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Executive Summary

This deliverable reports the work carried out under Task 5.2 ‐ WIG 6 DOF control ([M12‐M36]), led by
UPM with participation of LU, TAU, and INESC. It presents the research, development, and evaluation
of control strategies for the AIRSHIP A‐1 prototype, aimed at achieving autonomous stabilization and
reference tracking of flight trajectories within ground‐effect conditions, while ensuring both robustness
and safety across the relevant flight envelope.

Task 5.2 builds upon the initial dynamicmodel developed in Task 5.1 ([M1‐M12]).While this earlymodel
provided a necessary baseline, it was derived at a stage when the AIRSHIP vehicle design was still at a
conceptual level. Consequently, the model has been significantly refined and extended during Task 5.2,
incorporating updated aerodynamic, structural, and propulsion characteristics as the vehicle definition
matured. These improvements were essential to enable meaningful controller design and performance
assessment.

The work in Task 5.2 is structured according to the two subtasks defined:

• Subtask 5.2.1: Algorithmic control techniques, where a comprehensive analysis of the linear and
nonlinear control methodologies is investigated.

• Subtask 5.2.2: AI‐based control techniques, which investigated the use of reinforcement learning–
based approaches.

Task 5.2 is tightly coupled with Task 5.3, which provides the simulation and Software‐in‐the‐Loop (SIL)
environments used for controller development, verification, and sim‐to‐real validation under Task 5.2.
In addition, the control architectures and low‐level stabilization strategies developed in Task 5.2 directly
support Task 7.1 – Guidance and Navigation, by providing the reliable low‐level control layer required
for higher‐level guidance functions such as waypoint following, trajectory execution, and maneuver
implementation. Finally, the deliverable describes the planned next steps toward Hardware‐in‐the‐Loop
(HIL) integration and flight testing.
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1 INTRODUCTION

1 Introduction

The present deliverable focuses on the research, design, and implementation of various control strate‐
gies for theAIRSHIP project,whose overarching goal is to develop an innovative, environmentally friendly
wing‐in‐ground (WIG) effect vehicle capable of safe, efficient, and autonomous operation. Within this
broader context, the work presented in this report specifically addresses one of the central technologi‐
cal challenges that have historically limited the widespread adoption of WIG vehicles for cargo and pas‐
senger transport, their stability and control under flight conditions close to the surface (Amir, Maimun,
Mat, Saad, & Zarim, 2016). The aerodynamic environment in ground effect is characterized by com‐
plex nonlinear interactions, strong coupling between dynamic states, and sensitivity to attitude and
altitude variations (Phillips & Hunsaker, 2013). These phenomena introduce significant challenges for
both modeling and control, requiring robust, adaptive, or learning‐based control approaches capable
of ensuring stability, robust trajectory tracking, and safety across the full operational envelope.

To tackle these limitations, this report details the development and evaluation of both algorithmic and
learning‐based control techniques for the AIRSHIP A1 vehicle. The first part of the work focuses on
deterministic, model‐based approaches, including linear and nonlinear control strategies. These deter‐
ministic techniques arewell‐establishedwithin the aerospace industry and form the foundation ofmany
modern autopilot systems, such as ArduPilot and PX4, due to their proven reliability, interpretability,
and ease of implementation. In this context, they will serve not only as a performance baseline, but
also as a reference point for assessing the effectiveness and practical value of the more unconventional
RL‐based control approaches.

By researching both traditional control theory and RL‐based methodologies, this deliverable aims to
establish the groundwork for the autonomous Guidance, Navigation, and Control (GNC) system of the
AIRSHIP platform. The outcomes of this work aim to contribute to the project’s broader objectives of val‐
idating autonomous operation in ground‐effect flight through simulation, HIL testing, and subsequent
real‐world experimentation utilizing small‐scale prototypes.

1.1 Purpose of the Deliverable
The purpose of this deliverable is to report the work performed under Task 5.2 ‐ WIG 6‐DOF Control.
It presents the ongoing research, development, and preliminary validation of the control strategies for
the AIRSHIP A1 vehicle, aimed at achieving robust, safe and autonomous flight within ground‐effect
conditions. This document consolidates the theoretical background, implementation methodologies,
and experimental results associated with both algorithmic and learning‐based approaches for control.
The reported work builds upon the dynamic modeling activities of Task 5.1 and is directly supported by
the simulation and SIL environments developed under Task 5.3. In addition, the low‐level stabilization
and control architectures developed in Task 5.2 provide the foundational control layer required for the
higher‐level Guidance and Navigation functions addressed in Task 7.1, including waypoint following and
trajectory execution. The results presented in this deliverable establish the control foundation required
for subsequent HIL integration and experimental validation.

1.2 Document Structure
This document is organized as follows:

• Section 2 ‐ Introduces the theoretical foundations and system modeling aspects relevant to the

AIRSHIP ‐ December 2025 ‐ Page 10



1.2 Document Structure 1 INTRODUCTION

control of the AIRSHIP A1 vehicle, including key aerodynamic characteristics and ground‐effect
considerations that influence controller design.

• Section 3 ‐ Presents the algorithmic control approaches investigated in this work, such as cascade
PID, LQG, LQR, L1, and Fuzzy Control.

• Section 4 ‐ Explores the use of AI‐based control, in particular Reinforcement Learning algorithms,
such as DreamerV3, for achieving autonomous control of the vehicle in ground‐effect conditions.
The section discusses training procedures, reward design, and policy evaluation.

• Section 5 ‐ Describes the simulation environments and tools employed for development and vali‐
dation, including Python‐based frameworks using NVIDIA Warp, as well as MATLAB/Simulink and
X‐Plane environments.

• Section 6 ‐ Describes the software architecture developed for integration of control algorithms to
the AIRSHIP prototype.

• Section 7 ‐ Summarizes the main findings, highlights the performance of the different control
approaches, and outlines the planned next steps toward hardware‐in‐the‐loop testing and full
flight validation.

AIRSHIP ‐ December 2025 ‐ Page 11



2 PRELIMINARIES

2 Preliminaries

In order to develop an accurate, custom physics‐based simulation framework and model‐based con‐
trollers, a mathematical description of the vehicle has to be developed. It is considered that the vehicle
is a rigid body fixed‐wing craft flying in proximity to the ground, modeled as a six‐degrees‐of‐freedom
(6DoF) system with coupled translational and rotational dynamics.

The vehicle is set to have a constant mass m with inertia tensor J , linear velocity v = [u v w]T and
angular velocity ω = [p q r]T . A fixed body frame {B} is defined at the centre of gravity, moving and
rotating relative to a fixed north‐east‐down (NED) inertial frame {I}. The attitude is represented using
unit quaternion q ∈ S3 = {q ∈ H : ||q|| = 1}, where H represents the set of all quaternions. The
position p = [x y z]T and 6DoF attitude kinematics are govern by:

ṗ = RI
b (q)v, (1)

q̇ =
1

2

[
0 −ωT

ω −S (ω)

]
q, (2)

whereRI
b (q) is the rotation matrix that rotates vectors from the body frame {B} to the inertial frame

{I} using the unit quaternion q, and S (ω) is simply represents the skew‐symmetric matrix of ω.

The system dynamics, represented in the fixed inertial frame {I} as

d

dt
[mv]I = F , (3)

d

dt
[Jω]I = M , (4)

with F and M representing, respectively, the total external forces and moments acting on the WIG
vehicle. In the non‐inertial frame of reference {B}, the dynamics are

d

dt
[mv]B + ω × [mv]B = F , (5)

d

dt
[Iω]B + ω × [Iω]B = M . (6)

The external forces considered (relative to {B}) are: the force due to gravity F g = RI
b (q)

T mg, with
g being the gravity acceleration g = [0 0 g]T , the force due to aerodynamicsF aero, and the propulsion
force F P . The external moments are also considered to be exerted by the aerodynamics M aero and
propulsionMP (see sections 2.1 and 2.2).

Lastly, the vehicle is considered to be flying in a wind field composed of a steady disturbance vws , and
a stochastic Dryden Turbulence gusts vwd

, meaning that the velocity of the vehicle relative to the wind
field is given by:
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2 PRELIMINARIES

vr = v −RI
b (q)

T vwd
− vws = [ur vr wr]

T . (7)

The Dryden turbulence (Dryden & Kuethe, 1930) was implemented via the MIL‐F‐8785C model using
band‐limited white noise through forming low‐pass filters (see table 4). For low altitude flights (h <
1000ft), the turbulence scale lengths and intensities are defined as

Lu = Lv =
h

(0.177 + 0.000823h)1.2
, Lw = h (8)

and

σu = σv =
σw

(0.177 + 0.000823h)0.4
, σw = 0.1W20, (9)

where h represents the altitude in feet, andW20 is the chosen wind speed at 20 meters, which defines
the intensity of the turbulence.

Table 4: Dryden turbulence velocity spectral filters.

Longitudinal Lateral Vertical

Filter Gu(s) =
σuKu

(1 + Tus)2
Gv(s) =

σvKv

(
1 +

√
3Tvs

)
(1 + Tvs)2

Gw(s) =
σwKw

(
1 +

√
3Tws

)
(1 + Tws)2

Constants Ku =

√
2Lu

π Va
, Tu =

Lu

Va
Kv =

√
Lv

π Va
, Tv =

Lv

Va
Kw =

√
Lw

π Va
, Tw =

Lw

Va

The airspeed Va, angle of attack α and side‐slip angle β can be derived from relative velocity vr:

Va = ∥vr∥ , (10)

α = arctan
(
wr

ur

)
, (11)

β = arcsin
(
vr
Va

)
. (12)

The air density altitude gradient is computed following the 1975 International Standard Atmosphere
(ISA) (ISO 2533:1975 (ISO 2533:1975 Standard Atmosphere, 1975)) for altitudes below h < 11000m:

T = T0 − Lh (13)

p = p0

(
T

T0

)( g
RL)

(14)

ρ =
p

RT
(15)
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2.1 Aerodynamics forces and moments 2 PRELIMINARIES

where T0 = 288.15 K and p0 = 101325.0 Pa are the sea level standard temperature and pressure
respectively, L = 0.0065 K ·m−1 the temperature lapse rate, g = 9.80665 m · s−1 the acceleration
due to gravity andR = 287.05287 J · kg−1 ·K−1 specific gas constant for dry air.

2.1 Aerodynamics forces and moments
The aerodynamic forces F aero and momentsM aero are formulated in terms of the non‐linear aerody‐
namic coefficients and are given by

F aero = Rb
w (α, β)

−DY
−L

 , (16)

DY
L

 =
1

2
ρV 2

a S

CD (α, β, δa, δe, δr, Re,M)
CY (α, β, δa, δr, Re,M)
CL (α, β, δe, Re,M)

 , (17)

M aero =
1

2
ρV 2

a S

bCl (β, p, r, δa, δr, Re,M)
cCm (α, q, δe, Re,M)

bCn (β, p, r, δa, δr, Re,M)

 , (18)

where ρ is the air density, S is the projected wing area, b is the wingspan, c is the wing cord, Re is the
Reynolds number andM is the Mach number. The aileron, elevator and rudder angle deflections are
given by δa, δe and δr respectively.

The rotation matrixRb
w(α, β) from the wind frame to the body frame is given by:

Rb
w (α, β) =

cos (α) cos (β) cos (α) sin (β) − sin (α)
− sin (β) cos (β) 0

sin (α) cos (β) sin (α) sin (β) cos (α)

 . (19)

2.1.1 Aerodynamic coefficients estimation
To obtain aerodynamic coefficient models for the flight simulations, a CAD representation of the AIR‐
SHIP vehicle was imported into OpenVSP (NASA OpenVSP Team, 2025). A custom automation script
was developed to perform systematic aerodynamic sweeps at fixed Reynolds and Mach numbers. The
simulations were conducted over ranges of angle of attack α, side‐slip angle β, and control surface
(δa, δe and δr). The resulting data were organized into lookup tables expressing the aerodynamic co‐
efficients as functions of the primary kinematic and control variables, namely CD(α, δe), CY (β, δr),
CL(α, δe), Cl(β, δa), Cm(α, δe), and Cn(β, δr). Subsequently, two‐dimensional third‐degree linear re‐
gression models of the form

f (x, y) = a0 + a1x+ a2y + a3x
2 + a4xy + a5y

2 + a6x
3 + a7x

2y + a8xy
2 + a9y

3, (20)

were fitted to the generated datasets for each aerodynamic coefficient to accelerate computations and
reduce memory allocation.
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2.2 Propulsion forces and moments 2 PRELIMINARIES

2.1.2 Ground effect modeling
To model ground effect, the lift and drag coefficients CL and CD are corrected via empirical terms,
following (Phillips & Hunsaker, 2013):

CL = C∞
L (1 + µL (h/b)) , (21)

CD = C∞
D (1− µD (h/b)) (1 + µL (h/b))

2 , (22)

where µL, µD are ground effect modifiers parametrized as functions of the height‐wingspan ratio (h/b)
given by:

µL = δL
288 (h/b)0.787 exp

[
−9.14 (h/b)0.327

]
AR0.882

, (23)

δL = 1− 2.25
(
λ0.00273 − 0.997

) (
AR0.717 + 13.6

)
, (24)

µD = δD exp
[
−4.74 (h/b)0.814

]
+ (h/b)2 exp

[
3.88 (h/b)0.758

]
, (25)

δD = 1− 0.157
(
λ0.775 − 0.373

) (
AR0.417 − 1.27

)
. (26)

which assumes an untwisted linear tapered wing at low angles of attack, with λ = ctip/croot represent‐
ing the taper ratio, AR the wing aspect ratio, and C∞

L and C∞
D denoting the estimated out‐of‐ground‐

effect coefficients.

2.2 Propulsion forces and moments
The thrust force is generated by the thrust from two propellers:

F P = nP1Tprop1 + nP2Tprop2 (27)

with nP being the normalized thrust direction vector.

The propeller thrust Tprop is approximated by (Bøhn, Coates, Moe, & Johansen, 2019):

Vd = Va + δT (km − Va) (28)

Tprop =
1

2
ρSPCPVd (Vd − Va) (29)

where Vd is the discharge velocity of air from the propeller, km is the electric motor constant, Sp is the
propeller disc area, Cp is an efficiency factor, and δT ∈ [0, 1] is the throttle.

The propulsion‐generated moment is composed of the moment generated by the thrust force acting at
an offset from the centre of gravity and the additional moment contribution due to propeller torque:
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MP = pmotor1 × F P1 +M prop1 + pmotor2 × F P2 +M prop2 , (30)

where pmotor is the position vector of each motor in the body frame and M prop is the propeller‐
generated torque. Assuming both propellers rotate at the same angular velocity in opposite directions,
thenM prop = 0.

Gyroscopic moments are also assumed to be negligible.

2.3 Actuator dynamics
To model the throttle and surface deflection dynamics, first and second‐order transfer functions with
saturation approximations were used, respectively:

δt (s)

δct (s)
=

1

Ts+ 1
, (31)

δi (s)

δci (s)
=

ω2
0

s2 + 2ζω0s+ ω2
0

, (32)

for i = a, e, r,ω0 = 10, ζ =
√
2
2
andT = 0.2, with the superscript cdenoting the controller commanded

actions; following the same parameters choices as in (Bøhn et al., 2019).
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3 Algorithmic control techniques

This section presents a set of representative control strategies investigated within Task 5.2 for the au‐
tonomous operation of the AIRSHIP vehicle. The developed controllers span classical, optimal, adaptive,
and rule‐based control paradigms, allowing a structured assessment of their suitability for low‐altitude,
ground‐effect flight characterized by nonlinear aerodynamics, strong coupling, and parametric uncer‐
tainty.

Each subsection describes the controller formulation, implementation details, and corresponding sim‐
ulation results obtained. The controllers are not intended as mutually exclusive solutions, but rather as
complementary approaches that establish performance baselines, explore robustness to uncertainties,
and inform design trade‐offs for subsequent hardware‐in‐the‐loop and experimental validation phases.

3.1 PID Control
Despite the increasing adoption of advanced control techniques in aerospace systems, PID‐based con‐
trol architectures remain the foundation ofmanywidely used off‐the‐shelf autopilots, such as ArduPilot,
PX4, and NAVIO2. These systems are commonly based on cascaded proportional–integral–derivative
(PID) loops, employing independent controllers for roll, pitch, and yaw, and typically operating under
the assumption of weakly coupled or decoupled longitudinal and lateral dynamics (Beard & McLain,
2012) (Kopečnỳ, Hnidka, & Bajer, 2022).

For this reason, the control development within Task 5.2 begins with PID control. Establishing a well‐
tuned PID baseline provides a familiar and reliable reference point from both an industrial and research
perspective, while enabling an initial assessment of the WIG vehicle’s dynamic behavior in ground‐
effect conditions. In particular, PID control facilitates early evaluation of control bandwidth, sensitivity to
aerodynamic uncertainties, and the impact of ground‐effect‐induced nonlinearities before introducing
more complex control structures.

In the context of WIG vehicle guidance, independent PID loops can be employed to regulate both lon‐
gitudinal and lateral motion. While this approach does not explicitly address the strong coupling and
nonlinearities inherent to ground‐effect flight, it provides valuable insight into the achievable perfor‐
mance and inherent limitations when using classical control techniques.

The remainder of the section outlines the developed PID control architecture and presents the experi‐
mental results. The work presented in this section has been submitted to the IEEE Access journal under
the title ”Low‐Altitude Waypoint Tracking Control of a Wing‐in‐Ground‐Effect Vehicle”.

3.1.1 PID control architecture
The control architecture implemented is based on cascaded PID controllers. Specifically, it combines a
PI–PID cascaded loop for pitch control, a PI throttle loop for energy management, a PID‐based heading
controller for lateral guidance, and a cascaded PD–PI roll controller driven by cross‐track error, with roll
commands explicitly bounded to ensure safe low‐altitude operation.

The standard PID controller in the continuous time domain is

u(t) = Kp e(t) +Ki

∫ t

0

e(τ) dτ +Kd
de(t)

dt
(33)
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where Kp, Ki, Kd are proportional, integral and derivative gain constants, respectively. Thus, the PID
controller consists of three components: proportional, integral, and differential, each of which serves
a specific purpose. The proportional component generates a command control signal that counteracts
the deviation of the intended output signal, also known as the set point. As a result, it is tasked with
directly reducing the error signal. If the commanded output signal equals the setpoint, the error is
zero, and the proportional component’s commanded control action is zero. The integral component
eliminates steady‐state error with respect to the reference value. The differential component considers
the rate of change of the output signal, which provides greater control over the object by forecasting
the output value of the signal (Basics of PID Control, 2006).

A PID controller for waypoint tracking computes the control commands that guide the vehicle across a
sequence of waypoints byminimizing the error between the current and the desired attitude estimates.
In such applications, the controller continuously adjusts the vehicle’s position and heading through
commands generated for actuators, such as control surface deflections and throttle outputs. A series
of PID loops have been implemented, which were tuned for optimal behavior, to achieve waypoint
tracking.

The design of PID control loops has been carried out with consideration for the task at hand, following
a step‐by‐step iterative process. Each of the axes has been kept stable and decoupled from the others
during the tuning process. All the control architecture diagrams have been displayed in the subsequent
sections. Final tuning has been carried outwith the assistance of a live tuner developedwithin the ROS 2
framework. This tuner is equipped with a live parameter change feature that enables the controller to
alter the gains evenwhen the simulation is running. This feature is essential whenworkingwith complex
systems that involve multiple loops, such as this one.

Longitudinal Control

Longitudinal Control ‐ Pitch

The longitudinal control of aWIG craft involves controlling the craft’s altitude. The altitude ismaintained
with the help of the pitch and the throttle output of the craft. The pitch of any fixed‐wing aircraft is
controlled with the use of the elevator control surface and hence the same for our WIG vehicle. Some
aircraft have multiple elevators while others have a single elevator. Our WIG craft has a single elevator
control surface.

Hence, the altitude of the WIG craft is controlled through a cascaded PID loop structure as shown in
Fig. 1. Since the vehicle is flying close to the surface, a maximum pitch angle limit of±15.0◦ is set. This
was done keeping the rest of the axes, such as the roll axis and yaw axis, stable and decoupled. The
outer loop of the cascaded PID consists of an altitude controller, which takes into account the height
error and outputs a desired pitch angle. The outer loop contains PID terms. The inner loop, which in
our case is a PI controller, then inputs the desired pitch angle command and converts it into an elevator
command value between ‐1 and 1. The elevator command is then sent to the X‐Plane 12 simulator.

Longitudinal Control ‐ Throttle

The second component of a longitudinal control autopilot is the throttle control. The altitude of a WIG
craft cannot be maintained only with the use of elevator control surfaces. Several studies in the litera‐
ture demonstrate the suitability of using an altitude‐based PID controller for altitude hold tasks (Mazlan,
Shamsudin, Pairan, Yaakub, & Ramli, 2021). A throttle input provides the needed climb or descent to
the WIG craft to maintain its desired altitude. Thus, an altitude‐based throttle controller was designed
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Figure 1: Pitch control loop.

to minimize the height error and output the desired throttle command. The throttle controller is a PI
control loop as shown in the Fig. 2. Our WIG craft is designed such that only forward thrust is enabled.
Hence, the output of the throttle control loop is constrained between 0 and 1, implying that the reverse
thrust capability is currently disabled. This simplification facilitates initial testing and validation. In sub‐
sequent field trials, the reverse thrust functionality will be activated, as it will prove highly beneficial for
performing docking maneuvers near the coast or in confined water environments.

Figure 2: Throttle control loop.

An airspeed‐based throttle control strategy, consistent with classical longitudinal decoupling in UAVs
(Johansen & Fossen, 2020) is under consideration. By using airspeed as the error input instead of al‐
titude, the energy management system will better mitigate the strong ground‐effect‐induced distur‐
bances.

Lateral Control

Lateral Control ‐ Heading

The lateral control of a WIG craft includes control of the heading and roll degrees of freedom. After the
WIG craft had achieved longitudinal stability, a rudder‐based heading controller was implemented. The
control loop is displayed in Fig. 3. The task of the heading controller was to correct the yaw DOF. When‐
ever a waypoint is provided to the WIG craft, the controller calculates the desired heading command
in order to reach the waypoint. The waypoint is represented by GPS coordinates. The desired head‐
ing calculator determines the optimal direction to steer the WIG craft to efficiently progress towards a
waypoint, using both current and desired coordinates.

Heading calculator: The calculation of the compass bearing between two points on the Earth’s surface,
given by their latitude and longitude coordinates, relies on spherical trigonometry (Kaplan & Hegarty,
2006). Let the coordinates of the first point be (ϕ1, λ1) and the second point be (ϕ2, λ2), where ϕ
denotes latitude and λ denotes longitude in radians. The objective is to compute the initial bearing
θ that one must follow from the first point to reach the second point along the shortest path on the
surface of the Earth (great‐circle path).
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The difference in longitude is given by:

∆λ = λ2 − λ1. (34)

Using this, the bearing θ can be calculated as:

θ = arctan 2
(
sin(∆λ) · cos(ϕ2),

cos(ϕ1) · sin(ϕ2)

− sin(ϕ1) · cos(ϕ2) · cos(∆λ)
) (35)

where arctan 2(y, x) is the two‐argument arctangent function, which computes the angle whose tan‐
gent is y

x
and places it in the correct quadrant (Kai, Hamel, & Samson, 2018). The output of arctan 2

ranges from−π to π.

Heading control PID loop: After comparing it with the current yaw angle of the body axis of the WIG
craft, a heading command is calculated. This heading command is then transformed into a value be‐
tween ‐1 and 1, which is then sent to the simulator. The heading loop is a PID controller.

Figure 3: Heading control loop.

Lateral Control ‐ Roll

The second component of lateral control of the WIG craft involves the roll motion. With pitch and
heading control working correctly, it was observed that the heading‐based control alone is sufficient
for minimal waypoint tracking capability. However, the reaction was slow only when the rudder was
used and altitude changes were inefficient without engaging the ailerons. Therefore, a roll controller
was designed for efficient maneuvers, allowing both height adjustments and reactive banking. PID con‐
trollers based on aileronswere preferred for their swift response (Ayora, 2017). Incorporating roll‐based
banking will also allow the WIG craft to perform sharp turns, which is essential for obstacle avoidance.

The roll controller, similar to the altitude controller, is a cascaded control loop. A cross‐track distance
error, as seen in the Fig. 4, was calculated in order to keep theWIG craft in the desired path. A cross‐track
distance is the shortest distance of a point from a straight line. In our case, the straight line represents
the shortest distance between two waypoints, with one being the source waypoint and the other being
the waypoint to be reached. It guides the WIG craft to stay on the straight line, the shortest path, as it
moves from one waypoint to another. Flying close to the surface limits the maximum banking angle of
the WIG craft; hence, a limit of±5◦ roll angle was set.
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Figure 4: Cross‐Track Error (XTE) calculation. A part of the actual path is shown in this figure. The perpendicular
distance of a position of the WIG craft from the ideal straight line trajectory is known as the Cross‐track distance.
This error is then minimized by roll angle inputs.

Cross‐Track Error Calculator: The cross‐track distance between the current position of a WIG craft and
the planned flight path (also known as the cross‐track error,XTE) is a critical metric in guidance and
navigation. It represents the lateral deviation of the WIG craft from its intended route and directly
influences the control actions needed to correct the trajectory (Lekkas & Fossen, 2014; Nugroho, Dhar‐
mawan, Lelono, & Handayani, 2022). The PID controller continuously aims to minimize this error, en‐
suring smooth and efficient waypoint tracking.

Mathematically, the Cross‐Track Error (XTE) can be computed using the spherical law of sines as
follows:

XTE = dxt = r arcsin

(
sin
(
dstart,pt
r

)
·

sin (θstart,pt − θpath)

) (36)

where XTE is the lateral distance of the WIG craft from the planned path, dstart,pt is the great‐circle
distance from the starting waypoint to the WIG’s current position, r is the Earth’s radius (assumed
spherical≈ 6371 km), θstart,pt is the initial bearing from the startingwaypoint to theWIG craft’s position,
θpath is the bearing of the intended flight path between waypoints.

This formula effectively projects the WIG’s position deviation onto the perpendicular axis relative to
the desired flight path, accounting for the Earth’s curvature, which is especially important for long‐
distance navigation (Lekkas& Fossen, 2014;Nugroho et al., 2022). The cross‐track error is a foundational
variable in waypoint navigation and path‐following control algorithms, enabling real‐time corrections
in the lateral axis to maintain the WIG craft on the desired trajectory (Lekkas & Fossen, 2014).

Roll control PD‐PI loop: With the cascaded PD‐PI control architecture, a roll controller can be imple‐
mented to regulate the WIG craft’s ailerons. The outer loop, which is a PD controller, computes the
cross‐track error and generates a desired roll angle. The desired roll is then compared with the current
roll to calculate the roll error, which is used to produce the aileron command in the range [−1, 1] for
the simulator. The overall structure of this cascaded roll control system is shown in the Fig. 5.
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Figure 5: Roll control loop.

3.1.2 Waypoint Tracking Guidance
In this section, the design of a PID‐based longitudinal and lateral control architecture of the WIG craft
will be presented. The proposed control system enables the vehicle to autonomously accomplish the
entire mission in simulation, from the start of the run through accurate tracking of all pre‐defined way‐
points and culminating in a landing. The complete guidance flowchart is described in Fig. 6, while the
geodesic distance calculation based on Haversine formulation is discussed in the following section.

Figure 6: Complete guidance flowchart.
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Haversine Formula

The shortest path between two points on a sphere is estimated as the great circle distance with the use
of the Haversine formula (Robusto, 1957). It is calculated assuming that the Earth is a perfect sphere.
The points are defined as GPS coordinates. To determinewhether theWIG craft has reached awaypoint,
it is essential to establish a threshold. This threshold is known as the great circle radius. If the WIG craft
is within the great circle distance, it is assumed that the waypoint has been reached, following which,
the next waypoint will be updated. For this task, the Haversine formula is used. A radius threshold of 100
m was kept. If the WIG craft is within a radius of 100 m around a waypoint, it means that the waypoint
has been reached. Subsequently, the next waypoint is updated in the controller.

To calculate the great circle distance, the Haversine formula utilizes an intermediate value, a, represent‐
ing the squared half‐chord length between the points, which accounts for the latitude and longitude
differences. The great‐circle distance d is then computed by applying the inverse sine function to the
square root of a, scaled by the Earth’s radius.

a = sin2
(
∆φ

2

)
+ cos(φ1) cos(φ2) sin2

(
∆λ

2

)
(37)

d = 2r arcsin
(√

a
)

(38)

∆φ = φ2 − φ1 (39)
∆λ = λ2 − λ1 (40)

where φ1, φ2 are the latitudes of the two points (in radians), λ1, λ2 are the longitudes of the two points
(in radians). r is the radius of Earth (≈ 6371 km) and d is the great‐circle distance between the two
given points.

3.1.3 Experimental Results
This section presents simulation outputs from tests conducted using the PID‐based controller, demon‐
strating the effectiveness of the proposed control architecture for autonomous navigation of WIG ve‐
hicles. The simulations were conducted using the FAA‐certified X‐Plane 12 flight simulator, which was
initially integrated and configured within WP3 by Tampere University. All experiments were conducted
on a PC running Linux OS with an Intel Core i9 processor with 32GB RAM, with the control loops oper‐
ating at 50Hz.

The controller architecture described previously was evaluated through multiple waypoint following
missions designed to maintain the WIG craft in ground effect at a target altitude of 1.0m above the
water surface. All results correspond to identical initial conditions and a wind‐free baseline condition.

2D ”square” path

In this first experiment, four waypoints were arranged in a square configuration, and the WIG craft was
tasked to navigate through each of them sequentially, traversing a square trajectory. The 2D mission
path is shown in Fig. 7. The axes represent the latitude and longitude of the waypoints. The mission
starts at GPS coordinate (40.40◦,−18.40◦), a region of theNorth AtlanticOcean. TheWIG craft followed
the square path with stable behavior and maintained a small cross‐track error while traversing each
waypoint.
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Figure 7: 2D ”square” flight path.

The altitude control maintains the WIG craft near the 1.0m target altitude in a square path with high
precision, with an RMSE of 0.321m. The maximum altitude error of 1.372m is consistent with small
overshoot pertaining to initial take‐off from water. Pitch control achieves stable output with RMSE
0.028◦ and a maximum error of 0.081◦, ensuring smooth longitudinal dynamics.

Roll tracking shows excellent performance with RMSE of 0.223◦ and maximum error constrained near
1.0◦, reflecting aggressive but safe lateral corrections. The roll controller exhibits rapid response, with
mean absolute error (MAE) of 0.153◦ and maximum error of 1.010◦. Yaw control tracks heading with
larger variability (RMSE 3.856◦, max error 14.059◦) reflecting the complexity of heading transitions
around waypoints, with MAE of 1.211◦. Significant yaw overshoot occurs due to transient turns but
remains controllable.

2D ”eight” path

The second experiment expanded the complexity by defining eight waypoints forming a figure‐eight
trajectory. The mission again started at (40.40◦,−18.40◦). Using the same guidance and control archi‐
tecture, the WIG craft successfully tracked each of eight waypoints, producing a smooth figure‐eight
path with minimal deviation from the ideal trajectory.

The altitude control shown in Fig. 9, maintains the WIG craft consistently close to the target 1.0m
altitude with small deviations in a ”eight” shape path. Despite continuous curvature changes inherent
in the ”eight” trajectory, the controller achieves an RMSE of 0.072m with maximum error of 1.361m.
The MAE is calculated to be 0.145m compared to the square path, reflecting the increased complexity
of altitude regulation during continuous turning maneuvers. The pitch control output tracks commands
smoothly with RMSE of 0.031◦ and max error of 0.019◦, ensuring stable longitudinal dynamics even
during continuous turns.

Roll control response successfully tracks commanded roll angles while enforcing the safety limit of
±5.0◦. The roll controller demonstrates improved performance with RMSE of 0.170◦ and exception‐
ally fast response times (MAE 0.123◦). Due to the continuous turning nature of the ”eight” path, roll
commands are more frequent but remain well controlled with maximum error limited to 2.733◦. The
yaw controller effectively manages the heading transitions required by the complex trajectory, achiev‐
ing RMSE of 3.231◦ with MAE of 1.772◦ and max error of 13.248◦, demonstrating bounded transient
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Figure 8: 2D ”eight” flight path.

Figure 9: 2D ”eight” altitude control output.

excursions that converge within acceptable tolerances.

3D low altitude path

The third experiment introduced an additional level of difficulty by extending thewaypoint‐tracking task
from 2D to 3D. Each waypoint was assigned an altitude, requiring simultaneous control of horizontal
position and height. The waypoints were arranged to form a tilted closed ”W” pattern when viewed
from above (Fig. 10), resulting in a fully 3D mission profile as illustrated in Fig. 11. The WIG craft was
able to follow the 3D trajectory and manage altitude transitions effectively.

The altitude controller maintains tracking with RMSE of 0.219m and maximum error of 0.844m, indi‐
cating increased variability due to the three‐dimensional trajectory complexity. The rise time of 0.081 s
remains reasonable, but settling time extends to 1.313 s, reflecting the challenging nature of altitude
regulation during complex 3D maneuvers. Pitch control shows increased error metrics (RMSE 0.652◦,
maximum error 4.973◦) with rise time of 0.286 s, indicating more dynamic longitudinal responses.

The 3D roll control response displayed in Fig. 12c shows effective tracking of commanded roll angles
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Figure 10: 3D flight path (Top view).

throughout the mission, achieving RMSE of 0.271◦ with maximum error of 1.825◦. The rise time de‐
creases to 0.096 s and settling time to 0.015 s, reflecting greater control effort during complex turns
whilemaintaining the±5.0◦ safety limit to prevent excessive bank angles that could compromise ground
effect stability. The yaw controller performance (Fig. 12d) demonstrates heading tracking with RMSE of
3.356◦ and maximum error of 16.438◦, with rise time of 13.153 s and settling time of 0.076 s. These lat‐
eral control outputs verify the robustness of the cascaded control architecture whenmanaging coupled
lateral and longitudinal dynamics characteristic of WIG vehicle flight near the water surface.

3.1.4 Time‐Domain Performance Metrics
To accurately characterize the transient response behavior of the control system, several time‐domain
performance metrics were computed. These metrics enable a systematic analysis of rise time, settling
time, overshoot, peak time, and steady state error. This provides a quantitative insight into the dynamic
performance of the control architecture and enables comparison of various controllers under identical
conditions.

Rise Time (tr)

The rise time is the time taken for the step response to rise from a lower percentage (10%) to a higher
percentage (90%) of its final steady‐state value for the first time. It quantifies how quickly the system
responds initially to a step input.

tr = t90 − t10

where

y(t10) = 0.1 yfinal, y(t90) = 0.9 yfinal

and yfinal is the final steady state value of the step response.
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Figure 11: 3D flight path. The axes represent latitude and longitude of the waypoints. The mission starts at GPS
coordinate (40.40◦,−18.40◦), a region of the North Atlantic Ocean. The WIG craft is tasked to simultaneously
control position and height.

Settling Time (ts)

The settling time is the time required for the step response to remain within a percentage band (com‐
monly ±2% or ±5%) around the steady‐state value, indicating when the transient effects have effec‐
tively died out.

ts = min{t : |y(t)− yfinal| ≤ δ × yfinal; ∀t ≥ ts}

where δ is the settling tolerance band (e.g., 0.02 for 2%).

Overshoot (Mp)

Overshoot measures how much the peak response exceeds the steady‐state value, expressed in abso‐
lute units of the final value. It indicates the extent of transient exceeding or oscillation before settling.

Mp = max
t
(y(t)− yfinal)

Often expressed as a percentage overshoot:

%Mp =
Mp

|yfinal|
× 100%
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(a) Altitude (b) Pitch

(c) Roll (d) Yaw

Figure 12: 3D control outputs for altitude, pitch, roll, and yaw.

Peak Time (tp)

Peak time is the time at which the maximum overshoot (peak response) occurs. It is indicative of the
rapidity of maximum transient excursion.

tp = arg
t
(max(y(t)))

Steady State Error (ess)

The steady state error is defined as the absolute difference between the step input and the desired step
response value once the system has reached its equilibrium, that is when all transient dynamics have
vanished. This metric is key to deciding whether the controller needs a persistent corrective input to
maintain the reference trajectory.

ess = lim
t→∞

|y(t)− yfinal|

3.1.5 Tracking Performance Metrics
To accurately evaluate the tracking and control performance, several error metrics were computed
between the measured values yi and the reference values ŷi, overN samples. The proposed cascaded
control architecture achieves robust altitude and heading regulation across all mission profiles.
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Root Mean Square Error (RMSE)

The RMSE measures the square root of the average of the squared differences between observed and
reference values. It captures themagnitude of the typical prediction error, giving relatively higherweight
to large errors, making it sensitive to outliers. RMSE is commonly used because it has the same units as
the measured variable, facilitating interpretation of the error scale.

RMSE =

√√√√ 1

N

N∑
i=1

(yi − ŷi)2

Mean Absolute Error (MAE)

The MAE computes the average of the absolute differences between observed and reference values,
reflecting the average magnitude of the errors regardless of their direction. This metric is less sensitive
to large deviations than RMSE, providing a complementary measure of typical error magnitude.

MAE =
1

N

N∑
i=1

|yi − ŷi|

Maximum Error (MaxErr)

MaxErr identifies the single largest absolute deviation between measured and expected data points.
This worst‐case error measurement is useful to assess robustness and detect critical failures or outliers
in the system performance.

MaxErr = max
1≤i≤N

|yi − ŷi|

Table 5: Time‐domain performance metrics

States tr [s] ts [s] Mp [%] tp [s] ess
Altitude [m] 0.081 1.313 11.91 30.283 0.334
Pitch [deg] 0.286 0.016 4.02 71.646 0.025
Roll [deg] 0.096 0.015 6.45 45.486 0.072
Yaw [deg] 13.153 0.076 1.13 60.207 0.098

The quantitative estimates (tracking performance metrics and time‐based performance metrics) of the
waypoint tracking task have been provided in the Table 5 and Table 6, respectively.

Overall, the proposed controller provides accurate altitude and heading trackingwhile respecting safety
limits at the same time. The 3D trajectory (Fig. 11) reveals the coupling between lateral maneuvers and
vertical control, motivating either a coordinated‐turn term in the altitude controller or a feed‐forward
compensation from the lateral controller in future works. The actuator saturation fraction is low, indi‐
cating the commands are within the system’s capability for the nominal mission.

AIRSHIP ‐ December 2025 ‐ Page 29



3.2 Linear Quadratic Gaussian (LQG) Control 3 ALGORITHMIC CONTROL TECHNIQUES

Table 6: Tracking performance metrics

State Metric 2D Square 2D‐8 3D

Altitude
RMSE [m] 0.321 0.072 0.219
MAE [m] 1.143 0.145 0.924
MaxErr [m] 1.372 1.361 0.844

Pitch
RMSE [deg] 0.028 0.031 0.652
MAE [deg] 0.012 0.022 0.906
MaxErr [deg] 0.081 0.019 4.973

Roll
RMSE [deg] 0.223 0.170 0.271
MAE [deg] 0.153 0.123 0.186
MaxErr [deg] 1.010 2.733 1.825

Yaw
RMSE [deg] 3.856 3.231 3.536
MAE [deg] 1.211 1.772 2.727
MaxErr [deg] 14.059 13.248 16.348

3.2 Linear Quadratic Gaussian (LQG) Control
In this section, a Linear Quadratic Gaussian (LQG) approach for controlling an unmanned WIG vehicle
is presented. This work has been published at IEEE 2024 7th Iberian Robotics Conference (ROBOT) (Ilić,
Milošević, Suarez Fernandez, Rossi, & Domínguez, 2024).

A nonlinear and non‐stationary state‐space 6DoF model is obtained by system identification, around
the trimmed operating point. Implementing the proposed control strategy includes defining the de‐
sired trajectory of motion, linearizing the model around the trim operating point, and computing ade‐
quate controller gains. The feasibility of implementing the proposed approach has been demonstrated
through system behavior simulations in various conditions using Matlab and Simulink.

LQG strategy is an approach in control theory that belongs to linear control techniques that optimize
quadratic functions. It combines two well‐known and most‐used concepts in control theory: the LQ ap‐
proach and the Kalman filter. The LQ concept aims to find the optimal control law that minimizes the
quadratic cost function, considering system states and control signals. The implementation of this strat‐
egy assumes knowledge of system dynamics and noise‐freemeasurements. The Kalman filter estimates
the system’s state by combining measurements with noise and knowledge of the system’s dynamics. It
provides an optimal state estimation, even in the presence of noise in the measurements. Therefore,
the LQG controller ensures a stable and robust system response to disturbances and noise, and it is
widely used for controlling Multiple Input and Multiple Output (MIMO) systems.

Before applying the LQG control strategy technique, it is necessary to select operating points and lin‐
earize the model around them. Then, based on the linearized model, the LQG controller is designed.
The LQG control technique aims to minimize the following criterion function

J =

∫ ∞

0

(x(t)TQx(t) + u(t)TRu(t)) dt (41)

by generating the control signal
u(t) = −K(t)x(t) (42)

whereQ and R are weighting matrices,K(t) gain which is calculated from the following equation

K(t) = −R(t)−1B(t)TS(t) (43)
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in which S(t) is the solution to the Riccati differential equation.

The first step in designing an LQG controller is to calculate the LQ optimal gain. For the calculation of
the optimal gain, it is necessary to adopt appropriate weighting matrices that significantly affect the
controller performance. There are certain empirical recommendations for adopting the initial values of
the weight matrices. Then, the optimal values are determined by observing the system’s behavior for
the adopted parameters. For the observed system, theweightmatriceswere determined using the trial‐
and‐errormethod, starting from the recommended values until matrix values that achieved satisfactory
results were found. Based on theweightmatrices, by solving the Riccati equation, the corresponding LQ
gains were calculated, and then the Kalman filter was designed for the estimation of all variable states. It
is important to note that as input variables of the Kalman filter, correction control signals and obtained
deviations of the output variables from the nominal values are passed on, and then the estimated
deviations of the state variables are multiplied by the LQ gain and added to the nominal control signal.
The control system with an incorporated LQG controller that generates the corrective control signal is
presented in the following block scheme in Fig. 13, where the plant block represents the behavior of
the system when the trim control values are applied.

Figure 13: LQG Block Scheme

3.2.1 Trimming the WIG Vehicle
Adopting the operatingworking point is a necessary step for linearizing the nonlinear equations describ‐
ing the system dynamics and the subsequent application of the LQG controller. For aerial navigation,
the operating points are usually chosen as longitudinal equilibrium states in which the velocity and
gravity vectors lie in the plane of symmetry of the vehicle, i.e., operating points that correspond to
flight modes such as steady flight, climbing, or descending. Since the principle of flying a WIG vehicle
is based on the maximum use of the ground effect in steady flight, it is desirable to ensure a steady
flight at a certain speed without a change in direction. In steady flight, the WIG vehicle balances out
forces in two directions. Vertically, the lift force matches the gravity force so the vehicle neither rises
nor falls. Horizontally, the thrust force equals the drag force so the vehicle moves at a constant speed.
This balance ensures a smooth and stable flight. Also, in steady flight, there is no change in the starting
values of the state variables, therefore it is valid that the first derivatives of the nine state variables are
equal to zero. The objective was to compute trim states and inputs when the WIG vehicle is in cruise
steady‐state flight, simultaneously satisfying the following conditions:

• Travelling at constant trimmed steady‐state flight speedV ∗
a = 85m/s, corresponding to the cruise

speed of the AIRSHIP Commercial Concept (CC) with a 25m wingspan.

• Constant flight path angle γ equal to zero
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• Constant speed u̇∗ = v̇∗ = ẇ∗ = 0

• Constant roll and pitch angles ϕ̇∗ = θ̇∗ = ṗ∗ = q̇∗ = 0

The control and state values, which ensure the presented trim condition, were calculated using numer‐
ical optimization, considering the limitations of the control signals. By minimizing the criterion function
J2 = P TWP , whereP is a vector of previously introduced trim conditions andW is theweighted iden‐
tity matrix, the following trim values of control signals, states, and their first derivatives for applied trim
control values were obtained using the Nelder‐Mead simplex search method (Lagarias, Reeds, Wright,
& Wright, 1998)

u∗ = [0,−0.178, 0, 0.0821, 0.0821]T (44)

x∗ = [84.9905, 0, 1.2713, 0, 0, 0, 0, 0.0150, 0]T (45)

ẋ∗ = [0]9x1 (46)

3.2.2 Linearization around operating trim point
Model linearization around the previously chosen operating trim point was performed using the small
perturbation theory. Because the functions in the state space system model around the chosen oper‐
ating point are time‐invariant, they can be represented with first‐order Taylor expansion. The resulting
linearized model is given in matrix form as

d∆x(t)
dt

= A∆x(t) + B∆u∗(t) (47)

∆y(t) = H∆x(t) +D∆u∗(t) (48)

whereH = I9x9,D = [0]9x9,∆u∗(t) =
[
∆u(t)
1

]
.

As a final step, the controllability, observability, and stability of the linearized system were analyzed
using Kalman’s tests and by plotting the pole‐zero graph. The linearized system was found to be con‐
trollable and observable, withmarginal open‐loop stability, which is consistent with the known inherent
instability of WIG vehicle dynamics near the ground‐effect operating regime.

3.2.3 Simulation results
After the model and controller were implemented in the chosen software Matlab and Simulink, mea‐
surement noise and disturbance were modeled and used for robustness analysis of system behavior.
The behavior of the systemwas simulated for 1000 seconds with different Gaussian white noise present
in themeasured state signals and disturbance applied to the state u during the time interval [700, 750]s
with amplitude 50% of the trim value of the state. The simulation results of the closed‐loop system
with the LQG controller and the Kalman filter with the conditions presented are shown in the following
Fig. 14a to Fig. 16b. Furthermore, to analyze compliance with the conditions previously introduced for
steady‐state flight, Table 7 shows squared errors for the most important variables.

From the graphs shown, it can be noticed that as the noise level increases, deviations from the nom‐
inal values and oscillations follow the same trend and are visible in all state variables. Nevertheless,
these deviations are very small‐scale, and the controller manages to cope with this disturbance. Look‐
ing at the behavior during the interval of action of the disturbance in the state variable u, greater peaks
present in the total velocity Va can be seen, especially at the moment of activating and deactivating the
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(a) Linear velocities (b) Angular velocities (c) Euler angles

Figure 14: LQG control results for velocity and attitude‐related states.

(a) Total vehicle velocity Va (b) Flight path angle γ

Figure 15: LQG control results for velocity and flight path angle.

disturbance. Furthermore, the maximum amplitude of the total velocity increases with the increase
of the noise level; still, the deviations from the nominal signal are insignificant, in the value range of
approximately 10−5 to 10−3, with respect to the increase in the noise level, as shown in Table 7.

Table 7: Mean squared error (MSE) for different noise levels

σ2
n 500 1000 15000

MSEVa 9.9001× 10−5 1.061× 10−4 1.6868× 10−4

MSEγ 2.2369× 10−4 2.2370× 10−4 2.2355× 10−4

MSEu̇ 9.4410× 10−8 1.4852× 10−7 2.3048× 10−6

MSEv̇ 2.7449× 10−4 5.1591× 10−4 7.4713× 10−3

MSEẇ 2.6538× 10−6 4.1264× 10−6 4.0323× 10−5

MSEϕ̇ 2.3448× 10−7 4.5708× 10−7 7.3684× 10−6

MSEθ̇ 4.4878× 10−10 6.9466× 10−10 6.7844× 10−9

MSEṗ 1.0328× 10−7 1.9391× 10−7 2.8611× 10−6

MSEq̇ 2.6649× 10−9 4.4928× 10−9 5.0282× 10−8

Altogether, increasing noise levels leads to consistent oscillations across all state variables, although
these remain minor, and the controller effectively mitigates them. During disturbance presence in the
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(a) Control signals (b) Corrective control signals

Figure 16: LQG control results.

state variable u, notable peaks occur in total velocity Va, with peak amplitudes increasing alongside
noise levels, yet the controller preserves insignificant deviations from the nominal signal.

The presented results demonstrate that the LQG controller can robustly regulate the WIG vehicle dy‐
namics around a steady‐state ground‐effect operating point in the presence of measurement noise and
external disturbances. The simulations confirm the feasibility of applying linear optimal control tech‐
niques to the AIRSHIP WIG vehicle for steady‐flight conditions.

3.3 Linear Quadratic Regulator (LQR) Control
The Linear Quadratic Regulator (LQR) is type of optimal state‐feedback control law that minimizes a
quadratic cost function J for a linear time‐invariant (LTI) system of the form

ẋ(t) = Ax(t) +Bu(t), (49)

y(t) = Cx(t) +Du(t), (50)

where x = [u v w p q r q0 q1 q2 q3 x y z]
T is our system state space vector andu = [δt1 δt2 δa δe δr]

T is
the control input. Given that the aircraft kinematics (eqs. 1 and 2) and dynamics (eqs. 5 and 6) described
in Section 2 are non‐linear, means that, in order to properly design a suitable LQR for our system, the
plant must be linearized about trimmed flight conditions, which in this case were chosen to bextrim =
[28 0 0 0 0 0 1 0 0 0 0 0 − 1]T . The linearization was performed using MATLAB’s linearization tool to
directly compute the state‐space matricesA,B,C andD.

The LQR objective is to regulate the states to the origin while balancing tracking performance and con‐
trol effort. This objective is formalized through a quadratic cost functional

J =

∫ ∞

0

(
xT (t)Qx(t) + u(t)TRu(t) + 2xT (t)Nu(t)

)
dt, (51)

where Q, R and N are designer‐selected weighting matrices. The matrices Q and R penalize state
deviations and control effort, respectively, whereN penalize cross products of x and u.

Minimization of this functional yields the stabilizing state feedback (Kwakernaak & Sivan, 1972):
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u(t) = −Kx(t), (52)

where

K = R−1
(
BTP +NT

)
, (53)

and P is the unique positive‐definite solution of the continuous‐time algebraic Riccati equation

ATP + PA− (PB +N )R−1
(
BTP +NT

)
+Q = 0. (54)

The LQR solution guarantees closed‐loop stability when the pair (A,B) is stabilizable, meaning that,
following the Hautus Lemma for stabilizability (Sontag, 1998) , it must satisfy

rank ([λIn −AB]) = n, for all λ ∈ C+ (55)

where λ are the eigenvalues ofA and n is the number of states of the system.

LQRalso provides favourable robustnessmargins tomoderate plant variations due to the convex quadratic
structure of the cost function. These properties make LQR an effective baseline controller for regulating
and rejecting disturbances within the linear operating envelope.

3.3.1 Linear Quadratic Regulator with Integral action
Since the standard LQR formulation regulates deviations around the origin, this leads to steady‐state
offsets when tracking constant references or when subjected to model uncertainties and persistent
disturbances. To eliminate these offsets, integral feedback can be embedded within the optimal con‐
trol framework to drive the steady‐state tracking error to zero by extending the system state vector
(Kwakernaak & Sivan, 1972).

The tracking error is defined as

e(t) = r(t)−Cx(t), (56)

and its integral

xI(t) =

∫ t

0

e(τ)dτ. (57)

The augmented state vector becomes

x̃(t) =

[
x(t)
xI(t)

]
, Ã =

[
A 0
−C 0

]
, B̃ =

[
B
0

]
. (58)

Applying the LQR formulation to this augmented system yields the feedback policy
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u(t) = −Kx(t)−KIxI(t) (59)

where

Kaug = [K KI ]
T , (60)

is obtained from the Riccati solution of the augmented system. The LQRI controller, therefore, regulates
the original stateswhile eliminating steady‐state tracking error for constant references and disturbances
through integral feedback. A block diagram can be seen in figure 17. Figure 18 shows the effect of adding
integral action to eliminate steady‐state tracking errors.

Figure 17: LQRI controller block diagram.

(a) Reference tracking with LQR (b) Reference tracking with LQRI

Figure 18: Comparison of tracking performance for LQR and LQRI control laws. The LQR response exhibits a non‐
zero steady‐state error, while LQRI achieves zero steady‐state error due to integral action.

The initial selection of the weightingmatricesQ andRwas performed using the Brysonmethod, which
normalizes the diagonal entries based on the maximum admissible state deviations and actuator lim‐
its. This provides a systematic starting point ensuring comparable penalty scales across heterogeneous
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Table 8: Summary of evaluation metrics computed from trajectory and control logs.

Metric Formula / Description

RMSE (Total) RMSE =
√

1
N

∑N
t=1 ∥et∥2

Where et is the position error at timestep t

Mean Error Mean = 1
N

∑N
t=1 ∥et∥

Overshoot Overshoot = maxt ∥et∥
Settling Time Minimum time t such that ∥et∥ ≤ δ and remains within the band

∀t′ ≥ t for at least 10% of the episode length. Default threshold:
δ = 1m

Energy Utilization Energy = 1
T

∫ T
0 ∥umotors(t)∥2 dt

Where umotors are normalized motor inputs and T is total time

Table 9: Performance metrics (RMSE, settling time, σ, overshoot, mean error, and energy utilization) for the AIR‐
SHIP vehicle in tasks (a)–(f) with the LQRI controller.

Task RMSE (m) Settling Time (s) Overshoot (m) Error (mean± std) (m) Energy Utilization

(a) 0.025 1.48 0.211 0.037± 0.024 0.663
(b) 0.052 41.55 0.671 0.025± 0.087 0.370
(c) 0.213 44.06 1.708 0.144± 0.339 0.379
(d) 0.017 2.94 0.213 0.014± 0.026 0.303
(e) 0.019 2.40 0.209 0.024± 0.021 0.583
(f) 0.149 – 0.704 0.231± 0.114 0.565

states. After this normalization, the weights were manually refined through iterative simulation to bal‐
ance transient performance, steady‐state accuracy, and actuator utilization.

3.3.2 LQRI simulation results
To test the LQRI controller performance, six trajectory tracking tasks (with a duration of 100s) of in‐
creasing complexity using the same AIRSHIP model were developed, and various performance metrics
were used to quantitatively evaluate each task.

Table 8 summarizes these performance metrics used to evaluate control strategies. Each metric is com‐
puted from logged trajectories and actions, capturing accuracy, responsiveness, and control efficiency.
For interpretation, lower values of tracking error and overshoot indicate higher accuracy, while shorter
settling times reflect faster convergence. Energy consumption is evaluated from integrated thrust com‐
mands (range [0, 1]): lower values indicate more efficient and efficient control. Conversely, excessively
high energy consumption may reflect oscillatory, inefficient or unstable control behaviour.

As shown in Figure 19 and Table 9, the LQRI controller maintains low RMSE and smooth behaviour on
simpler tasks such as single‐axis sine waves (a, d) and low‐frequency ramps (b, e), with minimal over‐
shoot and lowenergy usage. Performance degrades inmore challenging 3Dor fast‐changing trajectories
(c, f), where the controller exhibits larger errors and reduced stability.

Some of these scenarios are not intended to represent nominal flight paths, rather, they are designed

AIRSHIP ‐ December 2025 ‐ Page 37



3.3 Linear Quadratic Regulator (LQR) Control 3 ALGORITHMIC CONTROL TECHNIQUES

(a) Altitude sine wave (b) Altitude ramps (c) Altitude and lateral ramps

(d) Lateral sine wave (e) Altitude and lateral sine wave (f) Spiral wave

Figure 19: LQRI‐controlled AIRSHIP response to tracking different trajectories.

to stress test the controllers under aggressive and unrealistic operating conditions, exposing potential
weakness and ensuring robustness during the real expected flight envelope.

Table 10 presents the influence of ground effect on the performance of the LQRI controller. As expected,
operating close to the ground leads to a noticeable reduction in overall commanded thrust. The increase
inCL reduces the required angle of attack (α) for the same airspeed to maintain steady flight. Together
with the higher µD in ground effect, this results in a substantial decrease in CD, which lowers the
overall drag and, consequently, the thrust required to sustain steady flight. These effect quickly become
negligible once (h/b) ≥ 0.5 (Fig. 20).

Table 10: LQRI performance metrics (RMSE, settling time, overshoot, error mean + std, and energy utilization) for
the AIRSHIP vehicle at various constant altitudes.

Altitude (m) RMSE (m) Settling Time (s) Overshoot (m) Error (mean± std) (m) Energy Utilization

1.0 0.008 0.01 0.187 0.002± 0.014 0.303
2.5 0.011 0.01 0.247 0.002± 0.020 0.590
5.0 0.012 0.01 0.265 0.003± 0.021 0.689
10.0 0.013 0.01 0.271 0.003± 0.022 0.723
100.0 0.013 0.01 0.280 0.003± 0.022 0.743
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(a) 1.0 m constant altitude (b) 2.5 m constant altitude

(c) 5.0 m constant altitude (d) 10.0 m constant altitude

Figure 20: Variation ofCL andCD with altitude due to ground effect, utilizing LQRI for constant altitude tracking.

3.4 L1 Adaptive Control
Aircraft dynamics are inherently affected by modeling errors and parametric uncertainties, arising from
variations in aerodynamic coefficients, mass properties, environmental conditions, and unmodeled dy‐
namics. A commonly adopted industrial approach to address these uncertainties is gain scheduling;
however, this method is time‐consuming and requires extensive tuning, because a family of controllers
must be designed and tuned for all possible operating conditions across the entire operational range
(Rugh & Shamma, 2000).

Over the years, various robust and adaptive control techniques have been proposed to cope with such
uncertainties. Nevertheless, only in recent years have advances in computational power and theoretical
developments in adaptive control stability enabled the practical application of these methods to real‐
world aerospace systems.

L1 adaptive control represents a relatively recent advancement in adaptive control theory. It is specifi‐
cally designed to provide fast adaptationwhile guaranteeing bounded system responses and robustness
in the presence of uncertainties. A key characteristic of theL1 architecture is the decoupling of adapta‐
tion speed from robustness by explicitly limiting the control signal bandwidth through a low‐pass filter,
ensuring predictable transient behavior.

In this section, the implementation and results of L1 adaptive controller will be detailed. The work
started from an open‐source fixed‐wing aircraftmodel (LozioAlce, 2025), which is adapted to represent
the AIRSHIP A1 configuration. In addition, ground‐effect‐related modifications were introduced in the
aerodynamic model, affecting lift and drag coefficients in order to better capture near‐surface flight
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characteristics.

After simulating the airshipmodel, a baseline controller is designed using classical pole‐placement tech‐
niques. The L1 adaptive controller is then introduced to compensate for parametric uncertainties and
unmodeled dynamics within the actuator bandwidth. Parametric uncertainties are intentionally intro‐
duced to evaluate robustness, and controller performance is assessed through both deterministic sim‐
ulations and Monte Carlo analyses with randomized parameter variations. These simulations are used
to evaluate stability, transient behavior, and robustness of the flight control system under a wide range
of operating conditions.

3.4.1 Baseline Controller
The baseline controller is designed to guarantee nominal system performance under ideal conditions,
assuming no anomalies or parametric variations. It serves as a reference control law against which the
robustness and performance of advanced controllers, such as theL1 adaptive controller, are evaluated.

The baseline control strategy adopted in this work is based on classical pole‐placement techniques.
Starting from the nonlinear aircraft model, a steady‐state trim condition is first computed for a given
operating point. The system is then linearized around this trim condition, and separate linear models
for the longitudinal and lateral dynamics are obtained. These linearized models are subsequently used
to design state‐feedback controllers via pole placement.

Linearization around operating trim point

The trim condition is computed numerically by formulating the trim problem as a constrained optimiza‐
tion task. The objective is to find a steady‐state combination of states and control inputs such that the
time derivatives of the selected state variables are minimized, while satisfying physical and operational
constraints.

Solve the constrained optimization problemusing theMATLAB fmincon function to obtain the trimmed
state vector xtrim and corresponding control inputs utrim.

In our case, the trim condition is computed for a near‐surfaceWIGoperating pointwith a target airspeed
of Vtrim = 28 m/s and a center‐of‐gravity height above the water surface of htrim = 0.8 m. The trim
assumes straight and level flight, with zero roll and yaw angles (ϕ = 0, ψ = 0), zero lateral velocity
(v = 0), and zero angular rates (p = q = r = 0).

The optimization variables include the full state vector

x = [u, v, w, p, q, r, ϕ, θ, ψ, xN , yE, h]
T

and the control inputs
u = [δe, δa, δr, δt]

T .

Equality constraints are imposed to enforce the steady‐state conditions listed above, while the remain‐
ing states and control inputs are allowed to vary freely during optimization. The optimization problem is
solved using MATLAB’s interior‐point algorithm with tight convergence tolerances to ensure numerical
accuracy of the trim solution.
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3.4.2 L1 Adaptive Controller
The closed‐loop system dynamics can be represented in the form

ẋ(t) = Ax(t) + Bmu(t) + f(x, t), (61)

where f(x, t) represents matched and unmatched uncertainties arising from modeling errors, distur‐
bances, and cross‐coupling effects. The total control input is defined as

u(t) = −Kbaselinex(t) + uad(t), (62)

whereKbaseline is a nominal state‐feedback gain designed using pole‐placement, and uad is the adaptive
control component.

A defining feature of the L1 architecture is that the adaptive control signal is filtered before being applied
to the plant:

uad(s) = −KadD(s) η̂(s), (63)

where η̂ denotes the estimated uncertainty,Kad is an adaptive gain, andD(s) is a strictly proper low‐
pass filter that enforces a known control bandwidth. This filtering ensures that fast adaptation does not
introduce high‐frequency control action, thereby preserving robustness.

The L1 adaptive controller is implemented as an augmentation to the baseline controller. Parametric
uncertainties are intentionally introduced to evaluate robustness. Controller performance is assessed
through both deterministic simulations and Monte Carlo analyses with randomized variations of aero‐
dynamic and inertial parameters.

3.4.3 Simulation experiments
The simulation experiments focused on evaluating the ability of the L1 adaptive controller to maintain
stable flight within and near the ground‐effect regime, as well as to assess robustness under significant
parametric uncertainty.

The aircraft model was initially trimmed inside ground effect at a center‐of‐gravity height of h = 0.8m.
All simulations start from this trimmed condition. The primary objective of the experiments is to main‐
tain stable longitudinal flight in ground effect and to evaluate the controller response to altitude refer‐
ence changes.

The simulation sequence is defined as follows:

• The vehicle starts at the trimmed altitude of 0.8m.

• The altitude reference is increased by 0.2 m to evaluate small upward transitions within ground
effect.

• The reference is then decreased by 0.5m.

• Subsequently, a reference altitude of 10m is sent to investigate whether stable flight outside the
ground‐effect region is achievable using the same trim and controller configuration.
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• Finally, the altitude reference is returned to the original ground‐effect operating point.

This sequence allows evaluation of controller behavior both inside and outside the ground‐effect region,
as well as during transitions between operating regimes.

3.4.4 Monte Carlo Robustness Analysis
To assess robustness, a comprehensiveMonte Carlo simulation framework was developed. The analysis
evaluates controller performance across a wide range of parameter variations representing manufac‐
turing tolerances, aerodynamic model uncertainty, and operational variability.

All aerodynamic coefficients and physical parameters (with the exception of air density and gravity)
were varied according to

PMC = Pnom + ϵ Pnom · rand[0, 1] · sign(N (0, 1)) , (64)

where Pnom denotes the nominal parameter value and ϵ = 20% represents the general uncertainty
level.

Pitch Stability Derivative

The pitchmoment derivativeCmα has a critical role in longitudinal static stability. It was varied according
to

Cmα,MC = Cmα,nom · (0.5 + rand[0, 1]) , (65)

ensuring that Cmα remains negative while allowing its magnitude to vary by up to ±50% around the
nominal value of−0.60. This constraint is necessary because positive values ofCmα lead to pitch diver‐
gence, which cannot be stabilized by adaptive control alone.

Thrust Variations

Maximum available thrust was perturbed around the nominal value according to

Tmax,MC = Tmax,nom · (1 + (2 rand[0, 1]− 1) δT ) , (66)

with δT = 20%.

Input Cross‐Coupling

Control surface cross‐coupling effects were modeled as

ΩMC = I4×4 + Ωcoupling, (67)

where Ωcoupling is a 4 × 4 matrix with random elements scaled by 10%. This formulation represents
mechanical linkage imperfections and aerodynamic interference between control surfaces.

3.4.5 Results
This subsection presents the results of the Monte Carlo simulations performed to evaluate the robust‐
ness of the L1 adaptive controller under parametric uncertainty. A total of 20 Monte Carlo runs were
executed, each corresponding to a different randomized realization of aerodynamic parameters, inertial
properties, thrust limits, and input cross‐coupling, as described in the previous section.
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In all result figures, the individual colored trajectories represent the outcomes of theMonte Carlo runs,
while the black trajectory corresponds to the nominal case using the unperturbed parameter set. This
reference trajectory is included to facilitate direct comparison between nominal and perturbed system
behavior.

Fig. 21 shows the control inputs, including elevator, aileron, rudder, and throttle commands. These plots
illustrate the variability of control effort required to maintain stability and tracking performance under
parameter uncertainty. Despite the imposed variations, the control signals remain bounded across all
Monte Carlo realizations, indicating that the adaptive controller effectively compensates for uncertain‐
ties within the actuator bandwidth.

Fig. 22 presents the key state variables relevant to longitudinal flight performance, including airspeed,
angle of attack, pitch angle, and altitude. The results show that, although transient responses vary be‐
tween Monte Carlo runs, all trajectories remain bounded and follow the commanded altitude profile
without divergence or loss of stability.

Finally, Fig. 23 shows a zoomed‐in view of the altitude response during the initial phase of the simu‐
lation, focusing on the portion of the experiment where the vehicle operates within the ground‐effect
region. This detailed view highlights the controller behavior during near‐surface flight, where aerody‐
namic sensitivity is highest. The results show consistent altitude regulation across theMonte Carlo runs
during this phase, with limited dispersion around the reference trajectory.

Figure 21: Monte Carlo simulation results (20 runs) showing control inputs. Colored lines correspond to Monte
Carlo realizations with parameter uncertainty, while the black line represents the nominal case.
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Figure 22: Monte Carlo simulation results (20 runs) showing key state variables: airspeed, angle of attack, pitch
angle, and altitude. Colored trajectories correspond to perturbed parameter cases, while the black trajectory
represents the nominal model.

Figure 23: Zoomed view of altitude response during the initial ground‐effect flight phase. The figure highlights
controller behavior near the water surface, where aerodynamic sensitivity is highest.

Overall, the Monte Carlo results demonstrate that the L1 adaptive controller maintains stable flight
and acceptable tracking performance in the presence of significant parametric uncertainty, both within
ground effect and during transitions to higher‐altitude flight. These properties make L1 adaptive con‐
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trol a suitable candidate for WIG vehicle flight control, where operating conditions and aerodynamic
characteristics can vary substantially and gain scheduling becomes impractical.

3.5 Fuzzy Control
Fuzzy logic is a mathematical approach to handling reasoning that involves approximate rather than
exact reasoning. It was introduced by Lotfi Zadeh in the 1960s as a means to model reasoning that
closely resembles human cognitive processes (Zadeh, 1988). Unlike classical binary logic, which deals
with clear true or false (0 or 1) values, fuzzy logic deals with degrees of truth, allowing for greater
flexibility and adaptation in control systems. In fuzzy logic, inputs and outputs are modeled using fuzzy
sets and membership functions. These membership functions map crisp input values (such as the error
in height or velocity) to degrees ofmembership in various fuzzy sets (such as ”small”, ”medium”, ”large”).
The system then applies a set of rules to infer outputs (such as deflection of the control surface).

A typical fuzzy controller consists of the following main components:

• Fuzzification ‐ The process of converting crisp input values into fuzzy values based on predefined
membership functions

• Rule Base ‐ A set of if‐then rules, generally created by domain experts, that describe how to handle
different fuzzy input values and map them to fuzzy output values.

• Inference Engine ‐ The system that applies the rules to compute the fuzzy output based on the
fuzzified inputs.

• Defuzzification ‐ The process of converting the fuzzy output values back into crisp values, which
can then be used by the system to perform an action

Fuzzy controllers have been widely applied in flying vehicles because they can handle the nonlinear,
uncertain, and dynamic nature of aerodynamics without requiring an exact mathematical model. By
mimicking human reasoning through linguistic rules, they can provide robust altitude, attitude, and tra‐
jectory regulation. Two common fuzzy inference approaches are Mamdani and Sugeno (Iancu, 2012;
Nguyen et al., 2019). Mamdani controllers use fuzzy sets for both inputs and outputs, making them
highly interpretable and suitable for visualizing how rules translate into control actions—an advantage
when transparency and pilot‐like reasoning are desired. Sugeno controllers, on the other hand, employ
crisp linear mathematical functions for outputs, which makes them computationally efficient and eas‐
ier to integrate with optimization or adaptive schemes, but less intuitive to interpret. In both cases, the
design relies on membership functions that map numerical variables into linguistic terms. The choice
of membership function type (triangular, trapezoidal, or Gaussian) affects the smoothness and sensi‐
tivity of the controller. For flying vehicles, Gaussian functions are often preferred because their smooth
overlap ensures gradual transitions between control actions, reducing sudden changes in actuator com‐
mands and enhancing flight stability.

Having said that, this approach is well‐suited for nonlinear systems with uncertain dynamics, such as
WIG vehicles, which operate in the ground effect, so small changes in altitude can cause disproportion‐
ate shifts in lift and stability. By using fuzzy logic, the controller can accommodate these nonlinearities
and uncertainties without requiring an exact mathematical model, ensuring altitude regulation and
smooth surface deflections even under rapidly changing flight conditions.
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3.5.1 Controller Design
In order to maintain the desired height with the fuzzy controller, the inputs were defined as the height
error (difference between desired and actual altitude) and the rate of change of altitude (vertical ve‐
locity). For the controller output, the elevator surface deflection was chosen, which directly affects the
vehicle’s pitch and, therefore, its altitude.

The Mamdani fuzzy inference system was selected over the Sugeno for several reasons. Mamdani pro‐
vides a more intuitive and linguistically transparent rule base, which is particularly useful when model‐
ing pilot‐like decision‐making. Unlike Sugeno, which produces crisp outputs through weighted averages
of linear functions, Mamdani maintains the interpretability of fuzzy sets throughout the inference pro‐
cess. This makes it easier to visualize how rules interact and to adjust them during tuning.

For themembership functions, each variablewas represented by five linguistic terms: Negative Big (NB),
Negative Small (NS), Zero (ZO), Positive Small (PS), and Positive Big (PB). These variables were chosen
to provide sufficient resolution for capturing both large deviations and fine adjustments, while avoiding
excessive complexity in the rule base. The symmetric structure around zero ensures balanced treatment
of upward and downward deviations.

For membership functions, the Gaussian functions were used because of their smoothness and differ‐
entiability. Unlike triangular or trapezoidal sets, Gaussian functions avoid sudden changes at the bound‐
aries, which reduces the risk of discontinuities in the control surface. This smooth overlap between
adjacent terms ensures gradual transitions in the controller output, leading to more stable elevator de‐
flections and improved altitude regulation. Additionally, Gaussian sets better reflect the probabilistic
nature of sensor noise and uncertainty, making them well‐suited for real‐world flight conditions. The
membership functions are shown in the Fig. 24.

Figure 24: Membership Functions

The effectiveness of the fuzzy controller depends on a well‐structured rule base that links our input
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variables (height error and vertical velocity) to the output (elevator deflection). These rules are designed
to capture intuitive flight behavior, ensuring that the controller responds in a way that resembles pilot
decision‐making under varying altitude conditions. The rule base chosen is intended to match pilot
reasoning without a full aerodynamic model:

• When the height error is large, and the vertical velocity is negative (descending rapidly), the sys‐
tem responds by commanding a large upward deflection of the elevator (e.g., pull up) to arrest
the descent.

• When the height error is large, and the vertical velocity is small or near zero, the system gradually
adjusts the elevator to return the vehicle to the desired altitude by making smaller corrections
(e.g., slight pull‐up).

• When the height error is small but the vertical velocity is negative (descending), the systemapplies
a gentle upward command (small pull‐up) to correct the descent and avoid oscillation.

• When the height error is zero but the vertical velocity is positive (climbing), the system applies
small downward deflections to prevent over‐climbing.

• When both the height error and vertical velocity are near zero (on target and stable), the system
does not apply any correction, allowing the vehicle to remain at the desired altitude.

• When the height error is positive (too low), and the vertical velocity is also positive (climbing too
fast), the system applies a strong downward deflection to slow the climb and bring the vehicle
back to the desired altitude.

Rules are evaluated using Mamdani min–max inference, and outputs are defuzzified via the centroid
method. These rules ensure that the systemadjusts the elevator deflection in response to altitude errors
and vertical velocity. Also, the symmetric structure ensures consistent behavior around the setpoint.

An important feature of implementing fuzzy logic in this WIG vehicle control system is the dynamic ad‐
justment of the error and error rate ranges. If the altitude error becomes too large, the fuzzy system
can increase the tolerance (i.e., expand the fuzzy range) to prevent abrupt control actions. Vice versa, if
the error is small, the system tightens its tolerance, ensuring better control and responsiveness. This is
why adaptive scaling was implemented, whichmeans that the range expands dynamically when vertical
velocity or height exceeds a threshold. This ensures responsiveness during rapid climbs or descents. In
addition, to further enhance the control signal and avoid sudden changes in elevator deflection, expo‐
nential smoothing has been applied to elevator command to prevent excessive oscillations or jumps.

3.5.2 Implementation
The controller was implemented using Python and X‐Plane 12. A custom GUI was created for this pur‐
pose with the following capabilities:

• Modification of the Altitude Setpoint

• Modification of the Error and Error Rate Range

• Modification of the Simulation Duration

• Modification of the control rate limit

• Visualization of Membership Functions and the System’s Current State
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• Live Plotting of Key Variables (height, velocity, elevator deflection...)

• Data Logging of Key Variables (height, velocity, elevator deflection...)

• Starting and Stopping the Simulation

• Choosing the Data Logging Path

The GUI is shown in Fig. 25.

Figure 25: Custom Graphical User Interface

The X‐Plane 12 simulator is used to model the flight dynamics of the AIRSHIP A1 prototype, handle con‐
trol command transmission, and collect flight data, while Python is used for controller implementation,
GUI design, and post‐flight analysis.

3.5.3 Results, Evaluation and Conclusion
The simulation begins with the A1 prototype positioned on the water, with no control surface deflec‐
tions or applied thrust, as shown in Fig. 26.

The parameters of the fuzzy control are set as follows:

• Error range is set to [−4, 4]m

• Error rate range is set to [−2, 2]m/s

• Elevator deflection range is set to [−0.8, 0.8], where maximum values are [−1, 1]

After setting up everything, the simulation starts with the initial applied thrust of 50%. The simulation
results are shown in the Fig.27a, Fig.27b, Fig.27c, and Fig.27d.

The True Airspeed profile (Fig. 27b) shows the vehicle accelerating from rest and reaching sufficient
speed for lift generation, indicating a successful takeoff sequence. As expected, the airspeed increases
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Figure 26: X‐Plane 12 Simulation

steadily during the acceleration phase, corresponding to the applied thrust and gradual transition from
displacement motion on water to aerodynamic lift‐dominated flight.

The altitude error evolution during takeoff (Fig. 27d) illustrates the dynamic nature of the lift‐off process.
As the vehicle leaves the water surface, the altitude error initially grows and then changes sign as the
controller compensates for the increasing lift. The oscillatory behavior observed during this phase is
characteristic of early ground‐effect flight, where small variations in height lead to significant changes in
aerodynamic forces. Despite these transients, the controller maintains bounded error and successfully
stabilizes the vehicle above the water surface.

During takeoff, theWIG vehicle is commanded with 50% thrust and an elevator deflection of 0.3. Under
these conditions, the aircraft gradually builds sufficient lift to leave the water surface in approximately
15 seconds. This takeoff profile reflects amoderate acceleration and lift‐off behavior, without aggressive
thrust or control surface inputs.

The use of limited thrust and moderate elevator deflection results in a smooth transition from wa‐
terborne motion to ground‐effect flight, avoiding abrupt pitch changes or excessive control surface
activity. It should be noted, however, that operation at low speed on water is associated with signif‐
icant hydrodynamic drag, and therefore such a takeoff strategy does not necessarily minimize energy
consumption. The suitability of this takeoff strategy, including its energy implications and sensitivity
to environmental conditions, will be further evaluated during forthcoming field tests with the physical
scaled prototype, where hydrodynamic effects, actuator limitations, energy consumption and sensor
noise can be assessed under real operating conditions.

In conclusion, the use of fuzzy logic to control the WIG vehicle offers several advantages over tradi‐
tional control methods. It provides a flexible and adaptive approach capable of handling the nonlinear
and uncertain dynamics inherent in WIG vehicle flight. By using fuzzy sets and intuitive if–then rules,
the system continuously adjusts its control outputs in response to altitude error, vertical velocity, and
external disturbances.

The ability to tune the controller parameters and maintain stable behavior in the presence of noise
makes fuzzy logic a suitable candidate for AIRSHIP takeoff and low‐altitude altitude regulation. Future
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(a) Height setpoint vs. actual altitude (b) True airspeed

(c) Elevator deflection
(d) Height error [m], error rate [m/s], and true airspeed (TAS
[m/s])

Figure 27: Fuzzy control performance during takeoff.

work includes reducing oscillations through refinement of membership functions and input/output
ranges, introducing additional stabilization mechanisms such as anti‐windup strategies, and extending
the fuzzy control approach to velocity, yaw, and roll regulation.
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4 AI‐based control

Reinforcement Learning (RL) offers a data‐driven methodology for synthesizing feedback policies that
optimize closed‐loop performance through direct interaction with a dynamic environment. Unlike clas‐
sical linear and non‐linear control techniques that rely on explicit analytic models and assumptions
about system structure, RL leverages sequential decision‐making under uncertainty to learn policies
that maximize long‐term reward signals. For autonomous aerial systems, this allows controllers to rea‐
son over non‐linear, coupled dynamics, actuator limits, and delayed effects, while potentially reducing
the need for manual gain tuning or high‐fidelity analytic modelling.

In recent years, model‐free and model‐based RL algorithms have demonstrated promising results for
roboticmanipulation, locomotion, and autonomous vehicle control. Their application to aircraft systems
remains an emerging field, where challenges include safety, sample efficiency, stability guarantees,
and deployment on real hardware. Nevertheless, RL offers a complementary approach to the classical
frameworks presented in section 3. This approach has the potential to outperform hand‐tuned control
laws when dealing with aerodynamic non‐linearities, ground effect, and uncertain flight regimes.

This section focuses on DreamerV3, a state‐of‐the‐art model‐based algorithm in which world models
are learned to enable efficient long‐horizon reasoning in latent state spaces.

4.1 Learning‐Based Control with DreamerV3
DreamerV3 is a general and scalable model‐based reinforcement learning algorithm that learns a com‐
pact predictive world model and uses it to optimize agent behaviour via imagined rollouts in the latent
space. The approach is built on the principle of learning a differentiable internal model of environment
dynamics that can be used to simulate future outcomes and thereby support long‐term planning with‐
out requiring extensive interactions with the real environment. By leveraging robustness techniques
such as normalization, balancing, and input transformations, DreamerV3 exhibits stable learning across
a wide variety of domains and tasks without the need for domain‐specific hyper‐parameter tuning.

One of the most notable empirical results demonstrated in the original work (Hafner, Pasukonis, Ba, &
Lillicrap, 2025) is that DreamerV3, with a single configuration of hyper‐parameters, significantly out‐
performs specialized reinforcement learning methods across more than 150 diverse benchmark tasks.
The algorithm’s generality is further illustrated by its ability to solve challenging exploration problems.
These characteristics make DreamerV3 an attractive candidate for complex continuous control prob‐
lems where dynamic models are available but manual tuning of controllers may be difficult.

A DreamerV3 agent was trained to perform altitude regulation. The task consists of maintaining flight
along a forward trajectory while matching a time‐varying altitude reference. Fig. 28 shows the learned
behaviour over multiple rollouts, with 3D trajectory tracking, orientation stabilization, position evolu‐
tion, and linear velocity regulation. The results indicate stable control behaviour and successful learning
of the target altitude profile, albeit with slight oscillations due to limited policy tuning. Performance
metrics across representative environments are summarized in Table 11, demonstrating tracking accu‐
racy in the sub‐meter range with energy usage that can be improved.
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Figure 28: DreamerV3 agent controlling the airship along a dynamic altitude‐keeping trajectory. Top‐left: 3D tra‐
jectory tracking. Top‐right: orientation convergence. Bottom‐left: position over time. Bottom‐right: body‐frame
velocity components.

5 Simulation frameworks

This section describes the simulation frameworks employed to assess the proposed control strategies
and validate aircraft performance. Three independent simulation environments were used to ensure
consistency and cross‐verification. Two custom simulators, one implemented inMATLAB/Simulink (Inc.,
2022) and one in Python, which share an identical set of aircraft dynamic equations and aerodynamic
models (described in section 2), enabling code‐level equivalence and repeatability across platforms.
In addition, a high‐fidelity environment was constructed by coupling a commercial aircraft simulator
X‐Plane 12 (Laminar Research, 2024) with the Gazebo robotics simulator to incorporate realistic flight
dynamics, sensor effects, and hardware‐in‐the‐loop capabilities. The use of multiple simulation frame‐
works permits both efficient algorithm development and validation of control systems across.
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Table 11: Mean ± standard deviation across five DreamerV3 runs for dynamic altitude tracking.

RMSE (m) Alt. RMSE (m) Overshoot (m) Error (mean ± std) (m) Energy Utilization

0.756 ± 0.763 1.309 ± 1.231 1.540 ± 1.246 1.270 ± 1.369 0.743 ± 0.066

5.1 Python framework
The Python simulation platform is designed to support the development, training, and evaluation of
flight control strategies for fixed‐wing aircraft operating in near‐ground environments. The architecture
consists of two primary modules: the agent and the environment.

The agent module supports a wide range of control models, including classical approaches such as
Linear Quadratic Regulator (LQR), Linear Quadratic Regulator with Integral action (LQRI) and planned
future addition of PID, as well as modern learning‐based controllers such as PPO, LSTM‐based PPO, and
DreamerV3. These controllers can be executed on either CPU or GPU for both evaluation and large‐
scale training, enabling both quick debugging of simulated flight conditions and heavy‐duty batched
experiments, where millions of trajectories can be collected to train and evaluate control performance.

The environment exposes a compliant Gymnasium (Towers et al., 2024) interface through a Python
CoreAirshipEnv class and its wrappers. It supports reset(), step(action), and render() meth‐
ods, and optionally includes info dictionaries with task‐specific diagnostics. Observations are exposed
as flat NumPy arrays and can be extended with sensor noise or delays via wrapper classes. The action
space is continuous (bounded) and directly maps to control surface deflections and throttle values.

The developed framework also provides integrationwith Stable Baselines3 (SB3) (Raffinet al., 2021), en‐
abling rapid experimentation with off‐the‐shelf RL algorithms like PPO and SAC. Model‐based RL agents
are supported via a DreamerV3 (Hafner et al., 2025) pipeline that wraps the simulation environment in
a recurrent state‐space model (RSSM). The implementation reuses the ‘dreamerv3‘ codebase, adapted
for continuous‐control fixed‐wing tasks. The world model is trained jointly with a policy and value net‐
work using imagined rollouts. Action sequences are optimized through learned latent trajectories. GPU
acceleration is used for both training and inference.

The environmentmodule supportsmultiple simulationback‐ends and interoperationwith external tools
such asOpenVSP (NASAOpenVSP Team, 2025),MATLAB and X‐Plane 12, allowing flexibility and enabling
various controller design workflows.

The environment simulates full 6DoF rigid‐body aircraft dynamics, focusing on low‐altitude scenarios
where physical effects such as ground proximity and turbulence dominate. The physics module is struc‐
tured around five interconnected components:

• Aerodynamics: Uses precomputed aerodynamic coefficients from OpenVSP or analytical approx‐
imations. Aerodynamic forces and moment forces are adjusted dynamically based on airspeed,
angle of attack, sideslip angle, height above ground and control surface deflection. Ground effect
corrections are applied using semi‐empirical models (see section 2.1.2).

• Actuators: Control surface deflections and thrust values are passed through first‐ or second‐order
actuator dynamics (see section 2.2), allowing simulation of latency, saturation, and rate‐limited
responses.

• Environmental Effects: Wind gusts, turbulence fields, and atmospheric density gradients are in‐
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jected into the dynamics via different noise models, enabling robustness testing under realistic
conditions.

• Sensors: A developed onboard sensor model class can simulate IMU measurements (accelerom‐
eter, gyroscope), GNSS, and optional encoders. Sensor noise, bias, scaling, saturation, sampling
rate, resolution, or delay can be individually or in combination added to evaluate controller per‐
formance under degraded sensing (see Fig. 29).

• Flight Tasks: The agent interacts with the environment through a set of modular task definitions,
such as fixed‐altitude keeping, dynamic climbing/descending, 2D path following, and full 3D tra‐
jectory tracking. These are defined as reward functions and success conditions on top of the raw
physics simulation.

(a) Perfect sensors (b) Sensor noise (c) Sensor bias (d) Sensor scaling factor

(e) Sensor limits (f) Sensor resolution (g) Sensor sampling rate (h) Sensor delay

Figure 29: Illustration of different sensor effects implemented in the Python simulator.

Each of these components interacts through the environment interface, which passes state transitions,
sampled observations, and reward signals to the agent. Each physics component can be independently
toggled or simplified, enabling ablation studies and comparative benchmarking under controlled set‐
tings.

The framework supports rapid prototyping of different AIRSHIP airframes evolutions and modifications
via JSON‐based configuration files. Each aircraft model is described by its geometry, mass, inertia, con‐
trol surface layout, propulsion system parameters, sensor configuration and environmental settings.
Given the aircraft OpenVSP 3D model, using its python API, the aerodynamic coefficients can be com‐
puted as mentioned in section 2.1.1.

These models are then used for both simulation and visualization. The modular setup makes it easy to
switch between vehicles and test control policies across different configurations, improving generaliza‐
tion and robustness.

To improve validation and high‐fidelity visualization, an interface to the X‐Plane using the open‐source
Python XPlaneConnect API (NASA Ames Research Center, 2025) developed by NASA was added. If given
the same aircraft physical properties (geometry and flight initial conditions), trajectories generated in
the simulator can be replayed or comparedwithin X‐Plane’s physics engine. This allows cross‐verification
of dynamics between our model and an industry‐standard closed‐source simulator. Additionally, X‐
Plane can be used to test the different controllers and scenarios in an different simulation environ‐
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ment, providing a practical robustness and check for controller performance under a different model‐
ing physics engine. Lastly, it can be used to capture high‐quality video demonstrations of trained agents
flying over varied water locations.

5.2 MATLAB/Simulink framework
In addition to the Python framework, MATLAB and Simulink provides a graphical, block‐diagram–based
modelling paradigm that enables rapid prototyping of control architectures and plant models. It sup‐
ports efficient design iteration, parameter tuning, and automated testing of any system dynamics.

This simulator is used to design and validate the baseline control laws before integrating them into the
Python‐based framework developed. Since Simulink includes extensive libraries for signal processing,
flight dynamics, control systems and ODE solvers, it accelerates the configuration and evaluation of
candidate control strategies with minimal implementation overhead. The rapid development workflow
allows the testing various control concepts without writing lower‐level code, reducing development
time.

The MATLAB simulator also serves as a way to validate if the physics models across both frameworks
converge under equivalent conditions, increasing confidence that both implementations correctly rep‐
resent the intended dynamics, reducing risk of modelling errors before hardware deployment.

Lastly, it also allows symbolic derivation of systemmatrices for LQR, LQRI and linearmodel identification.

Figure 30: Block‐diagram representation of the implemented aircraft dynamics and control architecture in
Simulink, illustrating the modular structure of the simulation framework, with separate subsystems for actua‐
tor dynamics, sensor models, vehicle dynamics and feedback control laws.

5.3 X‐Plane 12 framework
A reliable system model is essential for the development and testing of control algorithms. Several
flight simulators are available for evaluating autonomous flight control systems. JSBSim is an open‐
source flight dynamics simulator featuring a physics‐based modeling approach (Berndt & the JSBSim
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Figure 31: AIRSHIP prototype designed in PlaneMaker, a proprietary software that comes with X‐Plane 12.

Development Team, 2011). FlightGear is an open‐source flight simulator that relies on JSBSim as its
underlying flight dynamics engine (Perry, 2004). Microsoft Flight Simulator provides visually realistic
graphics and detailed terrain representation, but is primarily focused on pilot training and visualization
rather than control‐oriented research (Microsoft Flight Simulator, 2025).

X‐Plane, developed by Laminar Research, is equipped with a physics engine well‐suited for testing con‐
trol algorithms. Unlike simulators based on stability‐derivative models, X‐Plane utilizes Blade Element
Theory to compute aerodynamic forces, enabling detailed modeling of aerodynamic effects across a
wide flight envelope. X‐Plane provides access to a large set of physical and state variables, a relatively
simple user interface, and real‐time data exchange capabilities, which make it suitable for research‐
oriented applications. The latest version, X‐Plane 12, is FAA‐certified for specific training applications
(Yalçin & Ersoy, 2018).

In the AIRSHIP project, X‐Plane 12 has been used as the primary simulation software for validating
control algorithms. The NASA plugin XPlaneConnect provides the communication interface between
X‐Plane 12 and ROS 2 architecture, using the UDP protocol for data exchange. (NASA, n.d.).

By default, X‐Plane includes a variety of off‐the‐shelf aircraft models, allowing users to get started with
the real‐time flying simulation experience. Thesemodels cover awide range of aircrafts and several sea‐
planes. While seaplanes are the closest available options for testing near‐surface flight operations, they
do not fully capture the dynamics ofWIG vehicles. For this reason, it was necessary to develop a custom
WIG craft model, see Fig. 31. The model was created using Plane Maker, the aircraft design tool that
comes along with the simulator. The design and modelling process combined Computational Fluid Dy‐
namics (CFD) analysis, mathematical modelling, and detailed measurements of our project prototype.
The 3D render data and blueprints were used to ensure that the simulated vehicle closely resembles
our actual prototype. This design work carried out within the AIRSHIP project is being done by Tampere
University. The validation and initial testing of the prototype done in the X‐Plane 12 can be seen in Fig.
32.

5.3.1 System Architecture
ROS2Humblemiddleware has beenused as the primarymessage‐passing interface and communication
underlay, ensuringmodularity and scalability of the overall architecture. To achieve seamless integration
between subsystems, several custom message definitions were developed. These custom messages
played a crucial role in improving system transparency, facilitating intuitive understanding of inter‐node
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Figure 32: Prototype tested in X‐Plane 12.

communication, and enabling rapid debugging throughout the development and testing phases.

Given that the proposed model is a low‐altitude flying WIG craft, the controller required gain adjust‐
ments during the development and testing phase to ensure stable operation. For this purpose, a live
tuning mechanism was implemented, allowing the PID gains to be modified interactively while theWIG
craft is operating in simulation. This feature is intended exclusively for controller development, testing,
and tuning, and enables efficient parameter adjustment under varying simulated flight conditions.

The overall communication architecture illustrating the flow of messages within the ROS 2 ecosystem,
along with its interaction with X‐Plane 12 and the control loop, is depicted in Fig. 33. The architecture
shows the integration using a cascaded PID controller as a representative example. The same software
and communication framework were also used to integrate and evaluate alternative control strategies,
including LQG and fuzzy logic controllers, without requiring structural changes to the architecture.
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Figure 33: ROS 2 ‐ X‐Plane 12 closed‐loop control architecture.
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6 Control Software Architecture

To enable the integration, execution, and validation of the control algorithms developed under Task 5.2,
a dedicated control software architecture is required. This section presents the control software archi‐
tecture developed to support autonomous operation of high‐speed WIG vehicles. This work has been
done in collaboration between UPM and Tampere University and has been published at the IEEE 13th
International Conference on Control, Mechatronics and Automation (Ilić et al., 2025).

Unmanned WIG vehicles rely predominantly on autonomous control, navigation, and communication
systems to ensure safe and stable operation in low‐altitude, high‐speed environments. Consequently,
the control software architecture must be scalable, fault‐tolerant, and capable of real‐time process‐
ing, while supporting integration with ground control infrastructure. These requirements exceed those
typically addressed by adaptations of conventional UAV software frameworks and motivate the devel‐
opment of a dedicated, WIG‐oriented architecture.

The work presented in this section reviews the system requirements, introduces the custom Arm‐In‐
Ground (AIG) hardware platform developed by Tampere University, and details the adopted open‐
source software stack. The architecture integrates ROS 2 as middleware, Pixhawk‐based flight con‐
trollers, ArduPilot autopilot firmware, MAVLink communication, and Mission Planner as the Ground
Control Station (GCS). The proposed architecture has been evaluated through HIL testing to assess sys‐
tem performance, timing behaviour, and computational resource usage under different command up‐
date rates.

The AIRSHIP commercial concept targets a full‐scaleWIG vehicle with awingspan of approximately 25m
and amaximum take‐offweight (MTOW)of about 16 t. The control software architecture described here
is designed to support this class of vehicle, while being validated on a scaled 5 m wingspan technology
demonstrator with an MTOW of approximately 110 kg. The use of modular, open‐source components
enables straightforward scaling across vehicle sizes without fundamental architectural changes.

The high‐speed operational profile of WIG vehicles imposes strict latency and reliability requirements
on the software. Sensor data must be processed at frequencies ranging from 100 Hz to 1 kHz, while
actuator command loops must operate at a minimum of 10 Hz to maintain stable flight dynamics. The
proposed architecture is designed to meet these timing constraints while maintaining robustness to
communication delays and partial subsystem failures.

Finally, WIG vehicles occupy a unique regulatory position. According to IMO guidelines (International
Maritime Organization, 2018), WIG vehicles operating in ground effect are classified as maritime ves‐
sels rather than aircraft. This classification influences software architecture decisions, as the system
must comply with maritime operational reliability standards without the full burden of aviation soft‐
ware certification requirements. This regulatory framework allows the controlled use of open‐source
components during development, while maintaining appropriate safety and reliability margins for fu‐
ture commercial deployment.

6.1 Development
In this section, the development steps of the software architecture design at the system level and in
more detail at the in‐vehicle level are outlined, which could enable autonomous high‐speed WIG vehi‐
cles. First, the system requirements that guided the design process are outlined, followed by the hard‐
ware architecture used, and finally, the software architecture, which combines open‐source firmware
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and modular design principles to enable scalable and autonomous operation is presented.

6.1.1 System Requirements
When designing the software architecture, it is important to define both functional and non‐functional
system requirements (Nouman & Azam, 2023). Having in mind the high‐speed nature of WIG vehicles,
the software should provide stability management and precise flight control(Dreus, Alekseyenko, Kulyk,
& Nekrasov, 2025). Accurate real‐time control of pitch, roll, and altitude, to maintain low‐altitude flight
within the ground effect, is crucial. Additionally, it is important to ensure safe flight regimes and tran‐
sition between them. Obstacle avoidance is also important, so strong navigation and guidance systems
are essential. This requires integrating data from sensors like GPS, IMU, radar, LiDAR, and altimeters.
Real‐time communication and telemetry are critical for reliable data exchange between theWIG vehicle
and the ground station. Non‐functional requirements include timing constraints for sensor processing,
actuator commands, and the real‐time performance of thewhole system, such as fault tolerance, safety
mechanisms, redundancy, and the ability to handle system failures. Modularity and scalability are nec‐
essary to support the development of mission capabilities, WIG vehicle dimensions, and payloads. The
software should be robust to challenging environmental conditions, such as wind gusts, high waves,
and sea spray. Integration requirements include sensor fusion techniques for accurate state estima‐
tion, reliable low‐level control interfaces to manage servos and motors, and efficient resource man‐
agement to handle operations. The software architecture should support different levels of autonomy,
from human‐in‐the‐loop piloting to full autonomywith adaptive route planning, diagnostics, and health
monitoring systems. In theWIG vehicles scenario, the integration with ground control interfaces is vital
for mission planning, real‐time monitoring, and human operator intervention.

To summarize, several critical system requirements should be kept in mind when designing a software
architecture that enables autonomy of the high‐speedWIG vehicle. The systemmust provide real‐time
communication and telemetry with high responsiveness, while maintaining robustness to environmen‐
tal conditions such as waves, wind gusts, and wind. Fast data processing capabilities are essential, along
with support for different levels of autonomy. The architecture should incorporate modularity and scal‐
ability for future adaptability, while ensuring robust handling of system failures and secure data trans‐
mission.

6.1.2 Hardware Architecture
Before diving into the software architecture design and to get a clearer picture of the entire system, it
is worth mentioning the hardware setup that was chosen and used in this research ‐ a custom Printed
Circuit Board (PCB) ARM‐In‐Ground (AIG) developed by Tampere University(Hoisko, 2025). The WIG’s
avionics system is built around distributed smart nodes that handle local computation, sensor interfac‐
ing, and actuator control. Each node is based on the ARM RK3328 System‐on‐Module (SoM), an open
hardware platform that runs Linux, providing sufficient processing power for real‐time decision‐making
and offering modular expandability for larger prototypes. The SoM sits on the carrier board AIG that
enables high‐speed fiber optic communication via SFP modules, interfaces for RS‐485, I2C, TTL UART,
and copper Ethernet, as well as powermanagement from either 28V aircraft supply or 6S LiPo batteries.
The board integrates hardware‐level protections for over‐current and short circuits, and its four‐layer
design ensures signal integrity, EMI mitigation, and efficient thermal management, providing a reliable
foundation for distributed autonomous control. The AIG is shown in Fig. 34.
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Figure 34: Top view of the AIG printed circuit board (blue) populated with the RK3328 System‐on‐Module (red),
used for real‐time embedded control.

6.1.3 Software Architecture Design
This subsection presents the proposed software architecture for autonomous WIG systems, empha‐
sizing modularity, scalability, and open‐source compatibility for seamless hardware integration. The
design targets a 25‐meter concept vehicle and will be validated on a 5‐meter prototype.

Starting with the middleware layer of our architecture that is compatible with the AIG platform, ROS2
(Macenski, Foote, Gerkey, Lalancette,&Woodall, 2022)was chosen, an open‐sourcemiddleware frame‐
work designed for real‐time, distributed robotics applications. This framework has a modular node‐
based architecture that supports scalable and maintainable system design, which is essential for man‐
aging the integration of perception, navigation, and control in the autonomousWIG vehicles. The ROS2
Humble version was chosen because it offers improvements compared to the older versions, such as
enhanced DDS‐based communication, improved security features, better support for embedded plat‐
forms, and a longer end of life. Compared to the newest version, Jazzy, Humble was still chosen as a
long‐term support (LTS) release, which has a broader driver and package support, is compatible with
other LTS releases, and has more predictable behaviour across systems.

Additionally, this version is compatible with microcontrollers and real‐time operating systems, which
aligns with the constraints and requirements of high‐speedWIG vehicles. Furthermore, ROS2 Humble’s
support for real‐time and safety‐critical operations makes it a good choice to fulfil the previously stated
requirements of WIG vehicles (Chovet et al., 2025).

To ensure robust and scalable communication across distributed nodes, a centralized ROS2 discovery
server is employed, along with a backup instance. This setup improves network reliability and startup
consistency. The backup server provides fault tolerance, allowing seamless recovery in case of primary
server failure. More importantly, the discovery server architecture significantly reduces the communi‐
cation complexity fromO(n2) to O(n), where n is the number of nodes. In default peer‐to‐peer discovery,
each node must independently discover and maintain connections with every other node, leading to
quadratic scaling and increased overhead. By centralizing discovery, each node only needs to regis‐
ter with the server, which then manages and propagates connection metadata. Complementing ROS2,
for the flight controller the Pixhawk 6X (L. Meier, P. Tanskanen, L. Heng, G. Lee, F. Fraundorfer, and M.
Polle feys, 2012) was chosen, which has high computational power, redundant sensor inputs, andmany
connectivity options, specifically the built‐in Ethernet port.

For the 5‐meter technology demonstrator, the open‐source ArduPilot(ArduPilot Development Team,
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2009) firmware ecosystem is employed because it provides flight control algorithms, mission planning
functionalities, and built‐in fail‐safe mechanisms proven across a range of aerial platforms. This selec‐
tion enables rapid prototyping and algorithm validation during the development phase. However, for
the 25‐meter wingspan vehicle, the architecture is designed to accommodate a commercial‐grade, cer‐
tified flight controller to meet safety standards, regulatory compliance, and mission‐critical reliability
requirements. The modular nature of the MAVLink communication protocol ensures seamless integra‐
tion regardless of the flight controller implementation. The initial flight controller used is the fixed‐wing
aircraft controller from Ardupilot. Specifically, the stabilize mode is used, and the first validation pro‐
vided satisfactory results. In parallel, custom‐made controllers are being developed to be implemented
instead of the available Pixhawk controllers.

To match the ArduPilot firmware, for the GCS, Mission Planner (ArduPilot Development Team, 2019)
is used as compatible software. Mission Planner enables intuitive mission design, real‐time telemetry
monitoring, and diagnostics that are critical for validation and safe operation during both development
and deployment phases. For real‐time communication between the flight controller and the compan‐
ion computer, previously mentioned AIG, Ethernet with MAVLink (Lorenz Meier, 2009) protocol was
chosen as an efficient messaging standard that ensures effective command and control. Moreover,
MAVROS, a ROS2 interface for MAVLink‐enabled autopilots was implemented, which further bridges
high‐level ROS2‐based modules and low‐level flight controller functions. To ensure low‐level code relia‐
bility, software for the application programming interface towards the higher‐level control is separated
from the low‐level hardware control. As presented in Fig. 35, the motors, servos, navigation lights, and
other physical components are controlled by independent services. AIG‐API communicates with those
services via UNIX sockets.

UNIX sockets act as an inter‐process communicationmechanism that allows processes to communicate
with each other on the same machine. They provide a fast, efficient way for applications to exchange
data locally without the overhead of network communication. UNIX sockets’ efficiency and simplicity
make them a good choice for WIG vehicles because they require fast and reliable communication be‐
tween processes on the same host. An integrated flight recorder for reliable data logging and post‐flight
analysis has high‐speed data acquisition, making it suitable for WIG vehicle operations. It is compatible
with a wide range of sensors and open‐source firmware, so it provides a flexible configuration and easy
integrationwith the rest of the components of our software architecture. The sensor choice, fusion, and
connection are developed by INESC TEC under WP5. Additionally, the onboard storage and real‐time
clock enable precise timestamping and secure data archive, which are crucial for diagnostics, perfor‐
mance evaluation, and safety assurance. Together, these technologies, when incorporated, provide a
well‐supported, extensible, and scalable software architecture for the WIG vehicle.

The high‐level software architecture diagram is presented in Fig. 35. In the high‐level software archi‐
tecture diagram, the main components of our design proposal and the communication between them
are illustrated. At the top level, the GCS, which in this case is implemented through Mission Planner,
establishes a wireless communication link with the Flight Controller. This connection enables mission
planning, parameter configuration, and real‐time monitoring of flight data. The flight controller itself
serves as the central processing unit onboard the WIG vehicle, responsible for executing autonomous
missions and maintaining communication with the pilot’s RC controller for manual override and com‐
mand input. In addition, the flight controller continuously gathers and processes sensor data, ensuring
stability, navigation, and safety throughout the mission.

A detailed breakdown of the low‐level software architecture, which is set up within the AIG‐API, is pre‐
sented in Fig. 36.
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Figure 35: High‐Level SW architecture diagram. The flight controller manages sensors, telemetry, and control
commands, while the AIG‐API layer provides ROS2/MAVROS middleware and Unix socket services for motors,
servos, and auxiliary systems.

Within the low‐level software architecture, three custom ROS2 nodes were developed to address the
primary operational needs of the system: sensor data logging, control commands, and condition mon‐
itoring. The sensor data logging node subscribes to MAVROS node topics that broadcast flight informa‐
tion such as vehicle state, position, orientation, velocity, and battery status. This data is sent to custom
ROS2 topics designed for power management and condition monitoring. This design ensures that sen‐
sor data is both saved for post‐mission analysis and distributed in real time to components that main‐
tain WIG’s operational. The control command node acts as the bridge between the pilot’s RC inputs
and an onboard autonomous controller and the actuators responsible for maneuvers. It subscribes to
the MAVROS flight command topics and translates them into low‐level messages, which are then sent
through the dedicated Unix Sockets. By decoupling these commands from the ROS2 middleware and
connecting them directly to hardware interfaces, the system isolates faults, meaning that even if one
software subsystem experiences delays or interruptions, the core control functions remain operational.

Previously mentioned Unix Sockets provide direct control over physical components ‐ motors, servos,
and navigation lights. These sockets serve as communication interfaces between the ROS2 nodes and
are essential for ensuring precise actuation and reliable system control. These Unix Sockets are hosted
within the AIG’s operating system, yet placed outside of the ROS2 framework. This separation creates
a hybrid design balancing modularity and robustness: ROS2 provides a flexible and extensible environ‐
ment for autonomy and high‐level control, while Unix Sockets provide independence and reliability.
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Figure 36: Low‐level SW architecture within AIG‐API. ROS2 nodes handle sensor logging, monitoring, and control,
Unix sockets ensure direct, reliable actuation of motors, servos, and navigation lights. The diagram reflects the
actual ROS2 topic structure.

Such an approach reflects the principle of designing a system in which no single component is solely
responsible for the mission’s success.

In addition to robustness, this software architecture is adaptable. The design idea was for the archi‐
tecture to be plugin‐and‐play, allowing it to be reused, modified, and extended across different WIG
prototypes without requiring major changes. Currently, this software architecture is being tested and
validated on a 5‐meter prototype platform. Insights from these tests will be used as information for
refinements of the architecture, which is intended to be extended for prototype experimentation and
scaling into the commercial WIG vehicle with a 25‐meter wingspan.

6.2 Experimental Evaluation and Results
HIL tests validated software performance on the AIG board running ROS2 Humble with Fast DDS, con‐
nected to Pixhawk 6X via Ethernet using MAVLink/MAVROS. Command rates from 10–1000 Hz were
evaluated for synchronization, CPU load, memory usage, and bandwidth. Average load per minute
served as an overload indicator, with values exceeding core count signalling saturation. Results in Fig.37
show CPU load rising with frequency: 10–100 Hz remainedwithin capacity, while higher rates surpassed
the four‐core threshold. These findings highlight 500 Hz as a practical upper limit for maintaining effi‐
ciency without overloading the processor.

The average CPU usage across four cores, and the overall average at varying command rates are shown
in Table 12.

Network throughput in Table 13 shows a modest rise in sent and received traffic with increasing com‐
mand rates, though not strictly linear. At 10 Hz, traffic is 0.011 MB; at 500 Hz, transmission peaks at
0.063 MB and reception at 0.017 MB, then slightly declines at 1000 Hz, suggesting protocol or buffer‐
ing effects. Overall, network load remains minimal compared to CPU and memory demands, indicat‐
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Figure 37: Average CPU Load at Different Command Update Rates

Table 12: Average CPU Load in Total and Per Core at Different Command Update Rates

Update rate [Hz] Avg. CPU load [%] CPU1 [%] CPU2 [%] CPU3 [%] CPU4 [%]

10 28.595 27.382 29.638 28.880 27.594
100 65.410 65.628 65.334 64.846 64.635
500 71.690 71.860 71.888 70.347 70.606

1000 71.413 73.181 69.871 71.295 69.175

ing communication is not a performance bottleneck. Memory usage varies only slightly (327–333 MB)
across rates, confirming the workload is compute‐bound rather than memory‐intensive. CPU perfor‐
mance thus dominates system scalability under test conditions.

6.2.1 Discussion on the results
As the command rate increases, CPU usage rises, with the average load going from 28.6% at 10 Hz
to over 71% at 1000 Hz. The per‐core values remain closely aligned, indicating balanced distribution
of workload across cores. Notably, the system reaches peak efficiency around 500 Hz, with minimal
variation between cores, while at 1000 Hz, slight divergence suggests the onset of saturation. These
results underscore the direct relationship between command frequency and CPU demand, offering

Table 13: Average Network Throughput (Sent and Received) and Memory Used at Different Command Update
Rates

Update rate [Hz] Sent [MB/s] Received [MB/s] Memory used [MB]

10 0.011 025 0.010 912 328.67
100 0.047 356 0.013 282 323.83
500 0.062 552 0.016 542 333.20
1000 0.059 135 0.013 771 332.26
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insight into system scalability and performance thresholds. The network transmission data shown in
Table 13 reveals a modest increase in both sent and received traffic as command rates rise, though the
trend is not strictly linear. At 10 Hz, the system transmits and receives approximately 0.011MB, while at
500 Hz, transmission peaks at 0.063 MB and reception at 0.017 MB. Interestingly, at 1000 Hz, the sent
data slightly decreases compared to 500 Hz, and the received data drops back to near 100 Hz levels. This
suggests that while higher command rates generally increase network activity, the relationship may be
influenced by protocol efficiency, buffering, or saturation effects.

Overall, network usage remains low relative to CPU andmemory demands, indicating that communica‐
tion overhead is not a limiting factor in system performance under these test conditions. The memory
usage data in Table 13 shows minimal variation across command rates, with values ranging from 323
MB to 333 MB. Despite the significant increase in CPU load from 10 Hz to 1000 Hz, memory consump‐
tion remains relatively stable, suggesting that the workload is primarily compute‐bound rather than
memory‐intensive. The slight up‐tick at higher frequencies may reflect increased buffer usage or sys‐
tem overhead, but overall, memory demand does not scale proportionally with command rate. This
leads to the conclusion that CPU performance is the dominant factor in system scalability under these
test conditions. The data reveals a clear and consistent relationship between command rate and system
resource utilization. As the frequency of commands increases from 10 Hz to 1000 Hz, CPU load rises
significantly, with average usage approaching the system’s core limit at higher rates—indicating po‐
tential saturation. Despite this, memory usage remains relatively stable across all rates, suggesting the
workload is primarily compute‐bound rather than memory‐intensive. Network activity shows a modest
increase with command rate but remains minimal overall, implying that communication overhead is
not a limiting factor.

These findings suggest that while the system scales well up to 500 Hz, pushing beyond this threshold
may compromise performance due to CPU constraints, making 500 Hz a practical upper limit for sus‐
tained efficiency. Considering that these command frequencies are intended for actuators and motors,
the test results offer valuable information on the real‐time control capabilities. CPU load scales pre‐
dictably with frequency, peaking near saturation at 1000 Hz, which could introduce latency or jitter in
motor response, which are critical factors in control systems. Given the need for consistent and timely
actuation, operating at or below 500 Hz appears optimal, balancing responsiveness with system stabil‐
ity. This threshold ensures reliable motor control without risking performance degradation due to CPU
overload. Regarding the sensors, as mentioned previously, they are currently treated as a black‐box.
However, it’s most likely that their physical integration will contribute to an overall increase in system
load.

The experimental results show that the software architecture demonstrates reliable and optimal per‐
formance for actuator command up to 100 Hz, with balanced CPU usage, stable memory consumption,
and minimal network overhead, making it a scalable and efficient choice for real‐time motor control.

Overall, the test results show that sustainable rates for commands are 10 Hz and 100 Hz. Both rates
are leaving enough resources free to execute other functions, such as higher‐level control, perception
and supervisory processes, in the AIG platform. Therefore, the proposed architecture is capable of 100
Hz control loops, which aligns with earlier research done in the same context under AIRSHIP project by
Tampere University (Hakonen‐Milosevic, Aaltonen, & Koskinen, 2025).
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7 Conclusion and Future Work

The control strategies developed for the AIRSHIP platform, encompassing algorithmic control, such as
cascade PID, Linear Quadratic Gaussian (LQG), Linear Quadratic Regulator with Integral action (LQRI), L1
Adaptive, Fuzzy Control, andAI‐based controlwithmodel‐based reinforcement learning usingDreamer‐V3,
demonstrated satisfactory performance across a variety of simulated tasks and flight scenarios.

Each approach exhibited distinct advantages. The cascaded PID architecture provided amodel‐agnostic
baseline capable of reliable stabilization and waypoint tracking in ground‐effect flight. LQG control
demonstrated good disturbance rejection and robustness to measurement noise, while LQRI achieved
accurate reference tracking, including during more complex three‐dimensional manoeuvres. The L1

adaptive controller showed strong robustness to parametric uncertainties and unmodeled dynamics,
reducing the reliance on gain scheduling. Fuzzy logic control proved particularly effective during the
takeoff and lift‐off phase, where strong nonlinearities and ground‐effect interactions dominate and pre‐
cise modeling is difficult. RL algorithms demonstrated the potential to learn complex control policies
without requiring explicit knowledge of the non‐linear aircraft dynamics.

The design and evaluationof these controllerswas facilitated by three complementary simulation frame‐
works: a Python‐based simulator, a MATLAB/Simulink environment, and an X‐Plane 12 flight simulator.
These frameworks allow the combination of aircraft 6DoF dynamics, configurable actuator and sen‐
sor models, and support for both classical and learning‐based controllers, enabling structured bench‐
marking across tasks, vehicle iterations, and environmental conditions. The Gym‐compatible API for the
Python framework makes it suitable for scalable training, analysis, and cross‐validation.

Future efforts will focus on extending the current validation and testing pipeline to include additional
SIL and HIL experiments, thereby bridging the gap between simulation and real‐world deployment.
Reinforcement learning controllers, in particular, will be further optimized to improve sample efficiency,
robustness to disturbances, and generalization across different flight conditions. The ultimate goal is the
deployment of these validated control strategies on the flying prototype, ensuring safe, reliable, and
adaptive autonomous flight in ground‐effect conditions.
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