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Abstract

As vertical lift vehicles gain prominence in industry, there is an increased need for
studying different configurations. Although, an infinite number of configurations
can be designed based on different requirements, only a few make it past the draw-
ing board. In this thesis, a gyrodyne configuration is modelled, simulated and an
appropriate control system is developed in a simulation based environment.

This work comprises of developing mathematical models based on fundamental
aerodynamic principles. The model is further validated and control laws are then
designed based on the implemented model depending on the requirements set early
in the design process.

The thesis focuses on modelling, trim procedure, linearisation, development of
control system. A novel approach to control allocation is taken to map the most
efficient method to map desired moments to effector commands. A proof of con-
cept simulation of the aircraft and comparisons based on multiple approaches are
presented.
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Chapter 1

Introduction

There has been an increased interest in expanding the envelope of vertical lift vehicles,
especially in range, endurance, velocity and angle of attack. Out of the vertical
lift vehicles, gyrodyne configuration is the least studied configuration. Although
this configuration is the oldest, gyrodyne’s concept was tested as early as 1960’s.
Prominence of gyrodyne faded away with increase in fixed wing, and helicopters.
In recent years, with resurgence in applications for vertical take off and landing
(VTOL’s), it can be seen that the gyrodyne concept can offer the best of both worlds
i.e., fixed wing and rotary aircraft’s.

Much of the recent focus has been on tilt-rotors and multi-rotors as they offer
significant performance but still lack advancements in safety. These configurations
can operate as helicopter and transition to cruise as fixed wing aircraft. It is expected
that the use of VTOL’s is only going to increase and it will be a fundamental mode
of transportation in the future. The flight envelope for a traditional helicopters
are heavily limited by the aerodynamic effects on the main rotor. In high velocity
flights, the rotor blade can experience high drag on the advancing side, whereas on
the retreating side, the rotor experiences flow separation and reverse inflow which
reduces thrust and severely limits forward velocity. Fixed wings aircraft’s, since the
advancement of jet engines have been capable of flying at transonic speeds, the lack
of ability to vertically take off and land has left a gap in mobility.

Predicting the performance and understanding the behaviour of aircraft’s espe-
cially for different configurations is of paramount importance, especially in aerospace
industry. A designer must be able to actively change a parameters and see the
effect of it, in the past, this was limited to final few design options. Now with the
computational advancements, mathematical models can be made and numerical
simulations can be used to study the behaviour in early design stages. In addition,
using Model-in-Loop (MIL) techniques, the aircraft’s operational envelope can be
validated and tested which can help reduce cost significantly. Apart from the above
mentioned advantages, the scope of MIL goes beyond design and development i.e.,
different control methodologies can be implemented.

The gyrodyne is an over actuated aircraft with multiple control effectors capable
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of generating similar forces and moments. While this redundancy offers greater
control flexibility and improved performance, it also introduces the challenge of
distributing control commands among the available actuators. This problem is
addressed through control allocation techniques. In this thesis, a neural network
based control allocation framework is developed to efficiently map the desired
control inputs to the actuators and is evaluated within a Model-in-Loop simulation
environment.

1.1 Gyrodyne
A gyrodyne is a type of VTOL aircraft, that is a combination of fixed wing with
rotor-like system. The rotor is driven by an engine during vertical take-off and
landings. During forward flight, the the rotor is unpowered and free spinning, like an
autogyro. The lift for the aircraft is provided by the wings, the thrust by a propeller
which is driven by the engine. A typical gyrodyne can be seen below:

Figure 1.1: Generic Gyrodyne Configuration

There are different types of gyrodyne configuration, the configuration is usually
decided based on the size and application for intended use. For example, the earliest
configuration involved addition of auxiliary wings to helicopter models (McDonnell
XV-1, Fairey Rotodyne). On the Sikorsky S-61F, an additional tail rotor driven by
the engine is fitted which is used to provide the necessary anti-torque. The power
from the engine is divided between the propeller and the tail rotor.

The most recent configuration of gyrodyne is the CarterCopter. The CarterCopter
pioneered the Slowed Rotor Compound (SRC) where the rotor stability is achieved
through the combination of the rotor tip weights’ location ahead of the blade center
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line. This led it to achieve flights with advance ratio, µ = 1. In the preliminary
design stage, all the configurations were evaluated and based on the requirements,
the main rotor-tail rotor configuration was chosen by Sky Eye Systems, Pisa. Other
design considerations include, rotor-wing and propeller-rotor interactions. The
configuration that will be studied in this thesis is as illustrated below.

Figure 1.2: Sky Eye Systems gyrodyne configuration

As discussed earlier, since gyrodyne can operate as a helicopter during take-off
and transition to forward flight, the flow phenomena is extremely complex. This
requires high fidelity simulations such as Computational Fluid Dynamics (CFD)
to understand the aerodynamic behaviour such as Rotor-Wing, Propeller-Rotor
interactions. These interactions affect the dynamics and stability of the aircraft,
hence it is valuable to design a mid-fidelity model which can remain computationally
inexpensive but capture some of these dynamics.

1.2 Research Objectives
The following objectives were set for the thesis work:

• Develop fundamental understanding of aerodynamic principles behind mathe-
matical models e.g., rotor dynamics, etc.

• Study the different interactions that can affect the accuracy of the model.

• Implementing the mathematical model on Simulink environment.

• Validate the model and analyse the inherent stability of the aircraft and propose
a control system.

• Design and implement a control system for the aircraft.
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1.3 Thesis Outline
The thesis is divided into six chapters, the work aims to provide a theoretical and
practical explanation. The chapters are structured as follows:

Chapter 2: Discusses the modelling principles, derivations, assumptions, valida-
tions and implementation of subsystems.

Chapter 3: Introduces a numerical trim procedure, autorotation envelope and
linearisation operation using MATLAB.

Chapter 4: Presents the design of a classical control system based on linear
control theory.

Chapter 5: Provides an overview of control allocation methods and presents the
implementation of the proposed neural network-based control allocation framework.

Chapter 6: Summarises the main findings of the thesis and discusses the limita-
tions of the proposed approach. Recommendations for future work and potential
improvements are also presented.
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Chapter 2

Modelling

This chapter documents the mathematical model used in the simulation. The math-
ematical model is non-linear, and has nine degrees of freedom: The six rigid body,
two rotor-flapping, and the rotor rotational degree of freedom. The rotor, propeller
and tail rotor is modelled using Blade Element Momentum Theory (BEMT). The
fuselage uses a curve fit representation using data from CFD over different angle
of attacks and sideslip angles. The wing is modelled using lift curve slope between
the stall limits. In the following sections, the mathematical models along with the
assumptions and limitations are studied in detail. Any notations used is listed above
in Nomenclature and Conventions.

To solve the ordinary differential equations (ODEs), Runge-Kutta 4th order
scheme with fixed time step of 0.01s was used.

2.1 Main Rotor
The main rotor is modelled using fundamental rotor dynamics. The combination
from the earliest work of Rankine and Froude resulted in BEMT. In this thesis, the
forces and moments generated by the rotor is derived by omitting the harmonic
terms [1]. Some of the assumptions when modelling the rotor are:

1. The rotor blade is rigid and blade twist is linear.

2. The flapping angle and inflow angles are assumed to be small and simple strip
theory was used in the process.

3. Tip loss factor was assumed to be 1.

4. The compressibility and stall effects are ignored.

5. The lift curve slope of the airfoil is assumed to be linear.

6. The rotor blade does not undergo any lead-lag, coning or flapping.1

1Lateral stability in hover is provided by titling the entire rotor disk, replacing explicit flapping
hinges.
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Because of these assumptions and simplifications, the results of the analysis are
valid for limited flight conditions. The authors of [2] has concluded that this type of
analysis is valid for stability and control analysis up to advance ratio of 0.3.

The forces and moment expression written in hub-wind frame are given below:

TMR = nb
2 ρacR(ΩR)2

{
λ

2 (1 − ϵ2) + θ0

[
1
3 + µ2

2 (1 − ϵ)
]

+ θt

[
1
4 + µ2

4 (1 − ϵ2)
]

+ µ

4 (1 − ϵ2)
(
pH
Ω cosβw + qH

Ω sin βw
)}

(2.1)

HW = nb
2 ρacR(ΩR)2

{
δµ

2a (1 − ϵ2) − θ0
4

[
2(1 − ϵ)λµ+ 2

3

(
pH
Ω cosβw + qH

Ω sin βw
)]

− θt
4

[
µ(1 − ϵ2)λ+ 1

2

(
pH
Ω cosβw + qH

Ω sin βw
)]

− 1
4

[2a0
3

(
−pH

Ω sin βw + qH
Ω cosβw

)]
− 2(1 − ϵ2)λ

(
pH
Ω cosβw + qH

Ω sin βw
)

+ µ

4 (1 − ϵ2)a2
0

}
(2.2)

YW = nb
2 ρacR(ΩR)2

{
− θ0

4

[
3a0(1 − ϵ2)µ− 2

3

(
−pH

Ω sin βw + qH
Ω cosβw

)]
− θt

4

[
2a0µ− 1

2

(
−pH

Ω sin βw + qH
Ω cosβw

)]
− 1

4

[2a0
3

(
pH
Ω cosβw + qH

Ω sin βw
)

− 2(1 − ϵ2)λ
(

−pH
Ω sin βw + qH

Ω cosβw
)]

− 3
2a0λµ(1 − ϵ)

}
(2.3)

Q = nb
2 ρacR

2(ΩR)2
{
δ

4a(1 + (1 − ϵ2)µ2)

− θ0

[
λ

3 + µ

6

(
pH
Ω cosβw + qH

Ω sin βw
)]

− θtλ

4 − 1
2(1 − ϵ2)

(
λ2 + µ2a2

0
2

)

+ µ

3 a0

(
−pH

Ω sin βw + qH
Ω cosβw

)
− 1

8

[(
pH
Ω

)2
+
(
qH
Ω

)2
]}

(2.4)

L = 0 (2.5)
M = 0 (2.6)

It can be observed from equation 2.1 that rotor inflow ratio, λ is required to compute
the thrust.
The rotor inflow is defined as:

λ = wH
ΩR − CT

2 (µ2 + λ2)1/2 (2.7)

Since this is an implicit relation, this can be solved using an appropriate root-finding
iterative method such as Newton-Ralphson, Halley’s method, etc. In this work,
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MATLAB’s pre-existing fzero routine which uses Brent’s method.
The advance ratio and the sideslip angles for the main rotor is given by:

µ =

√
u2
H + v2

H

ΩR , β = tan−1
(
vH
uH

)
(2.8)

The rotor profile drag co-efficient, δ which is used to compute HW and Q is computed
using:

δ = 0.142Re−0.2 + 0.3
a2

 6CT
σ
(
1 + 3

2µ
2
)
2

(2.9)

The equations 2.5 and 2.6 are reduced to 0 because there is no flapping hinge, instead
the rotor disk tilts to provide the necessary lateral forces.

The hub-wind frame forces and moments are transformed into hub frame as
follows:

HH = HW cos(βW ) + YW sin(βW )
YH = −HW sin(βW ) + YW cos(βW )
MH = MW cos(βW ) + LW sin(βW )
LH = −MW sin(βW ) + LW cos(βW )

(2.10)

The transformation of forces and moments to body frame is done ignoring the effect
of shaft-tilt and the moment about C.G caused by rotor forces.

XMR = −HH

YMR = YH

ZMR = −T
LMR = LH + YMR (WLH −WLc.g) − ZMR (BLc.g)
MMR = MH − ZMR (STAc.g − STAH) −XMR (WLH −WLc.g)
NMR = Q+XMR (BLc.g) + YMR (STAc.g − STAH)

(2.11)

which can be written as,

Frotor = [XMR YMR ZMR]′

Mrotor = [LMR MMR NMR]′

2.1.1 Dynamic Inflow

The authors of [1] used uniform inflow which means no inflow dynamics were used,
entailing that the induced velocity builds up instantaneously. Neglecting the wake
dynamics leads to unrealistic thrust responses during transient manoeuvres. For
flight dynamics and control applications, a simple harmonic, finite-state, non-uniform
inflow model for induced velocity similar to that originally proposed by Glauert is
still being used extensively.The major advantage of the proposed method is the low
computational effort required during operation.

In this thesis, the goal is to make sure one has reasonable response to thrust
build-up. A study comparing the inflow models [3] concluded that Pitt-Peters

7



provided better overall performance over others. Hence, for this reason, Pitt-Peters
dynamic inflow model is used. Pitt-Peters is a semi-empirical method of computing
inflow, where it uses a combination of actuator disk, momentum theory and an
assumed wake shape.

The Pitt-Peters model is given by:

λ (r, ψ) = λ0 + λsr sinψ + λcr cosψ (2.12)

where, λ0, λs, λc are the the inflow states and r is the azimuthal positions. Now since
the BEMT used in [1] is averaged over the entire rotation of blade, the equation
2.12 reduces to λ (r, ψ) = λ0 so in the process, the non-uniform inflow distribution
is lost. But the implementation can be continued in order obtain the information
regarding inflow build up.

M


v0
vs
vc


′

+ L−1


v0
vs
vc

 =


CT
Cl
Cm


where, L and M is the Pitt-Peters co-efficient matrix and apparent mass matrix.

L =


1
2 0 −15

64π
√

1−sinα
1+sinα

0 4
1+sinα 0

15
64π

√
1−sinα
1+sinα 0 4

1+sinα

 , M = 1
π

8
3 0 0
0 −16

45 0
0 0 −16

45


The ODE can be solved using any ODE solvers such as forward Euler or Runge-Kutta
but the stability of the ODE must be considered when choosing time step. For
stability reasons, the inflow ratio was bounded ±0.1 within the λ obtained from
BEMT.

2.1.2 Cyclic Control

The cyclic control for the gyrodyne is obtained by tilting the entire rotor disk, similar
to most autogyro’s. The configuration is as illustrated below:

Figure 2.1: Cyclic control mechanism

The rotor forces are tilted to orient the forces in order to provide the necessary
lateral forces. The modelling principle also remains the same where the thrust is
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decomposed based on the cyclic input.

Rx =

1 0 0
0 cos θs sin θs
0 − sin θs cos θs

 , Ry =

cos θc 0 − sin θc
0 1 0

sin θs 0 cos θc


R = Ry ×Rx

F = R× Frotor
(2.13)

2.1.3 Main Rotor Simulation

The following sections discusses some of the results obtained from the simulation of
isolated main rotor. The simulations are run for hover and forward flight conditions
(powered). This analysis provides an opportunity to validate the behaviour. Here,
the rotor forces and moments are validated against CFD results.

Hover Condition

During the analysis, the angular rate is set constant. The density of air, ρ = 1.225,
the rotor is assumed to perfectly above the C.G location and no external influence
of wind is present.
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Figure 2.2: θ0 vs Thrust and Torque

The figure 2.2 shows the plot of thrust and moment as a function of collective
pitch in degrees. The BEMT is in acceptable agreement with the CFD results. The
relative thrust error on average is 7% and decreases as collective increases. It must
be noted that the CFD thrust is slightly higher than BEMT which is in contrast
to classical rotor theory. Regardless of the reasons, the modelling approach can be
validated for designing a controller. The moments have a relative error of 3%, the
error is relatively low since some of the co-efficients of equation 2.9 and the induced
losses correction parameter Kind was tuned.
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Forward Flight Condition

Similar to the hover condition, the forward flight condition is tested. Since no CFD
data was available to validate, only qualitative behaviour can be analysed. The plots
of Thrust against velocity are plotted and compared against theory from classical
literature such as [4].
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Figure 2.3: Velocity vs Thrust

The figure shows the variation of thrust with velocity, and we can observe that
thrust increases slightly with increase in u-velocity and decreases with increase in
w-velocity because as the rotor climb, the angle of attack reduces.

2.2 Tail Rotor
The tail rotor in this case is used to provide the necessary anti-torque during hover.
In this gyrodyne configuration, fenestron rotor is employed. The tail rotor has no
cyclic control and only the collective pitch is controlled. It is again assumed to be
tethered, with a constant coning angle a0. The local flow at the tail rotor must be
computed which includes the downwash from the main rotor.

Figure 2.4: Tail Rotor in the wake on main rotor

The authors of ref [1] have neglected ϵ and nb, due to the fact that number of tail
rotor used was two, and ϵ was negligible. In fenestron rotors, the number of blades

10



are much higher with large hinge offsets. Hence, necessary changes to equations
have been adopted. The rotor forces and moments are calculated as follows:

TTR = nb
2 ρacR(ΩR)2

{
λ

2 (1 − ϵ2) + θ0

[
1
3 + µ2

2 (1 − ϵ)
]

+ θt

[
1
4 + µ2

4 (1 − ϵ2)
]

+ µ

4 (1 − ϵ2)
(
pTR
Ω

)}
(2.14)

HWT R
= nb

2 ρacR(ΩR)2
{
δµ

2a − 1
2θ0λµ− 1

4θtµλ+ 1
4µa

2
0

−
(
θ0
6 + θt

8 + λ

2

)
pTR
Ω − a0

6
qTR
Ω

}
(2.15)

YWT R
= nb

2 ρacR(ΩR)2
{

− 3
4θ0a0µ− 1

2θta0µ− 6
4µa0λ− a0

6
pTR
Ω

+
(
θ0
6 + θt

8 + λ

2

)
qTR
Ω

}
(2.16)

QTR = nb
2 ρacR

2(ΩR)2
{
δ

4a(1 + µ2) − θ0

[
λ

3 + µ

6
pTR
Ω

]
− θtλ

4 − 1
2

(
λ2 + µ2a2

0
2

)

+ µ

3 a0
qTR
Ω − 1

8

[(
pTR
Ω

)2
+
(
qTR
Ω

)2
]}

(2.17)

where, inflow ratio λ is given below and this implicit relation is again solved similar
to equation 2.7.

λ = −vTR
ΩTRRTR

− CTT R

2
(
µ2
TR + λ2

TR

)1/2 (2.18)

The local velocities as the tail rotor hub is obtained by:
uTR = uB

vTR = vB + pB (WLTR −WLc.g) − rB (STATR − STAc.g)
wTR = wB + qB (STATR − STAc.g)

(2.19)

The effects of rotor wake, wiT R are ignored because the tail rotor is operational only
during hover and transition. Hence, it is assumed that the tail rotor is not affected
by the main rotor’s wake.
The advance ratio and side-slip angles are given by:

µ =

√
u2
TR + w2

TR

ΩTRRTR
, βTR = tan−1

(
wTR
uTR

)
(2.20)

The tail rotor forces and moments are transformed to body axis similarly:
XTR = − (YTR)W sin βTR − (HTR)W cosβTR
YTR = TTR

ZTR = (YTR)W cosβTR − (HTR)W sin βTR
LTR = YTR (WLTR −WLc.g)
MTR = −QTR + ZTR (STATR − STAc.g) −XTR (WLTR −WLc.g)
NTR = −YTR (STATR − STAc.g)

(2.21)
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which can be written as,

Ftail rotor = [XTR YTR ZTR]′

Mtail rotor = [LTR MTR NTR]′

2.2.1 Tail Rotor Simulation

This section discusses the results from the tail rotor. An isolated tail rotor is
simulated. Since no CFD was available, the rotor forces were validated against
experimental results of [5]. The paper used a fenestron rotor and the parameters
are listed in the table below:

Parameter Value
Tail rotor blade count 10
Chord length [m] 0.058
Inner wall radius [m] 0.3667
Root pitch [◦] at 0.46 (r/R) 11
Tip pitch [◦] at 1.0 (r/R) 0

Table 2.1: Tail Rotor Parameters

The rotor used NACA63A312 airfoil, linearly twisted blade. Since the fenestron
rotor is ducted, the rotor used duct diffusion half-angle of 5◦. The rotor was isolated
and no influence of the main rotors wake is taken into account. The plots of thrust
as function of collective is given below:
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T
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BEMT Thrust

Figure 2.5: Tail thrust vs θ0

The BEMT is again in acceptable agreement with experimental thrust. The
BEMT relative to experiment has a relatively small error on average of 12% and
decreases with increase in collective. It must be noted that this is validated against
the fenestron used by the authors of [5] and hence it is necessary to validate with
the rotor used in this gyrodyne configuration.
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2.3 Propeller
The propeller is modelled similar to main rotor and tail rotor. In this case, the
propeller used is a variable pitch, three bladed, constant RPM driven by an engine
through a 3 : 1 reduction and is illustrated below. The propeller is assumed to be
tethered, and all of the assumptions used during rotor modelling in section 2.1 is
still valid.

Figure 2.6: Propeller Configuration

The propeller forces and moments are computed as follows:

TPR = nb
2 ρacR(ΩR)2

{
λ

2 (1 − ϵ2) + θ0

[
1
3 + µ2

2 (1 − ϵ)
]

+ θt

[
1
4 + µ2

4 (1 − ϵ2)
]

+ µ

4 (1 − ϵ2)pPRΩ

}
(2.22)

HwP R = nb
2 ρacR(ΩR)2

{
δµ

2a − θ0
2 λµ− θt

4 µλ+ 1
4µa

2
0

−
(
θ0
6 + θt

8 + λ

2

)
pPR
Ω − a0

6
qPR
Ω

}
(2.23)

YwP R = nb
2 ρacR(ΩR)2

{
− 3

4θ0a0µ− 1
2θta0µ− 3

2µa0λ− a0
6
pPR
Ω +(

θ0
6 + θt

8 + λ

2

)
qPR
Ω

}
(2.24)

QPR = nb
2 ρacR

2(ΩR)2
{
δ(1 + µ2)

4a − λθ0
3 − λθt

4 − 1
2

(
λ2 + µ2a2

0
2

)

− µθ0
6
pPR
Ω + µa0

3
qPR
Ω − 1

8

(
p2
PR + q2

PR

Ω2

)}
(2.25)
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the inflow ratio, λ is given below.

λ = −uPR
ΩPRRPR

− CTP R

2
(
µ2
PR + λ2

PR

)1/2 (2.26)

The advance ratio and side-slip angles are given by:

µ =

√
v2
H + w2

H

ΩR , β = tan−1
(
wH
vH

)
(2.27)

The propeller forces and moments are transformed to body axis using:

XPR = TPR

YPR = (YPR)W cosβPR − (HPR)W sin βPR
ZPR = (YPR)W sin βPR + (HPR)W cosβPR
LPR = QPR + (BLPR −BLc.g.)ZPR − (WLPR −WLc.g.)YPR
MPR = (WLPR −WLc.g.)XPR − (STAPR − STAc.g.)ZPR
NPR = (STAPR − STAc.g.)YPR − (BLPR −BLc.g.)XPR

(2.28)

which can be written as,

Fpropeller = [XPR YPR ZPR]′

Mpropeller = [LPR MPR NPR]′

2.3.1 Propeller Simulation

This section discusses the results obtained from simulation of an isolated propeller.
The static thrust and moments are plotted below.
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Figure 2.7: θ0 vs Thrust and Torque

The above figure shows the plot of thrust, moment against collective pitch.
Similar to tail rotor simulation, since no CFD data was available, the BEMT model
was validated against paper.
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Figure 2.8: Thrust surface plot

A surface plot of Thrust vs Collective vs TAS is plotted above. Here, it can
be observed that thrust increases as collective increases. Also, thrust decreases as
airspeed increases since angle of attack decreases. The initial guess value for the
trimming the aircraft is obtained from the surface plotted above.

2.4 Wing
The wing is modelled using classical aerodynamics of lifting surfaces. The wing uses
a NACA 4-series airfoil, linearly tapered, no twist or sweep, with plain flaps as high
lift device, ailerons for roll control. Some of the assumptions when modelling the
wing are:

1. The lift and drag forces are applied at the quarter chord at span-wise location
at centre of area.

2. The lift curve slope prior to stall is linear and no influence of rotor wake is
taken into account.

3. The maximum lift co-efficient CLmax is specified from CFD and post stall CL
is small and linear.

4. The induced drag co-efficient varies as the square of the calculated lift co-
efficient.

5. The effect of flap deployment is again calculated using CFD and look up table
(LUT) based calculations is employed to obtain CLδf

The wing does not have any dihedral angle and is low-wing configuration. The
configuration for the wing is illustrated below in figure 2.9.
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Figure 2.9: Wing Configuration

Before modelling, it is important to understand some of the interactions between
Rotor-Wing, Wing-Rotor, Propeller-Wing and finally Rotor-tail rotor. These inter-
actions can affect the performance of the subsystem which can have a large change
in trim values.
The author of [6] studied the effect of these interactions on a compound helicopter.
In this scenario, the wings are influenced by the main rotors wake which affects the
angle of attack, however it is also noticed that there is an asymmetrical influence
due to the different inflow velocity at the advancing and retreating side. On average
the effective angle of attack can be obtained using simple trigonometry.

αeff = α− tan−1
(
vi
V

)
(2.29)

Similarly, the main rotors performance due to the wing is also affected. The author
concluded that the main rotors efficiency decreased by around 4%. The propeller
has a major influence,[7] and some of the effects are:

1. It increases the dynamic pressure.

2. It alters the wing angle of attack

3. Interference with the flow over the wing causes changes in the lift slope and
the induced drag factor.

In this gyrodyne configuration, the main rotors influence is highest during transition
and negligible in forward flight. However, since the rotor is not powered, propeller
has the most influence during cruise. These effects although can be compensated,
will affect the final trim conditions.

The aerodynamic forces expressed given below:

L = 1
2ρV

2
∞SCL

D = 1
2ρV

2
∞SCD

Y = 1
2ρV

2
∞SCY

(2.30)
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where V∞ is free stream velocity, S is equivalent surface area and CL, CD, CY are
the lift, drag and sideforce co-efficients given by:

CL = CL0 + CLαα+ CLα̇α̇+ CLqq + CLδe
δe + CLδf

δf

CD = CD0 + kC2
L

CY = CY0 + CYβ
β + CYβ̇

β̇ + CYpp+ CYrr + CYδa
δa + CYδr

δr

(2.31)

The three moments in wind frame is given below:

L = 1
2ρV

2
∞SClb

M = 1
2ρV

2
∞SCmc̄

N = 1
2ρV

2
∞SCnb

(2.32)

The co-efficients used for moments is obtained similarly from CFD and is given by:

Cl = Cl0 + Clββ + Clβ̇ β̇ + Clpp+ Clrr + Clδa
δa + Clδr

δr

Cm = Cm0 + Cmαα+ Cmα̇α̇+ Cmqq + Cmδe
δe + Cmδf

δf

Cn = Cn0 + Cnβ
β + Cnβ̇

β̇ + Cnpp+ Cnrr + Cnδa
δa + Cnδr

δr

(2.33)

here, co-efficients used in equation 2.31 are obtained from CFD. The angle of attack
computed using UVW velocities, pqr from 6-DOF block. The aerodynamic forces
and moments can now be expressed in wind frame using:

−→
F (w)
aero =

−D
Y

−L

 , −→
M (w)

aero =

LM
N


which can be expressed in body frame using a rotation matrix:

TBW =

 cosα cosβ sin β sinα cosβ
− cosα sin β cosβ − sinα sin β

−sinα 0 cosα


T

−→
F (b)
aero = TBW

−D
Y

−L

 , −→
M (b)

aero = TBW

LM
N


2.5 Fuselage
The aerodynamic model of the fuselage is modelled similar to the wing. Although
analogous, the aerodynamics of the fuselage differs fundamentally due to it being a
bluff body. Hence, the model must be able to provide an estimate of the forces and
moments at small angles and side-slip angles that will be encountered in forward
flights. The model employed is a combination of linear interpolation using CFD
data and equivalent flat plate area representation which is illustrated below.
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Figure 2.10: Flat Plate Area Representation

Some of the modelling assumptions are:

1. The aerodynamic forces are applied at the centre of pressure of the fuselage.

2. The location of the C.P does not move with change in angle of attack.

3. The fuselage does not contribute to any lift force.

4. It is assumed that the longitudinal forces and moments are dependent on the
angle of attack and lateral forces on side-slip angle.

The fuselage forces and moments expressed in wind frame is given below:

−→
F

(w)
fuse = −1

2ρ

Ax × TAS(1)
Ay × TAS(2)
Az × TAS(3)

 ∥TAS∥

−→
M

(w)
fuse = −→

F
(w)
fuse ×

STAc.g − STAc.p
BLc.p − STAc.g
WLc.g −WLc.p


The fuselage forces and moments can again be multiplied by TBW to obtain the
body frame forces and moments.

2.5.1 Wing and Fuselage Simulation

This section describes the results obtained from simulation of wing and fuselage.
The simulations are run for same free stream velocities at different angle of attack,
the flaps fully retracted, ailerons at zero deflection and finally, forces expressed below
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are in wind frame. This analysis can be used to validate the behaviour of the wing
and fuselage aerodynamics.
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Figure 2.11: α vs Lift and Drag

The aerodynamic model of the wing and fuselage conforms very closely with
the CFD results, the error on average is 2%. This is because the co-efficients are
obtained from CFD and hence correlated very closely.

2.6 Environment
The aerodynamic environment is defined by the speed of sound, density, and kinematic
viscosity. These quantities can be obtained using ISA Atmosphere Model which uses
U.S. Standard Atmosphere.[8] The gravity is computed using, WGS84 Taylor Series
gravity model. The assumptions when using this model are:

1. Gravity potential is assumed to be the same everywhere on the ellipsoid.

2. The Taylor’s series model is accurate at low altitudes and decreases at medium
and high geodetic heights.

The wind model used is “Dryden Wind Turbulence Model” which is used in later
chapters to evaluate the control system against disturbance. However, during trim,
no wind condition is used.

2.7 Complete Non-linear State-Space Representation
In the above sections, all the forces and moments are computed in body frame.
These forces and moments are used to compute the time derivative of state vectors
according to Newton-Euler rigid body equations. The non-linear rigid body dynamics
are represented as:

ẋ = f (x, u) (2.34)
The output of the 6 DOF is given by:

x = [u v w p q r ϕ θ ψ x y z]
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while, the control input vector is given by:

u = [δe δf δa δr δth δθ0 δs δc δped]

This model uses MATLAB’s pre-existing “Simple Variable Mass 6DOF” with Euler
angle representation. While using this block, the main assumption of flat earth
reference frame must be noted. The initial conditions for the simulations are obtained
using trim procedure which is described in detail in the following chapter.
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Chapter 3

Autorotation, Trim and
Linearisation Analysis

In order for the aircraft to work as a gyrodyne, the rotor must be in autorotation
while trim solution is required for the aircraft to remain in equilibrium in specified
flight state. Finally linearisation procedure is required to understand the stability of
the aircraft, design control system, etc. This chapter details each of the procedures
that have been been incorporated along with some assumptions and shortcomings.

3.1 Autorotation
In the gyrodyne configuration, during forward flight, the rotor is allowed to freely
rotate and the rotor spins naturally and is lifted by the aerodynamic forces acting on
the blades. As the aircraft moves forward, which is powered by the propeller driven
by the engine. The airflow interacts with the rotor which is titled back slightly
relative to the airflow. This interaction generates lift and allows the aircraft to stay
aloft. As long as the aircraft is in forward flight, the rotor will continue to autorotate.
This process is illustrated below:

Figure 3.1: Autorotation in Forward Flight

To determine the autorotative state during forward flight, literature such as
[9] used autorotation diagrams that employ airfoil’s characteristics Cd0/Cl plotted
against angle of attack, α. While [4] used classical momentum and blade element
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theories using either the energy principle (net power analysis) and; force and torque
balance on the rotor.

In this work, to find the autorotative states, net power is analysed. Since the
rotor is already modelled using blade element and momentum theory. An iterative
approach to find conditions where total torque, Q = 0 is used. Variables such as
rotors angular rate, Ω vertical velocity, Vz and collective pitch, θ0 is varied and the
total torque is computed.

The rotors angular rate is discretized in the order of 10’s of RPM considering
the fact that rotor will be linked to gears. The range of angular rate considered is
between 100-200 RPM, relatively low angular rate is to achieve low rotor drag while
lift performance is not of paramount importance. The collective θ0 in order of 1/10
of [deg]◦, between range [-5,5]◦ and the Vz is used to compute the rotors required
angle of attack using:

α = tan−1
(
Vz
Vx

)
(3.1)

In the words of Jaun de la Cierva, [10] “It makes no difference at what angle the
autogiro is climbing or flying. The blades are always gliding towards a point a little
below the focus of forward flight. It is impossible, therefore, for autorotation to stop
while the machine is going anywhere.” So in other words, the gyrodyne’s rotor in
this case will remain in autorotation as long as the aircraft is flying forward. This
however can be tested and the results are presented below although it must be noted
that Cierva used rotor that was angled back as shown in figure 3.1. The MATLAB’s
script used to to find the autorotative state is given below in Appendix A. The
tolerance for auto-rotative state is said to be when Q ≤ 2[Nm]. The results are
given below.
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Figure 3.2: Autorotation envelope: vertical vs forward velocity

The above plot of forward velocity vs vertical velocity shows points where
autorotation is possible, the contour represents the magnitude of thrust. It is seen
that the thrust is smaller at small vertical velocity, it can also be seen that the
vertical velocity is necessary for the rotor to remain in autorotation. This plot
however is discrete and a continuous trend is expected in between these values.
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Figure 3.3: Thrust vs Rotational Velocity in Autorotation

It is now established that for reasonable thrust, Vz must be positive. Now for
any positive Vz, it can see that from figure 3.3 the thrust increases as the angular
rate increases where the contour shows the magnitude of power.
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Figure 3.4: Collective pitch vs Thrust during autorotation

The above plot, it can be seen that the variation of thrust with change in collec-
tive, the contour again represents power. It is visible that changing the collective
effectively increases the angle of attack which allows the blade to absorb more energy
from the airstream which in turn can increase thrust, but also increases drag due to
the increase in profile drag at large angle of attack.

Unlike Cierva’s autogyro, since the gyrodyne also has wings, the lift force from
the rotor and wings must be shared. The authors of [11] studied the optimum lift
sharing and concluded that the rotor caries 8 − 9% of the gross weight while the
wing caries 91 − 92% of gross weight. While this might be configuration specific,
there is always a compromise between the aircraft’s pitch required to have positive
Vz going through the rotor and drag experienced by the whole aircraft due the pitch
up manoeuvre. More detailed study with higher fidelity simulations such as CFD
must be performed in order to evaluate lift sharing. In this thesis, during cruise, the
lift is shared between rotor and wing by 10% and 90%; therefore the configuration
where this is possible is picked.
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3.2 Trim
The aircraft trim operation solves for the controls and motion that produce equilib-
rium in the specified flight state. The trim procedure in the simulation is necessary
in order start the simulation. Different trim solutions are required for various flight
states, therefore two main trim states are defined for analysis.

• Hover

• Forward Flight

For any trim procedure, the target for the total forces and moments are always zero.
The trim state and control variables are:

x0 = [u v w p q r ϕ θ ψ]

u0 = [δe δf δr δa ΩMR θ0MR θs θc ΩTR θ0T R ΩPR θ0P R ]

Now, trim procedure is defined by a pair x0, u0 such that f(x0, u0) = 0. That is

ẋ
∣∣
x=x0, u=u0

= 0 (3.2)

It can observed that the u0, xu has a total of 12 and 8 variables, but there are only
have 6 equations i.e., ∑

Fi = 0,∑
Mi = 0 where, (i = x, y, z)

(3.3)

hence, the system is under-determined. Although some of these variables such as
ΩMR, ΩTR, ΩPR are design configuration and hence can be omitted based on the
flight state. However, there are still 6 equations and 9 variables and below, the
procedure used is explained in detail.

3.2.1 Hover Trim

In hover, the gyrodyne configuration is more closely operated as a helicopter i.e.,
main rotor and tail rotor are the main sources of forces and moments. Trimming
algorithms such as [12] and [13] are used to trim a helicopter. However, these
algorithms based on “Powell’s Dogleg” used in fsolve are used to trim for the
complete dynamics of helicopter which include harmonic terms for the rotor which
are neglected here. Also, since the forces on propeller and aerodynamic forces are
be neglected, it can be reduced to:

x0 = [0 0 0 0 0 0 ϕ θ 0]

u0 = [0 0 0 0 600 θ0MR θs θc 3000 θ0T R 0 0]

In the above case, since the aircraft is in hover, the velocities and the angular rates
are set to zero. Hence, with equal number of equations and variables, the non-linear
equation can be solved using lsqnonlin which solves non-linear least-square problems.
Since non-linear equations can have infinite number of solutions, it is necessary to
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pick a feasible solution that the aircraft is capable of remaining in stable equilibrium.
To do so, bounds are set between physical actuation possible to limit the number of
solutions and the tolerance for termination is set to 1 × 10−12. Below are the trim
results in hover for the aircraft in different altitudes.
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Figure 3.5: Trim variables as function of height

The hover simulations for the gyrodyne are performed, during the simulation,
the height of hover was set to 10m and no wind disturbance was included. Below is
a time history of the gyrodyne in hover trim:
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Figure 3.6: Angular rates and Euler angles vs time in hover trim

It can be seen from the graphs that the aircraft is inherently unstable. The
aircraft begins from a good but not perfect trim condition and but with time, quickly
becomes unstable. This is due to the fact that the flapping of the main rotor blade
is not present. Usually, with a conventional helicopter, the flapping hinge causes
the rotor disk to tilt opposite to roll rate which passively stabilizes ensuring that
they do not diverge violently. Evidently, without passive stability, an active control
system with fast response rate will be required to stabilize the aircraft in hover.
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3.2.2 Forward Flight Trim

In forward flight state, the trim procedure is slightly different because now there
are additional control variables to solve for. During forward flight, the the tail rotor
forces can be neglected. Variables, δf , θs, θc are also set to zero during trim.

x0 = [u v w p q r ϕ θ ψ]

u0 = [δe 0 δr δa ΩMR θ0MR 0 0 0 0 ΩPR θ0P R ]
First, the autorotation procedure described in section 3.1 is used to determine the
main rotors angular rate and collective pitch. Variables such as δe, δr, δa, θPR, ϕ0 and θ0
using lsqnonlin. The cost function is set to 1 × 10−12 and control actuation physical
bounds are set to each control variables. The results of the trim procedure is shown
below:
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Figure 3.7: Trim variables as a function of altitude (h)

The above trim procedure was performed at cruise velocity of 40 m/s with flaps
completely retracted and γ equal to zero. It can be seen from the velocity and Euler
angles plot that the aircraft starts from a sustainable trim state.
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Figure 3.8: Angular rates and Euler angles in forward flight trim
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The transient in the beginning comes from the fast dynamics and the subsequent
oscillatory behaviour subsides. Plot of main rotor torque’s time history also shows
that the main rotor is in stable autorotation. Nonetheless, the aircraft drift slowly
to the right which can be corrected using any closed loop control system. The result
of the simulation for 30 seconds initialised in trim condition is shown in the above
figure.

3.3 Linearisation
The dynamics and stability of the gyrodyne is the least studied within the rotorcraft
category, as such aircraft’s are typically homebuilt or experimental. To understand
the behaviour of the aircraft it is essential to study the linear algebraic small-
perturbation equations. First developed by G.H Bryan [14], the linear equations is
derived algebraically from non-linear equations. The standard state equation for a
linear differential system has the form:

ẋ (t) = Ax (t) +Bu (t) (3.4)

where for a time-invariant system, A is a constant n× n matrix and B is a constant
n× k matrix. The standard output equation has the form

y (t) = Cx (t) +Du (t) (3.5)

where C is constant l × n matrix and D is constant l × k matrix. A generalised
derivation of linear system equations are given in [15] with assumption of constant
mass, flying over a flat and non-rotating earth. In this work, linearisation about
nominal trajectory is done using the same standard perturbation method, which
uses a central difference scheme

y = f(x+ h, u) − f(x− h, u)
2h

(3.6)

By linearising the non-linear aircraft equations of motion about the trim condition,
the state-space matrices A and B can be obtained for the aircraft. The decoupled,
longitudinal and lateral-directional matrices along with their dynamical behaviour
are explain in detail below.
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3.3.1 Longitudinal Dynamics

The state co-efficient matrix, A and driving matrix, B are obtained algebraically
using method from equation 3.6. The equation 3.4 can be represented as a transfer
function by taking the Laplace transform and time response can be plotted to unit
step input.

Alon =


Xu Xw Xq −W0 −g cos θ0 XΩ
Zu Zw Zq + U0 −g sin θ0 ZΩ
Mu Mw Mq 0 MΩ
0 0 1 0 0
Qu Qw Qq 0 QΩ

 Blon =


Xδe Xδth

Xδs

Zδe Zδth
Zδs

Mδe Mδth
Mδs

0 0 0
Qδe Qδth

Qδs


Observing the state-space matrices, there are additional co-efficients, this is because
the longitudinal dynamics of the gyrodyne differs quite differently to typical fixed
wing or the helicopter.

• In a fixed wing, the longitudinal dynamics exhibit two dominant modes (short
period and phugoid) however, for the gyrodyne the rotors effect cannot be
ignored.

• The stability derivatives are not present in a helicopter because it is assumed
that the rotor speed remains constant, also the torque changes are quite small
under normal flight conditions [16].

Knowing the importance of the rotor speed mode, the stability of the gyrodyne can
now be studied using the eigenvalue analysis.

|λI −A| = 0 (3.7)

where, I is a 5 × 5 identity matrix. By expanding the determinant, can be written
as a fifth degree polynomial.

λ5 + a1λ
4 + a2λ

3 + a3λ
2 + a4λ+ a5 = 0 (3.8)

The aircraft maybe said to be dynamically stable if all its eigenvalues have negative
real parts. The root locus of the gyrodyne is plotted below:
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Figure 3.10: Root locus showing the longitudinal poles
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The table below shows the longitudinal eigenvalues along with rotor-speed mode.

Mode Eigenvalue Damping (ζ) ωn [rad/s]
Short Period −0.0838 ± 0.3i 0.269 0.312
Phugoid −2.3 ± 12.4i 0.183 12.6
Rotor-speed -0.427 1 0.427

Table 3.1: Longitudinal Eigenvalues and Stability Characteristics

The root locus shows distinct short period and phugoid mode with additional
rotor-speed mode represented by . The aircraft is moderately damped in short
period while phugoid is weakly damped. The rotor-speed mode is stable and has no
oscillatory behaviour, this can be further understood in detail by investigating the
stability derivatives.

Ω̇ = Quu+Qww +Qqq +QΩΩ +Qθθ (3.9)

Among these derivatives, the major contributor to rotor-speed mode is QΩ which
describes change of aerodynamic torque with rotor RPM. This can indeed be either
stabilizing or destabilizing term depending on which region of “torque bucket”, the
rotor is in autorotation.

In section 3.1, it was evident that there are n-number of autorotation points;
however, not all of them are a viable option in terms of stability of gyrodyne. Below,
a single autorotation point is picked (although a dramatic point is picked to illustrate
the idea).
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Figure 3.11: Torque Variation with angular rate in autorotation

The torque bucket illustrated above helps understanding the ‘sign’ of the QΩ. If
the angular rate of the rotor is on the left side of the curve, when disturbed, the
drag causes the rotor to slow down hence providing a stabilizing effect. On the
right side of the curve, when the rotor is disturbed, the angular rate continues to
increase which which makes it dynamically unstable. Hence, it is important for QΩ
to be strictly negative for longitudinal stability. Now, to visualise the effect of rotor
coupling, the step response is plotted below.
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Figure 3.12: Comparison of longitudinal state step responses.

The rotor mode is stable however affects the longitudinal dynamics of the aircraft
and is important for achieving effective automatic flight control, including stability
augmentation, is paramount nonetheless.

3.3.2 Lateral-Directional Dynamics

The characteristic polynomial of the lateral-directional can be derived similarly
from the Alat and Blat matrices. The space-state matrices for the lateral-directional
dynamics can be written as:

Alat =


Yv Yp +W0 Yr − U0 g cos θ0
Lv Lp Lr 0
Nv Np Nr 0
0 1 tan θ0 1

 Blat =


Yδa Yδr Yδc

Lδa Lδr Lδc

Nδa Nδr Nδc

0 0 0


In lateral-directional dynamics, the state-space matrices are the same as the one
for fixed wing, in essence, the effect of rotor is minimal. This is because the rotor’s
torque variation is negligible with perturbation of v velocity hence keeping the rotors
angular rate relatively constant.
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In the same manner as for the longitudinal dynamics, the characteristic polynomial
for the lateral stability can be studied using |λI −A| = 0, this yields a fifth degree
polynomial:

λ5 + b1λ
4 + b2λ

3 + b3λ
2 + b4λ+ b5 = 0 (3.10)

Which when factorized gives directional, roll and dutch-roll modes. The root locus
of the lateral-directional modes are plotted below:
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Figure 3.13: Root locus showing the lateral poles

The lateral modes exhibit strong damping in roll, moderate-low damping in
dutch-roll with adequate oscillation frequency. The spiral mode is unstable although
very small which is indeed a desirable state because it is advantageous to have
higher dutch-roll frequency over spiral stability. The table below show the lateral
eigenvalues and stability characteristics.

Mode Eigenvalue Damping (ζ) ωn [rad/s]
Roll -9.59 1 9.59
Dutch-roll −0.576 ± 2.24i 0.249 2.32
Spiral 0.16 -1 0.16

Table 3.2: Lateral Eigenvalues and Stability Characteristics

These results suggests that gyrodyne exhibits conventional lateral-directional
stability characteristics. However, as discussed previously, some of the interactions
such as rotor-wing, rotor-propeller and more have not been taken into considerations
while computing the aerodynamic derivatives which can indeed change the stability
of the gyrodyne. Also, all the analysis has been done assuming C.G location does
not change, while this can change depending on the location of fuel tank, this must
also be taken into consideration.

For the aforementioned reasons, any control system designed for the aircraft
should have a sufficient phase and gain margin in order for the aircraft to have stable
behaviour to account for uncertainties. The lateral-directional state step responses
are plotted below.
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Figure 3.14: Lateral state step response

3.3.3 Limitations of Linear Model

Linearisation gives a good insight into the aircraft dynamics and stability character-
istics; however, it is only an accurate representation for small perturbations about
a specific trimmed flight condition. When the aircraft operates at different flight
conditions, the model must be re-linearised to capture the corresponding changes
in aerodynamic behaviour and control effectiveness. For example, the inherently
non-linear aerodynamic force and moment variations are approximated by local
stability derivatives such as Zw, Mq, and Yv, which are valid only in the vicinity of
the trim point. As the angle of attack, sideslip angle, dynamic pressure, or actuator
deflections change, these derivatives can vary significantly, reducing the accuracy of
the linear model. Consequently, linearised models are most suitable for local analysis
and controller design, whereas the full non-linear model is required to accurately
represent aircraft behaviour over a wider operating envelope.
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Chapter 4

Control System

In order to control the aircraft, certain state variables are controlled in order to
behave in desired way. A control system is used to enhance the flying qualities of
the aircraft or to place the aircraft in desired state. In this chapter, classical control
techniques are used to design a Stability Augmentation System (SAS) and attitude
control system. This will serve as a baseline for control allocation in the following
chapters.

4.1 Control Architecture
Traditionally, an aircraft is controlled with two loops, an inner stability augmentation
loop and an outer attitude control loop. Usually, SAS inputs are considered secondary,
the flying quantities are enhanced by the control action of the feedback control
system in way that that suppress disturbances on the aircraft. For this gyrodyne
configuration, there are multiple actuators that can achieve the same final output,
i.e., elevator and longitudinal cyclic can be used to control the pitching moment on
the aircraft, and lateral-directional can use ailerons, rudders and lateral cyclic. In
this chapter traditional controls such as elevator, rudder and ailerons are used for
control. The feedback gains for the Proportional Integral Derivative (PID) control
is tuned using sisotool from MATLAB’s. The control architecture block diagram is
given below:

Figure 4.1: Control Architecture

Although a Stability Augmentation System (SAS) influences the aircraft stability
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derivatives, only certain derivatives can be effectively modified to enhance flying
qualities. Stability derivatives such as Cmα ,Cmq , Cnβ

, Cnr , Cnp , and Clβ can be
obtained more effectively using automatic control than by physically sizing the
aerodynamic surfaces. In this work, conventional SAS found on modern aircraft such
as pitch rate SAS, yaw damper, roll rate damper. While attitude control system
form the inner loop of the path control system. This work is adopted from work of
Donald McLean [17].

The actuators used in the aircraft are electric and the dynamics of the actuators
in this design is considered to be fast enough to be regarded instantaneous which is
represented by this second order transfer function:

G (s) = 1421
s2 + 45.24s+ 1421 (4.1)

Another factor that can affect the control system is the sensor dynamics, in this
work, the sensor models are not included and the controller uses the state variables
directly from the 6DOF simulation. While noise from the sensor is not present, this
can indeed affect the performance of the control system. However sensors have a
in-built filters to improve the signal to noise ratio (SNR).

4.1.1 Requirements

For the control dynamics some of the requirements are listed below, these require-
ments are drawn from SAE AS94900 [18], ADS-33E-PRF [19] and [20].

Parameter Requirement Value Units
Damping Ratio (Short Period) ⩾ 0.35 -
Frequency (Short Period) ⩾ 6 [rad/s]
Damping Ratio (Phugoid) ⩾ 0.04 -
Frequency (Phugoid) 0.1 − 0.5 [rad/s]
Gain Margin ⩾ 6 dB
Phase Margin ⩾ 45 [deg]◦
Phase Delay ⩽ 0.1 s

Table 4.1: Desired performance for control system

Other qualitative desired performance include:

• ≥ 30s of stabilized hover in desired region.

• ±0.5m deviation (both longitudinal and lateral) from hover centre.

• No undesirable motions (bobble, overshoots/undershoots) that impact task
performance during the transition to hover or stabilized hover.

Because of the unique nature of the gyrodyne, no specific requirements are drawn up
and so a combination of fixed wing and rotary aircraft in sub-150 kg class is chosen.
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4.2 Longitudinal Control Design
In this section, the longitudinal control system is developed for cruise flight with
elevator as the main control surface. A pitch rate SAS serves as the inner loop with
pitch attitude control system on outer loop. The control system design, tuning and
performance are given below.

4.2.1 Pitch Rate SAS

The pitch rate SAS is used to augment Mq which increases the damping ratio of the
short period. The block diagram of conventional pitch rate SAS is given below.

Figure 4.2: Pitch rate stability augmentation system

The control system used above only affects the short period motion of the aircraft
and the phugoid motion is unaffected. The pitch rate response to 1◦ step input is
plotted below.
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Figure 4.3: q vs Time

With the gain, Kq, the damping ratio increases from 0.269 to 0.501 and its
frequency is 13.1 [rad/s]. The controller significantly decreases oscillations in short
period mode effectively increasing damping. A damping of 0.5 satisfies the require-
ments set in table 4.1. Also, it be seen that there is a clear transition to phugoid
due to the inherent small damping, this can be addressed using a slower outer loop
with Proportional Integral (PI) control to remove any steady state error.
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Figure 4.4: Bode diagram and Nichols diagram

The Bode and Nichols diagram for the system is shown in figure 4.4. The large
gain margin of 328 dB and phase margin of 116 deg makes the controller tolerant of
modelling uncertainties. Additionally, feedback terms such as normal acceleration,
azc.g can be used to achieve required handling qualities or using phase advance
compensation (lead-compensator) to counteract the lag of the system, actuator, etc.
While for now, no such techniques have been used in order to maintain simplicity.

4.2.2 Pitch Attitude Control System

Pitch attitude control system is used to place and maintain an aircraft at a desired
orientation in space and again, elevator is used as the primary control surface. With
large Kθ in the pitch attitude control system can increase the short period frequency
(ωsp) but also decrease the damping ratio (ζsp). The phugoid mode is also affected by
the pitch feedback loop, this affects the phugoid period increases until they become
non-oscillatory. The block diagram of pitch attitude control system is shown below:

Figure 4.5: Pitch attitude control system

The block diagram shows the feedback structure, the measured pitch attitude
from the 6DOF is fed back through Kθ which generates elevator command. The
control law uses Proportional Integral controller tuned using sisotool. The step
response of pitch attitude control system is shown in the figure below.
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Figure 4.6: Pitch angle and pitch rate vs Time

The figure shows the step response to a step input of 1 [deg] using the control law.
The steady state error is very small because the control law uses the integral term.
The transient response shows that the aircraft reaches commanded pitch attitude
with small overshoot. Also, the response is well damped with damping ratio of 0.65.

4.3 Lateral-Directional Control Design
For lateral-directional control, there are usually three modes: roll, spiral and dutch
roll. The lateral-directional motion is controlled with two control surfaces, rudder
and ailerons, and from table 3.2, the damping on dutch roll is very small which makes
execution of co-ordinated turns very difficult. The lateral-directional motion will be
controlled similar to longitudinal with one faster-inner loop and a slower-outer loop.

4.3.1 Yaw Damper

As discussed in the previous section, the aircraft possesses sufficient inherent Dutch-
roll damping to satisfy the specified handling-quality requirements. Nevertheless,
the mode remains oscillatory in nature and may still lead to undesirable yaw-rate
oscillations. To further improve lateral-directional response characteristics, a yaw
damper can be implemented by augmenting the yaw damping derivative, Nr, through
conventional rate-feedback control. It must also be noted that the actuator for the
rudder is usually quite slow and an appropriate transfer function for the rudder
actuator must be used. The block diagram for the yaw damper is shown below:
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Figure 4.7: Yaw damper block diagram

To increase the damping ratio to be greater than 0.4, the transfer function
r/δR is used to obtain the appropriate gain and tuned further using sisotool. The
step response to a unit step input of 1[deg/s] is plotted from the complete lateral-
directional motion.
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Figure 4.8: Step response to yaw rate

It can be seen that from the simulation that with an initial disturbance, there
is an absence of oscillatory motion. The new damping ratio is 0.535 with natural
frequency of 0.261 [rad/s]. With the stability derivative, Lr being large, there is
significant coupling of dutch-roll into the rolling subsidence; hence the transfer
function r/δR cannot be simplified with approximations. The gain and phase margins
are 8.14 [dB] and 52.7 [deg]. A wash-out filter with Two of 1s is used in order to
distinguish between a disturbance and commanded input.

4.3.2 Roll Rate Damper

Roll rate damper is used to improve the roll performance of the aircraft, which
augments the stability derivative Lp. This reduces the response time of the aircraft.
The gyrodyne has strong inherent roll damping with roll subsidence pole of 9.62s−1.
In other words, the roll response is quite adequate which also benefits dutch-roll
damping. Hence, the roll rate damper is not used for this aircraft. The step response
to the approximated and complete transfer function, p/δA is given below:
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Figure 4.9: Roll rate response

4.3.3 Roll Angle Control System

To control roll angle, ailerons can be used to create the rolling moments. In order to
design a control system, the aircraft dynamics along roll is usually approximated by
assuming large spiral time, TR ≫ Ts which gives:

p

δA
= LδA

s− Lp
(4.2)

Although in this case, since the spiral time is relatively small, the spiral pole cannot
be ignored and the controller is tuned using the complete model. The block diagram
of the roll angle control system is given below:

Figure 4.10: Bank angle control system

The step response of the bank angle control system is given below. Proportional
and integral control law is required to stabilize the roll mode in case the model is tuned
using complete model and proportional is sufficient if tuning approximate function,
although this induces significant dutch-roll when used on complete dynamics.
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Figure 4.11: Step response to bank angle control system

4.3.4 Spiral Mode Stabilization

The aircraft is inherently unstable in spiral mode as it can be seen from the figure
3.13 with spiral time period of 6.23s which is very small. Usually, the spiral mode
time is a magnitude larger. Due to the coupling motion, the aircraft cannot to be
perfectly stable in spiral and have good dutch-roll damping. Since, this gyrodyne
configuration has the stability derivative, NδA

positive, the spiral mode can be
stabilized without causing dutch-roll to become unstable (for small gains). The
transfer function r/δA is used to stabilize the spiral mode and the block diagram is
given below:

Figure 4.12: Spiral mode stabilization system

4.4 Flight Path Control System
With the help of flight stability augmentation system, the flying qualities have been
brought closer to the desired values from table 4.1 and later, attitude control system
was employed to maintain desired orientation of the aircraft in both longitudinal
and lateral axis. Now, in the following section, flight path controls are used to
maintain the aircraft in desired flight conditions such as height, heading and airspeed.
Attitude control system will form the inner loop of the flight path control system
and is used to navigate, along a desired way-point or follow trajectory.
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4.4.1 Height Control System

The aircraft’s altitude is either controlled or maintained by means of elevator
deflection. An altimeter is used to measure the height (usually barometric altimeter
is used for higher altitudes and radio altimeter for precise low altitude), regardless
of the sensor, it can be assumed that the altimeter provides error free readings when
designing the controller. The block diagram of the height hold system is illustrated
below:

Figure 4.13: Height control system

The transfer function, h/δE can be written as:

h

δE
= 1
s2

(−az
δE

)
(4.3)

which can be further tuned using sisotool, with Proportional Derivative (PD) control
law. The step response to elevator input is given below, it can be observed the
response time is relatively large, this is done so the gain margin does not drop below
the threshold set during the requirements. A small steady state error exists but
adding a Integrator in the control law introduces another pole which leads to -270◦

phase lag and leads to instability.
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Figure 4.14: Response of height control system
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From the bode plot given below, it can be seen that higher gains pushes the gain
margin less than 6 dB which is not desirable. Very small gain margins can make the
aircraft unstable when operating in different conditions or when unmodelled physics
are experienced by the aircraft.

10−5 10−4 10−3 10−2 10−1 100 101 102 103 104
−150

−100

−50

0

50

100

−135

−45
0
45

135

225

315

Frequency (rad/s)

M
ag

ni
tu

de
(d

B)

Ph
as

e
(d

eg
)

Magnitude
Phase

Figure 4.15: Bode plot for height hold system.

4.4.2 Airspeed Control System

The speed of the aircraft is essential to control the aircraft’s flight path and to ensure
the aircraft always remains within the operational limits, for example, the aircraft’s
velocity has to always be above the stall velocity and below the maximum velocity.
Speed can be controlled by changing the throttle position, δth which changes the fuel
flow for the engine. A block diagram representing typical airspeed control system is
shown below:

Figure 4.16: Airspeed control system

A proportional-integral type controller is used, the integrator is used to remove
any steady state error. Also since the airspeed is measured using Pitot tubes
(barometric device), it is represented by a first order transfer function to model the
delay of the sensor and the time delay, Tp used is 0.1s. Assuming 10% authority,

42



the proportional gain can either be computed using T = W (D/L) or by tuning the
transfer function u/δth. The step response is plotted below:
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Figure 4.17: Response of airspeed control system

The response of the airspeed control system depends significantly on the airspeed
sensor time delay and they actuator transfer function. Slower actuation leads to
oscillations before transitioning to steady state. The error on steady state reaches a
small value with the proportional controller alone, hence integrator is not required.

4.4.3 Direction Control System

To steer an aircraft along a particular direction, ailerons are used to manoeuvre and
the heading of the aircraft is taken as its yaw angle, ψ. In this case, it is assumed
that no sideslip angle, β is present when making a turn i.e., all turns are co-ordinated.
The block diagram for a direction control system is illustrated below:

Figure 4.18: Direction control system

The direction control system serves as the outer loop of the roll angle control
system with control law: ϕcmd = Kψ (ψref − ψ) where the controller gain is obtained
by tuning the transfer function:

ψ

δA
= 1
s2

g

U0

(
p

δA

)
(4.4)
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With the assumption that r = (g/U0)ϕ = ψ̇. The approximate transfer function
p/δA is used to tune and the unit step response of the complete system is shown
below, there is negligible difference in terms of behaviour.
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Figure 4.19: Step response of direction control system

The yaw angle and roll angle is plotted and it can be observed that the settling
time is relatively longer. The maximum sideslip angle experienced by the aircraft is
0.192◦.

4.5 Performance and Stability Evaluation
Evaluation of controllers performance is essential to understand how effective and
controllable the system is to inputs. It can serve as a basis to verify if the control
requirements are satisfied during the operation. The most common way to do is
by defining performance and stability indices. First and foremost, the closed loop
eigenvalues can be analysed to understand if the flying quality requirements such
as the one described in table 4.1 are satisfied. These directly impact the handling
quality of the aircraft and can give first look into how the aircraft behaves [21].

4.5.1 Stability and Performance Metrics

Traditionally, control systems are certified by ensuring they meet specification for
stability margins among other things. Typically addressed using gain and phase
margin as a safeguard against unmodelled effects and uncertainity. The stability
metrics using the phase and gain margins, defined here as M1 and M2 metrics where:

M1 = GM

M2 = PM
(4.5)

Another index that can be used is the Time-delay Margin and is defined as the
time delay, td in the control signal that the closed loop system can tolerate without
instability. The time delay margin can be obtained from simulations i.e., time delay
td is introduced into control design and then adjusted until it is on the verge of
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instability. Usually the threshold of instability is defined as twice the nominal system
response.

M3 = TDM ≜ td (4.6)
Similarly, performance metrics include transient performance metrics that look at
overshoot or undershoots. One transient performance metric is the L∞ norm of the
tracking error relative to reference input and is defined as

M4 =
∥x(t) − xm(t)∥L∞

∥xm(t)∥L∞

(4.7)

where, xm(t) is the state of the reference model, ∥.∥ is the Euclidean norm.
To evaluate the Steady-State performance, and is defined as the time it takes to
quickly settle to a steady state operating condition and is determined from the
simulation. More formally, the time required for the response curve to reach and
stay within a range of certain percentage (usually 2% or 1%) of the final value [22].

Control effort must be evaluated in order to ensure that the actuator constrains
are satisfied. Control limits can be measured either using L2 or L∞ while verifying
that the actuator position and rate limits are not exceeded.

4.5.2 Closed Loop Stability Analysis

The inherent stability of the aircraft was studied in section 3.3 using eigenvalue
analysis, now the same process can be repeated using the designed controller. The
root locus plot of longitudinal and lateral-directional dynamics are presented below:
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Figure 4.20: Longitudinal root locus showing pole migration

The table below shows the closed loop longitudinal eigenvalues:

Mode Eigenvalue Damping (ζ) ωn [rad/s]
Short Period −0.191 ± 0.267i 0.582 0.328
Phugoid −10 ± 9.12i 0.74 13.6
Rotor-speed -0.476 1 0.476

Table 4.2: Closed Loop Longitudinal Eigenvalues and Stability Characteristics
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The eigenvalues of the longitudinal dynamics have good short period and phugoid
damping. The rotor-speed mode damping has not changed significantly and continues
to be stable.
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Figure 4.21: Lateral-Directional root locus showing pole migration due to control.

The table shows the closed loop lateral-directional eigenvalues:

Mode Eigenvalue Damping (ζ) ωn [rad/s]
Roll -21.9 1 21.9
Dutch-roll −1.07 ± 2.06i 0.461 2.32
Spiral -0.062 1 0.062

Table 4.3: Closed loop Lateral-Directional Eigenvalues and Stability Characteristics

The roll mode shows relatively good dutch-roll damping while also maintaining
stable spiral.

4.6 Limitations of Classical Control
Classical control design is based on linearised models which is specific to one op-
erating point. This means that the performance is only guaranteed locally. Any
variation to the conditions means that either the controller is operating outside its
optimality or the controller must be tuned a priori at different conditions and gain
scheduling must be performed. For example, conventional aircraft’s make use of the
later option where the control engineers tune gains at multiple operating conditions
discretized in n operating points and stored as n-dimensional matrices. With this,
not only does the task of tuning increase but also the appropriate gains must be
sorted and picked by the flight computer in real time.

A fundamental limitation that arises from the face that controller is tuned us-
ing linear time invariant (LTI) model but the actual aircraft’s exhibit non-linear
dynamics. This results in controller which may not accurately capture the system
behaviour for large perturbation.
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Also, when the number of loops increases, especially in Multi-Input Multi Output
system with coupled dynamics, the design process becomes difficult and the success
in terms of performance and stability is not guaranteed across the full operating
envelope. These limitations can motivate the use of advanced non-linear control
system which explicitly accounts for non-linearities and different operating conditions.
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Chapter 5

Control Allocation

The gyrodyne configuration considered in this work combines conventional aerody-
namic control surfaces with rotor-based control effectors, resulting in a redundant
control system. Consequently, multiple combinations of actuator commands can
generate similar forces and moments, making the determination of control inputs a
non trivial task.

The flight control system developed in the previous chapters generates the force
and moment commands required to track a reference trajectory. These commands
were previously distributed directly among the primary aerodynamic control surfaces,
namely the aileron, elevator, and rudder. However, additional control authority
is available through the rotor tilt actuators, which can be exploited to realize a
larger portion of the attainable moment set. A control allocation scheme is therefore
required to distribute the commanded moments among the available control effectors
while respecting actuator limits.

Conventional linear allocation methods are attractive due to their simplicity
and low computational cost. However, their performance may be limited when
the control effectiveness exhibits significant non linearities. Optimization based
approaches, such as Quadratic Programming (QP) allocators [23], can account for
these non linear effects and actuator constraints more effectively. Nevertheless, such
methods require the solution of an optimization problem at every control update,
resulting in an increased computational burden that may be undesirable for real-time
implementation on resource-constrained unmanned aerial vehicles.

To address this issue, a neural-network-based non linear control allocation frame-
work is proposed adopted from [24]. The network is trained offline to learn the inverse
control effectiveness map and is subsequently employed as a real-time allocator. By
replacing the online optimization process with a computationally efficient neural-
network inference, the proposed approach aims to retain the benefits of non-linear
allocation while significantly reducing computational complexity. The performance
of the proposed allocator is evaluated against a baseline allocation strategy through
non-linear flight simulations.
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5.1 Control Effectors and Authority Analysis
The gyrodyne considered in this work combines conventional aerodynamic control
surfaces with a rotor-based thrust vectoring mechanism. In addition to the aileron,
elevator, and rudder, the vehicle employs rotor disc tilting to redirect the main
rotor thrust vector. This combination results in a redundant control configuration
in which multiple effectors contribute to the same body forces and moments.

This redundancy leads to overlapping control authority, particularly during
forward flight, where both aerodynamic surfaces and rotor thrust vectoring simulta-
neously influence the aircraft dynamics. As a result, the mapping between control
inputs and the resulting force – moment vector is not unique, motivating the need
for a structured control allocation strategy.

The control effectors considered in this work are the elevator, aileron, rudder, and
rotor disc tilt (longitudinal and lateral tilt components). Their qualitative influence
on the body force and moment vector:[

Fx Fy Fz L M N
]T

is summarized in Table 5.1.

Actuator Fx Fy Fz L M N

Elevator Low Low Low Low High Low
Aileron Low Low Low High Low Low
Rudder Low Low Low Low Low High
Rotor Disc Tilt (Longitudinal) High Low High Low High Low
Rotor Disc Tilt (Lateral) Low High High High Low Low

Table 5.1: Qualitative control authority of gyrodyne effectors.

5.2 Baseline Control Allocation Method
As a benchmark for evaluating the proposed neural-network-based control allocation
scheme, a linear pseudo-inverse allocation strategy is implemented. The control
allocation problem is formulated using a linear control effectiveness model of the
form:

τd = Bu (5.1)

where τd ∈ R3 represents the commanded moment vector, u denotes the vector of
control effector inputs, and B is the control effectiveness matrix.

In the baseline implementation, the available control inputs are defined as:

u =
[
δa δe δr δc δs

]T
(5.2)

corresponding to aileron, elevator, rudder, and rotor disc tilt (lateral and longitudinal
components). To resolve redundancy and obtain a unique solution, a pseudo-inverse
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based allocation is used:
u = B†τd (5.3)

where B† denotes the Moore–Penrose pseudo-inverse of the control effectiveness
matrix.

In practice, the control allocation is implemented with a fixed weighting structure
that prioritizes aerodynamic control surfaces over rotor-based actuation. This is
achieved by defining a weighting vector:

w =
[
1 1 1 0 0

]T
(5.4)

which effectively biases the solution such that aileron, elevator, and rudder are used
as primary control effectors, while rotor disc tilt inputs are minimized under nominal
conditions. This baseline strategy is used as a reference case for comparison with
the proposed neural-network based control allocation method.

5.3 Neural-Network-Based Control Allocation
As discussed in the previous sections, the gyrodyne possesses multiple control ef-
fectors capable of generating overlapping force and moment contributions. The
resulting control allocation problem is inherently redundant, since several combina-
tions of actuator commands can produce similar aircraft responses. Furthermore,
the interaction between aerodynamic control surfaces and the rotor thrust-vectoring
mechanism introduces non linearities and coupling effects that vary throughout the
flight envelope.

CONTROLLER
CONTROL

ALLOCATOR
SYSTEM

SENSORS

Figure 5.1: Feedback-loop structure with Control Allocation

Artificial Neural Networks (ANNs) provide an alternative framework for ad-
dressing non linear control allocation problems. Due to their universal function
approximation capability, ANNs can learn complex non linear mappings directly
from data. Instead of solving an optimization problem online, the desired mapping
between commanded moments and actuator deflections can be learned offline and
subsequently evaluated through a simple forward pass of the network.

In this work, the non linear control allocation problem is formulated as the
inverse of the control effectiveness map. Rather than determining the actuator
commands through iterative optimization, a neural network is trained to approxi-
mate the function that maps desired moments and flight condition information to

50



the corresponding control effector commands. Once trained, the network acts as
a real-time allocator capable of exploiting the available control redundancy while
accounting for the non linear characteristics of the gyrodyne dynamics.

The following sections describe the network architecture, the generation of the
training dataset, and the training procedure used to develop the proposed neural-
network-based control allocator.

5.3.1 Network Architecture

The control allocator is implemented as a fully connected feed forward artificial neural
network and the architecture is described in the below figure 5.2. The input vector
consists of the commanded moment vector and key aerodynamic states, selected to
capture variations in control effectiveness across the flight envelope. Specifically, the
input is defined as:

x =
[
Ld Md Nd α β q

]T
(5.5)

where Ld, Md, and Nd are the desired roll, pitch, and yaw moments, α is the angle
of attack, β is the sideslip angle, and q is the dynamic pressure.

The inclusion of dynamic pressure as an input is motivated by the strong
dependence of aerodynamic control effectiveness on the flight condition. Since
the moments generated by a given control deflection are proportional to dynamic
pressure, incorporating q allows the neural network to adapt the allocation strategy
across different combinations of airspeed and altitude without requiring separate
allocators for each operating condition.

ANN Training

Figure 5.2: ANN Training Architecture

The output layer generates the control effector commands:

u =
[
δa δe δr δc δs

]T
(5.6)

corresponding to aileron, elevator, rudder, and rotor disc tilt in longitudinal and
lateral directions.
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The network consists of multiple hidden layers with nonlinear activation functions
(ReLU). The performance of the neural network depends on the number of hidden
layers, number of nodes and comparison is given in the following sections. The final
layer uses a linear output layer followed by a clipping operation that constrains
the normalized actuator commands to the interval [−1, 1]. This ensures that the
predicted actuator commands remain within the normalized limits used during
training.

5.3.2 Training Data Generation

The training dataset is generated using a mid-fidelity non linear simulation of the
gyrodyne model. Random combinations of control inputs and flight conditions
are sampled within the allowable actuator and flight envelope limits using Latin
Hypercube Sampling (LHS). The block diagram used to generate the training data
is shown in the below figure.

6 DOFLHS

Figure 5.3: ANN Training Data Generation

For each sampled input, the non linear control effectiveness model is evaluated
to obtain the resulting moment vector. This results in a dataset of the form:

(L,M,N, α, β, q) → u (5.7)

where the inclusion of dynamic pressure enables the network to capture variations in
aerodynamic control authority resulting from changes in altitude and airspeed which
is used to train the inverse mapping. It must be noted that, the data is obtained for
different dynamic conditions i.e., at velocities of 28, 40, 50 m/s and altitudes of 0,
500, 1000, 1500, 2000 m. This gives a good range of dynamic pressure values where
the neural network can learn the physics of the problem.

It must also be noted from the Figure 5.3 that LHS sampling is performed around
a trimmed condition which gives a good starting point for neural network at different
conditions rather than random effector position.
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5.4 Assumptions and Scope of the Neural-Network Al-
locator

The proposed neural-network-based control allocation framework is developed under
several assumptions intended to simplify the learning problem while remaining
representative of the expected operating conditions of the gyrodyne.

1. The actuator dynamics are assumed to be sufficiently fast relative to the
flight-control update rate. Consequently, actuator commands generated by the
allocator are assumed to be achieved instantaneously, and actuator rate limits
are neglected during network training.

2. The control effectiveness characteristics represented in the training dataset are
assumed to accurately capture the nonlinear relationship between actuator
deflections and the resulting moments. The allocator therefore relies on the
fidelity of the underlying nonlinear aircraft model used for data generation.

3. The allocator is trained using data obtained within a predefined flight envelope
consisting of representative combinations of airspeed, altitude, angle of attack,
and sideslip angle. The network is therefore intended to operate within this
envelope, and its performance outside the training domain is not explicitly
guaranteed.

4. Dynamic pressure is assumed to adequately capture the primary variation
in aerodynamic control effectiveness associated with changes in airspeed and
altitude. Consequently, dynamic pressure is included as an input to the neural
network rather than treating airspeed and altitude as independent variables.

5. The allocation problem is formulated using commanded body moments only.
Force allocation is not considered in the present implementation, and thrust
magnitude is assumed to be handled separately by the propulsion-control
system.

6. Sensor measurements used by the allocator are assumed to be available without
significant delay. Although robustness to measurement noise is evaluated
through simulation, communication delays and estimator dynamics are not
explicitly incorporated into the training process.

7. The allocator is developed as a static mapping between desired moments,
flight-condition variables, and actuator commands. Temporal dependencies
are therefore not modeled directly, and recurrent network architectures are not
considered.

Under these assumptions, the neural network learns a nonlinear approximation of
the inverse control-effectiveness map and can be implemented as a computationally
efficient real-time control allocator.
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5.5 Training Procedure
The proposed control allocation framework is trained in two stages. First, a forward
neural-network model of the control effectiveness map is developed. Subsequently,
this model is used to train the control allocator through a moment-tracking objective.

5.5.1 Forward Model Training

A forward neural network, referred to as the plant model, is first trained to approx-
imate the nonlinear control effectiveness mapping of the gyrodyne. The network
receives the actuator commands and flight condition variables as inputs and predicts
the resulting body moments:

(δa, δe, δr, δc, δs, α, β, q) → (L,M,N) (5.8)

The training data generated in the previous section was used for this purpose.
Prior to training, all input and output variables were normalized to the range [−1, 1]
to improve numerical stability and convergence. The network was trained using
the Adam optimizer with a learning rate of 1 × 10−3 and a Mean Squared Error
(MSE) loss function. The plant model was trained using two hidden layers with
128 neurons each and ReLU activation functions. The output layer contains three
neurons corresponding to the roll, pitch, and yaw moments.

Once trained, the plant model provides a differentiable approximation of the
nonlinear control effectiveness map and is subsequently frozen during allocator
training.

5.5.2 Allocator Training

The control allocator network is trained to learn the inverse mapping between de-
sired moments and actuator commands. Unlike conventional supervised learning
approaches, the allocator is not trained directly using target actuator commands.
Instead, the allocator is trained through the previously developed plant model.

The allocator receives the desired moment vector and flight condition variables
as inputs:

(Ld,Md, Nd, α, β, q) → (δa, δe, δr, δc, δs) (5.9)
The predicted actuator commands are passed through the frozen plant model to

compute the moments generated by the corresponding control inputs. The training
objective is then defined in terms of the difference between the desired and achieved
moments:

Jtrack = 1
N

N∑
i=1

[
(Li − Ld,i)2 + (Mi −Md,i)2 + (Ni −Nd,i)2

]
(5.10)

To discourage excessive actuator activity, an additional control-effort penalty is
incorporated into the loss function:

Jeffort =
5∑
j=1

wjδ
2
j (5.11)
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where wj denotes the weighting associated with each actuator.
The total loss function is therefore expressed as:

J = Jtrack + λJeffort (5.12)

where λ is a tuning parameter controlling the trade-off between moment-tracking
accuracy and actuator usage.

Training was performed using the Adam optimizer with a batch size of 128 sam-
ples. During each epoch, the allocator network generated actuator commands, the
frozen plant model predicted the resulting moments, and the resulting tracking error
was backpropagated through both networks to update only the allocator parameters.
The final model was selected based on the lowest validation loss. The “Python”
script used to train the model is given in Appendix B

Several network architectures and hyperparameter configurations were investi-
gated, including different hidden-layer sizes, learning rates, and training-set sizes.
Model performance was monitored using both training and validation losses through-
out the learning process. The final model was selected based on the lowest validation
loss, ensuring good generalization while avoiding overfitting.

5.5.3 Convergence Analysis
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Figure 5.4: Learning Curve (Loss vs Epoch)

Figure 5.4 illustrates the learning curves of the final selected model. Both the train-
ing and validation losses decrease rapidly during the first few epochs and gradually
converge to approximately 4.4 × 10−4. The close agreement between the two curves
indicates that the model generalizes well and does not exhibit significant over fitting.
Furthermore, the stabilization of both losses after approximately 15 to 20 epochs
suggests that the optimization process successfully reached a near optimal solution.

Additionally, the training history shows only minor fluctuations after convergence,
with both losses remaining tightly bounded within a narrow interval around the
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final value. The absence of divergence between training and validation curves
throughout the entire optimization process further confirms that the model is not
over-parameterized relative to the dataset complexity. Small oscillations observed in
later epochs are consistent with stochastic gradient effects rather than any systematic
degradation in performance.

5.5.4 Effect of Training Dataset Size

To evaluate the influence of data availability on model performance, experiments
were conducted using training subsets containing 10000, 20000, 40000, 60000 and
120000 samples. The Figures 5.5, 5.6 show both training and validation losses
decrease consistently as the dataset size increases. This trend indicates that the
model benefits from additional training samples and that further performance gains
could potentially be achieved with larger datasets.
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Figure 5.6: Validation loss vs epoch for different dataset sizes
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The validation-loss curves for different dataset sizes further demonstrate that
larger datasets produce faster convergence and lower final error values. In contrast,
smaller datasets exhibit higher losses and greater fluctuations, suggesting increased
sensitivity to sampling variability.

Furthermore, the relationship between dataset scale and convergence efficiency
introduces a critical trade-off in the training pipeline. While the 10,000 sample
configuration achieves its minimum error plateau within the first few epochs, its
performance remains constrained by its higher error floor. Conversely, the 120,000
sample dataset requires a more sustained optimization path but continuously refines
its weights to reach a significantly lower validation loss. This behaviour demon-
strates that smaller data regimes suffer from an early premature convergence, where
the model exhausts the information content of a limited sample pool well before
optimizing its full structural capacity. Consequently, maximizing the data volume
not only guarantees a superior generalization threshold but also ensures that the
model successfully captures nuanced, long-tail patterns that are otherwise obscured
by the sampling variability inherent in smaller subsets.

5.5.5 Effect of Learning Rate

To establish an optimal configuration for the optimization process, the hyper param-
eter space governing the model’s update velocity was systematically investigated.
Selecting a proper step size is critical, as it directly determines the stability of
the gradient descent trajectory and dictates whether the optimizer can successfully
locate the global minimum of the loss surface without overshooting or stagnating.
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Figure 5.7: Effect of learning rate on model performance
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Figure 5.8: Validation loss vs epoch across different learning rates (η).

A learning rate sweep was performed to identify an appropriate optimization
step size. Values ranging from 1 × 10−4 to 5 × 10−3 were evaluated. Figure 5.7 and
5.8 shows that very small learning rates resulted in slow convergence and relatively
high final losses, while larger learning rates accelerated convergence substantially.

These experiments reveal that while aggressive step sizes risk destabilizing the
optimization process, an properly tuned, moderately high learning rate strikes the
ideal balance between convergence velocity and final error minimization. Based on
these findings, a learning rate of 1 × 10−3 was selected as the baseline configuration
for all subsequent experiments, ensuring both robust generalization and training
efficiency.

5.5.6 Integration with Control System

The trained neural network is integrated into the flight control architecture as a
direct replacement for the conventional allocation module. The desired force and
moment commands generated by the attitude controller are directly mapped to
actuator commands through a single forward pass of the network. This eliminates
the need for solving an optimization problem at each control cycle while preserving
the non linear coupling characteristics of the actuator system.

5.6 Integration with Flight Control System
The control allocation module is integrated within a hierarchical flight control ar-
chitecture. The overall control system is structured such that high level trajectory
commands are progressively converted into actuator commands through a sequence
of nested control loops.
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At the highest level, the trajectory controller generates reference commands for
position and velocity tracking. These references are then processed by the attitude
controller, which computes the required force and moment vector to achieve the
desired rotational and translational motion of the gyrodyne. This results in a virtual
control input in the form of desired moments and thrust-related forces.

The control allocation module operates at the lowest level of this hierarchy. Its
function is to map the commanded force–moment vector into individual actuator
commands while respecting actuator constraints and accounting for the coupled
nature of the gyrodyne control effectors. In this work, the allocator is implemented
either as a baseline pseudo-inverse method or as the proposed neural network based
mapping.

Finally, the computed actuator commands are applied to the physical system
through the aerodynamic control surfaces and rotor disc tilt mechanism, which
generate the corresponding forces and moments acting on the vehicle. This hier-
archical structure allows the control design to be decoupled into stabilization and
allocation layers, ensuring modularity while enabling the use of redundant actuators
for improved control authority and efficiency.

5.7 Performance Evaluation Metrics
The performance of the proposed neural-network-based control allocation scheme is
evaluated by comparing it against the baseline control allocation method described
previously. The comparison is performed using several quantitative metrics that
assess both trajectory tracking performance and aircraft dynamic response.

5.7.1 Trajectory Tracking Error

The primary objective of the flight control system is accurate trajectory tracking.
The tracking performance is evaluated using the Root Mean Square Error (RMSE)
between the commanded and actual trajectory variables. For a generic state variable
x, the RMSE is defined as

RMSE =

√√√√ 1
N

N∑
i=1

(xi − xref,i)2 (5.13)

where xi is the measured state, xref,i is the corresponding reference value, and
N is the total number of samples. The RMSE is computed for position and attitude
variables to quantify the overall tracking accuracy of the flight control system.

5.7.2 Aerodynamic Response Metrics

Since the proposed control allocator modifies the distribution of control effort among
the available actuators, additional performance indicators are required to evaluate
the resulting aircraft response.

Particular attention is given to the angle of attack (α) and sideslip angle (β),
since excessive values of these variables may increase aerodynamic drag, reduce
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efficiency, and potentially degrade flight handling qualities. The mean and peak
values of α and β are therefore monitored throughout each simulation.

5.7.3 Robustness Assessment

To evaluate robustness, the control allocation methods are tested under multiple
disturbance environments including atmospheric turbulence, sensor noise, and wind
shear conditions. The resulting tracking errors and aerodynamic response metrics
are compared to determine the sensitivity of each allocation strategy to external
disturbances.

5.8 Results and Discussion

5.8.1 Case 1: Trajectory

The proposed neural-network based control allocator was first evaluated using a de-
manding trajectory consisting of climb, descent, and figure-eight maneuver segments
as shown in the Figure 5.9. The objective of this test was to assess the allocator’s
ability to generate appropriate actuator commands during continuously varying
flight conditions while maintaining trajectory tracking performance.
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Figure 5.9: Test Trajectory

Attitude Tracking Performance

Figures 5.10(a) and 5.10(b) compare the Euler-angle and angular rate responses ob-
tained using the baseline allocator and the proposed neural network based allocator.
It can be observed that both approaches produce nearly identical attitude responses
throughout the manoeuvre while trajectory tracking improves by approximately 5%.
The roll, pitch, and yaw angles closely follow the commanded trajectories, with no
noticeable degradation in tracking performance when the neural network allocator is
employed.
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Figure 5.10: Comparison of Euler angles and angular rates with and without NN
Control Allocation

A similar observation can be made from the angular-rate responses shown in
Figure 5.10(b). The roll, pitch, and yaw rates generated by the two allocation
methods exhibit very similar amplitudes and phase characteristics throughout the
manoeuvre. This indicates that the neural network allocator is capable of generating
the required control moments with a level of accuracy comparable to the baseline
allocation strategy.

The corresponding RMSE values presented in Table 5.2 further confirm that
the overall trajectory tracking performance of the two methods is nearly identical.
Nevertheless, the neural network based allocator consistently exhibits a small im-
provement, achieving an average reduction in tracking error of approximately 6%.
These results indicate that the proposed allocator preserves the stability and tracking
performance of the flight control system while providing a modest enhancement in
overall accuracy.
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Aerodynamic Response

Although both allocation methods achieve comparable tracking performance, notable
differences can be observed in the aerodynamic states of the aircraft.
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Figure 5.11: Comparison of angle of attack with and without NN Control Allocation
with Test Trajectory
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Figure 5.12: Comparison of Sideslip angle with and without NN Control Allocation
with Test Trajectory

Figure 5.11 presents the angle-of-attack response during the manoeuvre. Both
allocation methods maintain similar overall trends. However, the neural network
allocator generally produces slightly lower values of angle of attack during the most
demanding portions of the trajectory. The reduction is particularly visible during
the oscillatory segment between approximately 100s and 200s simulation steps.

More significant differences are observed in the sideslip response shown in Figure
5.12. The neural-network allocator consistently reduces the magnitude of sideslip
oscillations throughout the manoeuvre. Peak sideslip excursions are noticeably
lower than those obtained using the baseline allocator, particularly during the ag-
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gressive turning segments where strong lateral-directional control inputs are required.

The reduction in sideslip angle suggests that the neural network allocator exploits
the redundant control authority of the gyrodyne more effectively. By appropriately
distributing control effort between the conventional aerodynamic surfaces and the
rotor tilt actuators, the allocator is able to generate the required moments while
maintaining improved lateral aerodynamic coordination.

Actuator Allocation and Control Effort

To reveal the control allocation mechanisms driving these aerodynamic state differ-
ences, the actuator deflection profiles during the climb, descent, and figure eight
trajectory were analysed. Figure 5.13 compares the conventional control surface
commands (aileron, elevator, and rudder) and the rotor cyclic inputs (lateral and
longitudinal cyclic) generated by both strategies.
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Figure 5.13: Control surface deflections comparison during test trajectory

As seen in figure 5.13, the baseline allocator indicated by the blue curves allocates
control moments exclusively to the traditional aerodynamic surfaces, leaving both
cyclic control channels unutilised. Conversely, the proposed neural network allocator
dynamically coordinates all five control channels by utilizing the gyrodyne’s inherent
control redundancy.
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In the longitudinal channel, both strategies demand highly similar aileron and el-
evator trends during the initial climb and descent phases 0 to 100s. However, during
the highly dynamic figure eight segment, the neural network allocator commands a
slightly deeper elevator deflection. This variation is directly complemented by the
active utilization of the cyclic longitudinal control, which oscillates in phase between
approximately 0 and 2 deg. This combined longitudinal authority explains why the
neural network is able to track the primary attitude commands while establishing a
marginally lower and more favourable angle of attack profile during the aggressive
portions of the manoeuvre.

The most substantial differences manifest in the lateral-directional channel,
matching the significant reductions in sideslip angle (β) previously highlighted.
During the highly oscillatory figure-eight manoeuvre, the baseline allocator relies
solely on the ailerons and small rudder deflections. The neural-network allocator, by
contrast, radically alters the lateral distribution strategy. It drives the rudder with
significantly larger, highly dynamic oscillations while concurrently modulating the
cyclic lateral input.

By aggressively pairing the rudder with cyclic lateral movements during severe
turns, the neural network optimizes lateral aerodynamic coordination. This multi
channel distribution effectively suppresses the undesirable peak sideslip excursions
and oscillations experienced by the baseline aircraft, demonstrating a highly effective
exploitation of the redundant control authority.

5.8.2 Case 2: Climbing Turn

To evaluate the control allocator’s performance under simultaneous longitudinal and
lateral-directional demands, a climbing turn maneuver was simulated. The aircraft
was commanded to perform a 90◦ heading change while concurrently climbing from
an altitude of 1,000 m to 3,000 m. This profile tests the allocator’s ability to handle
severe cross-coupling effects and aerodynamic transitions.
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Figure 5.14: Climbing Turn Trajectory
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Attitude Tracking Performance

Figures 5.15(a) and 5.15(b) display the attitude responses and angular rates during
the climbing turn. As seen in Figure 5.15(a), the heading angle successfully executes
the commanded 90◦ turn, exhibiting a transient overshoot up to approximately 120◦

before settling smoothly at the target heading.
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Figure 5.15: Comparison of Euler angles and angular rates with and without NN
Control Allocation during Climbing Turn

Mirroring the results from the first trajectory, the baseline allocator and the
proposed neural network based allocator yield virtually indistinguishable tracking
profiles. The angular rates Figure 5.15(b) exhibit highly dynamic, high frequency
oscillations during the initial aggressive phase of the manoeuvre 100s as the vehicle
initiates the climbing turn. Both allocation strategies track these rapid rate variations
with identical amplitude and phase matching, dampening completely to zero as the
vehicle stabilizes in its steady state climb. This reinforces that the neural network
introduces no lag or degradation in primary trajectory tracking loop authority.

Aerodynamic Response

While primary state tracking remains identical, the underlying aerodynamic state
allocations reveal how the neural network allocator re optimizes control authority
during a steady climb.
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Figure 5.16: Comparison of angle of attack with and without NN Control Allocation
with Climbing Turn
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Figure 5.17: Comparison of Sideslip angle with and without NN Control Allocation
with Climbing Turn

Figure 5.16 shows the angle of attack (α) behaviour. After an initial transient
peak near 4.2◦ corresponding to the initial pull-up, both allocators settle into a
steady climb trim configuration. Notably, the neural-network allocator manages to
maintain a consistently higher angle of attack (approximately 0.2◦ higher) than the
baseline allocator throughout the steady-state portion of the climb.

More pronounced differences show up in the side slip angle (β) response high-
lighted in Figure 5.17. The initial entry into the turn triggers severe lateral-directional
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oscillations ranging from −4◦ to +11◦. Both controllers damp these oscillations
effectively by 50s. However, they settle into fundamentally different trim states. The
neural network allocator holds a distinct steady state sideslip angle offset relative to
the baseline allocation method.

This variance demonstrates that the neural network has successfully discovered
an alternative distribution of redundant control authority balancing the gyrodyne’s
rotor tilt actuators and standard aerodynamic surfaces differently than the baseline
algorithm to satisfy the same moment demands during a steady climbing turn.

Actuator Use

To understand the underlying mechanism behind the variations observed in the aero-
dynamic states, the actuator deflection profiles during the climbing turn manoeuvre
are evaluated. Figure 5.18 presents a comparative breakdown of the conventional
aerodynamic surface deflections (aileron, elevator, and rudder) alongside the rotor
cyclic controls (lateral and longitudinal cyclic).
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Figure 5.18: Control surface deflections comparison during Climbing Turn

The most prominent distinction between the two allocation strategies lies in the
utilization of control redundancy. The baseline allocator (represented by the “No
NN” trend) relies strictly on the conventional aerodynamic control surfaces, leaving
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the cyclic lateral and cyclic longitudinal inputs entirely unactuated. In contrast, the
proposed neural network based allocator actively engages all five available control
channels to distribute the moment generation effort.

In the longitudinal channel, both allocators command a similar transient pro-
file for the elevator to initiate the climb, peaking near 3◦ before settling into a
steady-state trim command. However, the neural network allocator maintains a
marginally lower elevator deflection throughout the steady climb phase. This deficit
is compensated for by the active engagement of the longitudinal cyclic input, which
transitions to a steady state forward command of approximately 0.04 rad after
0.5 × 104 simulation steps.

More significant discrepancies are visible in the lateral-directional actuators,
aligning with the pronounced differences previously observed in the sideslip angle
response. During the highly dynamic entry phase (0 to 50s), the baseline allocator
induces localized, high-frequency oscillations in the rudder command. The neural-
network allocator, conversely, distributes the lateral-directional requirements between
the aerodynamic surfaces and the rotor. It commands a distinct steady state rud-
der offset (approximately 0.7◦) while concurrently modulating the cyclic lateral input.

By offloading a portion of the control authority to the rotor cyclic dynamics,
the neural network allocator re-balances the trim forces acting on the gyrodyne.
This alternative distribution of control effort proves highly effective; it satisfies
the identical primary attitude commands while establishing a more coordinated
aerodynamic trim state during the steady climbing turn.

5.8.3 Robustness Evaluation: Turbulence, Noise, and Wind Shear

To rigorously assess the tracking capabilities and disturbance rejection of the proposed
neural-network-based control allocator, the climbing turn manoeuvre was repeated
under two severe environmental conditions:

1. Measurement Noise and Atmospheric Turbulence: Injected stochastic
sensor noise alongside continuous background turbulence to evaluate high-
frequency disturbance rejection.

2. Wind Shear Profile: Introduced a localized, sharp wind gradient during the
steady climb phase to test the allocator’s ability to handle sudden aerodynamic
state transitions.

Trajectory Tracking Performance

Rather than presenting identical trajectory tracking plots for each environmental
condition, the comparative performance is summarized using the Root Mean Square
Error (RMSE) of the position tracking error, as reported in Table 5.2.
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Scenario No Neural Network Neural Network Improvement (%)
No Noise 94.80 88.70 6.5
Turbulence 102.80 95.50 7.1
Turbulence + Sensor Noise 113.50 118.50 5.1

Table 5.2: Trajectory tracking RMSE comparison

The results demonstrate that the proposed neural-network-based control allocator
consistently improves trajectory-tracking performance across all tested environmental
conditions. Under nominal conditions, the trajectory RMSE is reduced from 94.8
m to 88.7 m, corresponding to an improvement of approximately 6.5%. Similar
improvements are observed in the presence of atmospheric disturbances, with the
largest reduction occurring in the turbulence case, where the RMSE decreases from
102.8 m to 95.5 m (7.1%).

When both turbulence and sensor noise are present, the overall tracking error
increases for both allocation strategies, as expected. Nevertheless, the neural network
allocator continues to provide a measurable improvement, reducing the RMSE from
118.5 m to 113.5 m. This indicates that the allocator retains its effectiveness even
when operating under degraded measurement quality and disturbed flight conditions.

The observed improvement can be attributed to the allocator’s ability to exploit
the additional control authority provided by the rotor tilt mechanism. By distribut-
ing the commanded moments more effectively among the available actuators, the
neural network allocator reduces the need for large aerodynamic excursions and
allows the vehicle to maintain closer adherence to the reference trajectory.

Overall, the results indicate that the proposed control allocation framework
not only preserves the robustness of the closed loop flight control system but also
provides a consistent reduction in trajectory-tracking error across a range of operating
conditions.

Aerodynamic Stability and Actuator Adaptability

The primary divergence under these harsh environmental conditions again manifests
in the lateral-directional aerodynamic coordination and underlying actuator alloca-
tion effort.

When encountering turbulence, the baseline allocator experiences sustained,
high-frequency oscillations throughout the entire steady-state climb phase as it
struggles to damp lateral disturbances using aerodynamic surfaces alone. Conversely,
the neural-network allocator leverages the rotor’s cyclic lateral dynamics to absorb
a significant portion of the lateral energy.

When encountering the sudden wind shear gradient as highlighted in Figure 5.19,
the neural network dynamically reallocates moment commands between the rudder
and cyclic channels nearly instantaneously. While this results in a localized spike in
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actuator rate usage, it successfully bounds the peak sideslip excursions (β) and pre-
vents the prolonged directional ringing observed in the baseline aircraft configuration.

This behaviour is particularly important during take-off and landing operations,
where aircraft typically encounter elevated angles of attack (α) and sideslip angles
(β). Simultaneously operating at high α and β can significantly degrade aerodynamic
stability and, in extreme cases, lead to departure from controlled flight or the onset
of spin. Consequently, maintaining low sideslip angles while achieving the required
control objectives is desirable not only from a tracking performance perspective but
also from a flight-safety standpoint.
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Figure 5.19: Comparison of Sideslip angle with and without NN Control Allocation
with Climbing Turn with Wind Shear

Ultimately, these robustness tests demonstrate that the alternative control
distribution strategy learned by the neural network is not merely an artifact of
nominal trim, but a robust framework capable of maintaining superior aerodynamic
coordination under realistic environmental uncertainties.

5.8.4 Control Authority Utilization

To further investigate the effect of the proposed control allocation strategy, the
operating points corresponding to the different simulation scenarios were projected
onto the control authority envelope shown in the below Figure 5.20.

The black boundary represents the attainable combinations of angle of attack
and sideslip angle within the controllable flight region of the gyrodyne. The coloured
markers indicate the average operating conditions obtained during the trajectory
following simulations under nominal, turbulence, and wind-shear environments.

A consistent trend can be observed across all test cases. For each disturbance
condition, the neural network based allocator shifts the operating point toward lower
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sideslip angles compared with the baseline allocation method. The reduction in
sideslip is observed under nominal conditions, atmospheric turbulence, and wind
shear disturbances, indicating that the behaviour is not limited to a particular flight
scenario.
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Figure 5.20: Control Authority Envelope with NN performance comparisons

In contrast, only minor variations in angle of attack are observed between the
two allocation methods. The operating points remain clustered around α ≈ 4◦–5◦,
suggesting that both allocators generate similar levels of aerodynamic loading while
producing the required control moments.

The reduction in sideslip angle indicates that the neural-network allocator utilizes
the available actuator redundancy more effectively. By distributing the required
control effort between the aerodynamic control surfaces and the rotor tilt actuators,
the allocator is able to generate the commanded moments while maintaining a more
coordinated flight condition.

Furthermore, all operating points remain well within the attainable control-
authority envelope, demonstrating that neither allocation method approaches the
controllability limits of the vehicle during the tested manoeuvres. The proposed
allocator therefore improves the aerodynamic operating condition without reducing
the available control margin.
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5.9 Limitations of Neural Network Allocation
Despite the promising performance demonstrated by the proposed neural network
based allocator, several limitations must be acknowledged.

1. First, the allocator relies entirely on the quality and coverage of the training
dataset. Since the network does not perform online optimization, its ability
to generate appropriate actuator commands is limited to the flight conditions
represented in the training data. Consequently, satisfactory performance
requires the dataset to adequately cover the expected operating envelope of
the gyrodyne. Performance outside the training region cannot be guaranteed.

2. Second, the control allocation process itself is open-loop. The neural network
directly predicts actuator commands from the desired moments without ex-
plicitly evaluating the moments that are ultimately generated by the aircraft.
Therefore, the allocator has no direct mechanism for correcting allocation
errors arising from modelling inaccuracies, actuator non linearities, or unrepre-
sented flight conditions. Although the overall flight control system remains
closed-loop through the attitude and trajectory controllers, the allocation stage
itself does not incorporate feedback of the achieved force and moment vector.

3. Finally, unlike optimization-based allocation methods, the proposed approach
does not provide guarantees of optimality. The neural network approximates
the inverse control effectiveness mapping learned from the training data and
therefore generates feasible actuator commands rather than provably optimal
ones. As a result, objectives such as minimum control effort, minimum actuator
usage, or avoidance of actuator saturation cannot be explicitly enforced unless
they are incorporated during the training process.

Future work may address these limitations through adaptive online learning tech-
niques, closed-loop allocation architectures, or hybrid approaches that combine
neural-network inference with optimization-based refinement.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

6.1.1 Summary of Modelling and Trim Analysis

This thesis presented the development of a nonlinear mathematical model of a
gyrodyne aircraft and its implementation in a simulation based environment. The
model incorporated the primary aerodynamic subsystems, including the main rotor,
tail rotor, propeller, wing, and fuselage, together with environmental effects and
rigid-body flight dynamics. A trim procedure was developed to obtain equilibrium
conditions for hover and forward flight, while an autorotation analysis was performed
to investigate the operating envelope of the unpowered rotor. Linearisation of
the nonlinear model enabled the evaluation of the aircraft stability characteristics
and provided the basis for subsequent flight-control design. Overall, the developed
model demonstrated satisfactory agreement with available reference data and proved
suitable for flight-dynamics and control-system investigations.

6.1.2 Evaluation of Flight Control

A hierarchical flight-control architecture was designed to provide stabilization and
trajectory-tracking capability across the considered operating conditions. Classical
control techniques were used to develop longitudinal, lateral-directional, and flight-
path control loops. The resulting control system successfully stabilized the gyrodyne
and achieved the desired handling-quality requirements. Closed-loop simulations
demonstrated satisfactory tracking of commanded altitude, airspeed, attitude, and
heading references. Furthermore, the control architecture provided a stable platform
for evaluating different control-allocation strategies and assessing the benefits of
actuator redundancy within the gyrodyne configuration.

6.1.3 Assessment of Neural Network Based Control Allocation

The primary contribution of this work was the development and evaluation of a
neural network based control allocation framework for an over actuated gyrodyne air-
craft. The neural network was trained offline to learn the inverse control-effectiveness
mapping and subsequently integrated into the flight control system as a real time
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allocator. Simulation results showed that the proposed allocator achieved trajectory
tracking performance comparable to the baseline allocation method, with no degra-
dation in attitude response or closed loop stability.

Although both allocation methods produced nearly identical tracking accuracy,
the neural network allocator demonstrated a more effective utilization of the available
control authority. By coordinating conventional aerodynamic control surfaces with
rotor tilt actuators, the allocator consistently reduced sideslip angle and improved
aerodynamic coordination across multiple manoeuvres. These benefits remained
evident under atmospheric turbulence, sensor noise, and wind shear disturbances,
indicating good robustness to environmental uncertainties.

The results therefore demonstrate that neural-network-based control allocation
represents a viable approach for exploiting actuator redundancy in advanced VTOL
configurations. The proposed method preserves real-time computational efficiency
while capturing the nonlinear characteristics of the control-effectiveness map, making
it attractive for future unmanned gyrodyne applications.

6.2 Future Work

6.2.1 Aerodynamic Interaction and High-Fidelity Modelling

The aerodynamic model developed in this work relies on several simplifying assump-
tions intended to maintain computational efficiency. Future research should focus
on improving model fidelity through the inclusion of rotor-wing, propeller-wing,
and rotor-fuselage aerodynamic interactions. These effects become increasingly
important during transition flight and aggressive manoeuvres. In addition, higher-
fidelity approaches based on CFD or coupled aerodynamic models could be used
to validate and refine the current simulation framework. Experimental validation
through wind-tunnel or flight-test data would further increase confidence in the
model predictions.

6.2.2 Advanced Non-linear Control Architectures

While the classical flight-control system provided satisfactory performance, future
work may investigate advanced nonlinear control methodologies such as Model
Predictive Control (MPC), Dynamic Inversion, Adaptive Control, or Backstepping
Control. Such approaches may provide improved performance across a wider flight
envelope and better accommodate the strongly nonlinear behaviour of gyrodyne
dynamics. The authors of [24] showed that any robust controller may be used as
long as they satify the Maximum Allocation Error (MAE). Furthermore, integration
of the neural-network allocator with adaptive or learning-based controllers could
enable more efficient exploitation of actuator redundancy under varying operating
conditions.
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6.2.3 Enhanced Control Allocation Strategies

The neural-network allocator developed in this thesis operates as an open-loop
inverse mapping and depends strongly on the quality of the training dataset. Future
research should investigate closed-loop allocation architectures that incorporate
feedback of the achieved moments to compensate for modelling errors and actuator
uncertainties. Additionally, online learning or adaptive neural-network techniques
could be employed to extend performance beyond the training envelope. Hybrid
approaches combining neural-network inference with optimization-based refinement
may also provide guarantees on actuator usage, energy efficiency, and saturation
avoidance while retaining real-time computational feasibility.

6.2.4 Real-Time Verification and Hardware Integration

A natural extension of this work is the implementation of the proposed flight-control
and allocation framework in a real-time environment. Hardware-in-the-loop (HIL)
and Software-in-the-loop (SIL) testing would enable assessment of computational
requirements, actuator dynamics, communication delays, and sensor imperfections.
Ultimately, experimental flight testing on a prototype gyrodyne platform would
provide the final validation of both the aircraft model and the proposed neural-
network-based control allocation methodology.
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Appendix

Appendix A

1 function [Omega , THETA0 , Vz] = Autorotation ( ...
2 BLADES , ASLOPE , CHORD , CHORD75 , ROTOR , a0 , THETT , ...
3 dyn_viscosity , k_ind , epsi , lever_arm_hub , chi , ...
4 rho , Vcruise )
5 omega_TAS = [0 0 0]’;
6 omega = [0 0 0]’;
7 Weight = 9.81*150;
8 T_target = 0.10* Weight ;
9 THETA0_range = deg2rad (0:0.1:5) ;

10 Vz_range = 0:0.1:5;
11 Omega_range = (100:10:200) *pi /30;
12 autorotation_data = [];
13 data = [];
14 dOmega = 0.5* pi /30;
15 for i = 1: length ( THETA0_range )
16 THETA0 = deg2rad (4) + THETA0_range (i);
17 for j = 1: length ( Vz_range )
18 Vz = Vz_range (j);
19 TAS = [ Vcruise 0 Vz]’;
20 for k = 1: length ( Omega_range )
21 Omega = Omega_range (k);
22 try
23 [Frotor , Power , vi , Q, lambda ] = ...
24 fcnRotor_new2 ( ...
25 BLADES , ASLOPE , CHORD , CHORD75 , ...
26 ROTOR , a0 , THETT , dyn_viscosity , ...
27 k_ind , epsi , lever_arm_hub , chi , ...
28 Omega , rho , TAS , omega_TAS , ...
29 omega , THETA0 );
30 [~,~,~,Qp ,~] = ...
31 fcnRotor_new2 ( ...
32 BLADES , ASLOPE , CHORD , CHORD75 , ...
33 ROTOR , a0 , THETT , dyn_viscosity , ...
34 k_ind , epsi , lever_arm_hub , chi , ...
35 Omega + dOmega , rho , TAS , ...
36 omega_TAS , omega , THETA0 );
37 [~,~,~,Qm ,~] = ...
38 fcnRotor_new2 ( ...
39 BLADES , ASLOPE , CHORD , CHORD75 , ...
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40 ROTOR , a0 , THETT , dyn_viscosity , ...
41 k_ind , epsi , lever_arm_hub , chi , ...
42 Omega - dOmega , rho , TAS , ...
43 omega_TAS , omega , THETA0 );
44 Q_Omega = (Qp - Qm)/(2* dOmega );
45 data(i,j,k). theta0 = THETA0 ;
46 data(i,j,k).Vz = Vz;
47 data(i,j,k).Omega = Omega;
48 data(i,j,k).Power = Power;
49 data(i,j,k). Thrust = Frotor (3);
50 data(i,j,k).vi = vi;
51 data(i,j,k). lambda = lambda ;
52 data(i,j,k).Q = Q;
53 P_tol = 0.02 * Weight * ...
54 sqrt(abs( Weight )/(2* rho*pi*ROTOR ^2));
55 if abs(Power) < P_tol && ...
56 Frotor (3) < 0 && ...
57 vi < 0.2 && ...
58 Q_Omega < 0
59 autorotation_data = ...
60 [ autorotation_data ;
61 THETA0 , Vz , Omega , Power , ...
62 Frotor (3) , vi , lambda , Q];
63 end
64 catch
65 data(i,j,k).Power = NaN;
66 data(i,j,k). Thrust = NaN;
67 data(i,j,k).vi = NaN;
68 data(i,j,k). lambda = NaN;
69 data(i,j,k).Q = NaN;
70 end
71 end
72 end
73 end
74 cost = abs( autorotation_data (: ,4)) + ...
75 abs( autorotation_data (: ,5) + T_target );
76 [~, opt_idx ] = min(cost);
77 optimal = autorotation_data (opt_idx ,:);
78 Omega = optimal (3);
79 THETA0 = optimal (1);
80 Vz = optimal (2);
81 end
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Appendix B

1 import numpy as np
2 import pandas as pd
3 import tensorflow as tf
4 import scipy.io
5

6 from tensorflow .keras import layers , Model , Input # type:
ignore

7 from tensorflow .keras. optimizers import Adam # type: ignore
8 from sklearn . preprocessing import MinMaxScaler
9 from sklearn . model_selection import train_test_split

10 import matplotlib . pyplot as plt
11 # 1. LOAD DATA
12 X = pd. read_csv ("X.csv"). values
13 Y = pd. read_csv ("Y.csv"). values
14 print("Data shape:", X.shape , Y.shape)
15 # 2. NORMALIZATION
16 x_scaler = MinMaxScaler ( feature_range =(-1, 1))
17 y_scaler = MinMaxScaler ( feature_range =(-1, 1))
18 Xn = x_scaler . fit_transform (X)
19 Yn = y_scaler . fit_transform (Y)
20

21 # Split
22 X_train , X_val , Y_train , Y_val = train_test_split (
23 Xn , Yn , test_size =0.2 , random_state =1
24 )
25 # 3. TRAIN PLANT MODEL ( Forward Model)
26 plant_in = Input(shape =(8 ,)) # Changed from 7 to 8
27 p = layers .Dense (128 , activation ='relu ')( plant_in )
28 p = layers .Dense (128 , activation ='relu ')(p)
29 plant_out = layers .Dense (3)(p)
30 plant_model = Model(plant_in , plant_out , name="Plant")
31 plant_model . compile (
32 optimizer =Adam( learning_rate =1e -3) ,
33 loss='mse '
34 )
35 plant_X = np. hstack ([Yn , Xn[:, 3:]])
36 plant_Y = Xn[:, :3]
37 plant_model .fit(
38 plant_X , plant_Y ,
39 epochs =40,
40 batch_size =128 ,
41 validation_split =0.2 ,
42 verbose =1
43 )
44

45 # Freeze plant
46 plant_model . trainable = False
47 # 4. BUILD ALLOCATOR NETWORK
48 # Input: [L, M, N, alpha , beta , q]
49 # Output : normalized $\ delta$ in [-1,1]
50
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51 alloc_in = Input(shape =(6 ,))
52 a = layers .Dense (128 , activation ='relu ')( alloc_in )
53 a = layers .Dense (32, activation ='relu ')(a)
54 a = layers .Dense (16, activation ='relu ')(a)
55 a = layers .Dense (8, activation ='relu ')(a)
56 alloc_out = layers .Dense (5)(a)
57 alloc_out = layers . Lambda ( lambda x: tf. clip_by_value (x, -1.0,

1.0))( alloc_out )
58

59 allocator_model = Model(alloc_in , alloc_out , name=" Allocator ")
60 # 5. CONNECT ( Allocator to Plant)
61 class EffortPenalty ( layers .Layer):
62 def __init__ (self , penalty_weight =0.01 , ** kwargs ):
63 super (). __init__ (** kwargs )
64 self. penalty_weight = penalty_weight
65

66 def call(self , delta):
67 weights = tf. constant ([0.2 , 0.2, 0.2, 0.1, 0.1]) # [a

, e, r, c, s]
68 effort = tf. reduce_mean ( weights * tf. square (delta))
69 self. add_loss (self. penalty_weight * effort )
70 return delta
71

72 # Get allocator prediction
73 raw_predicted_delta = allocator_model ( alloc_in )
74

75 # Pass it through our custom layer to register the loss
76 predicted_delta = EffortPenalty ( penalty_weight = 0.01)(

raw_predicted_delta )
77

78 # Extract flight states : alpha , beta , and q from column index
3 to end

79 flight_states = alloc_in [:, 3:] # Grabs alpha , beta , q
80

81 # Combine for plant input matrix [ predicted_delta (5) +
flight_states (3)] = 8 columns

82 plant_input = layers . Concatenate (axis =1) ([ predicted_delta ,
flight_states ])

83

84 # Predicted moments
85 achieved_moments = plant_model ( plant_input )
86

87 # Full model
88 full_model = Model(alloc_in , achieved_moments )
89 # 6. LOSS FUNCTION
90 def weighted_mse (y_true , y_pred ):
91 weights = tf. constant ([1.0 , 1.0, 1.0]) # L, M, N
92 return tf. reduce_mean ( weights * tf. square ( y_true - y_pred )

)
93

94 full_model . compile (
95 optimizer =Adam(
96 learning_rate =1.00e-3,
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97 beta_1 =0.9 ,
98 beta_2 =0.999
99 ),

100 loss= weighted_mse
101 )
102 # 7. TRAIN ALLOCATOR
103 print(" Training Allocator ")
104 history = full_model .fit(
105 X_train ,
106 X_train [:, :3], # target [L M N]
107 epochs =30,
108 batch_size =128 ,
109 validation_data =( X_val , X_val [:, :3]) ,
110 verbose =1
111 )
112 # 8. SAVE MODELS + WEIGHTS
113 allocator_model .save(" allocator .keras")
114 weights = allocator_model . get_weights ()
115 scipy.io. savemat (" allocator_weights .mat", {" weights ": weights

})
116

117 # save scalers
118 scipy.io. savemat (
119 " scalers .mat",
120 {
121 "X_min": X.min(axis =0) ,
122 "X_max": X.max(axis =0) ,
123 "Y_min": Y.min(axis =0) ,
124 "Y_max": Y.max(axis =0)
125 }
126 )
127

128 # 9. VALIDATION
129 # Allocator prediction across full dataset
130 delta_pred = allocator_model . predict (Xn , verbose =0)
131

132 # Pass through plant
133 plant_input = np. hstack ([ delta_pred , Xn[:, 3:]])
134 LMN_pred = plant_model . predict ( plant_input , verbose =0)
135 LMN_true = Xn[:, :3]
136 error = LMN_pred - LMN_true
137 rmse = np.sqrt(np.mean(error **2, axis =0))
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