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Abstract 11 

Fluctuations are a key characteristic of the wind resource. It is important to 12 

quantitatively analyze wind direction fluctuation due to its influence on the 13 

optimization of wind turbine yaw control. Based on wind resource data available from 14 

SCADA systems, a method is proposed to describe wind direction fluctuations in 15 

terms of fluctuation amplitude A and fluctuation duration T. A Weibull distribution is 16 

employed to fit the marginal probability density of both these two measures of wind 17 

direction fluctuations, and a mixed Copula used to connect the marginal distributions, 18 

establishing the joint probability density function. This representation has been 19 

verified through comparison with the real operating SCADA data. A set of indicators 20 

are extracted from the probability distribution which can accurately quantify the local 21 

wind direction fluctuation characteristics of a wind turbine. These indicators can be 22 

helpful in the optimization of the yaw control system parameters, facilitating an 23 

improvement in the power generating performance of the wind turbine. 24 

 25 

Keywords: wind direction fluctuation, yaw system, Weibull distribution, mixed 26 

copula function, wind direction fluctuation indicators. 27 

 28 



2 

 

1. Introduction 29 

The utilization of wind energy as an alternative source of power provides many 30 

advantages in terms of the environment and the economy. For the wind energy 31 

industry it is of central importance to maximize power generation through optimized 32 

control. The nature of the wind resource itself determines power generation 33 

performance. 34 

Due to differences in terrain and the position of wakes, the wind resource 35 

experienced by individual wind turbines can differ significantly, even within the same 36 

wind farm. Features of the local wind resource that need to be considered include 37 

fluctuations in both wind speed and wind direction as well as the mean wind speed. 38 

These three dimensional turbulence characteristics affect the aerodynamics of the 39 

rotor and thus the turbine performance. It is thus important that this turbulence is 40 

properly quantified with the results used to guide in the control design and 41 

optimization. 42 

The Weibull distribution is widely used to characterize the wind speed at a site, 43 

see for example references [1] to [5]. In [6], the authors use a Weibull function to fit 44 

the seasonal and annual wind speed distribution and from the associated wind power 45 

density conclude that for the site under study winter has the highest wind power 46 

density and autumn the lowest.  47 

Different mathematical tools have been used to model wind resource fluctuations; 48 

for example [7] utilizes wavelet, autocorrelation and FFT techniques to analyze and 49 

model the fluctuating nature of wind speed. Alternatively, variogram functions can be 50 

used to quantify the rate of change of wind speed [8]. In [9], a combination of an 51 

Autoregressive Integrated Moving Average model and an Autoregressive Conditional 52 

Heteroskedasticity model (ARIMA-ARCH model) has been used to represent wind 53 

speed variations. Research presented in [10] demonstrates that a collection of 54 

deterministic models fitted separately to different frequency components of wind 55 

speed fluctuations can significantly increase modelling prediction accuracy. In [11], 56 
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three different classes of probability density functions are used to fit the wind speed 57 

fluctuation distributions.  58 

The above researches are mainly focused on wind speed. Wind direction 59 

characteristics and associated fluctuations that are also important, and have a critical 60 

influence on the wind turbine yaw performance, have been little studied. [12] adopts a 61 

hybrid model combining a univariate ARIMA model with a Kalman Filter to predict 62 

the wind direction with the aim of optimizing the yaw control performance. In [13], a 63 

generalized advanced logistic distribution is used to model the dynamic characteristics 64 

of wind direction. In order to evaluate the influence of wind direction fluctuations on 65 

wind turbine power generation, [14] proposes a fluctuation coefficient of the wind 66 

direction together with a dynamic yaw coefficient based on yaw error (the angle 67 

between the wind direction and the nacelle direction).  68 

Wind direction fluctuations directly influence the working condition of the wind 69 

turbine yaw system, [15] to [20]. When the wind direction changes significantly the 70 

yaw system will respond to rotate the nacelle to eliminate the yaw error and thus turn 71 

the rotor normal to the incident wind. This highlights the importance of wind direction 72 

statistics for tuning yaw system control parameters. 73 

In this paper, a definition of wind direction fluctuation is proposed in section 2. 74 

The marginal distributions and joint distribution of the resulting measures of wind 75 

direction fluctuation are studied in section 3 and 4. In section 5, the relationship 76 

between the probability distribution parameters and the characteristics of wind 77 

direction fluctuations is analyzed, and the probability distribution parameters are used 78 

to accurately quantify the local wind direction fluctuation characteristics of wind 79 

turbines. 80 

 81 

2. Method for defining wind direction fluctuation 82 

The wind resource data used in this paper is the SCADA data from a wind farm 83 

in Anhui province, China. The yaw system for wind turbines usually uses a simple 84 
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dead-band control strategy with two control parameters: a yaw error threshold, and a 85 

yaw error duration threshold. When the wind turbine detects a yaw error angle larger 86 

than the yaw error threshold and this condition persists for longer than the duration 87 

threshold, the yaw system is activated to realign the nacelle with the wind. These two 88 

yaw control parameters for the wind turbines in the test wind farm are 10 degrees and 89 

30 seconds respectively. The sampling rate of the SCADA data used in this paper is 1 90 

second so as to adequately resolve the timescales associated with yaw control. Wind 91 

direction changes are random but it is difficult to directly derive the characteristics of 92 

the wind direction fluctuations from measured time series of wind direction. In this 93 

paper a quantitative approach is proposed based on fluctuation amplitude and 94 

fluctuation duration. 95 

2.1 Definition of wind direction fluctuation amplitude and fluctuation duration 96 

For the test wind turbines, wind direction is measured by ultrasonic anemometers. 97 

They don’t have move parts and can give more accurate wind direction measurement 98 

than the mechanical vane anemometers. A wind direction series of 40 seconds is 99 

shown in Fig.1. The wind direction varies between 0 and 360 degrees and is quite 100 

different from the wind speed which is a linear scale variable. Wind direction cannot 101 

be averaged in the normal manner and methods applied to wind speed fluctuations, 102 

such as [9], cannot be applied to wind direction. A new method for quantifying wind 103 

direction fluctuation is needed. 104 
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Fig. 1 Definition of positive and negative fluctuations 106 

As in Fig. 1, a continuous monotonic increase of the wind direction angle is 107 
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defined as a positive fluctuation, and a continuous decrease defined as a negative 108 

fluctuation. Two parameters are associated with each wind direction fluctuation (both 109 

for positive and negative fluctuations), the fluctuation amplitude “A” and the 110 

fluctuation duration “T”. The two parameters for the positive fluctuation in Fig.1 are 111 

respectively 10A=   and 2sT = . And the two parameters for the negative 112 

fluctuation in Fig.1 are respectively 22A =   and 4sT = . It should be noted that 113 

amplitudes are always positive irrespective of whether the fluctuation itself is positive 114 

or negative. 115 

 116 

2.2 Two dimension wind direction fluctuation random variable (A, T) 117 

For any wind direction time series, the wind direction fluctuation numbers for 118 

both positive and negative fluctuations are determined regardless of the size of the 119 

fluctuations according to the above definition. Fluctuation can thus been seen in terms 120 

of a two dimensional random variable (A, T). The properties of this random variable 121 

are not only related to individual random variables A and T, but also to the 122 

dependence between them. 123 

The probability distribution function of the random variable (A, T) is defined as 124 

follows: 125 

 ( ) ( )  ( )( , ) ,F A T P X A Y T P X A Y T=   =     (1) 126 

where  1 2 3A   ，，， , and  1s,2s,3s,T  .  127 

All possible values for the discrete random variable (A, T) are ( , ), , 1,2,i ja t i j = , 128 

 1 2 3ia    ，，， ,  1s,2s,3s,jt  . The distribution law of discrete random 129 

variable (A, T) is  ,ij i jp A a T t= = = . 130 

An example distribution of the two dimensional discrete random variable (A, T) 131 

for wind turbine A03 is shown in Fig. 2 where small fluctuations (as defined below) 132 

have been ignored. 133 
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Fig.2 Distribution of random variable (A, T) 135 

When the wind direction fluctuation amplitude is small ( 2A   ) or the 136 

fluctuation duration is short ( 2sT  ), the yaw system won’t be activated and the 137 

impact on wind energy capture will be insignificant (for example, when the yaw error 138 

is 2 =  , the power loss is approximately 31 cos ( ) 100% 0.183% −    ). 139 

Therefore, Fig.2 only presents data where 2A    and 2sT  . 140 

 141 

3. Marginal distribution probability density function (PDF) of the 142 

wind direction random variables A and T 143 

Different geographical location and terrain of wind turbines will lead to different 144 

local wind direction fluctuation characteristics. Fig. 3 shows the geographical location 145 

and topography of each wind turbine in the test wind farm, and Fig. 4 is the contour 146 

map of the test wind farm.  147 

 148 
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Fig. 3 Geographical location of each wind turbine 149 

 150 

Fig. 4 Contour map of the test wind farm 151 

Obviously, A03 is located on the leeward slope with hills on the northwest. In 152 

March, when the northwest wind prevails, because A03 has obvious terrain shelter in 153 

the dominant wind direction, the air flow accelerates on the windward slope of the 154 

hills in the northwest, while the wind speed decreases and the wind shear increases on 155 

the leeward side where A03 is located, resulting in poor local wind direction stability 156 

of A03. A09 is located at the top of the mountain, with open surrounding terrain and 157 

no obvious terrain shelter, so the wind direction of A09 is stable. Therefore, A03 and 158 

A09 are selected to respectively represent the wind turbines with unstable wind 159 

direction and the wind turbines with stable wind direction for analysis. 160 

In order to obtain the joint probability distribution of the two dimensional wind 161 

direction random variable (A, T) in parametric form, the marginal distributions should 162 

first be studied. Wind direction data from 01/03/2015 to 08/03/2015 for two wind 163 

turbines A03 and A09 in the test wind farm were selected for comparative statistical 164 

analysis. 165 

These two wind turbines are of same model (2 MW direct-drive turbines). The 166 

random variable (A, T) for the two wind turbines are calculated according to the 167 

definition of wind direction fluctuations in Section 2.1. After data has been filtered to 168 

remove points with 2A    or 2sT   , two sets of wind direction fluctuations for 169 

turbines A03 and A09 are obtained. 170 

3.1 Marginal distribution probability histograms of the random variables A and 171 

T 172 

Marginal probability density distributions of the wind direction random variables 173 

A and T for turbines A03 and A09 have been calculated. Fig. 5 and Fig. 6 are 174 
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respectively the histograms of the marginal probability distributions for fluctuation 175 

amplitude A and fluctuation duration T for the two test wind turbines. 176 
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Fig. 5 Marginal distribution histogram of fluctuation amplitude A 178 
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Fig. 6 Marginal distribution histogram of fluctuation duration T 180 

From Figs. 5 and 6, it is clear that the data at A03 is quite different from that at 181 

A09. For A03, the probability of small fluctuation amplitude (A) and short fluctuation 182 

duration (T) is obviously higher than that of A09. That’s to say, the wind direction at 183 

A03 tends to be more changeable and unstable compared with A09. On the contrary, 184 

for A09, the probability for wind direction fluctuations with long duration time is 185 

significantly higher than that of A03 indicating a higher probability for stable wind 186 

direction. 187 

3.2 Marginal PDF fitting with Weibull distribution 188 

In order to extract parametric distribution characteristics from the marginal 189 

distribution data for fluctuation amplitude A and fluctuation duration T, the Weibull 190 

distribution with displacement has been used. 191 

The Weibull distribution with offset/displacement is as follows:  192 
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where   is the scale parameter,   is the shape parameter, and m  is the length of 194 

the displacement. 195 

Least Square method is used to estimate the Weibull distribution parameters [4]. 196 

The parameters of fitted Weibull distribution for the fluctuation amplitude A are 197 

shown in Table I. 198 

TABLE I Parameters of marginal distribution fitting for fluctuation amplitude A 199 

 scale parameter A  shape parameter A  displacement m 

A03 1.559 0.99 

 

2 

A09 2.801 0.96 

 

2 

The Weibull marginal distribution PDFs for the fluctuation amplitude A of A03 200 

and A09 are shown in Fig. 7. 201 
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Fig. 7 Weibull distribution fitting for fluctuation amplitude A 203 

The Weibull parameters for the fluctuation duration T are shown in Table II. 204 

TABLE II Parameters of marginal distribution fitting for fluctuation duration T 205 

 scale parameter T  shape parameter T  displacement m 

A03 7.900 1.37 2 

A09 10.838 1.23 2 
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The fitted Weibull marginal distribution for fluctuation duration T of A03 and 206 

A09 are shown in Fig.8. 207 
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Fig. 8 Weibull distribution fitting for fluctuation duration T 209 

The shape of the Weill distribution function is determined by the shape parameter. 210 

In Table I, shape parameters A  are quite close to 1, and the two fitting curves in Fig. 211 

7 are similar to the exponential distribution. In Table II, the shape parameters T  are 212 

greater than 1, and the shapes of two fitting curves in Fig.8 are similar in shape to 213 

wind speed distributions with a well-defined maximum. 214 

The Weibull scale parameter primarily determines the steepness of the fitting 215 

function. With a larger scale parameter  , probability density distribution will be 216 

flatter, and the tail of the fitting curve will have a higher density. It can be seen from 217 

Tables I and II that A09’s scale parameters both for fluctuation amplitude A ( A ) and 218 

fluctuation duration T ( T ) are larger than that of A03. As a result, in Figs. 5 and 6, 219 

the fitting distribution functions for A09 exhibit a "fat tail" characteristic, while A03 220 

has a "thin tail". 221 

In summary, the characteristics of the wind direction fluctuations for both 222 

amplitude and duration can be satisfactorily represented by the Weibull scale 223 

parameters A  and T  respectively. 224 

 225 

4 Joint distribution PDF of the wind direction random variable (A, T) 226 

Copulas offer a means for expressing a joint distribution function in terms of the 227 

marginal distribution functions through a representation of the dependency between 228 

the random variables, [21-24]. 229 
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The marginal distribution functions for the fluctuation amplitude A and the 230 

fluctuation duration T are as calculated in Section III. The task now is to identify a 231 

suitable copular function and so obtain the joint probability density function of the 232 

wind direction random variable (A, T). 233 

Archimedean Copulas are widely used and include the Gumbel, Clayton and 234 

Frank Copulas, [25-28]. These Copulas together with a mixed Copula are considered 235 

as possible representations for random variable (A,T). 236 

If u  and v  are the two marginal distribution PDFs for a two dimensional 237 

random variable, the Copular expressions are as follows: 238 

(1) The Gumbel-Copula function 239 

 ( ) ( )G G G

1

G G( , ; ) exp ln( ) ln( )C u v u v
  

   = − − + −  
  

  (3) 240 

where, the dependent parameter G [1, )  + . When G 1 = , the two variables are 241 

independent. When G → , the two variables tend to complete dependence. 242 

(2) The Clayton-Copula function 243 

 ( )cl cl cl

1

cl cl( , ; ) 1 ,0C u v Max u v
   − − 

= + − 
 

  (4) 244 

where, the dependent parameter cl [ 1,0) (0, )  − + . 245 

(3) The Frank-Copula function 246 
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  (5) 247 

where, the dependent parameter F 0  . When F 0  , it signifies a positive 248 

correlation and when F 0  , a negative correlation. 249 

(4) The Mixed Copula function 250 

 Mix 1 2 3 1 G G 2 cl cl 3 F F( , ; , , ) ( , ; ) ( , ; ) ( , ; )C u v C u v C u v C u v        = + +   (6) 251 

where 1 2 3, ,    are weight coefficients that satisfy: 252 

 
1 2 3

1 2 3

, , [0,1]

1

  

  




+ + =
  (7) 253 

To estimate the parameters of the Copula models, multi-stage maximum 254 

likelihood estimation method is used. We consider the two marginal models and the 255 

Copula model separately. [29] gives details on the validity of this procedure. 256 
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For the joint distribution PDF, the following RMSE is used as a measure of 257 

goodness-of-fit: 258 

 ( )
1/2

2

1

1 n

i i

i

RMSE Pe P
n =

 
= − 
 
   (8) 259 

where iPe  is the empirical probability, and iP is the theoretical probability of the 260 

Copula. 261 

Table III lists the RMSEs for the different Copula functions considered. 262 

TABLE III RMSEs of different Copulas for A03 and A09 263 

 copula function RMSE 

 

 

A03 

Gumbel-Copula 0.0222 

Clayton-Copula 0.0416 

Frank-Copula 0.0187 

Mixed Copula 0.0083 

 

 

A09 

Gumbel-Copula 0.0202 

Clayton-Copula 0.0973 

Frank-Copula 0.0039 

Mixed Copula 0.0012 

The mixed copula function fitting results for A03 and A09 are shown as Figs. 9 264 

and 10. 265 
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Fig. 9 Joint probability density function fitting result for A03 267 
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Fig. 10 Joint probability density function fitting result for A09 269 

 270 

5. Wind direction fluctuation indicators 271 

The joint distribution PDFs of the wind direction for A03 and A09 in section IV 272 

are shown together in Fig. 11 to allow comparison. 273 
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(a) View from front 275 
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(b) View from behind 277 

Fig. 11 Comparison of joint PDFs of A03 and A09 278 

Careful examination of Fig.11 allows the following conclusions to be 279 

formulated: 280 

(1) when the fluctuation amplitude A and the fluctuation duration T are small, the 281 

joint probability density of wind direction for A03 is obviously larger than that of the 282 

A09, which means that the A03 has more frequent wind direction fluctuations of small 283 

amplitude and duration than A09. These small transients are unlikely to activate the 284 

yaw system.  285 

(2) For larger amplitudes and duration, the joint probability density for A09 286 

exceeds that of A03. These significant wind direction fluctuations (changes) of large 287 

amplitude and long duration will activate the yaw system and potentially improve 288 

A09’s power production.  289 

In order to verify this analysis, statistics derived from the actual operation data 290 

for turbines A03 and A09 over the period 01/03/2015 to 08/03/2015 are shown in 291 

Table IV. During this time, both wind turbines ran normally without stopping. 292 

TABLE IV Power generation and yaw statistics 293 

Wind turbine A03 A09 

Average wind speed (m/s) 6.5 6.4 

Yaw error threshold (°) 10 10 

Yaw error duration threshold (s) 30 30 

Yaw times 499 809 

Power generation (kW·h) 115693 123320 
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Table IV shows that during this period, the average wind speed at the two 294 

turbines is quite similar. However, A09 yawed 809 times, which is significantly more 295 

than the 499 operations for A03, and the power generation of A09 was 6.6% greater 296 

than for A03. The operational data shows that the total number of wind direction 297 

fluctuations with large fluctuation amplitude and long fluctuation duration able to 298 

activate the yaw system is considerably higher for A09 than A03, and that A09 299 

generates more power than A03. These results are consistent with the analysis 300 

provided for Fig.9. The usefulness of the mixed copula based joint distribution PDF 301 

for fitting wind direction fluctuations is confirmed. 302 

In order to simply and directly quantify the stability of the local wind direction at 303 

wind turbines, a set of indicators that can accurately describe the fluctuation 304 

characteristics of local wind direction are extracted from the joint distribution PDF of 305 

the wind direction random variable (A,T). These indicators include: 306 

(1) The scale parameter A  in the Weibull marginal distribution PDF for the 307 

fluctuation amplitude A; 308 

(2) The scale parameter T  in the Weibull marginal distribution PDF for the 309 

fluctuation duration T; 310 

(3) The probability of stable wind direction. With small fluctuation amplitude A 311 

(smaller than a predefined threshold EA ) and long fluctuation duration T (larger than 312 

a predefined threshold ET ), the wind direction can be defined to be stable. The 313 

probability of these stable wind directions is calculated from equation 9. At a wind 314 

turbine, a larger stableP  means that the local wind direction is more stable. 315 

 stable
0

( , )
EA

ET
P f x y dxdy



=     (9) 316 

where ( , )f x y  is the mixed Copula joint distribution PDF of the wind direction 317 

random variable (A,T) in section 4. For the test wind turbines, the yaw system is 318 

activated when the yaw error angle exceeds 10° and this condition lasts for more than 319 

30s. So it is reasonable to set 10EA=  , and 30sET = . 320 

Table V shows the wind direction fluctuation indicators for A03 and A09. 321 

TABLE V Wind direction fluctuation indicators for A03 and A09 322 

indicators A03 A09 

A
 1.559 2.801 
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T
 7.900 10.838 

stableP
 0.117 0.215 

It can be observed from Table V that: 323 

(1) The scale parameters A  and T  of A09 are larger than for A03; 324 

(2) stableP  for A09 is much larger than stableP  for A03, which directly reflects the 325 

fact that the wind direction stabilities of A09 is greater than for A03. 326 

In summary, the indicators of A , T  and stableP  calculated from the wind 327 

turbine SCADA wind resource data can reflect the wind direction fluctuation 328 

characteristics of the wind turbine accurately and directly. With larger values of A , 329 

T  and stableP , the local wind direction at the wind turbine will be more stable. 330 

 331 

6. Some Questions for Discussion 332 

6.1 Two other verificationextra validation examples 333 

For stronger and more credible validation, wind direction data from 01/03/2015 334 

to 08/03/2015 of two more wind turbines A11 and A17,which are also in the test wind 335 

farm, were selected for comparative statistical analysis. The geographic position of 336 

A11 is similar to that of A09, it is located at the top of the mountain with no 337 

significant terrain shelter in the surrounding. While the geographic position of A17 is 338 

similar to that of A03, it is located at the leeward slope with hills on the northwest 339 

side. 340 

The analysis results of A17 and A11 are shown in Table VIⅥ: 341 

TABLE ⅥVI Wind direction fluctuation indicators for A17 and A11 342 

indicators A17 A11 

A
 1.812 3.443 

T
 8.363 11.207 

stableP
 0.129 0.231 

In Table ⅥVI, the wind direction fluctuation indicators A 、 T  and stableP  for 343 

A11 are all larger than for A17, which proves that the wind direction stability of A11 344 

is better than A17. This is also consistent with the wind direction fluctuation 345 

characteristics that decided by the geographical location of A11 and A17. Therefore, it 346 

can be concluded that the three indicators proposed in this paper can effectively 347 
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measure the local wind direction fluctuation characteristics of wind turbines. 348 

6.2 Wind direction fluctuation analysis of segmented wind speed 349 

Different wind speeds may lead to different wind direction stability. In order to 350 

analyze the relationship between the wind speed and the wind direction fluctuation 351 

characteristics, the wind direction fluctuation random variable (A, T) were divided 352 

according to the low wind speed and the high wind speed. The low wind speed section 353 

refers to the range from 3 m/s to 7.5 m/s, and the high wind speed section refers to the 354 

range from 7.5 m/s to 12 m/s. Then the marginal probability distribution fitting and 355 

joint probability distribution fitting are carried out for the wind direction fluctuation 356 

random variable (A, T), and the indicators A , T  and stableP  are calculated. Wind 357 

direction data from 01/03/2015 to 08/03/2015 for A03 and A09 in the test wind farm 358 

were selected for comparative statistical analysis once again. Table ⅦVII shows the 359 

results. 360 

TABLE ⅦVII Wind direction fluctuation indicators of segmented wind speed for A03 and A09 361 

indicators 

3m/s~7.5m/s 7.5m/s~12m/s 

A03 A09 A03 A09 

A
 1.372 1.783 1.947 3.120 

T
 6.487 8.028 8.116 12.319 

stableP
 0.102 0.114 0.128 0.224 

Some discoveries can be drawn from Table ⅦVII: 362 

(1) Whether in the high wind speed section or in the low wind speed section, A , 363 

T  and stableP  for A03 are all smaller than for A09, which indicates that the wind 364 

direction stability is decided by the wind turbine geographic location instead of the 365 

wind speed.  366 

(2) For A03, A , T  and stableP  in the high wind speed section are all larger 367 

than in the low wind speed section; so does A09 wind turbine. Therefore, for the same 368 

wind turbine, the wind direction in the high wind speed section is more stable than in 369 

the low wind speed section. 370 

(3) The difference between the three indicators for A03 and A09 in the high wind 371 

speed section is greater than that in the low wind speed section. This illustrates the 372 

greater the wind speed is, the more obvious the wind direction fluctuation 373 
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characteristic difference between different wind turbines are. 374 

 375 

7. Conclusion 376 

In this paper, wind direction fluctuation characteristics are analyzed based on 377 

wind resource data of four test wind turbines. This work supports the following 378 

conclusions:  379 

(1) It is useful to define wind direction fluctuations in terms of a fluctuation 380 

amplitude, A and a fluctuation duration, T. 381 

(2) The marginal distribution PDFs of A and T are well fitted by the Weibull 382 

distribution. A mixed Copula is provides an effective means to generate the joint 383 

distribution PDF of random variable (A,T). Operational data from two wind turbines 384 

demonstrates the accuracy of the mixed copula model. 385 

(3) A set of indicators A , T  and stableP  have been proposed that can quantify 386 

in a useful and effective manner local wind direction fluctuation characteristics and 387 

their stability with regard to wind turbine yaw performance. With wind resource data 388 

over an extended period of time and applying the methods developed in this paper, 389 

useful quantitative wind direction stability indictors can be calculated. 390 

In future research, the yaw system control parameters for each individual wind 391 

turbine will be tuned using the wind direction stability indicators proposed in this 392 

paper. Firstly, it is necessary to establish a comprehensive economic benefit model of 393 

wind turbine based on the quantitative calculation of the fatigue loss of yaw bearing. 394 

This model should balance the restriction between the increase of power generation 395 

and the increase in yawing activity. Then, the wind direction stability indicators 396 

proposed in this paper are used to set the weight parameters in the model, and then the 397 

yaw control parameters (yaw error threshold and yaw error duration threshold) in the 398 

model are optimized. For the turbines with stable wind direction, such as A09 and 399 

A11, the yaw control parameters can be appropriately decreased to improve the 400 

sensitivity of the yaw system to wind direction changes, so as to obtain more wind 401 

energy at the cost of a slightly increase in yawing activity. On the other hand, for the 402 

wind turbines with poor wind direction stability such, as A03 and A17, the yaw 403 

parameters can be increased to reduce their sensitivity to frequently changing wind 404 

direction. Consequently, yaw operations can be drastically reduced at the cost of 405 

minimal loss of generation, but with the benefit of a considerable reduction of energy 406 
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used for yawing and fatigue damage to the yaw system. The yaw control parameters 407 

of each wind turbine in the wind farm are optimized to match the characteristics of 408 

local wind resources, so as to improve the economic performance of the wind farm as 409 

a whole. 410 

 411 
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