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Highlights

A new adaptive control is formulated for the pitch control of wind turbine that may suffer from reduced
life owing to extreme loads and fatigue.

The adaptive controller makes a trade-off between the maximum energy captured and the load induced.
The adaptive controller is designed to both regulate generator speed and mitigate component loads under
turbulent wind field when blade stiffness uncertainties exist.

Case studies show that the blade root flapwise load can indeed be reduced at a slight expense of optimal
power output, which yields a new control design strategy.
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Adaptive Pitch Control of Wind Turbine for Load Mitigation under Structural Uncertainties

Yuan Yuan and J. Tang?
Department of Mechanical Engineering
University of Connecticut
Storrs, CT 06269, USA
Phone: +1 (860) 486-5911, Email: jtang@engr.uconn.edu

Abstract

In this research, a new adaptive control strategy is formulated for the pitch control of wind turbine
that may suffer from reduced life owing to extreme loads and fatigue when operated under high wind
speed and internal structural uncertainties. Specifically, we aim at making a trade-off between the
maximum energy captured and the load induced. The adaptive controller is designed to both regulate
generator speed and mitigate component loads under turbulent wind field when blade stiffness
uncertainties exist. The proposed algorithm is tested on the NREL offshore 5-MW benchmark wind
turbine. The control performance is compared with those of the gain scheduled proportional integral
(GSPI) control and the disturbance accommodating control (DAC) that are used as baselines. The results
show that with the proposed adaptive control the blade root flapwise load can be reduced at a slight
expense of optimal power output. Moreover, the blade load mitigation performance under uncertain blade
stiffness reduction is improved over the baseline controllers. The control approach developed in this

research is general, and can be extended to mitigating loads on other components.

Keywords: wind turbine, pitch control, load mitigation, adaptive control, turbulent wind field,

uncertainties.

1. Introduction

Wind energy is commonly recognized as a major environmentally friendly energy source that is
renewable. Modern wind turbines are large, flexible structures operating in highly turbulent and
sometimes unpredictable wind field [1]. There are three regions in wind turbine operation (Figure 1). In
Region 1 where wind speed is very low, the brake is equipped to stop the wind turbine operation, yielding
no power generation. In Region 2, from the cut-in wind speed to the cut-out speed, the objective is to

achieve the maximum power output, i.e., to maximize the acrodynamic power coefficient C,. The
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generator torque control is utilized to track the optimal tip speed ratio in specific C, curve which is

usually obtained from benchmark test data. In Region 3 where wind speed is high, the objective is to
track the rated generator speed. There generally exists a trade-off between tracking the generator speed
(i.e., power output) and maintaining the mechanical loads to turbine components (e.g., blades), due to the
significant uncertainties in operating conditions and system properties. Such external and internal
uncertainties include varying wind speeds, weather changes, icing, assemblage error of the turbine, and
rotor asymmetries caused by damaged in blades, etc. Intuitively, the long-term productivity of a wind

turbine may be higher if it is operated somewhat conservatively at the presence of these uncertainties.

Region 3

Power (kW)

Region 2 .

Region 1

v

3 1.4
Wind Speed (m/s)

Figure 1. Three regions of a typical wind turbine.

Blade pitch control adjusts the aerodynamic angle of attack. Currently, collective pitch angle control
is widely utilized to adjust the generator speed in Region 3 (above rated-speed). Typically, linear system
control methods can be adopted when accurate model can be acquired. Jonkman et al developed the PID
approach to regulate the generator speed, and a gain scheduling part was added to deal with the

aerodynamic sensitivity of the C, curve to blade pitch angle, which yields a gain scheduled proportional

integral (GSPI) control [2]. Wright investigated the state-space feedback control after linearizing the
nonlinear model under selected operating points. As the model depends on the operating point selection
and wind disturbance may not be directly measured, a Disturbance Accommodating Control (DAC) was
developed to achieve disturbance rejection and to attenuate loads by accounting for wind disturbances
with additional state estimators [3]. Nevertheless, the actual performance may still be affected by the
wind estimator accuracy, and the wind speed disturbances cannot be precisely cancelled out in high-order
controllers [4]. Also the wind disturbance gain should be redefined to track the set-point. Frost et al
employed an adaptive control for speed regulation, which does not require knowing precisely the wind

turbine model parameters [5]. Connor et al formulated an H, controller to mitigate fatigue damage of

wind turbine with known linear model [6]. As the wind speed varies, the linear model is no longer time-
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invariant. Stol and Balas thus extended the periodic DAC based on time-varying turbine model, aiming at
improving blade load attenuation level [7]. To better reject wind disturbance, Hand and Balas further
incorporated properties of coherent turbulent inflow structures to DAC to mitigate the transient blade load
response caused by the Rankine vortex in the flow [8]. Since it is difficult to optimize all performance
metrics simultaneously, Model Predictive Control (MPC) was proposed to realize trade-off between
multiple objectives [9-11]. In order to realize better balance of the conflicting objectives such as power
capture and tower fore-aft fatigue load in the entire operating region, multi-objective MPC tuned by
Pareto curves was formulated [12-13]. In addition, the dynamic inflow can be included in the prediction
model of MPC design to facilitate the robustness of the controller [14].

Along with the hardware advancement in newer wind turbines, there have also been recent studies
focusing on individual blade pitch control to attenuate blade root loads to counteract wind shear and

asymmetric disturbance across the rotor disc [15-17]. Hassan investigated a mixed H,/H,, with pole

placement to regulate generator speed and reduce once-per-revolution (1P) load [18]. More recently, light
detection and ranging (LIDAR) system has been developed to remotely measure the incoming wind speed
[19]. Using LIDAR measurement, Dunne and Pao [20] designed a combined feedback/feedforward blade
pitch controller to reduce the structural loads in blade root, tower base and top. In another study, FX-
RLS-based feedforward control was suggested to mitigate both blade bending and tower moment while
regulating the rotor speed with slightly sacrificed energy, which takes the advantage of the robustness
characteristics and good disturbance rejection of the adaptive control [21].

In wind turbine blade pitch control, the fundamental challenge stems from the nonlinearity of the
model, unmodeled dynamics, as well as the internal and external uncertainties [22-23]. Conceptually, the
strategy of adaptive control is appealing in tackling such challenge, as it has the potential of dealing with
highly nonlinear model with unknown parameters and complicated operating conditions. Indeed, this
strategy has been explored on wind turbines to achieve different goals. In order to realize the maximum
power at below-rated wind speeds (Region 2), Johnson et al presented an adaptive pitch controller to
obtain high aerodynamic efficiency by using a discrete hill-climbing method [24]. Balas et al developed
an adaptive Disturbance Tracking Control (DTC) technique to track the optimal tip speed ratio based on a
wind speed estimator with the linearized CART model [25]. Magar and Balas employed a simplified
model in adaptive control design, and demonstrated performance robustness in tracking optimal tip speed
ratio under various operating conditions [26].

In this research, we take into consideration the varying wind speeds and model uncertainties, and aim
at striking a balance between tracking the generator speed (i.e., near-term performance) and mitigating
mechanical loads (i.e., long-term reliability). We investigate the collective pitch control that can be

applied to many existing wind turbines. We specifically focus on above-rated wind speeds, and assume
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the turbine is subjected to blade stiffness reductions (possibly caused by minor damage). Specifically, a
model reference adaptive controller is formulated towards this goal. Mathematically, our control
objective is to balance the generator speed-tracking and the structural loads under blade stiffness
uncertainties. A closed-loop system based on the DAC strategy that is originally suggested by Lee and
Balas [34] is selected as the reference model in the adaptive control. The reference signal is essentially
the outcome of a trade-off between the generator speed and structural loads, acquired based on an optimal
control of flapwise deflection modes and generator speed modes through selecting proper weighting
matrices. The reduction in flapwise moment at the slight expense of fluctuation of power and generator
speed can lead to the aforementioned trade-off. Meanwhile, adaptive control strategy has the capability
of dealing with various uncertainties by online updating the parameters at every sampling step according
to the difference of the nominal output and reference output while maintaining the stability robustness.
While our formulation is mainly based on blade load consideration, the approach can be extended to loads
on other components.

The rest of the paper is organized as follows. In Section 2 we briefly introduce the 5-MW benchmark
wind turbine model employed. The two existing controllers, i.e., the GSPI control and the DAC approach,
are outlined in Section 3, followed by the new adaptive control proposed. Case studies are presented in
Section 4. In this research both the model development and the case simulations are conducted by using
the Fatigue, Aerodynamics, Structures, and Turbulence (FAST) code [29]. The performance resulted
from the new adaptive control are compared with those from the baseline GSPI controller and DAC

controller. Section 5 summarizes the concluding remarks.

2. Model Development

We employ the NREL offshore 5-MW benchmark wind turbine in this research, which is a popular
choice in related studies [2, 18, 20, 26]. This is a three-bladed, upwind, variable-speed variable blade-
pitch-to-feather-controlled horizontal axis turbine [2]. The rotor diameter is 126m, and the hub height is
90m. The cut-in wind speed is 3 m/s, the rated wind speed is 11.4 m/s, and the cut-out wind speed is 25
m/s. The rated generator speed is 1173.7 rpm. We additionally assume a rigid tower, a rigid hub and
locked yaw position.

A variable-speed wind turbine generally consists of blades, a low speed shaft, a gearbox, a high speed
shaft, and a generator. The aerodynamic power captures by the rotor is given as [1]

Rvind :%pﬂ-chp (ﬂ,ﬂ)\ﬁ (1)
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where R is the rotor radius and p is the air density. The power coefficient C, is a nonlinear function of

the tip speed ratio A and the pitch angle £, and can be obtained from look-up table generated by filed

test data. Here
=" (2)

where v is the wind speed and @, is the rotor speed. From Equations (1) and (2) we can see that the
aerodynamic coefficient depends on wind speed, rotor speed and blade pitch angle. Pitch angle control
can be used to limit the aerodynamic power captured by the rotor to realize load mitigation. The
aerodynamic torque applied to the rotor can be expressed as

;. _17C,(4.8)pR*’
) @

(

G)

When we assume that the low speed shaft is rigid, we have the equations of motion for the rotor and the
generator as, respectively,

‘]ra.)r = T;z - Cr'a)r - T;s 4 Jgd)g = T;ts - Cga)g - T'em (4a’b)
where J, and J, are the moment of inertia of the rotor and that of the generator, @, is the generator
speed, 7, and 7, are the low speed shaft torque and high speed shaft torque, C, and C, are the external

damping coefficient of the rotor and that of the generator, and 7, is the generator electromagnetic torque.

We assume an ideal gearbox (i.e., 100% efficiency) with the transmission ratio n, given as

T, _ 9
n =—-—-=—< 5
=7 7, (%)

hs r

Substituting Equation (5) into Equation (4) yields a simplified relation

Jo,=T,-Ko,-T, (6)
where
J=J,+nJ,, K =K+nK,, T,=nT, (7a-c)

The governing equation (i.e., Equation (6)) can represent dynamics in all operating regions. It indicates

that the generator speed can be regulated by the aerodynamic torque 7, and the electromagnetic torque

T, . Hence, two separate SISO control loops, i.e., torque controller and blade pitch controller, can be

used. Usually in Region 2, torque controller is utilized to regulate the generator speed while the blade
pitch angle is held constant to maintain the maximum aerodynamic coefficient. In above-rated region (i.e.,

Region 3), however, pitch controller is often implemented to limit the aerodynamic torque 7, to avoid
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extreme loads. Here we adopt the torque controller suggested by Jonkman et al [2] that was designed for
the same NREL 5-MW benchmark wind turbine, and focus on the blade pitch control.
Observing Equation (3), one can see that there exists complex nonlinear relation between the pitch

angle A and the aerodynamic torque 7,. In addition, the flapwise vibration of a blade caused by

aerodynamic load needs to be suppressed to avoid damage. Therefore a more accurate dynamic model
including the flap mode is needed. In this research we employ the FAST code developed by National
Renewable Energy Laboratory (NREL) [29] to establish the mathematical model of the wind turbine. The

nonlinear aero-elastic equation of motion can be expressed as [29],
M(q,u,2)q+f(q,q,u,u,,7)=0 (8)
where M is the mass matrix, f is the nonlinear forcing function vector that includes the stiffness and

damping effects, q is the response vector, u is the vector of control inputs, u, is the vector of wind

disturbance, and ¢ is time. In our analysis, f is calculated by using AeroDyn through the Blade Element
Momentum (BEM) Theory [28]. In this approach, aecrodynamic forces and moments are calculated in
each segment of the blade, and the distributed forces are obtained by integration from blade root to tip.
FAST then numerically linearizes Equation (8) by perturbing each variable about their respective
operating points. After the Taylor series expansion, we obtain

MG+Cq+Kq=Fu+Fu, )
where M, C, and K are, respectively, the linearized mass, damping, and stiffness matrices, F is the control

input vector and F, is the wind disturbance vector.

Here we employ the linearized model that is simplified from the nonlinear model of the actual wind
turbine, which is obtained when the first flapwise blade mode DOF (degree-of-freedom), the generator
DOF, and the drivetrain torsional flexibility DOF are switched on. One can cast the linearized equation
into the state-space representation,

x=Ax+Bu+B,u,
(10a,b)
y=Cx+Du+D,u,

T

where x=[q",q"]" is the state vector. The first five state variables are, respectively, the generator

deflection, the drive-train torsional deflection perturbation, and the flap displacement perturbations of
three blades. The remaining five state variables are the corresponding velocities. A, B, C, and D are the

state matrix, the control input matrix, the output matrix, and the control input transmission matrix. B,
and D, are the wind disturbance input matrix and the wind disturbance input matrix. W is the control
input (i.e., perturbed blade collective pitch angle), u, is the disturbance input (i.e., perturbed wind speed),

and y is the output. The design point for linearization is chosen to be in Region 3. An operating point
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with wind speed v=15m/s, pitch angle 8=10.45 deg, and rotor speed @, =12.1 rpm is used in the

subsequent control investigations.

3. Control Syntheses

In this section we first outline a GSPI controller that is one of the baselines to illustrate the
mathematical background and also the challenge, and then present the formulation of the proposed model
reference adaptive control with disturbance accommodation. For these controllers, we assume the filtered

generator speed measurement is the only input and the controllers provide the collective pitch command.

3.1 Baseline gain scheduled proportional integral control and generator torque control

One baseline controller used for comparison in this research is the gain scheduled proportional
integral control (GSPI) originally developed by Jonkman et al [2]. The conventional approach to
controlling power output involves two independent control loops, i.e., the generator torque control and the
full-span rotor collective blade pitch control. The purpose of blade pitch control is to regulate the
generator speed to avoid excessive structural loads at above-rated wind speed. The generator torque
control aims at achieving the maximum power capture in various regions.

The form of GSPI can be written as
A0=GS(0)(KPAw+K,I;Aw) (11)

where A@ is the small perturbation of blade pitch angle around the operating point, and Aw is the error
between measured generator speed and the rated set point value. K, and K, are first calculated under
the initial operating point. The gain correction factor GS(6) is a function of the blade pitch angle to

regulate the gains under different operating conditions [2],

1

where ¢ is the blade pitch angle, and 6, is the blade pitch angle at which the pitch sensitivity value is

doubled from its value at the rated operating point. The pitch sensitivity refers to the sensitivity of
aerodynamic power to the rotor collective blade pitch angle.
As mentioned, another component of wind turbine control is the generator torque control. In Region

2, the control objective is to reach the maximum power by tracking the optimum tip speed ratio (TSR)
whereas the pitch angle is kept constant zero. Region 25 is a linear transition to capture the maximum

power when the generator speed approaches the rated-speed. According to [2], the baseline torque

control can be formulated as
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where @ is the generator speed, k is an optimal constant, i.e., 0.0255764 Nm/rpm” for this benchmark
wind turbine. The transitional generator speed @, is 1,161.963 rpm (i.e., 99% of the rated-speed), the
generator rated-speed @, is 1173.7 rpm, the rated generator torque 7., is 43,093.55 Nm, and 7, is

43,092.38 Nm to yield the generator-slip percentage constant of 10%.

It is worth noting that GSPI is designed for generator speed tracking in the above-rated region, which
may indeed cause large fluctuation in component loads. In addition, the proportional and integral gains
are tuned without considering the possible uncertainties in the plant. Consequently, it may not work well

when inherent and external uncertainties exist.

3.2 Model reference adaptive control with disturbance accommodation

The life span of wind turbines is expected to be 20 years or longer. In reality, wind turbines are often
subjected to harsh environment with highly turbulent wind field. There is a large fluctuation in
aerodynamic forces and moments to the blade. Such situation, if not handled properly, may lead to
unexpected failure of turbine components. In high wind speeds, we also want to regulate the generator
speed at the rated value and reduce the oscillation. Thus an intelligent control system is desired to ensure

both the near-term performance (constant speed) and long-term reliability (less failure).

Wind u,

Reference Model

u li ind| ¥+ Y
Pitch Actuator Sy Inea.r e )
Turbine
e,

G,.G,.G,.G,
Adaptive Updating

Figure 2. Direct model reference adaptive control approach with a disturbance accommodation controller (DAC).
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The model fidelity of the plant is essential for all control systems. In wind turbines, nevertheless, the
system parameters are usually not completely known, due to, for example, the inherent nonlinearities of
the model, unmodeled modes, manufacturing and assemblage tolerances, and external operating
uncertainties. One potential solution is to use an adaptive control approach which can deal with various
uncertainties by online updating parameters to force the error between reference and plant output to
approach zero. Here in this research we adopt the direct model reference adaptive control approach with
a disturbance accommodation controller (DAC) (Figure 2) [33]. There are two parts in this augmented
controller. One is the reference model which is chosen as the DAC scheme. The other is the adaptive
part, where the algorithms can adapt itself to the internal and external uncertainties. These two parts will
be discussed as follows.

Reference model formulation with disturbance accommodation

The concept of Disturbance Accommodating Control (DAC) was originally proposed by Johnson [31],
and Balas et al [32] further extended the DAC concept to large-scale horizontal axis wind turbines. In the
adaptive control to be developed in this research, we employ the DAC strategy to formulate the reference
model. As the error between the reference and plant output approaches zero, the wind disturbance effect
is reduced and the component loads are mitigated. Furthermore, an optimal control inner loop is
embedded in the reference model in order to realize the trade-off between the load mitigation and
generator speed tracking.

Recall the linearized state-space equation of the system, Equation (10). In DAC, we assume that
wind disturbance is the variance from the wind speed at the operating point and has a known waveform
but unknown amplitude. Specifically, we can model it as step disturbance [3, 4, 7, 8], where the
amplitude of wind speed changes from one to another within a relatively short sampling interval. The

wind disturbance is denoted as u,, and is characterized by the following disturbance wave generator,
z,=Fz,, u,=0z, (14a,b)
For the step disturbance, F and @ are assumed to be known as
F=0, O-=1 (15)
In Equation (10b), D and D, are both equal to zero according to the FAST linearization. When we give a
bounded control input u,, (i.e., blade pitch angle signal) to the linearized model and maintain the stability

of the closed-loop system (i.e., the eigenvalues of the closed-loop system all having negative real parts),
the closed-loop DAC system, which is used as the reference model in the proposed adaptive control

strategy, can be expressed as
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Xm = Amxm + Bmum + Bdmudm
(16a,b)
ym = mem

where A , B , B, ,and C  are the state, input, disturbance input, and output matrices of the linearized

m? dm >
model. In DAC, the control law is expressed as combination of full state feedback (which is intended to
take load mitigation into consideration) and disturbance state feedback to reject disturbances,

u =Gx, +G,z,, a7
where G is the state gain and G, is the disturbance state gain. We then have

Xm = (Am + Bme )Xm + (BmGd + Bd1n®)zdm (1 8)
As mentioned, the first term at the right hand side of Equation (18) is related to the regulation of
generator speed with load mitigation being considered. As such, G can be obtained by Linear Quadratic

Regulator (LQR) approach, i.e., minimizing the quadratic performance index [38]:

J=%j:(xm(t)Tme(t)+um(t)TRum (t))dt (19)

where Q is a positive-semidefinite, real, symmetric matrix and R is a positive-definite, real, symmetric
matrix. For the NREL 5-MW benchmark wind turbine, the linearized system described by Equation (10)
is actually not state controllable because the rank of its controllability matrix is less than the order of the
system. Therefore, further reduction of the system is necessary in order to allow arbitrary selection of
system poles to enhance damping and improve system responses (with G) [3]. Here we reduce the
original six states (displacements and velocities) for flapwise mode of three blades to one symmetric
displacement state and one symmetric velocity state. Meanwhile, as the only available measurement is
generator speed, the corresponding system is not observable (i.e., the rank of the observability matrix is
less than the order of the system). We eliminate the state for generator deflection mode and only reserve
generator speed state to enable the placement of the poles of the estimators which will be discussed later.

After the reduction of the linearized model, we can use Equations (17), (18) and (19) to facilitate the
design of reference model with desired response. The diagonal elements in Q and R need to be adjusted
properly to move the poles further to the left in the complex plane [23]. In some scenarios, the
improvements of flapwise mode performance may deteriorate the generator mode response. Thus we
should carefully choose Q and R to obtain an optimal trade-off between speed regulation and flapwise
displacement response. An illustration will be presented in the case studies section.

The second term at the right hand side of Equation (18) concerns the disturbance. To mitigate the

effect of disturbance, we can generally choose G, in such a manner that the coefficient matrix of

disturbance BG, +B,0 in Equation (18) is equal to zero, i.e., to realize disturbance cancellation. In
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most cases, this matrix does not have full rank and is ill-conditioned. In those cases, we can opt to

minimizing its L, norm ||BG . +B dG)” and obtain

Gd = _(B)]“;BmBi]?-l )71Bdm (20)

As the only measurement considered to be available is the generator speed, here state estimator is

used to predict the unmeasured states. The plant state and output estimator are given as

Xm = Amxm + Bmum + K] (y - Y) + Bdmudm

(21a,b)
ym = Cilﬂ

where X, u,,,and ¥ are the estimates of x,, u, and y. The disturbance state estimator is used to

predict the unknown wind disturbance,
u, =0z
S . (22a,b)
z,=Fz, +K2(y—y)
where @, and Z, are the estimates of u, and z,. Recall Equation (10). These two estimators can be
joined as an augmented state estimator form. K, and K, are adjusted by pole placement such that the

estimator has acceptable transient behavior and accuracy.

Adaptive algorithm development

The formulation of the DAC-type reference model, as explained in the preceding subsection, enables
us to reach a trade-off by balancing load mitigation and speed regulation while reducing the disturbance
effect. DAC controller, on the other hand, is not designed to be robust and it may be sensitive to errors in
the turbine model. As shown in Figure 2, the second part of the proposed adaptive control scheme is the
adaptation which allows us to take uncertainties into consideration. The uncertainties include 1) those
caused by the nonlinear aerodynamic loads on the turbine, 2) varying wind speed, and 3) unmodeled
dynamics.

For adaptive algorithm formulation, we assume the actual wind turbine is a linear, time-invariant, and
finite dimensional plant shown as follows,

X,=Ax,+Bu, +Bu,

(23a,b)
y,= Cxp

where x  is the plant state vector, u, is the plant input vector, and y, is the plant output vector. In this

research, the input is the collective pitch angle, and the output is the generator speed. It is worth noting
that, in simulation, we will still employ the nonlinear NREL 5-MW benchmark as our actual plant. This
proposed linearized model is only adopted for theoretical analysis of the adaptive control.

The error between the reference output y  and the plant output y is defined as e, i.e.,

10
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e, =y-VY, 24
where y is the actual plant output, and y_ 1is the reference output obtained by the closed-loop DAC
applied in Equation (16). Here y and y, are both actually scalars, because the only available

measurement is the generator speed. The reference signal is essentially the result of a trade-off between
the generator speed and blade flapwise loads. The purpose of the adaptive algorithm is to force the actual

plant output y to follow the reference output y, , i.e. }Ln;ey =0, by online updating the parameters at

every sampling step with unknown or varied system dynamics or other specific uncertainties.
The general theory of model reference adaptive control and the associated stability analysis can be
found in [34]. Here we have
u=Ge +Gx,+Gu, +G.z, (25)

Correspondingly, the adaptive gain laws are

G, =-Kpepe G =-Kegx’

yoyTy? X xTyTm

G,=-Keu 6 G =-Kez] (26a-d)

u-y-m?
where K ,» K., K, , K, can be arbitrary, positive-definite matrices. In order to guarantee the stability,

we must have the following conditions satisfied [5, 26, 34]:

1) All inputs to the reference model are bounded. In this research, the pitch angle input bound is
guaranteed by the pitch angle limits (0-90 degree). The disturbance bound is also guaranteed
since the wind turbine is stopped to avoid excessive loads when the wind speed exceeds the cut-
out value (25 m/s).

2) The reference model (closed-loop DAC) described by Equation (18) is stable. In this research, all
the eigenvalues of closed-loop system are placed in the left-half s-plane.

3) The system described by Equation (23) is Almost Strict Positive Real (ASPR). This is satisfied
when the transfer function C, (sI -A, )_l B, is Strictly Positive Real [5]. The linearized model
has been examined at different operating points to validate this condition.

The selection of parameters in Equations (25) and (26) is based on the control objective which is to

regulate the generator speed according to the closed-loop DAC output and achieve simultaneously load

mitigation. Since we have considered the disturbance rejection in reference model by DAC approach, the

gain G_ in Equation (25) is chosen to be 0. Our main task is to track the generator speed and we do not
need to track the control input. Thus we can also set G, to be 0. Similarly, all the elements in matrix G,

are chosen to be 0 except the one that corresponds to the generator speed state. Therefore, in Equation
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(26), the adaptive gains K, and K_ are 0. We can adjust K and K_ to achieve the desired generator

speed regulation and load mitigation effect.

Table 1. Wind file parameters.

Case 1 Case 2 Case 3
Mean wind speed (m/s) 15 12 17
Turbulence model IEC Kaimal spectral model
Turbulence intensity IEC category B (14%)
Height of reference wind speed (m) 90

4. Results and Discussions

In this section, case analysis results based on the GSPI, DAC, and the proposed adaptive control
algorithm are compared. The simulations on the NREL offshore 5-MW benchmark wind turbine are
carried out by connecting FAST with the respective controllers in the Matlab/Simulink environment. The
simulation duration is 600 seconds with an integration step size of 0.0125 second. As mentioned, the
model involves five DOFs including the first flapwise blade mode DOF of 3 blades, the generator DOF,
and the drivetrain torsional flexibility DOF. Aerodynamic forces and moments are calculated by using
AeroDyn. Turbulent wind fields are generated by using TurbSim [35]. Table 1 lists all the simulation
parameters used to obtain the wind fields. The mean wind speeds are set to be below, above and equal to
the operating point value (15 m/s), respectively, corresponding to three cases studied in this section. The

Simulink model of the adaptive pitch controller is shown in Figure 3.

Out1 Gen. Torque (Nm) and Power (W)

Torque Controller

Out1 Yaw Position (rad) and Rate (rad/s) QutData Dy
Yaw Controller Trgr;lsgfrt
GenSpeed Out1
Adaptive Pitch Conftroller
FAST Nonlinear Wind Turbine
Discrete State-Space Filter Unfiltered GenSpeed
x(n+1)=Ax(n)+Bu(n)

(Ve
E-}‘ ) ¥(n)=Cx(n)+Du(n) fw)
-

substract Op.Pt

Figure 3. Controller block diagram.
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4.1 Selection of parameters in closed-loop DAC used as reference model
The design of closed-loop DAC is important, because it will be used as the reference model in the
proposed adaptive control, and DAC will also be used for performance comparison. As indicated in
Section 3.2, we should carefully choose the weighting matrices Q and R in Equation (19) to facilitate an
optimal trade-off between speed regulation and flapwise displacement response. We may choose
different Q and R combinations and examine the closed-loop poles. Here the open-loop poles are
-1.9010+13.892i, -2.4642 +3.9884i, and -0.4524. The first pair of poles corresponds to the drive-train
torsional mode, the second pair corresponds to the symmetric first flapwise blade mode, and the last pole
corresponds to the generator mode. When we select, for example,
10° 0 0 0 0
0 01 0 0 0
0 006 0 0

0
0 0 0 100 0
0 0 0 0 107]

we can obtain the closed-loop poles as-2.5578+13.6131i, -13.5563+£3.19397,-0.4180. The damping in
the flap mode (i.e., the second pair) is increased as the corresponding poles are moved from
-2.4642+3.9884; to -13.5563+3.1939i/. However, at the same time, the damping in the generator
mode is reduced as the corresponding pole is moved from -0.4524 to -0.4180. Clearly, a trade-off exists

between the flapwise mode and generator mode. Alternatively, we may select

10° 0 0 0 0
0 107 0 0 0
0 0 08 0 0
0 0 0 001 O
0 0 0 0o 10*

The closed loop poles now become -14.0626+20.3352i, -6.0725+2.2044i, and -2.2319 , indicating

both the flapwise mode and generator mode can be enhanced after careful selection of Q and R. The

corresponding gain matrix G is [-802.7443,0.4439,21.7998,19.0430,0.0735]. This result is adopted in

the reference model for the following three case studies.

4.2 Results of GSPI, DAC and adaptive control under different turbulent wind fields
The DAC and the adaptive controller are simulated in all three abovementioned (below-rated, rated,
above-rated) wind fields, and compared to the baseline GSPI controller. The parameters of the controllers

involved in the case studies are summarized in Table 2. In order to compare these three different
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controllers, four performance indices are analyzed: Root Mean Square (RMS) error of generator speed,
mean power average, blade root flapwise moment DEL, and maximum flapwise moment. Here DEL
refers to the fatigue damage equivalent load (DEL), which serves as an important metric for comparing
fatigue loads across the entire spectrum of turbulent wind files. The equivalent fatigue damage is
represented by a constant load and calculated by MLife [36]. MLife is a post-processing code developed
by NREL to assess fatigue according to rainflow counting algorithm [37]. In high-cycle fatigue situations,
materials performance is usually characterized by an S-N curve (i.e., Wohler curve). Here the S-N slope

of 10 is used which is typical for composite materials (blade).

Table 2. Parameters of controllers.

GS(9) Gain correction factor W
1+6/6.302336
K, Proportional gain 0.01882681
K, Integral gain 0.008068634
R Weighting matrix 1
Q Weighting matrix diag([10°,107°,0.8,0.01,107*])
G State gain [-802.7443,0.4439,21.7998,19.0430,0.0735]
G, Disturbance state gain 0.0264
K, Adaptive gain 107
K, Adaptive gain 107"

Case 1 results, under turbulent 15 m/s wind field

Case 1 concerns the results under turbulent 15 m/s wind field. 15 m/s is the mean speed of wind
distribution from 0 to 600 s. The wind file, generator speed, pitch angle and blade root flapwise moment
are shown in Figures 4(a) to 4(d), respectively. From Figure 4(b) we can see that there is less fluctuation
of generator speed under adaptive control than that under DAC. The pitch angle change rate is smaller
under adaptive control than that under DAC or GSPI, as shown in Figure 4(c). It is observed that the
GSPI yields higher flapwise root moment from 360 s to 480 s, compared with DAC and adaptive control,
as shown in Figure 4(d). The overall performances are compared in Figure 5, where all performance
indices are normalized with respect to those obtained based on GSPI. It can be seen that the adaptive
controller reduces the flapwise moment DEL by 9% which is similar to DAC controller. The normalized

generator speed errors of GSPI, DAC and adaptive control are 0.1693, 0.2960, and 0.1727, respectively.
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The DAC controller exhibits a much larger error than the adaptive controller. The average power output
of the adaptive controller is slightly less than those of GSPI and DAC. The extreme flapwise moment is
decreased about 11% in DAC and adaptive control. Therefore, at operating point, the flapwise fatigue
can be reduced by adaptive controller, although the generator speed regulation is not as good as GSPI

since GSPI is only designed for speed regulation without consideration of load mitigation.
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Figure 4. Time-domain performance comparison of GSPI, DAC, and adaptive control under 15 m/s turbulent field.

(a) Wind speed; (b) Generator speed; (c) Pitch angle; and (d) Flapwise root moment.
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Case 2 results, under turbulent 12 m/s wind filed

For the situation where the wind speed is below the operating point, the turbulent wind field with
mean wind speed 12 m/s is chosen as Case 2. This wind file covers the switch region between Region 2
and Region 3 (since the rated wind speed is 11.4 m/s for this 5-MW turbine). The parameters of DAC
controller and adaptive controller are kept the same as those used in Case 1. The wind file, generator
speed, pitch angle and blade root flapwise moment are shown in Figures 6(a) to 6(d), respectively. GSPI
yields the highest activity of the pitch actuator, as shown in Figure 6(c). The overall value of flapwise
root moment is higher under GSPI than those under DAC and adaptive controller, as shown in Figure 6(d).
Therefore, when pitch angle is adjusted rapidly to maintain constant generator speed, it will cause large
oscillation in blade flapwise deflection. The normalized performances are compared in Figure 7. Similar
to DAC, the adaptive controller reduces the flapwise moment DEL by 38% as compared to the baseline
GSPI. However, as a trade-off, the power output exhibits a decrease of 36% (under DAC) and 25%
(under adaptive control), respectively, as compared to that of GSPI. The normalized generator speed
errors of three controllers are 0.1822, 0.5740, and 0.3316, respectively. The maximum flapwise moments

are also reduced by 10% under DAC and 9% under adaptive control.
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1 d 1

1
7 70.89 0.9
] 0.75 1
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Figure 7. Performance comparison of GSPI, DAC and adaptive control under 12 m/s turbulent field.
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(a) Wind speed; (b) Generator speed; (c) Pitch angle; and (d) Flapwise root moment.
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Case 3 results, under turbulent 17 m/s wind field

In Case 3 we consider turbulent 17 m/s wind field. The wind file, generator speed, pitch angle and
blade root flapwise moment are shown in Figures 8(a) to 8(d), respectively. The curve of generator speed
under adaptive control is generally lower than the curve under DAC and higher than the curve under
GSPI, as shown in Figure 8(b). The pitch angle curve under adaptive controller is very close to that under
DAC, as shown in Figure 8(c). The flapwise root moment trends are shown in Figure 8(d), where three
curves generally overlap. The normalized performance comparison is given in Figure 9. When the wind
speed is above the operating point, the flapwise moment DEL values of three controllers are nearly the
same while the extreme moment is decreased by 5% under DAC and adaptive control. This can be
ascribed to the fact that the mean wind speed in Case 3 is far away from the operating point. GSPI still
shows better ability to regulate the generator speed, and the RMS errors are 0.1964, 0.6513, and 0.3217,
respectively. Because of the larger wind speed, the average power output increases by 15% (under DAC)
and 6% (under adaptive), respectively, compared to that of GSPI. Therefore, in the above-rated region,
the load mitigation performance of both DAC and adaptive control is still effective, and the adaptive
control leads to better speed regulation than DAC as well as increased average power than both GSPI and

DAC.

4.3 Uncertainties analysis

The performance improvement and robustness of the adaptive controller are demonstrated in the
preceding section under different turbulent wind fields. Here we will further investigate the effect of
inherent structural uncertainty of wind turbine to the controllers. Wind turbine operates in a very
complicated environment with many sources of uncertainties such as potential blade damage and mass
imbalance caused by rain and ice. Uncertainties may also be caused by manufacturing tolerance and in-
service degradation. The benchmark 5-MW wind turbine blade has 49 elements with individual structural
and aerodynamic properties defined by NREL [29]. Each element has different blade properties, i.e.
aerodynamic center, structural twist angle, mass density, flapwise and edgewise stiffness. In this research

Latin Hypercube Sampling is adopted to generate blade uncertainty which is used to assess the controller
performances. For n set of input stiffness values of blade elements AK =[AK,,AK,,--AK, ], the
distribution of the corresponding inputs is assumed to be a multivariate Gaussian distribution. The mean
function ,u(AKl.)and the covariance function Z(AKI.,AK/.) are pre-specified. In addition, we assume

AK; and AK are independent of each other. Here we let the mean value of the stiffness uncertainty be

—0.05 (i.e., 5% mean reduction, possibly caused by minor damage), and let the variance be 10~°. 20

samples of stiffness uncertainty are generated and injected into the analysis. For each sample, FAST
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497  linearization is utilized to obtain the new stiffness matrix K, which is different from the original one.
498  One example is shown in Appendix. The mass matrix M, the damping matrix C, the wind input matrix

499  F and the wind input disturbance matrix F, all remain to be very close to the nominal values. The state

500  matrix is changed to A, while other matrices B, B , and C remain unchanged.
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502 Figure 10. A summary of the flapwise moment DEL and generator speed RMS error for 20 blade stiffness reduction
503 sets under 12 m/s, 15 m/s and 17 m/s turbulent fields.
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In GSPI control, the gain scheduled part is only designed to deal with the varying operating point and
cannot deal with model uncertainty. The performance of GSPI will then be sensitive to state matrix

change. In DAC approach, the wind disturbance G, is not affected by the change of state matrix A while

the response vector will be affected. Theoretically, the initial G (without the blade stiffness uncertainty)
is not able to maintain the exact same performance of speed regulation and load mitigation. However, the
gain G also possesses robustness. In practice, we still adopt the initial G to obtain the reference signal
and examine the robustness of the DAC and the adaptive controller under structural uncertainty.

The results obtained under GSPI, DAC and adaptive control with the blade stiffness
uncertainty/reduction are shown in Figure 10, where box whisker plots for 20 different blade stiffness
files are provided. The flapwise moment DELs of both DAC and adaptive control exhibit a significant
decrease compared to those of GSPI. The flap DEL is decreased by 20% to 28% at 15 m/s. Similar trend
of DEL decrease of 21% to 23% and 21% to 31% are observed at 12 m/s and 17 m/s respectively under
DAC and adaptive control. We can then conclude that GSPI is more sensitive to model uncertainty than
DAC and adaptive control. In nominal condition without uncertainty, a reduction of 9% in flap DEL is
achieved by both DAC and adaptive control as compared to GSPI. With uncertainty, the flap DEL
reductions by DAC and adaptive control have been increased to over 20% than GSPI. For generator
regulation, we can see from the 20 sets of results that DAC shows the largest variation and the generator
speed error of adaptive control is smaller than that of GSPI. GSPI still exhibits the best speed regulation
performance, primarily because it only tracks the reference value and does not contribute to load
mitigation. When uncertainty is present, DAC and adaptive control lead to much better performance as
compared to GSPI. Also, we can observe that all the absolute values of flap DEL with blade stiffness
uncertainty are increased compared to those in the nominal condition. On the other hand, the stiffness
uncertainty does not affect the generator speed error. The flap DEL values are increased when the mean

wind speed changes from 12 m/s to 17 m/s and thus the larger wind speed will lead to increased flap DEL.

5. Concluding Remarks

In this research an adaptive control with disturbance rejection and load mitigation capability is
studied, aiming at improving the life span of wind turbines operating in high wind speeds. The proposed
algorithm is applied to the NREL offshore 5-MW baseline wind turbine. It is identified that the load
mitigation performances of the adaptive control and DAC are comparable which are both better than the
baseline GSPI. Furthermore, for generator speed regulation, adaptive control performs better than DAC.
With the possible existence of structural uncertainty such as stiffness reduction in wind turbine blades,

GSPI will be sensitive to model uncertainty. The adaptive control, on the other hand, can deal with such
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uncertainty. The results indicate that adaptive control can both enhance the load mitigation over GSPI
and improve speed regulation over DAC. The formulation developed in this research is general, and can

be extended to mitigating loads on other components.
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636 K refers to the nominal stiffness matrix in the reduced-order model without uncertainty. K refers to

637  the stiffness matrix under uncertainty. In this research we let the mean stiffness change be -0.05 and the
638  variance be 10~ . K and an example of K are shown below for comparison, i.e.,

[-334.77 -34322  932.55 932.81 932.73

-334.77 8.68x10°  932.55 932.81 932.77

639 K=| 27.06 2712 1.93x10* 0.01 0.0363
26.89 26.75 0.0511  1.93x10* 0.02

| 27.22 27.03 0.0202 0.05 1.93x10*

640 and
[2302.87  17.72  120x10° 120x10° 1.20x10°|
-302.87 8.68x10° 1.20x10° 1.20x10° 1.20x10°
641 K=| 2820 2848  1.85x10* 2.40x10°  0.05
28.40 28.69 0.0267 1.85x10* 1.8x107
| 28.50 28.66 0.0202 0.03 1.85x10* |
642
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