
DEVELOPMENT OF PARAMETRIC ROTOR CONTROL EQUIVALENT
TURBULENCE INPUT MODELS

A Dissertation
Presented to

The Academic Faculty

By

Mahmoud Hayajnh

In Partial Fulfillment
of the Requirements for the Degree

Doctor of Philosophy in the
School of Engineering

Department of Aerospace Engineering

Georgia Institute of Technology

May 2025

© Mahmoud Hayajnh 2025



DEVELOPMENT OF PARAMETRIC ROTOR CONTROL EQUIVALENT
TURBULENCE INPUT MODELS

Approved by:

Dr. J.V.R. Prasad, Advisor
School of Aerospace Engineering
Georgia Institute of Technology

Dr. Marilyn J Smith
School of Aerospace Engineering
Georgia Institute of Technology

Dr. Lakshmi N Sankar
School of Aerospace Engineering
Georgia Institute of Technology

Dr. Mark J Lopez
Technology Development Directorate
U.S. Army Combat Capabilities Develop-
ment Command Aviation & Missile Center

Dr. Umberto Saetti
Department of Aerospace Engineering
University of Maryland

Date approved: January 27, 2025



“And over all those endowed with knowledge is the All-Knowing (Allah)” [Translation

from the Arabic text]

The Quraan 12:76



In the name of Allah, the Most Gracious, the Most Merciful.



ACKNOWLEDGMENTS

First and foremost, I thank Allah (SWT), the Most Gracious, the Most Merciful, for

guiding me through this journey and through life. Without His blessings, none of this would

have been possible. This thesis marks the result of a challenging and rewarding chapter of

my life. Along the way, I have grown in ways I couldn’t have imagined. Alhamdulillah.

I’m profoundly thankful to my family. To my parents, Adnan and Fatima, thank

you for your unconditional love, sacrifices, and unwavering belief in me. You have always

been the star that guides me forward towards becoming a better person. No matter what

I do, I will never be able to repay the debt I owe you. To my siblings: Bayan, Ahmad,

Mohammad, Razan, Abdullah, Alhaitham, and Batool, and to my brother-in-law, Suhail

Alrabee. Your unlimited support, through your prayers and calls almost everyday, have

always been my way out of school and research stress.

I owe my deepest thanks to my PhD advisor, Dr. J.V.R. Prasad, for his unwavering guid-

ance and constant encouragement. Dr. Prasad has always believed in me and encouraged

me to keep going, even when the road felt daunting. His mentorship has been invaluable in

shaping not only this research but also my personal and professional growth. I am deeply

grateful to the members of my PhD committee: Dr. Marilyn Smith, Dr. Lakshmi Sankar,

Dr. Mark Lopez, and Dr. Umberto Saetti. Thank you for your time, interest, and construc-

tive feedback, which have greatly enriched this work. I am also grateful to the Jordan

University of Science and Technology for supporting my academic journey by providing a

PhD scholarship. I would also like to thank the Georgia Tech Vertical Lift Research Center

of Excellence for their invaluable support in advancing my knowledge and research in the

field of rotorcraft.

A special thanks to Dr. Mohammad Hassan, whose support was essential not only when

I was applying to Georgia Tech, but also when I first arrived in Atlanta—it made a great

difference. To my colleagues and lab mates, thank you for the all the technical and non-

v



technical discussions and chitchats during both the highs and lows of research life. Special

thanks to Chams Eddine Mballo, Robert Walters, Andro Metry, Ceren Esmek, Rahul Tauro-

Padival, and Tanaya Sinha for being there as friends. Zhenhao Jing and Olatunde Sanni, you

made the preparation for the PhD qualification exam not only manageable but genuinely

enjoyable-thank you!

To my friends, both near and far, your company has been a constant source of strength

and balance throughout this journey. These pages will not be enough to encompass all

the friends who have shaped this experience. I would like to mention my roommates at

415 Richards St (aka The Ummah House): Taofiq Amoloye, Yassine Ridouane, Ishaque

Kadampot, Muhammad Ali Murtaza, and Jawad Zafar. I want to thank all of my dear

friends who have been part of my personal growth in Atlanta and in the US. You have been

like family to me, and I will always cherish the memories we have shared, whether through

gatherings, food, hikes, traveling or other activities. Gratitude must also go to Al-Farooq

Masjid community, Sunday School community, especially Br. Allauddin Keen and Br.

Khaled Rashid.

To my friends across the globe, your care and encouragement, being close in heart

though far in distance, have been my lifeline during tough times. I particularly want to

thank Abdelrahman Idris, for his encouraging calls during the down times when I first

started this journey. I would also like to thank Odi Alrebie, Malek Awashreh, Abedallah

Al Kader, Mohammad Ramadan, Ahmad Al-Tawaha, and Zaid Hayajneh. You have been

a constant source of positivity and strength, and I will always appreciate that.

This journey has been about more than just earning a degree. It has been about growth,

building connections, and sharing gratitude. To everyone who has been a part of it, though

I have not mentioned you here, thanks to each and everyone of you from the bottom of my

heart.

Lastly, I say “Praise be to Allah, the Lord of all the worlds”.

vi



TABLE OF CONTENTS

Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . v

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xi

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xii

List of Acronyms and Nomenclature . . . . . . . . . . . . . . . . . . . . . . . . . xvii

Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xx

Chapter 1: Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.2.1 Discrete and Continuous Atmospheric Turbulence . . . . . . . . . . 3

1.2.2 Simulation of Atmospheric Turbulence . . . . . . . . . . . . . . . . 5

1.2.3 Empirical Turbulence Simulation Models . . . . . . . . . . . . . . 12

1.2.4 Generalization of Control Equivalent Models . . . . . . . . . . . . 16

1.3 Contributions of this Research . . . . . . . . . . . . . . . . . . . . . . . . 18

1.4 Objective . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

1.5 Organization of Dissertation . . . . . . . . . . . . . . . . . . . . . . . . . 20

Chapter 2: Simulation of Turbulence . . . . . . . . . . . . . . . . . . . . . . . . 22

vii



2.1 Atmospheric Turbulence Models . . . . . . . . . . . . . . . . . . . . . . . 22

2.1.1 Overview of Turbulence Models . . . . . . . . . . . . . . . . . . . 23

2.1.2 Two-Dimensional Models . . . . . . . . . . . . . . . . . . . . . . 23

2.1.3 One-Dimensional Model . . . . . . . . . . . . . . . . . . . . . . . 24

2.2 Sampling of Turbulence Fluctuations . . . . . . . . . . . . . . . . . . . . . 26

2.2.1 Transfer Function vs. Sum of Sinusoids . . . . . . . . . . . . . . . 26

2.2.2 Generating Turbulence Fluctuations . . . . . . . . . . . . . . . . . 28

2.3 Implementation in Simulation . . . . . . . . . . . . . . . . . . . . . . . . . 29

2.3.1 FLIGHTLAB® Baseline Rotor Model . . . . . . . . . . . . . . . . 29

2.3.2 Transfer Function vs. Sum of Sinusoids . . . . . . . . . . . . . . . 31

2.3.3 Von Karman Model vs. Dryden Model . . . . . . . . . . . . . . . . 31

2.3.4 Effect of Rotational Sampling . . . . . . . . . . . . . . . . . . . . 32

2.4 Summary and Technical Findings . . . . . . . . . . . . . . . . . . . . . . . 37

Chapter 3: Rotor Control Equivalent Turbulence Models . . . . . . . . . . . . . 39

3.1 Control Equivalent Turbulence Input (CETI) Models . . . . . . . . . . . . 39

3.1.1 Mathematical Framework . . . . . . . . . . . . . . . . . . . . . . . 40

3.2 Rotor Control Equivalent Turbulence Input (RCETI) Models . . . . . . . . 43

3.3 FLIGHTLAB® Nonlinear Full Vehicle Model and Linear Time-Invariant
Approximations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.4 Validation of Vehicle Response . . . . . . . . . . . . . . . . . . . . . . . . 50

3.5 Vehicle Response vs. Rotor Response . . . . . . . . . . . . . . . . . . . . 52

3.6 PSD of Rotor Response . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

3.7 Recovering Input Traces . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

viii



3.7.1 Pilot Input vs. Swashplate Angles . . . . . . . . . . . . . . . . . . 57

3.7.2 RCETI models (SISO vs. MIMO results) . . . . . . . . . . . . . . 59

3.8 Parametric RCETI Model as Function of Turbulence Parameters . . . . . . 63

3.9 Summary and Technical Findings . . . . . . . . . . . . . . . . . . . . . . . 67

Chapter 4: Parametric Study and Development of Parametric Models . . . . . . 70

4.1 Selection of Rotor Parameters . . . . . . . . . . . . . . . . . . . . . . . . . 70

4.1.1 Dimensional Parameters . . . . . . . . . . . . . . . . . . . . . . . 71

4.1.2 Non-Dimensional Parameters . . . . . . . . . . . . . . . . . . . . . 71

4.2 Change of Dimensional Parameters . . . . . . . . . . . . . . . . . . . . . . 73

4.2.1 Effect of Chord Length . . . . . . . . . . . . . . . . . . . . . . . . 73

4.2.2 Effect of Number of Blades . . . . . . . . . . . . . . . . . . . . . . 76

4.2.3 Effect of Rotor Radius . . . . . . . . . . . . . . . . . . . . . . . . 76

4.2.4 Effect of Flapping Hinge Offset . . . . . . . . . . . . . . . . . . . 76

4.2.5 Error Function Analysis . . . . . . . . . . . . . . . . . . . . . . . 81

4.3 White-Noise-Driven Filters . . . . . . . . . . . . . . . . . . . . . . . . . . 84

4.4 Design of Experiment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

4.4.1 Range of Parameters . . . . . . . . . . . . . . . . . . . . . . . . . 85

4.4.2 Selection of Cases . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

4.5 Neural Network Parametric Model . . . . . . . . . . . . . . . . . . . . . . 89

4.5.1 Simulation of Atmospheric Turbulence . . . . . . . . . . . . . . . . 89

4.5.2 Neural Network Training and Testing . . . . . . . . . . . . . . . . 89

4.6 Summary and Technical Findings . . . . . . . . . . . . . . . . . . . . . . . 92

ix



Chapter 5: RCETI Models for Rigid Rotors and Application to Multi-Rotor
Vehicles . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .95

5.1 Variable-RPM rotors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

5.1.1 Quadrotor Model . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

5.1.2 Linear Time-Invariant Approximations from FLIGHTLAB® . . . . 97

5.1.3 Example of the Heave Axis . . . . . . . . . . . . . . . . . . . . . . 99

5.1.4 Recovering Input Traces . . . . . . . . . . . . . . . . . . . . . . . 102

5.2 Variable-Pitch Rotors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

5.3 Change in Parameters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

5.4 Validation of the RCETI Model for Multi-Rotor Vehicles with Rigid Rotors 108

5.4.1 Spatially Uniform Turbulence Fluctuations . . . . . . . . . . . . . 108

5.4.2 Differential Turbulence Fluctuations with a Delay . . . . . . . . . . 110

5.5 Summary and Technical Findings . . . . . . . . . . . . . . . . . . . . . . . 113

Chapter 6: Conclusions and Future Work . . . . . . . . . . . . . . . . . . . . . .115

6.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

6.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118

References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .121

Vita . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .132

x



LIST OF TABLES

3.1 The �t cost functionJ for transfer functions from the Linear Time-Invariant
(LTI) approximations with up to the4th harmonic states. . . . . . . . . . . 48

3.2 Parameters of Rotor Control Equivalent Turbulence Input (RCETI) transfer
functions when changing� w . . . . . . . . . . . . . . . . . . . . . . . . . . 66

3.3 Parameters of RCETI transfer functions when changingU0. . . . . . . . . . 66

4.1 The difference of cost functionJ when changing the rotor parameters. . . . 84

4.2 RCETI �lters of collective input (� 0) . . . . . . . . . . . . . . . . . . . . . 85

4.3 Rotor Non-Dimensional Parameters . . . . . . . . . . . . . . . . . . . . . 86

4.4 Range of Values for Non-Dimensional Parameters . . . . . . . . . . . . . . 86

4.5 Values of Non-Dimensional Parameters for Testing Cases . . . . . . . . . . 92

5.1 Quadrotor Parameters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

xi



LIST OF FIGURES

1.1 Spectrum of Wind Speeds [2]. . . . . . . . . . . . . . . . . . . . . . . . . 4

1.2 Turbulence intensity for different terrain [27]. . . . . . . . . . . . . . . . . 9

1.3 CETI �lter Block Diagram. . . . . . . . . . . . . . . . . . . . . . . . . . . 13

1.4 Turbulent upwash �eld on rotorcraft [83]. . . . . . . . . . . . . . . . . . . 17

2.1 Time domain simulation of turbulence using transfer function approach. . . 27

2.2 Sample �uctuations of the vertical turbulence found using the two-dimensional
spectrum for a four-bladed rotor. . . . . . . . . . . . . . . . . . . . . . . . 30

2.3 PSD of thrust coef�cient due to turbulence with hub-�xed sampling. . . . . 32

2.4 Comparison of turbulence models (von Karman vs. Dryden). . . . . . . . . 33

2.5 PSD of thrust coef�cient with low advance ratio. . . . . . . . . . . . . . . . 34

2.6 PSD of pitch moment coef�cient with low advance ratio. . . . . . . . . . . 35

2.7 PSD of roll moment coef�cient with low advance ratio. . . . . . . . . . . . 35

2.8 PSD of thrust coef�cient with high advance ratio. . . . . . . . . . . . . . . 36

2.9 PSD of pitch moment coef�cient with high advance ratio. . . . . . . . . . . 36

2.10 PSD of roll moment coef�cient with high advance ratio. . . . . . . . . . . . 37

3.1 Vehicle response to both input and turbulence . . . . . . . . . . . . . . . . 41

3.2 Block diagram of control equivalent turbulence input model. . . . . . . . . 42

xii



3.3 Rotor Control Equivalent Turbulence Input (RCETI) Modeling Framework. 44

3.4 Sweep input to the non-linear model . . . . . . . . . . . . . . . . . . . . . 47

3.5 Frequency response of rotor thrust coef�cient variations to swashplate col-
lective inputCT =� 0 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

3.6 Frequency response of rotor hub pitch moment variations to swashplate
longitudinal inputCM y =� 1s . . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.7 Frequency response of rotor hub roll moment variations to swashplate lat-
eral inputCM x =� 1c . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.8 Model validation: PSD of vehicle vertical velocity. . . . . . . . . . . . . . 51

3.9 Model validation: PSD of vehicle pitch rate. . . . . . . . . . . . . . . . . . 52

3.10 Model validation: PSD of vehicle roll rate. . . . . . . . . . . . . . . . . . . 52

3.11 Power Spectral Density (PSD) of vehicle response vs. rotor hub load re-
sponse: Vertical acceleration vs. thrust coef�cient variations. . . . . . . . . 53

3.12 PSD of vehicle response vs. rotor hub load response: Pitch acceleration vs.
pitch moment coef�cient variations. . . . . . . . . . . . . . . . . . . . . . 54

3.13 PSD of vehicle response vs. rotor hub load response: Roll acceleration vs.
roll moment coef�cient variations. . . . . . . . . . . . . . . . . . . . . . . 54

3.14 PSD of the thrust coef�cient due to turbulence (Single-Input Single-Output
(SISO) Vs. Multi-Input Multi-Output (MIMO)). . . . . . . . . . . . . . . . 55

3.15 PSD of the pitch moment coef�cient due to turbulence (SISO Vs. MIMO). . 56

3.16 PSD of the roll moment coef�cient due to turbulence (SISO Vs. MIMO). . . 56

3.17 PSD of the remnant input required to produce the output spectrum due to
turbulence (� c vs. � 0). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

3.18 PSD of the remnant input required to produce the output spectrum due to
turbulence (� B vs. � 1s). . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

3.19 PSD of the remnant input required to produce the output spectrum due to
turbulence (� A vs. � 1c). . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

3.20 PSD of the required collective input (SISO Vs. MIMO). . . . . . . . . . . . 60

xiii



3.21 PSD of the required longitudinal input (SISO Vs. MIMO). . . . . . . . . . 60

3.22 PSD of the required lateral input (SISO Vs. MIMO). . . . . . . . . . . . . 61

3.23 The coherence between the various inputs from the required input PSD
matrix. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

3.24 PSD of the hub loads (coupled RCETI Vs. decoupled RCETI). . . . . . . . 63

3.25 PSD of the remnant input for different turbulence intensity. . . . . . . . . . 64

3.26 PSD of the remnant input for different mean wind speed. . . . . . . . . . . 65

3.27 Comparison between the results from Dryden turbulence and from RCETI
model forU0 = 16:5 ft/s and� w = 4:5 ft/s. . . . . . . . . . . . . . . . . . . 68

4.1 PSD of the hub load coef�cients due to turbulence for different blade chord
lengths. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

4.2 PSD of the remnant input for different blade chord lengths. . . . . . . . . . 75

4.3 PSD of the hub load coef�cients due to turbulence for different number of
blades. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

4.4 PSD of the remnant input for different number of blades. . . . . . . . . . . 78

4.5 PSD of the hub load coef�cients due to turbulence for different rotor radius. 79

4.6 PSD of the remnant input for different rotor radius. . . . . . . . . . . . . . 80

4.7 PSD of the hub load coef�cients due to turbulence for different hinge offset. 82

4.8 PSD of the remnant input for different hinge offsets. . . . . . . . . . . . . . 83

4.9 Transfer function �ts of PSD values . . . . . . . . . . . . . . . . . . . . . 85

4.10 Training and testing cases: 2D slices of different rotor parameter combina-
tions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

4.11 PSD of collective input for different cases. . . . . . . . . . . . . . . . . . . 90

4.12 Neural Network Architecture used for RCETI Model Development. . . . . 91

4.13 Testing Case 1: Comparison of Predicted vs. Actual PSD for� 0. . . . . . . 92

xiv



4.14 Testing Case 2: Comparison of Predicted vs. Actual PSD for� 0. . . . . . . 93

4.15 Testing Case 3: Comparison of Predicted vs. Actual PSD for� 0. . . . . . . 93

5.1 Quadrotor model: Top-down view of the quadrotor model showing the di-
rection of rotation of each rotor. . . . . . . . . . . . . . . . . . . . . . . . . 97

5.2 Schematic of the control system in FLIGHTLAB® . . . . . . . . . . . . . . 98

5.3 Frequency-domain veri�cation of LTI approximations: frequency response
of vertical velocity to collective inputVZ =�C . . . . . . . . . . . . . . . . . 100

5.4 Time-domain veri�cation of LTI approximations: longitudinal input re-
sponse to step input. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

5.5 PSD of the input: comparison of CETI vs. RCETI. . . . . . . . . . . . . . 103

5.6 PSD of the input when considering collective angle as input: Control Equiv-
alent Turbulence Input (CETI) vs. RCETI. . . . . . . . . . . . . . . . . . . 104

5.7 PSD of the output: change in weight. . . . . . . . . . . . . . . . . . . . . . 105

5.8 PSD of the input: change in weight. . . . . . . . . . . . . . . . . . . . . . 106

5.9 PSD of the output: change in the number of blades. . . . . . . . . . . . . . 107

5.10 PSD of the input: change in the number of blades. . . . . . . . . . . . . . . 107

5.11 PSD of the output: change in chord length. . . . . . . . . . . . . . . . . . . 108

5.12 PSD of the input: change in chord length. . . . . . . . . . . . . . . . . . . 108

5.13 Time domain simulation of turbulence using Dryden model. . . . . . . . . . 109

5.14 Time domain simulation of turbulence using RCETI model. . . . . . . . . . 110

5.15 RCETI model veri�cation in time domain: vehicle vertical velocity response.110

5.16 RCETI model veri�cation in frequency domain: PSD of vehicle vertical
velocity response. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

5.17 Delayed turbulence �uctuations on the rear rotors. . . . . . . . . . . . . . . 112

xv



5.18 Time-domain sample response of vehicle replicating the delayed input in
both turbulence and RCETI model. . . . . . . . . . . . . . . . . . . . . . . 113

5.19 Frequency-domain veri�cation of use of RCETI model: PSD of vehicle re-
sponse. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

xvi



LIST OF ACRONYMS

AAM Advanced Air Mobility

ACPs Aerodynamic Computational Points

CETI Control Equivalent Turbulence Input

CFD Computational Fluid Dynamics

DOBEST Distribution of Blade Element Stochastic Turbulence

LES Large Eddy Simulation

LHS Latin Hypercube Sampling

LTI Linear Time-Invariant

LTP Linear Time-Periodic

MIMO Multi-Input Multi-Output

PSD Power Spectral Density

RCETI Rotor Control Equivalent Turbulence Input

SISO Single-Input Single-Output

SORBET Simulation of Rotor Blade Element Turbulence

UAM Urban Air Mobility

xvii



NOMENCLATURE

CM x Rotor hub roll moment coef�cient

CM y Rotor hub pitch moment coef�cient

CT Thrust coef�cient

CW Weight coef�cient

J Fit cost function

Lw Vertical turbulence length scale, ft

Nb Number of rotor blades

R Rotor radius, ft

Sxy Cross-Power Spectral Density PSD between signalsx andy, dB = 10log10(Sxy )

Sx Auto-Power Spectral Density PSD of signalx, dB = 10log10(Sx )

U0 Mean wind speed, ft/s

W
 Coherence weighting function

Wg Gain weighting function

Wp Phase weighting function

�
 Spatial spectrum resolution


 Spatial frequency, rad/ft (in Chapter 2); also used to indicate Rotor rotational speed,
percent (in Chapter 5)

� k Uniformly distributed random phase

6 Phase, deg

� A Pilot lateral cyclic input, percent

� B Pilot longitudinal cyclic input, percent

xviii



� c Pilot collective input, percent

T̂c Frequency response from CIFER

! Frequency, rad/s

� w Vertical turbulence intensity, ft/s

� 0 Swash-plate collective angle, deg

� 1c Swash-plate lateral angle, deg

� 1s Swash-plate longitudinal angle, deg

c Blade chord length, ft

n! Number of frequency points

pg Turbulence lateral gradient,@wg
@y

qg Turbulence longitudinal gradient,@wg
@x

s Laplace variable

wg Turbulence vertical velocity, ft/s

T Frequency response from LTI models

G Transfer function gain,dB = 20log10(jGj)

U Input

Y Output

n White noise source

()0 Transpose of matrix

() � Conjugate of matrix

xix



SUMMARY

Turbulence modeling and simulation is crucial for evaluating the ability of rotary wing

vehicles to perform tasks in adverse weather conditions. For this, models that replicate

the effect of turbulence on vehicles, and that are relevant to �ight testing and simulations

are required. This study focuses on exploring the methodology to develop Rotor Control

Equivalent Turbulence Input (RCETI) models. These models aim to generate control inputs

that produce rotor responses, and thus, vehicle responses, that are stochastically similar to

the response in atmospheric turbulence. Unlike existing vehicle-speci�c Control Equivalent

Turbulence Input (CETI) models, the rotor-speci�c models developed in this study offer a

more generalized approach. Since these models are rotor-speci�c, parametric models can

be developed as function of rotor parameters only. This approach effectively reduces the

parameter space for the generalization of these models to be scaled and applied to various

rotorcraft con�gurations. Utilizing these models allows for simulation of the behavior of

different rotorcraft con�gurations in various �ight scenarios, without the need for actual

�ight testing in turbulent conditions.

Currently, Control Equivalent Turbulence Input (CETI) models have been developed

for speci�c vehicles, and they are not transferable to other types of rotorcraft. Creating

parametric models that can be scaled and applied to multiple types of rotorcraft can re-

duce the time and cost of developing models for new rotorcraft vehicles, as they can be

adapted and scaled to various con�gurations. By utilizing hub-loads as outputs and swash-

plate de�ections as inputs, rotor-speci�c CETI models can be developed. This recognizes

that the stochastic characterization of vehicle response to turbulence is primarily driven by

stochastic characterization of rotor hub loads. The use of hub loads as outputs captures

the aerodynamic forces and moments induced by turbulence, while the swashplate angles

serve as control inputs in�uencing the blade pitch angles. This focused approach reduces

the parameter space and enables ef�cient scalability of the models to different rotorcraft

xx



types. Additionally, these models can be extended to multi-rotor vehicles by applying them

to each rotor individually.

To demonstrate the feasibility and effectiveness of the RCETI approach, FLIGHTLAB

is utilized to develop a comprehensive nonlinear helicopter model representative of a UH-

60 Blackhawk helicopter. The model incorporates a 33-state in�ow model and accounts

for the elasticity of the rotor blades. This nonlinear model accurately captures the dynamic

loads experienced by the rotor system. By performing a linearization around a periodic

equilibrium, �rst-order linear time periodic (LTP) approximations, which account for the

coupled dynamics of the body, rotor, and in�ow, are derived from the nonlinear model. To

facilitate the analysis of developing RCETI models, the LTP approximations are further

transformed into linear time-invariant (LTI) approximations using the harmonic decompo-

sition methodology. The �delity of the resulting LTI approximation is evaluated by com-

paring its predictions with data from nonlinear simulations, both in the frequency and time

domains. This assessment ensures the accuracy and reliability of the LTI approximations

for subsequent analysis. A comparison of vehicle response spectra to hub load spectra due

to turbulence revealed that the rotor is the primary load-producing element in turbulence,

supporting the use of hub loads as outputs in the RCETI models. Using the developed LTI

approximations, RCETI models are created by employing swashplate angles as inputs. It

is found that RCETI models can effectivity replicate the vehicle response to turbulence.

After establishing that rotor is the main element to produce loads due to turbulence, the

analysis shifts to isolated rotor models. Time-domain simulations were conducted to cap-

ture the effects of turbulence using two-dimensional turbulence model to �nd blade-element

sample �uctuations. The effect of turbulence rotational sampling was assessed using the

isolated rotor model. It is seen that hub-�xed sampling is inadequate for low speed scenar-

ios, and that blade-element sampling is needed to capture the effect of turbulence. Next,

different isolated rotor models, representing various con�gurations selected through design

of experiment method, were created in FLIGHTLAB, and subsequently used to develop

xxi



parametric RCETI models. A neural network framework is used to develop parametric

RCETI model, which relates rotor parameters to the coef�cients of RCETI model transfer

functions. These models incorporate rotor parameters such as rotor solidity, Lock number,

etc. This approach allows for scalable modeling across a broad range of rotor con�gura-

tions. The scalability of these neural network-based models is evaluated for various rotor

parameters and con�gurations, including those that were not initially considered during the

model development phase.

The research further extends RCETI methodology to encompass multi-rotor vehicles,

considering both variable-RPM and variable-pitch rotor con�gurations. The applicability

of RCETI models in multi-rotor systems was demonstrated under uniform and differential

turbulence scenarios, where time delays are utilized to simulate spatially varying turbulence

effects. The �ndings demonstrate that RCETI models can effectively replicate stochastic

vehicle response to turbulence, emphasizing their adaptability to multi-rotor con�gurations.

In summary, the development of generalized RCETI models offers signi�cant bene�ts

in terms of ef�ciency and cost-effectiveness for the design, development, and testing of

vertical lift platforms. By utilizing these models, the need for extensive �ight tests in

turbulent conditions to gather data and develop speci�c CETI models can be eliminated,

thereby minimizing the inherent risks associated with conducting such tests.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

Rotorcraft, characterized by their rotating blades or rotors, are highly versatile machines

capable of vertical takeoff and landing. This unique capability makes them ideal for a

variety of applications such as search and rescue, transportation, �re�ghting, and military

operations. However, rotorcraft are particularly sensitive to changes in air�ow due to their

vertical lift capability, making turbulence modeling and simulation crucial for evaluating

their ability to perform tasks in adverse weather conditions.

During nap-of-the-earth �ight, rotorcraft encounter intricate �ow conditions character-

ized by nonlinear spatial variations of air wakes, particularly in the vicinity of buildings,

ships, and other obstacles. These conditions pose signi�cant challenges for control and

safety, necessitating robust gust rejection capabilities to be developed in the design of these

vehicles and their control systems. Ensuring stability and control in turbulent environments

is critical, especially since these vehicles are often used in demanding missions and opera-

tional scenarios.

The absence of a validated hover turbulence model speci�cally tailored to rotorcraft

poses a signi�cant hurdle. This is because achieving stable hovering in adverse weather

conditions represents a critical requirement, albeit one that presents considerable modeling

dif�culties. A reliable turbulence model enables engineers to design effective control sys-

tems and conduct piloted simulation studies—both in-�ight and within simulators—with

con�dence in the accuracy of the results. Without such models, predicting the behavior of

rotorcraft in these environments becomes dif�cult, which can compromise both safety and

mission success.
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In addition to traditional rotorcraft, the �eld of aviation is experiencing advancements

in the development of Urban Air Mobility (UAM) and Advanced Air Mobility (AAM)

vehicles. These emerging aircraft, including electric vertical takeoff and landing (eVTOL)

vehicles and air taxis, are designed to revolutionize urban transportation and enable ef�cient

and sustainable aerial mobility. Similar to rotorcraft, UAM and AAM vehicles require

precise control and stability, particularly in turbulent urban environments. Simulation of

turbulence effects is vital for assessing the performance and handling qualities of these

innovative aircraft during vertical takeoff, landing, and maneuvering scenarios.

Therefore, there is a strong motivation to develop models for the simulation of turbu-

lence effect on vertical lift vehicles. These models are essential for use in conjunction

with conventional linear control system design tools, in simulation studies involving pi-

lots, and in �ight testing. The Control Equivalent Turbulence Input (CETI) methodology

is a promising approach to this challenge, effectively modeling and simulating the effects

of atmospheric turbulence on rotorcraft, particularly in cases where analytical turbulence

models currently do not exist. CETI models identify the control actions required to pro-

duce the same stochastic response of the vehicle that actual turbulence would. This is

achieved by analyzing �ight data to extract the `control disturbances' that, when applied

to the vehicle, mimic the effects of turbulence on the vehicle response. CETI models have

wide-ranging applications, from control system design to handling qualities investigations,

vehicle �ight testing, and pilot training. The ability to accurately simulate rotorcraft turbu-

lence, without the need to �y in actual turbulence, is crucial for ensuring safe and ef�cient

in-�ight turbulence modeling.

CETI models can be used in various applications, such as:

• Testing the performance of rotorcraft in simulated turbulent conditions.

• Developing control systems that can compensate for turbulence.

• Training pilots to handle turbulent conditions through simulations.
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While the CETI methodology has proven to be effective in modeling turbulence for

speci�c rotorcraft designs, each rotorcraft may require its own unique model due to differ-

ences in design parameters such as blade geometry, rotor diameter, and number of blades.

This makes CETI models nontransferable to other rotorcraft. For example, a CETI model

developed for a helicopter with a fully articulated rotor head will not be transferable to a

helicopter with a semi-rigid rotor head. The two rotor heads have different dynamic charac-

teristics, and the helicopter with the fully articulated rotor head will respond to turbulence

differently. Thus, there is a lack of parametric CETI models that can be scaled and ap-

plied to different rotorcraft con�gurations. Developing parametric CETI models that can

be scaled to different rotorcraft designs would allow for more ef�cient simulation studies

and control system design. These parametric models would also enable evaluating the per-

formance of new rotorcraft designs in turbulent conditions without the need for extensive

in-�ight testing in challenging environments. Hence, the primary objective of this thesis

is to establish and explore a methodology for developing parametric models, aiming to

enhance the scalability of these models in rotorcraft turbulence simulation.

1.2 Background

1.2.1 DiscreteandContinuousAtmosphericTurbulence

In the context of simulating the effect of atmospheric turbulence on �ying vehicles, two pri-

mary classes of analysis are commonly used: high-frequency random atmospheric distur-

bances (also known as continuous turbulence), typically evaluated using spectral analysis,

and low-frequency deterministic gusts (also known as discrete gusts), typically evaluated

using indicial methods [1]. Figure 1.1, taken from Ref. [2], illustrates the characteristic

structure of atmospheric turbulence in the Earth's boundary layer, speci�cally showcasing

the spectrum of horizontal wind velocities measured by an Earth-�xed anemometer [3].

The spectrum curve reveals a clear distinction between the low-frequency energies asso-

ciated with large-scale atmospheric phenomena and the high-frequency energies related to
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turbulent motion. This gap justi�es separating the atmospheric wind vector into the two

components.

Figure 1.1: Spectrum of Wind Speeds [2].

Deterministic gusts represent low-frequency, discrete disturbances that are modeled as

inputs injected into the vehicle equations of motion. Jones et al. [4] outline the param-

eter space of large-amplitude discrete gusts and describe scenarios where these gusts are

likely to be found. Common pro�les for deterministic gusts include top-hat and one-minus-

cosine functions, which are widely used in aerospace simulations and analyses [4–9]. On

the other hand, high-frequency random disturbances are typically modeled using statistical

representations, such as power spectral density functions or stochastic processes, including

the well-established Dryden and von Karman turbulence models [10, 11]. These stochastic

models characterize turbulence as a random �eld with speci�c spectral properties, enabling

the simulation of continuous, random �uctuations in the air�ow that affect the vehicle dy-

namics. Thus, deterministic (or discrete) models simulate speci�c, well-de�ned turbulence

events, such as discrete gusts, while stochastic (or continuous) models account for the

random, continuous nature of atmospheric turbulence. Both approaches are critical for ac-

curately modeling and simulating the aerodynamic response of rotorcraft and other aircraft

in turbulent environments [12].
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In this thesis, the focus is primarily on stochastic models, which are relevant to the

CETI methodology. While real-world turbulent environments can indeed include both

continuous turbulence and deterministic gusts, CETI models are particularly well-suited

for capturing the random, continuous aspects of turbulence. Although Control Equivalent

Gust Input (CEGI) models could be developed to simulate deterministic gusts, this work

focuses on replicating the stochastic nature of turbulence, which is crucial for modeling the

unpredictable atmospheric conditions that rotorcraft often encounter.

1.2.2 Simulationof AtmosphericTurbulence

Traditionally, turbulence modeling has been based on the assumption that the aircraft ve-

locity is much higher than the turbulence velocity. This assumes an instantaneous change in

the relative wind over the aircraft, so that the entire aircraft experiences a spatially constant

gust velocity. This allows for the creation of a spatially frozen-�eld pattern of body axis

gust velocities using turbulence models such as von Karman or Dryden [13]. The Power

Spectral Density (PSD)s of the various turbulence components in these models are derived

from the observed autocorrelation functions of the measured wind components in a wind

tunnel [10]. These PSDs are used to generate turbulence velocity components which are

then incorporated into the aircraft equations of motion at the center of gravity of the air-

craft. This approach, however, is not suitable for rotorcraft applications, especially during

low-speed or hover tasks [7, 14]. The rotation of the rotor has an impact on how turbulence

is perceived by the blade due to rotational sampling effects. Failure to account for this

effect can lead to an inaccurate response to turbulence, thus necessitating more accurate

representations of turbulence [15–17].

More accurate approaches consider the spatial variation of the gust over the aircraft,

accounting for the variations as the gust convects past the vehicle [18]. Improved ap-

proaches using complex rotating frames have been developed for these situations [19, 20].

One such model is the Simulation of Rotor Blade Element Turbulence (SORBET) model,
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which involves injecting turbulence components at each blade-element rather than at the

vehicle center of mass. The model maintains the statistical characteristics of turbulence

over the rotor disc through applying a temporal and geometrical distribution of the tur-

bulence �uctuations. At each blade-element location, turbulence velocity components are

added to the local velocity, with distribution based on the current geometry of the element.

The model has been integrated into the GENHEL UH60A mathematical model [21]. The

SORBET model was compared to the conventional body-�xed turbulence model that su-

perimposes turbulence at the vehicle center of mass through piloted simulations on the

NASA Ames Research Center's Vertical Motion Simulator (VMS). For low-speed �ight,

the conventional model was criticized for its high-frequency content, while the SORBET

model received favorable pilot feedback due to its more realistic simulation of turbulence

effects.

McFarland [20] introduced a stochastic turbulence model for rotorcraft simulation called

Distribution of Blade Element Stochastic Turbulence (DOBEST). DOBEST is designed to

accommodate both low-speed or hovering operations and high-speed �ights, addressing

the inherent challenges of turbulence simulation at low aerodynamic velocities. The model

preserves Gaussian statistical properties via stationary atmospheric �lters and utilizes cycli-

cally distributed noise sources across rotating blade elements to generate realistic rotor dis-

turbances. For rotorcraft, the aerodynamic velocities at the rotor blade elements vary sig-

ni�cantly due to rotational and translational dynamics, resulting in non-stationary behavior.

Instead of recalculating turbulence properties for every blade azimuth, DOBEST distributes

turbulence inputs using an innovative algorithm that maintains proper correlation between

blade elements and aerodynamic centers. The model uses average aerodynamic velocities

at each radial station, allowing it to simulate realistic turbulence effects without the com-

plexity and instability associated with cyclostationary �lters. Turbulence distribution to

aerodynamic points induces realistic rotational moments, removing the need for rotational

�lters typical in non-distributed models. The algorithm therefore overcame the problem of
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cyclostationary turbulence �lters.

Another methodology has been proposed for generating turbulence sample �uctua-

tions [22], which expands the cyclostationary process by using multi-dimensional cosine

functions with rotational sampling. This addresses the challenges associated with the non-

stationary nature of atmospheric turbulence seen by rotorcraft blades. By considering the

cross-correlation between rotor blade elements, the simulation method ensures appropriate

second-order statistics in terms of mean and covariance. This method offers a simpler im-

plementation compared to earlier approaches such as SORBET and DOBEST. Moreover,

it effectively accommodates turbulence with one-, two-, or three-dimensional spectra. The

effectiveness of the method is demonstrated through investigations on the impact of atmo-

spheric turbulence on blade �apping response, providing meaningful insights into response

statistics. Additionally, the method is applied to predict the response of the UH-60A Black

Hawk helicopter model to atmospheric turbulence, which showcases its practical applica-

bility in rotorcraft simulations. The helicopter simulation model incorporated six rigid body

degrees of freedom and rigid blade dynamics. The results demonstrate that incorporating

rotational effects reduces the magnitude of the helicopter body response at low frequen-

cies, while increasing the response at higher frequencies. This approach offers a simpler

alternative to complex �lter designs and can be easily integrated into rotorcraft simulation

programs based on blade-element analysis [23].

More recently, models that build the turbulence �ow �eld over the helicopter aero-

dynamic surfaces have been developed [24–26]. These models incorporate two or three-

dimensional vector �elds of random turbulent velocity �uctuations, speci�cally designed to

capture the unique characteristics associated with the movement of rotating and advancing

blades through turbulent patterns. The turbulence components are generated from either

Dryden �lters or von Karman spectra, and are stationary at their respective generation lo-

cations in a rectangular plane in front of the vehicle. As the vehicle moves forward at a

speci�c airspeed, these turbulence components propagate in a backward direction to each
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transverse plane parallel to the front surface, introducing a transport delay. The lateral and

vertical distributions of the turbulence components are then established through interpola-

tions, effectively creating a three-dimensional space turbulence �eld that encompasses the

entire �ight envelope of the vehicle. The results show improvements over the SORBET

model, when compared to �ight test data. Ji et al. [26] introduced a moving spatial turbu-

lence model that incorporates distributed longitudinal turbulence components, which are

correlated with lateral and vertical axes, to create a local turbulence �eld that adapts to the

the vehicle motion. This model adapts effectively to various �ight conditions during rotor-

craft maneuvering, making it particularly valuable for simulating realistic �ight scenarios.

The model's integration into a synthetic simulation environment, alongside the �ight dy-

namics and pilot models, has been validated, con�rming its capability to accurately capture

the frequency characteristics of pilot controls and rotorcraft responses to turbulence.

The Dryden turbulence model is commonly used to represent atmospheric turbulence in

simulation studies, but its accuracy in representing turbulence at low altitude/speed scenar-

ios or close to buildings is limited. This is because the model assumes that the turbulence

is homogeneous and isotropic, which is not the case in the presence of buildings and other

structures. In reality, buildings create complex �ow patterns that can lead to signi�cant

changes in turbulence characteristics, such as increased turbulence intensity and anisotropy

[3, 27]. Figure 1.2, adapted from Walshe et al. [27], illustrates how turbulence intensity

varies with height and terrain. It is shown that city environments exhibit the highest levels

of turbulence, reaching up to 50%. Therefore, the use of the Dryden turbulence model

to simulate atmospheric turbulence in urban environments may not provide an accurate

representation of the actual turbulence experienced by vehicles operating in these condi-

tions. The von Karman model satis�es the Kolmogorov law [28] and therefore provides

better representation of the turbulence than the Dryden model. However, it is still unable

to replicate the effect of turbulence close to buildings. As a result, there has been a need

for more accurate and realistic models that can better capture the complex �ow patterns
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and turbulence characteristics in urban environments, as further discussed in the sections

below.

Figure 1.2: Turbulence intensity for different terrain [27].

The integration of research on wind turbines into turbulence simulations for rotorcraft

applications has garnered signi�cant attention. This is primarily due to the fundamental

similarities between the analysis of horizontal-axis wind turbines and helicopter rotors [12].

Insights from wind turbine models, such as those developed by Rosenbrock [29] and oth-

ers, play a pivotal role in advancing turbulence simulation for rotorcraft. The Rosenbrock

model employed isotropic turbulence theory and a blade-�xed sampling approach, demon-

strating how turbulence statistics at the blade tip differ signi�cantly from those at the rotor

hub. This model revealed that the power spectrum of turbulence shifts to higher frequen-

cies at the blade tip, a phenomenon also observed in rotorcraft, highlighting the relevance

of wind turbine research. Observations from a Paci�c Northwest Laboratory study [30]

corroborate these �ndings, showing how turbulence impacts power spectral energy and

frequency distributions for rotating blades.

Developments in wind turbine turbulence modeling further underscore their utility for

rotorcraft applications. The von Karman-based re�ned sampling models by Kristensen

and Frandsen [31], as well as stochastic state-space models developed by Thresher et al.

[32–35], provide advanced techniques for simulating turbulence in time and frequency do-
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mains. These models offer insights into blade dynamics, including responses to turbulence-

induced �apping and bending moments. Other models have been used such as the Sandia

Method by Veers [36, 37], which generates turbulence time-series data with realistic spec-

tral characteristics. Despite offering valuable insights, traditional wind turbine turbulence

models are often not straightforward to be implemented in simulation [12]. The Mann

model [38, 39] extends the von Karman spectrum to account for anisotropy in the turbu-

lence structure. The model generates synthetic turbulence �elds that can be used to simu-

late atmospheric conditions affecting wind turbines [40]. The model has been effectively

applied in the context of wind turbine simulations for fatigue analysis [41], aerodynamic

performance evaluation [42, 43], and blade load assessments [44, 45].

With advancements in computational capacity, Computational Fluid Dynamics (CFD)

methods have emerged as a viable tool for simulating turbulence, offering an alternative

approach to traditional methods [46–50]. It has become feasible to generate accurate tur-

bulence �ow �elds over complex geometries, including urban structures and mountainous

terrains. Anderson [46] made use of a commercial CFD package to replicate atmospheric

turbulence over a cliff structure. This helped determine the impact and effectiveness of

active vibration control algorithms. The turbulence data generated by the CFD solver were

integrated into a �ight mechanics model using a gust �eld velocity look-up table. Lee et

al. [51] utilized similar CFD methods to simulate the atmospheric turbulence environment

near a ship for pilot workload analysis. Their study incorporated stochastic gust modeling

and spectral analysis of airwake disturbances, extracting an equivalent six-dimensional gust

vector. The stochastic gust model can be used into the design of optimized �ight control

systems for turbulence rejection.

Advanced CFD techniques, such as Large Eddy Simulation (LES) and synthetic eddy

methods, further enhance the accuracy of turbulence modeling. Huecas et al. [49] proposed

a CFD tool using synthetic eddy method, which generates eddies randomly within a con-

trol volume around a rotorcraft, creating a time-varying turbulence �eld. Another study
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by Liu et al. [50] developed a CFD approach using an LES model. This model produced

simulations of detailed wind �elds over mountainous terrain. Deskos et al [52] exempli-

�ed the ability of LES and improved stochastic models to predict the larger energetic �ow

structures that arise within the atmospheric boundary layer. CFD tools have been a useful

addition to the turbulence simulations [53–55]. However, as CFD methods require substan-

tial computational resources to resolve detailed �ow �elds, methods like Proper Orthogonal

Decomposition (POD) and lookup tables are often used to compress and integrate precom-

puted data into simulations [56, 57]. Additionally, the spatial extent of CFD-generated

turbulence �elds remains constrained, limiting their applicability for helicopter �ight sim-

ulations.

It is important to note that the turbulence modeling methods discussed earlier are pri-

marily intended for implementation within simulation environments and cannot be utilized

for in-�ight testing. This is because they are used as input to the aircraft equations of mo-

tion. Therefore, while these modeling approaches are valuable tools for vehicle control

design and development, they cannot completely replace in-�ight testing to verify vehi-

cle performance under turbulent conditions [14]. In-�ight testing provides a more realistic

representation of turbulence and its effects on the vehicle, which cannot be fully captured

through simulation alone. In essence, these models neither provide an accurate representa-

tion of turbulence experienced by rotorcraft, nor can they be used for in-�ight testing.

Given the limitations of the previously discussed models in representing turbulence,

and their inability to be used for in-�ight testing, the next section introduces an approach

designed for in-�ight testing. This approach is particularly useful in scenarios where ana-

lytical turbulence models are currently unavailable, offering a practical alternative for such

environments.

11



1.2.3 EmpiricalTurbulenceSimulationModels

Empirically, the notion of using control inputs that result in vehicle response that is stochas-

tically similar to its response to atmospheric turbulence has been identi�ed to reducein situ

�ight testing, thus reducing risk during vehicle and its control system design and develop-

ment. This different approach was �rst proposed by the National Research Council (NCR),

Canada [58]. The angular rates and vertical accelerations from data of the Bell 205 hovering

in turbulence were processed via a �rst-order inverse model of the aircraft to obtain input

traces. These traces were then used as inputs to the aircraft actuators in calm air, yielding a

response similar to the one measured from �ight in turbulence. This work demonstrated the

potential of replicating the vehicle response to atmospheric turbulence by using the vehicle

input without requiring �ight in turbulence, which can pose safety risks.

This notion was later extensively studied by the US Army Aero�ightdynamics Direc-

torate (AFDD) at NASA Ames. As part of their research, Labows [59] used �ight data from

two hover tasks conducted in moderate wind conditions to create turbulence models for the

lateral and longitudinal axes. The �ight data was analyzed by inputting the measured con-

trol inputs into a mathematical model of the aircraft, which generated aircraft rates. The

rates were then subtracted from the measured rates to isolate the portion that was caused

by turbulence acting on the helicopter. These isolated rates were then used to create control

disturbances that could reproduce the the rates. Transfer function models were developed

based on these control disturbances, which were similar to the Dryden spectral models. The

output of these transfer functions generated control disturbance time histories with spectral

characteristics that were consistent with the control-gust remnants obtained from the �ight

test data.

This work resulted in the development of the Control Equivalent Turbulence Input

(CETI) models. In the CETI approach, the control inputs required to drive the aircraft re-

sponses to become stochastically similar to responses in actual turbulence are determined.

Lusardi extended the work of Labows to develop the CETI model for the UH-60 helicopter

12



using vehicle responses from �ight tests in turbulence [60–62]. The model was further

improved by conducting additional �ight tests to include more turbulent conditions and ex-

panding it to include the collective and directional axes. The remnant control inputs were

extracted from the �ight test data using an improved method that arrived at a stable in-

verse of the model while retaining its �delity. The off-axis effects were also incorporated

to improve the accuracy of the disturbance extraction process. White-noise driven �lters

were then developed to generate equivalent collective, longitudinal, directional, and lateral

control disturbances that can be injected into the aircraft control system to replicate the

response to atmospheric turbulence. A block diagram showing how these CETI models

can be used is presented in Figure 1.3. These �lters were implemented and tested on the

Rotorcraft Aircrew Systems Concepts Airborne Laboratory (RASCAL) in-�ight simulator,

where similar Handling Quality Ratings (HQRs) were found from �ight and simulation.

Figure 1.3: CETI �lter Block Diagram.

The method was later applied to the EC-135 helicopter at the German Aerospace Cen-

ter (DLR) [63, 64], showing that this approach can be applied to different aircraft. In their

work, low-order turbulence models were developed using a mathematical model of aircraft

dynamics and rates measured during �ight tests in turbulence. Their �ndings indicate that

the CETI technique is a suitable method for modeling and simulating the impact of atmo-

spheric turbulence on a hovering rotorcraft. These models, however, are developed for the

speci�c vehicles from which the data were collected.

CETI models have also been developed for �xed-wing vehicles in various studies [65–

67]. Abdulrahim et al. [65], for example, utilized turbulence-induced forces and moments
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to determine control inputs needed to produce equivalent loads on the aircraft structure.

This is achieved through a pseudo-inverse control allocation approach, where the desired

acceleration vector is derived from the forces and moments of the measured aircraft re-

sponse. The pseudo-inverse method, similar to least-squares linear regression, incorporates

a weighting matrix to account for actuation limits. By solving for the unknown control

de�ection vector, the pseudo-inverse approach determines the control actions required to

generate the desired accelerations. Determining the control equivalent to turbulence pro-

vides information about the amount of control effort needed to counteract the effects of the

disturbances.

Grauer [67] also applies CETI models to simulate in-�ight turbulence for �xed-wing

aircraft. In contrast to the conventional approach of utilizing shaping �lters (i.e., transfer

function �lters), Grauer introduces an alternative methodology for simulating in-�ight tur-

bulence experienced by �xed-wing aircraft. This approach involves the generation of multi-

sine excitations similar to the method adopted for rotorcraft turbulence simulation [22]. By

employing multisine excitations, it becomes possible to replicate response patterns with ar-

bitrary power spectra, taking into account the limitations imposed by hardware constraints.

The proposed methodology has proven its effectiveness through a comprehensive �ight dy-

namics simulation involving a generic jet transport aircraft. This simulation demonstrated

the capability of the method to accurately reproduce the effects of turbulence on the air-

craft's behavior and response. By incorporating the generated multisine excitations, the

simulation was able to capture the intricate and varied nature of turbulence, allowing for a

more realistic representation of the �ight environment.

Recently, CETI approach has been extended to simulate turbulence effects on differ-

ent types of multi-rotor vehicles [68–70]. For these CETI models, the mixer inputs have

been utilized as control inputs. Juhasz et al. [68] conducted research on quadrotors, hexa-

copters, octocopters, validating the ability of CETI models to accurately predict turbulence

response. They also investigated the impact of signal length, feedback noise, and model
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uncertainty on the extraction process and provided guidelines for ensuring accurate CETI

model extraction. In another study, a CETI model was speci�cally developed for a tail-

sitter Unmanned Aerial System (UAS) using �ight data collected under various turbulence

conditions [69]. Other studies have successfully identi�ed CETI models for quadcopters,

hexacopters, and octocopters and used them to simulate turbulence during �ight, evaluat-

ing the gust rejection performance of these UAS [71, 72]. Although these studies have

demonstrated the ef�cacy of employing the CETI methodology to replicate the response

of multi-rotor vehicles to turbulence, it has been necessary to construct separate models

for each distinct vehicle, often necessitating �ight testing of the vehicles under turbulent

conditions.

The applications of CETI models are diverse, ranging from control system design to

handling qualities investigations, vehicle �ight testing, and pilot training [73–80]. For in-

stance, a CETI model was utilized to simulate moderate airwake turbulence, and piloted

simulation tests con�rmed accurate turbulence representation [76]. Another study devel-

oped CETI models for a modi�ed version of the EC-135 and used them to evaluate the

impact of turbulence on pilot workload and handling qualities [77]. Additionally, accord-

ing to Shahin [78], inputs from CETI �lters were added to the system to assess the ro-

bustness of the control system to turbulence. Cao and Qin [81] while discussing the use

of CETI models for ship airwake simulation argue that the original CETI model cannot

accurately capture aerodynamic interactions between vehicles. Memon et al. [82] devel-

oped an enhanced spatial CETI model integrated with CFD-computed ship airwake data,

which captured the spatial variation of turbulence. This vastly enhanced the �delity of the

interaction of the helicopter �ight model and unsteady ship airwake.

CETI models have been parameterized as functions of the atmospheric turbulence pa-

rameters such as mean wind speed and length scale. In his doctoral thesis, Lusardi [62]

developed a parametric CETI model that utilized white-noise-driven �lters, similar to the

Dryden model, parameterized by mean wind speed, turbulence intensity, and length scale.
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This model successfully replicated turbulence in calm weather at various wind conditions.

Seher-Weiss and Gruenhagen [64] studied the development of a hover and low-speed tur-

bulence model designed for the EC-135 helicopter. Their study involved �ight tests con-

ducted at various speeds, with the results categorized into three primary wind conditions:

low, medium, and severe. Correspondingly, three distinct CETI models were developed to

address these different conditions.

Despite the development, veri�cation, and successful application of CETI models in

various studies, it is important to reiterate that these models in the existing literature are

typically designed for speci�c rotorcraft platforms and rely on data extracted from those

particular vehicles. For example, a CETI model developed for a medium-sized helicopter

like the UH-60 may not be used to predict the turbulence response for a smaller rotorcraft

or a multi-rotor drone. An Achilles heel in the generalization of CETI models that are scal-

able across small UAS to large size rotorcraft is the large parameter space involved in the

development of generic models that are applicable across different vehicle types, number of

rotors, and their arrangement. As a result, these models lack the �exibility for application

to different rotorcraft platforms or varying con�gurations. Hence, it becomes evident that

there is a need to develop parametric models that can be scaled, adapted, and generalized to

accommodate the wide range of rotor con�gurations and operating conditions encountered

in practice.

1.2.4 Generalizationof ControlEquivalentModels

The lack of existence of CETI models that can be scaled for different vehicle con�gura-

tions provides motivation for developing models that can be scaled and applied for different

con�gurations. Hess [83] presented a simple technique for scaling the CETI models for tur-

bulence modeling. This simpli�ed method is based on approximating the effects of upwash

and sidewash turbulence as changes in main and tail rotor blade angle of attack, which are

then translated into equivalent changes in blade pitch angles. Figure 1.4, taken from the
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same reference, shows a frozen turbulent upwash �eld moving laterally past a rotorcraft.

Using this simpli�ed representation, the scaling technique employs a linear spatial varia-

tion in turbulence velocity across the diameter of the main rotor to approximate the upwash

�eld. No variation is assumed on the tail rotor. Examples covering the implementation of

the scaling of CETI model from the UH-60 rotorcraft to be applicable to other rotorcraft

are presented. The approach was later used in limited studies to scale the CETI models

of the UH-60 helicopter [84, 85]. However, it is noted that since this technique relies on

signi�cant simplifying assumptions, it should only be used as a �rst order scaling approach

for vehicles of similar con�gurations [83, 86]. Nevertheless, it is clear that this scaling

method recognizes that the rotor is the main element producing loads in turbulence, which

will be the central focus of this thesis.

Figure 1.4: Turbulent upwash �eld on rotorcraft [83].

A review of previous research reveals no other literature on the development of paramet-

ric or scalable models. Therefore, this research builds on earlier investigations that devel-

oped CETI models for speci�c helicopters. The approach involves developing Rotor Con-

trol Equivalent Turbulence Input (RCETI) models by using hub loads as outputs to create

an equivalent control input for the rotor. This recognizes that rotors are the primary com-

ponents responsible for generating aerodynamic loads during hover and low-speed �ight.

Of course, this assumes that vehicle responses play less role in altering rotor loads induced

by turbulence. This assumption is justi�ed since vehicle response is of low frequency and
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small due to large inertias involved. Past research by Lusardi [62] has demonstrated that

the off-axis response is comparable to the on-axis response, indicating that rotors are the

primary load-producing component in turbulence. The �ndings were further corroborated

by the DLR through their �ight tests of the EC-135, reaf�rming the primary role of rotors in

turbulence-induced loads [64]. By developing turbulence models speci�c to rotors, the pa-

rameter space for RCETI modeling can be reduced to rotor parameters alone, enabling the

scaling and application of the RCETI model to different vehicle con�gurations, including

multi-rotor vehicles.

The purpose of the present research is to develop and study a methodology for the

generalization of these empirical control equivalent turbulence models which replicate the

stochastic response of a vehicle operating in atmospheric turbulence. The proposed RCETI

model aims to generate rotor control inputs that can produce rotor hub loads with spectra

consistent with those generated due to turbulence. Additionally, the RCETI model is scal-

able, allowing for it to be applied to different rotorcraft con�gurations and parameters. The

resulting RCETI model:

• generates rotor control inputs that produce rotor hub loads that are stochastically

similar to rotor response to turbulence.

• is scalable for different rotor parameters and con�gurations.

• can be used to replicate the effect of turbulence on multi-rotor vehicle.

1.3 Contributions of this Research

The aimed contributions of this study are summarized as follows:

• The use of blade-element sampling of turbulence provides a more accurate repre-

sentation of the unsteady aerodynamics experienced by the rotor compared to the

hub-�xed sampling methods. Therefore, in this analysis, the blade-element sampling
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turbulence is implemented with FLIGHTLAB® to account for rotational sampling of

turbulence.

• Investigating the use of hub loads as outputs and swashplate de�ections as inputs

is a key contribution of this study, allowing for the development of rotor-speci�c

CETI models. These models can still replicate the stochastic response of vehicle to

turbulence. This study compares the use of vehicle-speci�c and rotor-speci�c CETI

models, where rotor-speci�c CETI models aim to reduce the parametric space needed

for the generalization across different con�gurations.

• Conducting parametric studies leads to the development of parametric models that

can be scaled for different rotor parameters and con�gurations. By using hub loads

as outputs, the model directly simulate the effects of turbulence on the rotor. In ad-

dition, swashplate de�ections are used as inputs when developing the model, as they

provide a direct means of controlling the rotor. Together, these inputs and outputs

provide a framework for developing parametric models that can be used for a variety

of rotorcraft con�gurations.

• Assessing the scalability of RCETI models, demonstrating the robustness of the ap-

proach across different rotorcraft con�gurations.

• Exploring the applicability of RCETI models to multi-rotor vehicles, which are be-

coming increasingly important in various applications. This contribution opens the

possibility for the use of these models in the design and testing of multi-rotor vehicles

under turbulent conditions without the need to �y in actual turbulent environments.

1.4 Objective

The objective of this work is to study a methodology for developing parametric RCETI

models that focus on the rotor load response and creating scalable parametric models based
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on rotor parameters. This research leverages FLIGHTLAB® models to investigate the

methodology and evaluate its applicability to various rotorcraft con�gurations. The spe-

ci�c objectives are outlined as follows:

• Evaluate the in�uence of different turbulence models on rotor load response to im-

prove the �delity of turbulence modeling for rotorcraft simulations.

• Assess the impact of blade-element turbulence sampling on rotor load response, in-

corporating this method into FLIGHTLAB® to enhance turbulence modeling.

• Investigate the differences between RCETI and CETI models in replicating the stochas-

tic response of vehicles to turbulence.

• Identify the key rotor loads necessary for the effective development and generaliza-

tion of RCETI models.

• De�ne the parameter set required for developing scalable parametric RCETI models

that can adapt to various rotor parameters.

• Analyze how variations in rotor parameters in�uence RCETI models and establish

the feasibility of creating parametric models for scalability.

• Explore the applicability of RCETI models to multi-rotor vehicles, determining how

these models can be used for each rotor to replicate overall vehicle response in tur-

bulent conditions.

1.5 Organization of Dissertation

The remainder of this thesis is organized as follows: Chapter 2 delves into the implemen-

tation of various turbulence models and examines the effects of rotational sampling on

rotor load response. The chapter discusses how blade-element turbulence sampling is in-

tegrated into FLIGHTLAB® to account for rotational effects, highlighting its importance
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in improving the �delity of turbulence modeling for rotorcraft simulations. Chapter 3 de-

tails the methodology for developing RCETI models, including the selection of rotor loads

and parametrization techniques. This chapter discusses the difference between CETI and

RCETI modeling approaches. Chapter 4 presents the results of parametric studies and ex-

amines the scalability of RCETI models across different rotorcraft con�gurations. Chapter

5 explores the application of RCETI models to multi-rotor vehicles, demonstrating their ef-

fectiveness in replicating vehicle responses in turbulent conditions. Finally, Chapter 6 sum-

marizes the �ndings, discusses implications, and suggests directions for future research.
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CHAPTER 2

SIMULATION OF TURBULENCE

This chapter explores the simulation of turbulence in rotorcraft models, focusing on the

methods used and their implications. The analysis focuses on vertical turbulence �uctua-

tions, as they signi�cantly affect the angle of attack and, consequently, the rotor hub loads

[22, 87].

For the proof of concept the development of parametric Rotor Control Equivalent Tur-

bulence Input (RCETI) models, the one-dimensional and two-dimensional Dryden turbu-

lence models are employed to simulate atmospheric turbulence. Additionally, the Dryden

model is compared with the von Karman model, showing similar results in simulations. It

is important to note that while the Dryden model suf�ces for the current objectives, its lim-

itations underscore the need for more accurate turbulence representations in future work.

For instance, when aircraft operate near structures such as buildings or ships, the air�ow

becomes disturbed and turbulent, leading to unpredictable changes in air pressure, velocity,

and direction [27]. Incorporating �ight test data or CFD simulations could improve the

�delity of turbulence models, particularly for low-altitude operations and near obstacles.

Nevertheless, the Dryden model serves as a practical baseline for studying the methodol-

ogy of the development and scalability of RCETI models in this thesis.

2.1 Atmospheric Turbulence Models

Modeling of atmospheric turbulence is essential for simulating rotorcraft behavior, par-

ticularly when assessing rotor hub loads and developing control strategies. Various tur-

bulence models have been established to represent the stochastic nature of atmospheric

disturbances, each with speci�c assumptions and applicability. This section introduces

the turbulence models considered in this study, particularly the one-dimensional and two-
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dimensional Dryden models, as well as the two-dimensional von Karman model and their

implementation methods.

2.1.1 Overviewof TurbulenceModels

Atmospheric turbulence is inherently random and exhibits complex spatial and temporal

variations. Two widely used models to represent atmospheric turbulence spectra are the

von Karman model [11] and the Dryden model [10]. Both models are commonly used in

rotorcraft simulations for their established effectiveness in characterizing turbulence across

different scales and applications.

The von Karman model is a theoretical model derived based on Kolmogorov's hy-

pothesis and offers irrational PSD functions that represent the energy-containing scales of

turbulence observed in real data [11]. The Dryden model, on the other hand, is an em-

pirical model that assumes that turbulence is an isotropic Gaussian process and provides

rational PSD functions for turbulence components [10]. The Dryden model is favored for

its mathematical simplicity and ease of implementation in simulations. Therefore, the Dry-

den model is selected due to its mathematical suitability and compatibility with the transfer

function approach, as detailed in subsection 2.2.1. Although the von Karman model may

offer improved accuracy, simulations using both models produce comparable outcomes for

the objectives of this research as shown in subsection 2.3.3.

2.1.2 Two-DimensionalModels

Two-dimensional models incorporate the spatial variations along two axes (i.e., the longi-

tudinal (x) and lateral (y) directions). This accounts for the spatial correlation of turbulence

across the rotor disk. The two-dimensional PSD of the vertical turbulence component fol-

lowing the Dryden model is given by [88]:

Swg (
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 2) =
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wL2
w

2�
�
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w)5=2
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where
 1 and
 2 are spatial frequencies in the longitudinal and lateral directions, re-

spectively,� w is the turbulence intensity, andLw is the turbulence length scale.

For the von Karman model, the two-dimensional spectrum of vertical turbulence is

expressed as follows [22]:
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(2.2)

These PSDs describe the spatial variations of stochastic process. However, any temporal

variations depend on the vehicle motion through the gust velocity �eld and the rotation of

the blade.

2.1.3 One-DimensionalModel

The one-dimensional model describes change of vertical turbulence �uctuations along one

spatial dimension. It can be derived by integrating the two-dimensional spectrum over the

spatial frequency. For the Dryden model, integrating Eq. (2.1) results in,

Swg (
 1) =
1

2�

Z + 1

�1
Swg (
 1; 
 2) d(
 2) (2.3)

or,
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 2
1L2

w)2 (2.4)

This power spectral density describes the spatial variations of the stochastic process, while

temporal variations depend on the motion through the gust velocity �eld. The relationship

between the spatial frequency and the temporal frequency is de�ned as function of the

reference airspeed as! = 
 U0. The conversion of the PSD function in Eq. (2.4) from

spatial frequency to temporal frequency is expressed as:

Swg (! ) =
Swg (
)

U0

�
�
�
�
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(2.5)
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which results in the spectral function in terms of the observed temporal frequency as:
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� 2
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The spectral density can now be expressed as a white-noise-driven transfer function using

the following relation:

Swg (! ) =
�
�Gwg (! )

�
�2

Snn (! ) (2.7)

whereSnn (! ) for a white-noise input. The model then provides a transfer function that

relates white-noise inputs to turbulence velocity components, allowing for the generation of

turbulence time histories through shaping �lters. The resulting Dryden turbulence transfer

function is given by [19]:

wg
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L w
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(2.8)

wherenw is unity-power white-noise source.

In addition to the uniform vertical turbulence �uctuations, the effect of the longitudinal

and lateral spatial gradients of the vertical turbulence (@wg
@x and@wg

@y) can be introduced [89].

These gradients are equivalent in effect to aircraft angular velocities, and can be accounted

for by including them asqg andpg, respectively, as follows:

qg = � (
@wg
@x

) (2.9)

pg =
@wg
@y

(2.10)

The transfer functions for these gradients are given as [19]:

qg
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=

�
4bs

s + �U 0
4b

(2.11)
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whereb is related to the wing span of the aircraft; since these models are developed for

�xed-wing aircraft, andnp is a unity-power white-noise source (uncorrelated withnw).

As per MIL-F-8785C [89], the turbulence componentsug, vg, wg andpg are considered

mutually independent (uncorrelated) in a statistical sense, whileqg is correlated withwg

andrg is correlated withvg.

These transfer functions can be used either with frequency-domain analysis directly,

or by generating samples of the vertical turbulence component by �ltering white-noise

through the respective shaping �lters de�ned by Eqs. (2.8), (2.11) and (2.12).

Unlike the one-dimensional model, the two-dimensional models cannot be implemented

using the transfer function approach because they involve the two spatial frequency compo-

nents. Therefore, an approach that directly makes use of the spectrum should be employed

to generate turbulence �uctuations using methods such as thesum of sinusoidstechnique,

where the turbulence �eld is constructed by superimposing multiple sine waves with ran-

dom phase angles. One principal advantage of this approach is its applicability to any

random process [90]. A more detailed discussion of the approaches used to generate turbu-

lence �uctuations is presented in the following section.

2.2 Sampling of Turbulence Fluctuations

2.2.1 TransferFunctionvs. Sumof Sinusoids

The choice between the transfer function approach or the sum of sinusoids approach de-

pends on the dimensionality of the turbulence model and the simulation objectives. A

description of the two approaches is as follows:

Transfer Function Approach (see Figure 2.1):

• Applicable to one-dimensional turbulence spectrum.
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• Utilizes shaping �lters to convert white-noise inputs into turbulence time histories.

• Computationally ef�cient and suitable for frequency-domain analyses.

Figure 2.1: Time domain simulation of turbulence using transfer function
approach.

Sum of Sinusoids Approach (Shinozuka's Algorithm) [91]:

• Applicable to both one-dimensional and multi-dimensional turbulence spectrum.

• Constructs turbulence �elds by summing sinusoidal components with speci�ed PSDs.

• Computationally more intensive due to the need to generate and sum multiple sinu-

soidal components.

In this study, the transfer function approach is applied with the one-dimensional tur-

bulence model in Chapter 3 to investigate the development of the RCETI models from a

full vehicle model and to compare them with the CETI models. This approach is chosen

because it allows for the use of frequency-domain analysis, and thus, eliminates the need

to stabilize the system or involve a pilot in the loop. Although this approach includes lon-

gitudinal and lateral turbulence gradients, it does not account for the effects of rotational

sampling on rotor blades.

When considering the time-domain approach, �uctuations of turbulence can be found

using either of the approaches discussed. Time-domain simulations allow to account for the

blade-element sampling of turbulence, where the turbulence is allowed to vary both along

the longitudinal and the lateral directions. In Chapter 4, the spectral approach is employed

with the two-dimensional turbulence model to create time-domain �uctuations that can be
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used with the isolated rotor model, to account for spatial variations and rotational sampling

effects.

2.2.2 GeneratingTurbulenceFluctuations

To study the rotational sampling effects, the �uctuations of turbulence are generated from

three different cases, as follows (see Refs. [22, 23] for more details):

• Hub-Fixed Sampling Case:

In this approximation, �uctuations of turbulence are considered to be uniform over

the entire rotor. Fluctuations can be found using either the transfer function approach,

where white-noise inputs are �ltered through shaping �lters (see Figure 2.1), or using

the sum of sinusoids method (Shinozuka's algorithm [91]). For the latter, turbulence

�uctuations at the hub could be expressed as a sum of cosine as follows:

wHF (t) =
N1X

k=1

q
Swg (
 1k)�
 1 cos(
 1k(U0t) + � k) (2.13)

whereSwg is the spectrum of vertical turbulence, and� k is a uniformly distributed

random phase angle between0 and2� . In Eq. (2.13), the frequency band of interest

of the spectrum is divided into equal subdivisions,�
 , which results in a total ofN1

frequency points. These values are chosen to ensure that the spectrum resulting from

simulation closely matches the theoretical spectrum. Both approaches are similar,

as the Phase-Randomization is equivalent to exciting the system with a band-limited

white-noise [91]. This is con�rmed by conducting simulations using both approaches

as discussed later in subsection 2.3.2.

• Blade-Element Sampling Case:

This method accounts for spatial variations and rotational sampling by generating

turbulence �uctuations at the blade-element locations. For thei th blade-element,
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�uctuations are generated as:

w(X i ; Yi ) =
N1X

j =1

N2X

k=1

q
Swg (
 1k ; 
 2j )�
 1�
 2 cos(
 1kX i + 
 2j Yi + � k;j ) (2.14)

whereSwg is the spectrum of vertical turbulence, and� k;j is a uniformly random

phase angle. In addition,X i andYi are de�ned as follows:

X i = U0t � r cos i

Yi = r sin i

wherer is the radial location, and i is the azimuth angle of blade.

• 0.75R Approximation Sampling Case:

In this approximation, turbulence �uctuations are computed only at the 0.75R blade

location (75% of the blade radius) and applied uniformly to the entire blade. The

�uctuations for thei th blade can be computed as:

wi; 0:75R(t) =
N1X

j =1

N2X

k=1

q
Swg (
 1k ; 
 2j )�
 1�
 2 cos(
 1kX i + 
 2j Yi + � k;j ) (2.15)

whereX i andYi , in this case, are de�ned differently as follows:

X i = U0t � 0:75R cos i

Yi = 0:75R sin i

2.3 Implementation in Simulation

2.3.1 FLIGHTLAB® BaselineRotorModel

The baseline isolated rotor model utilized in this analysis is a high-�delity non-linear model

similar to the rotor of a UH-60 helicopter which is implemented in FLIGHTLAB® [92].

The model uses a 33-state Peters-He in�ow model, and incorporates look-up tables for

rotor blade aerodynamic coef�cients. To accurately capture the rotor loads, the nonlin-

ear model incorporates �exible blades with �ve coupled blade lead-lag, �ap and torsional
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degrees of freedom. FLIGHTLAB® provides the option to incorporate turbulence �uc-

tuations on each blade-element at the Aerodynamic Computational Points (ACPs), which

are discrete points along the blade span where the induced velocity is determined. These

points capture the local aerodynamic environment and serve as nodes where the induced

velocity �eld, including the effects of turbulence, is resolved and subsequently used to cal-

culate aerodynamic loads. This serves as the baseline model, where rotor parameters can

be altered to create various con�gurations.

Figure 2.2 shows sample vertical turbulence �uctuations at an instant in time along

the blade span for a four-bladed rotor. Each colored line corresponds to a single blade,

illustrating how each blade encounters a unique pattern of turbulence as it rotates through

the �ow. Additionally, the spanwise variations of turbulence �uctuations in�uence the

resulting hub load responses to atmospheric turbulence.

Figure 2.2: Sample �uctuations of the vertical turbulence found
using the two-dimensional spectrum for a four-bladed rotor.
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2.3.2 TransferFunctionvs. Sumof Sinusoids

The parameters for the Dryden model are chosen following one of the �ight tests from

Lusardi et al. [60] as follows: mean wind speed of 22 knots (U0 = 22 knots), turbulence

intensity of 5.5 ft/s (� w = 5:5 ft/s), and a length scale of 2R where R is the radius of the

main rotor. These parameters are used to represent typical operating conditions, providing

a relevant basis for simulation.

Both the transfer function approach and the sum of sinusoids approach are used to

compare their effectiveness, employing a one-dimensional turbulence spectrum. Simula-

tions were conducted for a duration of 125 seconds, and the PSD of the resulting thrust

coef�cient was calculated. As discussed earlier, the transfer function approach �lters a

white-noise input, while the sum of sinusoids method uses Phase Randomization to ap-

proximate turbulence. Despite these procedural differences, the methods are inherently

similar, producing comparable results, as shown in Figure 2.3. Notably, the sum of si-

nusoids method has the �exibility to be extended to multi-dimensional spectra, offering

broader applicability in simulation of turbulence.

2.3.3 Von KarmanModel vs. DrydenModel

In this analysis, the Dryden model is consistently used throughout the thesis due to its

compatibility with transfer functions and the frequency-domain approach, particularly in

the hub-�xed sampling case. To compare its performance with the von Karman model,

turbulence �uctuations are generated using both models and applied as inputs to the rotor

model. The resulting hub load responses are recorded, and the PSD of the thrust coef�cient,

pitch moment coef�cient, and roll moment coef�cient are computed.

Figure 2.4 shows the PSD results of rotor hub load responses to turbulence �uctuations

generated from both the von Karman and Dryden models. Although the von Karman model

is generally more accurate and recommended for use when possible [13], the Dryden model

still yields comparable results and is therefore suitable for this study.
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Figure 2.3: PSD of thrust coef�cient due to turbulence with
hub-�xed sampling.

2.3.4 Effectof RotationalSampling

This section examines the effect of rotational sampling on turbulence-induced rotor hub

loads by analyzing the results for low and high advance ratio cases. Turbulence �uctua-

tions are generated using the three sampling methods described in the previous section and

applied to the ACPs at the blade elements of the FLIGHTLAB® model. Time-domain sim-

ulations are conducted and the rotor hub loads are recorded. Using CIFER®, the PSD of

the thrust, pitch moment, and roll moment coef�cients are computed for both wind speed

conditions.

Low Advance Ratio

In this scenario, the rotor is trimmed for a low wind speed of 22 knots. The �uctuations of

turbulence at this speed are fed into the FLIGHTLAB® model for time-domain simulation.

The PSDs of the hub load coef�cients are calculated and displayed in Figures 2.5 to 2.7.

The results indicate that, for the thrust coef�cient, hub-�xed sampling yields a higher spec-
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(a) PSD of thrust coef�cient.

(b) PSD of pitch moment coef�cient.

(c) PSD of roll moment coef�cient.

Figure 2.4: Comparison of turbulence models (von Karman vs. Dryden).
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trum than the 0.75R rotational sampling approximation and blade-element sampling cases.

Additionally, as anticipated, the moment coef�cients are minimal and negligible with hub-

�xed sampling, re�ecting the inadequacy of this approximation at low speeds. Incorporat-

ing longitudinal and lateral turbulence gradients could address the de�ciency of replicating

rotor moments. Conversely, the 0.75R approximation case provides results comparable to

the blade-element case. This approximation could signi�cantly reduce the computational

cost, making it a suitable alternative for real-time simulations.

Figure 2.5: PSD of thrust coef�cient with low advance ratio.

High Advance Ratio

For the high speed scenario, the rotor is trimmed with a mean wind speed of 80 knots.

The turbulence �uctuations at this speed are fed into the FLIGHTLAB® model. The PSDs

of the rotor responses are presented in Figures 2.8 to 2.10. The comparison shows that,

for high speed cases, the hub-�xed sampling method yielded results that are more aligned

with both the blade-element sampling and 0.75R sampling cases, suggesting its potential

for accurately simulating turbulence effects at high speeds. Therefore, it is concluded that
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Figure 2.6: PSD of pitch moment coef�cient with low advance
ratio.

Figure 2.7: PSD of roll moment coef�cient with low advance
ratio.

the impact of rotational sampling becomes of less signi�cance at high speeds.
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Figure 2.8: PSD of thrust coef�cient with high advance ratio.

Figure 2.9: PSD of pitch moment coef�cient with high advance
ratio.
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Figure 2.10: PSD of roll moment coef�cient with high advance
ratio.

2.4 Summary and Technical Findings

This chapter addressed the simulation of turbulence in rotorcraft models, focusing on meth-

ods to represent vertical turbulence �uctuations and their impact on rotor hub loads. Both

one-dimensional and two-dimensional Dryden turbulence models were employed and com-

pared with the von Karman model. Despite its simplicity, the Dryden model produced

results comparable to the von Karman model, demonstrating its suitability for studying

the development of parametric RCETI models. The one-dimensional Dryden model can

be implemented using the transfer function approach, offering computational ef�ciency

but is limited in capturing spatial variations across the rotor disk. Conversely, the two-

dimensional model, which can be implemented with the sum of sinusoids method, accounts

for spatial correlation and rotational sampling, which are important in rotorcraft turbulence

simulations.

The chapter further examines the effect of rotational sampling on turbulence simula-

tions using the rotor model. Comparisons of hub-�xed sampling, blade-element sampling,
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and the 0.75R approximation highlighted the strengths and limitations of each method.

While hub-�xed sampling case better matched blade-element sampling case at high ad-

vance ratios, it failed to capture rotor hub load coef�cients accurately at low speeds. The

0.75R approximation emerged as a practical alternative, which offers a balance between

computational ef�ciency and accuracy by closely matching the results of the blade-element

sampling case.

38



CHAPTER 3

ROTOR CONTROL EQUIVALENT TURBULENCE MODELS

This chapter details the methodology for the development of Rotor Control Equivalent Tur-

bulence Input (RCETI) models and their comparison to the conventional Control Equiva-

lent Turbulence Input (CETI) models. Unlike CETI models, which rely on vehicle-speci�c

parameters, RCETI models focus solely on rotor-speci�c parameters, signi�cantly reduc-

ing the parameter space for the generalization of these models. This scalability makes

RCETI models adaptable to various rotor systems, including multi-rotor con�gurations, as

discussed further in Chapter 5.

To study the methodology in this chapter, a one-dimensional spectrum is employed to

represent the vertical turbulence �uctuations. While Chapter 2 established that hub-�xed

sampling can be inadequate at low speeds, it is utilized in this chapter to allow for direct

frequency-domain analysis of vehicle response. This eliminates the need for a controller or

pilot-in-the-loop typically required in time-domain simulations of full vehicle models.

An example of developing RCETI models for a representative helicopter model is pre-

sented. The results of the Multi-Input Multi-Output (MIMO) analysis, in which RCETI

models are developed for the collective, longitudinal and lateral swashplate angles (i.e., � 0,

� 1s, and� 1c) using the hub load coef�cients (i.e., CT , CM y , andCM x ). The results from

the MIMO case are compared to the results from the Single-Input Single-Output (SISO)

cases [93, 94]. Lastly, the study of developing parametric RCETI model as function of

turbulence parameters is carried out.

3.1 Control Equivalent Turbulence Input (CETI) Models

As discussed in the introduction chapter, developing accurate models for turbulence simu-

lation is a challenging task that has been the focus of extensive research. The concept of
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Control Equivalent Turbulence Input (CETI) models has emerged as a practical approach

to incorporate the in�uence of turbulence, especially in cases where developing physics-

based turbulence models is dif�cult. These models aim to capture the impact of turbulence

using control inputs, enabling a direct and ef�cient approach to assess the response and

performance of vehicles in turbulent conditions.

The development of CETI models has been approached through various methodologies

in previous studies [59, 62, 64, 95, 96]. For instance, Lusardi [62] introduced a combined

frequency- and time-domain framework for the CETI model, where the measured aircraft

rates were processed using an inverse of the identi�ed aircraft model. This method involved

analyzing the remnant input time histories in the frequency-domain to determine the CETI

model parameters. Similar approaches have been employed in other investigations [64, 95].

Buchholz and von Gruenhagen [96] proposed an observer-based approach, eliminating

the need for an inverse model. It employs a feedback controller to minimize the error

between the response from the aircraft model and the measured response when �ying in

turbulence. The required input to minimize the error represents the CETI model. While

this method offers advantages, a more robust frequency-domain approach has been recently

proposed [66, 68] and is adopted in this work.

3.1.1 MathematicalFramework

The frequency-domain approach, which does not require an inverse aircraft model, has been

proposed and successfully used to develop CETI models [66]. This approach is considered

in the following discussion, and the methodology for both the SISO and the MIMO systems

is described.
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Single-Input Single-Output (SISO)

Consider the block diagram shown in Figure 3.1, where a vehicle responds to both control

inputs and turbulence inputs. The output in the frequency domain can be written as:

Y(! ) = Guy (! )U(! ) + Gdy(! )D(! ) (3.1)

whereGuy represents the aircraft response to inputu, andGdy represents the aircraft re-

sponse to turbulenced.

Figure 3.1: Vehicle response to both input and turbulence

To incorporate turbulence effects into equivalent control inputs, the remnant inputu1(t)

is introduced, as illustrated in Figure 3.2. The system output is now given by:

Y(! ) = Guy (! )[U(! ) + U1(! )] (3.2)

whereU1 represents the remnant input that is used to account for the aircraft response to

turbulence.

By rearranging Eq. (3.2), the remnant input (U1) can be expressed as:

U1(! ) =
1

Guy (! )
Y(! ) � U(! ) (3.3)
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Figure 3.2: Block diagram of control equivalent turbulence input model.

The PSD of the remnant inputU1, denoted asSu1u1 (! ), is de�ned as [97]:

Su1u1 (! ) = lim
T !1

1
T

f U�
1 U1g (3.4)

The spectrum of the remnant input can then be modeled as a white-noise-driven �lter

using the following relation:

Su1u1 (! ) = jGnu 1 (! )j2 Snn (! ) (3.5)

whereSnn is the spectrum of white noise input. The magnitude of the CETI transfer func-

tion model (Gnu 1 ) can thus be obtained as:

jGnu 1 (! )j =
p

Su1u1 (! ) (3.6)

Parameters of transfer function that �ts this magnitude can be identi�ed via frequency-

domain system identi�cation techniques such as using CIFER®[98].

Multiple-Input Multiple-Output (MIMO)

For the MIMO case, the PSD of the remnant input can be determined in the matrix form

as:

SSSu1u1u1u1u1u1 (! ) = ( GGGuyuyuy (! )) � 1SSSyyyyyy(! )(GGG0�
uyuyuy (! )) � 1 (3.7)
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whereSSS includes autospectra on the diagonals and cross-spectra on the off-diagonals, the

prime (0) denotes the transpose of the matrix, and the asterisk (� ) denotes the complex

conjugate of the matrix.

The correlation between the various inputs determines if coupled or decoupled CETI

model should be identi�ed. Following Ref. [98], form number of inputs, any inputni with

coherence


 2
n i n j

< 0:5 for all j = 1, ...,m, and j6= i (3.8)

where


 2
n i n j

=
jSn i n j j

2

Sn i n i Sn j n j

(3.9)

can have a separate decoupled CETI model, which can be identi�ed similar to the SISO

case. If a coupled CETI model needs to be identi�ed, spectral decomposition ofSSSu1u1u1u1u1u1 can

be performed as follows:

SSSu1u1u1u1u1u1 = DDD 0�
u1u1u1u1u1u1

DDDu1u1u1u1u1u1 (3.10)

and CETI transfer function matrix can be identi�ed from the decomposed PSD matrix (DDDu1u1u1u1u1u1 ).

3.2 Rotor Control Equivalent Turbulence Input (RCETI) Models

The RCETI methodology builds on the concept of CETI models by focusing on rotor-

speci�c parameters rather than the broader vehicle parameters, establishing a more scal-

able and generalizable framework. This approach leverages the stochastic characterization

of the �xed system hub loads comprising rotor thrust, pitch moment, and roll moment.

Since the stochastic characterization of vehicle response to turbulence is largely driven

by the stochastic characterization of rotor hub loads, the RCETI methodology is aimed at

�nding rotor control inputs that produce hub loads stochastically similar to those due to

atmospheric turbulence, as depicted in Figure 3.3.
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Figure 3.3: Rotor Control Equivalent Turbulence Input (RCETI) Modeling Framework.

The modeling process begins with determining the spectra of the hub load responses to

turbulence. For example, the spectrum of the thrust coef�cient (CT ) as output is computed

as:

SCT (! ) = lim
T !1

1
T

f C �
T CT g (3.11)

Using frequency-domain analysis, the spectrum of the thrust coef�cient (CT ) as output

due to turbulence can be obtained via the transfer function approach, with vertical turbu-

lence �uctuations (wg) as input. Speci�cally, the spectrum can be found as follows:

SCT (! ) = jGwg CT (! )j2Swg (! ) (3.12)

whereSwg (! ) is the spectrum of the turbulence.

Next, an inverse mapping from the load spectrum to the control spectrum is carried out.

For the collective swashplate de�ection (� 0), this mapping is given by:

S� 0 (! ) = jG� 0CT (! )j � 2SCT (! ) (3.13)

whereG� 0CT represents the transfer function of rotor thrust coef�cient due to collective

swashplate angle de�ection.

This process is repeated for the longitudinal and lateral swashplate angles to form the
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different RCETI models. Using frequency-domain system identi�cation techniques, such

as CIFER®, the control spectra are converted into parametric �lter transfer functions.

For the MIMO case, the inverse mapping is extended to include cross-spectra, captur-

ing interactions between different control inputs. The required control input spectra are

computed as (the frequency argument is dropped for compactness):
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whereSxy represents the autospectra and cross-spectra of variablesx andy.

The coherence condition in Eq. (3.8) is then assessed to decide if there is a need to

identify a coupled RCETI model or if a decoupled RCETI model should be identi�ed.

The analysis is extended to varying rotor parameters, wherein the rotor parameters can

be modi�ed to develop different RCETI models (i.e., the analysis in Figure 3.3 is repeated

for different rotor parameters). The effect of changing rotor parameters on the RCETI

models can then be investigated. By systematically varying rotor parameters such as chord

length, number of blades, and rotor radius, the aim is to assess how these changes impact the

shape and characteristics of the PSD of the RCETI models. This allows for the evaluation

of the sensitivity of the models to different rotor con�gurations and establish parametric

RCETI models that can be scaled and applied to other rotor con�gurations.

Similarly, turbulence parameters such as mean wind speed and turbulence intensity

can be varied. Changes in these parameters also in�uence the RCETI model, and can

be included when developing parametric models. This ability to adapt RCETI models
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to both rotor-speci�c and turbulence-speci�c parameters underscores their scalability and

generalizability, reinforcing their potential application across different rotorcraft systems

and for different turbulence conditions.

3.3 FLIGHTLAB ® Nonlinear Full Vehicle Model and Linear Time-Invariant Ap-

proximations

The model utilized in this analysis is a high-�delity, nonlinear model that is representative

of a UH-60 helicopter implemented in FLIGHTLAB®. The model uses a 33-state Peters-

He in�ow model and look-up tables for the aerodynamic coef�cients of airframe and rotor

blades. To accurately capture the rotor loads, the nonlinear model incorporates �exible

blades with �ve coupled blade lead-lag, �ap and torsional degrees of freedom. The nom-

inal values of parameters of the UH-60 are presented in Table 4.3. After trimming the

vehicle for the speci�c mean wind speed (U0 = 22 knots), Linear Time-Periodic (LTP) ap-

proximations that include body and rotor states are constructed from FLIGHTLAB®. The

input (u) and output (y) vectors are chosen as shown in Equations Eqs. (3.15) and (3.16),

respectively. The harmonic decomposition [99] is used to develop high-order Linear Time-

Invariant (LTI) approximations to the LTP dynamics. By retaining up to the fourth har-

monic states, high-order LTI approximations are developed with a total of1377states,

allowing for the analysis of transfer functions between selected inputs and outputs.

u = [ � c � B � A � 0 � 1s � 1c]T (3.15)

y = [ Vz q p CT CM y CM x ]T (3.16)

Validation of LTI Approximations

To validate the LTI approximations, frequency sweep inputs are applied to the FLIGHTLAB®

non-linear model. Figure 3.4 shows an example of the rotor response when subjected to
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a sweep of longitudinal input. The resulting frequency responses for various input-output

combinations are extracted by processing the sweep input responses using CIFER®.

The on-axis frequency responses from CIFER® and from the LTI approximation are

shown in Figures 3.5 to 3.7. The error cost functions are computed using Eq. (3.17) from

Ref. [98], and are shown in Table 3.1, where the weighting functions are used as sug-

gested in Ref. [98]. The cost function values for the transfer functions, as shown in Ta-

ble 3.1, demonstrate a good �t, withJ values signi�cantly below the recommended value

of 50 [98]. This con�rms that the high order LTI approximations (i.e.,, up to the fourth

harmonics) provide results that match the results from the non-linear model and thus could

be utilized in the analysis.

Figure 3.4: Sweep input to the non-linear model

J =
20
n!

! n !X

! 1

W


�
Wg

� �
�
� T̂c

�
�
� � j T j

� 2
+ Wp

�
6 T̂c � 6 T

� 2
�

(3.17)
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Table 3.1: The �t cost functionJ for transfer functions from the LTI approximations with
up to the4th harmonic states.

Input/Output CT CM y CM x

� 0 7 22 26
� 1s 19 10 18
� 1c 19 17 13

Figure 3.5: Frequency response of rotor thrust coef�cient variations to
swashplate collective inputCT =� 0
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Figure 3.6: Frequency response of rotor hub pitch moment variations to
swashplate longitudinal inputCM y =� 1s
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Figure 3.7: Frequency response of rotor hub roll moment variations to
swashplate lateral inputCM x =� 1c

3.4 Validation of Vehicle Response

Validation of the model is performed utilizing �ight test data of the UH-60 helicopter, as

documented by Lusardi et al. [60]. The data was gathered when the helicopter �ew behind

a hangar building in wind conditions of 22 knots (U0 = 22 knots). The turbulence intensity

of the wind vertical �uctuations is found to be 5.5 ft/s (� w = 5:5 ft/s). These values are used

in the Dryden model in Eqs. (2.8), (2.11) and (2.12). A length scale equivalent to twice the

rotor radius (2R), was chosen based on the low-altitude and near-hover conditions of the

test. In addition, the span lengthbis chosen to be equal to 20 ft as in [19]. These values are

chosen to create a similar turbulent environment to the �ight test.

Figures 3.8 to 3.10 illustrate the PSD of the vehicle response to turbulence, as found us-

ing the FLIGHTLAB® helicopter model in conjunction with the Dryden turbulence model

(blue lines). The results are compared with actual �ight test data (red lines), demonstrating
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a similarity in the PSD of the vehicle response. While perfect agreement is not expected,

as the Dryden turbulence model does not fully capture atmospheric turbulence for such

environment, the overall agreement con�rms the applicability of the Dryden model in con-

junction with the FLIGHTLAB® simulation model for predicting vehicle dynamics under

turbulent conditions. The validated model provides a foundation for analyses considered in

this study.

Figure 3.8: Model validation: PSD of vehicle vertical velocity.
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Figure 3.9: Model validation: PSD of vehicle pitch rate.

Figure 3.10: Model validation: PSD of vehicle roll rate.

3.5 Vehicle Response vs. Rotor Response

This section demonstrates that the turbulence effect can be captured by utilizing the hub

loads spectra rather than the vehicle rates spectra, which have been employed in previous
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studies. Figures 3.11 to 3.13 compare the PSD of the vehicle accelerations and hub loads

coef�cients owing to turbulence input. Figure 3.11 compares the vertical acceleration PSD

to the thrust coef�cient PSD, while Figure 3.12 and Figure 3.13 similarly compare the pitch

and roll accelerations to the pitch and roll moment coef�cients.

To compare the hub load spectra with the vehicle response spectra, a scaling factor is

applied to the hub load spectra. Since the vehicle is hovering in a turbulence �eld with a se-

lected mean wind speed, this factor is proportional to the inertia of the vehicle. The results

demonstrate that the hub loads capture the turbulence effects, validating the assumption that

the rotor is the primary load-producing element in turbulence. This assumption was veri-

�ed differently in earlier investigations [62, 64], by exposing the vehicle to turbulence at

various azimuthal angles and observing the similarities of the resultant PSDs of the vehicle

rates.

Figure 3.11: PSD of vehicle response vs. rotor hub load re-
sponse: Vertical acceleration vs. thrust coef�cient variations.

53



Figure 3.12: PSD of vehicle response vs. rotor hub load re-
sponse: Pitch acceleration vs. pitch moment coef�cient varia-
tions.

Figure 3.13: PSD of vehicle response vs. rotor hub load re-
sponse: Roll acceleration vs. roll moment coef�cient variations.
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3.6 PSD of Rotor Response

To initially discern the disparity between the Single-Input Single-Output (SISO) and Multi-

Input Multi-Output (MIMO) cases, a comparison is made by examining the PSDs of the

outputs due to turbulence. Figures 3.14 to 3.16 show PSDs of the thrust coef�cient, pitch

moment coef�cient, and roll moment coef�cient, respectively. Notably, the output spectra

exhibit different values from the MIMO analysis to those from the SISO analysis. This

outcome is expected as the output in the MIMO case is a result of the combined response

to the three turbulence inputs, as opposed to the SISO case where only one turbulence input

is considered.

Figure 3.14: PSD of the thrust coef�cient due to turbulence
(SISO Vs. MIMO).
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Figure 3.15: PSD of the pitch moment coef�cient due to turbu-
lence (SISO Vs. MIMO).

Figure 3.16: PSD of the roll moment coef�cient due to turbu-
lence (SISO Vs. MIMO).
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3.7 Recovering Input Traces

This section focuses on recovering the input spectra that produce response spectra equiv-

alent to those generated by turbulence. The frequency range that is relevant to the pilot

workload and manual control is approximately 1-10 rad/s [62, 100]. To include this range,

a frequency range of 1-20 rad/s is chosen for the analysis [62].

3.7.1 Pilot Input vs. SwashplateAngles

The �rst step to distinguish the vehicle speci�c CETI model from the proposed RCETI

models involves comparing the spectra of pilot controls to the spectra of swashplate angles,

that produce vehicle responses stochastically similar to that induced by turbulence. After

calculating the spectra of vehicle response to turbulence, transfer functions are used to

�nd the spectra of control inputs. Figures 3.17 to 3.19 compare the PSDs for the different

inputs. It is observed that the difference between the spectra of pilot inputs (i.e., � c, � B ,

and � A ) and the swashplate angles (i.e., � 0, � 1s, � 1c) reduces to a simple scaling factor,

re�ecting the similarity in concept between the CETI and RCETI approaches. In Refs. [93,

94], comparisons were made to highlight the disparity between the utilization of vehicle

response and hub loads as outputs in the analysis. The results con�rmed the use of hub

loads as outputs to create the control input models.
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Figure 3.17: PSD of the remnant input required to produce the
output spectrum due to turbulence (� c vs. � 0).

Figure 3.18: PSD of the remnant input required to produce the
output spectrum due to turbulence (� B vs. � 1s).
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Figure 3.19: PSD of the remnant input required to produce the
output spectrum due to turbulence (� A vs. � 1c).

3.7.2 RCETImodels(SISOvs. MIMO results)

For the analysis herein, the hub loads are utilized as outputs, while the swashplate angles

are utilized as inputs. The PSD of the hub loads due to turbulence is found in the frequency

domain directly from the transfer function matrix, as in the previous section. Next, the

transfer functions of the hub loads due to swashplate inputs are used to �nd the remnant

input PSD matrix that would produce the same response spectrum produced by turbulence

using Eq. (3.14).

Figures 3.20 to 3.22 compare the results for the spectra of the various swashplate inputs

(i.e.,S� 0 , S� 1s , andS� 1c ) from the MIMO analysis to the SISO analysis. It can be observed

that the spectrum of the collective angle in the MIMO analysis is similar to the spectrum

obtained in the SISO case. However, the spectra of the longitudinal and lateral axes differ in

the MIMO analysis. This discrepancy is expected due to the anticipated coupling between

the longitudinal and lateral axes in the MIMO case.
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Figure 3.20: PSD of the required collective input (SISO Vs.
MIMO).

Figure 3.21: PSD of the required longitudinal input (SISO Vs.
MIMO).
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Figure 3.22: PSD of the required lateral input (SISO Vs.
MIMO).

To determine whether a coupled or decoupled RCETI model needs to be identi�ed,

coherence values between the different inputs are calculated and plotted in Figure 3.23.

The coherence between the longitudinal and lateral inputs denoted as
 � 1s � 1c , is found to be

higher compared to the coherence between the collective input and the longitudinal and lat-

eral inputs, denoted as
 � 0 � 1s and
 � 0 � 1c , respectively. Again, this higher coherence between

the longitudinal and lateral inputs is expected due to the anticipated coupling between these

axes in the MIMO analysis. However, it is noted that the coherence
 � 1s � 1c remains be-

low 0.5 for a signi�cant frequency range. This suggests that decoupled RCETI models

could potentially be identi�ed, as the coherence values are not signi�cantly high.
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Figure 3.23: The coherence between the various inputs from the
required input PSD matrix.

To validate the feasibility of decoupled RCETI models, the spectra of the outputs ob-

tained using the decoupled RCETI model are compared with the results obtained using

the full PSD matrix (i.e., if a coupled model is identi�ed). The results are presented in

Figure 3.24, which displays the PSD of the outputs obtained from the decoupled RCETI

model alongside those from the full input PSD matrix (i.e., if a coupled RCETI model is

identi�ed). The comparison shows that the PSD of the outputs from the decoupled RCETI

model closely match those from the coupled RCETI model, con�rming the viability of

using the decoupled RCETI model.
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Figure 3.24: PSD of the hub loads (coupled RCETI Vs. decou-
pled RCETI).

3.8 Parametric RCETI Model as Function of Turbulence Parameters

While parametric models as a function of turbulence parameters have been previously de-

veloped for vehicle-speci�c CETI models, this section demonstrates that RCETI models

can also be characterized in terms of turbulence parameters such as mean wind speed and

turbulence intensity. The analysis presented here focuses on the collective input (� 0) as an

example to illustrate the �ndings.

To illustrate the effect of turbulence parameters on the developed RCETI model, two

steps are performed. First, the mean wind speed is �xed to 22 knots (i.e.,U0 = 22 knots),

while the turbulence intensity (� w) is changed from 3 ft/s to 6 ft/s with an increment of 1

ft/s. The PSDs of the RCETI are shown in Figure 3.25 (solid lines), where it is clearly seen

that the effect of the turbulence intensity is a gain difference in the RCETI model. This is

consistent with the �ndings for CETI models by Lusardi [62].

The second step involves �xing the turbulence intensity to 4.0 ft/s and changing the

mean wind speed. The corresponding PSD of the collective input (� 0) is shown in Fig-
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Figure 3.25: PSD of the remnant input for different turbulence
intensity.

ure 3.26 as solid lines. The gain of the input is seen to increase as the mean wind speed

increases. Additionally, Figure 3.26 demonstrates that unlike the situation of modifying

the turbulence intensity, the change in this instance is not only a gain in the RCETI model.

For this analysis, different transfer functions were found for different mean wind speed

conditions.

To capture these relationships, CIFER® is utilized to develop white-noise-driven second-

order �lters for each of the cases (the dashed lines in Figures 3.25 and 3.26). Second-order

�lters are chosen because they best �t the results from current hub-�xed sampling approach

used in this chapter. However, as shown in Chapter 4, blade-element sampling can have an

effect on the deduced model, necessitating the use of third-order �lters for low error values.

The general form of the identi�ed �lters is:

� 0

n
= A

(s + C1(U0=Lw))
(s + C2(U0=Lw))( s + C3(U0=Lw))

(3.18)
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Figure 3.26: PSD of the remnant input for different mean wind
speed.

where,

A = K (� w)

r
3U0

�L w
(3.19)

andC1, C2 andC3 are functions of the mean wind speed.

The functionK (� w) is determined from the �rst test (i.e.,by �xing the mean wind speed

and changing the turbulence intensity). Table 3.2 summarizes the values of the different

�lter parameters along with the �t cost functionJ . The �t cost J for each case is well

belowJ � 50, implying an excellent match to the PSD data [98]. WhileJ is primarily used

to assess the �delity of models in capturing �ight dynamics, it also serves to evaluate the

RCETI model in this context, with only magnitude information and no phase information.

Notice that the values of the other parameters are �xed to constant values since they are

not functions of the turbulence intensity (� w). The functionK (� w) is found to be linear as

follows:

K (� w) = 0 :115� w (3.20)

A summary of the parameters for the transfer functions as well as the �t cost function
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Table 3.2: Parameters of RCETI transfer functions when changing� w .

� w (ft/s) A K (� w) C1 C2 C3 J
3 0:28 0:34 2:4 2 2:8 10:3
4 0:37 0:46 2:5 2 2:8 10:3
5 0:47 0:58 2:4 2 2:8 10:3
6 0:56 0:69 2:5 2 2:8 10:3

obtained from CIFER® for the different cases of changing the mean wind speed are shown

in Table 3.3. The value forC1 does not alter signi�cantly for this case of vertical turbulence.

Thus, this value is set to an approximate value of2:5 in CIFER®. A good match to the PSD

data is shown by the �t costJ for each case being well belowJ � 50. Since the value of

� w is set to 4.0 ft/s, it is noted that the value ofK (� w) is the same for all of the cases.

Table 3.3: Parameters of RCETI transfer functions when changingU0.

U0 (ft/s) K (� w) C1 C2 C3 J
10 0:46 2:5 0:58 5:16 11:5
15 0:46 2:5 0:76 4:7 11:3
20 0:46 2:5 0:93 4:37 10:9
25 0:46 2:5 1:16 4:00 10:5
30 0:46 2:5 1:5 3:46 10:2

From the data in Table 3.3, the functions forC2 andC3 are found to be quadratic and

are as follows:

C2 = 4( U0=Lw)2 � 0:7(U0=Lw) + 0 :57 (3.21)

C3 = � 5:5(U0=Lw)2 � 0:13(U0=Lw) + 5 :4 (3.22)

To validate the developed RCETI model, a test case ofU0 = 16.5 ft/s and� w = 4.5 ft/s

(which is not used in developing the model) is considered. Based on the developed RCETI

model, the white-noise-driven �lter is found as:

� 0

n
= 0:28

(s + 2:5)
(s + 0:74)(s + 4:8)

(3.23)

Both the Dryden vertical gust and the �lter in Eq. (3.23) are used as inputs to the transfer
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functions to �nd the spectra of� 0 andCT . The results are shown in Figures 3.27a and 3.27b,

where the RCETI model is shown to produce similar results to those of the vertical gust.

The cost functionJ for � 0 is found to be11:1 which is well belowJ � 50. It is concluded

that RCETI models could be developed by utilizing the rotor hub loads as outputs and

the rotor swashplate de�ections as inputs. These models can be formed as function of

turbulence parameters. These parametric models are not restricted to the methodology

presented in this section; alternative approaches, such as neural network modeling, can

also be utilized for their development.

3.9 Summary and Technical Findings

In this chapter, the development of Rotor Control Equivalent Turbulence Input (RCETI)

models was presented and compared to vehicle-speci�c Control Equivalent Turbulence

Input (CETI) models. Employing one-dimensional spectrum and hub-�xed turbulence

sampling to represent vertical turbulence �uctuations allowed for the direct frequency-

domain analysis without the necessity of incorporating a controller for time-domain analy-

sis. RCETI models were developed for the collective, longitudinal, and lateral swashplate

angles (i.e., � 0, � 1s, and� 1c) using the hub load coef�cients (i.e.,CT , CM y , andCM x ).

A high-�delity FLIGHTLAB ® model, representative of a UH-60 helicopter, was used to

validate the approach. Linear Time-Invariant (LTI) approximations, which included body

and rotor states, were extracted and shown to match non-linear model responses using

frequency sweep inputs. Further validation against �ight test data demonstrated that the

FLIGHTLAB® model combined with the Dryden turbulence model provides realistic ve-

hicle response spectra.

The comparison of vehicle response spectra and hub load spectra due to turbulence re-

vealed that the rotor is the primary load-producing element in turbulence, supporting the

use of hub loads as outputs in the RCETI models. The remnant input traces were recov-

ered using frequency-domain methods, and the necessity of a Multi-Input Multi-Output
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(a) PSD of collective angle.

(b) PSD of thrust coef�cient.

Figure 3.27: Comparison between the results from Dryden turbulence and from RCETI
model forU0 = 16:5 ft/s and� w = 4:5 ft/s.

(MIMO) analysis was established by comparing the results with those from Single-Input

Single-Output (SISO) cases.

Finally, it was demonstrated that parametric RCETI models can be developed as func-
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tions of turbulence parameters, speci�cally the mean wind speed and turbulence intensity.

The models demonstrated that changes in turbulence intensity primarily affected the gain

of the RCETI model, while changes in mean wind speed in�uenced both the gain and the

dynamic characteristics of the model.
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CHAPTER 4

PARAMETRIC STUDY AND DEVELOPMENT OF PARAMETRIC MODELS

In the previous chapter, it was established that rotor is the main load-producing element

for rotorcraft operating in turbulent conditions. The effects of turbulence on rotorcraft can

be effectively captured using rotor hub loads (i.e., CT , CM Y , andCM X ), which can be

replicated by the use of rotor control inputs (i.e., � 0, � 1s, and� 1c).

In this chapter, a methodology for the development of parametric Rotor Control Equiv-

alent Turbulence Input (RCETI) models is presented. To systematically analyze the in-

�uence of rotor parameters, and to enable time-domain analysis without the need for a

controller, isolated rotor models are considered. The analysis is extended to varying rotor

parameters, such as chord length, number of blades, and rotor radius. For each con�gura-

tion, the RCETI modeling framework (previously introduced in Figure 3.3) is applied to

develop and compare the resulting PSD of the RCETI models.

This parametric study focuses on assessing how changes in rotor parameters affect the

characteristics and shape of the RCETI spectra, in order to develop parametric models. A

conventional single-main-rotor helicopter model serves as the baseline for this analysis,

with parameter variations implemented to quantify their effects. This work builds on the

full vehicle model analysis presented in Ref. [101]. By isolating the rotor as the main

element to produce hub loads, this study highlights the scalability and adaptability of the

RCETI models across different rotor con�gurations.

4.1 Selection of Rotor Parameters

In this study, the choice of both dimensional and non-dimensional parameters is guided by

their impact on the aerodynamic and dynamic response of rotor. The primary focus is on

the main rotor parameters, which are selected as the design parameters due to their critical
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role in governing the behavior of the rotorcraft.

4.1.1 DimensionalParameters

The selected dimensional parameters and their effects on the non-dimensional parameters

are described below:

• Chord Length (c): Chord length affects lift generation and aerodynamic loading on

the rotor blades. It directly changes both solidity and Lock number.

• Number of Blades (NB ): The number of blades in the rotor system impacts the

dynamic response and determines the harmonic content of the rotor response.

• Rotor Radius (R): Rotor radius de�nes the rotor disk area, which directly affects

the rotor loads and the overall thrust produced by the rotor.

• Nominal Rotational Speed (
 ): Rotational speed of the rotor is a key factor in

determining the rotor tip speed which affects the aerodynamic response of the rotor.

• Blade Second Moment of Inertia (I B ): This parameter is related to the inertial force

of the blade, and is directly in�uencing the Lock number.

• Flapping Hinge Offset (e): The hinge offset affects the �apping motion of the rotor

blades, in�uencing both the aerodynamic loads and the dynamic stability of the rotor.

• Nominal Weight/Thrust (W): This changes the nominal trim thrust coef�cient re-

quired to be produced by the rotor.

4.1.2 Non-DimensionalParameters

The non-dimensional parameters derived from the dimensional ones include:

• Solidity (� ): Solidity is the ratio of the total rotor blade area to the rotor disk area.

The solidity is de�ned as:

� =
NB c
�R

(4.1)
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• Lock Number (
 ): The Lock number characterizes the relationship between the

aerodynamic forces and the inertia of the rotor blades, playing a crucial role in the

dynamic behavior of the rotor system. The Lock Number is de�ned as:


 =
�acR 4

I B
(4.2)

where� is the air density anda is the lift-curve slope.

• Tip Mach number (MT ip ) This parameter represents the tip speed of the rotor blades

relative to the speed of sound, which is essential in determining the aerodynamic

ef�ciency and potential for compressibility effects. The tip mach number is de�ned

as:

MT ip =

 R
cs

(4.3)

wherecs is the speed of sound.

• Nominal Thrust Coef�cient ( CT ): The thrust coef�cient is a non-dimensional mea-

sure of the rotor thrust relative to the rotor disk area and the dynamic pressure. It is

related to the nominal weight of the aircraft, and de�ned as follows:

CT =
T

�A (
 R)2
(4.4)

whereT is the thrust produced by the rotor.

• Flapping Frequency (� ): This parameter describes the frequency of the �apping

motion of the rotor blades, affecting the dynamic response of the rotor. The �apping

frequency as function of the hinge offset is determined as (assuming uniform mass

distribution):

� =

s

1 +
3e

2(1 � e)
(4.5)

These non-dimensional parameters are chosen because they cover the essential aerody-
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namic and dynamic characteristics of the rotor system. By considering the aforementioned

dimensional and non-dimensional parameters, this research ensures a comprehensive list

for the study of developing parametric RCETI models.

4.2 Change of Dimensional Parameters

A parametric study is conducted using dimensional parameters to observe how RCETI

models are affected by changes in these parameters. The parameters considered are as

follows:

1. The blade chord length (c);

2. The number of blades (Nb);

3. The rotor radius (R);

4. The �apping hinge offset (e).

Time-domain simulations under turbulence are conducted for each case, and the PSDs

of hub loads and RCETI models are analyzed. The following subsections detail the �ndings

for each parameter.

4.2.1 Effectof ChordLength

The chord length of the blades is altered from a nominal value for the UH-60 of 1.73 ft

to 75%and125%of this value. The results, as shown in Figure 4.1a, indicate that higher

values of the thrust coef�cient spectrum are obtained for larger chord lengths, while the

moment coef�cient spectra remain similar for the different cases as seen in Figure 4.1b

and Figure 4.1c. For the required remnant inputs, the spectra in Figure 4.2 suggest slight

differences in the longitudinal and lateral RCETI models when changing the chord length,

particularly for the lower chord length case. These results are slightly different than the

results found from the previous work with hub-�xed sampling of turbulence [101].
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(a) PSD of thrust coef�cient.

(b) PSD of pitch moment coef�cient.

(c) PSD of roll moment coef�cient.

Figure 4.1: PSD of the hub load coef�cients due to turbulence for different blade chord
lengths.
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(a) PSD of collective input.

(b) PSD of longitudinal input.

(c) PSD of lateral input.

Figure 4.2: PSD of the remnant input for different blade chord lengths.
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4.2.2 Effectof Numberof Blades

To analyze the effect of the number of blades (Nb), different rotor models are developed

(i.e., with Nb = 3, 4, and 5). As shown in Figure 4.3, the spectra of the hub loads due

to turbulence increase with the higher number of blades, including thrust and moment

coef�cients. The PSDs of the required inputs are calculated using the inverse frequency

responses, and the auto-spectra are presented in Figure 4.4. The required input spectra

indicate that the same RCETI models can be used when changing the number of blades,

differing from results obtained using hub-�xed sampling [101].

4.2.3 Effectof RotorRadius

In this case, similar to the analysis before, time-domain simulations under turbulence are

conducted for different values of rotor radius (i.e., from a nominal value for the UH-60

of 26.83 ft to95% and 105%of the nominal value). This variation affects parameters

like tip speed and Lock number (see Eq. (4.2) and Eq. (4.3)). The PSDs of the hub loads

coef�cients in Figure 4.5 show that the spectra of the hub loads due to turbulence increase

with increasing the number of blades. The PSDs of the required inputs are calculated using

the inverse frequency responses, and are presented in Figure 4.6. As shown in Figure 4.6,

the required input shows similar PSDs when changing the rotor radius, which suggests that

when developing RCETI models for a speci�c rotor, the same RCETI model could be used

for another rotor with slightly different rotor radius.

4.2.4 Effectof FlappingHingeOffset

The �apping hinge offset is varied from the nominal value of4:6% of the rotor radius to

0%, 2%, and6% of the radius. For the case of0% hinge offset, only the heave axis is

considered since the hub moments are negligible in the absence of a �apping hinge offset.

The PSDs of the rotor response, Figure 4.7a shows similar spectrum of the thrust coef�cient

for the different cases of hinge offsets. For the moment coef�cient spectra, higher spectra
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