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ABSTRACT

Wind turbines are among the top renewable energy producers, having carved out a large

chunk of the renewable energy market as a result of their economic viability and the abundant

wind resource available throughout the United States and world. This green push over the

past two decades has seen the nominal size of wind turbine rotors increase nearly three fold,

being one of the main contributors to the economic viabilityof wind energy. This increase in

rotor size has not been realized without advances in available sensors, actuators, and control

systems responsible for maintaining and operating these turbines. Turbines were originally

operated by constant speed generators and had passive aerodynamic stall speed regulation,

however, with the advent of variable speed generators and active pitch control the application

of advanced control architectures has further enabled increased turbine performance and

longevity.

Wind turbines are governed by nonlinear dynamics, bene�tingfrom non-linear control

architectures for optimal operation across a large operating envelope. Control systems are

responsible for optimal tip speed ratio tracking during below-rated operation, speed regu-

lation during above-rated operation, yaw control for in
owdirection changes and shutdown

procedures during unsafe operating conditions. In addition to these baseline metrics, con-

trol systems are being used to provide load alleviation during power production operation

while maintaining maximum power capture. The ability of thecontrol system to maintain

a wind turbine within a safe operating envelope allows designers to reduce design loads, in

turn, reducing the mass and cost of wind turbine structural components. Advances in

control tuning algorithms and control architectures lead to cheaper, more reliable turbines

which reduce the levelized cost of energy (LCOE).

This dissertation presents work completed on the development of advanced turbine mod-

eling and control algorithms that facilitate systematic and reproducible turbine design, in
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addition to providing increased wind turbine performance in terms of load alleviation dur-

ing operation and shutdown procedures. A linear parameter varying (LPV) approach is

used during the model development and control synthesis stages to account for plant non-

linearities, identify variations in plant eigen-frequencies across the operational envelope, and

to facilitate multi-objective control and optimization. The LPV models are incorporated

into a generalized control synthesis algorithm that drastically reduces the time required

to obtain an optimal controller in addition to providing targeted eigen-frequency attenua-

tion during closed-loop operation and easy model augmentation for multi-input-multi-output

(MIMO) control synthesis. Finally, the modeling and controlalgorithms are utilized in the

design of a segmented ultra-light morphing rotor (SUMR) 50MWwind turbine with an

associated levelized cost of energy (LCOE) analysis comparing values for currently exist-

ing on and o�shore wind farms showing that our design processresults in an economically

competitive wind farm.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

Alternative forms of energy production are more vital now than ever. As national and

global populations continue to increase, land availability, existing energy infrastructure, and

natural resources are being pushed to their limits. Technology is no longer supplemental

to daily life, it is an integral part of it, and its in
uence on the environment's circadian

rhythms has resulted in unforeseen impacts on our environment. These e�ects of our current

energy culture have catalyzed a movement to pursue additional energy technologies which

can supplement and gradually o�set existing sources with the added bene�t of not emitting

additional greenhouse gases to the atmosphere. The renewable energy movement is currently

being supported and funded by corporations and governmentsalike around the world [1],

and the United States has proposed a plan to reduce carbon emissions and o�set fossil fuel

generated electricity by wind energy [2].

Wind turbine technology has emerged as one of the most competitive form of renewable

energy production during the green push of the past two decades, and the evolution of wind

energy control systems continue to advance turbine technology. Wind o�ers a renewable

alternative to carbon-based energy sources with the promise of lowering carbon emissions

by 2,700 tons of CO2 per year per 1.5 MW turbine, which is the equivalent of planting 4

square kilometers of forest each year [3]. Wind energy continues to penetrate the electricity

grid around the world with a record 63 GW of wind generation added during 2015, 55 GW

of additions added in 2016, and 52 GW of additions in 2017, equating to a 22%, 12%, and

8% growth on the world market [1, 3, 4]. At the end of 2017, renewable energy accounted

for 18% of the United States' total electricity generation [4], with wind energy contributing

6.3% to the total, putting the U.S. over one-quarter of the wayto satisfying its 20% by 2030
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goal [2]. The Energy Information Administration (EIA) predicts that the U.S. wind power

capacity would have to reach more than 300 GW to meet 20% of demand by 2030, requiring

an additional 211 GW (2.6% of the U.S.'s available wind resource) of wind power [2, 4]. This

would result in a displacement of 50% of electric utility natural gas consumption and 18%

coal consumption [2]. With so much growth still to come in the next decade, the market is

ripe for emerging technologies to further improve the viability and impact of wind energy on

the world market.

In the U.S. Department of Energy's (DOE)20% Wind Energy by 2030comprehensive

plan, they assume that wind farm capacity factors will increase 15% and capital costs will

decrease by 10% relative to nominal values in 2008 [2], resulting in the improved economic

viability of wind energy technology. Driving the necessaryincrease in wind farm capacity

factor is rotor diameter, which has increased exponentially over the past two decades [5].

This increase in rotor diameter has not come without limitations, posing its own unique

challenges for wind turbine designers.

Trends in wind turbine rotor diameter have seen growth upwards of 444% since the tech-

nology emerged in 1985, contributing to the economic viability and cost competitiveness of

wind energy within the United States. Forecasts predict thatextreme-scale rotors (10-20

MW) will reach diameters upwards of 240-meters by 2020 [6], and as mentioned previously,

these extreme-scale rotors pose new challenges for controlengineers and blade designers

alike, catalyzing innovative turbine geometries [6], new turbine control degrees of freedom

[7], advanced control architectures [8, 9], and progressive blade design [10, 11]. Furthermore,

current economic and design analysis show that the LCOE for agiven turbine platform

changes drastically with the wind resource available at thedesign site and hub height [12].

Increasing wind farm capacity factors and reducing turbinecapital costs will be a collabora-

tive e�ort across all aspects of turbine design, but this paper will concentrate primarily on

the design and implementation of advanced control architectures with the aim of increasing

power capture and reducing turbine component loads, thereby reducing turbine capital costs
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and lowering LCOE.

1.2 Wind Turbine Control Basics

This section provides a review of wind energy control concepts in practice at the fore-

front of current research. The design of a wind turbine control system requires in depth

understanding of plant physics that are used in the development of a dynamic model for

controller design. Wind turbines are electro-mechanical devices and the physics governing

their dynamics reside in multiple realms: structural, aerodynamic, and electrical. For this

reason, the control designer should have a solid understanding of concepts encompassing

all of these areas. In addition to the multi-disciplinary nature of turbine control design,

nonlinear dynamics, time variation and modeling uncertainties make non-linear and gain

scheduling methodologies necessary for optimal operationacross all wind speeds [13{16].

Modern wind turbines incorporate variable-speed-variable-pitch (VSVP) turbine tech-

nology, with two main operating regions: below-rated (alsoreferred to as partial power, or

Region 2) operation and above-rated (also referred to as full power or Region 3) operation.

The two regions are de�ned based on wind speed and the steady-state power curve. Figure

1.1 depicts the regions of operation for a generic, VSVP wind turbine with the rated wind

speed of the turbine corresponding to one on the x-axis.

Due to mechanical and electrical losses, it is not worthwhile to operate the turbine to

generate electrical power in Region 1. During Region 2 operation, the generator torque� g is

usually controlled so that the turbine is operated as aerodynamically e�ciently as possible

at its maximum power coe�cient Cpmax shown by the red dot in Figure 1.2.
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Figure 1.1: Normalized power curve for a VSVP turbine. The \Wind Power" curve depicts
the power available in the wind for the speci�ed turbine's swept area). The wind speed
corresponding to the transition between Region 2 and Region3 is the \rated" wind speed
(Figure inspired by [14]).

Figure 1.2: Power coe�cient Cp surface generated via AeroDynv15 [17] for a variable speed
turbine. The maximum power coe�cient Cpmax is achieved by controlling the turbine at the
optimal tip speed ratio � � and blade pitch angle� f inepitch during Region 2 operation.

The optimal control strategy governing Region 2 operation cannot carry the turbine all

the way into Region 3, as the rated generator torque at the rated wind speed does not
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coincide with the commanded generator torque using the optimal control law [14], and a

transition Region (Region 2.5) is implemented to ensure a continuous trajectory [18] as the

turbine moves from Region 2 to Region 3 operation. In Region 3, blade pitch angle� is the

main control signal used to regulate the turbine at the ratedgenerator speed and power.

Standard pitch control for multi-MW, variable pitch rotors requires gain-scheduling method-

ology due to the large operational envelope and pitch-varying partial derivative of rotor power

to pitch angle, as shown in Figure 1.3. Therefore the feedbackgains need to be scheduled

to provide a more consistent controller response among operating points within Region 3

operation [19].

Figure 1.3: Rotor power sensitivity as a function of blade pitch angle� . Due to non-constant
changes in rotor power for di�erent operational pitch angles, pitch controller gains are usually
gain scheduled for proper operation across the full operational envelope.

Alternative control methodologies, including multi-input-multi-output (MIMO) formula-

tion, in conjunction with robust optimization techniques can further improve the performance

of the plant through increased power capture, load reduction, and/or increased reference

tracking. Using robust control performance metrics asH2=H1 in conjunction with LPV

models, MIMO control systems can be modeled and synthesizedwith all signals considered

simultaneously.
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1.3 Load Reduction Control

One of the �rst examples of load reduction control was given in [20], in which the authors

laid out multiple control frameworks to reduce key turbine component loading, including

tower damping, drive-train torsion, and blade root bendingmoments. The presented load

reduction control schemes were based o� of traditional proportional-integral-derivative (PID)

control architectures combined with �lters to target component eigen-frequencies, resulting

in reduced damage accumulation and extreme loads. Applications of the proposed meth-

ods have been published since then [9, 21{25], demonstrating successful application of the

methodologies in a virtual environment, and in some cases ona physical turbine.

Individual pitch control (IPC) was proposed in [20] to deal with harmonic loading of the

rotor due to vertical shear e�ects and turbulent in
ow structures. The majority of published

literature on IPC utilizes the Coleman transformation [24,26] to facilitate traditional PI

controllers to regulate stationary loads, as opposed to rotating ones. This method has proven

successful in reducing blade 
ap fatigue loading, and even ultimate loads in some cases. The

biggest set-back in applying IPC to 2-bladed rotors is in thetransformation from rotating to

non-rotating states, as the Coleman Transformation is singular for 2-bladed turbines. Thus

far, there have been two proposed solutions to this singularity in the required transformation

[23, 25], having been proven successful in simulation alongwith some instances of �eld

veri�cation [27].

In addition to the aforementioned architectures, control engineers have applied additional

advanced control techniques [8, 9] to improve the overall closed-loop system performance with

respect to (w.r.t) load reduction. While robust control architectures provide the ability to

synthesize closed-loop control gains for MIMO systems in the presence of model parameter

uncertainty and undesirable exogenous disturbances, their performance can be conservative.

As the plant begins to move away from the designed operating point due to the nonlinearity

of wind turbine dynamics and the large operational envelopeassociated with today's multi-

megawatt turbines, more advanced techniques are warranted. Through the utilization of
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linear parameter varying (LPV) control [28], the control designer can include gain-scheduling

during the modeling and synthesis phase and still provide the closed-loop performance and


exibility of robust control architecture.

1.4 Linear Parameter Varying Control

Because wind turbines exhibit nonlinear dynamics and modeling uncertainties, non-linear

and gain scheduling control methodologies are frequently used to facilitate optimal operation

across all wind speeds. However, most non-linear control architectures do not lend themselves

to MIMO controller synthesis, and/or lack the theory for a-priori guarantees of stability

[28]. To address the immediate industry needs of improving performance and decreasing the

number of under-performing, short-lived turbines [29], LPV modeling and control can be

utilized for increasing performance and longevity of turbine life while being supported by

theoretical stability guarantees [30{32].

Since its advent, LPV modeling and control has grown by leapsand bounds with appli-

cations ranging from wind turbines [16] to high performanceaircraft [33] to robotics [34] and

even crane technology [35]. The theory was �rst introduced four decades ago [28], and has

been driven by the demand for computationally e�cient, optimal, nonlinear control architec-

tures. Whereas gain scheduling is an ad-hoc control architecture with no easily generalizable

method for �nding a-priori stability guarantees, LPV presents theory and methods for con-

trol designers to guarantee stability during the design process and even impose performance

bounds for speci�ed signals of interest for plants with nonlinear dynamics. With such a wide

range of applications each presenting its own challenges and intricacies to modeling and con-

trol synthesis, the result is a �eld rich with choices and opportunities. The �eld has since

gathered a large following due to its ability to incorporateand blend with many di�erent

existing control synthesis methods to realize controllerswith highly customized, consciously

designed properties.

LPV modeling can easily be adapted to accommodate self-learning adaptive control [36],

H1 / H2 robust control [33], and even some instances of model predictive control applied
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to linear time varying (LTV) systems [37]. LPV modeling architectures can take forms

ranging from a�ne parameter dependence, polynomial parameter dependence, polytopic

architectures, to auto regressive moving average (ARMA) input-output architectures [38, 39].

The glue which binds LPV modeling methods is the models' scheduling of plant dynamics

based on a measurable signal/s that can be used during operation to accommodate nonlinear

behaviors [33]. However, each LPV model structure lends itself to particular applications

and control theories.

Early pioneers of LPV system identi�cation [40, 41] derive sub-space identi�cation schemes

for bilinear and MIMO LPV systems from open and closed loop data, demonstrating e�-

cient implementation of said methods. To facilitate MIMO control synthesis, LPV modeling

techniques [42, 43] utilize high �delity aero-elastic simulators to obtain reduced order LPV

models. References [44] and [45] present novel methods for input-output (IO) controller

synthesis and system identi�cation for noise corrupted/uncertain scheduling parameters.

Reference [46] presents a machine learning approach for LPVmodel identi�cation.

LPV control theory provides guarantees of stability despite the presence of uncertainties

in plant parameters and in the measured scheduling parameter [28, 47{49]. It utilizes ro-

bust control theory [50] during the construction of the LMI constraints for the optimization

problem, providing guarantees of stability in the presenceof deviations from model param-

eters used during control synthesis, and similar guaranteesof stability in the presence of

exogenous disturbances the plant may be exposed to during operation. Conservative per-

formance caused by the presence of signi�cant deviations from known operating points can

be an issue with typical �xed-gain robust controllers, but use of LPV control theory has

the potential to create less conservative controller response by appropriate scheduling of the

plant's dynamics. However, given the degree of nonlinearityof VSVP wind turbines, solving

the optimization problem to obtain the LPV controller is non-trivial given a system with a

large number of states to be considered during the multi-input-single-output (MISO) con-

troller synthesis. To deal with the complexity of the LPV optimization process, the gridding
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[51] technique can be utilized, allowing existing conic solvers [52] to �nd globally optimal

solutions within a highly nonlinear domain and ill-conditioned problem [53], in addition to

creating �nite dimensional LMI's from an originally in�nit e dimensional LPV model.

Work regarding LPV control of wind turbines has focused on VSVPsystems due to their

prevalence in the industry and increased controllability.A detailed derivation of LPV control

schemes for Region 2 (below rated) and Region 3 (above rated) wind conditions is given in

[16]. The authors develop an LPV model that is scheduled on wind speed, generator speed,

and blade pitch angle [16] and then develop a MIMO controllerthat gives improved power

tracking performance (smoothed generator output) withoutincreased pitch actuation while

substantially reducing torque 
uctuations. Finally, the authors present a method for com-

bining the two MIMO LPV controllers to provide control over the entire operating envelope

for multiple operating trajectories. The work presented in[16] is a detailed description of

LPV modeling and controller synthesis techniques, providing a rich source of knowledge and

results for the application of interest. One of the di�erences between the work presented by

[16] and the work presented in this dissertation is the novelturbine to which the method is

applied.

Others have also proposed LPV controllers for the operational envelope for turbines. A

switching LPV controller for VSVP turbines was presented in [54]. The main objective of

this controller was to reduce drivetrain torsion. This control scheme is compared against

conventional PI controllers and a gain scheduled linear quadratic Gaussian (LQG) controller,

showing reduced mechanical fatigue in the system while maintaining power output. In

[51] and [26], the authors apply LPV control theory to a Clipper Liberty wind turbine,

resulting in optimal turbine operation for both partial and full load operation with increased

robustness as compared to a reference control architecture, and smoother transitions between

Region 2 and Region 3 operation. Reference [51] synthesizesand implement a gain scheduled

LPV controller using interpolated performance weights fordesired operation across a wide

operational range with robust stability guarantees. The work demonstrates the ability of
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LPV design algorithms to shape closed-loop performance fordesired eigen-frequencies and

bandwidths of interest.

Further work has been done with LPV-based active power control (APC). In [31], the

authors develop an LPV controller within the standard decoupled pitch and torque control

structure. The controller is scheduled on pitch and power demand, independent of wind speed

measurements, and was simulated in FAST [55] on the NREL 5MW benchmark turbine [19]

which was used to compare performance againstH1 and gain scheduled PI controllers.

The LPV controller outperformed the others in terms of APC while providing decreases in

aerodynamic loads and increased power reference tracking.

1.5 Segmented Ultra-light Morphing Rotor (SUMR) Concept

As rotors approach the extreme scale (> 10 MW), blade mass becomes a critical design

driver [56]. Growing rotor diameters will in turn increase energy density of wind farms, and

should result in an overall decrease in LCOE. A promising concept under investigation that

will allow blades to be manufactured using less material andlighter structural components

is the Segmented Ultra-light Morphing Rotor (SUMR) [7] concept. The technology incorpo-

rates a hinge at the blade root, allowing the blade to align with the resulting force vector

 align as shown in Figure 1.4.

The blade loads that drive structural design consist of centrifugal Fc, gravitational FG,

and aero-elastic forcesTaero. The forces act in di�erent planes, and depending on the region

of operation (i.e. wind speed), di�erent forces dominate the resulting angle of the resultant

force vector pushing the blade away from the un-coned rotor plane. During lower speed

operation, the goal is to maximize swept area and focus on power capture, but as the angular

velocity of the rotor increases, centrifugal and aerodynamic thrust forces increase, resulting

in a misalignment of the resultant force vector with the reference plane of the rotor. During

higher wind speeds, the rotor plane becomes a rotor cone, compensating for the misalignment

and lowering the induced reactionary moment at the blade root. Figure 1.4 depicts the three

forces and the resultant vectors [56]. More information about the SUMR turbines designed
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used in this research is provided in relevant sections of this dissertation.

Figure 1.4: The evolution of a morphing blade exposed to an axial in
ow with vertical shear
wind �eld (side view). Initially, the rotor is at rest with bl ades in a vertical position. As
the in
ow strikes the blade, it cones downwind so that the blade becomes aligned with the
resultant force due to centrifugalFC , thrust Taero, and gravity FG forces at an angle of .

1.6 Thesis Overview

This dissertation is organized as follows. Chapter 2 focuses on the synthesis of an LPV

torque controller for a SUMR-D turbine con�guration, and hasbeen submitted to Wind

Engineering and is currently under review. Chapter 3 focuses on linear parameter varying

modeling methods and how inherent di�erences in the model structure in
uence end con-

troller characteristics, and closed-loop plant performance with a numeric example applying

LPV control to the SUMR-50 turbine. The work has been submitted to IEEE Transactions

on Control Systems Technology and is currently under review. Chapter 4 presents a compar-

ison of various LPV pitch controllers applied to the SUMR-D wind turbine, and quanti�es

di�erences in performance across control architectures. Finally, Chapter 5, which has been

submitted to Wind Energy and is currently under review, presents the design process for a

Segmented Ultra-light Morphing Rotor (SUMR) 50MW turbine with accompanying analysis

and decision metrics.

The contributions contained within this dissertation include:
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1. Development and application of a low-order, three state, two-mass drive-train model

to the SUMR Demonstrator turbine presented in Chapter 2. The model incorporates

parameter varying aerodynamic basis functions scheduled on wind speed to accurately

model nonlinear plant dynamics across a wide operational envelope, and is subsequently

used in the synthesis of an LPV torque controller for the novel SUMR-D turbine.

The advanced control architecture results in the reductionof fatigue accumulation on

turbine sub-components while maintaining desired power set-points.

2. Comparison and analysis of di�erent VSVP LPV model architectures and model ap-

proaches across turbine scales presented in Chapter 3. The comparison provides uncer-

tainty analysis for polynomial and polytopic architectures in addition to a comparative

analysis of model parameter uncertainty and variance for two di�erent approaches to

the development of aerodynamic basis functions. Additionally, the chapter quanti-

�es aerodynamic di�erences between an extreme-scale, SUMR 13MW turbine and its

gravo-aeroelastically scaled (GAS) counterpart to identify possible discrepancies be-

tween observed dynamic behavior during operation. Finally,an LPV pitch controller

is synthesized and applied to the SUMR 50MW turbine and performance is quanti�ed

during normal turbulent in
ow conditions across the full operational envelope.

3. Chapters 2, 3, and 4 present advanced control architectures resulting in decreased

turbine component loading and decreases in fatigue accumulation during normal oper-

ation using a set of controllers and the three SUMR turbines. The work presents how

additional turbine component signals (e.g. tower-top fore-aft acceleration, tower base

bending moments, drive-train torsion, etc.) can be included in closed-loop feedback

and/or model states used for controller synthesis to reducesignal maxima and variance

for reduced component loading.

4. The work described in Chapters 2-4 present the various approaches to modeling and

synthesizing LPV controllers through anH1 performance criteria. Using the model
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structures given in Chapters 2 and 3, the LMI constraints given in Chapter 2 coupled

with the performance system design process presented in Chapter 4, a systematic LPV

control synthesis process has been implemented.

5. Chapter 5 describes the design of an SUMR 50MW wind turbine rotor. The process

follows commissioning criteria outlined in the IEC61400-1[57] design document, in ad-

dition to quantitative analysis for design decisions, resulting in simulation and analysis

tools to be used during the design of extreme-scale wind turbine blades.
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CHAPTER 2

LPV TORQUE CONTROL OF A DOWNWIND, TWO-BLADED, SUMR-D WIND

TURBINE

2.1 Introduction

Because wind turbines exhibit nonlinear dynamics and modeling uncertainties, non-linear

and gain-scheduling control methodologies are frequentlyused to facilitate optimal operation

across all wind speeds. However, most non-linear control architectures do not easily lend

themselves to MIMO controller synthesis and/or lack the theory for a-priori guarantees

of stability [28]. To address the immediate industry needs of improving performance and

decreasing the number of under-performing, short-lived turbines [29], LPV modeling and

control can be utilized for both increasing performance andturbine lifetime while also being

supported by theoretical stability guarantees [30{32].

LPV control theory provides guarantees of stability despite the presence of uncertainties

in plant parameters and in the measured scheduling parameter [28, 47{49]. It utilizes robust

control theory [50] during the construction of the LMI constraints for the optimization prob-

lem, providing guarantees of stability in the presence of deviations from model parameters

used during control synthesis, and similar guarantees of stability in the presence of exoge-

nous disturbances the plant may be exposed to during operation. Conservative performance

caused by the presence of signi�cant deviations from known operating points can be an issue

with typical �xed-gain robust controllers, but use of LPV control theory has the poten-

tial to create less conservative controller response by appropriate scheduling of the plant's

dynamics. However, given the degree of nonlinearity for VSVP wind turbines, solving the

optimization problem to obtain the LPV controller is non-trivial given a system with a large

number of states to be considered during the MISO controllersynthesis. To deal with the

complexity of the LPV optimization process, the gridding [51] technique is utilized, allowing

14



existing conic solvers [52] to �nd globally optimal solutions within a highly nonlinear domain

and ill-conditioned problem [53].

The chapter is organized as follows. Section 2.2 introducesthe novel GAS turbine [58],

then Section 2.3 presents the synthesis of the LPV torque controller. Sections 2.4-2.6 develop

a low order, parametrically varying model. Section 2.7 describes the process followed for the

design of the augmented system including the performance vector. Sections 2.8-2.9 describe

the constraints used during LMI optimization. Finally, Section 2.10 will provide turbulent

in
ow simulation results and data analysis to quantify controller performance.

2.2 Turbine Description

Controller performance evaluation was conducted as applied to the SUMR-Demonstrator

(SUMR-D). This rotor is a GAS model [58{60] of the 100-meter blade SUMR-13i [61{63],

a downwind, two-bladed pre-aligned rotor to accommodate thrust forces from the wind [6].

This scaling method aims to fully capture the key dynamics ofthe full-scale model with an

emphasis on matching the non-dimensional 
apping frequency, moment ratios, 
apping tip

de
ection, and design tip speed ratio as represented by values given in Table 2.1. The blades

are �rst geometrically scaled by a length scaling factor (� ) de�ned as

� =
L s

L f
(2.1)

where the subscripts refers to the scaled model, the subscriptf refers to the full-scale model,

and L represents the blade length.

With SUMR-D having a blade length of L s = 20:87 m and the full-scale SUMR-13i

having a blade length ofL f = 104:35 m, � = 0:2, a value that is then applied to all external

dimensions of the blade. The rotor angular velocity 
r is scaled by keeping the ratio of

centrifugal MC to gravitational MG moments constant
�

M C
M G

= L 
 2
r

g

�
for a �xed cone angle of

 align = 12:5o (with g being the gravitational acceleration). This speed scalingallows the

blade dynamics to remain similar through the full rotation of the turbine blade, resulting in
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the scaled angular velocity of the rotor.


 s =

 f
p

�
(2.2)

Table 2.1 lists key parameters of the SUMR-13i and SUMR-D turbines including designed

blade mass, operational wind speeds, optimal tip speed ratio � � rotor power and aerodynamic

basis functions� bi (scheduled on wind speed� = V1 ) which will be detailed in Section 2.6.

Table 2.1: SUMR-13i and SUMR-D Turbine Parameters.

SUMR-13i SUMR-D
Length Scaling Factor (� ) 1 0.2
Design Blade Mass (kg) 54,787 350.64

Cut-in Wind Speed (m=s) 5 2
Rated Wind Speed (m=s) 11.3 5

Cut-out Wind Speed (m=s) 25 11
� � 9.5 9.5

Rated Rotor Speed (rpm) 9.82 21.96
Rated Power (MW) 13.2 0.0389

� b1 = @�a
@
 r

(� ) 124.8116� -566.4435 0.099351� +0.14119
� b2 = @�a

@V1
(� ) -1845� +7060.5 -14.449� +22.843

� b3 = @�a
@� (� ) 58.1759� -27.8961 0.95236� +0.080392

2.3 Controller Derivation

Since this chapter is concerned with below-rated operationof the wind turbine, the wind

turbine plant is controlled through applied generator torque � g at below-rated wind condi-

tions. A proportional-integral (PI) gain-scheduled collective pitch controller is used when

the turbine operates in above-rated wind conditions. The torque signal aims to maintain

the rotor's � � during turbulent in
ow. The turbulent wind in
ow contains a wide spectrum

of frequencies, and the performance channel design approach gives the control designer the

ability to shape the closed-loop response across a bandwidth of interest. For torque control,

the controller must be able to track� � given a low frequency excitation, but also be able

to constrain component loading for natural harmonics of theplant components that often
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correspond to higher frequencies. For this speci�c application, drivetrain loads are of special

interest, as they are a major cause of turbine downtime [64].

2.4 LPV System Architecture

The turbine is modeled as a parameter dependent, continuous-time, state-space system

using the common LPV architecture:

_x(t) = A(� (t))x(t) + Bu(� (t))u(t) + Bw(� (t))w(t)

z(t) = Cz(� (t))x(t) + Dzu(� (t))u(t) + Dzw(� (t))w(t) (2.3)

y(t) = Cy(� (t))x(t) + Dyw (� (t))w(t):

Where x 2 Rn� 1, y 2 R1� 1, u 2 Rm� 1, w 2 Rq� 1, z 2 Rq� 1 as the plant state vector, mea-

sured output, control input vector, exogenous disturbancevector, and performance signal

vector respectively, with the system matricesA(� ), Bu(� ), Bw(� ), Cz(� ), Dzu(� ), Dzw(� ),

Cy(� ), and Dyw (� ) having corresponding dimensions. This is a multi-input (mcontrol in-

puts), single output (MISO) turbine plant model. Controller performance and closed-loop

response depends on the selection of the channels and weights used in the optimization.

In this commonly-used formulation for LPV control, the designer has the ability to de�ne

a performance vectorz that weighs the statex, control input u, and disturbance input w

signals to achieve desired objectives. For notational simplicity, the time dependence of the

scheduling parameter� (t) will be dropped for the remainder of the chapter. The matri-

cesCz(� ); Dzu(� ); Dzw(� ) used to calculate the performance vectorz heavily in
uence the

feasibility of the optimization problem and the overall controller performance.

LPV control theory [28, 33, 48] allows the designer to place an upper limit on the gain

from the exogenous disturbancew(t) to the de�ned performance vectorz(t). This H1

performance metric is de�ned to be [50]:

sup
� 2 
 � ;w2 L 2 ;w6=0

jj z(t)jj2

jjw(t)jj2
< 
 1 : (2.4)
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To apply the theory given by [28], [48], and [33], the scheduling parameter� (corresponding

to the hub height in
ow wind velocity V1 for this speci�c application), its rate of variation

_� , uncertainty in the scheduling parameter� � , and its rate of variation _� � must all lie within

known, bounded sets with upper and lower bounds determined by the control designer and

application:

� 2 
 � ; 
 � :=
�

� < � < ��
	

_� 2 � � ; � � :=
n

_� < _� < �_�
o

(2.5)

� � 2 
 � � ; 
 � � :=
�

� � < � � < �� �
	

_� � 2 � � � ; � � � :=
n

_� � < _� � < �_� �

o
:

The upper �(�) and lower (�) bounds on the scheduling parameter� are the cut-in and rated

wind speeds of the turbine and are therefore �xed during the design of the physical plant.

The upper and lower bounds on the scheduling parameter's rate of variation must encompass

the highest and lowest expected variations during turbulent in
ow. For the results presented

in this chapter, the hub height free stream wind speedV1 is assumed to be perfectly mea-

surable using a turbine-mounted anemometer, resulting in ameasured bias error of 0 for

the uncertainty � � in the measured scheduling parameter. Having perfect knowledge of hub

height free stream wind speed and shear characteristics across the diameter of the rotor is

not easily achievable. Current areas of research such as with LIDAR sensors [65] are increas-

ing the accuracy of wind speed measurement, and future work will consider the impact of

uncertain wind measurements using the current formulationand even more robust forms of

LPV control theory [47] to address the shortcoming introduced by this assumption.

2.5 LPV Drivetrain Model

Control design utilizes simpli�ed plant models describingthe dynamics of interest for

feedback controller synthesis. In this section, a generalized three degree of freedom (DOF)

plant model will be derived in the form of (3.1) using physics-based principles and simple

torque balance calculations.
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In order to implement a model-based controller, a simpli�edturbine model including a

drivetrain torsion DOF is derived. Using a 
exible drivetrain model of the low-speed shaft

(LSS), gear box with ratio Ng, and high speed shaft (HSS) as depicted in Fig. 2.1, torque

balances on either side of the gear box are performed to develop the relationship between

generated aerodynamic torque� aero, drivetrain torsion angle

�� = � r �
� g

Ng
(2.6)

and applied (control) generator torque� g.

Figure 2.1: The 
exible, two-inertia drivetrain model. The section labeled HSS depicts the
high-speed shaft side of the gear box with a rotational inertia I g, angular velocity 
 g, and
azimuthal position of � g. The gear box ratio (Ng) section is the gear box connecting the HSS
and LSS masses of the drivetrain and is the main component contributing to torsion. The
section labeled LSS depicts the low-speed shaft side of the drivetrain connected directly to
the rotor with a rotational inertia I r , angular velocity 
 r , and azimuthal position of� r . The
torsional DOF is attributed to di�erences in low speed and high speed shaft angles (2.6),
labeled as�� , and resides in the section labeled as the Gear Box with ratioNg. Arrows
denote positive torques as determined by the right hand rule.

Figure 2.1 depicts a two-mass model of the drivetrain, with the gear box connecting the

LSS mass (denoted using subscriptr for rotor) and the HSS mass (denoted using subscript

g for generator). Equations (2.7) and (2.8) describe the torque balance across the drivetrain

with � aero being the aerodynamic torque generated by the wind on the rotor and � g the
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applied generator torque.

I r
_
 r (t) = � aero � kd

�
� r �

� g

Ng

�
� Cd

�

 r �


 g

Ng

�
(2.7)

I g
_
 g(t) = kd

�
� r �

� g

Ng

�
+ Cd

�

 r �


 g

Ng

�
� � g (2.8)

The torque induced on the rotor can be computed using the drivetrain torsional spring

constant kd, torsional damping constantCd, the di�erence in azimuthal position �� , and

the di�erence in angular velocities of the two masses acrossthe gear box. The generated

aerodynamic torque near a given an operating point (jOP ) can be linearly approximated as

a function of 
 r , � , and V1 as

� aero(
 r ; �; V 1 ) � �� ajOP +
@�aero

@
 r

�
�
�
�
OP

� 
 r +
@�aero

@�

�
�
�
�
OP

��

+
@�aero

@V1

�
�
�
�
OP

�V1 : (2.9)

Equation (2.9) includes the nominal aerodynamic torque, �� ajOP , for a given operating point

plus the sensitivities around that operating point, which vary according to the turbine and

selected local operating point. The operator� indicates deviation of a variable from its local

operating point.

The �nal form of the three DOF system's dynamics formulated into state-space format

are given by (2.10), the state vectorx =

2

6
6
6
6
4

� 
 r

��

� 
 g

3

7
7
7
7
5

, control input vector u =

2

6
4

�� g

��

3

7
5, and the

exogenous inputw = �V1 .
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�
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� Cd
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�
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I r
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� Cd
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�
�
�
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0 0
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7
5

�
�� g

��

�

+

2

6
4

@�aero (� )
@V1

�
�
�
OP

0
0

3

7
5 �V1 (2.10)

2.6 Basis Functions

Since the partial derivatives of aerodynamic torque (2.9) with respect to the three inde-

pendent variables (
 r , � , V1 ) vary throughout the operating envelope, they can provide the

parametric variation required for LPV controller synthesis. Figures 2.2-2.4 show the numer-

ical values of the partial derivatives given in the �rst-order Taylor series expansion (2.9) as

functions of normalized free stream wind speed at selected turbine operating points along

the turbine's operating trajectory in partial and full load conditions. The values shown in

Figures 2.2-2.4 were obtained through linearizations performed using FASTv8 for a plant

with only the generator DOF enabled. The speed, torque, and blade pitch operating points

are determined via steady-state analysis for the turbine'sVSVP operating trajectory from

cut-in to cut-out wind speeds, with resulting numerical values given in Table 2.2.

Table 2.2: Operating points of the SUMR-D turbine used to calculate the sensitivities and
A(� ); Bu(� ); Bw(� ) as given in (2.10) as a function of wind speed correspondingto the below-
rated trajectory of the turbine.

V1 (m/s) 
 r (rpm) � g (kN-m) � (deg)
3 7.273 0.058 0.5
4 11.72 0.140 0.5
5 15.77 0.274 0.5
6 21.97 0.410 0.5
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Figure 2.2: Plot showing the variation of @�a
@
 r

as the operating point varies withV1 . The
portion of the sensitivities corresponding to below-ratedoperating points is indicated by the
shaded gray boxes in each subplot. These values constrain the bounds for the grid to be
used in the optimization.

Figure 2.3: Plot showing the variation of @�a
@V1

as the operating point varies withV1 . The
portion of the sensitivities corresponding to below-ratedoperating points is indicated by the
shaded gray boxes in each subplot. These values constrain the bounds for the grid to be
used in the optimization.
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Figure 2.4: Plot showing the variation of@�a
@� as the operating point varies withV1 . The

portion of the sensitivities corresponding to below-ratedoperating points is indicated by the
shaded gray boxes in each subplot. These values constrain the bounds for the grid to be
used in the optimization.

This chapter is focused on partial load operation (Region 2)of the scaled SUMR-D

turbine, and thus only on the portion of the sensitivities falling between the cut-in 2 m/s

and rated 5 m/s wind speeds (shaded gray regions in Figures 2.2-2.4). These portions of

the plots are used in the parameter varying functions corresponding to the novel SUMR-

D rotor design and GAS operating points. The set points for rotor angular velocity, rated

wind speed, rated power (thus constraining applied generator torque) are computed via GAS

and through iteration of these set-points until desired, non-dimensional blade tip de
ection

values match across the two turbine platforms. The scaling from the SUMR-13i [61] turbine

as applied to the structural, aerodynamic, and operationalproperties result in lower than

normal operational set points.

LPV models often require a�ne descriptions of plant dynamics to make the optimization

problem tractable [53], and the dynamic variation of the wind turbine's partial load trajectory

is suitable to this type of representation. Equations (2.11)-(2.13) provide a general format for

polynomials to be used in scheduling plant dynamics for the below-rated trajectory pro�le.
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� b1(� ) =
@�a
@
 r

(� ) � � � 1 � i + � � 1 (2.11)

� b2(� ) =
@�a
@V1

(� ) � � � 2 � i + � � 2 (2.12)

� b3(� ) =
@�a
@�

(� ) � � � 3 � i + � � 3 : (2.13)

In the above representations,� denotes the slope and� the o�set of the aerodynamic

sensitivity scheduled on the linearizations performed at operating points corresponding to

i = 3; 4; 5; and 6 m/s wind speed operating points along the trajectory for the optimal tip

speed ratio� � tracking as given by Table 2.2. The numerical values for these parameters are

given in Section 2.2 as shown in Table 2.1. These simple polynomials provide a means of

interpolating between the linearized values of the partialderivative of aerodynamic torque

� a as depicted in Figures 2.2-2.4, in turn providing a parametric description of the turbine's

dynamics.

2.7 Performance Vector Design

Initially, frequency-domain weighting functions on the control and performance vector

signal based on robust control principles are designed, using these as starting points from

which the constant weighting matricesCz, Dzu, and Dzw are initialized after converting the

frequency-dependent function to its associated state space representation. Next, the LPV

controller design procedure described in Subsections 2.8-2.9 are followed, �rst checking for

feasibility during optimization. If it was not feasible to obtain unknown matrix variables,

the performance vector was iteratively adjusted until it was. Once a feasible solution was

obtained, it was implemented within a FASTv8 simulation of SUMR-D (Section 2.10) and

tested to see if the resulting torque controller matched that of the baseline controller for

a 4 m/s steady in
ow. The matching of the torque signal at a 4 m/s in
ow ensures that

the desired GAS operating dynamics are maintained across control architectures. If not, the

iteration began again, with the numeric entries of the weighting matrices being adjusted ac-
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cording to observed controller output during simulation. Once matching torque was achieved,

the controller was deemed ready for simulation. A 
ow chart showing the tuning procedure

described above is given in Fig. 2.5.

Figure 2.5: Block diagram depicting the systematic tuning procedure used during the syn-
thesis of the LPV torque controller following theories presented in [16, 33, 53]

Design of Performance MatricesThe matrices in the performance vectorz(t) were designed

through a frequency domain scaling procedure using weighting functions to augment open-

loop transfer function frequency response to ideal closed-loop responses. First, a sensitivity

function representing ideal closed-loop, PI gain-scheduled pitch controller response in relation

to in
ow wind formulated as

S = ( I � GP I GV1 ! 
 r )� 1 (2.14)

is used to scale the eigen-value associated with theV1 ! 
 r input-output pair. The main

objective of the controller synthesis procedure is to stabilize this eign-value. A secondary, but

just as important objective of the scaling process is to scale the relative weight on� g ! 
 r

for �ne tuning of the step response and steady state values. The shaped transfer matrix
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is then transformed into a state-space representation via MATLAB's model reduction and

transfer function to state space modules. The corresponding C and D matrices are utilized

as the weighting matrices in the description ofz(t).

Perform optimization to obtain LPV controller With the augmented system (2.3), LMI con-

straints are constructed with unknown matrix variables. The solver Sedumi is then utilized

to solve the primal-dual optimization problem, providing the unknown Lyapunov functions

for exponential stability.

Torque Signal ComparisonFor controller validation, FASTv8 simulations are performed to

simulate the full DOF, nonlinear wind turbine model during aconstant in
ow of 4 m/s.

Entries in Dzu and Dzw were tuned until the GAS desired torque signal was achieved.

2.8 Closed-loop and Lyapunov Stability Development

LPV control theory [28, 33, 50] allows designers to guarantee closed-loop stability and

de�ne an a-priori upper bound on performance metrics (2.4) by designing a controller sched-

uled for dynamic operation across the non-linear operatingenvelope of the plant. LPV is

a form of quasi-nonlinear control theory that can make use ofa set of linear time-invariant

(LTI) state-space representations of the plant dynamics and robust control theory for opti-

mal plant operation. For an optimal, output-feedback controller the following control law is

de�ned:

_xc(t) = Ac(� )xc(t) + Bc(� )y(t)

u(t) = Ccxc(t) + Dcy(t) (2.15)

with the closed-loop system representation given by (2.16)

_xcl = Acl(� )xcl + Bcl(� )u

y = Ccl(� )xcl + Dcl(� )u (2.16)

where the closed-loop state vectorxcl is a combination of the system state vector (2.3) and

the controller state vector (2.15):
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xcl =
�

x
xc

�
: (2.17)

The scheduling of the controller is contained withinAc(� ) and Bc(� ) as denoted by their

dependence on the scheduling parameter� (i.e. V1 ), and it is assumed thatCc and Dc are

constant [33], ensuring convexity during the optimizationprocess. The LPV controller given

by (2.15) can be represented in matrix form as

�
_xc

u

�
=

�
Ac(� ) Bc(� )
Cc(� ) Dc(� )

�

| {z }
�K (� )

�
xc

y

�
(2.18)

Substituting the de�nition of �K (� ) given by (2.18) and the closed loop state vectorxcl in

(2.17) into (2.3), the closed-loop system's matrices are computed as [33]

Acl(� ) = �A(� ) + �Bu
�K (� ) �Cy

Bcl(� ) = �Bw + �Bu
�K (� ) �Dyw (� )

Ccl(� ) = �Cz(� ) + �Dzu(� ) �K (� ) �Cy

Dcl(� ) = �Dzw(� ) + �Dzu(� ) �K (� ) �Dyw (� ) (2.19)

and the following matrix de�nitions ensure appropriate dimensions

2

4
�A(� ) �Bw(� ) �Bu
�Cz(� ) �Dzw(� ) �Dzu(� )

�Cy
�Dyw (� )

3

5 =

2

6
6
6
6
4

A(� ) 0 Bw(� ) 0 Bu

0 0 0 I n 0
Cz(� ) 0 Dzw(� ) 0 Dzu(� )

0 I n 0
Cy 0 Dyw (� )

3

7
7
7
7
5

(2.20)

Using the performance bound (2.4), the closed-loop system matrices (2.19) and (2.20),

and a Lyapunov stability approach [50], the stability constraints can be transformed into

an LMI governing the closed-loop stability and performance(2.21) [16, 33, 50], using the

Lyapunov functionsX cl and the closed-loop system de�nition (2.19).
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2

4
Acl(� )T X cl + X clAcl(� ) X clBw(� ) Ccl(� )T

Bcl(� )T X cl � 
 2
1 I D zw(� )T

Ccl(� ) Dzw(� ) � I

3

5 � 0 (2.21)

Given that equation (2.21) can be solved for the closed-loopLyapunov matrix X cl , with

the closed-loop matrixAcl , then closed-loop stability can be assured. In the derivation of an

LPV controller, this same approach is utilized in parallel with (2.4) to derive the scheduled

controller (2.18) ensuring stability and performance [16,33].

2.9 Practical Implementation

In Sections 2.7 and 2.8, the underlying theory for nonlinearstability and performance

was given as presented in the literature. In this subsection, the practical implementation

considerations for robust gain-scheduled output feedback(GSOF) controller synthesis are

presented. The practical implementation of the system di�ers from the given constraint of

(2.21), because (2.21) is actually a bilinear matrix inequality (BMI) and is very di�cult to

solve, even with today's advanced BMI solvers. Secondly, itis often the case that condition

numbers of wind turbine state-space matrices pose ill-conditioned LMI constraints, causing

problems during the optimization [53].

For an H1 control problem, the entries of the LMI constraints (� d; � D ), (� u(� ); � u),

� A (� ), � B (� ) , � C (� ), � D (� ), and � X (�; _�; �; _� ) are de�ned in [33] and shown below in

(2.22)-(2.26). These equations are used to describe the closed-loop system including the

unknown controller (2.18), as shown in Fig. 2.5, originatingfrom the open-loop LPV system

given by (2.3). These entities correspond to closed-loop system de�nitions including the

unknown controller which consists of the unknown matricesL ; H , and K .
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� A (� ) =
�
A(� )H A(� )

0 L A(� )

�
+

�
0 Bu

I n 0

�
K

�
I n 0
0 Cy

�
; (2.22)

� B (� ) =
�

Bw(� )
L B (� )

�
+

�
0 Bu

I n 0

�
K

�
0

Dyw (� )

�
; (2.23)

� C (� ) =
�
Cz(� )H Cz(� )

�
+

�
0 Dzu(� )

�
K

�
I n 0
0 Cy

�
; (2.24)

� D (� ) = Dzw(� ) +
�
0 Dzu(� )

�
K

�
0

Dyw (� )

�
(2.25)

� X (�; _� ) =
�
� _H 0

0 _L

�
: (2.26)

The quantity � 1 (�; _�; �; _� ) is de�ned as [33]:

� 1 (�; _� ) =

2

4
� A (� ) + � A (� )T + � X (�; _� ) � C (� )T � B (� )

? � 
 1 I nz � D (� )
? ? � 
 1 I nw

3

5 (2.27)

where? denotes entries resulting in a symmetric matrix �1 (i.e., � 1 = � T
1 ). Using (2.27),

the �nal form of the inequality constraint for robust optimi zation is given by (2.28) and

(2.29), providing a robust implementation of optimizationconstraints stemming from the

constraint (2.21) [33].

�
H I n

I n L

�
> 0 (2.28)

2

4
� 1 (�; _� ) ?�

� d(�; _� ) 0 0
� u(�; _� ) 0 0

� �
� d(� ) 0

0 � u

�
3

5 < 0 (2.29)

Equations (2.21) and (2.22)-(2.26) provide the �nal form ofthe LMI's (2.28) and (2.29)

to be used in the synthesis of the unknown matrix variables. Solving the LMI's (2.28)-(2.29)

gives the unknown optimization variablesL ; H , and K (2.30) [33] which are then used to

reconstruct the controller �K (� + � ) as shown in (2.30) [33].

�K (� ) =
�
� L � 1 Bu

0 I nu

�
�

 

K �
�
L A(� )H 0

0 0

� !

�
�

Y � 1 0
� CyH Y � 1 I ny

�
(2.30)
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2.9.1 Controller Design Summary

The optimization measure
 1 and constraints developed in Sections 2.8 and 2.9 provide

a framework for optimal LPV turbine torque controller synthesis through a robust constraint

implementation [33]. The Region of feasible solutions is constrained by the a-priori de�nition

and ranges of the scheduling parameter� . While the procedure outlined in Section 2.9 is

robust for a generalized system size, it is still a BMI despite the congruence transformation

described in [50] due to the multiplication of matrix variables � 1, E2, K and L . The

evolution of conic solvers [52] have catalyzed the use of LPVcontrollers, however, solving

a BMI is still much more computationally expensive than solving an LMI. For that reason,

practical assumptions using arbitrarily chosen values forthe aforementioned matrix variables

can be assigned to reduce BMI's to LMI's. For example, choosing � 1 2 [0 : 1] or E2 = I t � t .

In addition to the iterative tuning of the performance vector z and constraining se-

lected optimization variables, the feasibility and convergence of the optimization problem

also hinges on factors such as the number of grid points used [51], the convergence criterion

speci�ed for the conic solver [52], the range of wind speeds used in the scheduling of the

system's dynamics, and the upper and lower bounds used in constraining the performance

metric 
 1 .

This section is concluded with a summary of the steps taken during the development of

the LPV controller as presented in this chapter:

� Step 1: De�ne LPV architecture (2.3) and model system using that architecture with

appropriate time-varying parameter choice.

� Step 2: Select the allowable upper limit
 1 on the gain from exogenous disturbance

to performance vector (2.4).

� Step 3: Characterize upper and lower bounds on the time-varying parameter and its

rate of variation (2.5).
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� Step 4: Select operating points for calculation of the basisfunctions (Table 2.2, Figures

2.2-2.4).

� Step 5: Characterize parameter dependence by approximate a�ne polynomials (2.11)-

(2.13).

� Step 6: Based on desired performance, tune weighting functions to achieve desired

commanded torque signal via the method shown in Fig. 2.5.

� Step 7: Use LPV/H1 theory to establish the (B)LMI conditions for robust performance

(Section 2.8).

� Step 8: Convert the BMI to an LMI to obtain feasible solutionsfor the controller

(Section 2.9).

� Step 9: Match torque commands for an optimal tip speed ratio� � value through ad-

justment of Dzu(� ) (Section 2.7). If torque command does not match desired command,

return to Step 6.

The process described above, as with most control synthesisand application problems

requires adjustments during the implementation phase due to un-modeled dynamics not

included in the reduced order model used for controller synthesis. The iterative nature of

the tuning and implementation is captured and displayed by Fig. 2.5.

2.10 Simulation

LPV control design has many advantages to traditional gain-scheduling due to its a-

priori guarantees of stability and performance for nonlinear systems, subject to the system

and model staying within the required assumptions facilitating such theoretical guarantees.

However, these guarantees and performance criterion are only valid for the LPV model (2.10)

used in the controller synthesis process along with any included a-priori uncertainty. To test

applicability to a more realistic wind turbine model, the controller performance is tested

within the aeroelastic simulation tool FASTv8 [55].
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2.11 Baseline Case and Simulated Environment

The baseline (BL) torque control is a look-up table (LUT) scheme as described in [19,

62, 63] and applied to the same SUMR-D rotor shown in Fig. 2.6.

Figure 2.6: Block diagram showing baseline control architecture consisting of two control
loops designed in parallel: an optimal torque LUT with a PI gain-scheduled pitch controller.

The in
ow conditions to be simulated fall within the operational Design Load Cases

1.1 and 1.2 as de�ned in IEC 61400-1 [57]. Turbulence characteristics as generated by

TurbSim [66] are representative of turbulence characteristics as experienced at the National

Wind Technology Center (NWTC) near Boulder, CO. The site requires class I-A turbulence

analysis, and 600-second turbulent wind �les with a mean wind speed of 4 m/s, which is

within the SUMR-D's Region 2 operating range, but includes above-rated in
ow conditions

simulating a transition from Region 2 to Region 3. Furthermore, all data channel names and

axis conventions follow those used by FASTv8 [55], and are described in the Nomenclature

section.

2.12 Turbulent In
ow

Analysis presented in this section provides insight to the LPV torque controller's (LPV)

ability to limit oscillations in LSS and HSS torsion, and its ability to track � � . To fur-

ther quantify the LPV controller's performance in terms of fatigue load reduction, Damage

Equivalent Loads (DELs) are used as a metric for multiple load channels to assess fatigue
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distribution across a variety of turbine load channels withadditional wind input �les used

for the analysis to increase the statistical signi�cance ofthe results. Additionally, insight

into the e�ects of LPV drivetrain damping control on aerodynamic and structural loads will

further quantify the bene�ts and setbacks of this synthesismethodology.

A sample time series plot exemplifying the controller's performance is shown in Fig. 2.7.

The FAST output signal LSS torsional moment (LSSMxa) is used as a proxy for the driv-

etrain torsion as the drivetrain torsion� is not an available output in FASTv8. Periods of

increased drivetrain damping are observed with the LPV torque controller as compared with

the baseline controller especially around t=125s, but there is not a clear overall di�erence

for the entire time series. Table 2.3 summarizes results of statistical analysis of the variance

for the load channels depicted in Fig. 2.7. The statistical results paint a clearer picture with

LSS torsional moment (LSSMxa) of the LPV controller having a10.71% lower variance than

the BL, the tower base side-to-side moment (TwrBsMxt) having a 30.54% lower variance,

while the tower base fore-aft moment (TwrBsMyt) has a 19.95%larger variance than the

BL controller. Also, note that the variance of generator power increases by 17:01%, which

is correlated to the controller attempting to control for high frequency in
ow conditions,

causing more variations in the power signal. The reduction in the in-plane loads is due to

the LPV controller applied generator torque aiming to maintain the rotor's angular velocity

and minimize torsional oscillations between the LSS and HSS,all acting in planes parallel

to that of the rotor.

The torque controller's main goal during below-rated operation is to track the design

� � to maximize energy capture. Figure 2.8 depicts a time series plot showing � � tracking

computed using (2.31) wherei denotes the instantaneous parameter value as contained in

the FASTv8 output data.
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Figure 2.7: Simulation time-series comparison of SUMR-D performance: Generator Power
Pgen, LSS torsional momentLSSMxa, tower base side-to-side bending momentTwrBsMxt

given in (MN-m), and tower base fore-aft bending momentTwrBsMyt for a turbulent in
ow
with a mean wind speed of 4 m/s.

Table 2.3: Data channel variance (� ) comparison. The values in the table compare the per-
cent di�erence between the two controllers (BL and LPV) computed using %� = (LP V � BL )

BL .

%� � LSSMxa %� � T wrBaseMxt %� � T wrBaseMyt %� � GenP ower

-10.71 -30.54 19.95 17.01

� i =

 i

r R
V i

1
(2.31)

The mean value of� as tracked for the BL controller is 10.44 while the LPV controller

maintains a mean value of 9.09, with the variances being 9.22and 7.20, respectively. From

this, it can be concluded that the LPV controller maintains the turbine closer to� � (9:5)

than the BL controller, resulting in more e�cient energy production. At approximately 375

seconds, the tip speed ratio (� ) plot shows a huge spike, corresponding to the dip in wind
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speed that can be seen in Fig. 2.7. However, the magnitude of theturbine's response is

limited through LPV control action.

Figure 2.8: Time-series plot showing the tip speed ratio as tracked during a turbulent in
ow
with a mean in
ow of 4 m/s.

To further quantify the di�erences in controller performance, power spectral density

(PSD) plots of the applied generator torque� g (Fig. 2.9) and the LSS torsion (LSSMxa),

(Fig. 2.10) between the baseline and LPV controllers architectures are analyzed.

Examining Fig. 2.9, it can be seen that the LPV controller causes a slight decrease in� g

power across all frequencies as compared to the baseline controller for similar power produc-

tion shown (Fig. 2.11) at below-rated operation. However, there is a noticeable decrease in

the signal power at the rated frequency of 2.3 rad/s, meaningthat while the controller is de-

manding similar power production at lower angular velocities, it is producing less power than

the baseline controller at rated conditions. Additionally,Fig. 2.10 demonstrates that there

is not a signi�cant reduction in signal power for the drivetrain torsion near the 1P nor the

2P harmonics, but there is a reduction in signal power at higher frequencies representative

of the targeted drivetrain eigen-frequency.
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Figure 2.9: Power spectral density plot comparing torque control signals for BL and LPV
controllers as simulated during the 4 m/s in
ow condition shown in Fig. 2.7.

Figure 2.10: Power spectral density plot comparing LSS torsion for BL and LPV controllers
as simulated during the 4 m/s in
ow condition as shown in Fig. 2.7.
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Figure 2.11: Power spectral density plot comparing generator power signals for baseline BL
and LPV drivetrain LPV controllers as simulated during the 4m/s in
ow condition as shown
in Fig. 2.7.

Time series and power spectral density analyses have provided insights to successes and

failures of the control synthesis procedure presented in Section 2.3. In addition to these two

analysis methods, fatigue analysis can also be used to compare the BL and LPV controllers.

2.13 DELs Analysis

As with all systems, wind turbines are subject to the conservation of energy, and with

decreases in targeted load channels, there may be increasesin other load channels. The

fatigue analysis on turbine components is performed using six turbulent in
ow �les generated

using unique seeds, each with a mean wind velocity of 4 m/s. Results are processed using the

rain-
ow algorithm available through MLife [67]. The maximum allowable load used during

the rain-
ow counting was computed according to a maximum allowable strain calculation for

carbon and glass materials used in the material lay up speci�ed by the structural designer

of the SUMR-D and presented in [10]. Figure 2.12 shows a comparison of the change in

aggregate DELs between the BL and LPV controllers for multiple load channels.
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Figure 2.12: Comparison of aggregate DELs as computed using �xed mean cycle load ranges
[67].

In Fig. 2.12, a negative %� represents a reduction in the speci�ed load channel for the

LPV controller as calculated using the equation

%� =
LPVfatigue � BL fatigue

BL fatigue
: (2.32)

Trends in Fig. 2.12 rea�rm the variance analysis of the time-series data with decreases in

DELs for almost all of the in-plane loads. The LPV controllerwas able to reduce the LSS

torsional DEL by 5.80%, the tower base side-to-side DEL by 14.34%, but with an unfortunate

increase in tower base fore-aft DEL of 2.18%. The increase intower base fore-aft bending

moment DEL is not surprising, as the main driver behind out-of-plane loads are driven by

thrust force, requiring pitch actuation for substantial in
uence as has been shown in [20].

Overall, the LPV damping controller results in lower DELs across a wide variety of turbine

components, with focused fatigue reductions for in plane loads.
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CHAPTER 3

LINEAR PARAMETER VARYING MODELING AND CONTROL

3.1 Introduction

Synthesis of controllers is often preceded by low order, dynamic model development

for a system of interest. Ideally, the model will capture system dynamics accurately while

requiring as little computational power as possible, providing a computationally inexpensive,

generalized framework for plant dynamic prediction dependent on a few key parameters that

can be adjusted depending on the speci�c plant of interest. To deal with non-linear, time

varying dynamics the modeling and control problem for SUMR wind turbines is approached

using linear parameter varying (LPV) modeling techniques.

Since its advent, LPV modeling and control has grown by leapsand bounds with appli-

cations ranging from wind turbines [16] to high performanceaircraft [33] to robotics [34] and

even crane technology [35]. The theory was �rst introduced four decades ago [28], and has

since been catalyzed by the demand for computationally e�cient, optimal, nonlinear control

architectures. Whereas gain scheduling originated as an ad-hoc control architecture with

no easily generalizable method for �nding a-priori stability guarantees, LPV presents theory

and methods for control designers to guarantee stability during the design process and even

impose performance bounds for speci�ed signals of interestfor plants with nonlinear dynam-

ics. With such a wide range of application, and each plant presenting its own challenges

and intricacies to modeling and control synthesis, the result is a �eld rich with choices and

opportunities. The �eld has since gathered a large following due to its ability to incorporate

and blend with many di�erent existing control synthesis methods to realize a controller with

highly customized, consciously designed, properties.

LPV modeling and control lends itself to a wide range of applications and can easily be

adapted to accommodate various control synthesis methodologies ranging from self-learning
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adaptive control [36],H1 / H2 robust control [33], and even some instances of model predic-

tive control applied to linear time varying (LTV) systems [37]. LPV modeling architectures

can take several di�erent forms ranging from a�ne parameterdependence, polynomial pa-

rameter dependence, polytopic architectures, to auto regressive moving average (ARMA)

input-output architectures [38, 39]. The glue which binds all the modeling methods under

the umbrella of LPV is the models' scheduling of plant dynamics based on a measurable

signal that can be used during operation to accommodate for nonlinear behaviors [33]. How-

ever, each of the model structures lend themselves to particular applications and control

theories.

This paper presents several approaches to the development of LPV models applied to

variable-speed-variable-pitch (VSVP) wind turbine application. Furthermore, the paper will

examine the advantages and disadvantages of each method from the perspective of control

synthesis utilizing numeric examples to illustrate such claims. The contributions of this

paper are as follows:

1. Qualitative comparison of model di�erences for four di�erent parametrically varying

models

2. Comparison of aerodynamic basis functions generated through a family of FAST LTI

systems and torqueCq coe�cient surface

3. Qualitative comparison of dynamic model properties across turbine scales

4. The impacts of modeling choice on linearized plant stability across the operational

envelope

5. LPV control synthesis for a 50 MW wind turbine with comparison to a baseline con-

troller
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3.2 Background of LPV Systems

This section introduces the principles necessary for LPV modeling via three architectures:

a�ne parameter dependent, polynomial parameter dependent, and polytopic architectures.

These three architectures will then be examined in terms of the behavior they capture and

impact on control design in the following sections.

LPV system dynamics are scheduled based on a measurable scheduling parameter whose

main purpose is to choose the local dynamic description based on the current operating

conditions. There are two main classi�cations of the scheduling parameter: exogenous and

endogenous. A scheduling parameter is exogenous if it is external to the system, and in

that case the system is non-stationary. If a parameter is a function of the state variable

(i.e. � = � (x(t); t)), it is deemed endogenous and the system is referred to as quasi-LPV

[39]. Furthermore, LPV control theory assumes that scheduling parameters be continuously

di�erentiable, bounded and lie within a closed, convex set [33]. Depending on the approach

that the designer uses for controller synthesis, assumptions on the scheduling parameter's

rate of variation must also be satis�ed [33]. Constraints onthe scheduling parameter's rate

of variation must be satis�ed when the controller is synthesized using parameter dependent

Lyapunov matrices [33] for necessary stability conditions. In this section, the formats for

three types of LPV system architectures that will be compared in this paper are given:

(I) A�ne Parameter Dependent Architectures

(II) Polynomial Parameter Dependent Architectures

(III) Polytopic Architectures

for a system with state-space representation as shown in (3.1) and (3.2).

_x(t) = A(� )x(t) + Bw(� )w(t) + Bu(� )u(t) (3.1)

y(t) = C(� )x(t) + Dyw (� )w(t) (3.2)
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I For a�ne parameter dependent LPV systems the scheduled system matrices are formed

as shown in (3.3)

A(� ) =
1X

i =0

A i � i

B(� ) =
1X

i =0

B i � i

(3.3)

C(� ) =
1X

i =0

Ci � i

D(� ) =
1X

i =0

D i � i

wherei refers to the operating point at which the LTI system was realized.

II For polynomial dependent systems, system matrices take the form (3.4).

A(� ) =
NX

i =0

A i � i

B(� ) =
NX

i =0

B i � i

(3.4)

C(� ) =
NX

i =0

Ci � i

D(� ) =
NX

i =0

D i � i

While system dynamics are allowed to vary non-linearly with the scheduling parameter

via the � i term, the system is still linear with respect to (w.r.t) the states in (3.1).

III Polytopic architectures constrain the scheduling parameter to a convex set within a

polytope with the sum of all scheduling parameters equal to one. Systems that can be

modeled using the a�ne (3.3) and polynomial (3.4) architectures can also be written
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using a polytopic coordinate transformations (3.6)-(3.9)from [39] taking the form

�
A(� 1;2) B (� 1;2)
C(� 1;2) D(� 1;2)

�
=

sX

i =1

� i

�
A(! i ) B (! i )
C(! i ) D(! i )

�
(3.5)

! 1 = ( �
1
; �

2
); � 1 =

�
� 1 � � 1

� 1 � � 1

�
�

�
� 2 � � 2

� 2 � � 2

�
(3.6)

! 2 = ( �
1
; � 2); � 2 =

�
� 1 � � 1

� 1 � � 1

�
�

�
� 2 � � 2

� 2 � � 2

�
(3.7)

! 3 = ( � 1; �
2
); � 3 =

�
� 1 � � 1

� 1 � � 1

�
�

�
� 2 � � 2

� 2 � � 2

�
(3.8)

! 4 = ( � 1; � 2); � 4 =
�

� 1 � � 1

� 1 � � 1

�
�

�
� 2 � � 2

� 2 � � 2

�
(3.9)

with
P s

i =1 � i = 1; � i > 0, s is the number of vertex points,� 1;2 represents the two

scheduling parameters constraining the polytope shown in Fig. 3.1 (rotor speed 
r = � 1

and in
ow wind velocity V1 = � 2), ! i corresponds to a speci�c combination of� across

the vertices, � is the polytopic coordinate transformation gain, and (3.5)is in block

matrix form.

LPV modeling architectures I-III each have their own advantages and disadvantages for

a chosen application. For instance, architecture I decreases the computational expense nec-

essary for optimal controller synthesis, but cannot be applied to plants requiring scheduling

functions with order two or above. And visa versa, for architecture II the computational

expense increases during optimization and controller synthesis, but is able to capture highly

nonlinear dynamics through higher order scheduling functions.

In the next section, methods for generating turbine basis functions that can be used with

LPV architectures I-III and list the four speci�c model combinations will be described and

compared.
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Figure 3.1: Polytope with vertices� v1,� v2,� v3, and � v4. This region is constrained by the two
scheduling parameters� 1 = 
 r and � 2 = V1 . The trajectories depicted represent steady-
state operating points corresponding to a SUMR 50 MW wind turbine. The operating
trajectories aim to track an optimal tip speed ratio� � during below-rated operation, and
rated generator angular velocity for above-rated operation [16].

3.3 Basis for Wind Turbine Modeling

VSVP wind turbines typically follow a power curve in which generator torque � gen is used

to control rotor speed 
 r for the lower wind speed portion of the operating trajectoryand

collective blade pitch� is used to control rotor speed 
r for the upper wind speed portion of

the operating trajectory. The primary disturbance that drives rotor speed 
uctuations is the

aerodynamic torque� aero, which is a function of three independent variables:� aero(
 r ; V1 ; � ).

In this paper, � aero is approximated using �rst order Taylor Series expansions around an

operating point shown in (2.9).

Due to the large operational envelope of VSVP wind turbines these operational trajec-

tories tend to be non-linear. To further illustrate this point, normalized sensitivity values

for @�aero
@
 r

are plotted for a VSVP turbine in Fig. 3.2. The trend depicted in the �gure can

be approximated by piece-wise, a�ne representations as in (3.3) or polynomial dependence

as in (3.4) as scheduled on the normalized free stream wind speed V1 . In the following

sub-sections, the three LPV architectures (I)-(III) introduced in Section 3.2 will be used to
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develop LPV models for the three SUMR turbines.

Figure 3.2: Values of@�aero
@
 r

obtained at desired operating points (red line with blues dots)
and a second order approximation (solid blue line) of aerodynamic torque basis function,
@�aero
@
 r

.

A�ne system representation within the scope of wind turbinescan be used to schedule

system dynamics for either below or above rated, however, they are poorly suited to schedule

system dynamics across the full operational range. VSVP wind turbines normally have two

distinct regions of operation, region II and region III. During region II operation collective

blade pitch is held constant while generator torque is varied for optimal tip speed ratio

tracking, while during region III operation generator torque is held constant and collective

blade pitch is varied for reference rotor speed tracking [13]. Aerodynamic torque is the

main force driving operational turbine dynamics, and the relevance of the simpli�ed model

depends on its ability to capture these nonlinear trends across the full operational envelope.

3.3.1 LPV Modeling for VSVP Wind Turbines

This section introduces four LPV modeling combinationsM1 -M4 that utilize the LPV

architectures I-III and are derived from di�erent basis function methods as will be explained

in Section 3.3.2. In this list of models, the nomenclature C#indicates the modeling approach
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to be described in Subsection III-C#.

M1 Polynomial LPV architecture II with the state-space, interpolated aerodynamic basis

functions obtained via FAST LTI interpolation as described in Section 3.3.3. The state space

representation is the two mass, 
exible, drivetrain model given as (2.10), where the FAST

LTI interpolation provides the required partial derivatives, andCd, kd, I r , and I g are the

drivetrain damping coe�cient, torsional spring constant, rotor inertia, and generator inertial

respectively. The model includes a 
exible drivetrain so that the controller can be used to

damp the drivetrain torsion mode that can be problematic forwind turbines.

M2 Polynomial state-space interpolated FAST [55] model constructed via method 3.3.3,

and the above-rated variable-pitch control [19].

M3 Polynomial state-space, variable-speed, variable-pitch, LPV model derived and pre-

sented in [16] with basis functions obtained using method 3.3.4. The model form is given

by (3.10). In (3.10), the partial derivatives of � aero are denoted asB r (� ) = @�aero (� )
@
 r

,

kr;� (� ) = @�aero (� )
@� , and kr;V (� ) = @�aero (� )

@V1
, but their quantitative values are derived utiliz-

ing steady state values in conjunction withCq surface.

2
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(3.10)

M4 Polytopic state-space LPV architecture with coordinate transformation as presented in

[39], with a four vertex polytope (Fig. 3.1). Basis functionswere obtained via method 3.3.3.

The scheduling parameter sets used for model interpolationare de�ned as a transformation

to polytopic coordinates (� i ) as given by (3.6)-(3.9), with the resulting LPV system given

by (3.5).

Table 3.1 summarizes the models to be compared in the following sections. In this paper,

two main methods for generating the basis functions [16, 68]necessary for wind turbine

modeling are considered; FAST linearizations [55] and through the use of the torqueCq
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Table 3.1: Summary of modeling approachesM1 -M4 incorporate di�erent LPV modeling
architectures and model approaches.

coe�cient surface [33].

By letting N = 1 or larger, the model structuresM1 -M3 can be approximated via a�ne

or polynomial parameter dependence, and with the choice ofV1 as the scheduling parameter,

all models are non-stationary. The polytopic modelM4 is constrained to the form shown

in (3.5), however the number of vertices is allowed to vary for an arbitrarily large number

of points, with the caveat that as the number of vertices increases the computation of the

polytope becomes intractable. The polytopic method is a popular choice for many LPV

modeling applications due to its ability to approximate convex sets [50].

3.3.2 Methods for Basis Function Generation

This section presents an analytic comparison of the aerodynamic basis functions for the

SUMR-13A [61] and its gravo-aeroelastically scaled counterpart, the SUMR-D [58]. These

turbines are part of a research campaign funded by ARPA-E to bring innovative design

concepts [6, 7, 10, 11] into commercialization in order to reduce the levelized cost of energy

(LCOE) for wind farms. These basis functions have been generated via interpolation of FAST

LTI systems versus utilizing the corresponding torque coe�cient Cq surface for operating

points de�ned in Tables 3.2 and 3.3. The operating points arechosen based o� of steady

state simulations for constant in
ow conditions corresponding to control signals determined

by a baseline control architecture [19].
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Table 3.2: SUMR-13A operating points used for LTI system generation

V1

(m/s)

 r

(rpm)
� g

(N-
m)

�
(deg)

5 4.9 16630 0.476
6 5.195 28410 0.476
7 5.719 41260 0.476
8 6.506 53400 0.476
9 7.301 67250 0.476
10 8.094 82640 0.476
11 8.861 99040 0.476
12 9.551 115000 2.714
13 9.551 115000 6.507
14 9.551 115000 8.601
15 9.551 115000 10.29
16 9.551 115000 11.78
17 9.551 115000 13.13
18 9.551 115000 14.38
19 9.551 115000 15.54
20 9.551 115000 16.62
21 9.551 115000 17.66
22 9.551 115000 18.67
23 9.551 115000 19.65
24 9.551 115000 20.62
25 9.551 115000 21.58

Table 3.3: SUMR-D operating points used for LTI system generation

V1

(m/s)

 r

(rpm)
� g

(N-
m)

�
(deg)

3 12.33 173 -5
4 16.38 305.9 -5
5 20.37 472.8 -5
6 21.97 550 5.288
7 21.97 550 9.065
8 21.97 550 11.91
9 21.97 550 14.33
10 21.97 550 15.51
11 21.97 550 18.42
12 21.97 550 20.35
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Since the SUMR-D is smaller and scaled, it operates at lower wind speeds, higher rota-

tional speed, and lower torque than the SUMR-13. The below-rated pitch angle has been

reduced to -5 deg to better match gravo-aero-elastic scaling properties [58].

In comparing the basis functions for the two turbines, the aim is to identify and quantify

how the choice of basis function source might a�ect the prediction of plant dynamics for the

full LPV model and where plant gains have the widest range.

The structured aerodynamic basis function approach [68] begins with a physics based

derivation of the wind turbine component sub-systems. For rotor speed regulation, the

sub-system of interest is the drivetrain, connecting the rotor to the generator. Speci�cs

concerning the derivation of this model are given in [16], with slight di�erences depending

on the desired �delity of the end model and whether the gear box is explicitly included.

Examining (2.10), the only parameter-varying terms in the model are the partial derivatives

of the aerodynamic torque, which are referred to as the aerodynamic basis functions. For

this speci�c application, the aerodynamic basis functionsare computed via interpolation of

entries in FAST LTI linearizations corresponding to the respective sensitivity values.

3.3.3 FAST LTI Interpolation

Figures 3.3-3.5 show normalized values of the basis functions for � aero for the SUMR-D

and SUMR-13A turbines for operating points given in Tables 3.2 and 3.3. The trends across

the two turbine con�gurations are expected to align as the SUMR-D is an aero-elastically

scaled version of the SUMR-13A [58].

The values in Figures 3.3-3.5 are obtained by extracting entries corresponding to the

desired basis function from the LTI systems that are the outputs of the FAST linearizations.

The process utilizes the entries in the JacobiansC and D as shown in (3.2), corresponding

to the � aero-
 r , � aero-V1 , and � aero-� input-output pairs at each operating point. Each of the

dots represent a discrete linearization corresponding to aturbine operating point. For the

sake of LPV modeling, and polynomial approximations can be constructed to interpolate

across the full envelope of operation based on in
ow wind velocity V1 . The LPV modeling
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Figure 3.3: Partial derivative of aerodynamic torque with respect to rotor speed@�aero
@
 r

nor-
malized by its value at rated conditions, computed using FASTlinearizations.

approaches utilizing FAST LTI systems can only be employed ifFAST input �les are available

for the turbine.

3.3.4 C q Partial Derivative

Another approach to computing aerodynamic basis functions without FAST linearizations

is to utilize steady state operating trajectories in conjunction with the torque coe�cient Cq

surface [16, 33]. TheCq surface characterizes a wind turbine rotor design, relating the rotor

power in relation to available wind power as functions of in
ow wind, blade pitch, and rotor

speed (i.e. Cq(V1 ; �; 
 r )). This approach can be more easily applied to physical turbines

currently in �eld operation.

Figures 3.6-3.8 compare the normalized values of the partialderivative of aerodynamic

torque � aero w.r.t rotor angular velocity 
 r , in
ow wind V1 , and blade pitch� as calculated

using the torqueCq coe�cient surface for SUMR-D and SUMR-13A. The x-axis is normalized

to the respective turbine's rated wind speed (5:05 m/s for the SUMR-D and 11:3 m/s for

SUMR-13A) and the y-axis is normalized to the respective sensitivity value at the rated

in
ow condition.
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Figure 3.4: Partial derivative of aerodynamic torque with respect to in
ow wind @�aero
@V1

nor-
malized by its value at rated conditions, computed using FASTlinearizations.

3.4 LPV Model Comparison

This section presents a comparison of dynamic LPV models forstate and control vectors

shown in (3.11).

y =

2

4
� 
 r

��
� 
 g

3

5 (3.11)

u =

2

4
�V1

�� g

��

3

5

The four di�erent LPV model combinations that will be utiliz ed are M1 -M4 as applied

to the SUMR-D (with blade length Lblade = 22m), SUMR-13A (Lblade = 104m), and the

SUMR-50 (Lblade = 250m) wind turbine con�gurations.

In the remainder of this section LPV model combinationsM1 -M4 are compared via

Bode magnitude response analysis. Our frequency response analysis will examine model

di�erences that in
uence necessary shaping and end controller characteristics.

After the LPV model combinations are examined, a dynamic comparison across turbine

scales aims to identify how di�ering plant dynamics caused by similar plants being scaled
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Figure 3.5: Partial derivative of aerodynamic torque with respect to blade pitch @�aero
@� nor-

malized by its value at rated conditions, computed using FASTlinearizations.

up or scaled down impacts resulting plant dynamics. Additionally, the dynamic comparison

of the SUMR-13A and SUMR-D wind turbine models will aim to identify information pre-

served through gravo-aero-elastic scaling [58] and how scaling might used to tune and obtain

controllers for similar plants across scales.

3.4.1 A�ne versus Polynomial Architecture Comparison

This section presents a comparison of models generated using a�ne and polynomial

scheduling functions. As shown by Fig. 3.2, nonlinear behavior is observed in the aerody-

namic torque sensitivities across the full envelope of operation. With drivetrain and rotor

dynamics directly in
uenced by these two sensitivities, LPV architectures that are based on

higher order polynomials are better able to capture trends across the full envelope of oper-

ation. Figure 3.9 depicts dynamic predictions for an a�ne architecture and an architecture

scheduled using a 2nd order polynomial for operating points corresponding to 3; 6 and 9 m/s

in
ow velocities generated via FAST LTI interpolation for the SUMR-D turbine utilizing

modeling approachM2 .
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Figure 3.6: Partial derivative of aerodynamic torque with respect to rotor speedB r normal-
ized by its value at rated conditions, corresponding toV1 normalized by its rated value,
computed using theCq surface in conjunction with steady-state torque� g, blade pitch � ,
and rotor speed 
r values as outlined in methods presented in [16].

Examining the two architecture's, and behaviors at the corresponding operating points,

signi�cant magnitude di�erences for these two choices of scheduling parameter and polyno-

mial order, especially near the higher frequencies and for the blade pitch input � , are ob-

served. This characteristic would have a direct e�ect on thesynthesized controller in terms

of controller conservativeness. This fact can be related back to Fig. 3.2. The aerodynamic

torque � aero function is nonlinear and therefore more di�cult to represent using the a�ne

polynomial, especially for operation that crosses rated, resulting in a loss of information.

Thus, 2nd order polynomial architecture is expected to be a more accurate representation of

the system dynamics in Fig. 3.9.

3.4.2 Model Comparison { SUMR-D

This section compares the four modeling approachesM1 -M4 as applied to the SUMR-D

turbine. Figure 3.10 presents frequency responses for each of the input-output pairs formed

from the signals in (3.11). The rated rotor angular velocity
 r for the SUMR-D is 0:3662

Hz.
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Figure 3.7: Partial derivative of aerodynamic torque with respect to in
ow wind kr;V nor-
malized by its value at rated conditions, corresponding toV1 normalized by its rated value,
computed using theCq surface in conjunction with steady-state torque� g, blade pitch � ,
and rotor speed 
r values as outlined in [16].

For model structure M3 given by (3.10), notice the inclusion of a blade pitch actuator

lag � not included in model structureM1 . This parameter provides important information

about actuator lag, which can result in reduced performanceor, in extreme cases, instability.

Finally, note that model M3 [16] is derived for a direct drive con�guration (i.e. no gearbox),

while modelM1 is derived based o� of a geared drivetrain con�guration.

Now a detailed review of the information that can be gleaned from a few of the subplots

in Fig. 3.10 will be given in terms of system characteristics and potential impacts on con-

troller design.

Under-damped Plant ModesNotice similarities in inherent plant damping properties across

architectures by examining sharp peaks in the Bode magnitude response plots. Sharp peaks

in the plots represent under-damped system modes. Focusingprimarily on the blade col-

lective pitch � input-output pairs ( G� ! 
 r , G� ! � , G� ! 
 gen ), the LPV model combinations

M1 -M4 all contain under-damped modes as expected due to the SUMR-D drivetrain having

zero damping in alignment with the CART2 properties [69, 70].CART2 is the platform on

which the SUMR-D rotor is being tested.
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Figure 3.8: Partial derivative of aerodynamic torque with respect to blade pitchkr;� nor-
malized by its value at rated conditions, corresponding toV1 normalized by its rated value,
computed using theCq surface in conjunction with steady-state torque� g, blade pitch � ,
and rotor speed 
r values as outlined in [16].

Dynamic Variation The predicted variation of plant dynamics with in
ow wind velocity V1

varies from model to model.H1 LPV theory aims to synthesize a controller limiting the

worst case of exogenous input gain over the selected performance signal. Given a plant

with larger dynamic variation across the operational envelope as can be seen in Fig. 3.10,

upper right subplot with input � and output 
 r for model combinationM2 , the resulting

controller would be more conservative than one obtained using a model with less variation.

Model variation shown byM4 appears as a single line, with almost no spread. This is an

attribute of the polytopic coordinate transformation. Evaluating the plant at the vertices

constraining the region of feasible operation provides a set of linearizations constraining the

worst case scenarios for exogenous disturbance e�ects on the plant.

EigenvaluesAn important aspect of any model is where the eigenvalues of the state matrix

A reside on the complex plane. Examining Fig. 3.11, there is signi�cant variation in the

eigenvalues across operational wind speeds, and across models. ModelsM2 , M3 , and M4

all have unstable poles in the open right half plane (RHP) for at least one of the operating

points. M2 has unstable eigenvalues for operating points corresponding to the in
ow condi-
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Figure 3.9: Comparison of an a�ne LPV model (green lines) and a2nd order polynomial
model (red lines) evaluated at wind speeds 3; 6; 9 m/s utilizing interpolated FAST LTI sys-
tems (modeling combinationM2 ) applied to the SUMR-D wind turbine.

tions of 4� 11 m/s andM4 has all eigenvalues in the RHP.M3 contains unstable eigenvalues

corresponding to operating points associated with 11 m/s in
ow condition, while M1 is the

only model with all poles in the left half plane (LHP). While theunstable eigenvalues in

M2 are near the origin (i.e. eigenvalues on the order of 1e-3), they still constitute unstable

modes at in
ow conditions of 4� 11 m/s.

Furthermore, the eigenvalue pattern observed forM1 and M3 are representative of a 3rd

order system with a pair of complex-conjugate poles and a real pole, which is expected for an

under-damped model with oscillatory steady-state behavior. For model M3 , the real pole is

in the LHP across most of the operational envelope, whileM1 's real pole is in the LHP for

all operating points. It should be noted that Fig. 3.11 is for an LPV model scheduled on a

2nd order polynomial, which directly impacts eigenvalues and time response.

M1 predicts a much larger variation in pole location across turbine operating points,

in addition to complex-conjugate eigenvalue pairs with smaller magnitudes. The larger

variation in eigenvalues across the operational envelope of M1 is attributed to the lack of
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Figure 3.10: Model comparison for the full range of operational wind speeds for SUMR-D
using 2nd order polynomials.

damping in the model.

Finally, it is necessary to point out that the states for models M1 and M3 are slightly

di�erent than those of modelsM2 and M4 . For M1 and M3 the state vector is de�ned as

(3.12).

x1 =

2

4
� 
 r

��
� 
 g

3

5 (3.12)

For M2 and M4 the state vector is de�ned as (3.13)

x2 =

2

6
6
4

� g

��
� _ g

� _�

3

7
7
5 (3.13)

where� g is the azimuth position of the high speed shaft,�� is the drivetrain torsion angle,

and _� is a time derivative.
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Figure 3.11: Eigenvalues for modelsM1 -M4 across operational wind speeds given in Table
3.3. The eigenvalue associated with the pitch state in modelM3 has been excluded from
the plot.

Time ResponseExamining step response across all models for transfer function GV1 ! 
 r

provides information about the time response variations across the models.

Figure 3.12 displays these step responses for a single operating point corresponding to

4 m/s in
ow. As would be expected based on the larger positive (unstable) eigenvalues

(Fig. 3.11), model M1 shows the largest magnitude gain across the set of LPV models.

Additionally, the use of a higher order polynomial to schedule aerodynamic basis functions

results in a di�erent time response, due to a better approximation of in
ection points for

basis functions asM1 is the most sensitive to polynomial order. The polytopic model M4

shows better agreement with the output of the nonlinear OpenFAST model, but predicts a

larger gain, as attributed to the polytopic transformationwhich aims to model the system

based on the largest gains the exogenous disturbance has on plant performance signals.M3

undershoots the nonlinear model, slightly under-predicting the rotor sensitivity to in
ow,

and M2 provides the lower bound across the model combinations withslightly more error

magnitude than M3.
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Figure 3.12: First ten seconds of the step response for modelsM1 -M4 as scheduled using
a 2nd order polynomial for the SUMR-D transfer functionGV1 ! 
 r for an LTI system cor-
responding to 4 m/s in
ow. The dashed red line shows the step response of the SUMR-D
turbine simulated by OpenFAST [71] for stepped in
ow from 4 to5 m/s.

Overall, utilizing model structure M2 or M3 would result in the most accurate simpli-

�cation of the plant for perturbations of 
 r in response to perturbations ofV1 , but M3

appears to under-predict the gain that blade pitch� has on 
 r as observed in the third

column of Fig. 3.10. Directly utilizing the plant to produce areduced order model, as with

M2 and M4 , is ideal since FAST contains far more information about the turbines than

the Cq and 3 DOF models. The most valuable attribute of modelM3 is its ease of creation

since the reduced order models can be easily obtained from the torqueCq coe�cient surface

and do not require detailed FAST de�nition �les. Finally, the polytopic modeling approach

M4 displays similar gains asM2 , but exhibits much lower spread. The lower spread of

M4 is due to the use of polytopic coordinates corresponding to the vertices of the feasible

operational envelope which identi�es an LPV description corresponding to the largest gain

from exogenous inputV1 to rotor speed 
 r performance signal.
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3.4.3 Turbine Comparison { SUMR-D to SUMR-13A

This section presents a comparison of dynamic turbine properties for model combination

M2 from the SUMR-D to the SUMR-13A turbines. In performing this comparison, insight

into di�ering dynamics is gained across the two turbines, which can in
uence the controller

design.

Figure 3.13 depicts the Bode magnitude frequency response across the operational enve-

lope for SUMR-D (red lines) and the SUMR-13A (blue lines), as modeled using the polyno-

mial LPV modeling approachM2 .

Figure 3.13: Turbine comparison of SUMR-13A and scaled SUMR-D turbine across all
operational wind speeds for input-output pair transfer functions related by (3.11). The Bode
magnitude frequency responses are displayed using LPV modeling method M2 generated via
OpenFAST [71].

Subplot (1,1) The V1 ! 
 r pair Bode magnitude plot shows that the SUMR-13A has

larger magnitude variation at low frequencies, but less variation at higher frequencies. This

trend stems from rotor inertial properties, as the SUMR-13A is less sensitive to in
ow gusts

due to large rotor inertia, while the SUMR-D is more sensitive. The di�erence in magnitude

spread is attributed to a more nonlinear dynamics inherent inthe operational envelope of

60



the SUMR-13A. As displayed in Tables 3.2 and 3.3, the SUMR-13A turbine has a larger

range of operational wind speeds than does the SUMR-D, resulting in a larger variation in

aerodynamic non-linearity.

Subplot (1,2) The � gen ! 
 r pair Bode magnitude plot shows us that the SUMR-13A ap-

plied generator torque has higher gains over the rotor angular velocity with similar spread in

magnitude variation. This trend is attributed to the drastic increase in rated power/gener-

ator torque from SUMR-D to SUMR-13A. The break frequency for theSUMR-D turbine is

shifted to the right due to its larger rated rotor speed as compared to the SUMR-13A (21.97

rpm vs. 9.5 rpm, or 0.3662 Hz vs. 0.1583 Hz, respectively).

Subplot (1,3)The � ! 
 r subplot is the most relevant to testing the scaling procedure in [58]

as the focus of the scaling is concerned with blade dynamics and matching non-dimensional


ap-wise modes. Because of the scaling process, this plot shows almost identical gains

between the two rotors, with a slightly larger spread for theSUMR-13A turbine, again at-

tributed to the di�erence in the range of points constraining the operational envelope of the

turbines.

Subplot (2,1) The V1 ! � subplot depicts smaller gains for the SUMR-D drivetrain in addi-

tion to larger magnitude variation. This is because the SUMR-D drive-train has much lower

drivetrain damping (de�ned as zero in the FAST de�nition �les), making it much more sus-

ceptible to torsional moments from extreme gusts or lulls inthe in
ow wind. The sharp dip

seen in the SUMR-13A frequency response at frequencies near 10� 5Hz displays a standing

resonance mode of the turbine's drivetrain. The standing resonance mode is representative

of vibrations that would be present in an idling wind with de�ned drivetrain properties as

that of the SUMR-13A.

Subplot (2,2) The � gen ! � subplot depicts almost constant gain, with the SUMR-D ap-

plied generator torque having smaller magnitude across thefrequency range than that of the

SUMR-13A, attributed to the larger rated torque of the SUMR-13A.

Subplot (2,3) The � ! � subplot depicts larger gain for the SUMR-13A, attributed to the

61



larger rated rotor torque, and higher damping resulting in less torsion for drastic changes

in pitch angle. For larger rated torques and su�ciently damped drivetrains, shaft torsion is

less sensitive to high rate pitching scenarios, maintaining a smoother operating trajectory.

The SUMR-D continues to exhibit a larger magnitude spread.

Subplots (3,1)-(3,3)All subplots concerning 
gen will exhibit the same trends as subplots

concerning 
 r , but with scaled gain values according to the gear box ratio.Finally, notice

a larger relative spread of system magnitudes for the SUMR-D as compared to the SUMR-

13A. This can be interpreted as larger variation in Bode magnitude spread, speci�cally how

rotor power changes for di�erent pitch angles as this is the main source of non-linearity for

turbine operation.

3.4.4 Turbine Comparison { SUMR-13A to SUMR-50

This section presents a dynamic comparison for SUMR-13A and SUMR-50 turbines via

Bode magnitude frequency responses across the operationalenvelope of the turbines for

model combinationM2 . These turbines were designed independently of one anotherusing

similar design tools and methods. Through comparing the twoturbine con�gurations at such

drastically di�erent scales, dynamic di�erences in turbines across scales is further quanti�ed.

From Fig. 3.14 and having already completed a turbine scale comparison for Fig. 3.13,

observed di�erences are summarized succinctly. There are two major di�erences across

turbine trends:

1. The magnitude variation across wind speeds is reduced fora larger turbine for blade

collective pitch � input-output pairs ( G� ! 
 r , G� ! � , G� ! 
 gen ).

2. Break frequencies are shifted to the left for turbines withlower rated operating speeds

as seen in the plots for the SUMR-50.

These two trend di�erences foreshadow the reduced need for aggressive control actuation

due to \self-regulating" turbine rotors from such large inertial e�ects (for satisfying speed
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Figure 3.14: Turbine comparison of SUMR-13A and SUMR-50 turbine across all operational
wind speeds for input-output pair transfer functions related by (3.11). The Bode magnitude
frequency responses are displayed using LPV modeling method M2 generated via OpenFAST
[71].

regulation control metrics). Finally, the standing resonance mode of the drivetrain identi�ed

by the sharp dips in subplots (2,1) and (2,3) at frequencies near 10� 5Hz are shifted to the

left for the SUMR-50, meaning that the natural vibrations foran idling SUMR-50 turbine

are at a lower frequency than those of its smaller, SUMR-13A counterpart.

3.5 Controller Synthesis

This section presents LPV theory and procedures necessary for LPV controller synthesis

with respect to the three di�erent LPV architectures introduced in Section 3.2 (I, II, and

III).

3.5.1 Stability Conditions

Section 3.4 presented a comparison and analysis for three LPV modeling architectures:

a�ne, polynomial, and polytopic in addition to two di�erent methods to obtain aerodynamic

basis functions, totaling four modeling approaches (M1 -M4 ). Additionally, our choice of
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using in
ow wind (an exogenous signal) as the scheduling parameter puts our LPV models

in the category of non-stationary LPV systems. To address the intricacies presented by each

modeling approach, the LMI structures used to enforce necessary constraints must also align

with the modeling approach. This section presents the necessary stability conditions for each

choice of LPV model, additional constraints needed for feasibility, and the methods to be

used in controller reconstruction to obtain an LPV controller of the form (3.14) [33].

�
_xc

u

�
=

�
Ac(� ) Bc(� )
Cc(� ) Dc(� )

�

| {z }
�K (� )

�
xc

y

�
(3.14)

1. For polynomially parameter dependent LPV systemsM1 , M2 , and M3 the stability

conditions are similar to those of rational LPV systems [33]with the addition of a

slack term. Equation (3.15) shows the LMI that must be satis�ed during the controller

synthesis process, where the slack term� is a positive scalar.

2

4
Hef Acl(�; � + � )X cl(� + � )g � _X cl(� + � ) � Bcl(�; � + � )

Ccl(�; � + � )X cl(� + � ) � 
 1 I nz Dcl(� )
� � � 
 1 I nw

3

5 < � �I

(3.15)

X cl(� + � ) =
�
H (� + � ) I n

I n L (� + � )

�
> 0

(3.16)

In the stability condition (3.16), Hef X g is shorthand for X + X T where X is the

Lyapunov function, I n represents an identity matrix of dimensionn � n, and the

cl subscript denotes the augmented state matrices for the closed-loop system with

included controller (3.14) [33]. Once the matrix variables, L , K , H , and Y have

been solved for, the controller can be reconstructed via (3.17). In this reconstruction

the end result is a matrix with blocks containing the controller matrices (3.14)
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�
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0 0
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�

�
Y � 1 0

� CyH Y � 1 I ny

�
(3.17)

where L , K , H , and Y are all unknown matrix variables solved for during the

optimization process [33]. For modeling approachesM1 -M3 , which a polynomially

parameter dependent LPV system, the designer can utilize the norm bounded approach

to design closed-loop system performance. This method ensures that the l2 to l2 gain

is maintained below a designer speci�ed upper limit denotedas 
 1 .

For o�ine computation of the norm upper bound, a novel methodis used to compute

the upper bound [72].

2. Polytopic LPV architectures, such asM4 , follow the same stability conditions given by

(3.15) and (3.16), with the slack term� set to 0. The controller reconstruction follows

a di�erent formulation, however. According to [33], given known Lyapunov functions,

the controller matrices can be computed from (3.18)-(3.21). A polytopic approach is

preferred for plants that can be constrained using polytopes with a low number of

vertices (i.e. 3-4 vertex points), as the number of LMI's increases with 2s, wheres is

the number of vertices.

Ac(� ) = N � 1(� )(X (� ) _Y(� ) + N (� ) _M T (� ) + Â(� )

� B̂ (� )C2(� )Y(� )

� X (� )(A(� ) � B2(� )D̂ (� )C2(� ))Y(� )

� X (� )B2(� )Ĉ(� ))M � T (� ) (3.18)

Bc(� ) = N � 1(� )(B̂ (� ) � X (� )B2(� )Ĉ(� )) (3.19)

Cc(� ) = ( Ĉ(� ) � D̂ (� )C2(� )Y(� ))M � T (� ) (3.20)

Dc(� ) = D̂ (� ) (3.21)
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In (3.18)-(3.21), the matrix variables H , L , X , Y, M , and N are equivalent as they

are the block factorizations of the Lyapunov matrix (3.22),and M and N come from the

factorization (3.23) [47]; for more information see [33, 73].

�
H I n

I n L

�
=

�
X I n

I n Y

�
(3.22)

N M T = I � Y X (3.23)

Both LMI stability conditions and subsequent controller reconstruction methods utilize pa-

rameter dependent Lyapunov functions. One can see that through the use of parameter

dependent Lyapunov functions, online implementation depends on the scheduling parame-

ter's rate of variation. With the use of parameter dependent Lyapunov functions, the end

controller requires that the scheduling parameter's rate of variation be used during closed-

loop operation. For most applications, especially the use of free stream wind speedV1 , this

is not an easily attainable signal to be incorporated into plant control and operation. How-

ever, including parameter dependent Lyapunov functions inthe stability and performance

constraints can decrease controller conservativeness.

3.5.2 Weighting Function Design

LPV controller design and synthesis follows much of the sametheory as robustH2 and

H1 control design, starting with the de�nition of an augmentedplant (3.24). The augmented

plant is de�ned as the open loop system with selected weighting functions applied to input

and output signals as shown in Fig. 3.15.

_x(t) = A(� )x(t) + Bu(� )u(t) + Bw(� )w(t)

z(t) = Cz(� )x(t) + Dzu(� )u(t) + Dzw(� )w(t) (3.24)

y(t) = Cy(� )x(t) + Dyw (� )w(t)
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Figure 3.15: Block diagram showing the augmented plant with respective weighting functions
as they pertain to input-output signals.

The weighting functions and matrices de�ning the performance vectorz will vary from

plant to plant, as well as with desired performance speci�cations. However, the selection

and placement of weighting functions aims to accomplish similar goals across all applications

and augmented plant de�nitions.

� We The frequency-dependent weighting function applied to theerror between the ref-

erence trajectory and the measured trajectory aims to reduce this error, prioritizing

frequencies of interest. Additionally, integrator action might be desired for reference

trajectory tracking, which can be added throughWe.

We =
s + ! e

s
(3.25)

The zero at frequency! e speci�es the break frequency for integrator action, placing

larger weight on low frequency signals, and aiming to restrict control actuation for high

frequency components. The choice of the break frequency! e will depend on the rated

rotor speed and constraints on speed regulation.

� Wu The shaping of control signal actuation aims to limit actuation across speci�ed

bandwidths, while simultaneously prioritizing control actuation across the remaining

bandwidth. One signi�cant di�erence between the design ofWe and Wu is the �nite
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DC gain of Wu. A common formulation ofWu for wind turbine application is given in

(3.26) [33].

Wu = gu
s=0:1! u + 1
s=10! u + 1

(3.26)

For steady-state operation, a control signal will maintaina constant gain over the plant

to satisfy control objectives. The designs ofWe and Wu are complimentary, in the sense

that they balance error tracking with actuator usage.

3.5.3 Additional Constraints for Non-Stationary, Polynomially Para meter De-
pendent Architectures

Polynomially parameter dependent systems utilize the normbounded approach (2.4) for

controller synthesis to satisfy the desired closed-loop stability and performance speci�cations.

The choice of in
ow wind as the scheduling parameter classi�es our LPV model as non-

stationary. For non-stationary LPV systems, additional terms must be included within

the inequality constraints compared to (3.15)-(3.16) to account for the non-stationarity as

updated in (3.27)-(3.29) [33].
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In (3.27)-(3.29), � represents the adjoint operator,+ denotes the change for the one step

ahead Lyapunov function, and� and � � are positive scalars. The LMI's (3.27) contains

two positive scalars which are tuning parameters chosen during the synthesis procedure. To

reduce the complexity added by the two line search parameters, and utilize the upper bound


 1 from (2.4) directly in the objective function, an upper bound on the `1 norm from the

exogenous inputw to the performance signalz is computed, following the method given in

[72], where the upper bound on
 1 is computed as

max
1� i � p1

�
(jD t i 1 j + ::: + jD t iq j) +

jCt i 1 j
1 � j � 1j

(jB t i 1 j + ::: + B t iq )

+ ::: +
jCt in j

1 � j � n j
(jB tn 1 j + ::: + B tnq 1 )

�
� 
 1 (3.30)

for i = 1:::n, wheren is the number of rows ofA, q is the number of columns ofB and D,

and t denotes diagonalized state-space representation for the assumed diagonalizable system.

The optimization problem aims to minimize (3.30), with the resulting controller maintaining

the closed-loop system at or below the performance metric.

3.6 Numeric Example

In this section a numerical example of an LPV pitch controller synthesized utilizing LPV

modeling and weighting techniques presented in Section 3.52), a controller algorithm syn-

thesized via LPV modeling techniques given in Section 3.3.1, and LMI stability constraints

given by (3.15) and (3.16) for a SUMR wind turbine with a power rating of 50MW will be

presented. The LPV pitch controller is simulated in turbulent in
ow conditions using the

aero-elastic simulator FAST [55], and performance is compared to a tuned version of the PI

gain scheduled, baseline control architecture given in [19].

3.6.1 State-Space Model

The design of the augmented system utilizes frequency domain, loop shaping procedures

followed by model reduction techniques to derive performance vector matrix weights. The
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synthesis procedure begins with the open-loop system de�nition (3.31), which describes the

parameter-varying plant dynamics for the operational envelope of the turbine.

Y(s; � ) = GOL (s; � )U(s; � ) (3.31)

In (3.31), the output vector y and input vector u are as de�ned in (3.11) with the deviation

from the operating point � dropped for notational simplicity. The shaping of the open-loop

dynamics aims to incorporate integral action and place constraints on the error signal through

the inclusion ofWe, Wu, and GP I weighting functions. The sensitivity weighting functionS

(3.37) aims to shape system dynamics to approximate closed-loop system frequency response

with unity feedback from in
ow wind V1 to rotor velocity 
 r , providing the optimization

with the desired dynamics representative of the inherent closed-loop plant. Additionally,

given the plant with elements speci�ed in (3.32), the augmented system can be found by

shaping (3.32) as (3.33)

GOL =

2

4
G11 G12 G13

G21 G21 G23

G31 G32 G33

3

5 (3.32)

Gz =

2

4
WeSG11 G12 G13

G21 G22 WuGP I WeSG23

G31 G32 G33

3

5 (3.33)

where the weighting functions assume the values (3.34)-(3.36), S is the sensitivity function

as de�ned in [33], and the subscriptsGY;U correspond to the input-output pairs of (3.11).

We =
0:5s + 50

100s
(3.34)

Wu =
10s + 100

10s + 10000
(3.35)

GP I =
0:9902s + 0:0007092

s
(3.36)

S = ( I + GV1 ! 
 r (s)GP I (s)) � 1 (3.37)
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The design of the augmented system is performed in the frequency domain, but is focused

on primarily on frequencies in the ranges 0.1-0.4 rad/s, as this is the operational bandwidth

of the SUMR-50 VSVP wind turbine. Weighting functions increase system dimension due to

their added poles. Prior to transforming the transfer matrix into state-space representation,

states with small Hankel singular values are truncated such that dimensions of the resulting,

shaped state-space system agree with those of the original plant matrices (3.24); in other

words, Az has the same dimension asA, etc. Assuming now that

Yz(s; � ) = Gz(s; � )Uz(s; � ) (3.38)

the �nal reduced augmented system is given by (3.39),

_x(t) = ~A(� )x(t) + ~Bw(� )w(t) + ~Bu(� )u(t)

z(t) = ~Czx(t) + ~Dzww(t) + ~Dzuu(t) (3.39)

y(t) = ~Cyx(t) + ~Dyww(t) + ~Dyuu(t)

and the relationship between the original model matrices (3.24) and the shaped augmented

system matrices is shown in (3.40).

~A(� ) = Az(� )
~Bw(� ) = Bw(� )
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�
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�
0
1

��
(3.40)
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3.6.2 Turbulent Simulation

This section compares results from FAST simulations for turbulent in
ow cases ranging

from rated to cut-out wind speeds for the SUMR-50 turbine controlled by a baseline gain

scheduled PI pitch controller (BL) [19] and a linear parameter varying (LPV) pitch controller.

Both con�gurations utilize a constant torque signal for above rated operation.

Figure 3.16: Time series showing control signal comparison for baseline (BL) and linear
parameter varying (LPV) pitch controller for a normal turbulent in
ow with mean wind
speed of 12 m/s.

Figure 3.16 shows time-series data for turbulent in
ow with amean wind speed of 12

m/s. Notice signi�cant di�erence between the amount of pitchactuation from the BL to

the LPV architecture, with the LPV having much less pitch travel during the 700 second

simulation. Figure 3.17 shows a power spectral density (PSD)comparison of the rotor speed


 r for the time series simulation shown in Fig. 3.16. The BL controller PSD shows less

power across the range of frequencies with a peak at the ratedrotor velocity of 0.4388 rad/s,

and similarly the LPV controller also shows increased powerin the rotor speed near that

frequency, however, the LPV PSD plot has more power across the frequency range telling

us that the turbine's angular velocity had a larger root meansquare error (RMS) error from

rated rotor speed during the turbulent in
ow.
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Figure 3.17: Power spectral density plot for rotor angular velocity 
 r from the baseline
control architecture (BL) to the LPV control architecture for a turbulent in
ow with a mean
wind velocity of 12m=s.

Figure 3.18 shows the PSD plots for blade pitch for LPV� LP V and baseline� BL control

architectures. The LPV controller shows a wider variation in the power contained in the

pitch signal than that of the BL architecture across wind speeds, showing better frequency

attenuation at 12 m/s than at 24 m/s, whereas the baseline controller shows nearly identical

attenuation across all wind speeds. This fact is connected to the performance metric
 1

and the inclusion of blade pitch dynamics in the performancevector. With the inclusion of

blade pitch actuation in the performance vector, this limits the amount of pitch actuation

(i.e. commanded pitch acceleration) that can be induced by in
ow wind.

Overall, the LPV controller displays more conservatism than the BL in terms of tracking

variations in in
ow velocity. This attribute can be connected to the fact that the LPV

control synthesis aims to choose a controller constrainingthe worst possible scenario for

l2 exogenous input gain to performance system. Furthermore, since a performance vector

containing all states is utilized, including pitch actuation, controller performance constrains

the amount of pitch actuation as well. Controller performance with respect to power tracking

for variations in in
ow wind can be improved by removing� from the performance vector.

73



Figure 3.18: Power spectral density plot for collective blade pitch � from the baseline control
architecture (BL) to the LPV control architecture for turbu lent in
ows with mean wind
velocities of 12; 18; 24 m/s.

However, results displayed here show the success of the synthesis algorithm, and reduction

in controller conservatism will be reserved for future work.
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CHAPTER 4

LINEAR PARAMETER VARYING CONTROLLER COMPARISON

4.1 Introduction

The inclusion of additional feedback signals beyond those usually included in the baseline

controller can reduce turbine component loading, but the performance of the baseline control

metrics may su�er (e.g. reduction in annual energy production (AEP)) from the inclusion

of additional signals and competing control objectives. This is often the case when feedback

loops are designed independently, in the form of multiple single-input single-output (SISO)

controllers. However, using robust control theory such asH1 control, MIMO control systems

can be modeled and synthesized with all signals considered simultaneously.

While LPV modeling methodologies allow for a linear (in state) state-space represen-

tation of nonlinear dynamics, underlying assumptions require that scheduled dynamics be

represented through an a�ne relationship [16, 33, 72, 74{76], posing a hurdle for full en-

velope of operation of wind turbines as aerodynamic thrust (Ta) and torque (� areo) forces

exhibit quadratic and cubic trends from cut-in to cut-out wind speeds. To address this issue,

the author utilizes quadratic scheduling of the system dynamics in conjunction with grid-

ding techniques to synthesize a gain scheduled, state feedback controller for the full range of

operation.

The chapter is structured as follows. Section 4.2 presents the quadratic model used for

control synthesis, Section 4.3 describes the development of the performance system used in

the H1 performance metric, linear matrix inequality (LMI) construction, Section 4.5 de-

scribes the benchmark controllers to be used in the comparison, and �nally, Section 4.6

presents controller/turbine performance simulated usingFASTv8 [55] for an extreme oper-

ating gust in
ow condition near rated conditions.
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4.2 Parameterized Model Development

For LPV model generation, modeling methodM2 is chosen with the associated degrees

of freedom represented by the states in (4.1) and (4.2), where  r is the low speed shaft

azimuthal angle,� is the drive-train torsion, qtwr F A 1 is the �rst tower fore-aft mode, qbld1OoP 1

is the �rst out-of-plane mode for blade 1,qbld2OoP 1 is the �rst out-of-plane mode for blade 2,

and _() represents a time derivative.

xs1 =

2

6
6
4

 r

�
_ r
_�

3

7
7
5 (4.1)

xs2 =

2

6
6
6
6
6
6
6
6
6
6
4

_qtwr F A 1

_qtwr F A 2
_ r
_�

_qbld1OoP 1

_qbld2OoP 1

_qbld1OoP 2

_qbld2OoP 2

3

7
7
7
7
7
7
7
7
7
7
5

(4.2)

The associated control vectoru(t) available for control actuation in FASTv8 consists of the

signals shown in (4.3).

u =

2

6
6
6
6
6
6
4

V1

� b1

� b2


 yaw

� gen

� col

3

7
7
7
7
7
7
5

(4.3)

To obtain the state-space matrices associated with respective state vectors (4.1) and

(4.2), FASTv8 linearizations are performed for the operating points de�ned in Table 3.3.

With the linearized systems representing turbine dynamics along the operating trajectory

de�ned in Table 3.3, a single, parametrically scheduled system is computed by interpolat-

ing entries in the respective matrices using second order polynomials scheduled on a time
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varying parameter � (t). The interpolation is accomplished through �tting a polynomial to

corresponding LTI matrix entries across the family of linearized systems produced for the

chosen operating points described in Section 3.2. As discussed previously, variations in model

dynamics are scheduled on wind speed, however LPV theory requires that the scheduling

parameter have speci�c properties satisfying theoreticalconstraints on the scheduling pa-

rameter set [16, 33]. To illustrate the e�ects scheduling parameter set has on the resulting

dynamic description, 3-D Bode plots for the transfer functions from in
ow wind V1 to tower

fore-aft displacementq input-output pair are analyzed.

Figures 4.1-4.5 depict frequency responses across the rangeof operational wind speeds as

scheduled on various choices of scheduling parameter sets.

Figure 4.1: 3-D Bode plot showing frequency response from in
ow wind V1 to fore-aft tower
top displacement q of LPV model as scheduled on a parameter,� 2 [� 1; 1], across the
operational range of wind speeds. The rated condition for the SUMR-D is at 1P(0:3570Hz)
with corresponding harmonics of 2P(0:7140Hz) and 4P(1:4279Hz).

Figures 4.1-4.5 show how the scheduled models and their frequency response surface

changes with various choices of the scheduling parameter. This choice in
uences multiple

aspects of the control synthesis procedure such as:

1. Ease of implementation in time domain operation
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Figure 4.2: 3-D Bode plot showing frequency response from in
ow wind V1 to tower top
displacementq of LPV model as scheduled on a parameter,� 2 [0; 1], across the opera-
tional range of wind speeds. The rated condition for the SUMR-D is at 1P(0:3570Hz) with
corresponding harmonics of 2P(0:7140Hz) and 4P(1:4279Hz).

Figure 4.3: 3-D Bode plot showing frequency response from in
ow wind V1 to tower top
displacementq of LPV model as scheduled on a parameter,� 2 [Vcut � in ; Vcut � out ], across the
operational range of wind speeds. The rated condition for the SUMR-D is at 0:3570Hz with
corresponding harmonics of 2P(0:7140Hz) and 4P(1:4279Hz).
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Figure 4.4: 3-D Bode plot showing frequency response from in
ow wind V1 to tower top
displacementq of LPV model as scheduled on a parameter,� 2 [Vcut � in

Vrated
; Vcut � out

Vrated
], across the

operational range of wind speeds. The rated condition for the SUMR-D is at 0:3570Hz with
corresponding harmonics of 2P(0:7140Hz) and 4P(1:4279Hz).

Figure 4.5: 3-D Bode plot showing frequency response from in
ow wind V1 to tower top
displacementq of LPV model as scheduled on a parameter,� , computed via polytopic
transformation (3.6)-(3.9).
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2. Controller gain values.

Ease of implementation within time domain operation refersto the necessary operations

required during closed-loop, real-time control to obtain the scheduling parameter's physical

value necessary for selection of a local controller for current operating conditions. To elabo-

rate further, Fig. 4.5 depicts the frequency response for a polytopic LPV system. As shown

by (3.5)-(3.9), there are several intermediate conversions that must be performed prior to

scheduling system dynamics on the polytopic coordinate� . In order to implement such a

controller, one would have to perform the transformation (3.6)-(3.9) at each time step, prior

to selecting a local controller, increasing computationalrequirements and inducing additional

lag in the system.

The alternative is to directly utilize in
ow wind V1 as the scheduling parameter through

a polynomial approach, simplifying required online computations, but increases the non-

convex nature of the optimization as displayed by Figures 4.1-4.4. The surfaces displayed

in these �gures exhibit non-convex characteristics, with highly nonlinear dynamic variation,

local minima/maxima, and discontinuities. While the selection of wind speed or normalized

wind speed as the scheduling parameter simpli�es required online transformations, reducing

computational burden, it adds signi�cant complications tothe optimization stage.

Feasibility during the primal-dual optimization process [52] hinges on the convex nature

of the objective function and the terrain over which the algorithm searches. To utilize an

H1 approach in the construction of the LMI's, the objective function �nds a controller K (� )

which constrains the largest possible gain
 1 (2.4). As is depicted in Figures 4.1-4.5, the

choice of � has a direct impact on the global maximum/minimum when examining the gain

V1 has on the fore-aft tower top displacementq. For closed-loop stability the resulting

controller must place the open-loop poles in the left half plane of the real-imaginary plane.

The amount of control e�ort required to stabilize the systemdepends on the location of the

open-loop poles. Given two di�erent scheduling parameter sets �, and two di�erent resulting

system dynamic descriptions open-loop pole locations willdi�er, requiring di�erent control
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e�ort (i.e. di�erent controllers) to satisfy stability and performance constraints.

4.2.1 State-space Modi�cation for Integral Error Tracking

The �nal controller is required to track a desired torque trajectory during Region 2

operation, and maintain rated rotor speed during Region 3 operation. The augmentation

of the model to include integral error signals provides the end controller with increased


exibility to track user de�ned trajectories, a necessary characteristic expected of modern

day wind turbine controllers [77]. The �nal state vectorx f consists of the following entries

x f =

2

4
xsR
e1R
e2

3

5 (4.4)

wheree1 and e2 correspond to the errors associated with tracking a reference torque signal

� gref (V1 ) and a reference rotor speed 
r ref (V1 ) required to constrain the rotor angular

velocity during above rated operation. In order to constrain a wind turbine's operational

trajectory, two of the three independent variables are required: � gen, 
 r , and Pgen. Thus, for

trajectory tracking, references for any two combinations of the three aforementioned signals

can be chosen.

e1 = � gref (� = V1 ) � � gen(t) (4.5)

e2 = 
 r ref (� = V1 ) � 
 r (t) (4.6)

4.3 Performance Vector Design

In robust control architectures asH1 , desired system dynamics are represented through

the de�nition of an augmented system shown in (2.3). The addition of the performance

vector z(t) allows the designer to shape closed-loop behaviors to achieve desired closed-loop

responses within time domain operation.

For the current application, I am interested in examining the di�erences in controller

performance for two LPV controllers synthesized with statevectors (4.1) and (4.2) which

include a tower fore-aft degree of freedom and one which doesnot, and how their performance
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compares among four other control architectures describedin Section 4.5.

The aim is to quantify di�erences in controller performancefor two LPV controllers

synthesized under identical LPV model architectures with di�erent state vectors. Therefore,

augmented systems (2.3) include desired/shaped dynamics which can be introduced through

the use of designer-speci�ed weighting functions.

In order to isolate inherent controller properties resulting from the inclusion of additional

states, the original dynamic description of _x(t) is maintained (i.e. the shaped dynamics

induced during the performance vector design are only maintained in the description ofz(t)

while _x(t) maintains original, open-loop plant dynamics), and use frequency domain shaping

procedures to obtain the necessary weights ofz(t) in accordance with the process described

in Section 2.7.

The �rst step in the process is to create a transfer matrix containing all transfer functions

de�ning open-loop dynamic relationships for all input-output pairs in the model (4.7), where

the inputs are given in Equation (4.3) (i.e.U(s) = Lf u(t)g whereL represents the Laplace

operator) and the outputs are equal to that of the signals contained in the state vectors (4.1)

and (4.2) (i.e. Y(s) = Lf x(t)g).

Y(�; s ) = GOL (�; s )U(�; s ) (4.7)

In (4.7), GOL is a transfer matrix containing all the open-loop transfer functions for input-

output pairs. For further clari�cation, the transfer matri x corresponding to the input-output

pairs for u and state vectorxs1 is shown in (4.8).

GOL =

2

6
6
4

GV1 !  r G� b1 !  r G� b2 !  r G
 yaw !  r G� gen !  r G� col !  r

GV1 ! � G� b1 ! � G� b2 ! � G
 yaw ! � G� gen ! � G� col ! �

GV1 ! _ r
G� b1 ! _ r

G� b2 ! _ r
G
 yaw ! _ r

G� gen ! _ r
G� col ! _ r

GV1 ! _� G� b1 ! _� G� b2 ! _� G
 yaw ! _� G� gen ! _� G� col ! _�

3

7
7
5 (4.8)

Next, an approximation for the baseline closed-loop behavior is computed by creating a

transfer function of the gain scheduled PI pitch controlleras (4.9)
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GP I = kp (� ) + ki (� )
s + f 0

s
(4.9)

where f 0 represents a �lter zero at the drive-train eigen-frequency[33]. To emulate closed-

loop behavior, a sensitivity function,S, as

S = ( I + GV1 ! 
 r GP I )� 1 (4.10)

whereGV1 ! 
 r represents the open-loop transfer function fromV1 to 
 r and I is the identity

matrix

2

6
4

1 0

0 1

3

7
5 in transfer function form. The shaped closed-loop transfermatrix (4.11) is

constructed,

GCL = GOL S: (4.11)

The sensitivity function S is used to shape the open-loop gain which in
ow windV1

has on the rotor angular velocity 
r closer to that of the PI controlled, closed-loop re-

sponse. Next, speci�c component harmonics contributing most to system resonance during

time domain operation using the collective pitch� col control signal are targeted. This is

accomplished through similar shaping procedures as those described above using weighting

functions targeting speci�c input-output pairs of the performance systemGCL . The weight-

ing functions and their numerical values are chosen based o�of examples and functions given

in [33].

4.3.1 Generator Torque Shaping

The applied generator torque aims to track an optimal rotor speed 
 r trajectory such that

the turbine is operating at the peak of the power coe�cientCpmax surface [13, 13, 62]. This

is traditionally accomplished through an applied generator torque, providing rotor damping,

to maintain a constant angular velocity (e.g. _
 gen = 0). For the entry in (4.8) corresponding

to input-output pair G� gen ! _ r
, the response is shaped usingW� gen shown by (4.12).
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W� gen =
1:15s

2:301s + 2:647
(4.12)

Next, to shape the response ofG� gen ! � , a weighting function in the form of an inverted notch

�lter WIN centered at the drive-train eigen-frequency is chosen.

WIN =
s2 + 1:654s + 0:8441

s2 + 0:8441
(4.13)

Next, Section 4.3.2 utilizes similar shaping procedures as presented in this section for the

torque controller, except the focus is on the collective pitch control input � col.

4.3.2 Collective Pitch Shaping

Our desired load reduction channels achieved via collective pitch � col are aimed at the

�rst tower fore-aft mode ( _qtwr F A ) and drive-train torsion _� , in addition to achieving rotor

speed regulation 
r , via shaping ofG� col ! _qtwr F A
and G� col ! _� . To achieve this load reduction,

a weighting function Wtower in the form of an inverted notch �lter centered at the tower

fore-aft �rst natural frequency (4.14) is chosen.

Wtower =
s2 + 1:244s + 0:4777

s2 + 0:4777
(4.14)

This inverted notch �lter aims to increase the importance oftower fore-aft motion on the

pitch control actuation. Additionally, to limit pitch actua tion within the bandwidth of

drive-train harmonicsG� col ! _� is shaped using a notch �lter centered at the drive-train eigen-

frequency,Wnotch DT (4.15).

Wnotch DT =
s2 + 0:8441

s2 + 1:654 + 0:8841
(4.15)

Finally, W� col is used to penalize high frequency pitch actuation during Region 3 opera-

tion.
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W� col =
1:307s

2:615s + 3:419
(4.16)

The �nal performance transfer matrix with all shaping functions and integral error states

for the two input-output pairs (4.3)! (4.1) and (4.3)! (4.2) is given by

Gz1 =

2

6
6
6
6
6
6
4

GV1 !  r S G� b1 !  r S G� b2 !  r S G
 yaw !  r S G� gen !  r S G� col !  r S S S
GV1 ! � S G� b1 ! � S G� b2 ! � S G
 yaw ! � S G� gen ! � S G� col ! � S S S
GV1 ! _ r

S G� b1 ! _ r
S G� b2 ! _ r

S G
 yaw ! _ r
S G� gen ! _ r

S G� col ! _ r
SW� S S

GV1 ! _� S G� b1 ! _� S G� b2 ! _� S G
 yaw ! _� S G� gen ! _� S G� col ! _� S S S
S S S S S S S S
S S S S S S S S

3

7
7
7
7
7
7
5

(4.17)

Gz2 =

2
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6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
4

GV1 ! _qtwr F A 1
S G� b1 ! _qtwr F A 1

S G� b2 ! _qtwr F A 1
S G
 yaw ! _qtwr F A 1

S G� gen ! _qtwr F A 1
S

GV1 ! _qtwr F A 2
S G� b1 ! _qtwr F A 2

S G� b2 ! _qtwr F A 2
S G
 yaw ! _qtwr F A 2

S G� gen ! _qtwr F A 2
S

GV1 ! _ r
S G� b1 ! _ r

S G� b2 ! _ r
S G
 yaw ! _ r

S G� gen ! _ r
SW� gen

GV1 ! _� S G� b1 ! _� S G� b2 ! _� S G
 yaw ! _� S G� gen ! _� SWIN

GV1 ! _qbld 1OoP 1
S G� b1 ! _qbld 1OoP 1

S G� b2 ! _qbld 1OoP 1
S G
 yaw ! _qbld 1OoP 1

S G� gen ! _qbld 1OoP 1
S

GV1 ! _qbld 2OoP 1
S G� b1 ! _qbld 2OoP 1

S G� b2 ! _qbld 2OoP 1
S G
 yaw ! _qbld 2OoP 1

S G� gen ! _qbld 2OoP 1
S

GV1 ! _qbld 1OoP 2
S G� b1 ! _qbld 1OoP 2

S G� b2 ! _qbld 1OoP 2
S G
 yaw ! _qbld 1OoP 2

G� gen ! _qbld 1OoP 2
S

GV1 ! _qbld 2OoP 2
S G� b1 ! _qbld 2OoP 2

S G� b2 ! _qbld 2OoP 2
S G
 yaw ! _qbld 2OoP 2

S G� gen ! _qbld 2OoP 2
S

S S S S S
S S S S S

G� col ! _qtwr F A 1
SWtower S S

G� col ! _qtwr F A 2
SWtower S S

G� col ! _ r
SW� S S

G� col ! _� SWnotch DT S S
G� col ! _qbld 1OoP 1

S S
G� col ! _qbld 2OoP 1

S S
G� col ! _qbld 1OoP 2

S S
G� col ! _qbld 2OoP 2

S S
S S S
S S S
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(4.18)
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4.3.3 Frequency to Time Domain Model Reduction

At this point in the performance system design, frequency domain performance systems

have been shaped for closed-loop frequency response and targeted component frequency re-

sponse shown in (4.17) and (4.18). The last step before the optimization process is the

transformation of the performance systemGz(s) to a time domain representation which can

be used in the system de�nition (2.3). There are several methods published in literature

outlining [78{82] low order model development for parametrically varying systems, but are

mainly concerned with methods which can be employed to address the additional states

introduced during the shaping process [78{80]. During thisprocess, the MATLAB function

modred computes the controllability grammian and computes the Hankel singular values.

The outcome of this process requires a time domain, state-space representation of the per-

formance systemGz. That is to say that the transfer matrices (4.17) and (4.18) need to be

converted into state-space representation.

Gz

( �
_xz(t)
z(t)

�
=

�
Az Bz

Cz Dz

� �
xz(t)
u(t)

�
: (4.19)

A negative side e�ect of the addition of weighting functionsintroduced during the shaping

process is that when converting from transfer matrix to state-space representation the vector

xz(t) is much larger than x(t) and correspondingly, the associated matrices do not have

compatible dimensions with the original model. As such, a model reduction process is

performed in which thenth largest Hankel singular values are only considered during the

transfer matrix to state-space transformation, resultingin a model of compatible dimension.

MATLAB's model reduction algorithm has two options in choosing a reduced order model;

Truncate or MatchDC. For this application, the Truncate method was chosen.

4.4 Optimization

To ensure a robust optimization algorithm, the open-loop matrices are augmented fol-

lowing the method of [33] to ensure agreement of matrix dimensions for non-square systems.
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The augmented system de�nition is further modi�ed to emulate closed-loop interconnections,

and include a controller �K (� ) having the form (2.18). The formulations were presented in

Section 2.8 taking the form given by (2.19).

Once all LMI constraints are formed across the range of wind speeds, Sedumi [52] is used

in the search for unknown matrix variables as de�ned in Section 2.8.

4.5 Additional Controller Descriptions

For the sake of controller comparison, four other control architectures are employed.

1. Baseline Collective Pitch, Constant Torque controller (CPCT)

Figure 4.6: Block diagram showing the CPCT controller. The controller consists of two
single-input-single-output (SISO) controllers that simultaneously control the wind turbine
along its ideal operating trajectory depicted in Fig. 1.1.

� gen

(
if � = V1 2 Region 3; � gen = � rated

elseif � = V1 2 Region 2; � gen = kopt
 2
g

(4.20)

2. Baseline Collective Pitch, Constant Power controller (CPCP). Same control architec-

ture as shown in Fig. 4.6, but the applied generator torque

� gen

(
if � = V1 2 Region 3; � gen = Pelec


 r

elseif � = V1 2 Region 2; � gen = kopt
 2
g

(4.21)
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3. Baseline Collective Pitch, Constant Torque controller with added Derivative term

(CPCTD)

Figure 4.7: Block diagram showing the CPCTD controller. The torque signal� gen is com-
manded according to 4.20.

4. Baseline Collective Pitch, Constant Torque controller with added Tower-top fore-aft

acceleration signal (CPCTT)

Figure 4.8: Block diagram showing the CPCTT controller.

The CPCT controller consists of a PI, gain-scheduled pitch controller given in [19], with

constant torque applied for any blade pitch angles above that of the �ne pitch angle. In

other words, the controller applied constant torque for above-rated operation. The CPCP

controller employs an identical pitch controller, but aimsto maintain constant power produc-
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tion during above rated operation by varying applied generator torque according to equation

(4.21).

The CPCTD controller employs an identical PI, gain scheduled pitch controller with

constant torque as the CPCT controller, but adds an additional derivative term to the

architecture, with the aim of reducing speed deviations from the reference signal. Finally,

the CPCTT controller employs the same PI, gain scheduled pitch controller with constant

torque as the CPCT controller, but adds tower-top fore-aft accelerations to the collective

pitch signal for increased tower damping.

4.6 Controller Comparison

For controller performance comparison, the turbine is simulated during an extreme oper-

ating gust (EOG) in
ow condition and commanded control signal response and the e�ects on

load and power signals are examined. EOG in
ow conditions are simulated for the six di�er-

ent controller con�gurations outlined in the preceding sections, with the two LPV controllers

being labeled as LPV4state and LPV8state corresponding to models with state vectors (4.1)

and (4.2) respectively. LPV4state refers to the LPV controller synthesized from the model

with only generator and drive-train states and LPV8state refers to the LPV controller syn-

thesized with a state vector with generator, drive-train and tower fore-aft degrees of freedom.

Figure 4.9 displays the tower base fore-aftTwrBsMyt and side-to-sideTwrBsMxt bend-

ing moments for the respective controllers. The two LPV control architectures and the re-

sulting tower base loads exhibit slightly di�erent values and responses to the same in
ow

gust. The addition of the tower states in the model used for LPV controller synthesis, and

their inclusion in closed-loop operation increases tower fore-aft damping as compared to the

LPV4state controller. TwrBsMxt does not show such a substantial di�erence between the

two controllers.

Figure 4.10 presents the commanded control signals,� and � gen, in addition to the control

objective, 
 g reference tracking. It can be immediately seen that the CPCPcontroller has the
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Figure 4.9: Time series showing performance during extreme operating gust (EOG) for
multiple controller con�gurations.

Figure 4.10: Time series showing performance during extremeoperating gust (EOG) for
multiple controller con�gurations.
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largest 
 g overshoot, while LPV4state has the lowest overshoot with LPV8state's overshoot

residing in the middle of the two. Examining the applied generator torque � gen, there are

signi�cant di�erences among control decisions. The most di�erent is � gen as commanded by

LPV8state, which exhibits very large 
uctuations relative to the other controllers. While this

decision aids in maintaining generator speed 
g at its reference values, it pollutes the power

signal resulting in less than ideal energy generation. On the other hand, the commanded

blade pitch � maintains similar behavior across the architectures, except for the CPCTD

controller. The yellow line representing CPCTD's decisionfor commanded blade pitch shows

high frequency oscillations. This is directly attributed to the inclusion of a derivative term

within the pitch control architecture, causing an ampli�cation of the deviations from the

reference signal. Despite its ampli�cation of high frequency content in the drive-train (which

can also be seen in theLSSMxa plot in Fig. 4.11), the controller exhibits competitive signal

responses of those displayed.

Figure 4.11: Time series showing performance during extremeoperating gust (EOG) for
multiple controller con�gurations.

Finally, control architecture and its e�ects on low speed shaft torsion LSSMxa, and


ap-wise blade root bending moments is examined. Figure 4.11displays these load channels

during the EOG in
ow. Between the two LPV controllers, LPV4state displays the lowest
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maximum LSSMxa moment during the gust, con�rming initial design goals. Solely includ-

ing the drivetrain torsion state in the model and closed-loop feedback increases drivetrain

damping while the inclusion of additional states adds competing objectives requiring the

controller to place additional importance on other controlobjectives, such as quality or level

of energy capture. Through a reduction in drive-train ultimate loading and oscillations,

improved energy generation and turbine performance can be achieved.

The CPCTT controller achieves the lowest maximum blade rootbending moments.

Through the reduction in tower fore-aft oscillations, the blades are also able to operate

in a smoother, less stochastic manner. Other load channels show similar improvements in

quality, except the generated power signal. By including the tower fore-aft acceleration as a

gain in the closed-loop, power generation and energy capture is reduced.
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CHAPTER 5

WIND TURBINE DESIGN

5.1 Introduction

Wind turbine design is a multi-disciplinary process requiring domain speci�c knowledge

in the areas of aerodynamic, structures and controls. One approach to the multi-disciplinary

design process has been formalized under the umbrella of co-design [83, 84], aiming to achieve

an optimal design while considering the synergistic coupling among various turbine subsys-

tems. The co-design approach, along with high �delity aero-elastic simulators, has enabled

designers to quantify and analyze the e�ects and trade-o�s of turbine component design

choices and their e�ects on overall plant performance, enabling better wind turbine designs,

increasing rotor diameter, and reducing LCOE.

With turbine rotors growing in size, traditional design choices and methodologies no

longer provide optimal choices for multi-megawatt turbines. For all turbine scales, aerody-

namic design choices must cater to structural requirementsand the control system must be

cognizant of loads dominating operational dynamics and fatigue damage while simultane-

ously extracting as much energy as possible from in
ow wind.However, as turbine rotors

grow in size, the rated angular velocity decreases, along with natural frequencies of turbine

blades, which can lead to destructive resonance and overlapping bandwidths not normally

present in smaller scale (< 10MW) wind turbines, requiring new and innovative design solu-

tions [6, 7].

The ability to quantify sub-system design choices in relation to overall plant performance

enables more agile design space exploration with increasedplant performance and cost reduc-

tions. Currently existing examples of extreme scale wind turbines (> 10MW) utilizing novel

design algorithms consist of two main con�gurations: up-wind, three bladed con�gurations

[10, 11, 85, 86] and down-wind, two bladed con�gurations [6,7, 56, 61]. Both design ap-
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proaches utilize multi-disciplinary optimization algorithms with the aim of reducing LCOE,

but the approaches given in [6, 7, 56, 61] incorporates a novel load alignment concept, allow-

ing rotor mass reductions, thereby lowering material costs. Figure 5.1 shows the SUMR-50

turbine from a front view with in
ow wind �eld V1 and inertial frames of reference for the

tower and nacelle. Figure 5.2 shows the down-wind, SUMR-50 with an existing SUMR-13

[61] turbine design for scale comparison and respective cone angles.

Figure 5.1: Front view showing SUMR-50 turbine with associated inertial frames of reference.
YawBrvzp, YawBrvxp, and YawBrvyp are the torsional, side-to-side and fore-aft velocities as
measured at the yaw bearing. TwrBsMzt, TwrBsMxt, and TwrBsMyt are the torsional, side-
to-side, and fore-aft tower base bending moments de�ned in the OpenFAST [71] modeling
reference frames.

The growth of wind turbine rotors to such extreme scales as 50MW is all in the name of

reducing LCOE to make wind energy economically competitivewith the currently existing

energy markets. Within our design team, the LCOE metric serves as the objective function

quantifying the e�ects of sub-component design choices. LCOE encompasses all aspects

of wind turbine expenses and productivity, from design and planning to construction and

operation. Such a comprehensive metric is highly nonlinear, stochastic, and depends heavily

on empirical relationships to predict current market trends and manufacturing capabilities.

94



Figure 5.2: Side view showing a comparison of turbine scale from SUMR-50 to SUMR-13A.
The cone angles for the SUMR-50 and SUMR-13A turbines are 8 degrees and 12.5 degrees,
respectively.

However, a simpli�ed version of LCOE can be used to direct design procedures resulting in

economically competitive wind energy.

Within this chapter, a multi-disciplinary wind turbine design procedure will be presented

in accordance with design metrics de�ned in IEC61400-1/IEC61400-3 [57, 87] for a 50MW

wind turbine. Additionally, novel design constraints necessary to meet the Department

of Energy's (DOE) [2] goal of 20% wind penetration to the U.S. electricity grid by 2030

through a reduction in the cost of wind energy will be presented and addressed. The chapter

is organized in accordance with the design process as outlined in Fig. 5.3.

Within Fig. 5.3, there are �ve main sub-systems de�ned: Control, Blade, Tower, Nacelle,

and Drivetrain. The parallel nature of the diagram represents the non-uniqueness of each

subsystem to satisfy overall design metrics; that is, thereis more than one sub-system design

solution that will satisfy overall design constraints and feasibility, and the key research ques-

tion is how to optimize these subsystems together. Once a subsystem design has satis�ed

performance metrics within its own design arena, the subsystem design iteration is \frozen"

and its e�ect on overall wind turbine performance is analyzed through a suite of DLC sim-
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ulations utilizing the OpenFAST aero-elastic simulator. While all subsystems are designed

in parallel, not all of them are \un-frozen" during each design iteration. Within this paper,

we are mainly concerned with the feasibility and performance trade-o�s that control and

blade design have on plant performance and LCOE. Each of these �ve key subsystems is

designed within its own design space using the associated design tools represented by the

bulleted lists within the smaller boxes (i.e. OpenFAST [71],AeroDyn v15 [17], NuMAD [88],

BModes [89], MExtremes [90], MLife [67], and DriveSE [91]).The listed design tools provide

the necessary subsystem characteristics at our desired �delity.

The wind site will be characterized in terms of turbulence intensity, wind resource, and

wave disturbance, and how aerodynamic design for the turbine blades e�ects AEP and

ultimate loads. The turbine control architecture is then adjusted and tuned to track a

desired turbine power curve while constraining ultimate loads. The control performance and

structural design are iterated until tip de
ections and fatigue requirements for the selected set

of design load case (DLC) are satis�ed. Design predictions for additional turbine components

(i.e. nacelle, drive-train, and tower) will be presented, quantifying and comparing LCOE

justifying design choices. The analysis will present and compare LCOE predictions for

currently existing wind farms, a SUMR 13MW design, and a SUMR 25MW design.

The contributions contained within this chapter are as follows:

� A novel wind turbine rotor design for the largest wind turbineblade ever designed

� Identi�cation of turbine design hurdles to be addressed in the pursuit of increasing

rotor diameter

� Advanced control methodologies presented as a solution to mechanical design hurdles

� A simpli�ed LCOE model and scaling methodology to estimate LCOE in relation to

turbine capacity factor and capital expenditure (CapEX) formajor turbine components
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Figure 5.3: Block diagram depicting the iterative design process.
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5.2 Design Site Resource and Turbine Classi�cation

Prior to beginning the mechanical design process, a design site is selected and classi�ed.

For our speci�c application, a site o� the coast of Virginia has been speci�ed as shown in

Fig. 5.4. Site classi�cation requires empirical �eld data for wind and wave characteristics

speci�c to the site of interest. The U.S. Department of Energy's Atmosphere to Electrons

program placed a buoy o� the coast of Virginia and recorded data for the site from December

2014 to May 2016 [92]. The data allows for the characterization of the wind resource in terms

of mean hub-height wind speed, Weibull distribution shape and scale parameters, and 50 year

gusts. Additionally, wave characteristics can be classi�edto ensure that su�cient clearance

is maintained between the crest of the wave and the blade tip,as jacket and substructure

design aspects will not be addressed within the scope of thischapter. Although wave height

characteristics are accounted for in the design of blade length and tower height values, wave

dynamics are not included during OpenFAST simulations.

Figure 5.4: The site speci�ed for the SUMR wind farm is directlyo� the coast of Virginia in
Region 2 class wind speeds. This site is used to classify the wind resource and speci�es the
necessary in
ow conditions to be used during load predictions, structural design, and AEP
estimation. Additionally, extreme event wave heights must be accounted for when designing
tower and blade lengths to ensure proper clearance is maintained. (Figure borrowed from
[6]).
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The novelty of the SUMR concept [6, 7] aims to make wind turbines hurricane proof, by

allowing the blades to bend with the wind during extreme in
ow conditions and other times

of high loading.

5.3 Wind Resource

The site for the SUMR wind farm was determined to be in the Virginia Wind Energy

Area, approximately 27 miles o� the coast of Virginia. This site is an ideal location along

the east coast for a monopile, extreme-scale wind turbine due to its relatively high wind

speeds (Fig. 5.4) combined with shallow waters. Initial datafrom the Virginia Wind Energy

Area were used to begin the analysis which de�ned the site as having Class IIb wind with

an annual average wind speed�V = 7:87 m/s. The probability distribution was characterized

with a Weibull distribution (5.1) having a shape factork and scale factorc at 50 m.

p(U) =
�

k
c

��
V1

c

� k� 1

e�
�

V1
c

� k

(5.1)

With a proposed hub heightzhub = 280 m, the SUMR-50 is well above the region where

wind data is available, and thus the wind speeds at hub heightVhub had to be estimated by

applying a power-law relation (5.2) with wind shear factor� .

Vhub = Vref

�
zhub

zref

� �

(5.2)

Given the initial site speci�cations, wind speeds were scaled up to hub heightzhub from the

reference heightzref using the provided shear exponent of 0:1. This resulted in a mean wind

speed at hub heightVhub of 9:35 m/s and a Weibull distribution described by shape and scale

factors of k = 2:045, c = 10:48. However, this estimate required extrapolating well beyond

the initial data point and would result in a shift to Class I winds.

The Weibull distribution of the wind heavily drives aerodynamic design selection to meet

AEP and fatigue requirements. Thus proper characterizationof the wind resource is critical

and requires long-term data collection of wind speeds at a proposed site. To eliminate the
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uncertainty induced by extrapolating wind speeds up to hub height, wind speed data can be

collected by LiDAR up to the proposed hub height.

5.4 Wave Characteristics

In addition to wind data, the BUOY dataset also provided 20 minute-averaged wave

data in the form of signi�cant wave height, maximum wave height, and average wave height.

When calculating necessary blade clearance from the water, the 50 year signi�cant wave

height (Hs50) is used to �nd the design wave height (HD ), following the guidelines set by

[93].

First, a Weibull distribution was �t to the signi�cant wave he ight data. For this dataset,

the Weibull distribution was found to have a weak correlation and a future site survey would

need to gather more wave data to ensure the accuracy of this analysis. The 50 year signi�cant

wave height is then found using the �tted Weibull distribution, which is de�ned by shape

factor k = 2:08 and scale factorc = 1:36. Given 20 minute data, the 50 year occurrence has

a 1 in 1.314 million chance of occurring. Solving the inverseWeibull probability, this results

in a 50 year signi�cant wave height of 4.86 m.

The Design Wave period (TD ) can be estimated to lie in the range given by (5.3). The

average of the two bounds was used to estimate the design waveperiod of 8.94 s.

11:1

s
Hs50

g
� TD � 14:3

s
Hs50

g
(5.3)

Then the design wave height can be estimated as shown in (5.4), whereTref is 10,800 seconds.

HD = Hs50

s

0:5ln
�

Tref

TD

�
(5.4)

Following this procedure, a design wave height ofHD = 9:86 m was found. With an assumed

maintenance ship height of 19:8 m, this results in a minimum tip clearance of 29:67 m.

Therefore, the tip clearance above the mean ocean level mustbe maintained at 30 m.
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5.5 Turbine Design

This section presents the numerical analysis for the designprocess given in Fig. 5.3, with

the various blade designs analyzed and quanti�ed for optimal turbine performance at the

design site.

5.5.1 SUMR-50 Design Load Cases (DLC)

Table 5.1: Suite of design load cases (DLC's) selected for the design of the SUMR-50 [57].

Design situation DLC Wind Condition Other Condi-
tions

Type of
analysis

1) Power pro-
duction

1.1 NTM Vin < Vhub < Vout U

1.2 NTM Vin < Vhub < Vout F
1.3 ETM Vin < Vhub < Vout U
1.4 ECD Vhub = Vr � 2m=s, Vr ,

Vr + 2m=s
U

1.5 EWSVin < Vhub < Vout U
2) Power pro-
duction plus oc-
currence of fault

2.2 NTM Vin < Vhub < Vout Protection sys-
tem or preced-
ing internal elec-
trical fault

U

2.3 EOG Vhub = Vr � 2m=s and
Vout

External or in-
ternal electrical
fault including
loss of electrical
network

U

5) Emergency
Shutdown

5.1 NTM Vhub = Vr � 2m=s and
Vout

U

6) Parked
(standing still or
idling)

6.1 EWM 50-year recurrence
period

yaw misalign-
ment � 15

U

The SUMR-50 must be designed to withstand hurricane force winds and a harsh oper-

ating environment for its o�shore design site. As such, the set of DLC's selected must be

representative of possible in
ow conditions that the turbine will face during its 20 year op-

erational lifetime. In addition to extreme in
ow situations, the rotor must also be designed
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to withstand faulted conditions. For our design purposes, only the fault cases of a stuck

blade during a shutdown procedure for normal turbulent model (NTM) in
ow conditions

and the extreme operational gust (EOG) condition are considered. Within the design load

case analysis, two types of quanti�cation will be performed: Ultimate (U) and Fatigue (F)

load analysis. The subset of DLC's selected for the loads analysis during the SUMR-50

design are presented in Table 5.1 below. The DLC's de�ned in Table 5.1 aim to provide a

realistic representation of the in
ow conditions and possible faults the turbine will experience

during its designed lifetime [57].

5.6 Operational Control

For turbine blade design, the operational pitch controller(depicted by the gray dashed

box in Fig. 4.8) selected to maintain the turbine along its operating trajectory consists of

a below-rated, look-up table (TLUT) for torque control [14] in parallel with a PI, gain-

scheduled pitch controller [19]. The tuning of the controller consists of �nding the blade

�ne pitch angle � f inepitch and optimal tip speed ratio� � for optimal power extraction Cpmax .

To �nd the below-rated tuning parameters, the standalone version of AeroDynv15 [17] is

employed to generate theCp surface for the SUMR-50 rotor.

The above rated, PI gain scheduled pitch controller is tunedin accordance with proce-

dures given in [19] to achieve desired step response while limiting generated blade root bend-

ing moments. With the operational controller tuned and implemented in MATLAB/Simulink,

the turbine is subjected to the suite of design load cases (DLC's) outlined in Table 5.1.

The maximum generator speed does not exceed the hard threshold for any of the DLC

1.2 simulations and the absolute value of the maximum pitch rate does not exceed 1 deg/s

as is shown in Fig. 5.5.

5.7 Aerodynamic Design

The design of the SUMR 50 rotor, which falls within the \Blade design" block of Figure

5.3, follows similar methods as the SUMR 13A rotor [61], utilizing the same design tools.

102



Figure 5.5: Box and whisker plot showing the absolute value ofmaximum pitch rates during
normal turbulence model (NTM) DLC testing. The distribution shows absolute value max-
imum pitch rates for six unique turbulent in
ow �elds for mean wind speeds ranging from 6
m/s to 24 m/s in increments of 2 m/s for a total of 60 turbulent simulations.

The �nal optimization of blade chord distribution, blade twist, airfoil distribution and blade

length to arrive at an optimal blade is performed via PROPID [94]. Initial iterations utilize

geometric scaling and Monte Carlo simulations to arrive at an approximate blade length

aiming to minimize blade loads, maximize capacity factor while satisfying design lifetime of

approximately 20 years.

First, we compute the solidity Sr i of each rotor as a function of span-wise chord length

using equation (5.5)

Sr i = ci
si

(5.5)

si = 2�r i
nb

where i refers to discrete span-wise locations along the blade,ci is the blade chord at the

speci�ed span-wise location,r i is the distance from blade root to the speci�ed span-wise lo-

cation andnb is the number of blades. This metric provides a comparison for blade root and

max chord dimensions across turbines scales. Traditionally, upwind, 3 bladed wind turbine

blades are manufactured to withstand large 
ap-wise blade root bending moments, and must
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ensure that maximum blade tip de
ections do not result in tower strikes. The segmented

ultra-light morphing rotor (SUMR) concept aims to reduce blade mass and necessary struc-

tural requirements by taking advantage of load alignment and a down wind con�guration

[6, 7]. The novel SUMR design methodology and rotor geometry facilitates a signi�cant

reduction in blade root diameter as can be seen in Fig. 5.6. From Fig. 5.6, it can be seen

that rotor solidity Sr i is signi�cantly reduced near the blade root for both SUMR turbine

con�gurations as compared to the conventional upwind rotordesigns (NREL 5MW [19] and

CONR 13 [11]), contributing to the SUMR mass reductions.

Figure 5.6: Span-wise solidity values for the NREL 5MW, CONR 13, SUMR 13A and SUMR
50v6 wind turbine platforms de�ned at the discrete span-wise stations starting at the root
(span-wise location of 0 m) and ending at the blade tip (span-wise location of 61.5 m) used
in the aerodynamic geometry de�nition.

Next, the power coe�cient Cp and thrust coe�cient Ct are adjusted by modifying the

aerodynamic geometry to achieve desired performance during turbulent in
ow conditions.

Cp =
Protor

1=2�AV 3
1

(5.6)

Ct =
Taero

1=2�AV 2
1

(5.7)

104



The coe�cients de�ned by (5.6) and (5.7) are a measure of how much powerProtor the rotor

captures relative to the available power in the wind (with air density � and hub height mean

wind velocity V1 ) for the swept areaA, and how much aero-dynamic thrust forceTaero is

generated by the rotor relative to the amount of kinetic energy contained in the swept rotor

areaA, respectively. By varying aerodynamic geometry (i.e. blade chord distribution, airfoil

distribution along the blade, and blade twist), the designed operational characteristics can

be tuned to maximizeCp while minimizing Ct , facilitating the design of low mass rotors.

As mentioned in the Introduction, collaborative design aimsto consider the various sub-

component interactions during turbine operation such thatthe �nal design achieves overall

desired performance. Traditionally, aerodynamic design was done for a perfectly rigid blade,

assuming that the structural dynamic contribution to rotor aerodynamic performance is

negligible. Such an assumption is not as valid for extreme-scale wind turbines as it is for

small scale wind turbine rotors, because of such large and 
exible blades that de
ect much

more as compared to smaller wind turbine blades that were traditionally designed to be

very rigid to prevent them from de
ecting down-wind into the tower. To ensure the �nal

blade design satis�es required power capture metrics whileminimizing induced thrust loading

during operation, average power and thrust coe�cients are computed for turbulent in
ows

ranging from cut-in to cut-out. The data is analyzed by binning the time-series in
ow wind

and the associated power and rotor thrust channels for normal turbulent model (NTM)

turbulence OpenFAST [71] simulations ranging from cut-in tocut-out.

Figures 5.7 and 5.8 depictCp and Ct trends for SUMR 50 aerodynamic blade iterations,

and from them we see that there is a large variation inCt while Cp has a much tighter spread,

telling us that we can maintain generated power while reducing generated thrust. Longer,

more slender blades facilitate increased AEP by sweeping a larger area while constraining

turbine loading as will be further quanti�ed in Section 5.7.1. The design parameters that were

varied throughout the performance study were the blade length (Lb) and chord distribution

as shown in Table 5.2. The airfoils speci�ed for the SUMR 50 blade are members of the
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Figure 5.7: Binned power coe�cientCp as a function of binned in
ow wind velocity V1 as
computed during NTM in
ow wind cases for wind speeds ranging from cut-in to cut-out.
Ten di�erent iterations of the SUMR 50 design are shown.

Figure 5.8: Binned thrust coe�cient Ct as a function of binned in
ow wind velocity V1 as
computed during NTM in
ow wind cases for wind speeds ranging from cut-in to cut-out.
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Table 5.2: Blade length, max chord, cone angle and root diameter values for SUMR 50 blade
iterations. The individual turbine iterations are denotedin Figures 5.7 and 5.8 using SUMR
50 with subscript letter and number (e.g.v1), where this table only refers to the subscript
for aerodynamic geometry iterations. Iterations labeled with a preceding d represent the
geometrically scaled geometries. All iterations utilize the same airfoil family shown in Figures
5.9 and 5.10.

v1 d1 d1b v2 v3 v4 v5 d2b d2c v6
Blade
Length
(m)

200 200 200 215 225.5 235.9 248.5 250 250 246.8

Max
Chord (m)

14.9 10.9 12.9 14.9 16.4 16.6 16.9 16.2 16.2 12.3

Cone An-
gle (deg)

5.0 5.0 5.0 5.0 5.0 5.0 5.0 8.0 8.0 8.0

Root Di-
ameter
(m)

9.9 8.3 8.3 9.9 9.2 10.8 10.8 11.3 12.0 12.3

F1 airfoil family utilizing a 
atback geometry for increasedtrailing edge structural support

[10, 11]. A total of �ve di�erent airfoils as shown in Fig. 5.9 are speci�ed and make-up the

cross section of the blade spanning from the blade root to thetip with approximate span-wise

distribution as illustrated in Figure 5.10. The x and y-axes are normalized values where c

is the blade chord, y is the distance from the suction side to pressure side of the airfoil (i.e.

thickness) and x is the distance from the leading edge to trailing edge.

5.7.1 Ultimate Load Analysis

For the load cases requiring ultimate load analysis, the maximum blade root bending

moment as the absolute magnitude of the 
ap-wise and edge-wise bending moments for

each blade (where subscriptB1 and B2 correspond to blade 1 and blade 2 respectively) are

computed according to (5.8). Figure 5.11 depicts the largestmagnitude blade root bending

moment for each blade across the full set of DLC's as speci�edin Table 5.1.

RootMxyall =
p

RootMyb2 + RootMxb2 (5.8)
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Figure 5.9: Depiction of airfoil cross section for span-wisedistribution of airfoils. The airfoils
are in the F1 family and are labeled as (1) F1-4846-1226, (2) F1-3856-0738, (3) F1-2655-0262,
(4) F1-2040-0087, and (5) F1-1882-0041. The blade utilizes all �ve airfoils, interpolating
between them with airfoil (1) starting at the root and airfoil (5) at the blade tip. The chord
is the distance along the x-axis, spanning from leading edgeto trailing edge.

Figure 5.10: Approximate distribution of airfoils along the span-wise direction of the blade.
Intermediate blade geometry is determined through OpenFASTnonlinear interpolation.
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In Fig. 5.11, each gray dot represents a single simulation. For DLC1.1 and DLC1.3, there

are a total of 60 dots per DLC per blade. [57] speci�es that forturbulent in
ow DLC's,

six unique seeds must be used to generate the ten minute in
ow�les at a given mean wind

speed between cut-in and cut-out to ensure statistical signi�cance. For our speci�c design

campaign, NTM and ETM wind �les are generated with mean wind speeds ranging from 6

m/s to 24 m/s in increments of 2 m/s, with six unique turbulentseeds per mean wind speed.

Figure 5.11: Ultimate load analysis for the SUMR 50v6 turbine blade one (B1) and blade
two (B2) across the full set of DLC's.

For idling/parked DLC's, the ultimate load is a function of exposed blade surface area,

and therefore to limit these ultimate loads it is useful to choose a blade that has the minimum

surface area while maintaining desired AEP. On the other hand, ultimate loads generated

during operational cases are a function of rotor inertia, blade surface area, and pitch control

step response, meaning that while blade surface area contributes to ultimate load generation

it is not the only variable contributing to magnitude as shown by the comparative analysis
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presented in Fig. 5.12.

Figure 5.12: Comparison of ultimate 
ap-wise load generatedduring DLC1.4 in
ow for
multiple SUMR-50 blade designs. The bars represent the bladesurface area normalized to
SUMR-50v1 (2.16E+06m2), the yellow line represents the theoretical blade root bending
moment as a function of blade surface area, and the red line represents the normalized

ap-wise blade root bending moment generated during DLC1.4in
ow condition.

Figure 5.12 shows how the 
ap-wise ultimate load generated during an operational design

driving case varies across SUMR-50 iterations. From the �gure, it can be seen that the

ultimate load produced for a given turbine iteration variesaccording to more than just blade

surface area as referenced earlier. For an extreme coherentgust with direction change near

rated conditions (ECD+R) the ultimate load depends on azimuthal angle during the in
ow

condition, blade pitch angle, blade pitch rate, controllerstep response, rotor inertia, rotor

angular velocity, cone angle in addition to blade surface area. All of these factors combined

determine ultimate loading experienced during such an in
ow condition.

5.7.2 BeamDyn Load Comparison

ElastoDyn approximates blade loads via beam analysis and assumes that blades de
ect

along a linear trajectory [55]. For such extreme scale wind turbines as 50MW with 250m

blade lengths, this assumption no longer holds. To verify theaccuracy of tip de
ections
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and blade loads computed via ElastoDyn's linear approximation, nonlinear BeamDyn [95]

simulations are employed. One of the major concerns for extreme scale wind turbine design

and operation is 
utter. Flutter is a rare aerodynamic phenomena of torsional resonance

modes excited by aerodynamic forces. ElastoDyn does not include bend-twist coupling of the

blade structure while BeamDyn does, and furthermore, ElastoDyn does not compute blade

torsional displacements ignoring a vital degree of freedomfor turbine rotors of this scale and

magnitude. For the validation of predicted turbine performance as computed by ElastoDyn,

BeamDyn coupled with OpenFAST simulations are performed during NTM in
ow conditions

with a mean wind speed of 12 m/s, as this set-point results in maximum blade root bending

moments and thrust force. Figure 5.13 depicts the blade root torsional moment during a the

turbulent in
ow.

Figure 5.13: Figure comparing blade root torsional moments (RootMz) as predicted by
ElastoDyn (ED) and BeamDyn (BD).

As can be seen from Fig. 5.13, the torsional moments experienced at the blade root are

signi�cantly larger when bend-twist coupling is included in the dynamic load prediction. The

di�erences in load and de
ection predictions also has direct impact on control performance, as

variations in blade de
ections will result in di�erent pitc h commands for the same turbulent

in
ow.
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Figure 5.14: Comparison of commanded collective pitch angle� col during FAST/ElastoDyn
simulations (ED) and FAST/BeamDyn (BD) simulations.

Figure 5.14 depicts a major discrepancy between commanded blade pitch from ElastoDyn

to BeamDyn for an identical turbulent in
ow condition. FAST/ BeamDyn simulations predict

a total pitch travel of 651.8 degrees while the FAST/ElastoDyn predicts a total pitch travel

of 376.6 degrees, with a an average of 1.1 degree o�set in blade pitch.

Figures 5.15-5.18 display a power spectral density (PSD) comparison for collective blade

pitch ( � col), edge-wise blade root bending (RootMx), 
ap-wise blade root bending (RootMy),

and torsional blade root bending (RootMz) for turbulent in
ow conditions. Overall, the

predictions for blade natural frequencies as displayed by peaks in the PSD plots match

well across the ElastoDyn and BeamDyn modules, with the largest di�erence in predicted

natural frequency showing up in the edge-wise (RootMx) 2P harmonic as can be seen in

Fig. 5.16. When torsional coupling is included in dynamic predictions, as it is in BeamDyn,

the computed torsional mode for a given structural de�nition changes (i.e. in this case it

is predicted to be lower with bend-twist coupling). Furthermore, with torsional coupling

included during dynamic simulation, the signal power is increased, which would lead to

higher fatigue accumulation as compared to predictions generated via ElastoDyn. The large

discrepancy in PSD magnitude for the blade root torsional moment (RootMz) is due to the
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Figure 5.15: Power spectral density (PSD) plot showing comparison between ElastoDyn
(ED) and BeamDyn (BD) pitch signal power for normal turbulent model (NTM) in
ow with
a mean wind speed of 12 m/s.

Figure 5.16: Power spectral density (PSD) plot showing comparison between ElastoDyn
(ED) and BeamDyn (BD) blade root edge-wise bending moment signal power for normal
turbulent model (NTM) in
ow with a mean wind speed of 12 m/s.
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Figure 5.17: Power spectral density (PSD) plot showing comparison between ElastoDyn
(ED) and BeamDyn (BD) blade root 
ap-wise bending moment signal power for normal
turbulent model (NTM) in
ow with a mean wind speed of 12 m/s.

Figure 5.18: Power spectral density (PSD) plot showing comparison between ElastoDyn
(ED) and BeamDyn (BD) blade root torsional bending moment signal power for normal
turbulent model (NTM) in
ow with a mean wind speed of 12 m/s.
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underlying assumptions inherent in ElastoDyn's physics. ElastoDyn's capabilities are focused

mainly on beams dominated by bending, while BeamDyn [95] incorporates nonlinear torsion

e�ects into its predictions.

5.7.3 Annual Energy Production (AEP) Comparison

AEP is a main contributor to the LCOE for a wind farm. Figure 5.19depicts an ideal

power curve (solid black line), turbulent power curve (bluedots), and the Weibull probabil-

ity distribution (orange bars) for the wind resource. The ideal power curve is computed

using theoretical turbine parameters and performance assuming no dynamic interaction

among sub-components, while the turbulent power data includes aero-elastic and control

subsystem dynamic interaction. Figure 5.19 shows the ideal power curve assuming no aero-

elastic/structural interactions in relation to the Weibull wind distribution, and Fig. 5.20

depicts the variation of dynamic power curves with respect to the Weibull probability dis-

tribution across the SUMR-50 design iterations. The two �gures show how ideal power

curves di�er from operational power curves due to the inclusion of aero-elastic/structural

interactions, and how power curves shift across di�erent blade geometries.

Increases in AEP rely heavily on shifting the knee of the turbine power curve (also referred

to as the rated operating point), as close as possible to the peak of the Weibull probability

distribution, which can be achieved via increasing the generated aerodynamic torque� aero.

Increasing generated� aero is achieved by increasing chord length and/or increasing blade

length. Increasing blade chord has the unwanted e�ect of increasing thrust coe�cient, re-

sulting in higher 
ap-wise loads during operation, requiring sti�er, more expensive blades

to withstand loads experienced during operation. Since themajority of wind turbine rotor

power is generated in the outboard section of the blade, generated � aero can be increased

while constraining 
ap-wise blade root bending by increasing blade length and constraining

Ct as is shown by Figures 5.7 and 5.8.
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Figure 5.19: Variation in dynamic power curve across turbinedesign iterations overlaid with
the Weibull probability wind distribution.

Figure 5.20: Variation in dynamic power curve across turbinedesign iterations overlaid with
the Weibull probability wind distribution.
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5.7.4 Drivetrain and Generator Design and Selection

For a turbine at the 50MW scale, drivetrain and generator design, along with all other

aspects of the turbine will be challenging due to lower natural frequencies of the rotor. One

of the biggest questions at this scale is whether or not the drivetrain should be direct drive or

geared. Excluding a gearbox from the SUMR-50 would increase reliability [96], but requires

a heavier, more expensive generator. Figures 5.21 and 5.22 present a mass and cost compar-

ison for doubly fed induction generator (DFIG), electrically excited synchronous generator

(EESG), permanent magnet synchronous generator (PMSG), and a squirrel cage induction

generator (SCIG) produced via GeneratorSE [97] and OpenMDAO [98]. Di�erent selections

of generators a�ect other design aspects such as tower top mass, rated angular velocity, and

drive-train properties which all feedback into other sub-component design characteristics.

Figure 5.21: Comparison of generator mass for four di�erent generator selections as predicted
by GeneratorSE [97, 98]. Note:The permanent magnet (PMSG) mass, is a combination of
both bars, one representing the radial 
ux arms and the otherrepresenting the disc rotor.

Figures 5.21 and 5.22 begin to highlight e�ects that generator selection has on tower-top

mass and LCOE. Generator mass is a function of rated angular velocity and rated torque

which was maintained at a constant level for this study. Additionally, the gear box is not

included in the mass predictions, and con�gurations such asthe PMSG would most likely

not include a gear box while the other three con�gurations would. The analysis displays the

various selections of available generators, how their massvaries and what the theoretical cost
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Figure 5.22: Comparison of generator cost for four di�erent generator selections as predicted
by GeneratorSE [97, 98]. Note:The permanent magnet (PMSG) mass, is a combination of
both bars, one representing the radial 
ux arms and the otherrepresenting the disc rotor.

for each of the selections is predicted as. For the design speci�ed in this chapter, a DFIG

con�guration is chosen, with a gear box.

Within the framework of FAST simulations, the drivetrain is modeled by torsional spring

(K dt ) and damping (� dt ) constants in addition to a gear box ratio. With this simpli�ed

drivetrain model in mind, the torsional and damping constants are related to drivetrain

properties through equations (5.9) and (5.10).

K dt = G
J
L

(5.9)

J = �D 4
1

1
32

L = l1 + N 2
g l2

D1

D2

4

� dt = Cc� (5.10)

Cc = 2
p

K dt I r

� = fraction of critical damping

Assuming that the modulus of rigidity G is that of steel (79:9 N=m2), l1 = l2 = Overhang=2

(assumed equal for simplicity) representing the shaft lengths on the low speed side and high

speed side of the gear box respectively are �xed, shaft diameters and gear box ratio are

designed to achieve desired drivetrain properties satisfying desired operational performance.
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Sizing shaft diametersD1 andD2 can be done using turbine design parameters, rotor loading

constraints and DriveSE [91], resulting in predicted LSS and HSS shaft diameters of 3:1623

m, with the caveat that diameters might need to be increased to satisfy fatigue constraints.

Plugging these parameters into (5.9) and (5.10), it is di�cult to achieve the desired drivetrain

properties at these shaft diameters for steel. The direct drive con�guration makes it easier

to achieve desired torsional constants, but the gear box adds required damping for smooth

operation. For desired drivetrain properties with a gear box, at the shaft diameters predicted

by DriveSE [91], the relationships require a material with amodulus of elasticity three

orders of magnitude larger than steel. The �nal values calculated for SUMR-50 drivetrain

parameters came out to be

K dt = 3:3855e+ 09 (N-m/rad) (5.11)

� dt = 2:9301e+ 09 (N-m(rad/s)) (5.12)

5.7.5 Levelized Cost of Energy (LCOE) Analysis

LCOE serves as the cost function utilized in the optimal design of the SUMR-50 rotor.

For our speci�c application, a simpli�ed LCOE model de�ned in (5.13) was used for guiding

design decisions.

LCOE =
CapEx + OpEx

AEP
(5.13)

For iterative comparison across the SUMR-50 platform, operational expenditures (OpEx)

was assumed constant and the two varying terms were CapEx andAEP. The CapEx was

estimated from scaling relationships published in [99] according to total blade and tower

mass for a 600 MW wind farm in addition to costs contributed bythe generator selection.

Figures 5.23-5.25 display design metrics directly in
uencing the LCOE metric. Figure

5.23 displays a comparison of rotor mass for a 600 MW wind farmfor SUMR-50 design

iterations, and Fig. 5.24 displays the total blade mass normalized by the total blade surface

area. Together, these two metrics can be used to estimate howa design iteration will
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Figure 5.23: A comparison of the total rotor mass for a 600MW wind farm for design
iterations of the SUMR-50.

Figure 5.24: The total rotor mass normalized by blade area.
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contribute to CapEx from blade cost (Rotor Mass/600MW), and due to transportation

(Rotor Mass/Total Blade Area) according to relationships given in [99]. Finally, Fig. 5.25

shows baseline (orange solid line) and advanced (dashed orange line) blade mass predictions

made by [99] and how the SUMR-50 design iterations compare. These two relationships were

derived from empirical relationships for existing wind turbine blade masses and their cost.

Statistically, two regressions were formed, one with conservative predictions (baseline), and

the other with more aggressive predictions (advanced).

Figure 5.25: Blade mass during design iterations of the SUMR-50 (blue bars) compared
to baseline (solid orange line) and advanced (dashed orangeline) predicted blade mass as
published in [99]. The load alignment concept [6] along withadvanced structural design [10]
methods have maintained advanced blade mass values during the iterative design.

Technology which would enable a 50 MW wind turbine is still far from being manu-

factured and constructed, and thus cost estimates based o� of scaling relationships have a

large amount of uncertainty. For this reason, LCOE comparisons across turbine scales are

approached from a relative sensitivity analysis (RSA) to understand the relative changes

in the sub-components of LCOE. Costs for the construction ofa wind farm (CapEx) are

directly related to the amount of mass and area for the sub-components due to procurement,

manufacturing, and transportation, and thus, turbine designs which can reduce the mass and

area within their footprint while maintaining AEP will reduc e the overall LCOE. To quan-
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tify these e�ects on LCOE, without the availability of empirical data a relative sensitivity

analysis is performed, providing insight into how increases in turbine scales and previously

presented design choices e�ect the LCOE objective function.

Table 5.3: Relative sensitivity analysis (RSA) across SUMR turbine scales

CONR-13 SUMR-13 SUMR-50
Weibull k Factor (-) 2.045 2.045 2.045

Weibull Scale Factor (-) 9.77 9.94 10.48
Annual Average Wind Speed at hub height (m/s) 8.74 8.88 9.35

Wake Losses (%) 9.89 6.72 6.72
Availability Losses (%) 6.4 6.7 6.7

AEP Change (%) 0 38.12 43.44
CapEx Change (%) 0 7.73 112.2

Balance Of System (BOS) Change (%) 0 0.51 -68.52
OpEx Change (%) 0 7.58 7.58

Figure 5.26: Comparison of LCOE values (blue bars) as published in [100, 101], and as
predicted for a conventional upwind, three bladed 13MW turbine (CONR-13) (brown bar),
and downwind, two bladed 13MW turbine (SUMR-13), 25MW turbine (SUMR-25), and a
50MW turbine (SUMR-50) (green bars).
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Figure 5.26 show how for prior analyses of conventional turbines, with speci�c quanti�-

cation of the respective sensitivities within the metric, and display the current status and

trends of LCOE for wind energy as it has progressed over the past three years for onshore

wind farms, in addition to LCOE for o�shore wind farms. The �nal turbine design along with

turbine parameters for the NREL 5MW [19], CONR 13 [10, 11] and SUMR-13A turbines

are given in Table 5.4.

Table 5.4: Turbine parameters for the four con�gurations currently used as benchmarks for
wind energy research development.

NREL 5 CONR 13 SUMR 13A SUMR-50v6
Con�guration up-wind up-wind down-wind down-wind
Number of Blades 3 3 2 2
Blade Length (m) 61.5 100.28 104.35 249.9
Max Chord (m) 4.65 5.23 7.51 15.76
Pgenrated (MW) 5.0 13.2 13.2 50
Jrot (kg � m2) 38732432 266355328 215649568 20661000000
Solidity at max chord
(-)

0.1761 0.2123 0.05499 0.04949

Rated Wind Speed
(m/s)

11.3 11.3 11.3 11.3

Cone Angle (deg) -2.5 12.5 12.5 8.0
Hub Height (m) 87.6 142.4 142.4 280
Tower Mass (kg) 347460.219 1495138.125 1495138.125 7559051.000
Tower-Top Mass (kg) 240000 1.03E+06 1.03E+06 11.07E+06
Drive-train Damping
(N-m/(rad/s))

6.215E+06 6.215E+06 1.3E+08 2.9301e+09

Drive-train Spring (N-
m/rad)

8.67637E+08 8.67637E+08 4.6E+09 3.3855e+09
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CHAPTER 6

CONCLUSIONS AND FUTURE WORK

The stated project innovation and advantages of the \50 MW Segmented Ultralight

Morphing Rotors for Wind Energy" project as initially proposed was as follows [102]:

\... design the world's largest wind turbine by employing a new downwind turbine

concept called Segmented Ultralight Morphing Rotor (SUMR). Increasing the size of

wind turbine blades will enable a large increase in power from today's largest turbines

- from an average of 5-10MW to a proposed 50MW system. The SUMR concept allows

blades to de
ect in the wind, much like a palm tree, to accommodate a wide range

of wind speeds (up to hurricane-wind speeds) with reduced blade load, thus reducing

rotor mass and fatigue. The novel blades also use segmentation to reduce production,

transportation, and installation costs."

Within this dissertation, a systematic modeling, control and design methodology for

SUMR's ranging in scale from 50kW (SUMR-D) to 50MW (SUMR-50) hasbeen presented.

Advanced control architectures as presented in Chapters 2 3,and 4 hold promise to improve

turbine performance through reduction in turbine component loading, in addition to pro-

viding a 
exible design algorithm to shape closed-loop performance for eigen-frequencies of

interest.

Chapter 2 presented the methodology used in the synthesis ofan LPV torque controller

as applied to the SUMR-D turbine, concluding with the quanti�cation and analysis of the

controller during turbulent in
ow with associated fatigue comparisons. A simpli�ed, para-

metrically scheduled wind turbine model was used to synthesize an LPV torque controller

for a novel, GAS SUMR-D wind turbine [58]. The controller was synthesized utilizing anH1

performance metric for the performance vectorz(t) during near rated power production. A

robust optimization architecture following methods outlined in [16, 33] was used for the syn-
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thesis of an optimal, dynamic control law (2.15) and controller performance was quanti�ed

as applied to the SUMR-D turbine rotor during turbulent in
ow conditions representative

of turbulence as seen at the NWTC testing site. Time-series data for a turbulent in
ow

with a mean wind speed of 4 m/s was used to quantify this drivetrain damping controller's

performance as compared to the baseline case. Data analysisshowed decreases in torsional

LSS moment DELs along with tower base side-to-side moments,an improvement resulting

from the addition of drivetrain torsion within the model used for controller synthesis. The

output feedback architecture presented in this chapter relies on a simpli�ed model describing

dynamic coupling between the LSS and HSS to provide targeted load channel performance

using the readily available HSS angular velocity and the not readily available -but measurable

using LIDAR - free stream wind speed signals, providing fatigue reduction results.

Chapter 3 presented several approaches to the development of LPV models and quanti-

�ed inherent di�erences in the resulting dynamic description, in addition to presenting the

associated LMI constraints, weighting functions, and controller reconstruction methods to

be used in the synthesis of LPV controllers. It concluded with a numeric example showing

the performance of an LPV controller applied to the SUMR-50 turbine. A review of three

di�erent LPV modeling architectures and a comparison of four LPV model combinations

M1 -M4 across turbine scales were given. The chapter concluded with a numeric example

comparing the performance of an LPV controller with a baseline, PI gain scheduled con-

troller. LPV modeling and control provides 
exible, widelyapplicable modeling and control

synthesis algorithms facilitating transparent, closed-loop design given a parametrically vary-

ing dynamic plant model. Furthermore, the algorithms allowoptimal controller design given

competing objectives and MIMO plant de�nition across a wide, nonlinear operating enve-

lope. The various modeling approaches presented were implemented into a MATLAB code

base and provide the means with which an arbitrary turbine con�guration can be modeled

depending on the available information for the turbine.

125



Chapter 4 presented a comparison of two state-feedback, LPVcontrollers with unique

state vectors and compared their performance to four other control architectures during

an EOG in
ow condition, from the perspective of commanded control signal and resulting

load channels. A comparison of controller performance for the six di�erent controllers from

the viewpoint of reference speed tracking and load mitigation was given. The inclusion of

additional load signals in the LPV model and control law (i.e. Shown in xs1 and xs2) can

reduce turbine component loading during normal operation (DLC1.1 and DLC1.3), but the

resulting controllers increased turbine component loading during extreme in
ow conditions

(DLC1.4). The LPV controllers implemented were synthesized utilizing a novel LPV control

design process, providing control designers with the ability to model, shape, synthesize, and

test LPV control performance using the FASTv8/OpenFAST [55, 71] nonlinear, aero-elastic

simulators for a wide range of LPV model architectures.

Finally, Chapter 5 presented the design process for a SUMR 50 wind turbine, quan-

tifying design choices through the LCOE metric, and comparing predicted LCOE values

with currently existing wind farms in publication and operation. The design has resulted

in the world's largest wind turbine benchmark, updated design and analysis tools for aero-

dynamic, structural, and control development. The processutilized the LCOE metric to

quantify di�erences in design decisions, and as a guiding surface for optimal turbine design

and operation. The quanti�cation of the design site in termsof turbine class, turbulence

intensity, mean hub-height wind speed, Weibull scale and shape factors constrain the loads

analysis process and AEP predictions. The e�ects of linear assumptions used in the blade

performance predictions according to FAST/ElastoDyn versus blade performance predic-

tions according to FAST/BeamDyn were compared and quanti�ed. This study showed that

simulated blade root, 
apwise bending loads increased two fold when using BeamDyn, with

a shift in 2P blade edgewise frequencies and signi�cantly di�erent commanded pitch angles

due to di�erences in predicted blade performance.
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Change in turbine AEP was quanti�ed across SUMR-50 design iterations, providing the

decision metric for blade length in relation to a given Weibull probability density. AEP is

a main contributor to the LCOE metric, and with increased AEP,capacity factors increase

driving down the cost of wind energy. Choices of generator and drivetrain con�gurations

were compared, quantifying their in
uence on CapEx contributions to LCOE. For the �nal

design con�guration, a DFIG generator with a gear box was chosen to decrease generator cost

and mass while increasing drivetrain damping. This design choice is made with the caveat

that new materials with a larger modulus of rigidity as compared to steel will need to be

developed for actual turbine realization. Finally, our method of quantifying and comparing

LCOE according to normalized blade and tower mass for a 600MWwind farm was presented

with comparisons of designed blade mass and predicted blademass scaling relationships as

published in [99].

Through the presented design process, the advanced blade mass scaling relationship was

met, and even exceeded it in terms of producing a blade with less mass than even the ad-

vanced scaling relationship predicted. The LCOE metric encompasses all aspects of turbine

design; manufacturing, transportation and installation,and with the nonlinear nature of

LCOE, it is vital to have accurate cost predictions for each of the sub-categories. This work

has produced an accurate prediction of the estimated AEP across turbine scales for the speci-

�ed design site, while approximate mass and cost scaling relationships were used to estimate

the CapEx, and a similar approach was taken for OpEx. However,other factors such as

substructure, transportation, manufacturing, etc. and uncertainty in scaling relationships

to such unprecedented scales also impact LCOE and should be examined carefully in future

research.

There is no doubt that the ability to grow wind turbine rotors increases capacity factor,

contributing to a decrease in LCOE, but it is still unclear exactly at what point the increase

in cost for turbine sub-components (i.e. sub-structure, tower, drive-train, bearings, etc.),

manufacturing, and installation overtakes the contribution from increased energy capture.
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Furthermore, with wind technologies massive growth spurt over the past decade in large part

due to government subsidies, wind technology has not been purely market driven, and is still

maturing towards being able to sustain itself among the existing energy infrastructure.

Future directions of work and research with the aim of determining an overall optimal

turbine design would be to automate the turbine design algorithm depicted in Fig. 5.3 for

a more detailed and thorough design space exploration. Thiswould entail linking all the

turbine design softwares under a unifying simulation and analysis umbrella with an increased

�delity LCOE calculation.

The LPV control design process depicted in Fig. 6.1 utilizes several sub-modules including

LPV model creation, frequency domain system shaping, modelreduction, LMI construction

and optimization. The algorithm is able to produce functional controllers, however, they re-

quire additional tuning post implementation. Mostly, thisconsists in �nding scaling matrices

for practical operation. Integrating the search for scaling matrices into the optimization algo-

rithm for seamless integration into the turbine design algorithm given by Fig. 5.3, the tuning

factors required for implementation on the nonlinear modelcould be isolated to the control

synthesis portion of the design algorithm. Furthermore, improvements in cost function spec-

i�ed for the optimization, and/or approximations of the quasi-convex objective function with

a convex objective function would serve to increase the ability of the LMI solvers to �nd a

global optimum across the non-convex terrain generated viapolynomial system scheduling.

The use of polytopic coordinates for system scheduling decreases the non-convexity of the

problem but increases online implementation, requiring multiple signals to be measured for

local controller scheduling.
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Figure 6.1: LPV modeling, performance vector, and control synthesis 
ow diagram showing
connection of each sub-module.
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APPENDIX

PROOFS

A.1 Stability Derivation

This appendix presents a detailed derivation of the linear matrix inequalities (LMI) used

to obtain a controller with H1 a-priori performance metrics. While the proofs are pre-

sented in [50] intermediate steps are provided for a more detailed derivation with additional

explanation.

A.2 State-Space Representation

For the synthesis of the control system one can de�ne a parameter dependent, continuous-

time, state-space system using (A.1).

_x = A(� )x + Bu(� )u + Bw(� )w

z = Cz(� )x + Dzu(� )u + Dzw(� )w (A.1)

y = Cy(� )x + Dyw (� )w

With x 2 Rmx 1, u 2 Rnx 1, w 2 Rqx1 being the system states, control inputs and exogenous

inputs respectively, and the system matrices having corresponding dimensions.Cz is a matrix

describing the performance signals, on which the a-priori performance of the LPV controller

is based. The performance metric,
 , is a ratio of the l2 norm of the performance signal,z,

to the exogenous input,w.

sup
w2 L 2 ;w6=0

jj zjj2

jjwjj2
< 
 1 (A.2)

The scheduling parameter, its rate of variation, uncertainty in the scheduling parameter and

its rate of variation are all assumed to lie within sets that are known to be bounded with

upper and lower extremes.
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Where � , _� ,� , and _� represent the scheduling parameter, its rate of variation,uncertainty in

the measured scheduling parameter, and its rate of variation respectively.

In the following section, the LMI system will be developed and used for the synthesis of

the control matrices.

A.3 Controller Derivation

A.3.1 H1 Performance Constraint

Ensuring closed-loop stability and an upper bound on de�nedperformance metrics, the

closed-loop system will be constructed and the optimization problem de�ned for the closed-

loop matrices following the derivation presented in [33]. For a Gain Scheduled, Output

Feedback (GSOF) controller, the following control law is de�ned:

_xc = Ac(� )xc + Bc(� )y

u = Ccxc + Dcy (A.4)

The scheduling of the controller is contained within the time varying state vector (xc)

and it is assumed thatCc and Dc are constant, ensuring convexity for controller design.

(2.15) is represented in matrix form as

�
_xc

u

�
=

�
Ac(� ) Bc(� )

Cc Dc

� �
xc

y

�
(A.5)

A block diagram depicting the closed-loop system is presented in Figure A.1.
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Figure A.1: Block diagram of closed loop

Substituting (2.15) into (A.1), the closed-loop system's dynamics are computed as

2

4
_x
_xc

z

3

5 =

2

4
�A(� ) + �Bu(� )Dc

�Cy
�Bu(� )Cc

�Bw(� ) + �Bu(� )Dc
�Dyw

Bc(� ) �Cy Ac(� ) Bc(� ) �Dyw
�Cz(� ) + �Dzu(� )Dc

�Cz
�Dzu(� )Cc

�Dzu(� )Dc
�Dyw

3

5

2

4
x
xc

w

3

5 (A.6)

and the following matrices are de�ned to ensure appropriatedimensions

2

4
�A(� ) �Bw(� ) �Bu
�Cz(� ) �Dzw(� ) �Dzu(� )

�Cy
�Dyw (� )

3

5 =

2

6
6
6
6
4

A(� ) 0 Bw(� ) 0 Bu

0 0 0 I n 0
Cz(� ) 0 Dzw(� ) 0 Dzu(� )

0 I n 0
Cy 0 Dyw (� )

3

7
7
7
7
5

(A.7)

Note: The system's dependence on the scheduling parameter has been dropped for ease of

notation, and the following derivation is for a continuous-time system. Short hand notation

for the closed-loop system will be denoted using a subscriptcl.

A.3.2 Discrete-Time stability conditions with H1 Performance

The closed-loop system is said to be dissipative with a supply function s(w(k); z(k)), if

there exists a storage functionV such that A.8:

V i (xcl) � V i +1 (xcl) � s(w(k); z(k)) (A.8)
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with xcl =
�

xT xT
c

� T

and de�ning V to be the quadratic form

V(xcl) = xT
clX xcl (A.9)

with X 2 R nx cl � nx cl and X = X T � 0. In order to constrain an upper bound on the

closed-loop system's performance as de�ned in (A.4), the supply function is de�ned as

s(w(k); z(k)) = 
 2jjw(k)jj2
2 � jj z(k)jj2

2 (A.10)

(A.10) de�nes the l2 norm of the di�erence of two vectors, where thel2 norm is the

Euclidean inner product, de�ned as

hz; zi = zT z = jjzjj2
2: (A.11)

Using (A.8), (A.9), (A.10) and (A.11) the resulting inequality which must be satis�ed for

bounded closed-loop system performance can be shown as

xcl(k + 1) T X xcl(k + 1) � xcl(k)T X xcl(k) �
�
w(k)
z(k)

� T �

 2I nw 0

0 � I nz

� �
w(k)
z(k)

�
: (A.12)

Using the closed-loop's system dynamics de�ned in (A.6), (A.12) becomes

�
xcl(k)
w(k)

� T �
Acl(� )T X Acl � X Acl(� )T X Bcl

B T
cl X Acl(� ) B T

cl X Bcl

� �
xcl(k)
w(k)

�

�
�
xcl(k)
w(k)

� T �
0 Bw

Ccl Dcl(� )

� T �

 2I nw 0

0 � I nz

� �
0 Bw

Ccl Dcl(� )

� �
xcl(k)
w(k)

�
: (A.13)

Examining (A.13), it can be observed that the inequality should hold true

8
�
xcl(k)T w(k)T

� T
; (A.14)

which allows for the simpli�cation given by (A.15).
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�
Acl(� )T X Acl(� ) � X AT

clX Bcl

B T
cl X Acl B T

cl X Bcl

�
�

�
0 Bw

Ccl Dcl(� )

� T �

 2I nw 0

0 � I nz

� �
0 Bw

Ccl Dcl(� )

�
(A.15)

Multiplying out the RHS of the inequality, the matrix inequality is further simpli�ed to

�
Acl(� )T X Acl(� ) � X Acl(� )T X Bcl

B T
cl X Acl(� ) B T

cl X Bcl

�
�

�
� CT

cl Ccl � CT
cl Dcl(� )

� Dcl(� )T I nz Ccl B T
w 
 2I nw Bw � Dcl(� )T I nz Dcl(� )

�

(A.16)

�
Acl(� )T X Acl(� ) � X AT

clX Bcl

B T
cl X Acl B T

cl X Bcl

�
�

�
� CT

cl Ccl � CT
cl Dcl(� )

� Dcl(� )T I nz Ccl B T
w 
 2I nw Bw � Dcl(� )T I nz Dcl(� )

�
� 0

(A.17)

Factoring out a � X and a B T
w 
 2Bw term from (A.17), in addition to substituting

XX � 1X for X , and multiplying through by � 1, (A.17) can be rearranged into the form

�
X 0
0 
 2B T

w Bw(k)

�
�

�
Acl(� )T X CT

cl
BclX Dcl(� )T

� �
X � 1 0

0 I nz

� �
X Acl(� ) X Bcl

Ccl Dcl(� )

�
� 0 (A.18)

For the next step, it is necessary to de�ne the schur complement of a matrix.

De�nition 1 : The Schur complement,S, of a matrix A having a block structure A =2

6
4

A11 A12

A21 A22

3

7
5 is de�ned as

S = A22 � A21A � 1
11 A12 (A.19)

Applying the Schur complement to (A.18), the �nal form of the inequality constraint

which must be satis�ed for a dissipative system with a-priori performance metric is

2

6
6
4

X 0 Acl(� )T X CT
cl

0 
 2B T
w Bw B T

cl X Dcl(� )T

X Acl(� ) X Bcl(k) X 0
Ccl Dcl(� ) 0 I nz

3

7
7
5 � 0: (A.20)
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A.3.3 Continuous-time stability conditions with H1 Performance

T heorem 24:4 [50] For a continuous time system, A is said to be Hurwitz andjjTjjH 1 <


 i� there exists X > 0 with

�
I 0
A B

� T �
0 X
X 0

� �
I 0
A B

�
+

�
0 I
C D

� T �
� 
 2I 0

0 I

� �
0 I
C D

�
� 0 (A.21)

proof: Assume that (A.21) holds, then the upper left block reads asAT X + XA + CT C � 0,

which implies AT X + XA � 0. Therefore,X � 0 guarantees that A is Hurwitz. Since the

inequality is strict, in continues to hold if one replaces� 
 2 by � (
 � � )2 for some suitably

small � << 1. Choose anyw with 0 < jjwjjL 2< 1 . Right-multiply the perturbed version of

(A.21) with col(x(t); w(t)) and left-multiply with its transpose, and substitute (A.1), then

�
x(t)
_x(t)

� T �
0 X
X 0

� �
x(t)
_x(t)

�
+

�
w(t)
y(t)

� T �
� (
 � � )2I 0

0 I

� �
w(t)
y(t)

�
(A.22)

=
d
dt

x(t)T Xx (t) + y(t)T y(t) � (
 � � )2w(t)T w(t) � 0 (A.23)

By integration on [0; T] and with x(0) = 0

x(T)T Xx (T) +
Z T

0
y(t)T y(t)dt � (
 � � )2

Z T

0
w(t)T w(t)dt 8 T � 0

(A.24)

Sincex(�) and _x(�) are of �nite energy, x(T) ! 0 for T ! 1 . After taking the limit

T ! 1 , the result jjyjj2
L 2

� (
 � � )2jjwjj2
L 2

.

The Schur form of (A.21) can be expressed as

2

4
AT X + XA XB C T

B T X 
 2I D T

C D � I

3

5 � 0 (A.25)

and will be the stability criterion used hereinafter.

Using a parameter dependent Lyapunov function, the continuous-time, closed-loop sta-

bility criterion (A.25) [50][33], can be expressed as
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2

4
Acl(� )T X (� ) + X (� )Acl(� ) � _X (� ) X (� )Bcl CT

cl
B T

cl X (� ) � 
 2I D cl(� )T

Ccl Dcl(� ) � I

3

5 � 0: (A.26)

A.3.4 Congruence Transformation

(A.20) is a bilinear matrix inequality (BMI) due to the fact th at the matrix variable

X and the closed-loop system matricesAcl(� ) and Bcl are multiplied together. BMI are

computationally very di�cult to solve, and must be transformed into linear matrix inequali-

ties (LMI) using congruence transformations [103]. For this speci�c application, the authors

follow a Lyapunov matrix factorization as presented in [104] and [105].

X = � 1� � 1
2 (A.27)

with � 1 =

2

6
4

H I n

Y T 0

3

7
5 and � 2 =

2

6
4

I n L

0 N T

3

7
5 where Y and N are any matrices such that

I n � H L = Y N T . Following the choice of these matrices presented in [106],Y and N

are chosen as

Y = H � L � 1

N = � L (A.28)
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