynamic mode, known as the phugoid mode.
For low-level control, specifically for pitch rate control, only the short-period dynamics will
be taken into account.

A reference model for the pitch rate command using the short-period approximation (Nelson,

1998 ; Stevens et al., 2015) and based on the following second-degree transfer function :

CIref _ wszp (1 + THZS)
dcemd s? + Zfspwsps + wszp

(A TI1-2)

The short-period mode is an oscillatory motion with a specific natural frequency wg, and

damping ratio &s,. The zero of the transfer function in eq. (A I1I-2) is defined as — TL, where
62
Ty, is the short-period time constant. The requirements for their values are given in Table A

II-1.
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II1.2.2  Lateral roll rate controller and yaw damper

Figure A III-2 shows the designed adaptive algorithm roll rate control and the yaw rate
stabilization for the Cessna Citation X. The control algorithm includes a PID controller with
fixed gains, an Approximate Dynamic Inversion controller using RLS estimation, and an
adaptive neural network controller.
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Figure A I1I-2 Designed roll rate controller and yaw damper including PID, RLS
Dynamic Inversion and NN controller

Adaptive control law

The control principle is the same as for the pitch rate controller presented in Section
[I1.2.111.2.1.0. The overall command law sent to the ailerons Ad,, and the rudders Ad;., are

given in the following equations (their mathematical development can be found in (Quintin et
al., 2024)) :

T K, _ _
A&ak = (Clle) 1 [pref + (KP + ? + KDS> e — CleAXk - ClGZk ASrk_l

- W7! G(VT)_()] (A TII-3)

KWF.TS
s+ 1

r — CoFgAx) — C2G1, A8, — W o(VTX)

A5rk = (CZaZk )_1 [

where e is the roll rate error, C; = [0 1 0 0 0] is the output matrix for the roll rate, while C, =
[0 010 0] is the output matrix for the yaw rate; p,s is the derivative of the roll reference
signal, Ax,, is the lateral states increment vector at sample time k, o is the tangent-sigmoid
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function of the neural network. The approximate dynamic inversion consists of estimating the
local state matrix F, and the local control matrices G4 . and sz using the RLS algorithm. The

neural network is used to compensate for estimation errors. The output weight matrix W, of
the adaptive command on the ailerons, and the output weight matrix W, of the adaptive
command on the rudders are dynamically updated using custom adaptive laws based on
backpropagation (Quintin et al., 2024). Wj, is updated using the tracking error on the roll rate,
W, is updated using the sideslip angle derivative, while the input weight matrix V is updated
using both roll rate error and sideslip derivative.

Reference model

The aircraft lateral motion may be divided into three different motions: a fast dynamic mode,
referred to as the roll mode; a slow dynamic mode, known as the spiral mode; and an oscillatory
mode, termed the Dutch-roll mode. For low-level control, specifically for roll rate control, only
the roll and Dutch-roll dynamics are taken into account. Therefore, a reference model is set as
follows for roll rate command:

DPref _ (1)(217« 1
Pema S?+2&4 wars+ i Ts+1 (A TII-4)
The aircraft roll mode may be approximated using a first order transfer function ﬁ, where T

is the roll time constant. The Dutch-roll mode may be approximated using a second-order
transfer function with a specific damping ratio ;. and a specific frequency wgy,. The
requirements on their specific values are given in Table A III-1.

111.3 Simulation and validation
111.3.1 Cruise trimmed conditions

The longitudinal and lateral controllers were designed for the cruise phase. To this aim, the
Cessna Citation X was trimmed for 64 cruise flight conditions, covering its entire flight
envelope. The proposed control algorithms were designed to adaptively control the aircraft at
trimmed conditions, without the need to tune their parameters. The aircraft was trimmed at
given calibrated airspeed CAS and altitude h. The overall flight conditions are shown onFigure
A 1II-3.
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Figure A III-3 Selected 64 cruise flight conditions

The altitude was selected from 5 000 ft to 40,000 ft with an increment of 5 000 ft, and the CAS
was selected from 170 kts to 330 kts with an increment of 20 kts. A fixed center-of-gravity
(CoG) of 25%, and a weight of 33,000 1b were set for all flight conditions.

I11.3.2  Longitudinal controller simulation results

Simulation

The pitch rate controller was tested for 64 cruise conditions. The desired performances of the
reference pitch rate signal are given in Table A III-2. These performances were set based on
the flying qualities requirements specified in Table A III-1. The simulations were performed
for 3 seconds, and the performance characteristics are summarized in Table A 11I-2.
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Table A III-2 Reference signal and pitch rate controller performances

Rising
Damping | Frequency, time at Settling time | Maximum | Overshoot,
rad/s 90%, sec | at £5% qg 5, | pitch rate %
sec

Variable Esp Wsp T T Gmax -
Reference

del
mode 0.69 4 0.21 1.22 1.21 21
signal
qref
Pitchrate |5 g1 | 571-697 | 025-029| 1-185 | 1.06-128 | 6-28
signal q

As shown in Figure A II1-4, the controller was able to successfully track the pitch rate reference
signal after the settling time with a relative error lesser than 0.1% during steady state. The high
error in the transient dynamics is due to the adaptation time required by the controller.
However, that relative error is less than 0.5% in the transient behavior. In addition, it can be
seen that the elevator deflections did not reach saturation, and the transient behavior for all
flight conditions is close to the reference signal. The identified performances in Table A III-2
are close to those of the reference signal. Small differences are noticeable, such as a small
delay in comparison to the reference signal. It can be noticed that the overshoot is different for
each flight condition. Nonetheless, the overall behavior of the pitch rate remains consistent
with the reference signal.

A transfer function identification was performed to determine the resulting damping and
frequency for each flight condition, thereby facilitating the evaluation of the Flying Qualities.
For this purpose, the Matlab function tfest for system identification was applied using the
nonlinear least square algorithm. A delay of 0.07 sec was allowed, which complies with the
Level 1 flying qualities (see Table A III-1) while enabling achieve a curve fitting success rate
higher than 98%.
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Figure A I1I-4 Pitch rate, relative error and elevator deflection responses
for all cruise conditions.

Flying quality validation

From curve fitting, the pitch rate controller overall performances were extracted, namely, the
damping ¢, the frequency wsg, and the short period time constant Tg,. The short period
requirements are delimited with the damping and frequency boundaries, which were taken
from MIL-STD-1797A for Level 1 and Level 2 flying qualities (FQ) in Figure A III-5.
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Additionally, the Control Anticipation Parameter (CAP) was also evaluated. In fact, many
studies have demonstrated that traditional requirements on damping and frequency alone are
not sufficient for the evaluation of the short-period performance, because they do not account
for the effects of the numerator component. Consequently, the impact of the zero, given by
—1/Ty,, was introduced in the calculation of the CAP, as proposed by Bihrle (Bihrle, 1966).
Practically, the CAP effectively reflects the pilot perceptions in response to normal and pitch
acceleration. The approximation of the CAP parameter can be expressed as follows:

2

CAP ~ —5P
TV 1 (A II1-5)

where V is the aircraft true airspeed, and g is the gravitational acceleration. The boundaries
for the CAP corresponding to Level 1 and Level 2 Flying Qualities are delimited in Figure A
II1-6 (Department of Defense, 1997). As can be seen in this figure, all data points fall within
the Level 1 region. Security margins are clearly set as the points are located far from the Level
1 bounds.
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Figure A III-6 CAP assessment for pitch rate controller

111.3.3 Lateral controller simulation

Simulation

The roll rate controller was tested for 64 cruise conditions. The desired performance of the
reference roll rate signal was set in Table A 11I-3. The desired performances were set following
the Level 1 flying qualities requirements specified in Table A III-1. The simulations were
performed for 5 seconds as seen in Figure A I1I-7a, and the performance characteristics were
summed in Table A III-3. The roll rate control parameters were then changed. This ensured
that the controller was robust enough in the presence of external disturbances such as wind and
turbulence.



261

Table A III-3 Reference signal, ideal roll rate controller and reconfigured controller
performances on unit signal tracking

Damping | Frequenc | Roll time Rising Settling | Maxim | Oversh
Y, constant, time at time at | umroll | oot, %
rad/s sec 90%, sec | +£5% pgs rate
, sec
’fdr War T Tr Ts Pmax -
Reference
del
mode 0.5 3 0.1 0.82 1.87 1.15 15.5
signal
Pref
Roll rate
signal p 0.44-0.51 29-3.18 0.05-0.14 | 0.82-0.88 | 1.9-2.14 1.18 15-18.2
(a)
Reconfigu
red 0.23-0.58 | 3.54-4.06 | 021-0.64 | 095-148 | 1.75-32 | 112 0-12
controller
(b)

As similar to the pitch rate controller, a transfer function identification was performed in order
to identify the resulting damping and frequency for each flight condition and then conclude on
the lateral Flying Qualities. A delay of 0.04 sec was allowed, which still respects the Level 1
flying qualities (see Table A III-1) and at the same time ensures a curve fitting higher than
97% success rate. As seen in Table A III-3, the performances of the controller in Figure A III-
7a are close to these of the reference model. The roll rate relative error is less than 4.5% after

settling time.
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Figure A III-7 Roll rate, relative error and aileron deflection responses for all cruise
conditions, for ideal controller (a), for reconfigured controller (b)

Figure A 1II-8 shows the controller response on the yaw rate and the sideslip angle derivative.
As we can see, the yaw rate is linear, therefore damped, and the sideslip derivative is also
tending to 0. When the controller parameter is changed, the damping is less effective, however,

the controller is still able to reduce the effect of the sideslip derivative and keep a damped yaw
rate.

o
=

o

o

I

IS
1
~

T

r [deg/s]

o
N
r [deg/s]

3 [deg/s]

time [sec] time [sec]

(a) (b)
Figure A 1II-8 Yaw rate and sideslip derivative responses for all cruise conditions, for
ideal controller (a), for reconfigured controller (b)
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Flying quality validation

As for the longitudinal controller, the overall roll rate controller performances were assessed
using curve fitting. The extracted performances were namely the Dutch-roll damping &,,- and
frequency wg,- and the roll time constant 7, and thus, for all flight conditions. The roll and
Dutch-roll requirements are delimited with the damping and frequency boundaries, which were
taken from MIL-STD-1797A (Department of Defense, 1997) for Level 1 and Level 2 flying
qualities (FQ) in Figure A III-9.
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Figure A 11I-9 Dutch roll Flying Quality Assessment for ideal controller (a), for
reconfigured controller (b)

As seen in Figure A III-9a, the controller is perfectly able to catch the reference signal
performances in terms of damping and frequency. Even though the neural network parameters
were reconfigured in Figure A III-9b, in order to include the uncertainties dynamics, the
resulting Dutch-roll damping and frequency still remained within the Level 1. The roll time
constant T is also less than 1.4 sec for all flight conditions, which respects the Level 1
requirement in Table A III-1.

111.4 Discussions

In this paper, adaptive controllers for longitudinal pitch rate control and lateral roll rate control,
as well as a yaw damper were validated using flying qualities. As a result, the controllers were
able to meet the Level 1 Flying Qualities given by MIL-STD 1997A.

The assessment of flying qualities in order to validate the designed adaptive controllers is
reviewed. It is critical that stability, convergence, and robustness criteria are met by all
controller components to qualify for Flying Qualities assessment. In cases where these criteria
are not met, as demonstrated with the lateral control in this study, reconfiguration is required
to ensure compliance with Level 1 flying qualities.
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Hypothetical margins may be established when evaluating flight performance. The designer
must ensure that the performance of the controllers remains within the Level 1 requirements
for both longitudinal and lateral control. These margins would then be defined as the gap
between the actual performance of the controllers and their defined limits.

In addition, the designer must verify that the transient response of the controllers closely
matches that of the reference signal. Only then should a transfer function identification be
performed in order to describe the actual performance of the controllers. The primary goal of
the adaptive control signal, which is to track a quadrature signal rather than a reference model
signal, may require further tuning.

111.5 Conclusion

Flying Qualities were assessed for the validation of the proposed longitudinal and lateral
controllers applied on the Cessna Citation X flight dynamics. The adaptive controllers include
PID controllers, Approximate Dynamic Inversion controllers and Neural Network controllers.
The flight controllers were tested for 64 flight conditions in the cruise phase, which covered
the overall flight envelope of the Cessna Citation X. Simulation were run with low tracking
error, then transfer function identification was fulfilled for each simulation in order to extract
the controller performance.

Results have shown that the designed control algorithms are able to track the given reference
signals on the pitch and the roll rates, while damping the yaw rate. The tracking errors are
sufficiently small for the pitch rate tracking, and less than 5% for the roll rate tracking. The
flying qualities have shown that the proposed controllers are stable and remain within Level 1
requirements for short period and Dutch-roll flying qualities. The roll time constant is also less
than 1.4 sec for both ideal and retuned roll rate controllers.
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