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Abstract. Unmanned aerial vehicles (UAVs) are increasingly used | Article Info

in fields such as military, search and rescue, and surveillance | Received Sep 14, 2025
operations. Recent efforts have sought to combine the advantages | Accepted November 14, 2025
of fixed-wing and rotor-wing aircraft. Tail-sitter UAVs are hybrid
platforms that integrate rotor-wing vertical takeoff and landing
with fixed-wing forward flight capabilities. They operate in three
modes: vertical, horizontal, and transition. Depending on the
transition mechanism, tail-sitters can be classified into mono thrust
transitioning (MTT), collective thrust transitioning (CTT), and
differential thrust transitioning (DTT). Despite their promise,
UAVs face challenges in aerodynamic design and flight control,
particularly regarding instability and sensitivity to disturbances. To
address these issues, we propose an approach based on artificial
intelligence and adaptive control. Specifically, we use neural
networks with tunable parameters, such as inputs, weights and
transfer functions, to enhance system robustness across operating
conditions.
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1 Introduction

Unmanned aerial vehicles (UAVs) have become valuable tools across a wide range of applications, including military, search
and rescue, entertainment, and surveillance operations. In recent years, efforts have intensified to combine the benefits of rotor-
wing and fixed-wing platforms. Tail-sitter UAVs represent one such hybrid approach, successfully integrating vertical takeoff
and landing (VTOL) with efficient forward flight. Tail-sitters operate in three flight modes: vertical, horizontal and transition
(Saeed et al., 2018).

Despite recent progress, significant challenges remain in the areas of aerodynamic design and control. Tail-sitters are
particularly susceptible to instabilities and disturbances. In transition flight, rapid changes in aerodynamic forces, control
effectiveness, and flow separation introduce strong nonlinearities that complicate controller design. Even in vertical and
horizontal modes, asymmetric loading and cross-coupling effects can degrade stability if not properly compensated. Even when
modeled with simplified linear systems (Saeed et al., 2018) or addressed via nonlinear control strategies (Wang et al., 2015;
Navarrete et al., 3 2018), conventional approaches may lack sufficient robustness under off-nominal conditions.

In this work, we propose an intelligent control approach for tail-sitter UAVs that includes online identification of the system
dynamics in each flight mode. Our control architecture utilizes an artificial wavelet neural network (WNN) (Ramos et al., 2016),
in which daughter wavelets are used as activation functions. This network structure enhances nonlinear approximation
capability, improving the system’s ability to estimate the dynamic behavior and compensate for disturbances, enhancing flight
stability.

Among the most widely used control schemes, proportional-integral-derivative (PID) controllers remain popular due to their

simplicity, explicit tuning procedures, and availability in commercial off-the-shelf systems. However, traditional PID controllers
are designed for linear systems and exhibit limited robustness and convergence in the presence of nonlinearities (Astrém &

© Editorial Académica Dragon Azteca S. de R.L. de C.V. (EDITADA.ORG), All rights reserved.


mailto:182220022@upmh.edu.mx
mailto:lramosvelasco@
mailto:mvega@upmh.edu.mx
mailto:carlos.dominguez@upp.edu.mx
mailto:fmarroquin@upmh.edu.mx

Alvarez Gonzélez et al. / International Journal of Combinatorial Optimization Problems and Informatics, 17(1) 2026, 132-155.

Hiagglund, 2009). Complex phenomena such as dead time, hard nonlinearities, or high-frequency dynamics pose particular
difficulties. Moreover, PID tuning for nonlinear plants often requires explicit and nontrivial procedures.

The main objective of a PID controller is to minimize the error signal, defined as the difference between the reference and the
output signals. A wide range of analytical and experimental methods are available to tune the PID gains (Astrém & Higglund,
2009). Among them, auto-tuning and self-tuning approaches have been developed to update controller gains online (Astrom &
Wittenmark, 2011; Islas et al., 2011), with WNN-based plant identification serving as the tuning basis.

Here, we extend the WNN-based identification and control methodology to multi-input multi-output (MIMO) systems using
Morlet wavelets. Our main contribution is a novel identification and adaptive control scheme that enables autonomous operation
of a tail-sitter UAV in longitudinal flight. The proposed approach includes two key features. First, adaptive wavelet PID
(AWPID) gains are updated online based on real-time system identification. Second, both identification and control modules are
designed for MIMO systems with unknown dynamics, enabling direct application without prior experimental modeling. We
evaluate the method via numerical simulation using experimental parameters for a tail-sitter UAV (Edwards, 2014). Results
show satisfactory performance in both trajectory tracking and disturbance rejection, demonstrating our method’s effectiveness
and applicability.

The rest of the papers is organized as follows. Section II presents a classification of hybrid UAVs. Section III presents the
mathematical model. Section IV describes the WNN-based system identification and the control scheme. Section V presents
numerical simulations results for a tail-sitter UAV based on experimental data.

2 Hybrid Unmanned Aerial Vehicles

Hybrid UAVs are typically classified into two types: convertible aircraft and tail-sitter aircraft. Convertible designs maintain a
fixed structural orientation across all flight modes, relying on dedicated mechanisms to perform mode transitions. In contrast,
tail-sitter designs take off and land vertically on their tails, with the entire airframe tilting to achieve forward cruise flight. Both
types of aircraft can be further subdivided based on their transition mechanisms and airframe configurations. In what follows,
we analyze the main subtypes, highlight their design features, discuss their respective advantages and disadvantages, and
introduce representative examples.

A
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Fig. 1. Classification of hybrid UAVs.

2.1 Convertible aircraft

Convertible UAVs employ various mechanisms to achieve transitions between vertical and horizontal flight. These platforms
can be divided into four subtypes: tilt-rotor, tilt-wing, rotor-wing and dual-system, as shown in the first row of Error!
Reference source not found.. Each subtype is described below:

1. Tilt-rotor
A tilt-rotor UAV employs multiple rotors mounted on tilting shafts or nacelles. During the transition from hover to
cruise, some or all of the rotors tilt towards the flight direction to generate thrust until cruising flight is achieved.

2. Tilt-wing
A tilt-wing UAV employs a wing structure that tilts along with the rotors. During transition, the entire wing rotates to
align with the forward direction, enabling smooth conversion between hover and cruise flight.

3. Rotor-wing
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A rotor-wing or stop-rotor UAV employs a rotor that generates vertical lift during takeoff and hover. During cruise
flight, the rotor stops and functions as a fixed wing, eliminating the need for separate lifting surfaces.

Dual system

A dual-system UAV employs two independent propulsion systems: vertical thrust is provided by fixed rotors, and
forward propulsion by dedicated propellers. Since no mechanical tilting is required, this configuration simplifies design
and enhances reliability. However, the vertical rotors may introduce aerodynamic drag during cruise.

2.2 Tail-sitter aircraft

Tail-sitter UAVs combine the advantages of VTOL aircraft with those of fixed-wing vehicles. Their operation is typically
divided into three flight modes: vertical, horizontal and transition. These platforms can be classified into three main subtypes
based on their transition mechanism: mono thrust transitioning (MTT), collective thrust transitioning (CTT) and differential
thrust transitioning (DTT), as shown in the second row of Error! Reference source not found..

1.

Mono Thrust Transitioning (MTT)

A MTT tail-sitter UAV employs a single rotor, typically located either at the nose or rear of the fuselage, to generate
thrust. Transition between hover and cruise flight is achieved via thrust vectoring mechanisms such as ducted fan
vanes, cyclic or variable blade pitch propeller, or swashplates.

Collective Thrust Transitioning (CTT)

A CTT tail-sitter UAV employs one or more fixed-pitch blade rotors. Flight mode transitions are achieved through
coordinated control surface deflection and collective adjustment of rotor thrust. While the use of multiple rotors
improves control authority and may outperform MTT configurations, only a few CTT platforms have reached notable
levels of development. Remarkable examples include the T-Wing prototype developed by the University of Sydney and
the VD200, developed by Chengdu Aircraft Research and Design Institute (CARDI) in China.

Differential Thrust Transitioning (DTT)

A DTT tail-sitter UAV employs multiple rotors distributed above and below the horizontal plane of the airframe.
During transition, differential change in rotor thrust produces pitching torque, enabling smooth mode conversion
between vertical and forward flight.

3 Mathematical Model of the Tail-Sitter

This section presents the nonlinear dynamic model of the tail-sitter UAV. The model is used exclusively for numerical
simulation in MATLAB and is not integrated into any control architecture. The vehicle under consideration is the V-bat vehicle,
whose dynamics are described using a 12 state-space representation, defined by the following equations of motion:

Pn = u(cos B cosy) + v(sin ¢ sin B cosyp) + w(cos ¢ sin B cosy + sin¢ siny) (1)
Pe = u(cos8 sinys) + v(sin ¢ sin 8 sinyr) + w(cos ¢ sin B siny — sind cosr) (2)
Pd = u(—sin®) + v(sing cos®) + w(cos¢ cosh) (3)
Fx
iL=rv—qw+— (4)
m
F T
v =—ru+pw+ Y (5)
m
Fz
Co_ rz 6
W =qu—pv+ - (6)
p = Flpq + F3q}" + l—‘3l + F4n (7)
. 5 5 m
g =Tspr — Te(p —i")‘f'l,— (8)
yy
F = T}pq + qur + l—'4l + rgn (9)
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& = p + gsinytan(8) + r cos p tand (10)
qucoscb—rsincb (11)
. sing cosd

lIJ_qcosﬁ—Hﬂcosﬂ 12

The external forces acting along the airframe axes are denoted by (fx,fy,fz) and the external moments by (I,m,n). The
dynamic coupling coefficients I'; through I's are defined as:

=11, — Iy?x T = Iz_z T, = Ix_z
r Ly
I _ 2
B (Ixz(fxx — 1y, + Izz)) T, = Xz L= (Ixx (Iyy)fxx) + Iz
= r 7 r
r
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According to (Edwards, 2014), the external forces and moments are defined as:
. 1 c 1 2 2
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The aerodynamic force and moment coefficients are computed using the following relations:
Cy(a) = —Cp(a) cosa + C(a)sina Cxq(a)z —Cp,cosa + Cy sina Cxa(a)z—(}ﬂaq cosa-l—CLquina
Cza = —Cp(a) sina + C;(a) cosa Czq(a):_CDq sina + €y cosa Cz, (@) = —Cp, sina+ Cy, cosa

The aerodynamic parameters used in this mathematical model were taken directly from the system identification results reported
by Edwards (2014), who performed an extensive experimental characterization of the V-bat, including wind-tunnel tests and
flight-data regression. These parameters were selected because they represent one of the most complete and publicly available
datasets for a tail-sitter configuration. Additionally, several subsequent studies on hybrid UAVs have adopted or validated
similar aerodynamic trends for vehicles of comparable geometry and operational regimes, confirming the consistency of the
coefficients used (e.g., nonlinear lift—-drag behavior with angle of attack, control-surface effectiveness, and cross-coupling
moments). Aerodynamic forces are part of a system of forces that also includes the aircraft's weight and thrust, all of which
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influence and interact with an aircraft's performance. Among the main aspects of this performance, stability and control are key
factor for fulfilling the aircraft's assigned mission profile. For this reason, the coefficients of aerodynamic forces are included in
the equations mentioned above. The equations presented in this document, in general terms, are mentioned in specialized
literature on aircraft flight dynamics, such as Lipera (2000, 2001) and Beard & Maclain (2012).

Since this work focuses on evaluating the performance of the proposed identification and control strategy rather than refining

aerodynamic modeling, the Edwards model provides a reliable and experimentally supported baseline. This ensures that the
numerical simulations reflect realistic dynamic behavior while avoiding the need for additional system identification campaigns.

4 Methodology

Based on previous work Alvarez et al. (2019a) and Alvarez et al. (2019b), it has been shown that the Morlet wavelet provides
superior performance in both system identification and adaptive PIF control. In those studies, an online wavelet-based
identification was successfully integrated with a self-tuning PID structure.

4.1 Identification and Control Scheme

In this work, the identification and intelligent control of the tail-sitter are carried out following the architecture shown in Error!
Reference source not found..

Yres(k) &(k) u(k) Plant (K
'4',@_; PID controller > (Tail-sitter) y(k)
p(o)| i) | dek) ®

e(k)
y(k)

Self-tuning PID I(k Identification

A
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gain: (Wavenet)

v(k) /

Fig. 2. Block diagram of the proposed system showing the WNN identification module, the adaptive PID
controller, and the feedback used to update gains in real time.

The methodology is structured in three stages: inverse model identification, PID control design, and online self-tuning of
feedback gains. These are detailed in the subsections below.

4.2 System Identification Using WNN
The wavelet neural network architecture (WNN), shown in Fig. 3, approximates the desired output signal y(t) by constructing a

linear combination of daughter wavelets h,,(t), which are generated from a mother wavelet h(t) by a dilation aand a
translation b:

t—b
hap® = h (=) (19)
with the translation and dilatation factors @ > 0, b € R, in that order.

The network output, denoted by ¥;(t), is obtained using an infinite impulse response (IIR) structure:

P M N

70 =Y ek —Dug) + ) dyy5ilk — o) (20)
g=11=1 j=1

Where the internal signal is defined as:
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L
2(k) = ) wi ik (21)

Here, L is the number of daughter wavelets, w;, are neuron weights, ¢; ; and d;; are the forward and backward coefficients of
the IIR filter, respectively. The network is trained using a least-mean-square (LMS) algorithm to minimize a convex cost
function E, defined by:

E=[EE,; ..E ..E)] (22)

For a specific output i, E; is defined as:

T
1
E ==Y e (k) (23)

Where the estimation error e; (k) is the difference between the IIR filter output signal y;(k) and the actual system output signal
yi (k).

ei(k) = yi(k) — 51 (k) (24)
The objective is to minimize E(wy, ay, by) by adjusting the network parameters wy, ay, by, ¢ and dy, where k = 1,2,... K.
This involves computing the gradients:
SE OE 6E OE SE
(25)

Swy’  6a,’ &b e’ bdy

The increments of each coefficient are the negatives of their gradients,

Aw = 6E Aq = éE Ab = 6E A — 6E Ad — 6E 26)
WS g b5 Ab=—gp Ae=—5 Ad=-gg
Thus the coefficients w, @ and b of the WNN are updated according to the rules

w(t + 1) = w(t) + pwAw (27)

a(t+ 1) = a(t) + pada (28)

b(t + 1) = b(t) + ubAb (29)

c(t+1) = c(t) + pche (30)

d(t+ 1) =d(t) + udad (31)

For the implementation used in this work, the WNN employs a total of three daughter wavelets (L = 3), which correspond to
three active neurons in the hidden layer. This number was selected because it provided a good balance between approximation
capability and computational efficiency in preliminary tests, and no formal guidelines are available in the literature regarding the
optimal number of wavelets for this class of UAV models.

()

MR —

Fig. 3. Structure of the wavelet neural network with daughter wavelets and an IIR filter to represent nonlinear
dynamic behavior.
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Similarly, the initial values of the parameters w, a, b, ¢ and d were assigned using random initialization, since existing studies do
not provide theoretical criteria for choosing these values in WNN-based identification. The learning rates puw, ua, ub, uc, pd
were tuned empirically through trial-and-error, following common practice in adaptive wavelet networks, until stable and
sufficiently fast convergence was observed. These details are included to enhance the reproducibility of the identification
procedure.

2(1) y(t)

V()

Fig. 4. Diagram of the IIR filter used inside the WNN to provide dynamic memory and capture temporal
dependencies.

4.3 Adaptive control

The adaptive PID control module receives the error signal e, which is the difference between the reference signal and the system
output, along with two delayed error signals el, e—2 and finally the identification error signal ei. The control law is expressed
as:

u:u-l—l-l—(kp*(e—e—l))-I—(ki*e)-l—(kd*(e—Z*e—l-l—e—Z)) (32)

To ensure the controller remains adaptive under varying conditions, a persistent signal I" is included to update the gains. The
self-tuning rules are:

kp=kp+ ukp+(e—e—1) (33)
ki=ki+pukixe (34)
kd =kd+pkd+(e—2+e—1+e—2) (35)

Here, ukp, uki and pkd are the PID controller learning rates, which are distinct from the neural network learning rates used in
the identification module.

Given the highly coupled and rapidly varying dynamics of the tail-sitter UAV—particularly during transition between vertical
and horizontal flight—the initial PID gains must be chosen to guarantee at least marginal stability at startup. For this reason, the
gains kp, ki and kd are initialized with any set of values that ensures initial closed-loop stability, since inappropriate starting
gains can drive the system to instability within very short time intervals.

Because the literature provides no formal guidelines for selecting initial gains in adaptive PID schemes for tail-sitters, these
values are chosen empirically, ensuring that control signals remain bounded and that the aircraft maintains stable attitude in
hover. The learning rates pkp, pki and ukd re also tuned by trial-and-error, with the constraint that their magnitude must
be small enough to prevent destabilizing gain variations during the transient response.

This initialization strategy minimizes undesirable overshoot or oscillations in the early stages of adaptation, while still
allowing the controller to converge toward more effective gain values as the WNN-based identification improves its
estimation of the system dynamics.

5 Results

Initial stages of this work focused on simulating the nonlinear model of the V-bat aircraft and implementing a wavelet neural
network for offline identification. Then, a Morlet wavelet was adopted, and the first version of the controller was implemented.
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This section presents the simulation results of the proposed identification and adaptive control scheme applied to the tail-sitter
UAV. We consider the three phases of operation simulated using the nonlinear model developed before.

5.1 Online identification
Figures 5 to 8 illustrate the online identification of position, linear velocity, angular velocity and angular position, respectively.

Figure 5 shows the online identification of the inertial position components Pn, Pe, and Pd, corresponding to north, east, and
down displacements, during simulated flight. The plots compare the ground truth position signals with the neural network
estimates (NN). The results demonstrate excellent agreement in the north and down directions, while a small transient error is
observed in the east direction around t = 6 seconds, possibly due to dynamic excitation or a brief loss of model generalization.
Overall, the neural network successfully tracks the position trajectories across all axes.

«10% Inertial north position
6F = ]

— —Pn

2L _Jfff__ﬂ_,—r- -
D I____ —‘I_ | | 1 | | | | i
0 1 2 3 4 5 6 7 8 9 10
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4[} ~ T T T T T T T I/ I —
_— — Pe
20 _—— — NN
© -
o 0 - - —— -
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T -10fF — -
20k | | | | I | | T~ | -
0 1 2 3 4 5 6 7 8 9 10

Fig. 5. Comparison between true and estimated inertial positions; the WNN tracks the motion with small
transient errors.
Figure 6 presents the online identification of the linear velocity components u, v, and w, corresponding to motion along the
body-frame X, y, and z axes, respectively. The neural network estimates closely match the true velocities across all channels,
despite brief transients in u and v below and near t = 1 second. The network captures both the general trends and dynamic
curvature of the trajectories, particularly the peak in u near t = 5 seconds and the steady descent in w. These results confirm the
network's ability to track time-varying linear motion under realistic nonlinear dynamics.
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Fig. 6. Estimated body-frame velocities showing good tracking after initial adaptation transients.

Figure 7 displays the online identification of angular velocity components p, q, and r, corresponding to rotations about the body-
frame X, y, and z axes, respectively. The wavelet neural network effectively tracks rapid changes in angular velocity during
critical transition periods, particularly near t = 1, t=2 and t = 8 seconds. Despite brief transients, the estimated trajectories
closely follow the true dynamics. These results highlight the network's capacity to capture high-frequency rotational behavior,
essential for accurate modeling of tail-sitter attitude dynamics.
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Fig. 7. WNN estimation of rotational rates with brief transients followed by accurate tracking.

Figure 8 illustrates the online identification of angular positions ¢, 8, and Y, corresponding to roll, pitch, and yaw angles about
the body-frame x, y, and z axes, respectively. The neural network exhibits transient estimation errors before and up to t = 1
second, especially for the roll and pitch angles. Similar deviations are observed in yaw near t=8 seconds. Despite brief
transients, the estimated trajectories closely follow the true dynamics. These results confirm the network’s ability to estimate
nonlinear attitude dynamics, with space for improved robustness.

141



Alvarez Gonzélez et al. / International Journal of Combinatorial Optimization Problems and Informatics, 17(1) 2026, 132-155.

Angular position around x (roll)
T T T T I

ol | T
S 201 -
10 \ -
o -—J‘»IJ . . . . . . . . 1

0 1 2 3 4 5 6 7 8 9 10

10 r ! ! T T T -
A 1 theta
NN
0O o, A —
€L ,l"r \ 'I
qoF .
| | | | | | | | |
0 1 2 3 4 5 6 7 8 9 10
Angular position around z (yaw)
AF T T T T T T I 3
2F l psi |
. 0 NN | A
-.7-_2_ _
4 .
-6 ! ! ! ! ! ! ! ! ! i
0 1 2 3 4 5 6 7 8 9 10

Fig. 8. Estimated roll, pitch, and yaw angles; early spikes reduce as the network stabilizes.
Once the neural network demonstrates sufficient identification accuracy, the control signals are activated.
5.2 Identification and intelligent control

This study focuses on identification and control during three phases of flight: take-off, cruise and landing phases. Transitions
between these phases are highly unstable and are left for future work. The control signals are applied through the actuator inputs
84, 6., 8; and &,.. For each input, a PID controller is implemented with initial gains chosen empirically based on system
response. Once active, the program adjusts the gains adaptively.

5.3 Take-off phase

The take-off simulation begins with the aircraft positioned on the ground, tilted vertically. The initial conditions are shown in
Table 1.

Table 1. Initial conditions for identification and control of the tail-sitter during take-off phase.
Initial conditions of the tail-sitter during take-off phase
B, B P, u v w p q v ¢ 0 o
0o 0 0 O 0O O O 0 0 O 0

T
2
The initial PID gains for each control signal are provided in Table 2.

Table 2. Initial gains of the PID controller for take-off phase.
Initial gains of the PID controller for take-off phase.
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Initial gains of the PID controller for take-off phase.

Gain K, K, K,
Control Signal 1, 65 -9 -9
Control Signal u, 1 0.1 0.1
Control Signal u3 2 0.5 0.1
Control Signal u, 0.1 0.1 0.1

Figure 9 shows the position control performance during the take-off phase, including the neural network identification of the
inertial positions Pn, Pe, and Pd along the north, east, and down axes, respectively. Although the reference positions remain
fixed at zero throughout the simulation, the neural network initially overshoots in all three axes, reaching peak values near 200
units before returning and stabilizing near zero. These oscillations indicate that the controller is attempting to track a stationary
target but is influenced by neural network transients and possible noise in the adaptation process. The repeated spike near
t = 107° seconds further highlights a numerical instability that should be mitigated in future tuning or filtering stages.
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Fig. 9. Tracking of inertial position during take-off; initial oscillations decrease as the controller adapts.

Figure 10 presents the velocity identification and control results for the take-off phase, specifically for the
body-frame linear velocities u, v, and w along the x, y, and z axes. The desired velocities remain constant at
zero, while the neural network estimates exhibit pronounced transient excursions reaching approximately
+200 units in each axis. These initial overshoots likely stem from the network's attempt to adapt its
parameters in real time and are not reflective of the physical model, which remains at rest. The sharp spike
observed near t = 107° seconds suggests either numerical error accumulation or insufficient regularization in
the identification process.
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Fig. 10. Linear velocity estimates during take-off showing large initial deviations and later stabilization.

Figure 11 displays the identification and control of the angular velocities p, q, and r around the body axes x, y, and z,
respectively, during the take-off phase. The desired angular velocities are fixed at zero, as the platform remains nominally static.
Nevertheless, the neural network output exhibits sharp transients and oscillatory artifacts peaking around +200 units shortly
after initialization and again near t = 10™® seconds. These fluctuations are identification errors from the neural network, not
present in the true model, and suggest limited generalization during the learning stage.
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Fig. 11. Rotational velocity tracking with strong initial transients and improved mid-interval behavior.
5.4 Cruise flight phase

Cruise simulation is conducted with the UAV in forward flight at a speed of 7.2m/s, with an angle of attack a of 1, 386°. Initial
conditions are listed in Table 3.

Table 3. Initial conditions for tail-sitter during cruise flight
Initial conditions for tail-sitter during cruise flight
B, BB P, u v w p q r ¢ 8 ¢
o 0 10 72 0 0 0 O O O O O

The initial PID gains for cruise are shown in Table 4.

Table 4. Initial gains of the PID controller for cruise flight phase.
Initial gains of the PID controller for cruise flight phase

Gain Kp K[- Kd
Control Signal 0.1 0.01 0.12
Control Signal u, ~ 0.0001  0.0000001  0.00001

Control Signal uz 0.5 0.05 0.15
Control Signal, ~ 0.0001 0.0000001  0.000001
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Figure 12 illustrates the identification and control of the inertial positions Pn, Pe, and Pd along the X, y, and z axes, respectively,
during the cruise phase. The reference trajectory shows a steady increase along all three axes, with smooth motion particularly
evident in Pn. The neural network output follows the desired position trends but displays transient overshoots and small-
amplitude oscillations, especially near t = 0 and around t = 3 seconds. These deviations reflect identification inaccuracies from
the neural model, although the global tracking remains acceptable. Notably, the east and down axes show more pronounced
artifacts, particularly sharp spikes, indicating greater sensitivity to learning error along those directions.
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Fig. 12. Cruise-phase position tracking with smooth trends and small oscillations in some axes.

Figure 13 shows the identification and control of the linear velocity components u, v, and w along the body-
frame axes X, y, and z, respectively, during cruise flight. The neural network estimates exhibit good overall
agreement with the model dynamics after the transient stage. However, in the initial seconds, strong
overshoots and oscillations are visible, particularly in the u and v components, which indicate instability in
the learning process. Small-amplitude ripples persist throughout the trajectory and there are brief disturbances
around t = 3 seconds and near the end of the time window. Despite these artifacts, the NN output stabilizes
and tracks the steady-state behavior of the simulated model reasonably well.
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Fig. 13. Linear velocity estimation in cruise; the WNN converges after initial overshoots.

Figure 14 shows the identification and control of the angular velocity components p, q, and r about the body-
frame axes X, y, and z during the cruise segment. The reference signals remain smooth throughout, whereas
the neural network (NN) outputs exhibit high-frequency transients at the onset and brief disturbances near t =
3 seconds and the simulation endpoint. These perturbations reflect numerical instability in the online
identification process rather than true angular dynamics, which are assumed constant. Despite these
fluctuations, the NN recovers the steady-state behavior in all three channels and tracks the angular rates with
low error outside the transient zones.
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Fig. 14. Rotational velocity tracking during steady flight with minor disturbances.

Figure 15 presents the identification and control of the angular positions ¢, 8, and Y around the body axes X, y, and z,
respectively. As with previous cases, the neural network (NN) output exhibits transients and abrupt errors during the initial
seconds and at discrete instants near t = 3 and t = 6 seconds. These deviations do not correspond to actual changes in the angular
states, which remain nearly constant throughout the simulation. The errors arise from numerical instability in the online
estimation. Outside these transient regions, the NN tracks the reference signals with low steady-state error, recovering the
correct roll, pitch, and yaw values during cruise.
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Fig. 15. Attitude tracking (roll, pitch, yaw) with brief deviations but accurate steady-state behavior.

5.5 Landing phase

In the landing phase, the UAV begins at an altitude of 30m and inclined at 90 © mimicking the take-off process in reverse.
Initial conditions are shown in Table 5.

Table 5. Initial conditions for tail-sitter during landing phase
Initial conditions for tail-sitter during landing phase
B, BB P4 u v w p q r ¢ 6 o
30 0 0 5 0 0 0 0 0 O 0

i
2
Initial PID gains are shown in Table 6.

Table 6. Initial gains of the PID controller for landing phase.
Initial gains of the PID controller for landing phase

Gain K, K, K,
Control Signal u; -3.5 -0.01  -0.001
Control Signal u, 1 0.1 0.1
Control Signal u3 1 0.09 1
Control Signal u, 0.1 0.1 0.1
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Figure 16 presents the identification and control of the position along the North Pn, East Pe, and Down Pd directions. In all three
components, the neural network (NN) output initially overshoots the reference position at early times, then approaches the
reference more closely during mid-time intervals and again deviates with a final overshoot near the end of the time horizon. This
behavior highlights a characteristic transient mismatch at the beginning and end of the trajectory, while the NN achieves better
accuracy in the central portion.
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Fig. 16. Landing-phase position estimates with typical overshoots at start and end of the maneuver.

Figure 17 shows the identification and control of the linear velocity components u, v, and w along the x, y,
and z axes, respectively. In all three plots, the neural network estimate exhibits an initial undershoot followed
by a fast rise that overshoots the reference velocity. The approximation then stabilizes around the correct
value during the middle segment of the time range, before deviating again at the end. This pattern is
consistent across all axes and reflects a transient response with improved accuracy near the center of the time
window and systematic errors near the boundaries.
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Fig. 17. Linear velocity tracking during descent; better performance in the mid-time region.

Figure 18 illustrates the identification and control of the angular velocity components p, q, and r around the x, y, and z
axes, respectively. The neural network prediction displays significant undershoot at the start of the interval, followed
by a closer approximation to the reference values during the middle portion of the time window. Toward the end, the
approximation again departs from the reference with increasing error. This pattern is consistent across all three
rotational axes, highlighting the neural network limited performance at boundary times and relatively improved
alignment during steady-state behavior near the center.
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Fig. 18. Rotational velocity estimation showing boundary transients and stable mid-interval accuracy.

Table 7. Consolidated quantitative metrics for position and attitude tracking.
RMS Error for Figures 8, 9, 15, and 16

Figure Variable RMS
8 Roll 0.226
Pitch 0.103

Yaw 0.083

9 X 0.483
Y 0.505

Z 0.314

15 Roll 0.050
Pitch 0.041

Yaw 0.043

16 X 0.633
Y 0.618

Z 0.622
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Fig. 19. Roll, pitch, and yaw tracking during landing with correct steady-state behavior.

To complement the qualitative analysis and provide an objective evaluation of the controller’s performance, quantitative metrics
were estimated from the curves shown in Figures 8, 9, 15, and 16. The reference and neural-network output signals were
digitally extracted from the plots. The evaluated metrics RMS error, cover both position and attitude variables. The resulting
values, summarized in Table 7, show that the neural network is able to track the trajectories adequately, with moderate RMS
errors and consistent settling times across the different scenarios. These quantitative results reinforce the validity of the
proposed controller and provide additional evidence of its performance under dynamic operating conditions.

The results show noticeable peaks and oscillations in several states—particularly during take-off and landing—and in some
phases the transient errors persist for relatively long intervals. This behavior is mainly due to the simultaneous adaptation of the
WNN-based identifier and the PID gains under highly nonlinear operating conditions. Because the IIR structure inside the WNN
provides dynamic memory, early estimation errors may propagate for several time steps before decaying, which contributes to
the persistence of transient deviations. In addition, the learning rates used in the online updates directly influence the speed and
aggressiveness of parameter adaptation; higher values accelerate convergence but can amplify oscillations, while lower values
improve stability but slow down compensation during abrupt maneuvers. The combination of these factors explains why the
transients are more severe in phases with rapid attitude changes, such as take-off and landing.

Several strategies could be implemented to mitigate these effects. Low-pass filtering of the identification and control errors can
reduce the impact of high-frequency fluctuations entering the IIR recursion. Slower adaptation rates at the beginning of each
phase would allow the WNN to stabilize before applying more aggressive updates. Regularization mechanisms—such as
bounding parameter updates or introducing decay terms—may also reduce the risk of persistent transients. These modifications
can improve robustness while preserving the benefits of online learning.

6 Conclusions

This section presents the main conclusions of the study based on the results presented in the previous section. It is divided into
two parts: the online identification of the tail-sitter UAV, and its intelligent identification and control.
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6.1 Online identification

The online identification procedure was applied to the V-bat tail-sitter model using a neural network with Morlet wavelet
activation functions, selected based on prior identification results. Compared to the T-wing platform, the V-bat demonstrated
improved performance due to more accurate aerodynamic parameters obtained experimentally. The neural network output
closely followed the true system behavior with minimal disturbances. Notably, the real signals remained stable even in the
absence of control inputs.

These results support the conclusion that neural networks are effective tools for identifying systems with highly non-linear and
inherently unstable dynamics. While challenges remain in tracking non-periodic or discontinuous signals, the use of IIR filters
enables good approximations when the underlying dynamics are smooth or feature isolated abrupt transitions. Under these
conditions, residual identification errors remain small.

However, the proposed identification approach still presents some limitations. First, the lack of formal guidelines for selecting
the number of wavelets and learning rates implies that training performance may depend on empirical tuning. Second, the
identification accuracy deteriorates when the system experiences strong discontinuities or rapid transients, as the network may
require additional iterations to adapt. These limitations suggest the need for more systematic parameter selection methods and
for mechanisms that enhance robustness during fast dynamic changes.

6.2 Intelligent identification and control of the tail-sitter

The final objective of this work was the implementation of control strategies for the previously identified system. Adaptive PID
controllers, as described in Section 5, were integrated with the neural network model, and the combined performance was
evaluated.

The results revealed limitations in the control of velocity signals during dynamic flight phases such as take-off and landing.
These limitations are attributed to the rapid response required from both the network and the controller to simultaneously
identify the system and tune control gains. However, in the cruise phase, where the system dynamics are smoother and involve
gradual changes, the control signal proved effective in maintaining correct operation.

We therefore conclude that adaptive control based on online neural network identification is a promising approach for non-
linear and fast-response systems, provided the dynamics remain smooth and do not involve abrupt or large transitions. This was
clearly observed during cruise flight, where only moderate speed variation was needed and the system responded effectively.

Despite these positive results, several limitations of the proposed adaptive control scheme were identified. The controller
exhibits reduced performance during highly transient phases, partly due to the sensitivity of the PID gain updates to noisy or
rapidly changing error signals. Moreover, the absence of regularization mechanisms or filtering strategies can amplify transient
oscillations during adaptation.

Future improvements could include incorporating regularization terms in the adaptation laws, applying low-pass filtering to the
identification and control errors, or introducing slower adaptation rates during aggressive maneuvers to ensure stability.
Additionally, hybrid schemes combining model-based elements with WNN-based adaptation could further enhance performance
during abrupt transitions.

6.3 Future Work

Based on the findings and limitations identified in this study, several concrete directions for future work can be pursued. One
important step is the experimental validation of the proposed identification and control strategies on a real tail-sitter platform.
Such tests would provide essential insights into performance under realistic conditions, including sensor noise, actuator
constraints, and environmental disturbances.

Another relevant extension is the incorporation of wind perturbation and turbulence models into the identification and control

framework. This addition would allow evaluating the robustness of the proposed method in outdoor flight scenarios where
aerodynamic disturbances play a significant role.
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A further line of research involves comparing the WNN-based identification scheme with alternative approaches such as
extended Kalman filtering, recursive least squares, Gaussian-process regression, or deep-learning-based models. These methods
may offer complementary advantages in accuracy, convergence speed, or computational efficiency.

Finally, improvements to the adaptive control module could be explored through the introduction of regularization mechanisms
to prevent parameter drift, the inclusion of real-time filtering of control and identification errors to reduce noise sensitivity, or
the use of slower adaptation rates during aggressive maneuvers to enhance stability. Collectively, these research directions
would strengthen the reliability and applicability of the proposed methodology for autonomous operation of tail-sitter UAVs in
real-world environments.
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