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Abstract

This paper presents the design of a nonlinear adaptive flight control system for the Cessna Citation X longitudi-
nal dynamics. 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 neural network 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 effec-
tively across all 64 cruise conditions without any gain scheduling. A systematic tuning methodology is introduced
for initialising 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 qualities. Stability is formally guaranteed using Lyapunov-based
analysis. The findings highlight the ability of the designed hybrid adaptive controller to overcome limitations of lin-
earisation, gain scheduling and estimator sensitivity, forecasting a practical and certifiable method for the integration
of intelligent adaptive flight control systems into commercial aircraft.

Nomenclature
T,

. short period time constant

Xeg centre of gravity

CAP control anticipation parameter
CAS calibrated airspeed

CoG centre of gravity

DI dynamic inversion

f,g unknown nonlinear functions
FQ flight quality

ICAO International Civil Aviation Organization
LOC-II loss-of-control in flight

LOE loss-of-effectiveness

NDI nonlinear dynamic inversion
NN neural network

PID proportional integral derivative
RAFS research aircraft flight simulator
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1.0 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 [1], 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 enhance-
ments at the control level, such as flutter suppression or manoeuvre load alleviation, provide more
flexible and efficient solutions [2]. 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 [3]. These methods are straight-
forward and well-established offering proven stability with guaranteed gain and phase margins. However,
they require precise gain scheduling [4] to ensure adequate performance across the aircraft’s full enve-
lope and under varying operating conditions. The tuning of these controllers is based on linearised
models, which often neglect higher-order nonlinearities [3]. Consequently, performance degrades and
stability margins may deteriorate when the aircraft operates outside the scheduled regime. Robust con-
trol techniques such as H,, [5, 6] and linear quadratic Gaussian (LQG) controllers [7] mitigate certain
uncertainties, but they are still strongly dependent on accurate mathematical models.

Advanced nonlinear control methods, such as nonlinear dynamic inversion (NDI) [8—10] and model
predictive control (MPC) [11], address several of the limitations of traditional linear techniques.
However, both approaches depend heavily on precise state-space models [12—14], making them sen-
sitive to parameter variations, unmodeled dynamics or environmental disturbances. This reliance on
precise linearisation remains one of the main obstacles to their widespread application in commercial
aircraft.
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To mitigate this dependence, online estimation techniques such as recursive least squares (RLS)
[15-17] and extended Kalman filtering (EKF) [18] have been developed, enabling incremental model
updates [19] and adaptive compensation of the dynamic inversion [20-22] or MPC controllers [23].
Although effective in principle, their performance is often sensitive to initialisation 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 [24-26],
fuzzy logic [27-29] and hybrid adaptive controllers [30-32] to capture nonlinearity and compensate
for unmodeled dynamics. Robust adaptive control, in particular, has raised interests due to its effective-
ness in compensating for time-varying dynamics and in controlling highly nonlinear systems, including
actuator dynamics [10].

Foundational works by Ref. [22] introduced hybrid adaptive control architectures that combines
baseline inversion controllers, indirect parameter estimation using RLS and adaptive neural networks
adaptive controllers for compensation [22-33]. These studies validated the hybrid concept for dam-
aged aircraft and launch vehicles [34]. More recent applications on the Cessna Citation X [20-23]
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 analysing 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 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 adap-
tive controllers. Furthermore, this study provides a systematic analysis of RLS adaptation mechanisms,
including initialisation, forgetting factors and covariance resets, and evaluates their impact on both sta-
bility 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 [35-37], while nonlinear stability is formally guaranteed through Lyapunov-based
analysis [38, 39].

Related controller structures with different compensation strategies have been assessed by other
researchers. Steffensen et al. [10] examined nonlinear dynamic inversion (DI) with incremental con-
trol perspectives, including first-order actuator dynamics, showing improved robustness but without NN
augmentation nor analysis of wide-range uncertainties. Harris et al. [12] applied L1 adaptive DI ensuring
fast adaptation but with a strong dependence on accurate modelling and without formal flight quality
assessment. More recently, Andrianantara et al. [23] extended their earlier study by combining MPC
with RLS and NN augmentation for the Cessna Citation X, demonstrating performance gains but with-
out 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 prioritised 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. [40] demon-
strated rapid NN-based adaptation for UAV flight in strong winds, but relied primarily on reinforcement
learning without model-based stability guarantees. Zhou et al. [41] proposed extended incremental
DI with optical-flow feedback for micro air vehicles, confirming feasibility but only in small-scale
systems. Earlier, Pedro and Meyer [30] applied NN-based DI to fighter aircraft, showing improved
nonlinear tracking in simulations but without robustness validation. Similarly, Lungu and Lungu
[31] applied NN — DI to landing autopilots, enhancing robustness during approach and flare, while
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Table 1. Cessna Citation X flight specifications

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

Lungu et al. [32] 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 framework.

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.

By addressing long-standing limitations related to gain scheduling, model dependence and estima-
tor sensitivity, this work provides a practical and certifiable method for integrating intelligent adaptive
controllers into commercial aircraft. While previous studies [10-12] have validated adaptive NN — DI
concepts in specific operating conditions, UAVs, or specialised mission phases, this study systematically
assesses 64 cruise conditions of the Cessna Citation X, integrates NN residual learning with RLS sen-
sitivity 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 [42-44], thereby reinforcing both the
relevance and applicability of the proposed approach.

The remainder of this paper is organised as follows: Section 2 presents the methodology and controller
design; Section 3 details the tuning strategy and results for ideal conditions; Section 4 provides robust-
ness evaluation; Section 5 discusses findings; and Section 6 concludes with final remarks. The Lyapunov
stability assessment is provided in the appendix.

1.1 Aircraft model and simulation platform

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 [23-29]. Since its introduction in 1996, the business jet aircraft has been recognised as
one of the fastest business jets ever produced, with a maximum cruise speed of 350 kn and a maximum
Mach number of 0.92. The aircraft is powered by two Rolls-Royce AE3007C-1 turbofan engines, each
providing a maximum thrust of 28,655 N. Its cabin accommodates up to 12 passengers and three 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, summarised in Table 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 [45] provide a realistic platform for evaluating adaptive flight control
architectures.
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Simulataur g vor

Figure 1. Cessna Citation X research aircraft flight simulator (RAFS) manufactured by CAE Inc.

1.1.2 Nonlinear Simulink platform

A high-fidelity nonlinear model of the Cessna Citation X was developed in MATLAB/Simulink [45] 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 Inc. [45] and shown
in Fig. 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 (FAA) and can be consid-
ered comparable to Level D fidelity with respect to flight dynamics. The flight dynamics implemented
within the RAFS are based on CAE Inc. 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, manoeuvres and full-mission simulations.
The MATLAB/Simulink environment was developed to reproduce the RAFS flight dynamics with suf-
ficient 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 NN-based adaptive controllers with approximate dynamic inversion
[20, 21] and model predictive controllers [14]. Similarly, fuzzy logic and recurrent neural network con-
trollers have been demonstrated for longitudinal and lateral control [29-51], while control clearance and
lateral flight qualities were investigated in [49, 50].
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Table 2. Actuator dynamics parameter

Parameter Value
Natural frequency 20 rad/s
Maximum deflection 14°
Minimum deflection —19°
Damping ratio 0.8
Rate limit 20°/sec
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Figure 2. Pitch rate model reference adaptive controller using PID, RLS dynamic inversion and
adaptive NN.

1.2 Nonlinear dynamic model

1.2.1 Cessna Citation X nonlinear dynamic model

The aircraft’s longitudinal dynamics were considered in this study. This assumption allows us to write
the following nonlinear representation of the aircraft’s longitudinal dynamics:

X=@(x,n)
1
y=h(x) W
where x=[u w g 6]" is the state vector, u and w are the longitudinal and lateral velocity compo-
nents, respectively, ¢ is the pitch rate 6 is the pitch angle, % is a nonlinear function, n = §, is the elevator
input and ¢ is an unknown nonlinear function.

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 [10]. The actuator parameters are summarised
in Table 2.

2.0 Pitch rate controller design
2.1 Controller architecture
Figure 2 presents the controller architecture for the pitch rate control. The control elements include a
baseline PID controller, an RLS-based DI controller and a NN adaptive controller. The stability analysis
is detailed in the appendix.

Controlling the pitch rate ¢ for longitudinal control aims to track the desired short period perfor-
mances [3]. Therefore, the proposed control algorithm is designed to track a reference signal g,.

Downloaded from https://www.cambridge.org/core. 25 Mar 2026 at 22:39:28, subject to the Cambridge Core terms of use.


https://www.cambridge.org/core

The Aeronautical Journal 7

2.2 Controller elements

Nonlinear Dynamic Inversion Controller

For linear systems, DI is straightforward to execute [3]. For nonlinear systems, the inversion is more
difficult, as nonlinear systems may include unmodeled dynamics. According to Ref. [3], most aircraft
dynamics can be represented in affine form, with respect to the control input. Therefore, Equation (1)
can be rewritten as:

= 1£(x) + ()

y=g=Cx @

where f and g are nonlinear functions, and y is the output. Hence, C=[0 0 1 O]for pitch rate output.
Inverting Equation (1), the control input may be written as:

n=R(X,Xx) 3)

where ® = ¢! is the inverse function of @. Next, let’s express n = 8. according to the control algorithm
in Fig. 2. Considering Equations (1) and (2):

X = @(x,n) =f(x) + gx)n “4)
Developing Equation (4) using the first-order linear approximation around (xo, 1), we obtain:
@(X, 1) = @(Xo, 10) + @' (X, Mg (X — X0) + @', (X, M0 (N — M0) 5

where @(Xq, 10) is the value at (Xy, 10), @', (X, N)xy., and @', (X, 1)y, ., are the partial derivatives of ¢ with
respect to x and 7, respectively. We may formulate the terms in Equation (5), such as:

@(Xo, 110) =1(Xo) + g(X0)n (6.1)

of(x) ~ 0g(x)
ox + ox

¢ (x,n)= n (6.2)

af 9
¢,(x,n)= a(x) + M =g(x) (6.3)
n an

Considering the following changes, so that Ax=(x —x,) and An=(n —1ny), and substituting
Equation (6) into Equation (5), the following expression is obtained:
ofx) | 9g(x)
ox + ox

o(x, n) =1£(x,) + g(xo0)n + ( n) AX + 8(X)xy.0 A7) (7

Let us express x in Equation (4) for small perturbations around (X, 7):

X=X, +Ax=¢@ (X,1) 3

From Equations (7) and (8), and considering X, = f(x,) 4+ g(X¢)n, AX can be written such as:

) of(x) =~ dg(x)
Ak = ( o+ EY0)  Ax+ g, AN ©)
X dax o
Making the following changes:
of (x)  dg(x)

Fyno = <T + ox n XMO; Gy = g(X)XO,no (10)

Equation (9) can be expressed in a simplified form:

Ax=F,_, Ax+ G, A7 (11)

X570 X050
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Recalling from Equation (2), Ay may be computed as follows:

Ay = CAx (12)
Substituting Ax from Equation (11) into Equation (12), we obtain:
Ay =CF,,,,Ax + CGy, ,, A (13)

From Equation (13), An may be obtained by inversion as follows:
A= (CGy,,) " ( Ay~ CFy, Ax) (14)

The control task consists of tracking a reference signal ». Consequently, the error dynamics e may be
determined as follows:

e=r—y (15.1)
= e=F—7 (15.2)

where y is the output variable.
Taking y ~ Ay for small discrete time steps and recalling from Equation (15.2), for whichy =7 — e,
then An may be written as such:

An=(CGy,) " (#+v—CF,, Ax) (16)
where v is chosen so that the following relationship is fulfilled [3]:
e=—v a7

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

Online parameter estimation

Finding analytical solutions of Fy ,, and Gy,,, given in Equation (10) can be tasking. Using real-time
estimations, such as the RLS method, is an alternative. The goal is to approximate Fy_ ,, and Gy, ,, based
on local state observations. The RLS formulation can be found in Ref. [15]. This technique allows us to
estimate the states and control variations based on their increments [16, 17].

Transforming Equation (13) into discrete times yields the following representation:

Ayis1 = CFAx, + CG A, (18)
where F, and G; are discrete form of Fy,,, and Gy, .

Ay corresponds to the output variation, and depends on the current states increment Ax; and input
increment An;. Fk and Gk may then be replaced by their estimates Fk and Gk so that:
f;T
Ay = C[Ax, An; ] GT (19)
e
AkT and the vector of past increments

Let us consider the vector of the estimated parameter (:)k = |:
k

X, = [Ax; An]". Then, from Equation (19), A, can be compacted as follows:
Aj = CXI O, (20)
The following defines the error matrix €, as:
€= Ax;, — Ax; 21

From Ref. [15], (:Dk can be numerically computed such as:

(:)k = ék—l + K—Ek (22)

Downloaded from https://www.cambridge.org/core. 25 Mar 2026 at 22:39:28, subject to the Cambridge Core terms of use.


https://www.cambridge.org/core

The Aeronautical Journal 9

Algorithm 1 RLS algorithm and covariance matrix update
Initialise O, L,
Set x and € o500
Compute o, using Eq. (22)
Compute Ay, using Eq. (20)
Compute €, using Eq. (21)
Update L,
if abs (&) < €esnoia
then L, = 10°I
else compute L, using Eq. (23)

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

1 L, X, X'L,_
L,=- (L. — M (23)
K Kk + X, L1 X,

(:)k and L, are obtained using the matrix inversion lemma [15]. Fk and ék entirely depend on the
state variations and control inputs. The initial parameters @,, L, and forgetting factor x must be set
beforehand.

Algorithm 1 presents the update of the covariance matrix L;. The covariance matrix is updated when
the estimation error €, reaches a threshold value €,,,g,14-

Proportional Integral Derivative (PID) controller

From Equation (14), the DI requires a linear feedback controller v [3]. Its value should be chosen so
that stability is ensured according to Lyapunov criteria detailed in the appendix. For this reason, a basic
PID controller is sufficient and may be expressed in Laplace form such as [3]:

K;
V= <KP+—+KDS>8 (24)
N

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

Neural network adaptive controller

Using the estimations in Equation (20) frequently results in prediction errors in real-world applications
[24-26]. Including prediction errors €, into (14), the input An, can be written as:

An=(CGy) '[Ayiss — CRAX— €] (25)
From Equations (16) and (17), An; in Equation (25) can be written:
Ane=(CGY) '[i +v— CFAx — €] (26)

The variables CG, and CF,Ax in Equation (26) represent the aircraft’s local dynamics. To rectify
the uncertainties and estimation errors for F, and Gy, the estimation error can be compensated with an
adaptive term v, so that:

€1 =Vy (27)

An FFNN was used to train v,, as seen in Fig. 3(b).

The effectiveness of the FFNN in Fig. 3 is determined by its hyperparameters, including the number
of neurons and hidden layers, the activation function ¢ and the weights W and V. The output from the
NN may be written such as [3]:

Dot = W (VTR) (28)
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Figure 3. Representation of a feedforward neural network.

where o € EV*V, with N — the number of neurons in the hidden layer, X = [§, ¢, q]", with x € E™*!
denotingthe input vector, and W € EY*" and V € E™¥, with n representing the number of network out-
puts. The activation function in the middle layer corresponds to a fangent sigmoid function such as:

0/2) = (29)

14e=
where i denotes the neuron’s rank. An affine function was used in the input and output layers.
The adaptive signal b,, is multiplied by a gain Kyy, which allows us to control the amplitude of the
adaptive term v,,. Consequently:

Vo = KyyVas = KiyW o (V'X) (30)
Adaptation laws

The following adaptation laws taken from the backpropagation principle [38—45, 47-52] are used to
update the NN hyperparameters:

W=—[(0c —0'V'R) e’ + 1 lle| W] Ty

V=-T, [Xe'Wa’ + i |le|| V]
where e is the tracking error, I'y, and I'y are learning rate matrices, ¢’ is the derivative of o, and X is a
scalar that is equal to 1. In Ref. [38], the additional terms —A||e||WTy and —A ||e|| VI'y. The adaptation
law shown in Equation (31) ensures robustness and stability. A fixed learning rate I' was considered

for diagonal matrices I'y and I'y for the input and output weights, respectively. The backpropagation
algorithm is considered as the steepest descent approximation when I is set to constant.

€29

2.3 Control law

The overall control law may be obtained by substituting Equations (24), (27) and (30) into Equation
(26), such that:

A - K A
Ane=(CGy) "' [i + (Kp +—+ KDs> e — CF,Ax, — KywW'o (Vri)} (32
N
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Table 3. Level 1 longitudinal flight quality requirements for
category B cruise flights

Parameters Range

Short period frequency, rad/s 03<w,<2
Control anticipation parameter 0.085 <CAP <3.6
Settling time at £5%, sec T,<3
Dropback —-02< % <0.5
Short-period time constant, sec 01<T7,<15
Delay allowed, sec 0.1

2.4 Reference model
The proposed algorithm consists of a model reference adaptive controller and controls the pitch rate g,
which is a primary state variable for short period motion. The short period and can be approximated by
a second-order transfer function:
qref _ a)szp (1 + T92 S)
qcma sZ + ngpw.rps + (,()?p

(33)

where sis the Laplace variable. The g, signal consists of the desired second order pitch rate signal,
while g, is a step input signal.

The design requirements for the damping ratio &,, and natural frequency w,, are given by the flight
qualities in MIL-STD-1797A [36]. Equation (33) is used to model the pitch rate reference model as
depicted in Fig. 2. The zero of Equation (33) is defined as —1/7,,, where T,, is the short period time
constant.

2.5 Flight quality requirements

According to the MIL-STD 1797A [36], the Cessna Citation X can be categorised as a Class II aircraft.
The proposed longitudinal controller was designed for Category B cruise operations. Table 3 establishes
the Level 1 flight quality (FQ) requirements for short period dynamics.

2.6 Performance metrics

The overall sum squared error denoted as overall SSE was used for optimal tuning of the controller for
a given number of flight conditions, so that:
i=N
overall SSE =) " SSE, (34)
i=1
where N is the number of flight conditions.
The SSE for a single flight condition is computed as follows:
t=T

SSE="(q — )’ (35)

=0
where ¢, and ¢,,;, correspond to the pitch rate and the pitch rate reference at a given time #, respectively,
and T is the simulation time with a sample time Az =0.02 sec.

3.0 Controller simulation for ideal conditions
3.1 Controller tuning parameters

The controller in Fig. 2 was tuned through sensitivity-based tuning. First, the aircraft is trimmed for all
cruise conditions over the operating envelope, for given altitude #, calibrated airspeed CAS, mass m and
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Table 4. Design parameters for the pitch rate controller

Control element Parameters Value
PID K», K, K -1, -1, -0.1
RLS inversion controller K, Lo, ﬁo, GO 1.015, 10'Ls5, L4,
—0.14,
NN controller Ky, learning rate I’ 20, 11, 30
hidden layers, neurons
Reference model &y 5T, 0.69, 4 rad/s 0.35 sec

1 T T T T T

LLLLLLLL L LA

q

q [deg/s]

2 ! 1 1
0 5 10 15 20 25 30

time [sec]

Figure 4. Pitch rate and elevator responses for cruises at 35,000 ft and 290 kt.

centre of gravity x,. Second, the PID gains Ky, K; and K}, are tuned so that convergence is fulfilled.
Third, the RLS inversion controller is tuned, for which the covariance matrix L, the parameter vector
®, and the forgetting factor « are initialised. Ly is then iteratively updated following Algorithm 1. Then,
the neural network learning rate I' and gain Ky are set. The NN weights are initialised from 0. Finally,
robustness tests are performed. The control parameters are then adjusted throughout the process. The
overall control parameter values are summed up in Table 4.

3.2 Simulation for cruise at 35,000 ft and 290 kn

Figure 4 shows the pitch rate control at 10,668 m [35,000 ft] and 537 km/h [290 kn]. The hyperparameter
variations are shown in Fig. 5. Figure 6 shows the RLS parameters, including the covariance matrix L;
in Equation (23) and the prediction error ¢; in Equation (21). Figure 7 shows the RLS state estimations.

3.3 Simulation and validation over the flight envelope

3.3.1 Flight operating conditions

Sixty-four 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
Fig. 8. A CoG of 25% and a weight of 15,000 kg [33,000 Ib] were set for all simulations.

3.3.2 NN and RLS parameter sensitivity analysis
The effect of the NN and RLS parameters on the pitch rate reference tracking are shown in Figs. 9 and 10.

Downloaded from https://www.cambridge.org/core. 25 Mar 2026 at 22:39:28, subject to the Cambridge Core terms of use.


https://www.cambridge.org/core

The Aeronautical Journal 13

x10*
£ I I I ' X\
= 5b o |
5 ) \ / \
= 0 S —
- — =
Z. 5k 1 1 T f:/ 1 1 i
0 5 10 15 20 25 30
2 T T T T T
1
&
0 J—
1 1 1 L 1
0 5 10 15 20 25 30
0 T T T T T
.05 L—W
_1 1 1 1 1 1
0 5 10 15 20 25 30
time [sec]
Figure 5. Hyperparameter variation during cruise flight.
(a) T T T T T
1500 ]
1000 =]
= 500 |
0 S !
-500 ' E
0 5 10 15 20 25 30
(b) 1073
2 i
w E
) S M W
_1 1 1 1 1 1
0 5 10 15 20 25 30
time [sec]

Figure 6. (a) Covariance matrix L, update and (b) prediction error during cruise.

3.3.3 Controller tuning under wind gusts and turbulences

Figure 11 shows the overall SSE in Equation (34) for N = 10 flight conditions. The simulations in
Fig. 11(b) include wind gusts with u,,;,; = 40 m/s [78 kn] and w,;,, = 5 m/s [9.7 kn]. The cruise flights
in Fig. 11(c) were simulated using the Dryden turbulence model [3] with moderate intensity. From
Fig. 11(b) and Fig. 11(c), an optimal compromise of I' and Ky were found and summed up in Table 4.

3.4 Comparison of controller configurations
In Fig. 12, the tracking error is smaller when the adaptive controllers are successively added. This shows
the contribution of each control element and the controller’s ability to adapt across the flight envelope.
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15
time [sec]

Figure 7. Longitudinal states estimation using the RLS algorithm for cruise flight at 10,668 m AGL

and 537 km/h.
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Figure 8. Selected cruise conditions for m =15, 000 kg and CoG x., = 25% MAC.

3.5 Flight quality validation

The pitch-rate controller was designed to satisfy the FQ requirements specified in MIL-STD-1797A for
Class II, Category B aircraft. In this study, the reference model parameters (in Table 5) were selected
to introduce a small overshoot of approximately 20% and steady state relative error below 1.2% in the
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Figure 9. Pitch rate response for different learning rates T and forgetting factors « at all cruise

conditions.
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Figure 10. Pitch rate response for three different neural networks gains Knn values for all cruise
conditions.

pitch-rate response. This design choice was made to ensure compliance with the dropback requirement
specified in Table 3 and defined in MIL-STD-1797A [36], rather than representing a formal Level 1
requirement. The FQ validation was carried out by assessing the short-period damping ratio &,,, natural
frequency w,,, and control anticipation parameter (CAP) across the flight envelope. As shown in Fig. 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 summarised in Table 6.

The aircraft flight qualities were assessed in Fig. 13(a) and Fig. 13(b). The dynamic parameters &,,,
wy, and T, in Equation (33) have been identified for each flight condition using system identification.
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Figure 11. Sum squared error contour plot for 10 flight conditions for (a) ideal conditions, (b) wind
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(a) (b) (c)

1.5 e g 1.5 1.5
= 1 ._: R T T LT L LLLL LTI = 1 SO I LT ITTTTITITITIrI
S~ : S~
& H &
= =,
o 0'54.: 0.5

0 0 0
0 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4 5
time [sec]

time [sec] time [sec]

Figure 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.

For each flight condition, optimisation errors less than 2% were obtained, small enough to validate the
identification. The CAP in Fig. 13(b) was also determined [37] and computed as follows:
2
CAP = VO—Y’;

g To,
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Table 5. Pitch rate reference model dynamic characteristics for level 1 flight

quality

Frequency, rad/s  Damping  Time constant, sec ~ Parameter = Dropback
D,

wsp éxp T92 a)spTOZ q ’

4 0.69 0.5 2 0.155

Table 6. Reference signal and pitch rate dynamic performance results

Frequency, Rising time at  Settling time at  Overshoot

Damping rad/s 90%, sec £5% g, sec %o
Signal &y Wy T, T, -
Reference 0.69 4 0.21 1.22 21
model g,
Pitch rate 0.59-0.77 4.31-5.27 0.25-0.29 1-1.85 6-28
response
(a) (b) 100
¢+ controller response
¢+  reference model (4??
_ 4
N
\ 19)
}_:“ LEVEL 1 . g
g 10° 2 4ot LEVEL 1
B LEVEL 2 o
<
o LEVEL 2
0.2 04 06 08 012 o.‘4 O.‘6 ojs
[
Ssp fsp

Figure 13. Short period flight qualities for (a) damping and frequency requirements and (b) CAP
requirements.

where V, is the airspeed, g is the gravitational constant, equal to 9.81 m/s* [32.18 ft/s?], w;, is the short
period frequency and 7, is the short period time constant.

The Level 1 FQ boundaries given by MIL-STD-1797A [36] are depicted in Fig. 13(a) and 13(b).
The FQ boundaries show the FAA requirements for optimal dynamic parameters &,,, w,,, T,, and CAP
parameter. The pitch rate reference model dynamic parameters according to Table 6 are also represented.
As seen in Fig. 13(a), 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 are also lying within the Level
1 region as seen in Fig. 13(b). The CAP parameters are gathered far from the Level 1 boundary, showing
dynamic stability margin.
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Figure 14. Pitch rate and elevator responses under tailwind gust.
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Figure 15. Turbulence profiles at different altitudes, pitch rate and elevator responses.

4.0 Robustness validation
4.1 Wind gust and turbulence tests
The controller was tested against wind gusts in Fig. 14 and turbulence in Fig. 15 [53].

The tailwind gust was simulated for u,,;,; =40 m/s and w,;,; =5 m/s at t =5 sec. The lateral wind
component v,,,, was set to 0 m/s. Figure 15 illustrates the controller’s behaviour in the presence of
turbulence. Dryden turbulence model was simulated for moderate turbulence in Simulink.

4.2 Actuator fault tests

Finally, the flight controller was validated for actuator faults [54]. Fifty per cent loss-of-effectiveness
(LOE) on the elevators was simulated in Fig. 16(a), while white noises on the actuators are shown in
Fig. 16(b). The actuator faults were added to the elevator’s effectiveness C}*.
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Figure 16. Pitch rate, elevator and adaptive element responses for (a) 50% LOE and (b) actuator noise.

5.0 Results and discussion
5.1 Controller performance

The proposed controller illustrated in Fig. 1 was first evaluated at a representative cruise condition of
10,668 m [35,000 ft] and CAS 537 km/h [290 kn]. As seen in Fig. 4, the pitch rate closely follows
the reference command, with elevator deflections remain close to their trim values. Figure 5 shows the
neural network weights and the RLS estimated matrices converged according to the adaptation laws in
Equation (31) confirming the correct implementation of the online adaptation.

RLS updates were triggered when the prediction error exceeded a specified threshold, as shown
in Fig. 6, preventing divergence and numerical instabilities. The estimated longitudinal states closely
matched the measured states in Fig. 7, validating the RLS algorithm for online state identification.

A detailed parameter sensitivity study highlighted the complementary roles of the RLS-based
dynamic inversion and the neural network. The RLS estimator was found to be highly sensitive to the
forgetting factor k: small values led to poor estimation due to rapid forgetting, while high values led
to slower adaptation but more precise without oscillations. To mitigate these effects, the covariance
matrix Ly was reinitialised when the prediction error exceeded a threshold, ensuring better estimation.
As shown in Fig. 6(a), reinitialising Ly at 10° I; 5 enabled fast convergence and precise estimation.

The neural network compensates for the RLS estimation errors. As demonstrated in Figs. 9 to 11,
increasing the gain Kyy and the learning rate I" reduced the overall SSE and improved adaptation under
nominal conditions. However, overtuning these parameters may cause divergence in the presence of dis-
turbances, as shown in Fig. 11(b) and Fig. 11(c). For instance, Kyy = 10 improved disturbance rejection
but produced high SSE under ideal conditions, as seen in Fig. 11(a). This highlights the necessity of care-
ful parameter tuning to achieve a balanced trade-off. Additional tests (Fig. 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 kn] to 611 km/h [330 kn]. Sensitivity
studies in Figs. 9 to 11 showed that higher values of the forgetting factor k, NN learning rate I' and NN
gain Ky improved adaptation but increased steady-state error under disturbances. Optimal parameters
in Table 4 were selected in order to ensure compromise between tracking accuracy, robustness, stability
and Level 1 FQ.
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In Fig. 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 track-
ing error and the strongest disturbance rejection, confirming the advantages of combining classic PID
controllers with learning-based adaptation.

Flight quality assessment was conducted out using the reference model in Table 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 Fig. 13, Level 1 flight qualities were consistently
achieved for all flight conditions, as the short-period parameters and the CAP values remained within
the required boundaries. Additional tests were performed in which the reference model was modified or
removed, and Level 1 FQ were still maintained, demonstrating the controller’s adaptability to different
reference models. It is important to note that this study focuses on 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 HQ 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 Fig. 1.

Finally, the robustness of the proposed controller was demonstrated under multiple uncertainties:
wind gusts and Dryden turbulence of moderate intensity in Fig. 14 and actuator loss-of-effectiveness
and actuator noise in Fig. 16. In all cases, the controller was able to maintain stability and to adapt the
pitch rate within 1.9 sec settling time, while maintaining Level 1 FQ. The elevator deflections remained
effective and unsaturated, even in the presence of uncertainties.

5.2 Comparative study

Across recent adaptive and intelligent flight control studies, different approaches have demonstrated
notable improvements in tracking performance. Harris et al. [12] showed that L1 adaptive augmentation
reduced manoeuvre tracking errors by 30-80%. This is also supported by the controller configuration
comparative study, for which the PID — RLS — NN combination shows improved performance.

Steffensen et al. [10] established 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.

Andrianantara et al. [23] demonstrated that the model predictive controller — neural network con-
troller 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 4 and analyses the control parameters sensitivity.

In the spacecraft control domain, Lungu et al. [32] showed that their adaptive NN — DI controller
achieved convergence in less than 3 sec, with negligible steady-state error, and very low overshoot, out-
performing conventional PID designs. In fighter aircraft applications, Pedro and Meyer [30] 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 later-
ally and 4 m vertically, and thus in the presence of storm. Similarly, Lungu and Lungu [31] 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. [41] introduced extended INDI, which enabled oscillation-
free optical-flow landings, reducing flow-divergence tracking RMSE to 0.10 s™' versus 0.58 s
under conventional feedback, while adapting robustly across different initial heights and noisy envi-
ronmental conditions. Nguyen et al. [22] demonstrated their hybrid NN — DI controller had a tracking
error by over an order of magnitude compared to baseline control, achieving errors between 0.05 and
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.
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By contrast, the hybrid PID — RLS — NN controller developed in this paper demonstrated its effec-
tiveness 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 over-
shoot between 6% and 28% across the flight envelope, all while maintaining Level 1 FQ. 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 envi-
ronmental disturbances and system faults. While Harris et al. [12] and Lungu [32] 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.

6.0 Conclusion

An adaptive pitch-rate controller for the Cessna Citation X was developed and validated using a hybrid
RLS- DI 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 initialisation and forgetting factor, as well as
the importance of finding compromise between the neural network gain and learning rate. A covariance
reinitialisation strategy was introduced to prevent 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 turbu-
lence, 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 classic 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.
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A. Appendix

The controller boundedness and convergence were assessed using Lyapunov criteria: for a given positive
definite candidate L, its derivative £ should be negative definite, such that [55]:

£>0 and L£<0 (36)

Error dynamics

Let us consider the designed control law in Equation (32). Substituting y in Equation (15.2) by its
expression in Equation (13), and applying the final control in Equation (32), it is easy to demonstrate
that the error dynamic e may be defined as follows:

R K, T Tg
e=—(Kp+ ?—}-KDS e+ KawW'a (V') (37)

Let us consider the optimal weights V as the sum of the current weights V and optimisation error V.
The same logic applies to the output weight matrix W, so that:

V=V+Vand W=W+W (38)
where W and V are known values, and W and V are unknown errors. The optimal weights W and V are
therefore unknown.

We can express the Taylor series approximation of the rangent sigmoid function o (V'X) around the
current argument VX as follows:

o (V'%) =0 (V'%) + o' (V') Vi + O (V'%) (39)

where a’(Vch) is the gradient of o (VTX), and O°(V"'%) is the unknown higher-order term.
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For further calculations, let us consider the following notations:
o(V'x) =6 and o’ (V'x) =6 (40)
where ¢ and ¢’ are known values.
By substituting Equations (38) and (39) into Equation (37), it is easy to obtain:

6= — (K., + ?‘ + KDs> e+ KaW'6 + KnwW'é + KawW'e' V' + KaW'O? (V') (41

Linear components with respect to W and V can be easily approximated with suitable tuning of T
[38, 39], while the terms containing two or more unknown parameters and higher-order terms constitute
disturbances, so that Equation (41) can be written as:

K AT A = A
e= — (Kp + — + KDS> e+ KanwW'e + KW' +d (42)
s
where d is the disturbance signal defined as
d=KnwW'6'V'x + KW' O (V%) 43)

where W, V and @ are unknown.

Disturbance boundedness

Through assumptions, Lewis et al. in Ref. [39] assessed the boundedness of d and demonstrated that d
may be bounded as follows:

Idll <Co+Cy | V]| +Ca ||V llell (44)

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

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:

1 1~ ~ 1. = 1~ -
L=~ QL'+ -WI"'W+-VIr'v 45
seet s +5 +3 45)
where @ is the difference between the optimal RLS parameter vector ®" and its estimate ©, such that:

6=0"-06 (46)

The Lyapunov candidate function in Equation (45) includes all the controller adaptive parameters.
Its derivative may be written as follows:

[—6e+OL'®+WI'W4 VIV 47)

RLS controller stability
Here we assess the second term of Equation (45) and demonstrate its negative definiteness.

1~ ~
L,= EGL“G (48)
Its derivative may be computed as follows:
L,=OL'® (49)

where L' is the inverse covariance matrix.
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Let us express ® in discrete time at k — 1 and k, so that:

Ox 1 =0~ O (50)
Ok =0"— 0B
From Equation (22), (:)k can be written as:
Ok = Ok, + Kyex (51
where K, is the Kalman gain vector defined as:
Taking into account Equation (51), écan be expressed as:
0=0, -0, =K, (53)
Therefore, substituting Equation (25) into (49), the derivative L, can be expressed as:
L, =—OL 'Ky, (54)

Let us assess the definiteness of Equation (54). The elements of O can be positive or negative,
depending on whether ®k are underestimating or overestimating ©". The magnitude of Ois expected
to decrease over time, tending to zero as o, converges to @*. Consequently, the magnitude of the esti-
mation error €, decreases. The sign of €, may still vary; however, these variations become smaller and
less frequent, since the estimates O, are stabilising.

The sign of the Kalman gain vector K in the context of the Recursive Least Squares algorithm is
generally positive. However, it is more accurate to say that K is a vector that scales the correction applied
to the parameter estimates rather than focusing solely on its sign, as shown in Equation (51).

The inverse covariance matrix L~ is positive definite; therefore, the definiteness of Equation (54)
relies on K}, €, and ©. The Kalman gain vector K is chosen to minimise the estimation error €, and the
optimisation error ©. Therefore, in order to guarantee that £, decreases over time, we typically aim for
K, to be chosen such that the product K¢, aligns with the direction of (:), leading to a positive value. This
positive dot product indicates that L, is negative definite, and that £, in Equation (48) is monotonically
decreasing. In that case, the stability and convergence of the RLS algorithm are verified.

Boundedness and convergence
Let us consider the derivative of the Lyapunov candidate in Equation (47), and demonstrate its
boundedness.

L=ée+OL'®+WI'W+ VIV (55)

where V and W are the neural network input and output weight matrices, respectively, V and W are their
respective time derivatives and, I'"' is the inverse learning rate diagonal matrix.

Substituting é, W and V from their expressions in Equations (41) and (31) into Equation (55),
we obtain:

Considering the assumptions in Equation (38) and making all simplifications, Equation (55) can be
simplified as:

L=—c (KP+—+KDs>e+WT e+ W'6'Vixe + W'O* (V'x) e

FOL'O — Wale| W—Vale|V (56)

where the gradient estimate & is assumed to be known.
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Next, we assess the boundedness of each term of Equation (56). Following the reasoning in Ref. [39]
and taking into account the assumption in Equation (38), the term W75 e may be bounded as:

|W'6e| < Wacillell — | W/eullel 57

Following the reasoning in Ref. [39], it can be demonstrated that W’ O* (VT)"C) e may be bounded as
follows:

WO (VIR)e|| < Waes llell +Waenei Qo V] llel +Waene: [ V]llel? (58)
Next, the term W”6'VxeT in Equation (56) may be bounded as follows:
||WT6JV)_C6T || < VmClC“Qd”VV” ”e” + Vmc2cll ||W|| ”6”2 (59)
The term (W(W — W) + V(V — V)) in Equation (56) may also be bounded as:
~ ~ ~ ~ ~ 2 ~ ~ 2 ~
[2 e[ (WW =W) +V(V=V))| = =2[e[ (= W] + W W[ = [V]"+ Va|[V])  ©0)

It has been demonstrated that £, in Equation (54) is negative definite if the Kalman gain matrix K;
is chosen properly. However, even in the case where L, in Equation (54) is not negative definite, if the
estimation is performed correctly, Equation (54) is ensured to converge to 0, as the errors €, and O tend
to zero over time. Therefore, the norm of L’z in Equation (54) is monotonically decreasing to 0 and can
therefore be neglected when accounting L for boundedness.

The bound on £ can thus be stated as follows:

. K
L<— (KP + ?‘ + KDs) el

+ Wacn llel = [ W llell + Vaeien Qu[| W] llel

+Vacaen | Wllell +Wacs llell +WacieiQu[[ V] flel

+ Wacuea| V[ llell* =2 llell (<[ W[+ Wa [ W] — |7] + Va | 7]) (6D
For stability and convergence, the Lyapunov theory states that £ must be negative definite, as stated

in Equation (36). On one hand, £ =0 when ||e| = 0, while on the other hand, Equation (36) is true when
the following equation is true.

K ~ ~ ~ ~
<— (KP + ?I + KDS> + Ve ”WH +WmCIIC2HV”> llell + Waci — ”WHCII +Vm01011Qd”WH

+ Waes + W e Qo[ V] =4 (= [W[" + W [W] = [V + v, V]) <0 (62)

Case 1

The NN approximation is performed properly, so ||W||and ||V|| are small and tend to 0. The term

—x(= ||V~V||2 + WmHWH - ||\~7||2 + Vm||V||) still remains negative definite, as W,, and V,, are higher
values. Equation (62) can then be simplified as follows:

K
— (K,, + ?‘ + KDs> lell + (Wch + Wacs) <0 (63)

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

Woen + Wies

MALLEREME L) 64
Il = e s (64)
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Equation (64) clearly shows that the upper bound on the tracking error depends on the PID gains
Kp, K; and K. For the norm ||e|| to remain positive and small, and thus, the negative definiteness of
Equation (61) is ensured if the magnitudes of Kp, K; and K, are chosen high enough.

Case 2

In the case where the neural network approximation is performed poorly, then || V~VH and || v || are large.

The term —A(— ||V~V”2 +W, HW” - HV”2 +V, H\Nf”) will still remain negative definite, as W,, and V,,
are higher positive values. If ||e| is negligible, then Equation (36.2) remains true. On the contrary, if ||e||
is large, then a proper choice of the linear PID controller gains would still ensure that Equation (36.2)
remains true.

In sum, the PID gains ensure ultimate stability, while the neural network ensures negative defi-
niteness. Furthermore, the term OL 'O in Equation (56) is small and converges to 0. In fact, if the
amplitudes of Kp, K; and K}, are chosen to be large enough, then the negative definiteness in Equation

(36.2) is respected. In sum, in both cases, the overall system stability and convergence of the proposed
controller are guaranteed.
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