The Aeronautical Journal (2026), 1-31
doi:10.1017/2er.2025.10114 R A AUTICAL
SOCIETY

RESEARCH ARTICLE

New fuzzy-RNN autopilot system for the Cessna Citation
X aircraft with a fuzzy transition algorithm

1

Seyed Mohammad Hosseini */, Georges Ghazi!@® and Ruxandra Mihaela Botez>

ILaboratory of Applied Research in Active Control, Avionics and AeroServoElasticity (LARCASE), Ecole de technologie
supérieure, AIAA Member, Montréal, QC, Canada

2Canada Research Chair Holder Level 1 in Aircraft Modeling and Simulation, Head of the Laboratory of Applied Research in
Active Controls, Avionics and AeroServoElasticity (LARCASE), Ecole de technologie supérieure, AIAA Fellow, Montréal, QC,
Canada

Corresponding author: Ruxandra Mihaela Botez; Email: ruxandra@gpa.etsmtl.ca

Received: 6 October 2024; Revised: 24 November 2025; Accepted: 24 November 2025

Keywords: artificial intelligence; autopilot control system; fuzzy logic; recurrent neural networks; sliding mode controller

Abstract

This paper presents a novel artificial intelligence-based autopilot control system designed for the Cessna Citation
X (CCX) aircraft longitudinal motion during cruise. In this control methodology, the unknown aircraft dynamics in
the state-space representations of each vertical speed (VS) mode and altitude hold (AH) mode were approximated
by two multiplayer fuzzy recurrent neural networks (MFRNN5) trained online using a novel approach based on
particle swarm optimisation and backpropagation algorithms. These MFRNNs were used with two sliding mode
controllers to guarantee the robustness of both VS and AH modes. In addition, a novel fuzzy logic-based transition
algorithm was proposed to efficiently switch the controller between these autopilot modes. The performance of
the controllers was evaluated with a nonlinear simulation platform developed for the CCX based on data from a
Level D research aircraft flight simulator certified by the FAA. The system stability and robustness were proved
by the Lyapunov theorem. The simulation, tested under 925 flight conditions, demonstrated the controllers excep-
tional tracking capability in a variety of uncertainties, including turbulent and non-turbulent flight scenarios. In
addition, the design ensured that the smoothness of the control input signals was maintained in order to preserve
the mechanical integrity of the elevator actuation system.

Nomenclature

L damp inertia damping parameter in the PSO

CAS calibrated airspeed (kts)

D turbulence

€(vs.h) tracking errors (ft/s for vertical speed and ft for altitude)
F (vs.h) functions approximated by the multiplayer fuzzy recurrent neural network (MFRNN)
F (vs,h) approximation error

Foons Gosny unknown nonlinear functions

&hvs) positive constant

h altitude (ft)

I desired altitude (ft)

Pirans transition altitude (ft)

L max number of iterations in the PSO

Ky gains of the switching control laws

L. postive design parameters

M) mode transition coefficients

Pmax swarm size in the PSO
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St sliding surfaces

Uegs equivalent control laws

Ugir switching control laws

Uys) control laws for the altitude hold (%) and vertical speed vs) modes (deg/sec)
Unr ultimate autopilot control law (deg/sec)

Vs vertical speed (ft/s)

VS, desired vertical speed (ft/s)

w weights of the MFRNN

X aircraft state variable

Xos.y inputs of the MFRNN

X centre of gravity (%)

X0, Xop lower/ upper bounds of the searching range

Hoam (X), a (X)

MNHE

Gaussian membership functions
membership function of the negative high error (NHE) linguistic term

Mue membership function of the medium error (ME) linguistic term
nnE membership function of the positive high error (PHE) linguistic term
Q, 2, acceleration parameters in the PSO

1.0 Introduction

Improving aircraft safety, efficiency and reliability have been the main topics of many articles in the
aerospace and aeronautics fields. Although recent technological advances have helped reduce system
failures, human errors remain the cause of approximately 80% of aircraft accidents and incidents [1].
While conventional control systems continue to perform adequately in flight control applications, arti-
ficial intelligence- (AI) based methodologies offer promising enhancements, such as adaptability and
improved real-time control performance to autopilot systems. These approaches have the potential to
handle uncertainties, unknown dynamics, external disturbances and varying flight conditions without
frequent parameter tuning, which is essential for the conventional systems. In addition, they can also
help to reduce the pilot’s workload, particularly during high-demand tasks or complex manoeuvres.
Therefore, this article introduces a new generation of Al-based autopilot systems for commercial air-
craft by using a novel control strategy based on a multilayer fuzzy recurrent neural network (MFRNN)
with a two-mode sliding mode control (SMC).

Previously, various conventional methodologies were applied to control unmanned aerial vehicles
(UAVs) and quadcopters.

In previous studies, various conventional methodologies were applied to control UAVs and quad-
copters. Ahsan and Hanif [2] presented two methods based on the proportional integral derivative (PID)
method to control the altitude of an Aerosonde UAV; one with a single elevator command and the other
using both throttle and elevator commands, showing that the second approach could enhance transient
response. For the same application, Ahsan et al. [3] developed two altitude controllers: one based on
PID control and the other using a lead compensator, and found that the lead compensator operated better
than the PID.

To improve the altitude tracking performance of UAVs, Liu et al. [4] developed linear proportional
(P), derivative (D), and two derivatives (DD) controllers integrated with a Kalman filter to estimate
both the climb and descent rates. Cardenas et al. [5] applied a pole-placement methodology to control
the altitude and heading of an UAV by using linearised longitudinal and lateral-directional models. A
back-tracking search optimisation method combined with PID control was used to enhance the autopilot
performance of an unmanned helicopter by improving settling time, rise time and maximum overshoot
specifications [6].

Liu et al. [7] proposed a fine-tuned PID-based airspeed, heading and altitude controllers for an
UAV. Win et al. [8] developed a PID-based pitch attitude hold autopilot for an YTUEC001 UAV.
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Qian and Liu [9] used an uncertainty and disturbance estimator- (UDE) based translational controller for
near-hovering phases and an inner-loop attitude controller, ensuring global asymptotic stability under
disturbance and payload.

Qietal. [10] showed that using a modified UDE within a cascade PID architecture can ensure accurate
attitude tracking of a quadrotor while effectively rejecting disturbances. Similarly, Feng and Liu [11]
proposed a nonlinear model predictive control (MPC) strategy designed to prevent collisions between
two UAVs around obstacles using a new flight scenario. Zhao et al. [12] applied global fast terminal
SMC for controlling the attitude of an UAV to approach a virtual tanker aircraft for an aerial refueling.
As another approach for collision avoidance, Zhang et al. [13] developed an autopilot system based
on a sliding mode observer (SMO) combined with an energy-efficient trajectory planning strategy for
quadrotors, aimed at ensuring the safety of the actuation system.

Zareb et al. [14] suggested that genetic algorithms (GAs) can be used to optimise the performance
of two fuzzy controllers and four PIDs for controlling the attitude and altitude of an AR Drone V2
quadrotor. Wilburn et al. [15] also developed a new GA to optimise controller gains to guarantee and
ensure effective trajectory tracking performance for UAVs. Zhou et al. [16] proposed a control strategy
combining a finite-time SMC system with disturbance observers and an event-triggered communication
mechanism. This approach aims to improve the trajectory tracking performance of UAVs while reduc-
ing communications load. In another study, the adaptive neuro-fuzzy inference system (ANFIS) was
integrated with the brain storm optimisation (BSO) algorithm to improve UAV thrust performance. This
hybrid approach effectively optimised parameters related to the propeller, battery and engine [17].

Besides the design of autopilot controllers for UAVs and quadrotors, different methodologies were
developed for hypersonic and supersonic aircraft, as discussed below.

Sahbon et al. [18] proposed a Thrust Vector Control (TVC)-based path-following autopilot system for
the X-15 aircraft using three PID controllers for roll, altitude and yaw control to compensate for Coriolis
effects. Dong et al. [19] implemented a GA-based fractional-order PID controller to achieve active dis-
turbance rejection performance in aircraft pitch control. To achieve rapid altitude tracking performance,
Gao et al. [20] studied an state observer based cascaded PID altitude controller for hypersonic aircraft to
ensure its attitude stability. Fenfen et al. [21] used an auto-disturbance rejection system (ADRS) com-
bined with a PID controller to mitigate coupling and external disturbances, thereby enhancing tracking
performance in hypersonic vehicles.

Taha et al. [22] developed a model reference adaptive control (MRAC) effective for designing authen-
tication header (AH) mode, with improved results using online parameter estimation for the speed
autopilot.

Perez et al. [23] developed an adaptive PID controller using a GA-based immunity algorithm to
enhance supersonic fighter control and ensure model robustness under failures. Perez et al. [24] used an
immunity-based algorithm with dynamics inversion and MRAC to maintain fighter performance under
failures with a minimal pilot input. Park et al. [25] designed a gain-scheduling autopilot for hypersonic
vehicles to control the pitch rate, acceleration and flight path angle amid model uncertainties.

Hiliuta et al. [26,27] evaluated ANFIS and fuzzy clustering to approximate aerodynamic forces in
a F/A-18 aeroservoelastic model. They found that the least square method was ineffeive for unsteady
aerodynamic forces analyses in the frequency domain and proposed combining fuzzy clustering with
shape-preserving methods to improve model accuracy for intermediate frequencies using STructural
Analysis RoutineS (STARS) software.

Furthermore, several studies have focused on developing controllers for hypersonic, fighter, super-
sonic, commercial and business aircraft, as outlined below.

PID-based loop shaping and an H,, controllers were employed for the autolanding system of a twin-
engine civil aircraft to deal with a 25-knots crosswind [28]. Meanwhile, Qiu et al. [29] implemented
a non-minimum phase dynamic inversion controller using a U-model root solver for the altitude-hold
autopilot of a B747 aircraft to address right-half-plane zeros. Similarly, Santos and Oliveira [30] demon-
strated the accurate performance of a PID control methodology using an X-plane flight simulator.
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This method was also applied for a general aviation civil aircraft, Islam et al. [31] and for a Piper
PA-28-236-DAKOTA aircraft [32]. This controller was developed by using root-locus design tech-
nique for parameter adjustment, aiming to achieve an overshoot of less than 15% in turbulent
condition.

Different Al-based autopilot systems were also designed for civil aircraft. For instance, Nivison
and Khargonekar [33] proposed a deep gated recurrent neural network (DGRNN) controller for the
aircraft longitudinal motion to achieve robustness and trajectory-tracking performance. Using a com-
bination of RNN and GA systems, Juang and Chiou [34] developed an enhanced autolanding system
under severe wind shear conditions. Vandana et al. [35] designed a two-loops autopilot system that inte-
grated a robust control system combined with an Neural Network (NN) and a UDE for a rigid-body
aircraft.

In this article, the proposed longitudinal autopilot control system was tested and validated on a non-
linear simulation platform designed for Cessna Citation X (CCX) business aircraft. Previously, a linear
quadratic regulator (LQR) was combined with the guardian maps theory to achieve robustness against
uncertainties for the CCX lateral motion [36]. Boughari et al. [37] combined an optimal controller with
a meta-heuristic optimisation technique to ensure stability of linear and nonlinear models of the CCX
aircraft. A combination of PI controller and guardian maps theory was used into the stability and control
augmentation systems to control the CCX pitch rate [38].

In addition to conventional controllers, several Al-based methodologies have also been proposed for
the CCX aircraft Quintin et al. [39] integrated a dynamic inversion system into adaptive neural network
(ANN), and a PID controller to control the Cessna Citation X (CCX) roll rate control. Furthermore,
combining MPC system with recursive least square (RLS) algorithm and adaptive control system can
be efficient to control the CCX pitch rate [40].

Previously, the authors developed different Al-based controllers for the CCX aircraft, including type-
two adaptive fuzzy SMC (T2AFSMC) [41] and a model-referenced adaptive RNN controller [42] for
its longitudinal motion and a combination of T2AFLS, PSO-based and adaptive super-twisting SMC
systems for its lateral motion [43] across different flight conditions.

This article focuses on developing an MFRNN-based autopilot system for the CCX longitudinal
motion during cruise, under both ideal and turbulent conditions using Dryden turbulence model with
moderate-intensity value (107%)). The novel methodology introduces new features to flight control sys-
tems designed using the Al. This autopilot system does not rely on aircraft dynamics models, and it
can handle the uncertainties, highly nonlinear and unmodeled dynamics by its adaptive and real-time
learning characteristics. These properties can guarantee the aircraft robustness and performance across
a wide range of flight conditions without the need for constant parameters adjustment.

Therefore, the main contributions of this research are listed below.

1. A novel MFRNN-based sliding mode control system for this application

In previous studies, researchers mostly focused on conventional control systems, such as PID, LQR
and conventional neural networks (e.g., ANN, GRU). In contrast, in this research, we assumed that the
aircraft nonlinear dynamics model is unknown, and we have no knowledge about aircraft systems. To
address this challenge, we used an MFRNN as a dynamic approximator within our control system. This
approach enhances both robustness and adaptability, enabling the system to effectively manage highly
nonlinear dynamics; capabilities that cannot be reliably achieved using simpler architectures or linear
controllers.

2. Novel hybrid online training process using PSO-based backpropagation

Although the MFRNN structure was adapted as proposed in Fei et al. [44], this paper introduces a new
training algorithm that combines particle swarm optimisation (PSO) with a backpropagation algorithm.
The proposed methodology includes:
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« Off-line initialisation of MFRNN weights using PSO, which facilitates faster convergence.

¢ On-line weight adjustments using backpropagation algorithm to ensure real-time adaptability
during flight.

This combination of an off-line initialisation and an on-line training is both unique and novel for the
following reasons. This model does not require any dataset or any prior knowledge about the unknown
dynamics of aircraft. In addition, the handling of timeseries inputs is a big challenge to approximate
spontaneously aircraft dynamics even under turbulence; this capability cannot be found in other research
articles. Moreover, the simulation results showed that this methodology could guarantee the robust-
ness and adaptability of the autopilot system by approximating the aircraft dynamics appropriately and
integrating it into the SMC system.

3. Application to a high-fidelity nonlinear simulation platform

This autopilot system is validated using a nonlinear simulation platform for CCX aircraft, developed
based on a Level D Research aircraft flight simulator (RAFS) at the Laboratory of Applied Research in
Active Controls, Avionics and Aeroservoelasticity (LARCASE). This RAFS provides flight dynamics
data certified to the highest level of accuracy by the FAA, ensuring excellent validation results.

4. A novel fuzzy-based mode transition algorithm

A new fuzzy logic-based mode transition algorithm was developed to manage switching between
the altitude hold (AH) and vertical speed (VS) modes. This algorithm was inspired by the approach
developed by us in-house at LARCASE [45]. Unlike conventional autopilot systems, which include
three modes such as AH, VS and altitude capture, our system proposes a novel fuzzy logic-based mode
transition algorithm with two modes improving performance and efficiency of the autopilot system by
reducing the complexity of the transition algorithm across the entire flight envelope of the CCX air-
craft during cruise (all 925 flight conditions). The proposed method ensures universal applicability and
adaptability, even under both ideal and turbulent conditions.

5. Rigorous stability proof using the Lyapunov theorem

This article presents a Lyapunov-based stability analysis for the entire autopilot system, demonstrat-
ing that the proposed autopilot system is asymptotically stable. Previous works almost neglected the
stability analysis or have not applied Lyapunov theory rigorously across the entire system.

6. Pitch rate control system design in the inner loop of the autopilot system
The inner loop of our proposed autopilot to control the CCX pitch rate was developed based
on our previous work on the application of a Type-one adaptive fuzzy sliding mode control
(T1AFSMC) system in Hosseini et al. [46].

Table 1 illustrates a brief explanation of the methodologies proposed in previous articles to clarify
the contributions of this research article to the development of an aircraft autopilot system.

This research is novel for its application to a commercial aircraft such as the CCX and in proposing a
new fuzzy-based transition algorithm and MFRNN approximation method, trained with a new approach.
A summary of the contributions is shown in Fig. 1.

The rest of this paper is organised as follows: Section 2 introduces the aircraft nonlinear model,
turbulence model, PSO-based MFRNN design, VS and AH mode controllers and the fuzzy-based tran-
sition algorithm. Section 3 presents the results and performance analysis, and Section 4 concludes with
a summary of the findings.

2.0 Background

In this section, the three methods used in this study are discussed for designing an autopilot for the
aircraft longitudinal motion during cruise.

https://doi.org/10.1017/aer.2025.10114 Published online by Cambridge University Press


https://doi.org/10.1017/aer.2025.10114

ssa.d Anssanun abpriquied Aq auljuo paysiiqnd 1 101°520Z 428/ 101 0L/Bio10p//:sdny

Table 1. Previous methodologies developed for the aircraft autopilot systems

Data
preprocessing or
dynamics Training Stability Aircraft Flight Simulation
Article Methodology approximation process proof type conditions platform
Ahsan et al. [3] PID - - No Generic UAV  Ideal Linearised and
nonlinear
Ahsan and Hanif PID - - No Aerosonde Ideal Linearised
[2] UAV
Cardenas et al. Pole-placement, - - No Unmanned Severe atmo- Linearised
[5] LQG and state airplane spheric
feedback disturbance
Win et al. [8] PID - - No YTU-EC 001 Small Linearised
UAV disturbance
Quin and Liu [9] UDE-based - - Lyapunov & Quadrotor Ideal Nonlinear
controller reduction
theorem
Baomar and Modular ANN ANN Offline - B787 Extreme Nonlinear
Bentley [47] systems (X-plane) weather
condition
Liu et al. [48] Deep NN Offline - B737 model Crosswind Nonlinear
deterministic (X-plane) conditions
policy
gradient
(DDPG)
Nivison and GRU-based RNN  Polynomial Offline Lyapunov Flight vehicle = Noise and Nonlinear
Khargonekar approxima- funnels model input
[33] tions disturbance
Juang and Chiou Hybrid RNN-GA - Gradient descent  — Commercial Under various  Simplified
[34] algorithms aircraft wind shear
Vandana et al. UDE-based - Backpropagation — Rigid model External dis- Nonlinear
[35] MLP-NN algorithm turbances mathematical

model

9
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Novel Dynamics
Approximation Method

Backpropagation
Algorithm

I I
I I
I I
I T I
I | I
| I
I I
I I
I I

Initialization by PSO

Algorithm > Two MFRNN Methods

Two Modes Sliding Mode
Control System (SMC)

¥ Y

New Fuzzy Logic Based
Autopilot Transition Algorithm

L

T1AFLS based Pitch Rate
Control

A
Nonlinear Simulation Platform
Developed by a Level D RAFS of
CCX aircraft

Figure 1. Simple scheme of the research contributions.

2.1 Nonlinear state-space aircraft representation

The state-space model is a well-known representation of system dynamics. This representation is typi-
cally characterised by two functions, F,,; and G, which reflect the aircraft dynamics variations, as
the functions existing in the vertical speed (vs) and altitude (%) control systems [49]. Generally, G, in
aircraft control systems shows the effectiveness of the control inputs which varies in small ranges during
the cruise. Moreover, it was observed that G, varied with values around 1. Therefore, to reduce the
complexity of the control system design, we assumed that G, is approximately equal to 1 G, ~ 1.
Consequently, the aircraft state-space representation for the vertical speed and altitude modes can be
described with a vector of state variables and the control input (i.e., command) denoted by x = [V, &]
and u,,,, respectively:

x(n) = F(vs,h) + G(vs,h)u(vs,h) + D = F(vs,h) + u(vs,h) + D (1)

where 7 is the order of derivative, and D is the atmospheric turbulence.

Furthermore, we used a simulation platform developed at the LARCASE for the CCX business
jet aircraft [45]. This platform was validated using the flight data from a Level-D RAFS available at
LARCASE for this business aircraft, as illustrated in Fig. 2. Level D represents the highest certification
be issued by the Federal Aviation Authority (FAA) for aircraft flight simulation in terms of flight data
accuracy [45].
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Figure 2. Level D RAFS For the CCX aircraft at LARCASE.

2.1.1 Turbulence model

The Dryden turbulence model is commonly used in aerospace engineering to simulate the atmospheric
gusts and turbulence that an aircraft may encounter during flight. This realistic representation of atmo-
spheric turbulence helps to evaluate the safety and performance of the proposed control system. We
used the continuous Dryden turbulence model available in MATLAB/Simulink (R2023b) Aerospace
Environment blockset configured according to MIL-F-8785C. In this configuration, the turbulence prob-
ability of the exceedance of high-altitude intensity was selected as moderate (10~%) with wind speed of 5
meters per second and scale length at medium/high altitudes of 533.4m. In addition, the wingspan of the
CCX aircraft was chosen to configure the turbulence model. The turbulence intensity varies with alti-
tude, and it is influenced by the probability of exceeding [50]. In Equation (1), D denotes the atmospheric
turbulence in the state-space representation.

2.2 PSO-based MFRNN approximators

As discussed earlier, the nonlinear state-space representations of the CCX aircraft contain the unknown
functions F,,,,, which were approximated by the following MFRNN, as proposed in Fei et al. [44], for
the design of autopilot system.

The main architecture of the MFRNN is presented in Fig. 3, which includes four main layers: (1)
the input layer, (2) the membership layer, (3) the rules layer and (4) the output layer. There are some
feedback loops in the MFRNN, as shown in Fig. 3, which can provide the MFRNN with a self-learning
ability to approximate the aircraft dynamics.

In this autopilot system, two MFRNNs were developed, one for VS mode and the other architecture
for AH mode. The main structure of the layers in these MFRNNs is explained as follows, which is
inspired from the well-known structure of the fuzzy logic system, including a fuzzifier (membership
layer), an inference engine (rule layer), a defuzzifier (output layer):

1. Input layer (2 neurons):

Initially, two signals were measured from the CCX simulation platform: the vertical speed V'S and the
aircraft altitude 4. These signals were used in the definition of the tracking errors e,,, and e, as calculated
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Input Layer

Membership
Layer

Wi
Rule Layer

Output Layer

Fo,

‘E(v.\'.h)(x(vs.h)) = 04

Figure 3. Multilayer fuzzy recurrent neural network (MFRNN) scheme.

in Equations (2) and (3):
€y = VS — VSref (2)
€p = h— href (3)

Two inputs vectors represented by I, (for the VS mode) and I, (for the AH mode) were used in the
MFRNNS, each composed of the tracking error e, and its first-order derivative é,,, as shown in
Equations (4.a) and (4.b), for the VS and AH modes, respectively.

IVS = [eVA'; éVS:I (4’a)

I, = ley; €] (4.b)

The inputs defined in Equations (4.a) and (4.b) reflect the control objectives by capturing essential
information about deviations in the aircraft dynamics without requiring explicit dependence on the full
set of dynamics variables. In addition, the choice of these inputs avoids redundancy, since pitch-rate
variations were already represented in the inner loop, and it enhanced stable learning by reducing the
effects of undesired variations such as turbulence in the learning process.

In these MFRNNSs, shown in Fig. 3, there is a feedback loop from the output layer (I:" sy = O4) to the
input layer expressed by Fo,. Using the elements in the inputs vectors given in Equation (4.a) for the VS
mode denoted by 1,,, and in Equation (4.b) for the AH mode represented by /,, we can write:

81 = e(vsyh).W;u.FOA (Sa)
82 = é(vs,h)~VV42~F‘O4 (Sb)

where §; is the first neuron output, and 8, is the second neuron output in the input layer. Moreover, Wy,
and W,, denote the recurrent weights acting on the connections (internal feedback loop) between the
output and the input layers.

2. Membership layer (6 neurons):

In this layer, each neuron is a Gaussian membership function denoted by ,,, and 1., that processes
the output of the previous layer (the input layer), denoted by §, and §, in Equations (5.a) and (5.b), and
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Table 2. Configurations of the membership functions in the VS mode

m, n indices Parameters Value Parameters Value
1 a; = dy 400 b, = by 0

2 A, =dy 400 b1, =by, 1825
3 a3 =dp 400 b1z =by 3650

Table 3. Configurations of the membership functions in the AH mode

m, n indices Parameters Value Parameters Value
1 an= ay 4000 by = by 0

2 ap =dy 4000 by, =by, 3810
3 iz =dx 4000 bz =by 7620

the feedback connections shown by F,, and F,,, multiplied by their weights W,,, and W,,, respectively.
F,,, and F,, contains the previous output values (feedback) of the membership functions calculated by
Equations (8.a) and (8.b) [44].

8lm = 81 + Wlm-Flm (73)

82}1 = 82 + W2n'F2n (7b)
[ Illib m 2

Mim (.X') = 670.5( 1“1’"] ) (Sa)
Sn=bon 2

o () = &) (8:b)

In Equations (7.a)—(8.b), m = {1, 2, 3} and n = {1, 2, 3} are the neurons indices. Equations (7.a) and
(7.b) show that when calculating the input layers §,,, and 8., the weights W,,, and W,, act on the internal
feedback loops (F),, and F»,) in the membership layers. The values of the parameters in the Gaussian
memberships are provided in Tables 2 and 3 for each VS and AH mode approximator, as follows.

3. Rules layer (9 neurons)

Each neuron in this layer was used to calculate the product of the input signals serving as the product
inference engine in the fuzzy logic system (FLS) architecture. The output of this layer O, is given in
Equation (9):

3
Or= [T tim ® .12, ) Q)

m.n=1
where r ={1, ..., 9} is the total number of the rules.
4. Output layer (1 neuron)

Using the 9 outputs O, obtained at each neuron in the rules layer and their corresponding weights,
the final output of the MFRNN-based approximators can be expressed in Equation (10) for both the VS
and AH controllers:

ﬁ(vs,h) (-x(vs,h)) = Z Wror (10)

r=1
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Table 4. PSO algorithm parameters

Constants Values
Acceleration parameter (£2;) 2
Acceleration parameter (£2,) 2
Inertia damping parameter (¢ qmp) 0.99
Swarm size (total population) (p,...) 500
Maximum number of the iterations (i,,.,) 10
Lowest bound of searching range (X;,) -1
Highest bound of searching range (X,,,) 1

2.2.1 The MFRNN training algorithm
Each of the MFRNN-based approximators, explained earlier for both autopilot modes, was trained using
a new approach, as follows:

i. Initially the MFRNNs receive the vector x,, in the VS controller and the vector x;, in AH controller
as input layers.

ii. All weights {W,,, Wy, W,,., W,, and W, } were initialised using the PSO algorithm designed by
the expressions in Equations (11) and (12), Gad [51] and the cost function given in Equation
(13), while W,; = W,, and W}, = W,, on the feedback loops. Thus, the PSO was used to find the
values of three weights, called decision variables ={ Wi 2y, Wman, W, }. Each particle Xl", in the
PSO searches in a space between its bounds [X,,, X,,], which means that all decision variables
could only take a value within the defined range. In addition, in Equation (11), P, and Gy, are
the personal and global best results, respectively, and 8, and 8, denote two random values within
[0, 1] [51].

imax Prax
Z Z Y = gy X Y4 QX Brk (Poow — X2) + Q% Bo (G — X1 (11)
i=1 p=I

imax  Pmax

Y X=X+ (12)

i=1 p=1
A 1 <
Cost (¥,) =5 % D (ewun)” (13)
0

Equation (13) was selected to directly minimise the tracking error, which constitutes the main
control objective of this study. Although the literature shows that model-free approximation
methods may incorporate the equations of motion (EOMs) as constraints within the cost func-
tion, such an approach contradicts our objective of prioritising tracking-error minimisation. In
practice, it was observed that introducing the EOMs as additional penalty terms tended to bias
the optimisation toward reproducing intermediate dynamics variables rather than minimising the
tracking error. Therefore, the defined cost function in Equation (13) solely based on the track-
ing errors ensures consistent agreement between the learning and control objectives without
degrading the performance of the autopilot system.

In Equations (11)—(13), 2, and €2, are the personal and social acceleration parameters, respec-
tively, o/, is the damping inertia, p,,. is the total swarm size (population), i, is the maximum
number of iterations, Y;i is the particle velocity and Xl") is the particle position. The values for
each parameter in Equations (11) and (12) in Table 4.

As shown in Table 4, the maximum number of iterations i,,, was set to 10 to achieve a good
balance between computational efficiency and accuracy. It was observed that increasing the num-
ber of iterations primarily led to longer search times for the PSO, without significantly improving
control system performance. Similarly, the swarm size p,,,, was set to 500, which was empirically
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determined through extensive trial and error testing to ensure a good exploration of the search
space. Increasing the swarm size beyond this value did not meaningfully enhance performance
but substantially increased computational time.

iii. Finally, the weights connecting the rules layer to the output layer, denoted by W,,,,, were
updated with the initial values founded by the PSO, using a backpropagation (BP) algorithm,
as shown below.

W, 4+ 1) =W, (1) —n., AW, (14)
F(vs,h) = F(vs,h) _F(vx,h) (15)
AWr :F(1’s,h)0r (16)

where n,, = 0.7 is the learning rate which was found after trying different values, W, (¢) represents
the current weights and W, (¢ 4 1) denotes the future value of the weights, andF sy 18 the error
between the predicted signalI:“ sy and the reference signal F . This training algorithm helps to
update the approximated function with respect to the given reference online at each iteration. The
reference signal in the VS controller was F,; = VS, and in the AH controller F), = h measured
from the nonlinear simulation platform for the CCX aircraft.

2.3 Design of the VS and AH mode control systems

This section describes the control methodologies designed for the VS and AH modes. These con-
trollers were developed based on an SMC system combined with PSO-based MFRNN approximators,
as explained in the previous section. Furthermore, a novel transition algorithm was implemented using
the FLS to switch between autopilot modes during the flight, thus efficiently to capture the altitude.

2.3.1 VS mode control system design

In the VS mode control system, a MFRNN-based sliding mode controller was proposed to force
the aircraft to track the desired vertical speed. Accordingly, the tracking error e,, = VS — VS, given
in Equation (2) and its first-order derivative é¢,, were used to define the sliding surface, given in
Equation (17) [52]:

va = évs + Lvsevs (] 7)
where L,, > 0.

Taking the first-order derivative of the sliding surface defined in Equation (17), and knowing that
e, =VS—VS,s =F,+u,+ D — VS, from the state-space representation in Equation (1), it gives:

Svs = évx + vaévx = Fvs + Uy + D — VSref + vaés (18)

Therefore, the equivalent control law u,,, in the SMC system can be obtained by considering S,=0
[52]. In addition, the turbulence D is unknown, so u,,, becomes:

u = _F\u‘ + VSref - Lvsé\u‘ (19)

eqys —
The switching control law uy,, was designed in its conventional form [52], where sat stands for the
saturation function, and k,; > O:

Usy,, = _kvssat (Svs) (20)

In Equation (19), we assumed that F,; is an unknown nonlinear function; therefore, it should be
replaced with its approximated functionF,, as calculated with Equation (10). Thus, the VS mode control
law u,,, using both Equations (19) and (20), becomes:

Uys = MeqvA + MswvA = _ﬁvs + VSref - Lvsévs - kvssat (Svs) (21)
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To prove the stability of the system, the following Lyapunov candidate V,, is defined [52]:

V=15, (22)
2

Then, the derivative of the V,, is calculated as given in Equation (23), by using the expression of Sm
in Equation (18) and by replacing u,, with its expression in Equation (21), as follows:

Vv.v = Sv.vsvs = Svs [Fvs + Uyg + D - VSrL{/ + Lvsév.v] = Svs [Fv: _ﬁv: + D — kvssat (Svs)] (23)

In this equation, we assumed that F,; and D are two unknown bounded functions such that |F
F 5 and |D| < Dyax [53-55], where F;,,,, and Dy, are two positive values. Thus, due to the following

aspects,ﬁ »s (x,5) can be considered as a bounded function:

=<

SMAX

i. As presented in the membership layer of the MFRNN, we used two Gaussian memberhsip func-
tions denoted by w1, (x) and u,, (x) in Equations (8.a) and (8.b), respectively. These membership
functions are smooth and naturally bounded, with outputs that change over a finite interval, mean-
ing that they are bounded. These outputs are propagated to the next layer (the rules layer) which
calculates the product of the received inputs. Thus, mathematically, the product of some bounded
inputs is also bounded [56].

ii. As explained in Section 2.2.1, the weights between the rules layer and the output layer are
updated by W, (r+ 1) =W, (¥) — n,, AW, (see Equation (14)). In this equation, 7,, should be
selected to be small enough to ensure that weights W, are adjusted such that the error between
the approximated function and its given reference is reduced over time.

iii. According to the explanations above and by knowing the boundedness of the output of the rule
layer, we can conclude that F, also varies in a bounded interval, so that ‘F V_Y’ < Qysyuy» Where

Ovsyux > 0.
Therefore, using the triangle inequality [57], we can write:
Fo—F| <|Fy|+|-F.s (24)
where |va <F,,,, and |ﬁ vs| < Ouspyuy- Thus, |F‘,.v —F vs| < Foguy + Omax = €5 and &, is a too small

positive constant.
According to the proof of boundedness in Equation (23), we can rewrite V,, as follows:

Vvs = Svs + va D| - kvs va Svs (Svs +DMAX - kvs) (25)

A

Fvs _Fvs

<

So that:
VVS S

S vs

(Evs + DMAX - kvs) (26)

The expression in Equation (26) indicates that for k,, > €,; + Dyax, there will be always V.. <0, and
therefore the proposed control system will be asymptotically stable.

2.3.2 AH mode control system design
Similarly, the AH mode controller can be designed using the sliding surface defined in terms of the
tracking error e, in Equation (3) and its first-order derivative ¢,, as follows [52]:

Sy = e, + Lye, (27)

where L, is a positive constant.

Taking the derivative of the sliding surface S, and using the state-space representation hx)=F,+
u, + D according to Equation (1), and the second order time derivative of the tracking error ¢, = h— 'fz,.ef
from Equation (3), the sliding surface derivative becomes:

Sh =é,+ Ly =F,+w,+D— h'ref + Lye, (28)
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As presented for the VS mode in Section 2.3.1, for the AH mode, the equivalent control term u,

. eqp
was designed using S, = 0 [52], which lead to the final form of the control law u,,:

U, = ueq/, + uxwh = _ﬁh + ﬁrgf - Lhéh _khsat (Sh) (29)

legy, Uswy,

To prove the stability of the control law in Equation (29), the Lyapunov candidate in Equation (30)
and its derivative in Equations (31) and (32) become [52].

1
V,= E(Sh)2 (30)
Vi=8,80 =S, [Fu+ ty+ D — hyy + L&4] @31
Vv, =S5, [F,, —Fy+ D — kysat (sh)] (32)

The same calculations were applied for the AH mode controller as for the VS mode controller.
Replacing u;, in Equation (31) with its expression given in Equation (29) and knowing that |F y —F h| <
Fiyuy + Oy = €4, which was calculated from the triangle inequality [57] (with |F,| <F),,,, and
), the final expression of

|F)| < Oy » Where F,,,, and Q. are positive values and |sat (S,)| < [S,
V, is obtained as shown in Equation (33):

Vi < |Sh| (&n + Dyax — ki) (33)

Similarly, with respect to the expression in Equation (33) and with k;, > &), + D,y it can be concluded
that V, <0, representing the asymptotical stability of the proposed control methodology for the AH
mode system.

To ensure the appropriate transition between the VS and AH modes, a new algorithm was developed
to switch between these modes and is described next in Section 2.4.

2.4 FLS-based autopilot mode transition algorithm

This section presents a novel mode transition algorithm based on the FLS to make smooth transition
between modes. Using this transition algorithm, when the aircraft climbs or descends to the pilot’s
commanded altitude, as soon as it reaches a specific distance (A#k)) from this commanded altitude, the
transition algorithm switches from the VS mode to the AH mode. Once the aircraft reaches this distance,
the AH control system tries to maintain the commanded altitude, preventing the aircraft from climbing
further or descending to lower altitudes.

As explained in Ghazi [45], the distance at which the AH mode becomes engaged can be calculated

with in Equation (34):
VSrc : -1
Ah= href - htrans = 2 c (34)
‘ 0.05 x g e

where g ~ 9.81 is the gravitational acceleration.

This fuzzy logic transition algorithm is the core decision-making component in this autopilot system,
which switches between its modes. As shown in Fig. 4, an FLS is composed of four main components:
(1) fuzzifier, (2) fuzzy rule base, (3) inference engine and (4) defuzzifier. These components are
explained in details in Wang [55].

In this algorithm, we used the altitude tracking error e, in Equation (3) as the input that was given
to the FLS. This variable was fuzzified using three different membership functions defined by some
linguistic variables such as Negative High Error (NHE), Medium Error (ME) and Positive High Error
(PHE). Regarding these linguistic variables, we defined a minimum number of fuzzy rules to simplify
the design of the FLS. In addition, the outputs were selected by two singleton values between 0 and 1
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Figure 4. Main components of the FLS.

for each m,, and m, coeflicient. The equations of each membership function are presented in Equations
(35.a)-(35.¢):

0 if ey <a
e, —da .
-— ifa,<e, <a,
a, — a
nne (€r, a1, G, a3, a4) = 1 1 ifa,<e,<a; (35.a)
as —e,
ifa;<e,<a,
a, — das
0 if e, <ay
0 l:feh < bl
e, — b, .
b —b ifby<e,<b,
» — by
tme (e, b1, by, by) = b e (35.b)
37 €n .
ifb,<e,<b;
by — b, f
0 l:feh > b3
0 if e, <c
e, — C .
— fa<e=<ao
C—C
Mong (€, €1, €2, C3,04) = 7 1 ifo,<e,<c; (35.0)
Cy— €,
ifcs<e,<c
Cy — C3
if e, >cy

The parameters values selected for each membership function are presented in Table 5.

The values of £, were calculated in accordance with the variations of VS,, as shown in Equation
(34). After fuzzifying the altitude tracking error e, using the membership functions in Equations (35.a)
to (35.c), the fuzzy rules should be defined to specify the relationship between the input and the outputs
in this FLS. These fuzzy rules were proposed using a single input e, and multiple outputs such as m,,
and m,,. Applying each linguistic variables shown by NHE, ME and PHE, we defined two combined
IF-THEN fuzzy rules, as follows:
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Table 5. Parameter values of the membership functions in the transition algorithm

MNHE MmME MpHE
Constant Value Constant Value Constant Value
a; —51000 b, —Nyyans ¢ 0
a, —50000 b, 0 c Rirans
as —Nyns bs Pirans c; 50000
a, 0 Cy 51000

3

V5 Mode
Switching
Control
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VS Mode
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Control
Law

FRNN
V5 mode

VS Mode
sliding |—|
surface

Pitch rate Control # Alreraft

ATH ATH

Mode
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sliding
Control
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T ATH
Mode
o | [z
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Figure 5. Block diagram of the developed autopilot system.

o Rule 1. IF e, is NHE OR e, is PHE THEN m, is Activated
o Rule 2. IF e, is ME AND NOT NHE OR IF e, is ME AND NOT PHE THEN m,, is Activated

Typically, in an FLS, the operator AND is implemented by the min function, and NOT is a complement
operator that can be expressed by 1 — . The relationship between the antecedent (IF-part) and the
consequent (THEN-part) parts was aggregated using the OR operator implemented by the max function
[55]. Therefore, the rules 1 and 2, given above, were defined as shown in Equations (36) and (37):

m,; = max [mln (/’LNHE9 l) s min (I’LPHE’ l)] (36)

my, = max [min (Uye, 1 — tyge) >, min (ve, 1 — wpue)] 37

By using this algorithm, at each time, one of the coefficients m,, and m, will be active with values
between 0 and 1. Hence, the final control law u,; was developed for the autopilot system with Equation
(38), using the values obtained from Equations (36) and (37) for each m,, and m,,, respectively:

Uar = M8 ysUyg + nygnltp (38)

where g, g, > 0.

Figure 5 illustrates the main architecture of the developed autopilot system in this article, where 4 acts
as the reference pitch rate signal given to the pitch rate controller in the inner loop. The pitch rate con-
troller was designed by using a new TIAFSMC methodology, developed by researchers at LARCASE
and published in Hosseini et al. [46].
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Table 6. Parameters for selecting 925 flight conditions
Altitude (ft)  CAS (kts)  Xcg (% MAC)  Weight (Ibs)

8000 180 24 26000
10000 200 26 27000
15000 230 28 28000
20000 250 30 29000
25000 300 32 30000
30000 330

35000

38000

42000

Table 7. Parameters of the pitch rate control

system (TIAFSMC)

Parameters Values
Sliding surface coefficient (C) 1.3
Adaptation law parameter (o;) 107
Adaptation law parameter (o) 10
Adaptation law parameter () 100
Adaptation law parameter (y,) 100
Switching control gain (L) 550
Integral control gain (k) 5500

Table 8. Design parameters of the autopilot control laws

Mode Parameter Value Mode Parameter Value

VS mode L, 53 AH L, 55
kys 1.3 Mode ky 0.8
L 0.085 gn 0.085

3.0 Results

This section presents the experimental results obtained from a high-fidelity nonlinear simulation plat-
form developed for the CCX aircraft, as well as comprehensive analysis using the methodologies
proposed in this article for the design of the autopilot system. This platform was initialised using the
parameter ranges given in Table 6 to generate a total of 925 different flight conditions, covering the
entire flight envelope of the CCX. It is important to note that the values shown in each row of Table 6 do
not represent any combinations of altitude, CAS, Weight and Xcg. Rather, they define the overall range
of each parameter. The 925 flight conditions were generated by iteratively combining parameter values
in (Altitude-CAS) and (Weight-Xcg) pairs, without implying that each altitude corresponds to a single
or fixed CAS, Weight or Xcg value.

The pitch rate control system in the inner loop of this autopilot system was designed using the
T1AFSMC presented in Hosseini et al. [46], whose parameters are given in Table 7.

In addition, the other parameters values in the proposed autopilot control laws, given in Equations
(21), (29) and (38) are shown in Table 8.

It should be stated that all hyperparameters, gains and design parameters were carefully and experi-
mentally selected to ensure the performance of the autopilot system across all flight conditions with and
without turbulence.
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Figure 6. The variations of approximated dynamics vs the true signals in VS hold mode for 19 random
flight conditions at different flight levels.

The validation of proposed methodologies in this article starts with the simulation results obtained
for approximators proposed in Section 2.2. As previously described, two MFRNNSs were used to approx-
imate the aircraft dynamics in both VS and AH mode, without any prior knowledge of the aircraft model
or its subsystems.

Figures 6 and 7 illustrate the variations of the approximated dynamics functions with respect to the
true signals, which were defined as F,, = VS for the VS mode, and F), = h for the AH mode.
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Figure 7. The variations of approximated dynamics vs the true signals in altitude hold mode for 19
random flight conditions at different flight levels.

These results were obtained for 19 random flight conditions at different altitudes, showing very good
dynamics approximations with a minimum number of measured inputs to be integrated into the design
of autopilot systems.

To achieve our first control objective, which is to satisfy the tracking performance of both autopilot
modes in ideal flight conditions (without turbulence), the following flight scenario was considered:

i. VS mode control: In this mode, the desired vertical speed was set to 9 m/s (1800 ft/min) to
specify the rate of climb (ROC).

ii. We equalised the desired altitude A, to h,.;, + 1000 meters (3280 ft), where h,,;, is the air-
craft initial altitude at the beginning of simulation which varies at each flight condition. In this
scenario, the aircraft started climbing at the commanded vertical speed. As soon as the aircraft
arrived at a specified altitude (h,,; £ h,,.,), the transition algorithm automatically engaged the
AH mode to capture and maintain the desired altitude £,,;.

iii. After 500 secs, we set the desired rate of descent was set to 5 m/s (*1000 ft/min) and then
the desired altitude A,, was changed to A, + 300 meters (984 ft), meaning that the aircraft
descended by 700 meters (~ 2296 ft) with respect to the previous reference altitude 4, in the
climb manoeuvre.
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Figure 8. VS time variations at the altitudes (a) 8000 to 15000 ft, (b) 20000 to 30000 ft and (c) 35000
to 42000 ft in ideal flight conditions (no turbulence) across 925 flight conditions (coloured lines).

The results obtained for the scenario described above are shown in Figs. 8 to 13. For the VS mode,
we have chosen the climbing rate at 9 m/s (=1800 ft/min). This rate was immediately increased to
reach the desired vertical speed. Once the aircraft reached the desired climbing rate, it maintained the
desired vertical speed until it reached a distance #,,,,, from the desired altitude that was calculated using
Equation (34). At this point, the VS mode control system was deactivated (the VS signal returned to
zero). During the climb, the VS mode remained engaged until # = 106 sec, and then it was reactivated
between ¢ =500 sec and 7 = 638 sec for the descent manoeuvre. The AH mode was engaged outside
of these periods during the simulation. As shown in Figs. 8 and 9, at # =500 sec, a descent command
was issued, making the AH mode inactive, and the VS started to decrease to 5 m/s (=1000 ft/min).
As the aircraft achieved the desired descent rate, it remained within an interval of A, h,,.,,, where
the AH mode was activated. Figures 8 and 9 represent the results for the time variations of the aircraft
vertical speed, and the aircraft altitude for flight conditions with altitudes (a) 8000, 10000 and 15000 ft,
(b) 20000, 25000 and 30000 ft and (c) 35000, 38000 and 42000 ft.

The initial altitude values at each flight condition were different; therefore, for the sake of clarity
in the presentation of our results, we superimposed all altitude signals to start from zero in Fig. 9. In
addition, Fig. 9 shows the variations of aircraft altitude according to the performance of the VS mode
and the AH mode controllers. The dashed blue lines in Fig. 9 depict the altitude range (%, * 1y4,) Where
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Figure 9. Altitude time variations at altitudes (a) 8000 to 15000 ft, (b) 20000 to 30000 ft and
(c) 35000-to 42000 ft in ideal flight conditions (no turbulence) across 925 flight conditions (coloured
lines).

the AH mode was engaged (between the blue lines); outside of this range, the VS mode control system
became engaged. Figure 9 clearly shows how the width of the region varied with respect to the variations
of the VS,

The results in Figs. 8 and 9 demonstrate the excellent performance of the proposed autopilot system
under ideal flight conditions, with no oscillations or overshoots. The variations of the altitude signal
also showed that the aircraft successfully captured the commanded altitude #,,; using the proposed con-
trollers, and that it was adequately stabilised at the altitude reference signal over the time. A detailed
analysis of these results is presented in Fig. 10 to illustrate the performance of the fuzzy logic-based
transition algorithm described in Section 2.4.

The procedure implemented by the proposed fuzzy logic-based transition algorithm is illustrated in
Fig. 10(a.1), showing the variations of the m,,, while Fig. 10(a.2) illustrates the controller output (#1,,u,,)
for the VS mode control system. The variations for the AH control system are shown in Figs. 10(b.1)
and 10(b.2). In these figures, when the VS mode controller or the AH mode controller is engaged, m,,
and my,,, respectively, are equal to 1, and when they are not engaged, they decrease to 0. Due to the abrupt
variations of m,, and m;,,, there are some spikes on the signals in Fig. 8(a.2), e.g., at = 500 sec, and in
Fig. 10(b.2) at t = 638 sec. To smooth out these signals, we used a filter to produce an input that could
be easily handled by the pitch rate control system in the inner loop of the proposed autopilot system
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Figure 10. T variations of the coefficients m,; and my, ((a.1) and (b.2), respectively), and of the signals;
(a.2) myu, and (b.2) myuy, without turbulence across 925 flight conditions (coloured lines).

(see Equation (39)). It should be mentioned that the sum of the control signals u,, and u, generated by
Uar = ¢y, Which was calculated in Equation (38), is reference pitch rate signal (deg/s) controlled by the
T1AFSMC.

Yref ,
— 39
ro $24+28w,5+ w? .

In Equation (39), w, = 3 rad/s is the natural frequency and £ = (.7 is the damping ratio.

Thus, the obtained pitch rate signal used in the inner loop of the autopilot system is presented in
Fig. 11, for altitudes 8000, 10000, 15000 and 20000 ft, and for altitudes 25000, 30000, 35000, 38000
and 42000 ft in Fig. 12.

The pitch rate reference signals shown in Figs. 11 and 12 for all 925 flight conditions were zoomed
out in Figs. 11(a.1) to 11(a.4) and Figs. 12(b.1) to 12(b.4) to represent the smoothness of the pitch rate
reference signal produced by the filter in Equation (39).

Another goal considered in the design of the autopilot control system was to generate elevator
control signals without high-frequency oscillations to avoid mechanical damage to the elevator actu-
ators. This characteristic can be clearly seen in Fig. 13 for the elevator deflections across all 925 flight
conditions.
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Figure 11. Time variations of the pitch rate reference at the altitudes of 8000, 10000, 15000 and 20000
Jft without turbulence across 925 flight conditions (coloured lines).

To evaluate the performance of our autopilot system in critical flight conditions and to provide evi-
dence of the validity of our proposed methodologies, further simulations were performed in the presence
of the moderate-intensity turbulence (107*) during flight.

For this purpose, another flight scenario was defined in which the aircraft was climbing to a specific
altitude and then maintained that altitude. The results shown in Figs. 14 and 15 indicated that the VS
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Figure 12. Time variations of the pitch rate reference at 25000, 30000, 35000, 38000 and 42000 ft
without turbulence across 925 flight conditions (coloured lines).

mode controller remained activated until the aircraft reached the transition altitude 4,,,,, represented by
the blue line (used to calculate the distance A% in Equation (34)). At this point, the transition algorithm
automatically engaged the AH mode control system to maintain the aircraft at the specified reference
altitude, even in the presence of the turbulence effects.

Figure 15 also shows that the VS mode control system could track the given VS reference with a small
number of oscillations with the least possible amplitudes, which are acceptable in this research (when
the VS mode was engaged between t = 0 sec and ¢ = 105 sec). It should be noted that the oscillations
after the activation of the AH mode control system, due to the absence of the aircraft VS control system.
The oscillations from ¢ =105 sec to =300 sec on the vertical speed signal were induced by the tur-
bulence which is natural and expected as the VS mode control system is not active to directly dampen
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Figure 13. Time variations of the elevator deflections without turbulence across 925 flight conditions
(coloured lines).

these fluctuations. Instead in this period, the AH mode was active in the autopilot system and the aircraft
altitude was stabilised and controlled with too small oscillations, as shown in Fig. 14.

Accordingly, the control signal generated by the autopilot, which is the aircraft pitch rate reference
used in the inner loop, is shown in Fig. 16. This signal varied within a bounded interval in response to
the turbulence. The observed oscillations are expected to result from the turbulence-induced effects on
the aircraft vertical speed and altitude.
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Previously, we analysed the performance of the aircraft autopilot control systems under both turbulent
and non-turbulent conditions and assessed the validity of the results. Furthermore, the performances of
the VS and AH controllers were also validated in terms of tracking error values, calculated by mean
absolute error (MAE) metric with and without turbulence. Table 9 shows the flight condition numbers
related to each altitude range at all 925 flight conditions (FC) that were used in Figs. 17 and 18, to
examine the precision and the accuracy of the tracking performance of the autopilot system at different
altitudes.

Figure 17(a) presents the MAE values for the VS mode calculated with respect to the time variations
of the VS signals in Fig. 8. Similarly, Fig. 17(b) presents the MAE values for the AH mode calculated
with respect to the time variations of the altitude signals in Fig. 9. In both figures, the black lines depict
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Figure 17. MAE values at each flight condition for (a) VS mode and (b) AH mode in ideal flight
conditions (no turbulence).

the MAE values during the climb manoeuvre, and the red lines show the MAE values for each flight
condition range during the descent.

The MAE values shown in Figs. 17(a) and 17(b) demonstrated that the proposed controllers for both
autopilot modes have negligible error values under all flight conditions without turbulence, indicating
that the aircraft VS and AH controllers could track very well their commanded reference values.

The MAE values presented in Figs. 18(a) and 18(b) provide more details about the results presented
in Figs. 14 and 15. The ranges of the MAE values shown in Fig. 18 for both VS and AH modes are
acceptable in the presence of moderate intensity (10~%) turbulence for the scope of this research. In
addition, for the VS mode, Fig. 18(a) shows that the developed controller could perform better at higher
altitudes than at lower ones, as MAE values decreased as the altitude increased from the first flight
condition to the 925", referring to Table 9.
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Table 9. Distribution of flight conditions by altitudes authorised in the CCX flight envelope

FCNo 1-75 76-175 176-300 301-425 426-550 551-675 696-775 776-850 851-925
Altitudes 8000 10000 15000 20000 25000 30000 35000 38000 42000
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Figure 18. MAE values at each flight condition for (a) VS mode and (b) AH mode in turbulent condition.

All the results presented in this section confirm the adaptability and real-time applicability of the pro-
posed autopilot system. The PSO algorithm was executed offline over representative flight conditions
spanning the entire CCX flight envelope to initialise all MFRNN weights. During the online learn-
ing process, only the last-layer weights were updated using a backpropagation algorithm. This hybrid
offline-online learning strategy, combined with the MFRNN internal feedback loops enhanced both the
adaptability and corrective responses of the autopilot without any additional computational cost. In addi-
tion, the Type-1 adaptive fuzzy sliding-mode control system used in the inner loop further improved the
overall robustness and stability of the autopilot system. Furthermore, all hyperparameters and controller
gains were kept constants for all 925 flight conditions distributed throughout the CCX flight envelope,
both in the presence and absence of turbulence. These results demonstrate that the autopilot system is
applicable in real-time across all flight conditions of the CCX aircraft. Hence, this validation process
supports the reliability of the proposed methodology.

4.0 Conclusion

This article proposed applying a hybrid control system constructed by use of MFRNNs as approxi-
mators for the aircraft dynamics, and a multi-modal sliding mode control system in which each mode
was activated using two distinct coefficients. These coefficients values were calculated by a new mode
transition algorithm developed based on a fuzzy logic system. This algorithm operated so that when
the VS mode was engaged, the AH mode became inactive, and vice versa based on the variations of
the altitude tracking error without using a conventional altitude capture mode. As stated earlier, two
MFRNNs were developed separately, for approximating the aircraft dynamics in the state-space repre-
sentations of the VS and AH modes. These approximations were successfully obtained only by using the
measured altitude and vertical speed tracking errors and their first-order derivatives even under turbu-
lent flight conditions. These MFRNNs were trained by initialising all weights with the PSO algorithm.
Only the weights between the rules layer and the output layer were updated online, using the backprop-
agation method, while the other weights were fixed at their initialised values. The approximations were
obtained without knowledge of the aircraft dynamics mathematics in the state-space representations.
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The Lyapunov theorem was used to prove the stability and boundedness of each controller. In addition,
the results showed that the control systems developed for each autopilot mode could meet the desired
tracking performance with negligible tracking errors with and without turbulence. In addition, control
systems attenuated the drastic effects of moderate-intensity turbulence across the whole flight envelope
of the CCX aircraft. This research can be extended in the future by incorporating adaptive fuzzy rules
and adaptive membership functions, both of which offer fast convergence with low computational cost
while preserving real-time operation. Additional validation scenarios could also be examined such as
engine failure, severe turbulence and wind shear, to further evaluate the reliability and robustness of the
autopilot system in different critical operating conditions.
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