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RÉSUMÉ 

La conception des systèmes de commande de vol pour les avions commerciaux reste limitée 
par la dépendance des contrôleurs classiques et modernes à un modèle mathématique précis, à 
un séquencement des gains et à un réglage effectué à la suite d’une expertise approfondie. Si 
les méthodes de commande adaptative et intelligente offrent des alternatives prometteuses, leur 
application aux systèmes aéronautiques est limitée par des préoccupations liées à la robustesse, 
à la stabilité numérique et à la compatibilité avec leurs certifications. Cette thèse aborde ces 
défis à travers le développement et la validation d'une architecture de commande de vol 
adaptative hybride appliquée à l’avion d'affaire Cessna Citation X. 
 
La méthode de contrôle proposée combine des contrôleurs PID pour la stabilité avec une 
inversion dynamique basée sur l’estimation par la méthode des moindres carrés récursifs et 
une adaptation à l’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 à l'aide d'une estimation en ligne de la dynamique locale de l'avion à 
partir des incréments d'état et de contrôle mesurés, éliminant ainsi le besoin d’obtenir des 
modèles aérodynamiques explicites ou de séquencement 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 contrôle 
structurée et interprétable. 
 
La méthodologie est validée à l'aide d'un modèle de simulation non linéaire d’haute-fidélité du 
Cessna Citation X dans 64 conditions de vol de croisière couvrant une large gamme d'altitudes 
et de vitesses. Les contrôleurs en boucle interne pour la stabilisation du tangage, du roulis et 
du lacet, ainsi que les pilotes automatiques en boucle externe pour le contrôle de la vitesse 
verticale, de l'altitude et du cap, sont conçus et évalués à l'aide d'une configuration unique du 
contrôleur. 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 l'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 à 2 %, des temps de stabilisation rapides pour la dynamique en boucle fermée et 
une réjection robuste des perturbations sur toute l'enveloppe de vol. Les qualités de vol sont 
évaluées de manière explicite à l'aide des critères 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 
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les éléments adaptatifs. Une validation comparative à l'aide d'un simulateur de vol de recherche 
de niveau D montre une amélioration des performances de notre contrôleur par rapport au 
contrôleur de référence. 
 
Cette thèse démontre que le contrôle adaptatif hybride basé sur la stabilisation PID, l'inversion 
dynamique RLS et l'adaptation des réseaux de neurones offre une solution adaptative, robuste 
et compatible pour la certification du contrôle de vol sur l'enveloppe complète des avions 
commerciaux. Les résultats établissent une voie pratique vers le déploiement de systèmes de 
contrôle de vol adaptatifs dans les applications aéronautiques, assurant la sécurité de vol. 
 
Mots-clés : Contrôle de vol adaptatif, Inversion dynamique non-linéaire, Estimation récursive 
des moindres carrés, Contrôle par réseau de neurones, Validation des qualités de vol 
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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-
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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 ܪஶ 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.  
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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 (AI) controllers based on Reinforcement Learning, Neural Networks and 

Fuzzy logic. 
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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 AI 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 AI 

control on manned aircraft seems not to be far from now.  
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Therefore, this research aims to solve these gaps by using AI 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 
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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. 
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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. 
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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 & 
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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, Yeşildirek, & 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 
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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 AIAA 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 :  

ܠ̇ = ܠۯ +  ܝ۰

ܡ = ܠ۱ +  ܝ۲

(0.1) 

where ܠ is the states vector, ̇ܠ is the state variation, ݑ is the control input vector, ۯ is the state 

matrix and ۰ is the control matrix. ܡ is the output equation, while ۱ and ۲ are the output 

matrices corresponding to the states and the control inputs. 

 

The state matrix ۯ, is obtained through linearization of the aircraft dynamics, and contains the 

aircraft aerodynamic stability derivatives. On the other hand, the control matrix ۰ 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 :  

 



12 

 

൦

Δ̇ݑ 
Δ̇ݓ
Δ̇ݍ
Δ̇ߠ

൪ = ൦

ܺ௨  ܺ௪  0 −݃଴ 
 ܼ௨  ܼ௪  ଴  0ݑ  

௨ܯ  + ௪ܯ  ௪̇ ܼ௨ܯ + ௪ܼ̇௪ܯ ௤ܯ + ଴ݑ௪̇ܯ 0
 0 0 1 0

൪ ൦

Δݑ 
Δ ݓ
Δݍ
Δߠ

൪ 

+

⎣
⎢
⎢
⎡

ܺఋ೐  ܺఋ೟
ܼఋ೐ ܼఋ೟

ఋ೐ܯ + ௪ܼ̇ఋ೐ܯ ఋ೟ܯ + ௪ܼ̇ఋ೟ܯ
0 0 ⎦

⎥
⎥
⎤
൤
Δߜ௘
Δߜ௧

൨ 

(0.2) 

 

The full lateral-directional linear state-space equation can be expressed as follows :  
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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 ܪஶ control. 

 

1.4 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 

error.  
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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 III, 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 ܪஶ 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 ܳ on the states and another weighting matrix ܴ on the control inputs. Thus, 

the main task of the designer consists in finding suitable configurations of the ܳ and ܴ  matrices 

in order to minimize the cost function, and hence to reduce undesired behaviors (Y. Boughari, 

Ghazi, et al., 2017a, 2017b). If ܳ is predominant on ܴ, then the system will struggle to follow 

the command signal. Contrarily, if ܴ is predominant on ܳ, 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 ܳ and ܴ 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 ݍ and the normal acceleration ܽ௭ 

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 ߙ, Mach number, and commanded pitch angle ߠcmd, 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 ܪஶ control method has been widely used in 

aerospace applications. Designed by Zames and Francis in the early 1980s, the ܪஶ 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 ; I. S. 

Khalil, Doyle, & Glover, 1996). However, a well-known limitation of ܪஶ 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 ܪஶ 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 ܪஶ 

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 

manner. 

 

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. 

 



23 

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. 
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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 ߢ 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 
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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, & Mébarki, 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–Pi 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, 

et al., 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 UAV 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 



33 

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 AI 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 ܪஶ 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. 

 



 

CHAPTER 2 
 
 

NONLINEAR ADAPTIVE LONGITUDINAL CONTROLLER AND FLIGHT 
QUALITIES VALIDATION FOR A BUSINESS AIRCRAFT 

Rojo Princy Andrianantara a, Georges Ghazia, and Ruxandra Botez a 
 

a Laboratory of Applied Research in Active Controls, Avionics and AeroServoElasticity 
(LARCASE), System Engineering Department, École de technologie supérieure, 

1100 Rue Notre-Dame Ouest, Montréal, Québec, Canada H3C1K3 
 

Article published in The Aeronautical Journal, February 2026 
https://doi.org/10.1017/aer.2026.10132 

 
Résumé 

Cet article présente la conception d'un système de commande de vol adaptatif non linéaire pour 

la dynamique longitudinale du Cessna Citation X. Le taux de tangage de l'avion est contrôlé à 

l'aide d'une combinaison d'inversion dynamique non linéaire basée sur les moindres carrés 

récursifs et d'un contrôleur adaptatif à réseau de neurones. L'algorithme des moindres carrés 

récursifs fournit des estimations de paramètres en ligne, tandis que le réseau de neurones 

compense les erreurs de modélisation résiduelles grâce à l'adaptation des poids en ligne. Afin 

d'améliorer la robustesse et d'assurer la stabilité, un contrôleur proportionnel-intégral-dérivé à 

gain fixe est intégré à la structure de contrôle. Contrairement aux contrôleurs à séquence de 

gains classiques, où les gains PID varient en fonction des conditions de vol, le contrôleur 

adaptatif proposé utilise un seul ensemble de gains fixes. Le composant adaptatif met à jour 

l'action de contrôle en ligne, ce qui permet à la même configuration de contrôleur de 

fonctionner efficacement dans les 64 conditions de croisière 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 contrôleur est capable de suivre un 

modèle 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'efficacité des actionneurs et le bruit des 

actionneurs. Les résultats de la simulation démontrent que le contrôleur 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 à l'aide d'une analyse basée sur Lyapunov, ce qui assure une adaptation non linéaire 

fiable. Les résultats soulignent la capacité du contrôleur adaptatif hybride conçu à surmonter 

les limites de la linéarisation, du séquencement de gains et de la sensibilité de l'estimateur, 

laissant entrevoir une méthode pratique et certifiable pour l'intégration de systèmes de contrôle 

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. 



41 

 

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, Dähne, 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 ܪஶ 

(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) (Xiaoqian 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  
Maximum Mach number  
Maximum range  
Maximum altitude  
Maximum takeoff weight  
Maximum zero fuel weight  
Maximum thrust  

648 km/h [350 knots] 
0.92 

5, 724 km [3,091 nm] 
15 544 m [51,000 ft] 
16 193 kg [35,700 lb] 
11 067 kg [24,400 lb] 
28 655 N [6442 lbf] 

 

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: 

ܠ̇ = ૎(ߟ,ܠ) 

ݕ = ℎ(ܠ) 
(2.1) 

where ܠ = ݑ] ݓ ݍ  are the longitudinal and lateral velocity ݓ and ݑ ,is the state vector ்[ߠ

components, respectively, ݍ is the pitch rate, and ߠ is the pitch angle, ℎ is a nonlinear function, 

ߟ =  .௘ is the elevator input, and φ is an unknown nonlinear functionߜ
 

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 
deflection  

14° 

Minimum 
deflection  

-19° 

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 ݍ 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 ݍ௥௘௙.

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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ܠ̇ = (ܠ)܎ +  ߟ(ܠ)܏
ݕ = ݍ =  (2.2) ܠ۱

where ܎ and ܏ are nonlinear functions, and ݕ is the output. Hence, ۱ = [0 0 1 0] for pitch 

rate output.  

 

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

ߟ = ℵ(̇ܠ,  (2.3) (ܠ

where ℵ = ૎ିଵ is the inverse function of ૎. Next, let’s express ߟ =  ௘ according to the controlߜ

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

ܠ̇ = ૎(ߟ,ܠ) = (ܠ)܎ +  (2.4) ߟ(ܠ)܏

Developing Eq. (2.4) using the first-order linear approximation around (ܠ૙,  : ଴), we obtainߟ

૎(ߟ,ܠ) = ૎(ܠ૙, (଴ߟ + ૎ܠ
ᇱ ܠ)૙,ఎబܠ(ߟ,ܠ) − (૙ܠ + ૎ᇱ

ఎ(ߟ,ܠ)ܠ૙,ఎబ(ߟ −  ଴) (2.5)ߟ

where ૎(ܠ૙, ,૙ܠ) ଴) is the value atߟ ܠ଴), ૎ߟ
ᇱ ,ܠ) ૙,ఎబ and ૎ᇱܠ(ߟ

ఎ(ܠ,  ૙,ఎబ are the partialܠ(ߟ

derivatives of ૎ with respect to ܠ and ߟ, respectively. We may formulate the terms in Eq. (2.5), 

as such: 

૎(ܠ૙,ߟ଴) = (૙ܠ)܎ +  ߟ(૙ܠ)܏

 

૎ܠ
ᇱ (ߟ,ܠ) =

(ܠ)܎߲
ܠ߲

+
(ܠ)܏߲
ܠ߲

 ߟ

 

૎ఎ
ᇱ (ߟ,ܠ) =

(ܠ)܎߲
ߟ߲

+
[ߟ(ܠ)܏]߲

ߟ߲
=  (ܠ)܏

(2.6.a) 

 

(2.6.b) 

 

(2.6.c) 
 

Considering the following changes, so that Δܠ = ܠ) − ߟ૙)  and Δܠ = ߟ) −  ଴), and replacingߟ

Eq. (2.6) into Eq.(2.5), the following expression is obtained: 

૎(ܠ, (ߟ = (૙ܠ)܎ + ߟ(૙ܠ)܏ + ቆ
(ܠ)܎߲
ܠ߲

+
(ܠ)܏߲
ܠ߲

ቇߟ
૙,ఎబܠ

ઢܠ +  (2.7) ߟ૙,ఎబΔܠ(ܠ)܏

Let us express ̇ܠ in Eq. (2.4) for small perturbations around (ܠ૙,  : (଴ߟ
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ܠ̇ = ૙ܠ̇ + ઢ̇ܠ = ૎(ܠ,  (2.8) (ߟ

From Eq. (2.7) and Eq. (2.8), and considering ̇ܠ૙ = (૙ܠ)܎ +  :can be written as such ܠΔ̇ ,ߟ(૙ܠ)܏

Δ̇ܠ = ቆ
(ܠ)܎߲
ܠ߲

+
(ܠ)܏߲
ܠ߲

ቇߟ
૙,ఎబܠ

Δܠ +  (2.9) ߟ૙,ఎబΔܠ(ܠ)܏

Making the following changes : 

૙,ఎబܠ۴ = ቆ
(ܠ)܎߲
ܠ߲

+
(ܠ)܏߲
ܠ߲

ቇߟ
૙,ఎబܠ

; ૙,ఎబܠ۵  =  ૙,ఎబ (2.10)ܠ(ܠ)܏

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

Δ̇ܠ = ܠ૙,ఎబઢܠ۴ +  (2.11) ߟ૙,ఎబΔܠ۵

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

Δ̇ݕ = ۱ઢ̇(2.12) ܠ 

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

Δ̇ݕ = ܠ૙,ఎబઢܠ۱۴ +  (2.13) ߟ૙,ఎబΔܠ۱۵

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

Δߟ = ൫۱۵ܠ૙,ఎబ൯
ି૚

( Δ̇ݕ −  (2.14) (ܠ૙,ఎబઢܠ۱۴

The control task consists of tracking a reference signal ݎ. Consequently, the error dynamics ݁ 

may be determined as follows: 

݁ = ݎ −  ݕ
⇒  ݁̇ = ݎ̇ −  ݕ̇

(2.15.a) 

(2.15.b) 
 

where ݕ is the output variable. 

 

Taking ̇ݕ ≈ Δ̇ݕ for small discrete time steps and recalling from Eq. (2.15.b), for which ̇ݕ =

ݎ̇ − ݁̇, then Δߟ may be written as such: 
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Δߟ = ൫۱۵ܠ૙,ఎబ൯
ି૚

ݎ̇ ) + ߥ −  (2.16) (ܠ૙,ఎబઢܠ۱۴

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

݁̇ =  (2.17) ߥ−

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

 

2.2.2.2 Online Parameter Estimation 

Finding analytical solutions of ۴ܠ૙,ఎబ and ۵ܠ૙,ఎబ  given in Eq. (2.10) can be tasking. Using real-

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

is to approximate ۴ܠ૙,ఎబ and ۵ܠ૙,ఎబ based on local state observations. The RLS formulation can 

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: 

Δݕ௞ାଵ = ۱۴෨௞ઢܠ௞ + ۱۵෩௞Δߟ௞ (2.18) 

where ۴෨௞ and ۵෩௞ are discrete form of ۴ܠ૙,ఎబ and ۵ܠ૙,ఎబ. 

 

Δݕ௞ାଵ corresponds to the output variation and depends on the current states increment Δܠ௞ and 

input increment Δߟ௞. ۴෨௞ and ۵෩௞ may then be replaced by their estimates ۴෠௞and ۵෡௞ so that: 

Δݕො௞ାଵ = ۱[Δܠ௞ Δߟ௞] ቈ
۴෠௞்

۵෡௞்
቉ (2.19) 

Let us consider the vector of the estimated parameter દ෡௞ = ቈ
۴෠௞்

۵෡௞்
቉ and the vector of past 

increments ܆௞ = [Δܠ௞ Δߟ௞]். Then, from Eq. (2.19), Δݕො௞ାଵ can be compacted as follows: 
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Δݕො௞ାଵ =  ௞்દ෡௞ (2.20)܆۱

The following defines the error matrix ૓௞ as:  

૓௞ = Δܠ௞ − Δܠො௞ (2.21) 

From (Haykin, 2013), દ෡௞ can be numerically computed as such:  

દ෡௞ = દ෡௞ିଵ +
௞܆ ௞ିଵۺ

ߢ + ௞܆௞ିଵۺ௞்܆
૓௞ (2.22) 

where the covariance matrix ۺ௞ can be expressed as follows : 

௞ۺ =
1
ߢ
ቆۺ௞ିଵ −

௞ିଵۺ௞்܆௞܆௞ିଵۺ
ߢ + ௞܆௞ିଵۺ௞்܆

ቇ (2.23) 

દ෡௞ and ۺ௞ are obtained using the matrix inversion lemma (Haykin, 2013). ۴෠௞ and ۵෡௞ entirely 

depend on the state variations and control inputs. The initial parameters દ଴, ۺ଴ and forgetting 

factor ߢ must be set beforehand. 

 

Algorithm 2.1 presents the update of the covariance matrix ۺ௞. The covariance matrix is 

updated when the estimation error ૓௞ reaches a threshold value ૓௧௥௘௦௛௢௟ௗ. 

 

Algorithm 2.1 RLS algorithm and covariance matrix 
update  

Initialize દ଴, ۺ଴  

Set ߢ and ૓௧௥௘௦௛௢௟ௗ 

Compute દ෡௞ using Eq.(2.22)  

Compute Δݕො௞ାଵ using Eq. (2.20) 

Compute ૓௞ using Eq. (2.21) 

Update ۺ௞ 

if abs (૓௞) ≤ ૓௧௥௘௦௛௢௟ௗ 

then ۺ௞ = 10ଷ۷ 

else compute ۺ௞ 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 ߥ (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): 

ߥ =  ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁ (2.24) 

where ܭ௉,ܭூ and ܭ஽ 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 ߝଵ into (2.14), 

the input ߟ߂௞ can be written as: 

Δߟ௞ = ൫۱۵෡௞൯
ି૚

[Δݕ௞ାଵ − ۱۴෠௞Δܠ −  ଵ]  (2.25)ߝ

From Eqs. (2.16) and (2.17), ߟ߂௞ in Eq. (2.25) can be written: 

Δߟ௞ = ൫۱۵෡௞൯
ି૚

ݎ̇] + ݒ − ۱۴෠௞Δܠ −  ଵ] (2.26)ߝ

The variables ۱۵෡௞ and ۱۴෠௞Δܠ in Eq. (2.26) represent the aircraft’s local dynamics. To rectify 

the uncertainties and estimation errors for ۴෠௞ and ۵෡௞, the estimation error can be compensated 

with an adaptive term ߥ௔ௗ so that: 

ଵߝ =  ௔ௗ (2.27)ߥ

An FFNN was used to train ߥ௔ௗ as seen in Figure 2.3.  

 



55

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 ܅ and ܄. 

The output from the NN may be written as such (Stevens et al., 2015): 

௔ௗߥ̂ = (തܠ୘܄)୘࣌܅ (2.28)

where ࣌ ∈ ℝே×ே, with ܰ – the number of neurons in the hidden layer, ̅ܠ = ௘ߜൣ ௥௘௙ݍ ൧ݍ
୘
, with 

x̅ ∈ ℝ௠×ଵ is the input vector, and ܅ ∈ ℝே×௡ and ܄ ∈ ℝ௠×ே, with ݊ representing the number 

of network outputs. The activation function in the middle layer corresponds to a tangent 

sigmoid function as such :

(ݖ)௜ߪ =
1

1 + ݁ି௭
(2.29)

where ݅ denotes the neuron's rank. An affine function was used in the input and output layers.

The adaptive signal ̂ߥ௔ௗ is multiplied by a gain ܭேே, which allows us to control the amplitude 

of the adaptive term ̂ߥ௔ௗ. Consequently :
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௔ௗߥ = ௔ௗߥேே̂ܭ =  (2.30) (തܠ்܄)்࣌܅ேேܭ

 

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 :  

 

܅̇ = −ൣ൫ો − ોᇱ܄೅ܠത൯்݁ +  ൧ડ୛܅‖݁‖ߣ
܄̇ = −ડ୚[ܠത்்݁܅ો′ +  [܄‖݁‖ߣ

(2.31) 

where ݁ is the tracking error, ડ୛ and ડ୚ are learning rate matrices, ࣌′ is the derivative of ࣌, 

and ߣ is a scalar that is equal to 1. In (Narendra & Annaswamy, 1987), the additional terms 

 ડ୚ The adaptation law shown in Eq. (2.31) ensures robustness and܄‖݁‖ߣ− ડ୛ and܅‖݁‖ߣ−

stability. A fixed learning rate ડ was considered for diagonal matrices ડ୛  and ડ୚  for the input 

and output weights, respectively. The backpropagation algorithm is considered as the steepest 

descent approximation when ડ is set to constant.  
 

2.2.3 Control Law 

The overall control law may be obtained by replacing Eqs. (2.24), (2.27) and (2.30) into 

Eq.(2.26), such that: 

Δߟ௞ = ൫۱۵෡௞൯
ି૚
൤ ̇ݎ + ൬ܭ௉ +

ூܭ
ݏ

+ ൰ݏ஽ܭ ݁ − ۱۴෠௞ઢܠ௞ −  ൨ (2.32)(തܠ்܄)ߪ்܅ேேܭ

 

2.2.4 Reference model 

The proposed algorithm consists of a Model reference Adaptive Controller, and controls the 

pitch rate ݍ, 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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௥௘௙ݍ
௖௠ௗݍ

=
߱௦௣
ଶ  (1 + ఏܶమݏ)

ଶݏ + ݏ௦௣߱௦௣ߦ2 + ߱௦௣
ଶ  (2.33) 

where ݏ is the Laplace variable. The ݍ௥௘௙ signal consist of the desired second order pitch rate 

signal, while ݍ௖௠ௗ is a step input signal.  

 

The design requirements for the damping ratio ߦ௦௣ and natural frequency ߱௦௣ 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/ ఏܶమ  , where ఏܶమ 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 0.3 ≤ ωୱ୮ ≤ 2 
Control Anticipation Parameter 0.085 ≤ CAP ≤ 3.6 
Settling time at ±5%, sec ௦ܶ < 3 

Dropback −0.2 ≤
௥௕ܦ
௦௦ݍ

≤ 0.5 

Short-period time constant, sec 0.1 ≤ ఏܶమ ≤ 1.5 
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 : 
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ܧܵܵ ݈݈ܽݎ݁ݒ݋ = ෍ܵܵܧ௜

௜ୀே

௜ୀଵ

 (2.34) 

where ܰ is the number of flight conditions.  

 

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

ܧܵܵ = ෍൫ݍ௧ − ௥௘௙೟൯ݍ
ଶ

௧ୀ்

௧ୀ଴

 (2.35) 

where ݍ௧ and ݍ௥௘௙೟ correspond to the pitch rate and the pitch rate reference at a given time ݐ, 

respectively, and ܶ is the simulation time with a sample time Δݐ = 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 ݉ and centre of gravity ݔ௖௚. Second, the PID gains ܭ௉, ܭூ and ܭ஽ are 

tuned so that convergence is fulfilled. Third, the RLS inversion controller is tuned, for which 

the covariance matrix ۺ૙, the parameter vector દ଴ and the forgetting factor ߢ are initialized. 

 is then iteratively updated following Algorithm 2.1. Then, the neural network learning rate ܓۺ

ડ and gain ܭேே 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 
Element Parameters Value 

PID  ܭ௉, ܭூ, ܭ஽ −1, −1, −0.1 
RLS Inversion 
controller ۺ ,ߢ଴, ۴෠଴, ۵෡଴ 

1.015, 10଻۷૞,ହ, ۷ସ,ସ, 
−૙.૚ସ,ଵ 

NN Controller ܭேே, learning rate ડ 
hidden layers, neurons 

20, 1 
1, 30 

Reference Model ߦ௦௣,߱௦௣ 
ఏܶమ 

0.69, 4 rad/s 
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 ۺ௞ in Eq. (2.23) and the prediction error ࣕ௞ in Eq. (2.21). 

Figure 2.7 shows the RLS state estimations. 

 

 

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

Figure 2.6 (a) Covariance matrix ࢑ۺ update and (b) prediction error during 
cruise
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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 lb] were set for all 

simulations. 
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Figure 2.8 Selected cruise conditions for ݉ = 15 000 kg and CoG ݔ௖௚ =
25% MAC 
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2.3.3.2 NN and RLS parameter sensitivity analysis 

ࣄ  = ૙.ૠ૞ ࣄ = ૙.ૢ૞ ࣄ = ૚.૙૚૞ 

ડ
=
૙.
૚ 

 

ડ
=
૙.
ૡ૞

 
ડ

=
૚.
૛ 

 Figure 2.9 Pitch Rate Response for Different Learning Rates ડ and 
Forgetting Factors ߢ at all cruise conditions 

 

ࡺࡺࡷ  = ૚ ࡺࡺࡷ = ૛૙ ࡺࡺࡷ = ૝૙ 

 

Figure 2.10 Pitch rate response for three different neural networks gains ࡺࡺࡷ 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 ܰ = 10 flight conditions. The simulations 

in Figure 2.11b include wind gusts with ݑ௪௜௡ௗ = 40 m/s [78 knots] and ݓ௪௜௡ௗ = 5 m/s [9.7 

knots]. The cruise flights in Figure 2.11c 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 ડ and ܭேே were found and summed up in Table 2.4. 

 

(a) (b) 

 

 (c) 
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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2.3.4 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. 

 

 

 (a) (b) (c)  

Figure 2.12 Pitch rate response for different configurations for all cruise conditions : (a) 
PID controller, (b) PID – RLS Dynamic Inversion controller and (c) 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 ߦ௦௣, natural frequency ߱௦௣, 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, 
rad/s Damping 

Time 
constant, sec Parameter Dropback 

߱௦௣ ߦ௦௣ ఏܶమ ߱௦௣ ఏܶమ 
௥௕ܦ
௦௦ݍ

 

4 0.69 0.5 2 0.155 
 

Table 2.6 Reference signal and pitch rate dynamic performance results  

Signal Damping 
Frequency, 
rad/s 

Rising time 
at 90%, sec 

Settling time at 
 sec ,࢙࢙ࢗ ±5%

Overshoot, 
% 

 – ࢙ࢀ ࢘ࢀ ࢖࢙࣓ ࢖࢙ࣈ 
Reference 
model 
 ࢌࢋ࢘ࢗ

0.69 4 0.21 1.22 21 

Pitch rate 
response  0.59 – 0.77 4.31 – 5.27 0.25 – 0.29 1 – 1.85 6 – 28 

 

The aircraft flight qualities were assessed in Figure 2.13a and Figure 2.13b. The dynamic 

parameters ߦ௦௣ , ߱௦௣ and ఏܶమ  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 : 

 

ܲܣܥ ≈
߱௦௣
ଶ

଴ܸ
݃

1
ఏܶమ

 (2.36)  

 

where ଴ܸ is the airspeed, ݃ is the gravitational constant, equal to 9.81 m/sଶ [32.18 ft/sଶ], ߱௦௣ 

is the short period frequency and ఏܶమ 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 ߦ௦௣, ߱௦௣, ఏܶమ 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. 

(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 ݑ௪௜௡ௗ = 40m/s and ݓ௪௜௡ௗ = 5m/s at ݐ = 5

sec. The lateral wind component ݒ௪௜௡ௗ 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. 

 

Figure 2.14 Pitch rate and elevator responses under tailwind gust 

 

 
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 

elevator’s effectiveness ܥ௟
ఋ೐. 

 
 (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 κ: 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 ܓۺ was reinitialized when the prediction error exceeded a 

threshold, ensuring better estimation. As shown in Figure 2.6a, reinitializing ܓۺ at ૚૙૜۷૞,૞ 

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 ܭேே and the learning rate ડ 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, ܭேே = 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 κ, NN learning rate Γ, and NN gain ܭேே 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. 
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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⁻¹ versus 0.58 s⁻¹ 

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 



74 

 

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 ℒ, its derivative ℒ̇ should be negative definite, such that 

(Lavretsky & Wise, 2024): 

ℒ ≥ 0       and      ℒ̇ ≤ 0    (2.37) 

 

2.7.1 Error dynamics 

Let us consider the designed control law in Eq.(2.32). Replacing ̇ݕ  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 ݁̇ may be defined as follows: 

 

݁̇ = −൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁ +  (2.38) (തܠ்܄)்࣌܅ேேܭ
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Let us consider the optimal weights ܄ as the sum of the current weights ܄෡ and optimization 

error ܄෩. The same logic applies to the output weight matrix ܅, so that: 

܄ = ෡܄ + ܅          ෩          and܄ = ෡܅ + ෩܅  (2.39) 

where ܅෡  and ܄෡ are known values, and ܅෩  and ܄෩ are unknown errors. The optimal weights ܅ 

and ܄ are therefore unknown. We can express the Taylor series approximation of the tangent 

sigmoid function ࣌(ܠ்܄ത) around the current argument ܄෡்ܠത as follows: 

(തܠ܂܄)࣌ = ࣌൫܄෡ܠ܂ത൯ + ࣌ᇱ൫܄෡ܠ܂ത൯܄෩ܠത + ङ૛(܄෩ܠࢀത) (2.40) 

where ࣌ᇱ൫܄෡்ܠത൯ is the gradient of ࣌(ܠ்܄ത), and ङ૛(܄෩்ܠത) is the unknown higher-order term.  

For further calculations, let us consider the following notations:  

 

࣌൫܄෡ܠࢀത൯ = ෝ࣌   and   ࣌ᇱ൫܄෡ܠࢀത൯ =  ෝ࣌ᇱ (2.41) 

where ෝ࣌ and ෝ࣌ᇱ are known values.  

 

By replacing Eqs. (2.39) and (2.40) into Eq. (2.38), it is easy to obtain:  

݁̇ =  −൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁ + ෡܅ேேܭ ்ෝ࣌ + ෩܅ேேܭ ்ෝ࣌ + തܠࢀ෩܄ෝ࣌ᇱ்܅ேேܭ

+  ത൯ܠ෩்܄ଶ൫்ࣩ܅ேேܭ
(2.42) 

Linear components with respect to ܅෩  and ܄෩ can be easily approximated with suitable tuning 

of ડ (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: 

݁̇ =  −൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁ + ෡܅ேேܭ ்ෝ࣌ + ෩܅ேேܭ ்ෝ࣌ + ݀ (2.43) 

where ݀ is the disturbance signal defined as  

݀ = തܠࢀ෩܄ෝ࣌ᇱ்܅ேேܭ +  ത൯ (2.44)ܠ෩்܄ଶ൫்ࣩ܅ேேܭ
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where ܄ ,܅෩ and ࣩଶ are unknown. 
 

2.7.2 Disturbance Boundedness 

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

demonstrated that ݀ may be bounded as follows :  

‖݀‖ ≤ ଴ܥ + ෩ฮ܄ଵฮܥ +  ෩ฮ‖݁‖ (2.45)܄ଶฮܥ

where ܥ଴, ܥଵ and ܥଶ 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 ℒ as follows : 

ℒ =
1
2
ࢋࢋ +

1
2
દ෩ିۺ૚દ෩ +

1
2
෩܅෩ડି૚܅ +

1
2
 ෩ (2.46)܄෩ડି૚܄

where દ෩ is the difference between the optimal RLS parameter vector દ∗ and its estimate દ෡ , 

such that:  

દ෩ = દ∗ − દ෡  (2.47) 

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

Its derivative may be written as follows :  

ℒ̇ = ࢋࢋ̇ + દ෩̇ିۺ૚દ෩ + ෩܅෩̇ડି૚܅ +  ෩ (2.48)܄෩̇ડି૚܄

 

2.7.4 RLS Controller Stability 

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

ℒଶ =
1
2
દ෩ିۺ૚દ෩ (2.49) 
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Its derivative may be computed as follows:  

ℒ̇ଶ = દ෩ିۺ૚દ෩  ̇  (2.50) 

where  ିۺ૚ is the inverse covariance matrix.  

Let us express દ෩ in discrete time at ݇ − 1 and ݇, so that: 

દ෩࢑ି૚ = દ∗ − દ෡௞ିଵ 
    દ෩࢑ = દ∗ − દ෡௞ 

(2.51) 

From Eq.(2.22), દ෡௞ can be written as: 

દ෡௞ = દ෡௞ିଵ +  ௞૓௞ (2.52)ࡷ

where ࡷ௞ is the Kalman gain vector defined as:  

௞ࡷ =
௞܆ ௞ିଵۺ

ߢ + ௞܆௞ିଵۺ௞்܆
 (2.53) 

Taking into account Eq.(2.52), દ෩  ̇ can be expressed as:  

દ෩  ̇ = દ෩࢑ − દ෩࢑ି૚ =  ௞૓௞ (2.54)ࡷ−

Therefore, replacing Eq. (2.54) into (2.50) , the derivative ℒ̇ଶ can be expressed as: 

ℒ̇ଶ = −દ෩ିۺ૚ࡷ௞૓௞ (2.55) 

Let us assess the definiteness of eq.(2.55). The elements of દ෩ can be positive or negative, 

depending on whether દ෡௞ are underestimating or overestimating દ∗. The magnitude of દ෩ is 

expected to decrease over time, tending to zero as દ෡௞ converges to દ∗. 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 દ෡௞ are stabilizing. 

 

The sign of the Kalman gain vector ࡷ௞ in the context of the Recursive Least Squares algorithm 

is generally positive. However, it is more accurate to say that ࡷ௞ 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 ିۺ૚ is positive definite; therefore, the definiteness of Eq. (2.55) 

relies on ࡷ௞, ૓௞ and દ෩. The Kalman gain vector ࡷ௞ is chosen to minimize the estimation error 

૓௞ and the optimization error દ෩. Therefore, in order to guarantee that ℒଶ decreases over time, 

we typically aim for ࡷ௞ to be chosen such that the product ࡷ௞૓௞ aligns with the direction of 

દ෩, leading to a positive value. This positive dot product indicates that ℒ̇ଶ is negative definite, 

and that ℒଶ 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.  

ℒ̇ = ࢋࢋ̇ + દ෩̇ିۺ૚દ෩ + ෩܅෩̇ડି૚܅ +  ෩ (2.56)܄෩̇ડି૚܄

where ܄ and ܅ are the neural network input and output weight matrices, respectively, ̇܄ and 

  .are their respective time derivatives and, ડି૚ is the inverse learning rate diagonal matrix ܅̇

Replacing ̇܅̇ ,ࢋ and ̇܄ from their expressions in eqs. (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: 

ℒ̇ = −݁ ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁ + ෡܅ ்ෝ࣌݁ + ෩܅ ത݁ܠࢀ܄ෝ࣌ᇱ܂ + ത൯݁ܠ෩்܄ଶ൫்ࣩ܅ + દ෩̇ିۺ૚દ෩

෡܅‖݁‖ߣ෩܅− −  ෡܄‖݁‖ߣ෩܄
(2.57) 

where the gradient estimate ෝ࣌ is assumed to be known. 

 

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 ܅෡ ்ෝ࣌݁ may be 

bounded as:  

ฮ܅෡ ்ෝ࣌݁ฮ ≤ ௠ܹܿଵଵ‖݁‖ − ฮ܅෩ฮܿଵଵ‖݁‖ (2.58) 



79 

Following the reasoning in (Lewis et al., 1995), it can be demonstrated that ்ࣩ܅ଶ൫܄෩்ܠത൯݁ may 

be bounded as follows: 

ฮ்ࣩ܅ଶ൫܄෩்ܠത൯݁ฮ ≤ ௠ܹܿଷ‖݁‖ + ௠ܹܿଵଵܿଵܳௗฮ܄෩ฮ‖݁‖ + ௠ܹܿଵଵܿଶฮ܄෩ฮ‖݁‖ଶ (2.59) 

Next, the term ܅෩ ்ෝ࣌ᇱܠ܄ത݁୘ in Eq. (2.57) may be bounded as follows: 

ฮ܅෩ ்ෝ࣌ᇱܠ܄ത்݁ฮ ≤ ௠ܸܿଵܿଵଵܳௗฮ܅෩ฮ‖݁‖ + ௠ܸܿଶܿଵଵฮ܅෩ฮ‖݁‖ଶ (2.60) 

The term ቀ܅෩൫܅ ෩൯܅− + ܄෩൫܄ −  : ෩൯ቁ in Eq. (2.57) may also be bounded as܄

ቛࢋ‖ࣅ‖ ቀ܅෩൫܅−܅෩൯ + ܄෩൫܄ − ෩൯ቁቛ܄

≤ ෩ฮ܅ฮ−)‖ࢋ‖ࣅ−
૛

+ ෩ฮ܅ฮ࢓ࢃ −  ฮ܄෩ฮ
૛

+  (෩ฮ܄ฮ࢓ࢂ
(2.61) 

It has been demonstrated that ℒ̇ଶ in Eq. (2.55) is negative definite if the Kalman gain matrix 

 ௞ is chosen properly. However, even in the case where ℒ̇ଶ in Eq. (2.55) is not negativeࡷ

definite, if the estimation is performed correctly, Eq. (2.55) is ensured to converge to 0, as the 

errors ૓௞ and દ෩ tend to zero over time. Therefore, the norm of ℒ̇ଶ in Eq. (2.55) is monotonically 

decreasing to 0 and can therefore be neglected when accounting ℒ̇ for boundedness.  

The bound on ℒ̇ can thus be stated as follows:  

ℒ̇ ≤ − ൬ܭ௉ +
ூܭ
ݏ

+ ൰‖݁‖ଶݏ஽ܭ +  ௠ܹܿଵଵ‖݁‖ − ฮ܅෩ฮܿଵଵ‖݁‖ + ௠ܸܿଵܿଵଵܳௗฮ܅෩ฮ‖݁‖

+ ௠ܸܿଶܿଵଵฮ܅෩ฮ‖݁‖ଶ + ௠ܹܿଷ‖݁‖ + ௠ܹܿଵଵܿଵܳௗฮ܄෩ฮ‖݁‖

+ ௠ܹܿଵଵܿଶฮ܄෩ฮ‖݁‖ଶ − ෩ฮ܅ฮ−)‖݁‖ߣ
ଶ

+ ௠ܹฮ܅෩ฮ −  ฮ܄෩ฮ
ଶ

+ ௠ܸฮ܄෩ฮ) 

(2.62) 

For stability and convergence, the Lyapunov theory states that ℒ̇ must be negative definite, as 

stated in Eq. (2.37). On one hand, ℒ̇ = 0 when ‖݁‖ = 0, while on the other hand, Eq. (2.37) is 

true when the following equation is true.  
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൬− ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ + ௠ܸܿଶܿଵଵฮ܅෩ฮ + ௠ܹܿଵଵܿଶฮ܄෩ฮ൰‖݁‖ + ௠ܹܿଵଵ − ฮ܅෩ฮܿଵଵ

+ ௠ܸܿଵܿଵଵܳௗฮ܅෩ฮ  + ௠ܹܿଷ + ௠ܹܿଵଵܿଵܳௗฮ܄෩ฮ

− ߣ ቀ−ฮ܅෩ฮ
ଶ

+ ௠ܹฮ܅෩ฮ −  ฮ܄෩ฮ
ଶ

+ ௠ܸฮ܄෩ฮቁ ≤ 0 

(2.63) 

 

2.7.5.1 Case 1 

The NN approximation is performed properly, so ฮ܅෩ฮand ฮ܄෩ฮ are small and tend to 0. The 

term −ߣ ቀ−ฮ܅෩ฮ
ଶ

+ ௠ܹฮ܅෩ ฮ −  ฮ܄෩ฮ
ଶ

+ ௠ܸฮ܄෩ฮቁ still remains negative definite, as ௠ܹ and 

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

−൬ܭ௉ +
ூܭ
ݏ

+ ‖݁‖൰ݏ஽ܭ + ( ௠ܹܿଵଵ  + ௠ܹܿଷ) ≤ 0 (2.64) 

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

‖݁‖ ≤ ௠ܹܿଵଵ  + ௠ܹܿଷ

௉ܭ + ூܭ
ݏ + ݏ஽ܭ

 (2.65) 

Eq. (2.65) clearly shows that the upper bound on the tracking error depends on the PID gains 

 ஽. For the norm ‖݁‖ to remain positive and small, and thus, the negativeܭ ூ andܭ ,௉ܭ

definiteness of Eq. (2.62) is ensured if the magnitudes of ܭ௉, ܭூ and ܭ஽ are chosen high 

enough. 
 

2.7.5.2 Case 2 

In the case where the neural network approximation is performed poorly, then ฮ܅෩ฮand ฮ܄෩ฮ 

are large. The term −ߣ ቀ−ฮ܅෩ฮ
ଶ

+ ௠ܹฮ܅෩ฮ −  ฮ܄෩ฮ
ଶ

+ ௠ܸฮ܄෩ฮቁ will still remain negative 

definite, as ௠ܹ and ௠ܸ are higher positive values. If ‖݁‖ is negligible, then Eq. (2.37) remains 

true. On the contrary, if ‖݁‖ 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 દ෩̇ିۺ૚દ෩ in Eq. (2.57) is small and converges to 0. In fact, 
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if the amplitudes of ܭ௉,ܭூ and ܭ஽ 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 contrôle latéral de l’avion d’affaire Cessna Citation X, cet article présente 

une stratégie de contrôle non linéaire avec une double adaptation pour le contrôle du taux de 

roulis et la stabilisation du taux de lacet, conçue pour suivre un modèle de référence. 

L'algorithme de contrôle proposé intègre trois éléments principaux : un contrôleur 

proportionnel-intégral-dérivé (PID), un contrôleur d'inversion et un contrôleur à réseau de 

neurones (NN). Le contrôleur d'inversion est réalisé à l'aide de la méthode des moindres carrés 

récursifs (RLS), qui fournit une estimation en temps réel des matrices de contrôle et d'état. Les 

résultats de la simulation démontrent que le contrôleur global suit efficacement le signal de 

référence du taux de roulis tout en maintenant la stabilité du taux de lacet. Les performances 

du contrôleur ont été évaluées dans 64 conditions de croisière différentes couvrant l'enveloppe 

opérationnelle du Cessna Citation X. Bien que les gains PID soient restés fixes dans tous les 

scénarios, le contrôleur a montré une forte adaptabilité, principalement grâce aux contrôleurs 

d'inversion dynamique RLS et au réseau de neurone NN. De plus, le contrôleur proposé a été 

réglé de manière 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 ܪஶ (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) 

(Doff-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 EASA1  

and the FAA2 (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 aircraft.  

 
 

1 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. 

- An enhanced 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 lbf. Its maximum ceiling 

altitude is 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), ܪஶ (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 

 

3.1.3 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: 

 

ܠ̇ = ૎(݌,ݒ, ,߰,߶,ݎ ,௔ߜ  (௥ߜ

ݕ = ,݌,ݒ)ܐ  (3.1) (߰,߶,ݎ

 

where the state vector ܠ = ݒ] ݌ ݎ ߶ ߰]் is composed of the lateral speed ݒ, roll rate ݌, 

yaw rate ݎ, roll angle ߶, and yaw angle ߰. The control vector ࣁ = ௔ߜ]  ௥]୘ consists of theߜ
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ailerons and rudder deflections. Here,  ૎ is a nonlinear function, ݕ is the output and ܐ 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 ܭிி, 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 



93

dynamic inversion, residual nonlinearities are addressed by the neural network, and overall 

stability and robustness are insured by the PID controller.

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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ܠ̇ = ૎(݌,ݒ, ,߰,߶,ݎ ,௔ߜ (௥ߜ = ,݌,ݒ)܎ (߰,߶,ݎ + ,ݒ)܏ ,݌  ࣁ(߰,߶,ݎ
ܡ = ቂݎ݌ቃ =  (3.2) ܠ۱

 

where ܎ and ܏ are nonlinear functions. The output matrix ۱ is equal to ቂ0 1 0 0 0
0 0 1 0 0ቃ 

corresponding to the roll and yaw rates. Let us further consider the matrices ۱૚ =  [0 1 0 0 0] 

and ۱૛ =  [0 0 1 0 0], so that: 

 

݌ =  ۱૚ ∙ ܠ
ݎ =  ۱૛ ∙ ܠ

 (3.3) 

 

The roll and yaw dynamics may be developed in the full nonlinear form as follows :  

 

̇݌ = ௣݂(݌,ݒ, (߰,߶,ݎ + ݃௣௔(݌,ݒ, ௔ߜ(߰,߶,ݎ + ݃௣௥(݌,ݒ,  ௥ߜ(߰,߶,ݎ
ݎ̇ = ௥݂(݌,ݒ, (߰,߶,ݎ + ݃௥௔(݌,ݒ, ௔ߜ(߰,߶,ݎ + ݃௥௥(ݒ, ,݌ ௥ߜ(߰,߶,ݎ

 (3.4) 

 

In this formulation, the nonlinear term ௣݂ and ௥݂ in Eq. (3.4) represents the aerodynamic 

contributions to roll and yaw dynamics, which depend on flight states ܠ =

ݒ] ݌ ݎ ߶ ߰]். ݃௣௔, ݃௣௥ , ݃௥௔ and ݃௥௥ 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 ߜ௔ and rolling moment coefficients, while yaw rate dynamics 

are driven by rudder inputs ߜ௥ 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), ࣁ can be expressed as a function of the states and their derivatives, as given 

below: 
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ࣁ = ૎ି૚(̇ܠ,ܠ) (3.5) 

By applying the first-order Taylor series expansion in Eq.(3.2) around (ܠ૙,ࣁ૙), ૎ can be 

expressed as: 

 

૎(ࣁ,ܠ) = ૎(ܠ૙,ࣁ૙) + ૎ܠ
ᇱ ܠ)૙ࣁ,૙ܠ(ࣁ,ܠ) − (૙ܠ + ૎ᇱ

ࣁ)૙ࣁ,૙ܠ(ࣁ,ܠ)ࣁ −  ૙) (3.6)ࣁ

 

where ૎ܠ
ᇱ ૙ࣁ,૙ܠ(ࣁ,ܠ) ∈ ℝହ×ହ and ૎ᇱ

૙ܠ(ࣁ,ܠ)ࣁ ૙ࣁ, ∈ ℝହ×ଶ are partial gradients with respect to the 

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

 

૎(ܠ૙,ࣁ૙) = (૙ܠ)܎ +  ࣁ(૙ܠ)܏

૎ܠ
ᇱ (ࣁ,ܠ) =

(ܠ)܎߲
ܠ߲

+
(ܠ)܏߲
ܠ߲

 ࣁ

૎ࣁ
ᇱ (ࣁ,ܠ) =

(ܠ)܎߲
ࣁ߲

+
[ࣁ(ܠ)܏]߲

ࣁ߲
=  (ܠ)܏

(3.7.a) 

(3.7.b) 

(3.7.c) 

 

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

 

૎(ࣁ,ܠ) = (૙ܠ)܎ + ࣁ(૙ܠ)܏ + ቆ
(ܠ)܎߲
ܠ߲

+
(ܠ)܏߲
ܠ߲

ቇࣁ
૙ࣁ,૙ܠ

ઢܠ +  (3.8) ࣁ૙ઢࣁ,૙ܠ(ܠ)܏

 

where ઢܠ = ܠ) − (૙ܠ ∈ ℝହ×ଵ represents the state variations, and ઢࣁ = ࣁ) − (૙ࣁ  ∈ ℝଶ×ଵ 

represents the input variations. 

 

Expressing Eq.(3.2) around an equilibrium point, so that ૎(ࣁ,ܠ) = ૙ܠ̇  + ઢ̇ܠ, and considering 

૙ܠ̇ = (૙ܠ)܎ +  :in Eq.(3.8) can be identified ܠthe state variation ઢ̇ ,ࣁ(૙ܠ)܏

 

ઢ̇ܠ = ቆ
(ܠ)܎߲
ܠ߲

+
(ܠ)܏߲
ܠ߲

ቇࣁ
૙,ఎబܠ

ઢܠ +  (3.9) ࣁ૙ઢࣁ,૙ܠ(ܠ)܏
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In a more compact form: 

 

ઢ̇ܠ = ܠ૙ઢࣁ,૙ܠ۴ +  (3.10) ࣁ૙ઢࣁ,૙ܠ۵

 

here ۴ܠ૙,ࣁ૙ = ቀడ(ܠ)܎
డܠ

+ డ(ܠ)܏
డܠ

ቁࣁ
୶బ,ఎబ

∈ ℝହ×ହ and  ۵ܠ૙,ࣁ૙ = ૙ࣁ,૙ܠ(ܠ)܏ ∈ ℝହ×ଶ. 

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

 

⎝

⎜
⎛

Δ̇ݒ 
Δ̇݌ 
Δ̇ݎ
Δ߶̇
Δ߰̇⎠

⎟
⎞

=

⎝

⎜
⎛

ଵଵܨ ଵଶܨ ଵଷܨ  ଵସܨ  ଵହܨ 
ଶଵܨ ଶଶܨ  ଶଷܨ  ଶସܨ  ଶହܨ 
ଷଵܨ ଷଶܨ  ଷଷܨ  ଷସܨ  ଷହܨ 
ସଵܨ ସଶܨ  ସଷܨ  ସସܨ  ସହܨ 
ହଵܨ ହଶܨ  ହଷܨ  ହସܨ  ⎠ ହହܨ 

⎟
⎞

⎝

⎜
⎛

Δݒ 
Δ݌ 
Δݎ 
Δ߶
Δ߰⎠

⎟
⎞

+

⎝

⎜
⎛

ଵଵܩ ଵଶܩ
ଶଵܩ ଶଶܩ 
ଷଵܩ ଷଶܩ 
ସଵܩ ସଶܩ 
ହଵܩ ⎠ ହଶܩ 

⎟
⎞
൬Δߜ௔Δߜ௥

൰ 

 

(3.11) 

 

From Eq.(3.10), ۴ܠ૙,ࣁ૙  ∈  ℝହ×ହ is the local state matrix at (ܠ૙,ࣁ૙), while ۵ܠ૙,ࣁ૙  ∈  ℝହ×ଶ is 

the local control matrix. Let us consider ۵ܠ૙,ࣁ૙ = ൣ۵૚ܠ૙,ࣁ૙
۵૛ܠ૙,ࣁ૙൧, where ۵૚ܠ૙,ࣁ૙

 is the 

aileron control matrix, and ۵૛ܠ૙,ࣁ૙
 is the rudder control matrix. Then, Eq.(3.10) can be 

rewritten linearly as: 

 

Δ̇ܠ = ܠ૙ઢࣁ,૙ܠ۴ + ۵૚ܠ૙,ࣁ૙
Δߜ௔ + ۵૛ܠ૙,ࣁ૙

 Δߜ௥ (3.12) 

 

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

as follows: 

 

Δ̇݌ = ۱૚ઢ̇ܠ = ۱૚۴ܠ૙,ࣁ૙ઢܠ + ۱૚۵૚ܠ૙,ࣁ૙
Δߜ௔ + ۱૚۵૛ܠ૙,ࣁ૙

 Δߜ௥
Δ̇ݎ = ۱૛ઢ̇ܠ = ۱૛۴ܠ૙,ࣁ૙ઢܠ + ۱૛۵૚ܠ૙,ࣁ૙

Δߜ௔ + ۱૛۵૛ܠ૙,ࣁ૙
 Δߜ௥

 (3.13) 
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and then the control allocation for the ailerons and rudders can be expressed by inverting 

Eq.(3.13): 

 

Δߜ௔ = (۱ଵ۵૚ܠ૙,ఎబ
)ି૚(Δ̇݌ − ۱૚۴ܠ૙,ఎబΔܠ − ۱૚۵૛ܠ૙,ఎబ

 Δߜ௥)

Δߜ௥ = (۱૛۵૛ܠ૙,ఎబ
 )ି૚(Δ̇ݎ − ۱૛۴ܠ૙,ఎబઢܠ − ۱૛۵૚ܠ૙,ఎబ

Δߜ௔)
 

(3.14.a) 

(3.14.b) 
 

The roll rate tracking error ݁௣ can be defined as: 

 

݁௣ = ௥௘௙݌ −  ݌
⇒  ݁̇௣ = ௥௘௙̇݌ −  (3.15) ̇݌

 

where ݌௥௘௙ is the roll rate reference signal. The following linear controller (Stevens et al., 

2015) is chosen to control the roll rate dynamics Δ̇݌: 

 

Δ̇݌ = ௥௘௙̇݌ிிܭ +  (3.16) ߥ

 

where ߥ is selected to reduce the roll rate error such that ߥ =  − ݁̇௣, and ܭிி 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: 

 

Δߜ௔ = (۱૚۵૚ܠ૙,ࣁ૙
)ି૚(ܭிி̇݌௥௘௙ + ߥ − ۱૚۴ܠ૙,ࣁ૙ઢܠ − ۱૚۵૛ܠ૙,ࣁ૙

 Δߜ௥) (3.17) 

 

where the yaw rate ݎ is stabilized to reduce the Dutch-roll effect induced by the roll-yaw 

coupling. As seen in Figure 3.2, a yaw damper ܭௐி 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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(ݏ)ܨ =
.ௐிܭ ݏ߬
ݏ߬ + 1

 (3.18) 

 

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

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

 

Δߜ௥ = (۱૛۵૛ܠ૙,ࣁ૙
 )ି૚ ൬

.ௐிܭ ݏ߬
ݏ߬ + 1

ݎ − ۱૛۴ܠ૙,ࣁ૙ઢܠ − ۱૛۵૚ܠ૙,ࣁ૙
Δߜ௔൰ (3.19) 

 

In Eqs. (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 ۱૚۴ܠ૙,ࣁ૙ઢܠ and 

۱૛۴ܠ૙,ࣁ૙ઢܠ represent the state-dependent contributions of the local aircraft dynamics to the roll 

and yaw motions, respectively. The terms ۱૚۵૛ܠ૙,ࣁ૙
 Δߜ௥ and ۱૛۵૚ܠ૙,ࣁ૙

Δߜ௔ 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. 



99 

 

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 ۴ܠ૙,ఎబ ,۵૚ܠ૙,ࣁ૙
 and ۵૛ܠ૙,ࣁ૙

 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), Δ̇ܡ  can be written as:  

Δ̇ܡ = ۱ઢ̇ܠ = ܠ૙ઢࣁ,૙ܠ۱۴ +  (3.20) ࣁ૙ઢࣁ,૙ܠ۱۵

In discrete form, Eq.(3.20) becomes: 

ઢܓܡା૚ = ۱۴෨࢑ઢ࢑ܠ + ۱۵෩࢑ઢ(3.21) ࢑ࣁ 

and in matrix form: 

ઢܓܡା૚ = ۱[ઢ࢑ܠ ઢ࢑ࣁ] ቈ
۴෨ࢀ࢑

۵෩ࢀ࢑
቉ (3.22) 

where ۴෨௞  ∈  ℝହ×ହ and ۵෩௞ ∈ ℝହ×ଶ correspond to the discrete forms of ۴ܠ૙,ࣁ૙ and ۵ܠ૙,ࣁ૙, 

respectively. Replacing ۴෨௞ and ۵෩௞ by their estimates ۴෠௞and ۵෡௞, and considering the notations 

દ෡࢑ = ቈ
۴෠ࢀ࢑

۵෡ࢀ࢑
቉ and ࢑܆ = ൤

ઢ࢑ܠ
ઢ࢑ࣁ

൨,  Eq.(3.22) can be written in a compact form: 
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ઢܡොܓା૚ =  (3.23) દ෡࢑ࢀ࢑܆۱

where દ෡࢑ ∈  ℝ଻×ହ is the vector of unknown parameters, ઢܡොܓା૚ ∈  ℝଶ×ଵ corresponds to the 

estimate of ઢܓܡା૚, and ۱ = ቂ0 1 0 0 0
0 0 1 0 0ቃ so that ઢܡො =  ቂΔ̂݌

Δ̂ݎ
ቃ. The parameter vector દ෡࢑ contains 

the unknown coefficients ۴෠௞and ۵෡௞ of the local linearized model estimated online by the RLS 

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 ۺ௞, and the forgetting factor 

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

 

૓௞ = Δܠ௞ − Δܠො௞ (3.24) 

and  

௞ۺ =
1
ߢ
ቆۺ௞ିଵ −

௞ିଵۺ௞்܆௞܆௞ିଵۺ
ߢ + ௞܆௞ିଵۺ௞்܆

ቇ (3.25) 

દ෡௞ାଵ = દ෡௞ +
௞ାଵ܆ ௞ۺ

ߢ + ௞ାଵ்܆ ௞ାଵ܆௞ۺ
૓௞ାଵ (3.26) 

 

where દ෡௞ାଵ is the updated parameter. The RLS filter uses the previous state variations ઢ࢑ܠ and 

previous control inputs ઢ࢑ࣁ in order to estimate ۴෠௞ and ۵෡௞ at time step ݇ + 1, making it ideal 

for online approximations. The initial values ۺ૙, and દ଴ are pre-defined. An update procedure 

for the covariance matrix ۺ௞  is suggested in Algorithm 3.1. Two distinct estimation errors are 

considered: the roll rate error ૓࢖௞ and the yaw rate error ૓࢘௞. The covariance matrix ۺ௞  is 

updated whenever these errors exceed their respective thresholds ૓࢖௧௥௘௦௛௢௟ௗ and ૓࢘௧௥௘௦௛௢௟ௗ. 
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Algorithm 3.1 RLS algorithm and covariance matrix 
update  

Initialize દ଴, ۺ଴  
Set ߢ , ૓࢖௧௥௘௦௛௢௟ௗ, ૓࢘௧௥௘௦௛௢௟ௗ 
Algorithm 
Compute દ෡௞ using Eq.(3.26)  
Compute Δݕො௞ାଵ using Eq.(3.23) 
Compute ૓࢖௞ and ૓࢘௞ using Eq.(3.24) 
Update ۺ௞ using Eq.(3.25) 
if ቚ૓࢖௞ቚ ≤ ૓࢖௧௥௘௦௛௢௟ௗ or ห૓࢘௞ห ≤ ૓࢘௧௥௘௦௛௢௟ௗ  
then ۺ௞ = ૚૙૜۷ 
else compute ۺ௞ 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 ઢܡොܓା૚ 

can be expressed with a prediction error ઽ as follows: 

 

      ઢܡොܓା૚ = ઢܓܡା૚ − ઽ (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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Δߜ௔௞ = (۱૚۵෡૚ܓ)ିଵൣ−ܭிி̇݌௥௘௙ + ν − ۱૚۴෠ܓઢܓܠ − ۱૚۵෡૛ܓ Δߜ௥௞ିଵߝ௔൧ 

Δߜ௥௞ = (۱૛۵෡૛ܓ )ିଵ ൤
.ௐிܭ ݏ߬
ݏ߬ + 1

ݎ − ۱૛۴෠ܓઢܓܠ − ۱૛۵෡૚ܓΔߜ௔௞ିଵ −  ௥൨ߝ
(3.28) 

 

where ߝ௔ and ߝ௥ are the control compensations applied to the ailerons and rudders due to RLS 

modelling errors. The term ۱૚۵෡૛ܓ Δߜ௥௞ corresponds to the rudder effect on the roll rate, while 

the term ۱૛۵෡૚ܓΔߜ௔௞ 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 Δߜ௔ 

and Δߜ௥ in Eq.(3.28) are taken at the previous time step (݇ − 1). 

 

The terms ۱૚۵෡૚۱ ,ܓ૚۴෠ܓઢ۱ ,࢑ܠ૛۵෡૛ܓ and ۱૛۴෠ܓઢ࢑ܠ correspond to the estimated local lateral 

dynamics. In order to correct the RLS estimation errors when estimating ۵෡ଵ௞, ۵෡ଶ௞ and ۴෠௞, 

adaptive compensation terms ߥ௔ௗ௔and ߥ௔ௗ௥ are introduced: 

௔ߝ = ௔ௗ௔ߥ
௥ߝ = ௔ௗ௥ߥ

 (3.29) 

A single layer Feedforward Neural Network (FFNN) is used to model ߥ௔ௗ௔and ߥ௔ௗ௥ 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 ܠത, 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 ܅ = ܉܅] ܂[ܚ܅ and ܄. The network has two 

adaptive outputs on the ailerons ߥ௔ௗ௔ and the rudders ߥ௔ௗ௥, respectively. The weight matrices 

܉܅ and ܚ܅ 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):

௔ௗ௔ߥ = ܉܅
(തܠ܄)࣌܂

௔ௗ௥ߥ = ܚ܅
(തܠ܄)࣌܂

(3.30)

where ܉܅ ∈ ℝே×௡, ܚ܅ ∈ ℝே×௡, ܄ ∈ ℝ௠×ே, ࣌ ∈ ℝே×ே, and ܠത ∈ ℝ௠×ଵ, defined as ܠത =

௔ߜൣ ௥ߜ ௥௘௙݌ ൧݌
்
, ݉ is the number of inputs, ݊ is equal to 1 and ܰ 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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(ݖ)௜ߪ =
1

1 + exp(−ݖ) 
 (3.31) 

where ݅ is the position of the neuron in the hidden layer, and ݖ 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: 

 

ࢇ܅̇ = −ൣ(ો − ો′ܠ்܄ത)݁௣ +  ࢇ൧ડ܅ฮ݁௣ฮߣ

࢘܅̇ = −[(ો − ો′ܠ்܄ത)݁௥ + ડ࢘[܅‖௥݁‖ߣ  
܄̇                         = −ડܠ]܄ത݁௣ࢇ܅

ોᇱࢀ + ࢘܅ത݁௥ܠ
′ોࢀ + ฮ݁௣ߣ + ݁௥ฮ܄] 

(3.32) 

 

where ̇ܚ܅̇ ,܉܅, and ̇܄ are the weight updates, ડࢇ, ડ࢘  and ડ௏ are the learning rates, ો′ is the 

gradient of ો, ߣ is a scalar value used in backpropagation (Johnson & Calise, 2003 ; Stevens 

et al., 2015), ݁ ௣ is the roll rate tracking error, and ݁௥ is set to damp the sideslip angle derivative, 

so that ݁௥ =  .ߚ̇− 

 

3.2.2.5 PID Controller 

Eq.(3.17) shows that the aileron command is driven by the error controller ߥ. 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): 

 

ߥ = ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁ (3.33) 

 

where ܭ௉,ܭூ and ܭ஽ 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 ̇ߚ is 

regulated to 0. 

 

Since ̇ߚ 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 ̇ݒ and the true airspeed ܶܵܣ (Stevens et al., 2015), as follows: 

ߚ̇ ≈
ݒ̇

ܵܣܶ
 (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: 

Δߜ௔௞ = (۱૚۵෡૚ܓ)ି૚ ൤̇݌ࡲࡲࡷ௥௘௙ + ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁௣ − ۱૚۴෠ܓઢ࢑ܠ

− ۱૚۵෡૛ܓ Δߜ௥௞ିଵ ࢇ܅−
்ો(ܠ܂܄ത)൨ 

Δߜ௥௞ = (۱૛۵෡૛ܓ )ି૚ ൤
.ௐிܭ ݏ߬
ݏ߬ + 1

r − ۱૛۴෠ܓઢ࢑ܠ − ۱૛۵෡૚ܓΔߜ௔௞ିଵ

ܚ܅−
 ൨(തܠ܂܄)ો܂

(3.35) 

 

3.2.4 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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௥௘௙݌
௖௠ௗ݌

=  
߱ௗ௥
ଶ

ଶݏ + ௗ௥ ߱ௗ௥sߦ 2 + ߱ௗ௥
ଶ  

1
ݏ ߬ + 1

 (3.36) 

where ߬ is the roll time constant, and ߦௗ௥ and ߱ௗ௥ are the Dutch-roll damping ratio and the 

frequency, respectively. In Eq.(3.36), the first-order transfer function 1/(߬ ݏ + 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 ߦௗ௥, ߱ௗ௥ and ߬. 

 

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

 
Characteristics Value 

Roll time constant ߬௣ < 1.4 sec 
Dutch-roll minimum damping, min ௗ௥ߦ = 0.08 
Dutch-roll minimum frequency, 
rad/s min߱ௗ௥ =  0.4 rad/s 

Minimum cross product ߦௗ௥߱ௗ௥ min ௗ௥߱ௗ௥ߦ = 0.15 
Delay allowed, sec 0.1 

 

3.2.6 Performance metrics 

The performance of the controller was evaluated using ܧܵܵ ݈݈ܽݎ݁ݒ݋ , expressed as: 

 

ܧܵܵ ݈݈ܽݎ݁ݒ݋ = ෍ܵܵܧ௜

௜ୀே

௜ୀଵ

 ; ܧܵܵ          = Δݐ෍൫݌௧ − ௥௘௙೟൯݌
ଶ

௧ୀ்

௧ୀ଴

 (3.37) 
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where ܰ is the number of flights. The ܵܵܧ is computed for one flight condition, ݌௧ and ݌௥௘௙೟ 

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

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

 

3.3  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 ܭ௉, ܭூ, ܭ஽ -1, -1, 0 
Feedforward controller ܭிி -0.1 
Yaw damper, Washout 
Filter 

 ௐி, time constant ߬ 3, 2 secܭ

RLS Inversion 
Controller 

Forgetting factor ߢ, 
Initial covariance matrix ۺ૙, 

Initial parameter estimates ۴෠૙,۵෡૙ 
Error thresholds ૓࢖௧௥௘௦௛௢௟ௗ, 

૓࢘௧௥௘௦௛௢௟ௗ 

1.015,  
10ସ۷ૠ,଻, 

 ۷૞,ହ, ૙.૚૞,ଶ 
0.0001, 0.001 

NN Controller Learning rates ડࢇ, ડ࢘ , ડߣ ,ࢂ 
Number of layers 

Number of neurons 

0.1, 0.3, 2, 1 
1 
30 

Reference Model ߦௗ௥, ߱ௗ௥, ߬ 0.5, 3 rad/s, 0.5 
 

In Table 3.3, the covariance matrix is a diagonal where ۺ૙ ∈ ℝ଻×଻, the parameter vector ۴෠૙ ∈

ℝହ×ହ is a diagonal unit matrix, while ۵෡૙  ∈ ℝହ×ଶ 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 ݉ is set at 33,000 lb. 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 3.5 Controller Parameter Responses during cruise 
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Figure 3.6 RLS parameters update : (a) covariance matrix ܓۺ (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 

 

3.3.3 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 ܵܣܥ varied from 170 knots to 330 knots with 

an increment of 20 kts. 

 

 

Figure 3.8 Selected cruise conditions for the CCX with mass ݉ = 33000 lb and 
a center-of-gravity ݔ௖௚ = 25% 

 

3.3.3.2 Learning rate and forgetting factor tuning 

The neural network learning rates ડࢇ and ડ࢘  and the RLS forgetting factor ߢ 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 ડ܄ was set to 2.  
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ࣄ   = ૙.ૠ૞ ࣄ = ૙.ૢ૙ ࣄ = ૚.૙૚૞  

ડ ࢇ
 =

૙.
૚ 

 

ડ ࢇ
 =

૙.
૞ 

ડ ࢇ
 =

૚.
૛ 

 

 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 ડࢇ and ડ࢘ . 

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 ݓ௪௜௡ௗ 

was set to 0 m/s in all cases.  
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 (a)  

 
 (b) (c)  

 
 (d) (e)  

Figure 3.10 Neural Network Learning rate tuning under disturbances for 64 cruise 
conditions : (a) ideal condition (b) light turbulence (c) moderate turbulence (d) nose 

wind gust (e) tail wind gust 

 



116 

 

3.3.4 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. 

 
 (a)  (b)  

 
 (c)  (d)  

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

Inversion – NN controller on ailerons, (d) PID – RLS Inversion – NN 
controller on ailerons and rudders 
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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 ߦௗ௥, the Dutch-roll frequency ߱ௗ௥ and the roll time constant ߬ are given.  

Table 3.4 Reference model signals: Level 1 dynamic characteristics 

Reference 
model Damping 

Frequency, 
rad/s 

Roll time 
constant, sec 

 ࣎ ࢘ࢊ࣓ ࢘ࢊࣈ 
(a) 0.5 3 0.1 
(b) 0.4 8 0.1 
(c) 0.8 10 0.65 

 

 
 (a) (b) (c)  

Figure 3.12 Roll rate response for three different roll rate reference signals in Table A III-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. 



119 

 

Table 3.5 Reference signal and ideal roll rate controller performances on unit signal 
tracking 

 

 Damping 
Frequenc

y, 
rad/s 

Roll time 
constant, sec 

Rising 
time at 

90%, sec 

Settling 
time at 

࢙࢙࢖ ±5%
, sec 

Oversh
oot, % 

 – ࢙ࢀ ࢘ࢀ ࣎ ࢘ࢊ࣓ ࢘ࢊࣈ 
Reference 

model 2.14 1.42 1.31 0.1 3 0.5 ࢌࢋ࢘࢖ 

Reference 
signal 

tracking (a) 
0.33– 0.47 2.84 – 3.03 0.50 – 0.75 1.37 – 1.49 1.46 – 

3.53 0 – 4.27 

 

3.4  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 തܸ௪௜௡ௗ is defined 

as:  

തܸ௪௜௡ௗ = ௪௜௡ௗݑ] ௪௜௡ௗݒ  ௪௜௡ௗ]୘ (3.38)ݓ

 

where ݑ௪௜௡ௗ, ݒ௪௜௡ௗ, and ݓ௪௜௡ௗ represent the longitudinal, lateral, and vertical components, 

respectively. For lateral-control analysis, only ݑ௪௜௡ௗ and ݒ௪௜௡ௗ were considered. The vertical 

wind component ݓ௪௜௡ௗ 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. 

 

 
 (a)  (b)  

 
 (c)  (d)  

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 ܥ௟
ఋೌ  and ܥ௟

ఋೝ, 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. 

 

 
 (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 
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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 ۴෠ and ۵෡. Convergence 

depended strongly on the covariance matrix ܓۺ, the forgetting factor ߢ and learning rates. 

Figure 3.5 illustrates the convergence of ۴෠ and ۵෡, 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 ۵෡ିଵ, 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 ܓۺ to a diagonal matrix ૚૙૜۷ૠ,ૠ whenever the roll or yaw rate estimation errors exceed 

their thresholds, such that ቚ૓࢖௞ቚ > 10ିସ rad/s, or ห૓࢘௞ห > 10ିଷ 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 

 on) ܄ remained significantly larger than the input weights (on the order of 10ିସ) ܚ܅ and ܉܅

the order of  10ି଼), 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 ߢ =

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. 

 

3.5.3 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 ߬, damping ratio ߦௗ௥ and 

natural frequency ߱ௗ௥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. 

 

3.5.4 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™ i7-7700T 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 ℒ, there exists its time derivative ℒ̇ that is negative definite (Lavretsky & Wise, 

2024), such that: 

ℒ ≥ 0 and ℒ̇ ≤ 0 (3.39) 

 

3.7.1 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 Eqs. (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 Δ݌௞ାଵ and 

Δݎ௞ାଵ, and applying the control laws for Δߜ௔௞ and Δߜ௥௞ in Eq.(3.28), it is possible to derive 

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

 

݁̇௣ = (1 − ௥௘௙̇݌(ிிܭ − ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁௣ + ۱૚۵෡૛ܓ Δߜ௥௞ିଵ + ࢇ܅
்ો(ܠ܂܄ത)

+ ۱૚۵૛ܓ(۱૛۵෡૛ܓ )ି૚ ቆ−
.ௐிܭ ݏ߬
ݏ߬ + 1

r + ۱૛۴෠ܓઢ࢑ܠ + ۱૛۵෡૚ܓΔߜ௔௞ିଵ

+ ܚ܅
 ቇ(തܠ܂܄)ો܂

(3.40) 

 

Considering ܓۻ = ۱૚۵૛ܓ(۱૛۵෡૛ܓ )ି૚, from Eq.(3.40), the yaw-channel contribution to the 

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

 

݁̇௥ = ܓۻ  ቆ−
.ௐிܭ ݏ߬
ݏ߬ + 1

r + ۱૛۴෠ܓઢ࢑ܠ + ۱૛۵෡૚ܓΔߜ௔௞ିଵ + ܚ܅
 ቇ (3.41)(തܠ܂܄)ો܂

 

where ܓۻ 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 ܄ of the neural network contain some optimization 

error ܄෩. The same logic applies to  ܉܅ and ܚ܅, so that:  
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܄ = ෡܄ + ;    ෩܄ ܉܅     = ෡ୟ܅ + ;      ܉෩܅ ܚ܅  = ෡୰܅ +  (3.42) ܚ෩܅
 

where ܅෡ୟ, ܅෡୰ and ܄෡ are known weight values, while ܅෩܅ ,܉෩ܚ and ܄෩ are unknown errors. The 

optimal weights ܚ܅ ,܉܅ and ܄ are unknown. 

Let us express the Taylor series approximation for a tangent sigmoid function ࣌ around the 

current argument ܄୘ܠത as:  

 

(തܠ܂܄)࣌ = ࣌൫܄෡ܠ܂ത൯ + ࣌ᇱ൫܄෡ܠ܂ത൯܄෩ܠത + ङ૛(܄෩ܠ܂ത) (3.43) 
 

where ࣌ᇱ is the tangent sigmoid gradient, and ङ૛(܄෩்ܠത) is the unknown higher-order term. In 

the next equations, we make the following changes: 

 

࣌൫܄෡ܠࢀത൯ = ෝ࣌   and   ࣌ᇱ൫܄෡ܠࢀത൯ =  ࣌ ෝ ᇱ (3.44) 

 

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

 

݁̇௥ = ܓۻ  ൤−
ௐிܭ . ݏ߬
ݏ߬ + 1

ݎ + ۱૛۴෠ܓઢ࢑ܠ + ۱૛۵෡૚ܓΔߜ௔௞ିଵ + ෡୰்ෝ࣌܅ + ෝ࣌ࢀܚ෩܅ + തܠ෩܄ෝ࣌ᇱࢀܚ෡܅

+  ࢑൨࢘ࢊ
(3.45) 

 

where ࢑࢘ࢊ is the yaw rate disturbance term, so that:  

 

࢑࢘ࢊ = തܠ෩܄ෝ࣌ᇱࢀܚ෩܅ )ܓۻ + ܚ܅
 ङ૛) (3.46)܂

 

We should note that the linear component with respect to ܅෩܅ ,ࢇ෩௥ and ܄෩ 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: 
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݁̇௣ = (1 − ௥௘௙̇݌(ிிܭ − ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁௣ + ۱૚۵෡૛ܓ Δߜ௥௞ିଵ + ෝ࣌܂܉෡܅  

+ ܓۻ ൤−
.ௐிܭ ݏ߬
ݏ߬ + 1

ݎ + ۱૛۴෠ܓઢ࢑ܠ + ۱૛۵෡૚ܓΔߜ௔௞ିଵ + ෡୰்ෝ࣌܅ + ෝ࣌ࢀܚ෩܅

+ ത൨ܠ෩܄ෝ࣌ᇱࢀܚ෡܅ +  ࢑࢖ࢊ 

(3.47) 

 

where ࢑࢖ࢊ is the roll rate disturbance, which can be expressed as follows, by applying the same 

logic:  

 

࢑࢖ࢊ = ࢇ܅
ङ૛܂   + തܠ෩܄ෝ࣌ᇱ܂܉෩܅ +  (3.48) ࢑࢘ࢊ

 

Replacing Eq.(3.46) into Eq.(3.48), we obtain:  

 

࢑࢖ࢊ = ൫܅෩܂܉ + തܠ෩܄൯ෝ࣌ᇱࢀܚ෩܅ܓۻ + ܉܅)
܂ + ܚ܅ܓۻ

 ङ૛ (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 

݁̇௥, and from Eq.(3.48), the roll rate disturbance ࢑࢖ࢊ includes the yaw rate disturbance ࢑࢘ࢊ. 

The elements composing the disturbances ࢑࢖ࢊ and ࢑࢘ࢊ consists of the higher-order terms of 

the tangent sigmoid function in the neural network hidden layers. The value of ܓۻ 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 ࢑࢘ࢊ can be bounded as given next: 

 

‖݀௥‖ ≤ ଴଴ܥ + ෩ฮ܄଴ଵฮܥ +  ෩ฮ‖݁௥‖ (3.50)܄଴ଶฮܥ
 

where ܥ଴଴, ܥ଴ଵ and ܥ଴ଶ are computable positive constants (Lewis et al., 1995). The same logic 

applies for the roll rate disturbance ࢑࢖ࢊ. 
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3.7.4 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:  

 

ℒ =
1
2
݁௣݁௣ +

1
2
દ෩ିۺ૚દ෩ +

1
2
ࢇ෩܅૚ିࢇડࢇ෩܅ +

1
2
෩࢘܅෩࢘ડ࢘ି૚܅ +

1
2
 ෩ (3.51)܄૚ି܄෩ડ܄

 

where દ෩ is the RLS optimization error defined as:  

 

દ෩ = દ∗ − દ෡  (3.52) 
 

with દ∗, the optimal RLS parameter, and દ෡ , the estimated RLS parameter.  

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

 

ℒ̇ = ݁̇௣݁௣ + દ෩̇ିۺ૚દ෩ + ࢇ෩܅૚ିࢇડࢇ෩̇܅ + ෩࢘܅෩̇࢘ડ࢘ି૚܅ +  ෩ (3.53)܄૚ି܄෩̇ડ܄
 

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 :  

 

ℒ̇ = ൬(1 − ௥௘௙̇݌(ிிܭ − ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁௣ + ۱૚۵෡૛ܓ Δߜ௥௞ିଵ + ෝ࣌܂܉෡܅ + ෝ࣌܂܉෩܅

+ തܠ෩܄ෝ࣌ᇱ܂܉෡܅  

+ ܓۻ ൤−
.ௐிܭ ݏ߬
ݏ߬ + 1

ݎ + ۱૛۴෠ܓઢ࢑ܠ + ۱૛۵෡૚ܓΔߜ௔௞ିଵ + ෡୰்ෝ࣌൨܅

+ ࢑൰࢖ࢊ  ݁௣ + દ෩̇ିۺ૚દ෩

+ ൫−ൣ൫ોෝ − ોෝ′܄෡்ܠത൯݁௣ + ࢇ෩܅૚ିࢇ൯ડࢇ൧ડ܉෡܅ฮ݁௣ฮߣ
+ ൫−ൣ൫ોෝ − ોෝ′܄෡்ܠത൯݁௥ + ൧ડ࢘ܚ෡܅‖௥݁‖ߣ ൯ડ࢘ି૚܅෩࢘
+ ቀ−ડܠ]܄ത݁௣܅෡ࢇ

ોෝᇱࢀ + ෡࢘܅ത݁௥ܠ
′ોෝࢀ + ฮ݁௣ߣ + ݁௥ฮ܄෡]ቁ ડି܄૚܄෩ 

(3.54) 

 

where the yaw rate error is chosen to minimize the sideslip derivative, such that ݁௥ =  .ߚ̇− 
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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 દ෡  converges to a neighborhood of the true parameters દ∗. 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 ℒୖ୐ୗ and its derivative ℒ̇ୖ୐ୗ corresponding to the 

RLS adaptive filter, such that: 

 

ℒୖ୐ୗ = ଵ
ଶ
દ෩ିۺ૚દ෩       and       ℒ̇ୖ୐ୗ = દ෩ିۺ૚દ෩  ̇  (3.55) 

 

where દ෩ is defined in Eq.(3.52), and ିۺ૚ is the inverse covariance matrix. ℒୖ୐ୗ is here positive 

definite. The optimization error દ෩ can be expressed for two consecutive time steps, ݇ − 1 and 

݇, as follows: 

 

દ෩࢑ି૚ = દ∗ − દ෡௞ିଵ 
    દ෩࢑ = દ∗ − દ෡௞ 

(3.56) 

 

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

 

દ෡௞ = દ෡௞ିଵ +  ௞૓௞ (3.57)ࡷ
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where ࡷ௞ is the Kalman gain vector as defined below:  

 

௞ࡷ =
௞܆ ௞ିଵۺ

ߢ + ௞܆ ௞܆௞ିଵۺ
 (3.58) 

 

From Eq.(3.57), the derivative દ෩  ̇ can be computed in discrete time as follows:  

 

દ෩  ̇ = દ෩࢑ − દ෩࢑ି૚ =  ௞૓௞ (3.59)ࡷ−
 

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

 

ℒ̇ୖ୐ୗ = −દ෩ିۺ૚ࡷ௞૓௞ (3.60) 
 

The values of દ෩ can be positive or negative depending on the sign of દ∗ − દ෡௞. However, the 

norm of દ෩ should decrease and tend to zero as દ෡௞ tends to દ∗. 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 દ෡௞ tends to દ∗. The sign of the Kalman gain vector ࡷ௞ may also fluctuate in 

order to minimize both estimation error ૓௞ and optimization error દ෩. However, we can consider 

that ࡷ௞ 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 ିۺ૚ is positive definite, and so the definiteness of Eq.(3.60) 

relies on the signs of ࡷ௞, ૓௞ and દ෩. Therefore, in order to guarantee that the RLS Lyapunov 

candidate derivative ℒ̇ୖ୐ୗ is negative definite, ࡷ௞ is computed dynamically through the RLS 

equation update so that the product ࡷ௞૓௞ aligns with the direction of દ෩, leading to a positive 

dot product. However, the main role of the Kalman gain vector ࡷ௞ consists of minimizing the 
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estimation error ૓௞ rather than enforcing a predefined direction. This would indicate that ℒୖ୐ୗ 

decreases over time and tends to 0, and that the norm ฮℒ̇ୖ୐ୗฮ in Eq.(3.60) is bounded by a 

positive constant ܥ଺, and thus, ℒୖ୐ୗ tends to zero over time, such that: 

 

ฮℒ̇ୖ୐ୗฮ ≤  ଺ (3.61)ܥ
 

Therefore, the RLS algorithm converges to stable values. 

 

3.7.6 Boundedness and Convergence 

The overall boundedness and definiteness of ℒ̇ 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 :  

‖܉܅‖ < ௠ܹ      ‖ܚ܅‖ < ௠ܹ, and ‖܄‖ < ௠ܸ (3.62) 
 

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

 

ብ
ܠ
ܠ̇
ܠ̈
ብ ≤ ܳௗ (3.63) 

 

where ܳௗ  ∈  ℝ is a known constant. 

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

 

‖ܠ‖ ≤ ܿଵܳௗ + ܿଶฮ݁௣ฮ (3.64) 
 

where ܿଵ and ܿଶ are computable positive constants. 
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THEOREM 1: The higher order term of the tangent sigmoid function may be bounded as 

follows: 

 

ฮࣩଶ൫܄෩்ܠത൯ฮ ≤ ܿଷ + ܿସܳௗฮ܄෩ฮ + ܿହฮ܄෩ฮฮ݁௣ฮ (3.65) 
 

where ܿଷ, ܿସ and ܿହ 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 ݐ: 

 

‖ෝ࣌‖ = ܿ଴ଵ           and          ‖ોෝᇱ‖ = ܿ଴ଶ (3.66) 
 

ASSUMPTIONS 4: ܓۻ is computed using the RLS algorithm step time ݐ, and is also 

considered as a constant value: 

 

ܓۻ = ܿଵଵ 

(1 + ܿଵଵ) = ܿଵଶ 
(3.67) 

 

Finally, let us define two norm properties:  

 

THEOREM 2: The triangle inequalities are given as: 

 

‖ܽ − ܾ‖ ≤  ‖ܽ‖ + ‖ܾ‖          and         ‖ܽ + ܾ‖ ≤  ‖ܽ‖ + ‖ܾ‖ (3.68) 
 

THEOREM 3 : The generalized Cauchy–Schwarz inequality is given as: 

 

‖ܾܽ‖ ≤  ‖ܽ‖ ∙ ‖ܾ‖ (3.69) 
 

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

can be bounded as follows:  
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ℒ̇ ≤ (1 − ௥௘௙݁௣̇݌(ிிܭ − ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁௣݁௣ − ܿଵଵ
.ௐிܭ ݏ߬
ݏ߬ + 1

௣݁ݎ
+  ۱૚۵෡૛ܓ Δߜ௥௞ିଵ݁௣ + ܿଵଵ۱૛۴෠ܓઢ࢑݁ܠ௣ + ܿଵଵ۱૛۵෡૚ܓΔߜ௔௞ିଵ݁௣
+ ฮℒ̇ୖ୐ୗฮ  
+ ൫ܿଵଶܿ଴ଵ ௠ܹ + ௠ܸܿ଴ଶܿଵܳௗฮ܅෩ࢇฮ + ܿ଴ଶܿଵܳௗ ௠ܹܿଵଵฮ܄෩ฮ
+ ܿ଴ଶܿଵܳௗฮ܄෩ฮฮ܅෩܂܉ฮ + ܿଵଶ ௠ܹܿଷ + ܿଵଶ ௠ܹܿସܳௗฮ܄෩ฮ൯ฮ݁௣ฮ
+ ൫ܿ଴ଵฮ܅෩࢘ฮ +  ௠ܸܿ଴ଶܿଵܳௗฮ܅෩࢘ฮ +  ܿ଴ଶܿଵܳௗ ௠ܹฮ܄෩ฮ൯‖݁௥‖  
+ ൫ ௠ܸࢉ૙૛ܿଶฮ܅෩ࢇฮ + ܿ଴ଶܿଶܿଵଵ ௠ܹฮ܄෩ฮ + ܿ଴ଶܿଶฮ܄෩ฮฮ܅෩܂܉ฮ
+ ܿଵଶ ௠ܹܿହฮ܄෩ฮ൯ฮ݁௣ฮ

ଶ

+ ൫ ௠ܸࢉ૙૛ܿଶฮ܅෩࢘ฮ +  ܿ଴ଶܿଶ ௠ܹฮ܄෩ฮ൯ฮ݁௣ฮ‖݁௥‖

− ฮ݁௣ฮߣ ቀ ௠ܹฮ܅෩ࢇฮ − ฮ܅෩ࢇฮ
ଶ
ቁ − ‖௥݁‖ߣ ቀ ௠ܹฮ܅෩࢘ฮ − ฮ܅෩࢘ฮ

ଶ
ቁ

− ൫ฮ݁௣ฮߣ + ‖݁௥‖ ൯ ቀ ௠ܸฮ܄෩ฮ − ฮ܄෩ฮ
ଶ
ቁ 

(3.70) 

 

Let us assess the boundedness of ℒ̇ in Eq.(3.70) by verifying the Lyapunov stability 

requirements in Eq.(3.39). From Eq.(3.70), we can define the term ℒ̇ଶ, such that:  

 

ℒ̇ଶ =  ۱૚۵෡૛ܓ Δߜ௥௞ିଵ݁௣ + ܿଵଵ۱૛۴෠ܓઢ࢑݁ܠ௣ + ܿଵଵ۱૛۵෡૚ܓΔߜ௔௞ିଵ݁௣ (3.71) 
 

where ℒ̇ଶ is computed from the RLS approximation. As stated earlier, the RLS parameters are 

estimated in order to reduce the tracking error ݁௣. The previous commands on the rudders 

Δߜ௥௞ିଵ and ailerons Δߜ௔௞ିଵ are also outputted to reduce the current error ݁௣. Furthermore, it 

has been demonstrated that the RLS Lyapunov derivative ℒ̇ୖ୐ୗ is negative definite, so the RLS 

Lyapunov candidate ℒୖ୐ୗ is decreasing, and the norm ฮℒ̇ୖ୐ୗฮ is bounded as in Eq.(3.61), and 

thus, the RLS filter is stable and converging (3.60). Therefore, the derivative ℒ̇ଶ in Eq.(3.71) 

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

that ฮℒ̇ଶ ฮ norm is also bounded by a positive constant ܥଶଶ, so that: 

 

ฮℒ̇ଶ ฮ ≤  ଶଶ (3.72)ܥ
 

Let us define the term ℒ̇ଵ from Eq.(3.70) such that:  
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ℒ̇ଵ = (1 − ௥௘௙݁௣̇݌(ிிܭ − ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁௣݁௣ − ܿଵଵ
.ௐிܭ ݏ߬
ݏ߬ + 1

 ௣ (3.73)݁ݎ

 

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 ݁௣ with a case-

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

 

3.7.6.1 Case 1 

The neural network approximation is performed properly, so the error norms ฮ܅෩௔ฮ, ฮ܅෩௥ฮand 

ฮ܄෩ฮ are small and tend to 0. The roll rate error may then be bounded as follows: 

 

ฮ݁௣ฮ ≤
(1 − ௥௘௙̇݌(ிிܭ − ܿଵଵ

.ௐிܭ ݏ߬
ݏ߬ + 1 ݎ + ଺ܥ + (ܿଵଶܿ଴ଵ ௠ܹ + ܿଵଶ ௠ܹܿଷ)  

ቀܭ௉ + ூܭ
ݏ + ቁݏ஽ܭ

 (3.74) 

 

where ܥ଺ is a positive constant. 

 

3.7.6.2 Case 2 

The neural network approximation is performed poorly, and so ฮ܅෩௔ฮ, ฮ܅෩௥ฮand ฮ܄෩ฮ are large. 

Considering that the yaw rate control objective is fulfilled, such that ‖݁௥‖ tends to 0, and stating 

that the approximation errors ฮ܅෩ࢇฮ, ฮ܅෩࢘ฮ and ฮ܄෩ฮ remain bounded by positive values, such 

that:  

ฮ܅෩ࢇฮ < ௠ܹ ;           ฮ܅෩࢘ฮ < ௠ܹ ;        and           ฮ܄෩ฮ < ௠ܸ (3.75) 
 

Then, the upper bound on ฮ݁௣ฮ can be found as follows:  
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ฮ݁௣ฮ <
(1 − ௥௘௙̇݌(ிிܭ − ܿଵଵ

.ௐிܭ ݏ߬
ݏ߬ + 1 ݎ + ଴ଵܥ − ଺ܥ − ߣ ቀ ௠ܹฮ܅෩ࢇฮ − ฮ܅෩ࢇฮ

ଶ
ቁ

ቀܭ௉ + ூܭ
ݏ + ቁݏ஽ܭ − ଴ଶܥ

+  
ߣ+ ቀ ௠ܸฮ܄෩ฮ − ฮ܄෩ฮ

ଶ
ቁ

ቀܭ௉ + ூܭ
ݏ + ቁݏ஽ܭ − ଴ଶܥ

 

(3.76) 

 

3.7.6.3 Case 3 

The neural network approximation is performed poorly, and so ฮ܅෩௔ฮ, ฮ܅෩௥ฮand ฮ܄෩ฮ are large. 

Considering that the roll rate control objective is fulfilled, such that ฮ݁௣ฮ tends to 0, then the 

inequation becomes: 

 

‖݁௥‖ ൬൫ࢉ૙૚ฮ܅෩࢘ฮ +  ௠ܸܿ଴ଶܿଵܳௗฮ܅෩࢘ฮ +  ܿ଴ଶܿଵܳௗ ௠ܹฮ܄෩ฮ൯  

− ߣ ቀ ௠ܹฮ܅෩࢘ฮ − ฮ܅෩࢘ฮ
ଶ
ቁ − ߣ ቀ ௠ܸฮ܄෩ฮ − ฮ܄෩ฮ

ଶ
ቁ൰ ≤ 0 

(3.77) 

 

Eq.(3.77) is true if ߣ is chosen as follows:  

 

ߣ ≥
൫ܿ଴ଵฮ܅෩࢘ฮ +  ௠ܸࢉ૙૛ܿଵܳௗฮ܅෩࢘ฮ +  ܿ଴ଶܿଵܳௗ ௠ܹฮ܄෩ฮ൯ 

ቀ ௠ܹฮ܅෩࢘ฮ − ฮ܅෩࢘ฮ
ଶ
ቁ + ቀ ௠ܸฮ܄෩ฮ − ฮ܄෩ฮ

ଶ
ቁ

 (3.78) 

 

Choosing a positive ߣ according to Eq.(3.78) ensures the robustness of the neural networks and 

the negative definiteness of the term −ߣ ቀ ௠ܹฮ܅෩࢘ฮ − ฮ܅෩࢘ฮ
ଶ
ቁ − ߣ ቀ ௠ܸฮ܄෩ฮ − ฮ܄෩ฮ

ଶ
ቁ. 

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 ܭிி, ܭௐி, ܭ௉,  ܭூand ܭ஽. As seen in 

Eq.(3.74), the roll rate error also depends on the yaw rate, dampened by a coefficient ܭௐி and 

scaled with a washout filter. Also, in Eqs.(3.74) and (3.76), the upper bound on ฮ݁௣ฮ is small 

if the PID gains ܭ௉, ܭூand ܭ஽ are chosen high enough. 
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In Cases 2 and 3, in addition to selecting the gains ܭிி, ܭௐி, ܭ௉,  ܭூand ܭ஽, the error ฮ݁௣ฮ 

remains bounded with a proper choice of parameter ߣ, 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 contrôle adaptatif sont appliquées garantissant 

une double adaptation, notamment grâce à un contrôleur à inversion dynamique et un 

contrôleur à réseau de neurones. L'objectif du contrôle consiste à suivre la vitesse verticale, 

l'altitude et les commandes de cap de l'avion. L'inversion dynamique est appliquée à chaque 

variable de sortie, puis le contrôleur à réseau de neurones est mis à jour à l'aide d'une loi 

adaptative, dérivée de la rétropropagation. L'inversion dynamique a été réalisée localement à 

l'aide d'un algorithme récursif des moindres carrés comme estimation d'état. La boucle de 

contrôle interne, qui comprend le contrôle 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 contrôle longitudinal du contrôle latéral. Des tests de 

robustesse ont été effectués dans des conditions de turbulence et de rafales de vent. Les 

résultats des pilotes automatiques ont été comparés aux données réelles des essais en vol d'un 

simulateur de vol de recherche de l’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 l'avion, avec des signaux de référence donnés. La comparaison des essais 
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en vol a montré que les contrôleurs adaptatifs proposés étaient meilleurs que ceux actuellement 

embarqués à 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 

et al., 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 ܪஶ 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) (Doff-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) (Xiaoqian 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 ܪஶ 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  
Mach number  
Range  
Altitude  
Takeoff Weight  
Zero Fuel weight  
Gross thrust  

648 km/h [350 knots] 
0.92 

5725 km [3,091 nm] 
15 544 m [51,000 ft] 
16,193 kg [35,700 lb] 
11,067 kg [24,400 lb] 
28 655 N [6442 lbf] 

 

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 
state 

Limits Specifications 

Pitch rate CSAS 1.2± ݍ°/s [±0.0017 rad/s] 
Smooth and controlled 
longitudinal maneuvers; 
Level 1 flight quality. 

Vertical Speed Autopilot 
 ௓ܸ ±9.14 m/s [±1800 ft/min] 

Ensures safe climb and 
descent rates while allowing 
rapid altitude changes in 
emergencies. 

Altitude Autopilot ℎ no overshoot 
Enhances safety and 
passenger comfort during 
climb/descent transitions. 

Roll Rate CSAS 2.5± ݌°/s [0.43 rad/s] 
Guarantees smooth, 
controlled lateral maneuvers; 
Level 1 flight quality. 

Roll Angle CSAS ߶ ±27.5° [0.47 rad] 
Maintains safe load factors 
and prevents structural 
overstress. 

Heading Autopilot ߖ heading rate of 3°/s [0.052 
rad/s] 

Complies with civil and 
military 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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Figure 4.2 Adaptive Pitch rate CSAS and Adaptive Vertical Speed Autopilot architectures

Figure 4.3 Adaptive Altitude autopilot architecture
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Figure 4.4 Adaptive Yaw rate stabilization and adaptive roll rate CSAS architectures

Figure 4.5 Adaptive Roll angle CSAS Controller and adaptive heading autopilot architectures

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:

ܠ̇ = ૎(ࣁ,ܠ)
ݕ = ℵ(ܠ) (4.1)
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where the state vector ܠ and the control inputs vector ࣁ are defined as follows: 

 

= ܠ  ୘[ܜ܉ܔܠ  ܖܗܔܠ]
ࣁ = ௘ߜ] ௔ߜ  (4.2) ܂[௥ߜ

 

with  

ܖܗܔܠ = ݑ] ݓ ݍ ߠ ௭ܸ ℎ]୘ and ܜ܉ܔܠ = ݒ] ݌ ݎ ߶ Ψ]୘ (4.3) 

 

Here, ܖܗܔܠ is the longitudinal state vector, including the longitudinal and vertical velocities ݑ 

and ݓ, the pitch rate ݍ, the pitch angle ߠ, the vertical speed ௭ܸ, and the altitude ℎ. The lateral 

state vector ܜ܉ܔܠ includes the lateral velocity ݒ, the roll and yaw rates ݌ and ݎ, the roll angle ߶, 

and the heading angle ߖ. The control input vector ࣁ includes the elevator ߜ௘, aileron ߜ௔, and 

rudder ߜ௥ angles. The functions ࣐  and ℵ 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, ߥସఋ௥ denotes the adaptive control signal generated by NN4 for the rudder deflection 

 ,௥. Adaptive laws are used to update the neural network weights and the RLS parametersߜ

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: 

 

ܠ̇ = (ܠ)܎ +  (4.4) ࣁ(ܠ)܏

 

where ܎(∙) and ܏(∙) are nonlinear functions describing the aircraft dynamics. The measured 

output ݕ௜ is expressed as: 

 

௜ݕ =  (4.5) ܠ۱ܑ

 

Dynamic Inversion controller seeks to compute the control input ࣁ that will directly achieve 

the desired state derivative ̇ܠ, given by the following inverse function: 

 

ࣁ = ૎ିଵ(̇ܠ,ܠ) (4.6) 

 

Let us linearize the aircraft dynamics at a nominal operating point (ܠ૙,ࣁ૙). This local 

linearization, expressed in terms of small variations, may be obtained through Taylor series 

expansion and derivations. Thus, the incremental state dynamics Δ̇ܠ can then be approximated 

locally as follows: 

 

Δ̇ܠ = ܠ૙,ఎబઢܠ۴ +  (4.7) ࣁ૙,ఎబઢܠ۵

 

where ۴ܠ૙,ࣁ૙ and ۵ܠ૙,ఎబ are the Jacobian matrices at (ܠ૙,ࣁ૙) defined as: 

 

૙ࣁ,૙ܠ۴ = ቆ
(ܠ)܎߲
ܠ߲

+
(ܠ)܏߲
ܠ߲

ቇߟ
૙,ఎబܠ

; ૙,ఎబܠ۵  =  ૙,ఎబ (4.8)ܠ(ܠ)܏
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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 ઢࣁ required to track the reference signal ݎ௦ can be computed using 

the following control law : 

 

ઢࣁ = ൫۱۵ܠ૙,ఎబ൯
ି૚

ୱݎ̇ ) + ߥ −  (4.9) (ܠ૙,ఎబઢܠ۱۴

 

where ۱ is the output matrix, and the signal ߥ is chosen to reduce the error as follows (Stevens 

et al., 2015): 

 

݁̇ =  (4.10) ߥ−

 

This formulation allows the error ݁ to be stabilized by an appropriate choice of ߥ, 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 ݇ + 1, denoted by ઢܓܠା૚, depends on the current state variation 

Δܠ௞ and the control input variation ઢࣁ௞. Based on Eqs. (4.7), the state equation can be written 

as: 

 

ઢܠොܓା૚ = [Δܠ௞ ઢࣁ௞] ቈ
۴෠௞்

۵෡௞்
቉ (4.11) 

 

where ۴෠௞்and ۵෡௞் are the Jacobian matrice estimates. 

Let us consider દ෡௞ = ቈ
۴෠௞்

۵෡௞்
቉ as the vector of unknown parameters and ܆௞ = [Δܠ௞ ઢ࢑ࣁ]் as the 

vector of past increments. With these definitions, Eq. (4.11) can be compactly rewritten as: 

 

ઢܠොܓା૚ =  ௞்દ෡௞ (4.12)܆
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in which દ෡௞ can be estimated online using the Recursive Least Squares (RLS) algorithm. 

We can define the RLS prediction error ૓௞ as follows: 

 

૓௞ = Δܠ௞ − Δܠො௞ (4.13) 

 

where Δܠ௞ is the measured state variation and Δܠො௞ is its estimated state variations. 

Following the method described in (Haykin, 2013), the parameter vector દ෡௞ is computed as: 

 

દ෡௞ = દ෡௞ିଵ +
௞܆ ௞ିଵۺ

ߢ + ௞܆௞ିଵۺ௞்܆
૓௞ (4.14) 

 

where, ۺ௞ is the covariance matrix, which is numerically computed as follows: 

 

௞ۺ =
1
ߢ
ቆۺ௞ିଵ −

௞ିଵۺ௞்܆௞܆௞ିଵۺ
ߢ + ௞܆௞ିଵۺ௞்܆

ቇ (4.15) 

 

Equations (4.14) and (4.15) are derived from the matrix inversion lemma, as detailed in 

(Haykin, 2013). Note that in this RLS formulation, ۴෠௞் and ۵෡௞் depend on the increment vector 

 .௞, rather than on the absolute state and control values܆

 

Before running the algorithm, દ૙, ۺ૙, and ߢ must be initialized. In this work, in order to 

improve stability, the covariance matrix ۺ௞ is updated conditionally: ۺ௞ is reset when the 

prediction error ૓௞ exceeds a prescribed threshold, i.e., ૓௞ > ૓௧௥௘௦௛௢௟ௗ. 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 દ଴, ۺ଴ 
Set ߢ and ૓௧௥௘௦௛௢௟ௗ 
Compute દ෡௞ using Eq.(4.14) 
Compute Δܠොܓା૚ using Eq. (4.12) 
Compute ૓௞ using Eq. (4.13) 
Update ۺ௞ 
if abs (૓௞) ≥ ૓௧௥௘௦௛௢௟ௗ 
then ۺ௞ = 10ଷ۷ 
else compute ۺ௞ 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 

݇ + 1 can be expressed in discrete form as: 

 

Δݕො௞ାଵ = Δݕ௞ାଵ −  ଵ (4.16)ߝ

 

where Δݕො௞ାଵ is the estimated output and ߝଵ is the RLS estimation error. 

The control input variation ઢ࢑ࣁ in Eq. (4.9) can then be rewritten as follows: 

 

ઢ࢑ࣁ = ൫۱۵෡௞൯
ି૚

௦̇ݎ] + ݒ − ۱۴෠௞Δܠ −  ଵ] (4.17)ߝ

 

where ۱۵෡௞ and ۱۴෠௞ describe the aircraft's local dynamics. An adaptive term is used to 

compensate for RLS estimation errors, such that: 

 

ଵߝ =  ௔ௗ (4.18)ߥ

 

A Feedforward Neural Network (FFNN) is used to compute ߥ௔ௗ as an adaptive component. 
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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):

௜ߥ̂ = ࢏܅
୘࣌(܄୘ܠത) (4.19)

where ࣌ ∈ ℝࡺ×૚ is the activation function applied elementwise over ܰ neurons in the hidden 

layer. The input vector is defined as ܠത = ଵݔ] ଶݔ ⋯ ܅ ௠]୘. The weight vectors areݔ ∈

ℝ࢔×ࡺ and ܄ ∈ ℝࡺ×࢓, with ݉ inputs and ݊ outputs. The tangent sigmoid activation function ࣌

is defined as:

(ݖ)௜ߪ =
1

1 + ݁ି௭
(4.20)

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 ܭேே௜, thus 

controlling the amplitude of the adaptive correction term ߥ௔ௗ.
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4.4.5.4 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): 

 

୧܅̇ = −[(ો − ો′ܠ்܄ത)݁௜் +  ડ௜[ܑ܅‖௜݁‖ߣ
܄̇ = −ડ୚[ܠത݁௜்ܑ܅

் ો′ +  [܄‖௜݁‖ߣ
(4.21) 

 

Here, ݁௜ is the tracking error vector corresponding to the ݅-th controlled variable, ડ௜ is the 

learning rate matrix corresponding to the ݅-th output of the NN, ડ௏ is the input layer learning 

rate, and ો′ is the gradient of the activation function ો. The scalar ߣ is set to 1. The additional 

terms ߣ‖݁௜‖ܑ܅ and ߣ‖݁௜‖܄ 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 ߥ is required (Stevens et al., 2015). 

The feedback term ߥ is solely designed to ensure system stability. To model ߥ, a basic 

Proportional – Integral – Derivative (PID) controller is typically sufficient and can be 

expressed as follows (Stevens et al., 2015):  

௜ߥ =  ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁௜ (4.22) 

where ܭ௉,ܭூ and ܭ஽ are the proportional, integral, and derivative gains, ݏ is the Laplace 

operator, and ݅ 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 ݍ 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 ݌ and stabilizing 

the yaw rate ݎ 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 Ψ, 

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, ߱௦௣, ߦ௦௣ and ఏܶమ, 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 
model 

௥௘௙ݍ
௖௠ௗݍ

=
߱௦௣ଶ  (1 + ఏܶమݏ)

ଶݏ + ݏ௦௣߱௦௣ߦ2 + ߱௦௣ଶ
  

Pitch rate error dynamics ݁௤ = ௥௘௙ݍ −   ݍ
NN1 controller input 
vector ܠത૚ = ݍൣ ௥௘௙ݍ ௭ܸ ௭ܸ௖௠ௗ ௘൧ߜ

  ܂

NN1 adaptation laws ̇܅௤ = −ൣ൫ો − ોᇱ ܄૚ܠ ܂ത૚൯݁௏೥
୘ +   ൧ડ௤ܙ܅ฮ݁௏೥ฮߣ

௏೥܅̇ = −ൣ൫ો − ોᇱ ܄૚ܠ ܂ത૚൯݁௏೥
୘ +   ൧ડ୚౰ܢ܄܅ฮ݁௏೥ฮߣ

ଵ܄̇ = −ડ܄૚[ܠത૚݁௏೥ࢠࢂ܅
ોᇱࢀ + ࢗ܅ത૚݁௤ܠ

′ોࢀ
+ ฮ݁௏೥ߣ + ݁௤ฮ܄૚] 

 

PID controller  ߥ௉ூ஽௤ = ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁௤  

NN1 output signals ߥଵ೜ = ࢗ܅ேே೜ܭ
୘࣌൫܄૚ܠ܂ത૚൯ 

ଵ௏೥ߥ = ࢠࢂ܅ேே௏೥ܭ
୘ ࣌൫܄૚ܠ܂ത૚൯ 

 

Elevator control law Δߜ௘ = ൫۱۵ܙ෡௞൯
ି૚
൤ ̇ݍ௥௘௙ + ൬ܭ௉ +

ூܭ
ݏ

+ ൰݁௤ݏ஽ܭ

− ௞ܠ۴෠௞ઢܙ۱ − ܙ܅ேே೜ܭ
்ો൫܄૚ܠ ܂ത૚൯൨ 

(4.23) 

 

4.4.8 Vertical Speed autopilot  

The vertical speed autopilot is designed to control ௭ܸ. The designed autopilot uses a PID 

controller and an adaptive neural network ܰܰ1. 

 

Table 4.6 Vertical Speed Autopilot design equations 
 

Control elements Equations  
Error dynamics ݁௏೥ = ௭ܸ௖௠ௗ − ௭ܸ  
PID controller output ߥ௉ூ஽ೇ೥ = ൬ܭ௉ +

ூܭ
ݏ

+ ൰ݏ஽ܭ ݁௏೥  

NN1 controller  See Table 4.5  
Pitch rate command  ݍ௖௠ௗ = ቚߥଵ௏೥ቚ ௉ூ஽ೇ೥ߥ  (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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Table 4.7 Altitude Autopilot design equations 
 

Control elements Equations  
Error dynamics ݁̅௛ = ௘௛(ℎ௥௘௙ܭ − ℎ) 

݁̅௛̇ =   ௘௛̇ℎ̇ܭ

NN2 inputs ഥ࢞૛ = [ℎ ℎ௥௘௙   ࢀ[௘ߜ
NN2 adaptation laws ̇ࢃ௛ = −ൣ൫࣌ − ࣌ᇱ ࢂ૛ࢀഥ࢞૛൯݁̅௛் +   ௛ࢣ൧ࢎࢃ‖௛̅݁‖ߣ

௛̇ࢃ̇ = −ൣ൫࣌ − ࣌ᇱ ࢂ૛ࢀഥ࢞૛൯݁̅௛̇
் +   ௛̇ࢣ൧ࢎ̇ࢃ‖௛̇̅݁‖ߣ

ଶࢂ̇ = ࢎࢃ૛[ഥ࢞૛݁̅௛ࢂࢣ−
ᇱ࣌ࢀ + ഥ࢞૛݁̅௛̇ࢎ̇ࢃ

′࣌ࢀ
+ ௛̅݁‖ߣ + ݁̅௛̇‖ࢂ૛] 

 

PID controller  ߥ௉ூ஽௛ = ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁௛  

Feedforward controller ߥிி௛ =   ிி௛ℎ௥௘௙ܭ
NN2 output signals ߥଶ೓ = ࢎࢃேே೓ܭ

்࣌൫ࢂ૛ࢀഥ࢞૛൯ 
ଶ೓̇ߥ = ࢎ̇ࢃேே೓̇ܭ

்࣌൫ࢂ૛ࢀഥ࢞૛൯ 
 

Command law 
 ௭ܸ௖௠ௗ = ிி௛ܭ) + ௔ௗ௛̇)ℎ̇௥௘௙ߥ + ௉ூ஽௛ߥ +

݀
ݐ݀
 ଶ೓ (4.25)ߥ

 

4.4.10 Roll rate CSAS and yaw rate stabilization  

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 ߬ ௥, damping ߦௗ௥ and natural frequency ߱ ௗ௥. 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 

control. 

 

While stabilizing the yaw rate, the derivative of the sideslip angle ̇ߚ is also damped, and thus 

it tends to 0. The value of ̇ߚ can be approximated by the following kinetic relationship (Stevens 

et al., 2015): 
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ߚ̇ ≈
ݒ̇

TAS
 (4.26) 

where ̇ݒ is the lateral acceleration and TAS is the true airspeed. Setting ̇ߚ 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 ݌௥௘௙
௖௠ௗ݌

=  
߱ௗ௥
ଶ

ଶݏ + ݏௗ௥ ߱ௗ௥ߦ 2 + ߱ௗ௥
ଶ  

1
ݏ ߬ + 1

  

Error dynamics ݁௣ = ௥௘௙݌ −  ݌
݁௥ =  ߚ̇

 

NN3 inputs ഥ࢞૜ = ݌ ] ௥௘௙݌ ௔ߜ   ࢀ[௥ߜ
NN3 adaptation laws ࢃ૜̇ ࢇࢾ = −ൣ൫࣌ − ࣌ᇱ܄૜܂ ഥ࢞૜൯݁௣ + ൧ડ઼܉઼܅ฮ݁௣ฮߣ  ܉

૜̇܅ ܚ઼ = −ቂ൫࣌ − ࣌ᇱ܄૜܂ ഥ࢞૜൯݁௥
+ ܚ૜઼܅‖௥݁‖ߣ

ቃ ડ઼  ܚ
૜܄̇ = −ડ܄૜[ഥ࢞݁௣܉܅

ᇱ࣌ࢀ + ഥ࢞݁௥ܚ܅
′࣌܂

+ ฮ݁௣ߣ + ݁௥ฮ܄૜] 

 

PID controller ߥ௉ூ஽೛ = ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁௣  

Feedforward controller ߥிி௣ =   ௥௘௙̇݌ࡲࡲࡷ
Yaw rate washout filter (ݏ)ܨ =

.ௐிܭ ݏ߬
ݏ߬ + 1

  

NN3 outputs ߥଷఋೌ = ࢇࢃ
்࣌൫ࢂ૜ࢀഥ࢞૜൯ 

ଷఋೝߥ = ࢘ࢾଷࢃ  
ࢀ ࣌൫ࢂ૜ࢀഥ࢞૜൯ 

 

Ailerons control law ߜ߂௔௞ = ૚ି(ܓ܉۵෡઼ܘ۱) ൤̇݌ࡲࡲࡷ௥௘௙

+ ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁௣
− ܓܠઢܓ۴෠ܘ۱ − ௥௞ିଵߜ߂ ܓܚ۵෡઼ܘ۱
܉܅−

୘࣌൫܄૜܂ഥ࢞૜൯ ൨ 

(4.27) 

Rudders control law ߜ߂௥௞ = ૚ି( ܓܚ۵෡઼ܚ۱) ൤
.ௐிܭ ݏ߬
ݏ߬ + 1

ݎ − ܓܠઢܓ۴෠ܚ۱
− ௔௞ିଵߜ߂ܓ܉۵෡઼ܚ۱
ܚଷ઼܅−  

܂ ࣌൫܄૜܂ഥ࢞૜൯ +  ସఋೝೖ൨ߥ

(4.28) 
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 ௐி is the washout filter gain and ߬ is its time constant; ۱ܑ is the output matrix in respect toܭ

the ݅-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 

߶௖௠ௗ. 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 ݁థ = ߶௖௠ௗ − ߶  
NN4 inputs ܠത૝ = [߶ ߶௖௠ௗ Ψ Ψ௥௘௙ ௔ߜ   ܂[௥ߜ
PID controller  ν୔୍ୈథ = ൬ܭ௉ +

ூܭ
ݏ

+ ൰ݏ஽ܭ ݁థ  

NN4 adaptation laws ܅૝̇ ఋೝ = −ቂ൫ો − ોᇱ ܄૝ܠ܂ത૝൯݁థ்

+ ܚ૝઼܅ฮ݁థฮߣ
ቃ ડ૝઼ܚ   

థ܅̇ = −ൣ൫ો − ોᇱ ܄૝ܠ܂ത૝൯݁థ் +   ૖൧ડథ܅ฮ݁థฮߣ
ஏ܅̇ = −ൣ൫ો − ોᇱ ܄૝ܠ܂ത૝൯݁̅ஏ୘ +   શ൧ડஏ܅‖ஏ̅݁‖ߣ
ସ܄̇ = −ડ܄૝[ܠത૝݁థࣘ܅

ોᇱ܂ + શ܅ത૝݁̅ஏܠ
ોᇱ܂

+ ฮ݁థߣ + ݁̅అฮ܄૝] 

 

NN4 outputs νସఋೝ = ૝܅ேேഃೝܭ
܂
ఋೝ
ો൫܄૝ܠ܂ത૝൯ 

νସథ = ૖܅ேேഝܭ
 ത૝൯ܠ܂૝܄ો൫܂

ସஏߥ = ૝શ܅ேேஏܭ
܂ ો൫܄૝ܠ܂ത૝൯ 

 

Command law ݌௖௠ௗ = (۱૖۵෡઼ܓ܉ )ି૚ ቂν୔୍ୈథ − ۱ࣘ۴෠ܓઢ࢑ܠ + νସథቃ (4.29) 
 

4.4.12 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. 
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Table 4.10 Heading Autopilot design equations 
 

Control elements Equations  
Error dynamics ݁ஏ = Ψ௥௘௙ − Ψ 

݁̅ஏ =   ௘ಇ݁ஏܭ

PID controller  ߥ௉ூ஽అ = ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁ஏ  

Feedforward controller ߥிிఅ =   ௥௘௙ߖிிఅ̇ܭ
Command law ߶௖௠ௗ = (۱શ۵෡઼ܓ܉ )ି૚ൣߥிிఅ + ௉ூ஽అߥ − ۱શ۴෠ܓઢ࢑ܠ

+  ସఅ൧ߥ
(4.30) 

 

4.5 Results 

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.  

  



166 

 

 

Table 4.11 Longitudinal CSAS and Autopilot Design Parameters 
 

Control Elements Parameters Values 
 ஽ −1, −1, −0.1ܭ ,ூܭ ,௉ܭ PID controller ࢗ
RLS longitudinal state 
estimation 

 ଴, ۴෠଴, ۵෡଴ۺ ,ߢ
૓௤௧௥௘௦௛௢௟ௗ, ૓ఏ௧௥௘௦௛௢௟ௗ 

 ௨௣ௗ௔௧௘ۺ

1.015, 10଻۷૞,ହ, ۷ସ,ସ, −૙.૚ସ,ଵ 
0.0001 rad/s 0,005 rad 

10ସ 
NN1 controller ܭேே೜, learning rate ડܙ 

ேேೇ೥ܭ , learning rate ડࢠࢂ 
hidden layers, neurons 

5, 1 
0.02, 0.8 

1, 30 
Pitch Rate Reference 
Model ߦ௦௣,߱௦௣, ఏܶమ 0.69, 4 rad/s, 0.35 sec 

 ஽ −0.1, 0, 0ܭ ,ூܭ ,௉ܭ PID controller ࢠࢂ
 ஽ −0.3, 0, 0ܭ ,ூܭ ,௉ܭ PID controller ࢎ
 feedforward ࢎ
controller ܭிி௛ −0.2 

NN2 Controller ܭேே೓, ܭேே೓̇, 
learning rates ડࢎ,ડ̇ࢎ , ડ܄૛ 

 ,௛̇ܭ ,௘೓ܭ
hidden layers, neurons 

2, 0.05 
1, 1, 2 

0.001, 0.0002 
1, 30 
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Table 4.12 Lateral CSAS and Autopilot Design Parameters 
 

Control Elements Parameters Values 
 ஽ -1, -1, 0ܭ ,ூܭ ,௉ܭ PID Controller ࢖
 Feedforward ࢖
controller 

ிி೛ܭ  -0.1 

Yaw damper, Washout 
Filter 

 ௐி, ߬ 3, 2 secܭ

NN3 controller Learning rates ડࢇ, ડ࢘ , ડ܄૜, ߣ 
Number of layers 

Number of neurons 

0.1, 0.3, 2, 1 
1 
30 

 ௗ௥, ߱ௗ௥, ߬ 0.5, 3 rad/s, 0.5ߦ Reference Model ࢖
RLS lateral state 
estimation 

 ૙, ۴෠૙,۵෡૙ۺ,ߢ
૓࢖௧௥௘௦௛௢௟ௗ, ૓࢘௧௥௘௦௛௢௟ௗ 

 ࢋ࢚ࢇࢊ࢖࢛ۺ

1.015, 10ସ۷ૠ,ૠ, ۷૞,૞, ૙.૚૞,૛ 
0.0001 rad/s, 0.001 rad/s 

10ସ۷ૠ,଻ 
ࣘ PID controller ܭ௉, ܭூ, ܭ஽ 0.03, 0, 0 
 ஽ 0.2, 0, 0.1ܭ ,ூܭ ,௉ܭ PID controller ࢸ
 feedforward ࢸ
controller 

  ிிஏܭ

NN4 controller ܭேேഃೝ  ௘ಇܭ ,ேேಇܭ ,ேேഝܭ ,
Learning rates ડ࢘ࢾ, ડࣘ , ડ࣒ , 

ડۼۼ܄૝  ߣ ,
hidden layers, neurons 

0.001, 0.0001, 0.005, 0.1 
0.5, 4, 4, 1, 

1, 1 
1, 30 

 

4.5.2 Vertical speed Autopilot Tuning  

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 ડࢠࢂ and gain K୒୒୚౰
 were set. 

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 ܱܧܵܵ ݈݈ܽݎ݁ݒ and computed as follows:  

 

ܧܵܵ ݈݈ܽݎ݁ݒ݋ = ෍ܵܵܧ௜

௜ୀே

௜ୀଵ

 ; ܧܵܵ          = Δݐ෍ቀ ௭ܸ௖௠ௗ௧
− ௭ܸ௧ቁ

ଶ
௧ୀ்

௧ୀ଴

 (4.31) 

 

where ܰ is the number of simulated cruise scenarios. The ܵܵܧ is computed for each flight 

scenario, ܸ ௭௖௠ௗ௧
 and ܸ ௭௧ are the reference vertical speed and the vertical speed values at a given 
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time step ݐ, ܶ is the simulation time length for one flight condition, and Δݐ = 0.02 sec is the 

sample time. 

 

 
 (a)  (b)  

Figure 4.8 Overall Sum Squared Error SSE for 64 flight conditions vs learning rates Γ௏೥ 
and ܭேே௏೥ 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 ۴ and ۵, the covariance matrices ܓۺ and the estimation 

errors ૓௜, the NN inputs and weights ܄ and ܅. 

 

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 15 = ݐ sec. ۴෠ܖܗܔ is a 6x6 state matrix, corresponding to 6 longitudinal states 

included in the state vector ۵ ;ܖܗܔܠ෡ܖܗܔ is a 6x1 control matrix, corresponding to the elevator 

control input ߜ௘, 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 ۴෠۵ ,ܜ܉ܔ෡ܜ܉ܔ and ܜ܉ܔۺ, where 

the number of lateral states is 5, and the control inputs are the ailerons ߜ௔ and the rudders ߜ௥. 

As we can see from Eq. (4.32), the state matrix ۴෠ܖܗܔ and ۴෠ܜ܉ܔ 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 

 are high and positive, showing the positive definiteness of the matrices during ܜ܉ܔۺ and ܖܗܔۺ

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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۴෠ܖܗܔ =

⎝

⎜⎜
⎛

0.985 −0.0049  −0.006  −0.0054  −0.0015  −0.0013 
0.245  1.04  0.0973  0.0924  0.0108  0.0107 

0.0006  −0.0003  0.999  −0.0011  0  0 
−0.0002  −0.0002  −0.0012  0.999  0.0001  0 
−0.0312  −0.0197  0.0893  0.0926  1  −0.0038 
−0.0178  0.0002  −0.0534  −0.0559  −0.0181  1 ⎠

⎟⎟
⎞

  

 

 ۵෡ܖܗܔ =

⎝

⎜⎜
⎛

−0.0974 
−0.139 
 −0.101 

 −0.0994 
 −0.138 

 −0.0818 ⎠

⎟⎟
⎞

 

 

ܖܗܔۺ =

⎝

⎜
⎜
⎜
⎛

225 7.57  −44.1  −11.8  −22.6  −2.86  16.8 
7.57  0.557  −12.1  −6.35  −0.570  0.0019  5.46 
−44.1  −12.1  963  −0.736  −4.08  −2.13  1.01 
11.8  −6.35  −0.736  965  5.42  −0.807  0.322 
−22.6  −0.57  −4.08  5.42  2.47  0.364  −0.0424 
−2.86  0.0019  −2.13  −0.807  0.364  0.0745  0.333 
16.8  5.46  1.01  0.322  −0.0424  0.333  965 ⎠

⎟
⎟
⎟
⎞

 

 

۴෠ܜ܉ܔ =

⎝

⎜
⎛

0.977 0.241  −0.0595  0.07  −0.123 
−0.0018  0.97  −0.0103  0.0062  −0.0065 
−0.0029  −0.0232  0.924  0.0138  −0.0122 
−0.0013  0.0002  −0.0184  1.01  −0.009 
−0.0015  −0.0187  −0.0195  0.0105  0.989 ⎠

⎟
⎞

 

 

۵෡ܜ܉ܔ =

⎝

⎜
⎛

0.0181 −0.188 
0.0996  0.0559 
0.110  0.0542 
0.103  0.0211 
0.105  0.0132 ⎠

⎟
⎞

 

 

ܜ܉ܔۺ =

⎝

⎜
⎜
⎜
⎛

10.3 −42.7  −4.99  −25.3  35.5  −3.22  −29.4 
−42.7  527  −4.78  58.2  −47.2  −8.99  −27.3 
−4.99  −4.78  580  −16.7  −22.1  −0.988  −2.49 
−25.3  58.2  −16.7  77.9  −118  18.5  39.7 
35.5  −47.2  −22.1  −118  190  −20  −22.5 
−3.22  −8.99  −0.988  18.5  −20  579  −5.51 
−29.4  −27.3  −2.49  39.7  −22.5  −5.51  565 ⎠

⎟
⎟
⎟
⎞

 

(4.32) 
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Figure 4.9 Altitude and heading command and control surface 
responses for coordinated turn and climb at 35, 000 ft and 290 

knots 
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(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 ܄ and ܅ and the RLS estimated matrices ۴෠ and ۵෡. 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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(a) (b)

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 ۺ. The number of 

curves corresponds to the number of elements included in the covariance matrix.
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 (a)   (b)  

Figure 4.12 RLS estimation during Altitude and Heading command for (a) longitudinal 
and (b) lateral states 

 

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. 

 

 

Figure 4.13 Cessna Citation X flight envelope expressed in terms of 64 
representative cruise conditions considered for validation 
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 (a) (b) (c)  

Figure 4.14 Pitch rate ݍ 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. 

 

 
 (a) (b)  

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. 

 

 
 (a) (b)  

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. 

 

 
 (a) (b) (c)  

Figure 4.17 Roll rate ݌ variations with time responses for 64 cruise conditions using : 
(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 roll rate signal, while the colored lines correspond 

respectively to the roll rate response for each flight condition. 

 

 
 (a) (b) (c)  

Figure 4.18 Roll ߶ variation with time responses for 64 representative cruise 
conditions: (a) PID, (b) PID and DI and (c) PID – DI and NN controller configurations 

 

The dotted line corresponds to the reference roll angle signal, while the colored lines 

correspond respectively to the roll angle response for each flight condition. 

 

 
 (a) (b) (c)  

Figure 4.19 Heading control for 64 cruise conditions for : (a) PID, (b) PID and DI and (c) 
PID – DI and NN controller configurations 

 



180 

 

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 

Signal Damping 

Frequency, 

rad/s 

Rising time, 

sec 

Settling time, 

sec 

Overshoot, 

% 

Pitch rate controller 0.59 – 0.77 4.3 – 5.3 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  - - 8 – 10 13.2 – 15.2 7.2 – 20 
Vertical speed 
autopilot - - 5 – 8 10 – 15 11 – 34 

Altitude autopilot - - 2.8 – 4.8 3.4 – 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. 

 

 
 (a)  (b)  

Figure 4.20 (a) Dryden turbulence profile and (b) Wind gust profile 
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 (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.  
 

 
 (a)  (b)  

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 ۵ܢ܄ and ۵ܐ.  

 

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 ߢ was analyzed; small ߢ values 

yielded faster but noisier updates, while higher ߢ 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 ܭ௘೔ was applied to the NN ݅ ௧௛ 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 ۵෡ܖܗܔ and ۵෡ܜ܉ܔ, 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 ℒ is selected such that 
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ℒ ≥ 0 and its time derivative satisfies ℒ̇ ≤ 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: 

 Address Loss of Control In-Flight risks through enhanced flight control robustness. 

 Reduce the strong dependence of conventional controllers on gain scheduling and 

linear models. 

 Improve adaptability across the cruise flight envelope, while maintaining Level 1 flight 

quality requirements. 

 Bridge the gap between advanced adaptive control methods and practical 

implementation constraints, including flight quality requirements. 

 The key contributions can be enumerated as follows: 

 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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 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. 

 

4.8.2 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.  

 



193 

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. 
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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 contrôleur non linéaire adaptatif 
pour la vitesse de tangage de l'avion d'affaires Cessna Citation X. L'algorithme de contrôle 
proposé comprend trois composants principaux, à savoir un contrôleur à modèle de prédictif 
(MPC), une estimation d'état en ligne et un contrôleur adaptatif à réseau de neurones. 
L'estimation de la dynamique locale de l'avion est effectuée à l'aide de la méthode des moindres 
carrés récursifs (RLS). L'algorithme RLS consiste en un filtre adaptatif adapté à 
l'approximation d'état qui ne nécessite que des états et des incréments de contrôle. Le 
contrôleur MPC consiste en une optimisation de la trajectoire de contrôle sur un horizon de 
contrôle et un horizon de prédiction donnés. Une optimisation non linéaire est réalisée, incluant 
des contraintes, pour lequel une fonction de coût quadratique par rapport à la trajectoire de 
contrôle 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 contrôleur. Le 
composant adaptatif consiste en un réseau neuronal à propagation directe à une couche cachée, 
dont les hyperparamètres sont mis à jour en ligne à l'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 contrôle proposé était parfaitement capable de suivre un signal de référence 
donné définissant une dynamique de vol souhaitée pour le contrôle du taux de tangage. Le 
contrôleur de vol a été testé dans 63 conditions de vol différentes sur l'ensemble de l'enveloppe 
de vol du Cessna Citation X et a démontré de bonnes performances d'adaptation. L'algorithme 
de contrôle a ensuite été testé avec différents paramètres des éléments du contrôleur, et de très 
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. 
 
I.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, 
et al., 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, 
et al., 2012a ; S. Hosseini, Ghazi, & Botez, 2023a, 2023b), neural networks (S. Hosseini, Inga, 
et al., 2023 ; Mosbah et al., 2016) or evolutionary algorithms (Y. Boughari, Ghazi, et al., 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 I.2. The design 
methodology and the implementation of the control algorithm is given in Section I.3. Finally, 
simulation results are presented in Section I.4.

I.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 ܪஶ controllers for 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).
B

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:

ܠ̇ = ૎(ߟ,ܠ)
ݕ = ℎ(ܠ) (A I-1)

where ܠ = ݑ] ݓ ݍ ்[ߠ 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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ߟ = ௘ߜ is the elevator command, ૎ is a function describing the nonlinear longitudinal 
dynamics of the aircraft, ݕ 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 ܠ. 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. 

I.3 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.

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 ߟ (Stevens et al., 
2015). Therefore, Eq. (A I-1) can be then rewritten as follows:

ܠ̇ = (ܠ)܎ + ߟ(ܠ)܏
ݕ = ݍ = ۱ ∙ ܠ (A I-2)

where ܎ and ܏ are nonlinear functions that represent the aircraft dynamics, and the output 
equation ݕ corresponds to the pitch rate ݍ. Finally, ۱ is the output matrix corresponding to the 
pitch rate ݍ and is equal to [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 I-2) as follows: 
 

ܠ̇ = ૎(ߟ,ܠ) = (ܠ)܎ +  (A I-3) ߟ(ܠ)܏

 
Thus, the first order Taylor series expansion of Eq. (A I-3) around an initial point (ܠ૙,  ଴) mayߟ
be written as follows: 
 

૎(ߟ,ܠ) = ૎(ܠ૙, (଴ߟ + ૎ܠ
ᇱ ܠ)૙,ఎబܠ(ߟ,ܠ) − (૙ܠ + ૎ᇱ

ఎ(ߟ,ܠ)ܠ૙,ఎబ(ߟ −  ଴) (A I-4)ߟ

 
where ૎(ܠ૙, ,૙ܠ) at (ߟ,ܠ)଴) is the value of ૎ߟ ܠ଴), ૎ߟ

ᇱ ,ܠ) ૙,ఎబ and ૎ᇱܠ(ߟ
ఎ(ܠ,  ૙,ఎబ are theܠ(ߟ

partial derivatives of ૎(ߟ,ܠ) with respect to the states ܠ and to the input ߟ, respectively. 
From Eq. (A I-3), ૎(ܠ૙,  (ߟ,ܠ)଴) can be obtained with Eq. (4.1). Then, the derivatives of ૎ߟ
with respect to states ܠ and to the input ߟ are obtained from Eq. (A I-4) as follows: 
 

૎(ܠ૙, (଴ߟ = (૙ܠ)܎ +  ߟ(૙ܠ)܏

૎ܠ
ᇱ (ߟ,ܠ) =

(ܠ)܎߲
ܠ߲

+
(ܠ)܏߲
ܠ߲

 ߟ

૎ఎ
ᇱ (ߟ,ܠ) =

(ܠ)܎߲
ߟ߲

+
[ߟ(ܠ)܏]߲

ߟ߲
=  (ܠ)܏

 
(A I-4.a) 
(A I-4.b) 

 
(A I-4.c)  

 
Thus, rewriting the states and input in terms of their variation Δܠ = ܠ) − ߟ૙)  and Δܠ =
ߟ) −  ଴) and replacing all terms obtained in Eq. (4.1) (4.2) and (4.3) in Eq. (A I-4), we obtainߟ
Eq. (A I-5): 
 

૎(ߟ,ܠ) = (૙ܠ)܎ + ߟ(૙ܠ)܏ + ቆ
(ܠ)܎߲
ܠ߲

+
(ܠ)܏߲
ܠ߲

ቇߟ
૙,ఎబܠ

ઢܠ +  (A I-5) ߟ૙,ఎబΔܠ(ܠ)܏

 
Let’s rewrite the time derivative of the state vector ܠ in Eq. (A I-3) as the sum state derivation 
at initial condition (ܠ଴,  .଴) and perturbation aroundߟ
 

ܠ̇ = ૎(ߟ,ܠ) = ૙ܠ̇ + ઢ̇ܠ (A I-6) 

 
As ૎(ߟ,ܠ) is given by both Eq. (A I-5) and Eq. (A I-6), and ̇ܠ૙ = (૙ܠ)܎ +  and from ,ߟ(૙ܠ)܏
the variation of the state derivative Δ̇ܠ can be expressed as follows: 
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Δ̇ܠ = ቆ
(ܠ)܎߲
ܠ߲

+
(ܠ)܏߲
ܠ߲

ቇߟ
૙,ఎబܠ

Δܠ + ߟ૙,ఎబΔܠ(ܠ)܏ (A I-7)

Considering the following notations:

૙,ఎబܠ۴ = ቆ
(ܠ)܎߲
ܠ߲

+
(ܠ)܏߲
ܠ߲

ቇߟ
૙,ఎబܠ

; ૙,ఎబܠ۵ = (ܠ)܏ ૙,ఎబ (A I-8)

Then, Eq. (A I-7) can be rewritten in the following compact form:

Δ̇ܠ = ܠ૙,ఎబઢܠ۴ + ߟ૙,ఎబΔܠ۵ (A I-9)

Online State Estimation

In practice, the computation of ۴ܠ૙,ఎబ and ۵ܠ૙,ఎబ in Eq. (A I-8) is analytically difficult, 
especially for nonlinear functions, and even more difficult when the functions ܎ and ܏ 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 I-9) in the discrete form as follows:

Δܠ௞ାଵ = ۴෨௞ઢܠ௞ + ۵෩௞Δߟ௞ (A I-10)

where ۴෨௞and ۵෩௞ are now the discrete forms of ۴ and ۵. Writing Eq. (A I-10) in a compact 
form, we obtain the following matrices relationship:

Δܠ௞ାଵ = [Δܠ௞ Δߟ௞] ቈ
۴෨௞்

۵෩௞்
቉ (A I-11)

By replacing ۴෨௞ and ۵෩௞ with their estimates ۴෠࢑ and ۵෡࢑, we obtain:

Δܠො௞ାଵ = [Δܠ௞ Δߟ௞] ቈ
۴෠௞்

۵෡௞்
቉ (A I-12)

Considering the matrix of parameters દ෡௞ = ቈ
۴෠௞்

۵෡௞்
቉ and the vector of previous increments ܆௞ =

[Δܠ௞ Δߟ௞]், the state variation Δܠො௞ାଵ may be predicted as follows:
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Δܠො௞ାଵ = ௞்દ෡௞܆ (A I-13)

where દ෡௞ corresponds to the estimates of દ௞ and Δܠො௞ାଵ corresponds to the estimates of Δܠ௞ାଵ.
The vector of parameters દ෡௞ 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:

૓௞ = Δܠ௞ − Δܠො௞ (A I-14)

Then, the vector of parameters દ෡௞ may be updated numerically as follows (Haykin, 2013):

દ෡௞ = દ෡௞ିଵ +
௞ିଵۺ ௞܆

ߢ + ௞܆௞ିଵۺ௞்܆
૓௞ (A I-15)

where

௞ۺ =
1
ߢ
ቆۺ௞ିଵ −

௞ିଵۺ௞்܆௞܆௞ିଵۺ
ߢ + ௞܆௞ିଵۺ௞்܆

ቇ (A I-16)

where ۺ௞ is the covariance matrix, and ߢ is the forgetting factor. The two matrices ۴෠௞ and ۵෡௞
in દ෡௞ represent the local behavior of the aircraft dynamics.

A key feature of the RLS method lies in the fact that the estimation of ۴෠௞ and ۵෡௞ 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 ߢ, the matrix of covariance ۺ଴, 
and the matrix of parameter દ଴.
T

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 ઢ܃ of length ௖ܰ over an 
optimization window ௣ܰ, where ௖ܰ and ௣ܰ are also referred as the control horizon and the 
predicted horizon, respectively. Therefore, the control trajectory ઢ܃ consists of a vector of 
future control inputs at sample time ݇,݇ + 1, … , ݇ + ௖ܰ − 1, which is calculated using an 
optimization process. Thus, the vector ઢ܃ may be defined as follows (Wang, 2009).

ઢ܃ = ൣΔߟ௞ Δߟ௞ାଵ …Δߟ௞ାே೎ିଵ ൧
୘ (A I-17)

where Δߟ௞ is the calculated control input at a sample time ݇.
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The corresponding future state variables may be set as ܠ௞|௞, ,௞ାଵ|௞ܠ … , ,௞ା௠|௞ܠ … ,  ௞ାே೛|௞ ofܠ
length ௣ܰ. In that case, ܠ௞ା௠|௞ is the predicted state variable at a sample time ݇ + ݉ with 
given current system information ܠ௞. 
 
The future state variables ܠ௞ା௠ are calculated sequentially with respect to the future control 
parameters ઢ܃, using the local estimated state space model (۴෠௞,۵෡௞) at a sample time ݇, where 
۴෠௞ and  ۵෡௞ were obtained using the RLS estimation method explained in the previous section. 
The future state variables may be computed sequentially as follows (Wang, 2009): 
 
 

௞ାଵ|௞ܠ   = ۴෠௞ܠ௞ + ۵෡௞Δߟ௞ 
௞ାଶ|௞ܠ   = ۴෠௞ܠ௞ାଵ + ۵෡௞Δߟ௞ାଵ 
                  =  ۴෠௞

૛ܠ௞ + ۴෠௞۵෡௞Δߟ௞ +  ۵෡௞Δߟ௞ାଵ 
                   ⋮ 
௞ାே೛|௞ܠ = ۴෠௞

ே೛ܠ௞ + ۴෠௞
ே೛ିଵ۵෡௞Δߟ௞ 

                  + ۴෠௞
ே೛ିଶ۵෡௞Δߟ௞ାଵ + ⋯+ ۴෠௞

ே೛ିே೎۵෡௞Δߟ௞ାே೎ିଵ 

(A I-18) 

 
From the predicted state variables, the predicted output variables are obtained by introducing 
the output matrix,۱ = [0 0 1 0] corresponding to the pitch rate. 

௞ାଵ|௞ݕ   = ۱۴෠௞ܠ௞ + ۱۵෡௞Δߟ௞ 
௞ାଶ|௞ݕ   =  ۱۴෠௞

૛ܠ௞ + ۱۴෠௞۵෡௞Δߟ௞ +  ۱۵෡௞Δߟ௞ାଵ 
                   ⋮ 
௞ାே೛|௞ݕ = ۱۴෠௞

ே೛ܠ௞ + ۱۴෠௞
ே೛ିଵ۵෡௞Δߟ௞ 

                  + ۱۴෠௞
ே೛ିଶ۵෡௞Δߟ௞ାଵ + ⋯+ ۱۴෠௞

ே೛ିே೎۵෡௞Δߟ௞ାே೎ିଵ 

(A I-19) 

 
As we can see, all predicted variables are formulated in terms of current state variable 
information ܠ௞ and the future control trajectory Δߟ௞ା௜, where ݅ = 0, 1, … , ௖ܰ − 1 
Let’s define the vector of future outputs ܇ such as: 
 

܇ = ቂݕ௞|௞ ݕ௞ାଵ|௞  … ௞ାே೛|௞ቃݕ
୘
 (A I-20) 

 
Considering the vector of future control inputs defined in Eq. (A I-17), then Eq. (A I-19) can 
be written in the following matrix form: 
 

܇ = ௞ܠ۳ + ઴ઢ܃ (A I-21) 
where  
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۳ =

⎣
⎢
⎢
⎢
⎡ ۱۴

෠௞
۱۴෠௞

૛

⋮
۱۴෠௞

ேು⎦
⎥
⎥
⎥
⎤

;  ઴ =

⎣
⎢
⎢
⎢
⎢
⎡ ۱۵෡௞            ૙                 ૙ 

۱۴෠௞۵෡௞    
۱۴෠௞

ଶ۵෡௞    
    ۱۵෡௞              
  ۱۴෠௞۵෡௞            

૙
 ۱۵෡௞

⋯
૙
૙
૙

⋮ ⋱ ⋮
۱۴෠௞

ே೛ିଵ۵෡௞ ۱۴෠௞
ே೛ିଶ۵෡௞ ۱۴෠௞

ே೛ିଷ۵෡௞ ⋯ ۱۴෠௞
ே೛ିே೎۵෡௞⎦

⎥
⎥
⎥
⎥
⎤

 (A I-22) 

 

Optimal control solution 

For a given reference signal ݎ௞ at a sample time ݇ , within a prediction horizon ௣ܰ, the objective 
of the control system is to bring the predicted output as close as possible to the reference signal 
 ௞, where it is assumed that the reference signal remains constant in the optimization windowݎ
௣ܰ. In other terms, the objective consists of minimizing the squared error (ܛ܀ − ܛ܀)܂(܇ −  (܇

between the vector of reference signal ܛ܀ and the vector of future outputs ܇. This error may 
be minimized by acting on the control input vector ઢ܃. Therefore, the objective function may 
be translated into an optimization design to find the optimal control parameter ઢ܃ that 
minimizes the error between the reference signal and the output variable. Assuming that the 
vector that contains the reference signal ܛ܀ at a sample time ݇ is given as follows:  
 

ܛ܀ = [1 1 … 1]୘ݎ௞ =  ௞ (A I-23)ݎഥ࢙܀

 
where ܀ഥ࢙ = [1 1 … 1]୘ 
Then, the cost function ܬ that reflects the control objective stated above may be written such 
as: 
 

ܬ = ܛ܀) − ܛ܀)܂(܇ − (܇ + ઢ܀܂܃ഥઢ܃ (A I-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 ઢ܃ when the objective function ܬ is made to be as small as possible. ܀ഥ is a 
diagonal matrix in the form that :  
 

ഥ܀ =  (A I-25) ܋ۼ×܋ۼఠ۷ݎ
 
where ݎఠ ≥ 0 is used as a tuning parameter for obtaining the desired closed-loop performance. 
In the case where ݎఠ = 0 , the cost function ܬ does not take into account the size of the control 
input ઢ܃. In the case where ݎఠ ≫ 1, i.e. large, the cost function depends on the size of ઢ܃ in 
order to reduce the error (ܛ܀ − ܛ܀)܂(܇ −  .(܇
 
To find the optimal ઢ܃ that minimizes the cost function ܬ, Eq. (A I-21) is substituted into Eq. 
(A I-24). Then, the cost function ܬ may be expressed as follows: 
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ܬ = ܛ܀) − ܛ܀)܂(௞ܠ۳ − (௞ܠ۳ − ૛ઢ܂܃઴ܛ܀)܂ − (௞ܠ۳ + ઢ܂܃(઴܂઴ +  (A I-26) ܃ഥ)ઢ܀

 
Minimizing Eq. (A I-26) consist in finding a vector ઢ܃ that satisfies the following Eq. (A I-
27). 

ܬ߲
߲ઢ܃

= 0 (A I-27) 

 
Therefore, the optimal solution for the control signal obtained from Eq. (A I-27) is the 
following:  
 

ઢ܃ = (઴܂઴ + ܛ܀)܂ഥ)ି૚઴܀ −  ௞) (A I-28)ܠ۳
 
with the assumption that the inversed matrix (઴܂઴ +  ഥ)ି૚ exists. The inversed matrix܀
(઴܂઴ +  ,ഥ)ି૚ is also called the “Hessian”. Taking into account the changes in Eq. (A I-23)܀
the optimal solution ઢ܃ may be expressed in terms of the reference signal ݎ௞ and state variable 
  :௞ as followsܠ
 

ઢ܃ = (઴܂઴ + ௞ݎഥ࢙܀)܂ഥ)ି૚઴܀ −  ௞) (A I-29)ܠ۳

 
Constrained Nonlinear Optimization  
 
Finding ઢ܃ in Eq. (A I-29) analytically may be a complex task. However, numerical methods 
may be used in order to find a vector ઢ܃ that minimizes the cost function ܬ in Eq. (A I-26). 
These methods consist of constrained nonlinear optimization as the Sequential Quadratic 
Programming algorithm (SQP) (Bonnans, Gilbert, Lemaréchal, & Sagastizábal, 2006), 
available in MATLAB, which aims to find an optimal vector ઢ܃ that minimizes a given cost 
function ܬ with given constraints.  
 
Cost function 
 
From Eq.(A I-26), let’s define the following notations:  
 

܎  = −2઴܀)܂ഥ࢙ݎ௞ −  (௞ܠ۳
۶ = 2(઴܂઴ +  ഥ) (A I-30)܀

 
Therefore, minimizing Eq.(A I-26), consists of finding a vector ઢ܃ that satisfies the following 
equation in partial derivatives with respect to ઢ܃ 
 

ܬ߲
߲ઢ܃

= ܎ + ۶ઢ܃ = 0 (A I-31) 
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whose analytical solution may be stated as follows:  
 

ઢ܃ = −۶ି૚܎ (A I-32) 

 
Finding the minimum of the cost function in Eq. (A I-26) is equivalent to finding the minimum 
of the following quadratic cost function with respect to ઢ܃ : 

ܬ ≈
1
2
ઢ۶܂܃ઢ܃ +  (A I-33) ܃ઢ܂܎

 
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 ઢ܃. In fact, the 
tracking of the reference signal is fulfilled by respecting the equality constraint, which is 
defined as follows: 
 

௞ାଶݕ − ௞ݎ = 0 (A I-34) 
 
In our case, the equality constraint is imposed on the future output ݕ௞ାଶ , which is the predicted 
pitch rate at a sample time ݇ + 2. In fact, after testing different objective functions on ݕ௞ାଵand 
 ௞ାଶ guaranteed the bestݕ ௞ାଷ, the results have shown that imposing an equality constraint onݕ
results for the closed-loop performance of the controller. 
 
In the case of the SQP algorithm, the equality constraint is imposed on the vector ઢ܃. Let’s 
transform Eq. (A I-34) in the way that ઢ܃ is explicitly expressed as follows: 
 

܃ઢܙ܍ۯ =  (A I-35) ܙ܍܊
 
where ܙ܍ۯ and ܙ܍܊ are matrices to be determined. From Eq. (A I-19), we can see that: 
 

௞ାଶ|௞ݕ = ۱۴෠௞
૛ܠ௞ + ۱۴෠௞۵෡௞Δߟ௞ +  ۱۵෡௞Δߟ௞ାଵ (A I-36) 

 
It may be rewritten in the following form by introducing ઢ܃ given by Eq. (A I-17) 
 

௞ାଶ|௞ݕ = ۱۴෠௞
૛ܠ௞ + [۱۴෠௞۵෡௞ ۱۵෡௞ ૙ … ૙]ઢ܃ (A I-37) 

 
Therefore, by replacing Eq. (A I-37) in Eq. (A I-34) :  
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۱۴෠௞
૛ܠ௞ + [۱۴෠௞۵෡௞ ۱۵෡௞ ૙ … ૙]ઢ܃ − ௞ݎ = 0

or
[۱۴෠௞۵෡௞ ۱۵෡௞ ૙ … ૙]ઢ܃ = ௞ݎ − ۱۴෠௞

૛ܠ௞

(A I-38)

From Eq. (A I-35) and by identification in Eq. (A I-38), ܙ܍ۯ and ܙ܍܊ are obtained as follows:

ܙ܍ۯ = [۱۴෠௞۵෡௞ ۱۵෡௞ ૙ … ૙]

ܙ܍܊ = ௞ݎ − ۱۴෠௞
૛ܠ௞

(A I-39)

Adaptive Neural Network Controller

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. 

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 ߥ௔ௗ 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 I-2b, a SHL 
feedforward neural network is composed of a vector of input layer ܠത of size ݉ × 1, one output 
layer ̂ߥ௔ௗ of size ݊ × 1 and one hidden layer of size ܰ × 1. ݉,݊ and ܰ are the number of 
inputs, outputs and neurons in the hidden layer, respectively. The input layer ܠത and the hidden 
layer are then weighted with the weight matrices ܄ of size ݉ × ܰ and ܅ of size ܰ × ݊, 
respectively. The hidden layer is composed of neurons, whose activation function is set to 
tangent sigmoid described by the following expression: 

(ݖ)௜ߪ =
1

1 + exp(−ݖ) (A I-40)

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:

௔ௗ(೙×భ)ߥ̂ = (ே×௡)܅
் ࣌(ே×ே)൫܄(௠×ே)

் ത(௠×ଵ)൯ܠ (A I-41)

where the weights ܄ and ܅ were updated online using the following adaptation laws given in 
Eq. (A I-42), which were obtained from the backpropagation principle, as show in detail in 
(Johnson & Calise, 2003 ; Stevens et al., 2015) :

܅̇ = −[(ો − ો′ܠ்܄ത)்݁ + ડ[܅‖݁‖ߣ
܄̇ = −ડ[ܠത்்݁܅ો′ + [܄‖݁‖ߣ

(A I-42)

where ݁ is the error between the refence signal and the pitch rate, ડ is the learning rate, ો′ is 
the derivative of ો, ߣ 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 ̂ߥ௔ௗ is amplified with a gain ܭேே, which gives more relevance 
to the adaptation signal. Therefore, the adaptive signal may be set as follows:

௔ௗߥ = ௔ௗߥேே̂ܭ = (തܠ்܄)ߪ்܅ேேܭ (A I-43)

Control Law 

The optimal control signal Δߟ௢௣௧ from the MPC controller consists of the first element of the 
vector ઢ܃ in Eq. (A I-17). Therefore, at a given sample time ݇,

Δߟ௢௣௧ = Δߟ௞ (A I-44)

Adding the adaptive control signal from the neural network in Eq. (A I-43), the overall 
command signal to the elevators Δߜ௘೎೘೏ may be summed as follows:
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Δߜ௘೎೘೏ = Δߟ௢௣௧ + ௔ௗߥ (A I-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 ߦ and natural frequency ߱௡ (Nelson, 1998) are given, and the following 
filter is applied on the reference signal as shown in Figure A I-1.

௥௘௙ݍ
௖௠ௗݍ

=
߱௡
ଶ

ଶݏ + ݏ௡߱ߦ2 + ߱௡
ଶ (A I-46)

where ݏ is the Laplace operator.

I.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 ݍ with 
values between ±1°/sec for a period of 5 seconds, as shown in Figure A I-3.

Table A I-1 Design Parameters for the Controller
Controller Element Parameters Value
MPC Controller ௖ܰ, ௣ܰ, ݎఠ 3, 5, 300
RLS online 
estimation ଴, ۴෠଴, ۵෡଴ۺ ,ߢ 0.85, 10଻۷૞,ହ, ۷ସ,ସ, −૙.૚ସ,ଵ

NN Controller ேே, learning rate ડܭ
number of layers

number of neurons

10, 1.2
1

30
Reference Model ௡߱,ߦ 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 33,000lb 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 ۴෠ and ۵෡ given by the RLS 
method are shown in Figure A I-4. It is seen that the values of ۴෠ and ۵෡ matrices are converging 
to stable signals, which means that the state estimation is fulfilled correctly using the RLS 
algorithm.  
 

 

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 lb. 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 ࣓࢘

The first challenge consisted of tuning of the parameter ݎఠ given in Eq. (A I-25). For this 
purpose, the control algorithm was tested on the 63 flight conditions with different value of ݎఠ, 
and fixed values of ௖ܰ and ௣ܰ 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 ݎఠ 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 ݎఠ increases, the number of iterations decreases while the number of 
function count increases. However, the overall SSE reaches a stable value when ݎఠ is greater 
than 100. Therefore, ݎఠ was set at 300 for the rest of the simulations, for which the optimization 
time was optimal.

Figure A I-5 Selection of the parameter ݎఠ
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Figure A I-6 shows the pitch rate ݍ response for 63 flight conditions for 3 different values of 
 .ఠ results in a better closed-loop performanceݎ ఠ. As we can see, a higherݎ
 

 ࣓࢘ = ૚૙ ࣓࢘ = ૠ૙ ࣓࢘ = ૜૙૙  

Figure A I-6 Comparison of 3 values of ݎఠ for 63 flight conditions 

 
Selection of control the horizon ࢉࡺ and predicted horizon ࢖ࡺ 
 
The next step consisted of selecting the control horizon ௖ܰ and the predicted horizon ௣ܰ. As 
seen on Figure A I-7, higher values of ௖ܰ and ௣ܰ result in poorer closed-loop performance. In 
fact, if the optimization window ௣ܰ is too large, the estimated local dynamics (۴෠௞ ,۵෡௞) from 
the RLS algorithm may not be representative of the dynamics for a large optimization window 
௣ܰ and oscillations may occur. On the other hand, smaller values of ௖ܰ and ௣ܰ guarantee that 

the optimization is fulfilled locally at a given set-point with given local dynamics ۴෠௞,۵෡௞. 
 
ࢉࡺ  = ૜ 

࢖ࡺ = ૞ 
ࢉࡺ = ૚૙ 
࢖ࡺ = ૛૙ 

 

 

Figure A I-7 Comparison of 2 different combinations of ௖ܰ and ௣ܰ for 63 flight 
conditions 
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Selection of Learning Rate ડ 
 

The final step consists of choosing the learning rate Γ for the neural network controller, in 
order to update the neural network weights in Eq. (A I-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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 ડ = ૙.૚ ડ = ૚.૛ ડ = ૛  

 
Figure A I-8 Pitch Rate Response for 3 different Learning Rates Γ 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.  
 

 

. 
Figure A I-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 I-10 shows that the MPC 
controller combined with a NN (in red) gives the best closed-loop performance, with 
practically a 0-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 I-9, the MPC- NN 
(in red) is gives the additional deflection which compensates for the steady-state error. 
 

 

Figure A I-10 Zoom on Figure A I-9. Steady state error 

 
I.5 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 
is 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 ݎఠ , ௣ܰ and 
௖ܰ. 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 ܭேே, 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 ݍ for 63 flight conditions. Therefore, the proposed MPC-
NN controller is better than gain scheduling, which requires extensive tuning for only one 
flight condition. 
 
I.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 contrôleur de tangage robuste à 
l'aide d'une architecture de contrôle C* et de mettre en œuvre des méthodes adaptatives pour 
le contrôle longitudinal de l'avion d'affaires Cessna Citation X. Tout d'abord, la conception de 
la boucle interne vise à contrôler la vitesse de tangage et le facteur de charge, également appelé 
paramètre C*. Un contrôleur proportionnel-intégral-dérivé (PID) est associé à un contrôleur 
adaptatif à réseau de neurones. Les gains du PID restent constants pour toutes les conditions 
de vol, tandis que les hyperparamètres du réseau de neurones sont mis à jour en ligne. Un signal 
de référence est imposé à la commande C* afin de répondre aux exigences de qualité de 
maniabilité pour les modes longitudinaux. Deuxièmement, un contrôleur de tangage adaptatif 
est proposé à l'aide d'un deuxième réseau de neurones. L'algorithme de contrôle global est 
conçu pour le contrôle en pallier et testé pour 63 conditions de croisière dans l'enveloppe de 
vol du Cessna Citation X. Sa robustesse est testée par rapport à des incertitudes, notamment 
des rafales de vent, des cisaillements de vent et le modèle de turbulence de Dryden avec 
différentes intensités. Les résultats montrent que l'algorithme de contrôle proposé est 
parfaitement capable de contrôler l'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 ܪஶ 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.  
 
II.2  Aircraft Model and Simulation Platform 

 
II.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. 
 
II.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 ̇ܠ and an output 
equation ݕ. 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):  
 

ܠ̇ = φ(ߟ,ܠ) 
ݕ = ℎ(ܠ) (A II-1) 

 
where ܠ = ݑ] ݓ ݍ ߠ ݊௭]் is the state vector, composed of the linear speed ݑ, the 
vertical speed ݓ, the pitch rate ݍ, the pitch angle ߠ and the normal load factor ݊௭, respectively, 
ߟ =  ௘ is the command input on the elevators, φ is a function that describes the nonlinearߜ
dynamics of the aircraft, ݕ is the output of the model to be controlled, and ℎ is a nonlinear 
function describing the relationship between the output ݕ, and the state vector ܠ. 
 
II.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 ݍ  and 
the normal load factor ݊௭ as follows (Tischler, 1996):  
 

∗ܥ = ௭݊߂ +  (A II-2) ݍ߂ߚ
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were Δn୸ is the load factor variation defined as Δ݊௭ = 1 − ݊௭, ݍ is the pitch rate, and ߚ = ௏೎
௚బ

, 
where ௖ܸ is the crossover airspeed. For most commercial aircraft,  ܸ ௖ = 400 ft/s, therefore ߚ =
12.4 . As a result, 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).

II.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.

II.3 Pitch controller design methodology

II.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 ߠ, which follows a desired pitch reference model 
 ௥௘௙. The design of the pitch reference model is described later and includes a ramp modelingߠ
that allows to limit the pitch rate ݍ.

Figure A II-1 Model architecture for pitch control.

II.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 II-2), 
the C* parameter is a combination of the load factor Δ݊௭ and the pitch rate variation Δݍ. 
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 ܥ௖௠ௗ

∗ , which is generated 
by the pitch controller in the outer loop. The command signal ܥ௖௠ௗ

∗  is then filtered through a 
reference model filter to generate a reference signal ܥ௥௘௙∗ . The error ݁஼∗ on the C* parameter is 
then calculated and controlled by a PID controller, whose gains remain constant for all flight 
conditions. An adaptive signal ߥఋ೐  generated by a first neural network NNଵ is added to the 
baseline PID controller in order to output the command signal ߜ௘ on the elevator to the 
actuators. 
 
The pitch rate Δݍ and the load factor Δ݊௭ 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 ߠ. 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 (Saussié 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: 
 

∗௥௘௙ܥ

௖௠ௗܥ
∗ =

߱௡
ଶ

ଶݏ + ݏ௡߱ߞ2 + ߱௡
ଶ (A II-3) 

where ߞ is the damping, ߱௡ is the natural frequency, and ݏ 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 ݁஼∗ 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:  
 

ଵߥ = ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁஼∗   (A II-4) 

where ܭ௉, ܭூand ܭ஽ are the proportional, integral, and derivative gains respectively. 
 
The Washout filter 

The washout filter ܹ(ݏ) is a high-pass filter that rejects signals below the cutoff frequency. It 
consists of a first-order transfer function defined as follows: 
 

(ݏ)ܹ  =
ݏ + ܽ
߬ௐݏ + ܾ

 (A II-5) 

 
where ܽ and ܾ are two design parameters, ߬ௐ 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:  
 

(ݏ)ܰ =
ܭ

߬ேݏ + 1
 (A II-6) 

where ܭ is a constant gain, and ߬ே is the time constant. 
 
II.3.3 Nonlinear Dynamic Inversion Controller 

The dynamic inversion controller consists of generating a command signal ߟ 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 ߟ of the aircraft longitudinal flight dynamics as follows:  
 

ܠ̇ = φ(ܠ, (ߟ = (ܠ)܎ +  ߟ(ܠ)܏
ݕ = ߠ =  ܠ۱

(A II-7.a) 
(A II-7.b) 

 
where ܠ is the state vector, and ̇ܠ are their variations. In addition, ܎ and ܏ are nonlinear 
functions that represent the aircraft longitudinal model, ݕ is the output, corresponding to the 
pitch angle ߠ. The matrix ۱ corresponds to the observation matrix and is equal to ۱ =
 [0 0 0 1 0]. 
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As mentioned above, the dynamic inversion consists in inverting the dynamics in order to 
express the control input ߟ as a function of the states ܠ and their variations ̇ܠ as follows:  
 

ߟ = ૎ିଵ(̇ܠ,ܠ) (A II-8) 
 
Let’s apply the first order Taylor series expansion on the state variations in Eq. (A II-7.1). The 
expansion is fulfilled around an initial set point (ܠ૙,   :଴) and can be written asߟ
 

૎(ߟ,ܠ) = ૎(ܠ૙, (଴ߟ + ૎ܠ
ᇱ ܠ)૙,ఎబܠ(ߟ,ܠ) − (૙ܠ + ૎ᇱ

ఎ(ܠ, ߟ)૙,ఎబܠ(ߟ −  ଴) (A II-9)ߟ

 
where ૎(ܠ૙, ,૙ܠ) at (ߟ,ܠ)଴) is the value of ૎ߟ ܠ଴), ૎ߟ

ᇱ ,ܠ) ૙,ఎబ and ૎ᇱܠ(ߟ
ఎ(ܠ,  ૙,ఎబ are theܠ(ߟ

partial derivatives of ૎(ߟ,ܠ) with respect to the states ܠ, and to the input ߟ, respectively. 
 
The value of ૎ at initial set point (ܠ૙, ܠ଴) and the partial derivatives ૎ߟ

ᇱ  and ૎ఎ
ᇱ  in Eq. (A I-4) 

can be expressed as follows: 

૎(ܠ૙, (଴ߟ = (૙ܠ)܎ +  ߟ(૙ܠ)܏

૎ܠ
ᇱ (ߟ,ܠ) =

(ܠ)܎߲
ܠ߲

+
(ܠ)܏߲
ܠ߲

 ߟ

૎ఎ
ᇱ (ߟ,ܠ) =

(ܠ)܎߲
ߟ߲

+
[ߟ(ܠ)܏]߲

ߟ߲
=  (ܠ)܏

 
(A II-10.a) 
(A II-56.b) 

 
(A II-56.c) 

Thus, rewriting the states and input in terms of their variations Δܠ = ܠ) − ߟ૙)  and Δܠ =
ߟ) −  .଴), and replacing all terms obtained in Eqߟ
(A II-10) in Eq.(A I-4), we obtain Eq.(A II-11): 
 

૎(ߟ,ܠ) = (૙ܠ)܎ + ߟ(૙ܠ)܏ + ቆ
(ܠ)܎߲
ܠ߲

+
(ܠ)܏߲
ܠ߲

ቇߟ
૙,ఎబܠ

ઢܠ +  (A II-11) ߟ૙,ఎబΔܠ(ܠ)܏

 
Let’s rewrite the time derivative of the state vector ܠ in Eq. (A II-7) around an initial condition 
,଴ܠ)  : (଴ߟ

ܠ̇ = ૎(ߟ,ܠ) = ૙ܠ̇ + ઢ̇ܠ (A II-12) 

 
As ૎(ߟ,ܠ) is given by both Eq. (A II-11) and Eq. (A II-12), and ̇ܠ૙ = (૙ܠ)܎ +  then ,ߟ(૙ܠ)܏
the variation of the state’s derivative Δ̇ܠ can be expressed as follows: 
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Δ̇ܠ = ቆ
(ܠ)܎߲
ܠ߲

+
(ܠ)܏߲
ܠ߲

ቇߟ
૙,ఎబܠ

Δܠ +  (A II-13) ߟ૙,ఎబΔܠ(ܠ)܏

 
Considering the following notations: 
 

૙,ఎబܠ۴ = ቆ
(ܠ)܎߲
ܠ߲

+
(ܠ)܏߲
ܠ߲

ቇߟ
૙,ఎబܠ

; ૙,ఎబܠ۵  =  ૙,ఎబ (A II-14)ܠ(ܠ)܏

 
Eq. (A II-13) can be rewritten in the following compact form: 
 

Δ̇ܠ = ܠ૙,ఎబઢܠ۴ +  (A II-15) ߟ૙,ఎబΔܠ۵
 
Recalling from Eq. (A I-2), the variation of the derivative of the output equation may be 
expressed as follows: 
 

Δ̇ݕ = ۱ઢ̇ܠ (A II-16) 
 
Replacing ઢ̇ܠ given by Eq. (A II-15) in Eq.(A II-16), we obtain: 
 

Δ̇ݕ = ܠ૙,ఎబઢܠ۱۴ +  (A II-17) ߟ૙,ఎబΔܠ۱۵

 
By inverting Eq. (A II-17), we can express the input variation at a given initial condition 
,૙ܠ)   :଴) as followsߟ
 

Δߟ = ൫۱۵ܠ૙,ఎబ൯
ି૚

( Δ̇ݕ −  (A II-18) (ܠ૙,ఎబઢܠ۱۴

 
The control problem consists of following a reference signal ݎ. Therefore, the tracking error 
݁ఏ may be defined as the difference between the reference signal ݎ, and the output signal ݕ, 
such as: 
 

݁ఏ = ݎ −  ݕ
⇒  ݁̇ఏ = ݎ̇ −  (A II-19) ݕ̇

 
Considering ̇ݕ ≈ Δ̇ݕ for a small sample time, i.e. the local output derivative is equal to its 
variation, and recalling from Eq. (A II-19) that ̇ݕ = ݎ̇ − ݁̇, then the variation of the control 
input Δߟ can then be expressed as follows: 
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Δߟ = ൫۱۵ܠ૙,ఎబ൯
ି૚

ݎ̇ ) + ଶߥ −  (A II-20) (ܠ૙,ఎబઢܠ۱۴

 
where ߥଶ is an auxiliary input chosen such as the error derivative satisfies the following 
dynamics: 
 

݁̇ఏ =  ଶ (A II-21)ߥ−
 
The last equation indicates that the error dynamics can be stabilized by choosing an appropriate 
linear expression for the auxiliary input ߥଶ.  
 
II.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 ߥଶ 
from the PID can be written in the Laplace form as follows:  
 

ଶߥ = ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁ఏ  (A II-22) 

where ܭ௉, ܭூ, and ܭ஽ are the proportional, integral and derivative gains, respectively. 

 

II.3.5 Online Parameter Estimation 

Finding the analytical expressions of ۴ܠ૙,ఎబ and ۵ܠ૙,ఎబ  given in Eq. (A II-14) may be a complex 
task because it involves deriving unknown nonlinear functions. ۴ܠ૙,ఎబ 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 ∆ܠ and the control 
input increments Δߟ. 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: 
 

Δݕ௞ାଵ = ۱۴෨௞ઢܠ௞ + ۱۵෩௞Δߟ௞ (A II-23) 
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which can also be rewritten in a more compact matrix form as follows: 
 

Δݕ௞ାଵ = ۱[Δܠ௞ Δߟ௞] ቈ
۴෨௞்

۵෩௞்
቉ (A II-24) 

 
In this case, Δݕ௞ାଵ corresponds to the increment of the output variation, and is a function of 
the current states’ variation Δܠ௞ and control input Δߟ௞. The objective consists of replacing ۴෨௞ 
and ۵෩௞ by their estimates ۴෠௞and ۵෡௞. Therefore, Eq. (A II-24) becomes: 
 

Δݕො௞ାଵ = ۱[Δܠ௞ Δߟ௞] ቈ
۴෠௞்

۵෡௞்
቉ (A II-25) 

 

Considering the matrix of parameters દ෡௞ = ቈ
۴෠௞்

۵෡௞்
቉ and the state-input vector of previous 

increments ܆௞ = [Δܠ௞ Δߟ௞]், the output variation Δݕො௞ାଵ can be predicted as follows: 
 

Δݕො௞ାଵ =  ௞்દ෡௞ (A II-26)܆۱

 
where દ෡௞ corresponds to the estimates of દ௞, Δݕො௞ାଵ corresponds to the estimates of Δݕ௞ାଵ, 
and the output matrix ۱ = [0 0 0 1 0] is defined so that the estimated output Δݕො corresponds 
to the estimated pitch angle Δߠ෠.  
 
The vector of parameters દ෡  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: 
 

૓௞ = Δܠ௞ − Δܠො௞ (A II-27) 
 
Then, the vector of parameters દ෡௞ can be updated numerically (Haykin, 2013 ; Heyer et al., 
2020): 
 

દ෡௞ = દ෡௞ିଵ +
௞܆ ௞ିଵۺ

ߢ + ௞܆௞ିଵۺ௞்܆
૓௞ (A II-28) 

where  

௞ۺ =
1
ߢ
ቆۺ௞ିଵ −

௞ିଵۺ௞்܆௞܆௞ିଵۺ
ߢ + ௞܆௞ିଵۺ௞்܆

ቇ (A II-29) 

and where ۺ௞ is the covariance matrix, and ߢ is the forgetting factor. The two matrices ۴෠௞ and 
۵෡௞ in દ෡௞ represent the local longitudinal dynamics model of the aircraft. The RLS parameters 
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to be initialized are the forgetting factor ߢ, the matrix of covariance ۺ଴, and the matrix of 
parameter દ଴. 
 
II.3.6 Pitch Adaptive Neural Network Controller ۼۼ૛  

The proposed controller uses two independent adaptive neural networks. As shown in Figure 
A II-1, the first neural network controller NNଵ in the inner-loop gives an adaptive command 
on the elevator ߥఋ೐ , while the second neural network controller NNଶ is used in the outer-loop 
and provides the adaptive command signals ߥఏ  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: 
 

Δݕ௞ାଵ = Δݕො௞ାଵ +   ߝ
⇒  Δݕො௞ାଵ = Δݕ௞ାଵ −  (A II-30) ߝ

where Δݕො௞ାଵ is the predicted output, and ߝ is the modelling error. 
 
Recalling from Eq. (A II-25), and considering Eq. (A II-30), the control increment Δߟ௞ at a 
given time ݐ௞ can therefore be expressed as follows: 
 

Δߟ௞ = ൫۱۵෡௞൯
ି૚

[Δݕ௞ାଵ − ۱۴෠௞Δܠ −  (A II-31)  [ߝ

 
Considering the changes in Eq. (A II-19) and (A II-21), the control increment Δߟ௞ in Eq. (A 
II-31) becomes: 
 

Δߟ௞ = ൫۱۵෡௞൯
ି૚

ݎ̇] + ଶݒ − ۱۴෠௞Δܠ−] (A II-32) 

 
In Eq. (A II-32), the two terms ۱۵෡௞ and ۱۴෠௞Δܠ௞ reflect the local dynamics of the aircraft. 
Furthermore, it is obvious that they include estimation errors ߝ, 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 ۵෡௞ and ۴෠௞, an adaptive term ߥఏ is suggested to be added 
into the control law, such that:  
 

ߝ =  ఏ (A II-33)ߥ

 
In this study, a feedforward neural network was used as an adaptive element to learn the 
adaptive term ߥఏ and compensate for the uncertainties of ۵෡௞ and ۴෠௞, while ensuring a zero-
tracking error on the pitch angle ߠ. 
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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 [ݔଵ ଶݔ  ,[௡ݔ…
which are multiplied by a weight matrix [ݓଵ ଶݓ  ௡]. The resulting products are thenݓ…
summed, and fed into an activation function ߪ, which produces a scalar output value ݕ. 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 ߪ, and the values of 
the weights ܅ and ܄. 

(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):

௔ௗ(೙×భ)ߥ̂ = (ே×௡)܅
் (ே×ே)ߪ ቀ܄(௠×ே)

் ത૛(௠×ଵ)ቁܠ (A II-34)

where ܅ and ܄ are the weight matrices associated with the hidden and input layers, 
respectively, ߪ is the activation function, and ܠതଶ is the vector of inputs of the network, defined 
such as ܠതଶ = ௘ߜൣ ߠ ௥௘௙൧ߠ

்
. The sizes of the weight matrices ܅ and ܄ are ܰ × ݊ and ݉ × ܰ, 
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respectively, where ݉ is the number of network inputs (i.e., 3), ݊ is the number of network 
outputs, and ܰ 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): 
 

(ݖ)௜ߪ =
1

1 + exp(−ݖ) 
 (A II-35) 

 
where ݅ 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:  
 

܅̇ = −[(ો − ોᇱܠ்܄ത)݁ఏ் +  ડ૛[܅‖ఏ݁‖ߣ
܄̇ = −ડଶ[ܠത݁ఏ்்܅ો′ +  [܄‖ఏ݁‖ߣ

(A II-36) 

 
where ̇܅ and ̇܄ are the updates of the weight matrices, ડ૛ is a diagonal matrices of learning 
rates, ો′ is the gradient of ો, ߣ 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 ݁ఏ is the 
tracking error.  
 
The signal from the neural network is then amplified with a fixed gain ܭேேഇ, which allows us 
to control the effect of the adaptive term. Therefore, by use of Eq. (A II-33) and Eq. (A I-41), 
the adaptation signal ߥఏ in Figure A II-2 may be expressed as follow: 
 

௔ௗߥ = ௔ௗߥேேഇ̂ܭ = ܅ேேഇܭ
(തଶܠ்܄)ߪ் =  ఏ (A II-37)ߥ

 
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 ડ૛. 
 
II.3.7 C* Adaptive Neural Network Controller ۼۼ૚ 

The adaptive neural network controller NNଵ in the inner loop has the same structure as the 
adaptive neural network controller for the pitch control NNଶ. 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:  
 

ఋ೐ߥ = ௔ௗߥேேഃ೐̂ܭ = ேேഃ೐ܭ
 (A II-38) (തଵܠ்܄)ߪ்܅
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In this case, the inputs of the neural network ܠതଵ = ௘ߜൣ ∗ܥ ௥௘௙൧∗ܥ
்

is composed of the 
deflection of the elevator, the ܥ∗ parameter, and its reference value ܥ∗௥௘௙. ܅ and ܄ are the 
weight matrices and have different values than the ones from NNଶ.

As an analogy to the neural network on the pitch control NNଶ, the neural network for the ܥ∗
parameter requires the tuning of the learning rate ડ૚, 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.

II.3.8 Control laws

As shown in Figure A II-3, the control law on the elevator command Δߜ௘ can be summarized 
as follows: 

Δߜ௘ ௖௠ௗ = ଵߥ + ఋ೐ߥ = ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁஼∗ + ܅ேேഃ೐ܭ
(തଵܠ்܄)ߪ் (A II-39)

were ߥଵ and ߥఋ೐ are determined from Eq. (A II-4) and (A II-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:

௖௠ௗܥ
∗ = ൫۱۵෡௞൯

ି૚
ݎ̇] + ൬ܭ௉ +

ூܭ
ݏ

+ ൰ݏ஽ܭ ݁ఏ − ۱۴෠௞Δܠ + ܅ேேഇܭ
[(തଶܠ்܄)ߪ் (A II-40)

II.3.9 Handling Qualities Requirements and Reference model

Figure A II-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 ߠ௧௥௜௠ in cruise. 
The value of ߠ௧௥௜௠ is different for each flight condition across the flight envelope. The pitch 
reference model also considers the pitch target value ߠ௧௔௥௚௘௧, and the desired pitch rate ߠ௥௔௠௣. 

The simulation must start from the trimmed value of the pitch angle ߠ௧௥௜௠, 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 ߠ௧௥௜௠ and the target pitch angle ߠ௧௔௥௚௘௧ is given as a ramp signal ߠ௥௔௠௣
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 ߠ௧௥௜௠ 
and ߠ௧௔௥௚௘௧. The ramp is positive (increases) when ߠ௧௔௥௚௘௧ − ௧௥௜௠ߠ > 0, and negative 
(decreases) when ߠ௧௔௥௚௘௧ − ௧௥௜௠ߠ < 0. The resulting output is the pitch command signal ߠ௖௠ௗ. 
 
A first order filter is added in order to smooth the transition between the trim pitch angle ߠ௧௥௜௠, 
its ramp value ߠ௥௔௠௣, and the target value ߠ௧௔௥௚௘௧. This filter allows to avoid abrupt changes 
in the command signal. The first order transfer function can be written as follows: 
 

௥௘௙ߠ
௖௠ௗߠ

=
߱௖

ݏ + ߱௖
 (A II-41) 

 
where ߱௖ is the cut-off frequency and may be tuned by the designer. 
 
The resulting output of the filter is the pitch reference ߠ௥௘௙ , 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 ߠ௥௘௙. 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 ߠ௧௔௥௚௘௧ depends on the flight conditions, since the initial pitch trim angle ߠ௧௥௜௠ is 
different for each condition. 

 
II.4  Model Simulation and Validation 

This section presents the simulation results for the proposed controller configuration shown in 
Figure A II-1.  

 
II.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, 
Eq.(A II-3) ߱௡,  rad/s, 0.5 1 ߦ

PID controller, Eq.(A 
II-4) ܭ௣ ,ܭ௜,ܭௗ -15, -2, -1 

 ૚ controller Learning rateۼۼ
Γଵ,ܭேேഃ೐

 
Number of layers 

Number of neurons 

0.5, 30 
1 

30 

Pitch rate gain ܭ௤ 12.4 
Noise filter, Eq. (A II-6) ܭ, ߬ே 0.125, 0.125 sec 
Washout filter, Eq. (A 
II-5) ܽ, ܾ, ߬ௐ 1.6, 6.7, 1.6 sec 

Outer loop controller 
Controller element Parameter Value 
First order filter, Eq. 
(A II-41) ߱௖ 2 rad/s 

PID controller, Eq.(A 
II-22) ܭ௉ ,ܭூ  ஽ -1.5, -3 , -1.05ܭ,

 , ૛ controller Learning rate Γଶۼۼ
 ௘ܭ ,ேேഇܭ

Number of layers 
Number of neurons 

1.2, 1.5, 0.1 
1 

30 

RLS Dynamic 
Inversion controller, 
Eq.(A II-28), Eq.(A II-
29) 

 ଴, ۴෠଴, ۵෡଴ۺ ,ߢ

1.015, 10଻۷૞,ହ, ۷ସ,ସ, −૙.૚ସ,ଵ 

 
The tuning of each control element follows an iterative process, for which the objective 
consists of reducing the tracking error ݁ఏ. 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.  
 
II.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 ߠ௥௘௙ 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 ݍ was validated for this flight condition validation test as it 
kept the value of the pitch rate ݍ at the desired value of the ramp signal ߠ௥௔௠௣. The simulation 
was performed for an environment characterized by ideal conditions, i.e., without wind nor 
turbulence.  



239 

 
 

 
 

Figure A II-4 State responses on model validation for one flight 
condition at 35,000 ft and 290 knots 

 
It can be observed in Figure A II-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 ݍ 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 ݍ and the normal load factor Δ݊௭ reach zero, which is the expected 
performance. As we can see, the load factor Δ݊௭ also stabilizes at a constant value during the 
transition between pitch angles. Also, the elevator deflections ߜ௘ 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 NNଵ and NNଶ, and the estimated matrices 
۴෠୩ and ۵෡୩ 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 ۴෠୩ and ۵෡୩ 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 ۴෠୩ and ۵෡୩. This fact demonstrates the ability 
of the controller to adapt to any given pitch reference value. 
 

 

 
 

Figure A II-5 Neural Networks hyperparameters and estimated state and 
control matrices for one simulation at 35,000 ft and 290 knots 

 
II.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 ߠ௥௘௙ of 10° is set, starting from a pitch 
trim angle ߠ௧௥௜௠ = 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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(a) Pitch response (b) Elevator response  

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 ߠ௥௘௙. 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 ߠ௥௘௙ with high accuracy. 

 
II.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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(a) Pitch responses (b) Elevator responses 

Figure A II-7 Pitch and elevator responses to a step command signal for all flight 
conditions 

 
II.4.5 Validation for ideal conditions over the flight envelope 

In Figure A II-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 ߠ under ideal conditions are obtained because the model reaches the 
reference value at the desired rate. 
 

 

 
Figure A II-8 Validation for ideal conditions over the flight envelope 
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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 
௧௔௥௚௘௧ߠ = 4° in Figure A II-8, we can see that the controller is able to reach the target pitch 
 .௧௥௜௠ߠ ௧௔௥௚௘௧ starting from any given initial pitch trim angleߠ
 
II.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):  
 

ௐܸ = ௚൧ݓ ௚ݒ ௚ݑൣ
்
 (A II-42) 

 
were ݑ௚, ݒ௚ and ݓ௚ 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, ݑ௚ and ݓ௚, respectively. Therefore, ݒ௚ 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 ݑ௚ and ݓ௚ 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. 
 
II.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 ݑ௚ is used for tailwind, 
while a positive sign on ݓ௚ means that the wind comes from under the nose of the aircraft. 
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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 ߠ௧௥௜௠ to ߠ௧௔௥௚௘௧ . The oscillations 
are less pronounced when the controller reaches a constant pitch angle value ߠ௧௔௥௚௘௧. The 
results in Figure A II-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.  
 
II.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 II-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 ߠ௧௔௥௚௘௧. 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 ߜ௘ on the elevators in both conditions. This aspect 
means that the proposed controller is robust while trying to reach a desired pitch target ߠ௧௔௥௚௘௧ 
under turbulent conditions. 
 
II.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.  
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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 κ causes the estimated parameters Θ෡ 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 ۺ૙ causes the estimated values દ෡  to converge slowly. One way to solve the 
problem consists of updating the covariance matrix ۺ૙ each time the error ϵ in Eq. (A II-27) 
reaches a threshold value. By this way, the values of ۴෠୩ and ۵෡୩ 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 °/ݏ. 
 
II.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.  
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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. 
 

 





 

ANNEX III 
 
 

FLYING QUALITIES ASSESSMENT FOR NONLINEAR ADAPTIVE CONTROL 
VALIDATION ON THE CESSNA CITATION X LONGITUDINAL AND LATERAL 

DYNAMICS 

Rojo Princy Andrianantara a, Georges Ghazia, and Ruxandra Botez a 
 

a Laboratory of Applied Research in Active Controls, Avionics and AeroServoElasticity 
(LARCASE), System Engineering Department, École de technologie supérieure, 

1100 Rue Notre-Dame Ouest, Montréal, Québec, Canada H3C1K3 
 

Article published in AIAA SciTech 2025 Forum , January 2025  
https://doi.org/10.2514/6.2025-1826  

 

Résumé 

Cet article traite de la validation des contrôleurs adaptatifs non linéaires par l'évaluation des 
qualités de vol, appliquées spécifiquement à la dynamique de vol du Cessna Citation X. Deux 
contrôleurs non linéaires distincts ont été conçus pour le contrôle à bas niveau de la dynamique 
longitudinale et latérale, respectivement. Les deux algorithmes de contrôle comprennent un 
contrôleur de base proportionnel-dérivé-intégral fixe, un contrôleur d'inversion dynamique non 
linéaire utilisant l'estimation récursive des moindres carrés et un contrôleur adaptatif à réseau 
de neurones. Le contrôle longitudinal consiste à contrôler le taux de tangage de l'avion, tandis 
que le contrôle latéral consiste à contrôler le taux de roulis de l'avion et à 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 contrôleurs obtenus sont des contrôleurs adaptatifs à modèle 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 contrôleurs de 
vol ont été testés dans 64 conditions de vol en phase de croisière couvrant l'ensemble de 
l'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 contrôleurs 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.  
 
III.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 
(Bhattacharyya et al., 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. 
 
III.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 lbf. 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 II mid-sized aircraft, for which 
the weight ranges between 5 000 lb and 30,000 lb. 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 0.3 ≤ ωୱ୮ ≤ 2
Control Anticipation Parameter 0.085 ≤ CAP ≤ 3.6
Settling time at 5%, sec ௦ܶ < 3

Dropback −0.2 ≤
௥௕ܦ
௦௦ݍ

≤ 0.5

Short-period time constant, sec 0.1 ≤ ఏܶమ ≤ 1.5
Delay allowed , sec 0.1

Lateral-directional flying qualities

Roll time constant ߬௣ < 1.4 sec
Dutch-roll minimum damping, min ௗ௥ߦ = 0.08
Dutch-roll minimum frequency, 
rad/s min߱ௗ௥ = 0.4 rad/s

Minimum ߦௗ௥߱ௗ௥ min ௗ௥߱ௗ௥ߦ = 0.15
Delay allowed, sec 0.1

III.2 Controller design methodology

III.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). 

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)): 
 

Δߜ௘௞ = ൫۱۵෡௞൯
ି૚
൤ ̇ݎ + ൬ܭ௉ +

ூܭ
ݏ

+ ൰ݏ஽ܭ ݁ − ۱۴෠௞ઢܠ௞ −  ൨ (A III-1)(തܠ்܄)ߪ்܅ேேܭ

 
where ݁ is the pitch rate error, ۱ = [0 0 1 0] is the output matrix corresponding to the pitch 
rate, ̇ݎ is the derivative of the reference signal, ઢܠ௞ is the longitudinal states increment vector 
at sample time ݇, ߪ is the tangent-sigmoid function of the neural network. 
 
The control law sends the variation of the command input signal Δߜ௘௞ to the elevators. The 
PID controller includes a proportional gain ܭ௉, an integral gain ܭூ, and a derivative gain ܭ஽, 
whose values remain fixed for all simulations. The approximate dynamic inversion consists of 
estimating the local state space matrix ۴෠௞ and the local control matrix ۵෡࢑ 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 ܅ and ܄ 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 :  
 

௥௘௙ݍ
௖௠ௗݍ

=
߱௦௣
ଶ  (1 + ఏܶమݏ)

ଶݏ + ݏ௦௣߱௦௣ߦ2 + ߱௦௣
ଶ  (A III-2) 

The short-period mode is an oscillatory motion with a specific natural frequency ߱௦௣ and 
damping ratio ߦ௦௣. The zero of the transfer function in eq. (A III-2) is defined as − ଵ

்ഇమ
, where 

ఏܶమ is the short-period time constant. The requirements for their values are given in Table A 
III-1. 
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III.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. 

Figure A III-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 
III.2.III.2.1.0. The overall command law sent to the ailerons Δߜ௔௞ and the rudders Δߜ௥௞ are 
given in the following equations (their mathematical development can be found in (Quintin et 
al., 2024)) :

Δߜ௔௞ = (۱૚۵෡૚ܓ)ି૚ ൤̇݌௥௘௙ + ൬ܭ௉ +
ூܭ
ݏ

+ ൰ݏ஽ܭ ݁ − ۱૚۴෠ܓઢ࢑ܠ − ۱૚۵෡૛ܓ Δߜ௥௞ିଵ

ࢇ܅−
்ો(ܠ܂܄ത)൨

Δߜ௥௞ = (۱૛۵෡૛ܓ )ି૚ ൤
.ௐிܭ ݏ߬
ݏ߬ + 1

ݎ − ۱૛۴෠ܓઢ࢑ܠ − ۱૛۵෡૚ܓΔߜ௔௞ିଵ ܚ܅−
൨(തܠ܂܄)ો܂

(A III-3)

where ݁ is the roll rate error, ۱૚ = [0 1 0 0 0] is the output matrix for the roll rate, while ۱૛ =
[0 0 1 0 0] is the output matrix for the yaw rate; ̇݌௥௘௙ is the derivative of the roll reference 
signal, ઢܠ௞ is the lateral states increment vector at sample time ݇, ߪ is the tangent-sigmoid 
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function of the neural network. The approximate dynamic inversion consists of estimating the 
local state matrix ۴෠௞ and the local control matrices ۵෡૚࢑ and ۵෡૛ܓ using the RLS algorithm. The 
neural network is used to compensate for estimation errors. The output weight matrix ܉܅ of 
the adaptive command on the ailerons, and the output weight matrix ܚ܅ of the adaptive 
command on the rudders are dynamically updated using custom adaptive laws based on 
backpropagation (Quintin et al., 2024). ܉܅ is updated using the tracking error on the roll rate, 
 is updated ܄ is updated using the sideslip angle derivative, while the input weight matrix ܚ܅
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:  

௥௘௙݌
௖௠ௗ݌

=  
߱ௗ௥
ଶ

ଶݏ + ௗ௥ ߱ௗ௥sߦ 2 + ߱ௗ௥
ଶ  

1
ݏ ߬ + 1

 (A III-4) 

The aircraft roll mode may be approximated using a first order transfer function ଵ
ఛ ௦ାଵ

, where ߬ 
is the roll time constant. The Dutch-roll mode may be approximated using a second-order 
transfer function with a specific damping ratio ߦௗ௥ and a specific frequency ߱ௗ௥. The 
requirements on their specific values are given in Table A III-1. 
 
III.3 Simulation and validation  

III.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 III-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 lb were set for all flight conditions.

III.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 III-2.
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Table A III-2 Reference signal and pitch rate controller performances  

 
Damping 

 
 

Frequency, 
rad/s 

 

Rising 
time at 

90%, sec 
 

Settling time 
at ±5% ࢙࢙ࢗ, 

sec 

Maximum 
pitch rate 

 

Overshoot, 
% 

 
Variable ߦ௦௣ ߱௦௣ ௥ܶ ௦ܶ ݍ௠௔௫ – 
Reference 
model 
signal 
 ࢌࢋ࢘ࢗ

0.69 4 0.21 1.22 1.21 21 

Pitch rate 
signal 28 – 6 1.28 – 1.06 1.85 – 1 0.29 – 0.25 6.97 – 5.71 0.81 – 0.52 ࢗ 

 
As shown in Figure A III-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 III-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 ߦ௦௣, the frequency ߱௦௣ and the short period time constant ఏܶమ. 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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Figure A III-5 Short Period Flying Quality assessment for 
pitch rate controller (black dot), reference model 
performance (red dot), and FQ limits (black line)

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/ ఏܶమ, 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:

ܲܣܥ ≈
߱௦௣
ଶ

଴ܸ
݃

1
ఏܶమ

(A III-5)

where ଴ܸ is the aircraft true airspeed, and ݃ is the gravitational acceleration. The boundaries 
for the CAP corresponding to Level 1 and Level 2 Flying Qualities are delimited in Figure A
III-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

III.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 III-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 III-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. 
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Table A III-3 Reference signal, ideal roll rate controller and reconfigured controller 

performances on unit signal tracking 
 

 

Damping 
 

Frequenc
y, 

rad/s 
 

Roll time 
constant, 

sec 

Rising 
time at 

90%, sec 
 

Settling 
time at 

࢙࢙࢖ ±5%
, sec 

Maxim
um roll 

rate 
 

Oversh
oot, % 

 

 – ௠௔௫݌ ௗ௥ ߱ௗ௥ ߬ ௥ܶ ௦ܶߦ 
Reference 
model 
signal 
 ௥௘௙݌

0.5 3 0.1 0.82 1.87 1.15 15.5 

Roll rate 
signal ݌ 
(a) 

0.44 – 0.51 2.9 – 3.18 0.05 – 0.14 0.82 – 0.88 1.9 – 2.14 1.18 15 – 18.2 

Reconfigu
red 
controller 
(b) 

0.23 – 0.58 3.54 – 4.06 0.21 – 0.64 0.95 – 1.48 1.75 – 3.2 1.12 0 – 12 

 
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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(a) (b)

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 III-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.

(a) (b)
Figure A III-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 ߦௗ௥ and 
frequency ߱ௗ௥ and the roll time constant ߬, 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.

(a) (b)

Figure A III-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 ߬ is also less than 1.4 sec for all flight conditions, which respects the Level 1 
requirement in Table A III-1.

III.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. 
 
III.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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