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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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9 Abstract

10 In this research, a new adaptive control strategy is formulated for the pitch control of wind turbine 

11 that may suffer from reduced life owing to extreme loads and fatigue when operated under high wind 

12 speed and internal structural uncertainties.  Specifically, we aim at making a trade-off between the 

13 maximum energy captured and the load induced.  The adaptive controller is designed to both regulate 

14 generator speed and mitigate component loads under turbulent wind field when blade stiffness 

15 uncertainties exist.  The proposed algorithm is tested on the NREL offshore 5-MW benchmark wind 

16 turbine.  The control performance is compared with those of the gain scheduled proportional integral 

17 (GSPI) control and the disturbance accommodating control (DAC) that are used as baselines.  The results 

18 show that with the proposed adaptive control the blade root flapwise load can be reduced at a slight 

19 expense of optimal power output.  Moreover, the blade load mitigation performance under uncertain blade 

20 stiffness reduction is improved over the baseline controllers.  The control approach developed in this 

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

22

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

24 uncertainties.

25

26 1. Introduction

27 Wind energy is commonly recognized as a major environmentally friendly energy source that is 

28 renewable.  Modern wind turbines are large, flexible structures operating in highly turbulent and 

29 sometimes unpredictable wind field [1].  There are three regions in wind turbine operation (Figure 1).  In 

30 Region 1 where wind speed is very low, the brake is equipped to stop the wind turbine operation, yielding 

31 no power generation.  In Region 2, from the cut-in wind speed to the cut-out speed, the objective is to 

32 achieve the maximum power output, i.e., to maximize the aerodynamic power coefficient .  The pC

† Corresponding author
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33 generator torque control is utilized to track the optimal tip speed ratio in specific  curve which is pC

34 usually obtained from benchmark test data.  In Region 3 where wind speed is high, the objective is to 

35 track the rated generator speed.  There generally exists a trade-off between tracking the generator speed 

36 (i.e., power output) and maintaining the mechanical loads to turbine components (e.g., blades), due to the 

37 significant uncertainties in operating conditions and system properties.  Such external and internal 

38 uncertainties include varying wind speeds, weather changes, icing, assemblage error of the turbine, and 

39 rotor asymmetries caused by damaged in blades, etc.  Intuitively, the long-term productivity of a wind 

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

41
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43 Figure 1. Three regions of a typical wind turbine.

44

45 Blade pitch control adjusts the aerodynamic angle of attack.  Currently, collective pitch angle control 

46 is widely utilized to adjust the generator speed in Region 3 (above rated-speed).  Typically, linear system 

47 control methods can be adopted when accurate model can be acquired.  Jonkman et al developed the PID 

48 approach to regulate the generator speed, and a gain scheduling part was added to deal with the 

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

50 integral (GSPI) control [2].  Wright investigated the state-space feedback control after linearizing the 

51 nonlinear model under selected operating points.  As the model depends on the operating point selection 

52 and wind disturbance may not be directly measured, a Disturbance Accommodating Control (DAC) was 

53 developed to achieve disturbance rejection and to attenuate loads by accounting for wind disturbances 

54 with additional state estimators [3].  Nevertheless, the actual performance may still be affected by the 

55 wind estimator accuracy, and the wind speed disturbances cannot be precisely cancelled out in high-order 

56 controllers [4].  Also the wind disturbance gain should be redefined to track the set-point.  Frost et al 

57 employed an adaptive control for speed regulation, which does not require knowing precisely the wind 

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

59 wind turbine with known linear model [6].  As the wind speed varies, the linear model is no longer time-
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60 invariant.  Stol and Balas thus extended the periodic DAC based on time-varying turbine model, aiming at 

61 improving blade load attenuation level [7].  To better reject wind disturbance, Hand and Balas further 

62 incorporated properties of coherent turbulent inflow structures to DAC to mitigate the transient blade load 

63 response caused by the Rankine vortex in the flow [8].  Since it is difficult to optimize all performance 

64 metrics simultaneously, Model Predictive Control (MPC) was proposed to realize trade-off between 

65 multiple objectives [9-11].  In order to realize better balance of the conflicting objectives such as power 

66 capture and tower fore-aft fatigue load in the entire operating region, multi-objective MPC tuned by 

67 Pareto curves was formulated [12-13].  In addition, the dynamic inflow can be included in the prediction 

68 model of MPC design to facilitate the robustness of the controller [14].

69 Along with the hardware advancement in newer wind turbines, there have also been recent studies 

70 focusing on individual blade pitch control to attenuate blade root loads to counteract wind shear and 

71 asymmetric disturbance across the rotor disc [15-17].  Hassan investigated a mixed /  with pole H2 𝐻∞

72 placement to regulate generator speed and reduce once-per-revolution (1P) load [18].  More recently, light 

73 detection and ranging (LIDAR) system has been developed to remotely measure the incoming wind speed 

74 [19].  Using LIDAR measurement, Dunne and Pao [20] designed a combined feedback/feedforward blade 

75 pitch controller to reduce the structural loads in blade root, tower base and top.  In another study, FX-

76 RLS-based feedforward control was suggested to mitigate both blade bending and tower moment while 

77 regulating the rotor speed with slightly sacrificed energy, which takes the advantage of the robustness 

78 characteristics and good disturbance rejection of the adaptive control [21].  

79 In wind turbine blade pitch control, the fundamental challenge stems from the nonlinearity of the 

80 model, unmodeled dynamics, as well as the internal and external uncertainties [22-23].  Conceptually, the 

81 strategy of adaptive control is appealing in tackling such challenge, as it has the potential of dealing with 

82 highly nonlinear model with unknown parameters and complicated operating conditions.  Indeed, this 

83 strategy has been explored on wind turbines to achieve different goals.  In order to realize the maximum 

84 power at below-rated wind speeds (Region 2), Johnson et al presented an adaptive pitch controller to 

85 obtain high aerodynamic efficiency by using a discrete hill-climbing method [24].  Balas et al developed 

86 an adaptive Disturbance Tracking Control (DTC) technique to track the optimal tip speed ratio based on a 

87 wind speed estimator with the linearized CART model [25].  Magar and Balas employed a simplified 

88 model in adaptive control design, and demonstrated performance robustness in tracking optimal tip speed 

89 ratio under various operating conditions [26].  

90 In this research, we take into consideration the varying wind speeds and model uncertainties, and aim 

91 at striking a balance between tracking the generator speed (i.e., near-term performance) and mitigating 

92 mechanical loads (i.e., long-term reliability).  We investigate the collective pitch control that can be 

93 applied to many existing wind turbines.  We specifically focus on above-rated wind speeds, and assume 
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94 the turbine is subjected to blade stiffness reductions (possibly caused by minor damage).  Specifically, a 

95 model reference adaptive controller is formulated towards this goal.  Mathematically, our control 

96 objective is to balance the generator speed-tracking and the structural loads under blade stiffness 

97 uncertainties.  A closed-loop system based on the DAC strategy that is originally suggested by Lee and 

98 Balas [34] is selected as the reference model in the adaptive control.   The reference signal is essentially 

99 the outcome of a trade-off between the generator speed and structural loads, acquired based on an optimal 

100 control of flapwise deflection modes and generator speed modes through selecting proper weighting 

101 matrices.  The reduction in flapwise moment at the slight expense of fluctuation of power and generator 

102 speed can lead to the aforementioned trade-off.  Meanwhile, adaptive control strategy has the capability 

103 of dealing with various uncertainties by online updating the parameters at every sampling step according 

104 to the difference of the nominal output and reference output while maintaining the stability robustness.  

105 While our formulation is mainly based on blade load consideration, the approach can be extended to loads 

106 on other components.

107 The rest of the paper is organized as follows.  In Section 2 we briefly introduce the 5-MW benchmark 

108 wind turbine model employed.  The two existing controllers, i.e., the GSPI control and the DAC approach, 

109 are outlined in Section 3, followed by the new adaptive control proposed.  Case studies are presented in 

110 Section 4.   In this research both the model development and the case simulations are conducted by using 

111 the Fatigue, Aerodynamics, Structures, and Turbulence (FAST) code [29].  The performance resulted 

112 from the new adaptive control are compared with those from the baseline GSPI controller and DAC 

113 controller.  Section 5 summarizes the concluding remarks.

114

115 2. Model Development

116 We employ the NREL offshore 5-MW benchmark wind turbine in this research, which is a popular 

117 choice in related studies [2, 18, 20, 26].  This is a three-bladed, upwind, variable-speed variable blade-

118 pitch-to-feather-controlled horizontal axis turbine [2].  The rotor diameter is 126m, and the hub height is 

119 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 

120 m/s.  The rated generator speed is 1173.7 rpm.  We additionally assume a rigid tower, a rigid hub and 

121 locked yaw position.

122 A variable-speed wind turbine generally consists of blades, a low speed shaft, a gearbox, a high speed 

123 shaft, and a generator.  The aerodynamic power captures by the rotor is given as [1]

124                                                           (1) 2 31 ,
2wind pP R C v  
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125 where R is the rotor radius and  is the air density.  The power coefficient  is a nonlinear function of  pC

126 the tip speed ratio  and the pitch angle , and can be obtained from look-up table generated by filed  

127 test data.  Here

128                                                                          (2)rR
v

 

129 where v is the wind speed and  is the rotor speed.  From Equations (1) and (2) we can see that the r

130 aerodynamic coefficient depends on wind speed, rotor speed and blade pitch angle.  Pitch angle control 

131 can be used to limit the aerodynamic power captured by the rotor to realize load mitigation.  The 

132 aerodynamic torque applied to the rotor can be expressed as 

133                                                          (3)
  2 3,1

2
p

a
r

C R v
T

   




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

135 generator as, respectively,

136      ,                                        (4a,b)r r a r r lsJ T C T    g g hs g g emJ T C T   

137 where  and  are the moment of inertia of the rotor and that of the generator,  is the  generator rJ gJ g

138 speed,  and  are the low speed shaft torque and high speed shaft torque,  and  are the external lsT hsT rC gC

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

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

141                                                                        (5)gls
g

hs r

Tn
T




 

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

143                                                                (6)t r a t r gJ T K T   

144 where

145 ,      ,                                          (7a-c)2
t r g gJ J n J  2

t r g gK K n K  g g emT n T

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

147 that the generator speed can be regulated by the aerodynamic torque  and the electromagnetic torque aT

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

149 used.  Usually in Region 2, torque controller is utilized to regulate the generator speed while the blade 

150 pitch angle is held constant to maintain the maximum aerodynamic coefficient.  In above-rated region (i.e., 

151 Region 3), however, pitch controller is often implemented to limit the aerodynamic torque  to avoid aT
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152 extreme loads.  Here we adopt the torque controller suggested by Jonkman et al [2] that was designed for 

153 the same NREL 5-MW benchmark wind turbine, and focus on the blade pitch control.  

154 Observing Equation (3), one can see that there exists complex nonlinear relation between the pitch 

155 angle  and the aerodynamic torque .  In addition, the flapwise vibration of a blade caused by  aT

156 aerodynamic load needs to be suppressed to avoid damage.  Therefore a more accurate dynamic model 

157 including the flap mode is needed.  In this research we employ the FAST code developed by National 

158 Renewable Energy Laboratory (NREL) [29] to establish the mathematical model of the wind turbine.  The 

159 nonlinear aero-elastic equation of motion can be expressed as [29],

160                                                         (8)   , , , , , , 0dt t M q u q f q q u u 

161 where M is the mass matrix, f is the nonlinear forcing function vector that includes the stiffness and 

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

163 disturbance, and t is time.  In our analysis, f is calculated by using AeroDyn through the Blade Element 

164 Momentum (BEM) Theory [28].  In this approach, aerodynamic forces and moments are calculated in 

165 each segment of the blade, and the distributed forces are obtained by integration from blade root to tip.  

166 FAST then numerically linearizes Equation (8) by perturbing each variable about their respective 

167 operating points.   After the Taylor series expansion, we obtain

168                                                           (9)d d   Mq Cq Kq Fu F u 

169 where M, C, and K are, respectively, the linearized mass, damping, and stiffness matrices, F is the control 

170 input vector and  is the wind disturbance vector.  dF

171 Here we employ the linearized model that is simplified from the nonlinear model of the actual wind 

172 turbine, which is obtained when the first flapwise blade mode DOF (degree-of-freedom), the generator 

173 DOF, and the drivetrain torsional flexibility DOF are switched on.  One can cast the linearized equation 

174 into the state-space representation,

175                                                         (10a,b)d d

d d

  
  

x Ax Bu B u
y Cx Du D u


176 where  is the state vector.  The first five state variables are, respectively, the generator [ , ]T T Tx q q

177 deflection, the drive-train torsional deflection perturbation, and the flap displacement perturbations of 

178 three blades.  The remaining five state variables are the corresponding velocities.  A, B, C, and D are the 

179 state matrix, the control input matrix, the output matrix, and the control input transmission matrix.   dB

180 and  are the wind disturbance input matrix and the wind disturbance input matrix.   is the control dD u

181 input (i.e., perturbed blade collective pitch angle),  is the disturbance input (i.e., perturbed wind speed), du

182 and y is the output.  The design point for linearization is chosen to be in Region 3.  An operating point 
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183 with wind speed ,  pitch angle , and rotor speed  is used in the 15 m/sv  10.45 deg  12.1 rpmr 

184 subsequent control investigations.

185

186 3. Control Syntheses

187 In this section we first outline a GSPI controller that is one of the baselines to illustrate the 

188 mathematical background and also the challenge, and then present the formulation of the proposed model 

189 reference adaptive control with disturbance accommodation.  For these controllers, we assume the filtered 

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

191

192 3.1 Baseline gain scheduled proportional integral control and generator torque control

193 One baseline controller used for comparison in this research is the gain scheduled proportional 

194 integral control (GSPI) originally developed by Jonkman et al [2].  The conventional approach to 

195 controlling power output involves two independent control loops, i.e., the generator torque control and the 

196 full-span rotor collective blade pitch control.  The purpose of blade pitch control is to regulate the 

197 generator speed to avoid excessive structural loads at above-rated wind speed. The generator torque 

198 control aims at achieving the maximum power capture in various regions.  

199 The form of GSPI can be written as

200                                                  (11)  0

t

P IGS K K       
201 where  is the small perturbation of blade pitch angle around the operating point, and  is the error  

202 between measured generator speed and the rated set point value.   and  are first calculated under PK IK

203 the initial operating point.  The gain correction factor  is a function of the blade pitch angle to ( )GS 

204 regulate the gains under different operating conditions [2],

205                                                               (12)  1
1 / k

GS 
 




206 where  is the blade pitch angle, and  is the blade pitch angle at which the pitch sensitivity value is  k

207 doubled from its value at the rated operating point. The pitch sensitivity refers to the sensitivity of 

208 aerodynamic power to the rotor collective blade pitch angle.

209 As mentioned, another component of wind turbine control is the generator torque control.  In Region 

210 2, the control objective is to reach the maximum power by tracking the optimum tip speed ratio (TSR) 

211 whereas the pitch angle is kept constant zero.  Region  is a linear transition to capture the maximum 12
2

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

213 control can be formulated as 
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214                                           (13) 

2

rated 1
1 1

rated 1

rated

0 Region1
 Region 2

1Region2
2

   Region 3

k
    

 




    



215 where  is the generator speed, k is an optimal constant, i.e.,  for this benchmark  20.0255764 Nm / rpm

216 wind turbine.  The transitional generator speed  is 1,161.963 rpm (i.e., 99% of the rated-speed), the 1

217 generator rated-speed  is 1173.7 rpm, the rated generator torque  is 43,093.55 Nm, and   is rated rated 1

218 43,092.38 Nm to yield the generator-slip percentage constant of 10%.

219 It is worth noting that GSPI is designed for generator speed tracking in the above-rated region, which 

220 may indeed cause large fluctuation in component loads.  In addition, the proportional and integral gains 

221 are tuned without considering the possible uncertainties in the plant. Consequently, it may not work well 

222 when inherent and external uncertainties exist.

223

224 3.2 Model reference adaptive control with disturbance accommodation

225 The life span of wind turbines is expected to be 20 years or longer.  In reality, wind turbines are often 

226 subjected to harsh environment with highly turbulent wind field.  There is a large fluctuation in 

227 aerodynamic forces and moments to the blade.  Such situation, if not handled properly, may lead to 

228 unexpected failure of turbine components.  In high wind speeds, we also want to regulate the generator 

229 speed at the rated value and reduce the oscillation.  Thus an intelligent control system is desired to ensure 

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

231

232

Adaptive Updating

Linearized Model

Nonlinear Wind 
Turbine

Wind

+
-

Plant Estimator

Disturbance 
Estimator

LQR

Disturabnce 
Cancellation

Pitch Actuator

+

+

Reference Model

233 Figure 2. Direct model reference adaptive control approach with a disturbance accommodation controller (DAC).
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234

235 The model fidelity of the plant is essential for all control systems.  In wind turbines, nevertheless, the 

236 system parameters are usually not completely known, due to, for example, the inherent nonlinearities of 

237 the model, unmodeled modes, manufacturing and assemblage tolerances, and external operating 

238 uncertainties.  One potential solution is to use an adaptive control approach which can deal with various 

239 uncertainties by online updating parameters to force the error between reference and plant output to 

240 approach zero.  Here in this research we adopt the direct model reference adaptive control approach with 

241 a disturbance accommodation controller (DAC) (Figure 2) [33].  There are two parts in this augmented 

242 controller.  One is the reference model which is chosen as the DAC scheme.  The other is the adaptive 

243 part, where the algorithms can adapt itself to the internal and external uncertainties.  These two parts will 

244 be discussed as follows.

245 Reference model formulation with disturbance accommodation

246 The concept of Disturbance Accommodating Control (DAC) was originally proposed by Johnson [31], 

247 and Balas et al [32] further extended the DAC concept to large-scale horizontal axis wind turbines.  In the 

248 adaptive control to be developed in this research, we employ the DAC strategy to formulate the reference 

249 model.  As the error between the reference and plant output approaches zero, the wind disturbance effect 

250 is reduced and the component loads are mitigated.  Furthermore, an optimal control inner loop is 

251 embedded in the reference model in order to realize the trade-off between the load mitigation and 

252 generator speed tracking.

253  Recall the linearized state-space equation of the system, Equation (10).  In DAC, we assume that 

254 wind disturbance is the variance from the wind speed at the operating point and has a known waveform 

255 but unknown amplitude.  Specifically, we can model it as step disturbance [3, 4, 7, 8], where the 

256 amplitude of wind speed changes from one to another within a relatively short sampling interval.  The 

257 wind disturbance is denoted as , and is characterized by the following disturbance wave generator,du

258                          ,                                                          (14a,b)d dz Fz d du Θz

259 For the step disturbance, F and  are assumed to be known asΘ

260 ,                                                                      (15)0F 1Θ

261 In Equation (10b), D and  are both equal to zero according to the FAST linearization.  When we give a dD

262 bounded control input  (i.e., blade pitch angle signal) to the linearized model and maintain the stability mu

263 of the closed-loop system (i.e., the eigenvalues of the closed-loop system all having negative real parts), 

264 the closed-loop DAC system, which is used as the reference model in the proposed adaptive control 

265 strategy, can be expressed as
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266                                               (16a,b)m m m m m dm dm

m m m

  


x A x B u B u
y C x


267 where , , , and  are the state, input, disturbance input, and output matrices of the linearized mA mB dmB mC

268 model.    In DAC, the control law is expressed as combination of full state feedback (which is intended to 

269 take load mitigation into consideration) and disturbance state feedback to reject disturbances,

270                                                                  (17)m m d dm u Gx G z

271 where G is the state gain and  is the disturbance state gain.  We then havedG

272                                         (18)   m m m m m m d dm dm   x A B G x B G B Θ z

273 As mentioned, the first term at the right hand side of Equation (18) is related to the regulation of 

274 generator speed with load mitigation being considered.  As such, G can be obtained by Linear Quadratic 

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

276                                         (19)        0

1
2

T T
m m m mJ t t dt


  x t Qx t u Ru

277 where Q is a positive-semidefinite, real, symmetric matrix and R is a positive-definite, real, symmetric 

278 matrix.  For the NREL 5-MW benchmark wind turbine, the linearized system described by Equation (10) 

279 is actually not state controllable because the rank of its controllability matrix is less than the order of the 

280 system.  Therefore, further reduction of the system is necessary in order to allow arbitrary selection of 

281 system poles to enhance damping and improve system responses (with G) [3].  Here we reduce the 

282 original six states (displacements and velocities) for flapwise mode of three blades to one symmetric 

283 displacement state and one symmetric velocity state.  Meanwhile, as the only available measurement is 

284 generator speed, the corresponding system is not observable (i.e., the rank of the observability matrix is 

285 less than the order of the system).  We eliminate the state for generator deflection mode and only reserve 

286 generator speed state to enable the placement of the poles of the estimators which will be discussed later.    

287 After the reduction of the linearized model, we can use Equations (17), (18) and (19) to facilitate the 

288 design of reference model with desired response.  The diagonal elements in Q and R need to be adjusted 

289 properly to move the poles further to the left in the complex plane [23].  In some scenarios, the 

290 improvements of flapwise mode performance may deteriorate the generator mode response.  Thus we 

291 should carefully choose Q and R to obtain an optimal trade-off between speed regulation and flapwise 

292 displacement response.  An illustration will be presented in the case studies section.  

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

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

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

297 minimizing its  norm   and obtain  2L d dBG B Θ

298                                                      (20)1( )T T
d m m m dm

 G Β B B B

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

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

301                                       (21a,b) 1ˆ ˆ ˆ ˆ
ˆ ˆ

m m m m m dm dm

m m

    



x A x B u K y y B u
y Cx



302 where ,  , and are the estimates of ,  and .  The disturbance state estimator is used to ˆ mx ˆ dmu ŷ mx dmu y

303 predict the unknown wind disturbance,

304                                                          (22a,b)
 2

ˆ ˆ

ˆ ˆ ˆ
d d

d d



  

u θz

z Fz K y y

305 where  and  are the estimates of  and .  Recall Equation (10).  These two estimators can be ˆ du ˆ dz du dz

306 joined as an augmented state estimator form.   and  are adjusted by pole placement such that the 1K 2K

307 estimator has acceptable transient behavior and accuracy.

308 Adaptive algorithm development

309 The formulation of the DAC-type reference model, as explained in the preceding subsection, enables 

310 us to reach a trade-off by balancing load mitigation and speed regulation while reducing the disturbance 

311 effect.  DAC controller, on the other hand, is not designed to be robust and it may be sensitive to errors in 

312 the turbine model.  As shown in Figure 2, the second part of the proposed adaptive control scheme is the 

313 adaptation which allows us to take uncertainties into consideration. The uncertainties include 1) those 

314 caused by the nonlinear aerodynamic loads on the turbine, 2) varying wind speed, and 3) unmodeled 

315 dynamics.

316 For adaptive algorithm formulation, we assume the actual wind turbine is a linear, time-invariant, and 

317 finite dimensional plant shown as follows,

318                                                         (23a,b)p p p d d

p p

  



x Ax Bu B u
y Cx



319 where is the plant state vector, is the plant input vector, and  is the plant output vector.  In this px pu py

320 research, the input is the collective pitch angle, and the output is the generator speed.  It is worth noting 

321 that, in simulation, we will still employ the nonlinear NREL 5-MW benchmark as our actual plant.  This 

322 proposed linearized model is only adopted for theoretical analysis of the adaptive control.

323 The error between the reference output  and the plant output y is defined as , i.e.,my ye
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324                                                                          (24)y m e y y

325 where y is the actual plant output, and  is the reference output obtained by the closed-loop DAC my

326 applied in Equation (16).  Here y and  are both actually scalars, because the only available my

327 measurement is the generator speed.  The reference signal is essentially the result of a trade-off between 

328 the generator speed and blade flapwise loads.  The purpose of the adaptive algorithm is to force the actual 

329 plant output  to follow the reference output  , i.e. , by online updating the parameters at y my lim 0
t

ye

330 every sampling step with unknown or varied system dynamics or other specific uncertainties.  

331 The general theory of model reference adaptive control and the associated stability analysis can be 

332 found in [34].  Here we have

333                                                    (25)ˆ ˆy y x m u m z d   u G e G x G u G z

334 Correspondingly, the adaptive gain laws are

335 ,       T
y y y y G K e e ˆ T

x x y m G K e x

336  ,                                                   (26a-d)T
u u y m G K e u ˆT

z z y d G K e z

337 where , , ,  can be arbitrary, positive-definite matrices.  In order to guarantee the stability, yK xK uK zK

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

339 1) All inputs to the reference model are bounded.  In this research, the pitch angle input bound is 

340 guaranteed by the pitch angle limits (0-90 degree).  The disturbance bound is also guaranteed 

341 since the wind turbine is stopped to avoid excessive loads when the wind speed exceeds the cut-

342 out value (25 m/s). 

343 2) The reference model (closed-loop DAC) described by Equation (18) is stable.  In this research, all 

344 the eigenvalues of closed-loop system are placed in the left-half s-plane.

345 3) The system described by Equation (23) is Almost Strict Positive Real (ASPR).  This is satisfied 

346 when the transfer function  is Strictly Positive Real [5].  The linearized model   1

p p ps


C I A B

347 has been examined at different operating points to validate this condition.  

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

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

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

351 gain  in Equation (25) is chosen to be 0.  Our main task is to track the generator speed and we do not zG

352 need to track the control input.  Thus we can also set  to be 0.  Similarly, all the elements in matrix  uG xG

353 are chosen to be 0 except the one that corresponds to the generator speed state.  Therefore, in Equation 
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354 (26), the adaptive gains  and  are 0.  We can adjust   and  to achieve the desired generator uK zK yK xK

355 speed regulation and load mitigation effect.
356 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

357

358 4. Results and Discussions

359 In this section, case analysis results based on the GSPI, DAC, and the proposed adaptive control 

360 algorithm are compared.  The simulations on the NREL offshore 5-MW benchmark wind turbine are 

361 carried out by connecting FAST with the respective controllers in the Matlab/Simulink environment.  The 

362 simulation duration is 600 seconds with an integration step size of 0.0125 second.  As mentioned, the 

363 model involves five DOFs including the first flapwise blade mode DOF of 3 blades, the generator DOF, 

364 and the drivetrain torsional flexibility DOF.  Aerodynamic forces and moments are calculated by using 

365 AeroDyn.  Turbulent wind fields are generated by using TurbSim [35].  Table 1 lists all the simulation 

366 parameters used to obtain the wind fields.  The mean wind speeds are set to be below, above and equal to 

367 the operating point value (15 m/s), respectively, corresponding to three cases studied in this section.  The 

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

369

370
371 Figure 3. Controller block diagram.
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372

373 4.1 Selection of parameters in closed-loop DAC used as reference model

374 The design of closed-loop DAC is important, because it will be used as the reference model in the 

375 proposed adaptive control, and DAC will also be used for performance comparison.  As indicated in 

376 Section 3.2, we should carefully choose the weighting matrices Q and R in Equation (19) to facilitate an 

377 optimal trade-off between speed regulation and flapwise displacement response.  We may choose 

378 different Q and R combinations and examine the closed-loop poles.  Here the open-loop poles are 

379 , , and .  The first pair of poles corresponds to the drive-train -1.9010 13.892i -2.4642 3.9884i -0.4524

380 torsional mode, the second pair corresponds to the symmetric first flapwise blade mode, and the last pole 

381 corresponds to the generator mode.  When we select, for example,

382 ,      1R

5

3

10 0 0 0 0
0 0.1 0 0 0
0 0 0.06 0 0
0 0 0 100 0
0 0 0 0 10





 
 
 
 
 
 
  

Q

383 we can obtain the closed-loop poles as , , .  The damping in -2.5578 13.6131i -13.5563 3.1939i -0.4180

384 the flap mode (i.e., the second pair) is increased as the corresponding poles are moved from 

385  to .  However, at the same time, the damping in the generator -2.4642 3.9884  i -13.5563 3.1939i

386 mode is reduced as the corresponding pole is moved from  to .  Clearly, a trade-off exists -0.4524 -0.4180

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

388 ,      1R

6

2

4

10 0 0 0 0
0 10 0 0 0
0 0 0.8 0 0
0 0 0 0.01 0
0 0 0 0 10





 
 
 
 
 
 
  

Q

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

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

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

392 the reference model for the following three case studies.

393

394 4.2 Results of GSPI, DAC and adaptive control under different turbulent wind fields

395 The DAC and the adaptive controller are simulated in all three abovementioned (below-rated, rated, 

396 above-rated) wind fields, and compared to the baseline GSPI controller.  The parameters of the controllers 

397 involved in the case studies are summarized in Table 2.  In order to compare these three different 
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398 controllers, four performance indices are analyzed: Root Mean Square (RMS) error of generator speed, 

399 mean power average, blade root flapwise moment DEL, and maximum flapwise moment.  Here DEL 

400 refers to the fatigue damage equivalent load (DEL), which serves as an important metric for comparing 

401 fatigue loads across the entire spectrum of turbulent wind files.  The equivalent fatigue damage is 

402 represented by a constant load and calculated by MLife [36].  MLife is a post-processing code developed 

403 by NREL to assess fatigue according to rainflow counting algorithm [37].  In high-cycle fatigue situations, 

404 materials performance is usually characterized by an S-N curve (i.e., Wöhler curve).  Here the S-N slope 

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

406
407 Table 2. Parameters of controllers. 

 GS  Gain correction factor
1

1 / 6.302336

PK Proportional gain 0.01882681

IK Integral gain 0.008068634

R Weighting matrix 1

Q Weighting matrix  6 2 4diag([10 ,10 ,0.8,0.01,10 ]) 

G State gain [-802.7443,0.4439,21.7998,19.0430,0.0735]

dG Disturbance state gain 0.0264

yK Adaptive gain 710

xK Adaptive gain 1010

408

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

410 Case 1 concerns the results under turbulent 15 m/s wind field.  15 m/s is the mean speed of wind 

411 distribution from 0 to 600 s.  The wind file, generator speed, pitch angle and blade root flapwise moment 

412 are shown in Figures 4(a) to 4(d), respectively.  From Figure 4(b) we can see that there is less fluctuation 

413 of generator speed under adaptive control than that under DAC.  The pitch angle change rate is smaller 

414 under adaptive control than that under DAC or GSPI, as shown in Figure 4(c).  It is observed that the 

415 GSPI yields higher flapwise root moment from 360 s to 480 s, compared with DAC and adaptive control, 

416 as shown in Figure 4(d).  The overall performances are compared in Figure 5, where all performance 

417 indices are normalized with respect to those obtained based on GSPI.  It can be seen that the adaptive 

418 controller reduces the flapwise moment DEL by 9% which is similar to DAC controller.  The normalized 

419 generator speed errors of GSPI, DAC and adaptive control are 0.1693, 0.2960, and 0.1727, respectively.  
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420 The DAC controller exhibits a much larger error than the adaptive controller.  The average power output 

421 of the adaptive controller is slightly less than those of GSPI and DAC.  The extreme flapwise moment is 

422 decreased about 11% in DAC and adaptive control.  Therefore, at operating point, the flapwise fatigue 

423 can be reduced by adaptive controller, although the generator speed regulation is not as good as GSPI 

424 since GSPI is only designed for speed regulation without consideration of load mitigation.

425

426
427 Figure 4. Time-domain performance comparison of GSPI, DAC, and adaptive control under 15 m/s turbulent field. 

428 (a) Wind speed; (b) Generator speed; (c) Pitch angle; and (d) Flapwise root moment.  

429
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430
431 Figure 5. Performance comparison of GSPI, DAC and adaptive control under 15 m/s turbulent field.

432

433

434 Figure 6. Time-domain performance comparison of GSPI, DAC, and adaptive control under 12 m/s turbulent field. 

435 (a) Wind speed; (b) Generator speed; (c) Pitch angle; and (d) Flapwise root moment.

436
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437 Case 2 results, under turbulent 12 m/s wind filed

438 For the situation where the wind speed is below the operating point, the turbulent wind field with 

439 mean wind speed 12 m/s is chosen as Case 2.  This wind file covers the switch region between Region 2 

440 and Region 3 (since the rated wind speed is 11.4 m/s for this 5-MW turbine).  The parameters of DAC 

441 controller and adaptive controller are kept the same as those used in Case 1.  The wind file, generator 

442 speed, pitch angle and blade root flapwise moment are shown in Figures 6(a) to 6(d), respectively.  GSPI 

443 yields the highest activity of the pitch actuator, as shown in Figure 6(c).  The overall value of flapwise 

444 root moment is higher under GSPI than those under DAC and adaptive controller, as shown in Figure 6(d).  

445 Therefore, when pitch angle is adjusted rapidly to maintain constant generator speed, it will cause large 

446 oscillation in blade flapwise deflection.  The normalized performances are compared in Figure 7.  Similar 

447 to DAC, the adaptive controller reduces the flapwise moment DEL by 38% as compared to the baseline 

448 GSPI.  However, as a trade-off, the power output exhibits a decrease of 36% (under DAC) and 25% 

449 (under adaptive control), respectively, as compared to that of GSPI.  The normalized generator speed 

450 errors of three controllers are 0.1822, 0.5740, and 0.3316, respectively.  The maximum flapwise moments 

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

452

453

454 Figure 7. Performance comparison of GSPI, DAC and adaptive control under 12 m/s turbulent field.

455
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456
457 Figure 8. Time-domain performance comparison of GSPI, DAC, and adaptive control under 17 m/s turbulent field. 

458 (a) Wind speed; (b) Generator speed; (c) Pitch angle; and (d) Flapwise root moment. 

459

460
461 Figure 9. Performance comparison of GSPI, DAC and adaptive control under 17 m/s turbulent field.

462

463
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464 Case 3 results, under turbulent 17 m/s wind field

465 In Case 3 we consider turbulent 17 m/s wind field.  The wind file, generator speed, pitch angle and 

466 blade root flapwise moment are shown in Figures 8(a) to 8(d), respectively.  The curve of generator speed 

467 under adaptive control is generally lower than the curve under DAC and higher than the curve under 

468 GSPI, as shown in Figure 8(b).  The pitch angle curve under adaptive controller is very close to that under 

469 DAC, as shown in Figure 8(c).  The flapwise root moment trends are shown in Figure 8(d), where three 

470 curves generally overlap.  The normalized performance comparison is given in Figure 9.  When the wind 

471 speed is above the operating point, the flapwise moment DEL values of three controllers are nearly the 

472 same while the extreme moment is decreased by 5% under DAC and adaptive control.  This can be 

473 ascribed to the fact that the mean wind speed in Case 3 is far away from the operating point.  GSPI still 

474 shows better ability to regulate the generator speed, and the RMS errors are 0.1964, 0.6513, and 0.3217, 

475 respectively. Because of the larger wind speed, the average power output increases by 15% (under DAC) 

476 and 6% (under adaptive), respectively, compared to that of GSPI.  Therefore, in the above-rated region, 

477 the load mitigation performance of both DAC and adaptive control is still effective, and the adaptive 

478 control leads to better speed regulation than DAC as well as increased average power than both GSPI and 

479 DAC.

480

481 4.3 Uncertainties analysis

482 The performance improvement and robustness of the adaptive controller are demonstrated in the 

483 preceding section under different turbulent wind fields.   Here we will further investigate the effect of 

484 inherent structural uncertainty of wind turbine to the controllers.  Wind turbine operates in a very 

485 complicated environment with many sources of uncertainties such as potential blade damage and mass 

486 imbalance caused by rain and ice.  Uncertainties may also be caused by manufacturing tolerance and in-

487 service degradation.  The benchmark 5-MW wind turbine blade has 49 elements with individual structural 

488 and aerodynamic properties defined by NREL [29].  Each element has different blade properties, i.e. 

489 aerodynamic center, structural twist angle, mass density, flapwise and edgewise stiffness.  In this research 

490 Latin Hypercube Sampling is adopted to generate blade uncertainty which is used to assess the controller 

491 performances.  For n set of input stiffness values of blade elements , the  1 2, , n    K K K K

492 distribution of the corresponding inputs is assumed to be a multivariate Gaussian distribution.  The mean 

493 function and the covariance function  are pre-specified.  In addition, we assume  i K  ,i j  K K

494  and  are independent of each other.  Here we let the mean value of the stiffness uncertainty be iK jK

495  (i.e., 5% mean reduction, possibly caused by minor damage), and let the variance be .  20 0.05 510

496 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 , which is different from the original one.  K

498 One example is shown in Appendix.  The mass matrix , the damping matrix , the wind input matrix M C

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

500 matrix is changed to , while other matrices B,  and C remain unchanged.  A dB

501
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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504 In GSPI control, the gain scheduled part is only designed to deal with the varying operating point and 

505 cannot deal with model uncertainty.  The performance of GSPI will then be sensitive to state matrix 

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

507 the response vector will be affected.  Theoretically, the initial G (without the blade stiffness uncertainty) 

508 is not able to maintain the exact same performance of speed regulation and load mitigation.  However, the 

509 gain G also possesses robustness.  In practice, we still adopt the initial G to obtain the reference signal 

510 and examine the robustness of the DAC and the adaptive controller under structural uncertainty.

511 The results obtained under GSPI, DAC and adaptive control with the blade stiffness 

512 uncertainty/reduction are shown in Figure 10, where box whisker plots for 20 different blade stiffness 

513 files are provided.  The flapwise moment DELs of both DAC and adaptive control exhibit a significant 

514 decrease compared to those of GSPI.  The flap DEL is decreased by 20% to 28% at 15 m/s.  Similar trend 

515 of DEL decrease of 21% to 23% and 21% to 31% are observed at 12 m/s and 17 m/s respectively under 

516 DAC and adaptive control.  We can then conclude that GSPI is more sensitive to model uncertainty than 

517 DAC and adaptive control.  In nominal condition without uncertainty, a reduction of 9% in flap DEL is 

518 achieved by both DAC and adaptive control as compared to GSPI.  With uncertainty, the flap DEL 

519 reductions by DAC and adaptive control have been increased to over 20% than GSPI.  For generator 

520 regulation, we can see from the 20 sets of results that DAC shows the largest variation and the generator 

521 speed error of adaptive control is smaller than that of GSPI.  GSPI still exhibits the best speed regulation 

522 performance, primarily because it only tracks the reference value and does not contribute to load 

523 mitigation.  When uncertainty is present, DAC and adaptive control lead to much better performance as 

524 compared to GSPI.  Also, we can observe that all the absolute values of flap DEL with blade stiffness 

525 uncertainty are increased compared to those in the nominal condition.  On the other hand, the stiffness 

526 uncertainty does not affect the generator speed error.  The flap DEL values are increased when the mean 

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

528

529

530 5. Concluding Remarks

531 In this research an adaptive control with disturbance rejection and load mitigation capability is 

532 studied, aiming at improving the life span of wind turbines operating in high wind speeds.  The proposed 

533 algorithm is applied to the NREL offshore 5-MW baseline wind turbine.  It is identified that the load 

534 mitigation performances of the adaptive control and DAC are comparable which are both better than the 

535 baseline GSPI.  Furthermore, for generator speed regulation, adaptive control performs better than DAC. 

536 With the possible existence of structural uncertainty such as stiffness reduction in wind turbine blades, 

537 GSPI will be sensitive to model uncertainty.  The adaptive control, on the other hand, can deal with such 
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538 uncertainty.  The results indicate that adaptive control can both enhance the load mitigation over GSPI 

539 and improve speed regulation over DAC.  The formulation developed in this research is general, and can 

540 be extended to mitigating loads on other components.

541
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ACCEPTED MANUSCRIPT

25

636 K refers to the nominal stiffness matrix in the reduced-order model without uncertainty.   refers to K

637 the stiffness matrix under uncertainty.  In this research we let the mean stiffness change be -0.05 and the 

638 variance be .  K and an example of are shown below for comparison, i.e.,510 K

639

8

4

4

4

334.77 343.22 932.55 932.81 932.73
334.77 8.68 10 932.55 932.81 932.77
27.06 27.12 1.93 10 0.01 0.0363
26.89 26.75 0.0511 1.93 10 0.02
27.22 27.03 0.0202 0.05 1.93 10

  
   
  
  
  

K

640 and

641                                     

3 3 3

8 3 3 3

4 3

4 3

4

302.87 17.72 1.20 10 1.20 10 1.20 10
302.87 8.68 10 1.20 10 1.20 10 1.20 10
28.20 28.48 1.85 10 2.40 10 0.05
28.40 28.69 0.0267 1.85 10 1.8 10
28.50 28.66 0.0202 0.03 1.85 10





    
      
   
 

  
  

K

642


