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Abstract 
This paper proposes a realistic principal Gaussian Process model for the wind 
turbine, with a kernel derived. The model is trained and validated on a data-driven 
practical wind turbine model to predict optimal operational curves for the optimal 
operating conditions of wind turbine generators. The proposed technique 
indicates the critical parameters of the wind behaviour from historical wind speed 
data to keep maximum power. This technique is used to avoid periodic 
fluctuations in the output power of the wind turbine generators by design an 
efficient control system. The frequent changes in the power output come from 
tower shadow, wind shear, gust, and turbulence in the wind speed. The 
operational curves of the critical parameters included the profiles of power, 
blades pitch angle, and turbine rotor speed. The power improvement performance 
of the turbine can use the relationship between critical parameters ahead of time 
to predict wind behaviour. 

Keywords: Blade pitch angle, Gaussian process, Tower Shadow, Wind shear, Wind 
turbine generator. 
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1. Introduction 
Wind turbines can generate sustainable, clean, and affordable electrical power. Due 
to the stochastic and variable nature of the wind speed, the prediction unit requires 
a detailed analysis of the flow wind behaviour. An assortment of factors causes the 
fluctuation of the electrical power of wind turbines; some of them are predictable. 
In this case, it is essential to tackle the problem by expecting wind speed behaviour. 
An effective Gaussian Process (GP) regression will be applied to predict optimal 
operational curves of wind turbine generators.  

A Gaussian Process is a non-parametric, nonlinear machine learning approach 
widely used in modelling complex and nonlinear systems [1]. Several regression 
methods for linear and nonlinear functions are obtainable in the fields of study 
using specific techniques. Stetco et al. [2] presented a review of machine learning 
methods for GP regression with supervised learning predicts an output variable 
using labelled input data. 

There are many different types of learning algorithms presented in machine 
learning, such as series correlated data models and machine learning models [3]. 
The time series of models mainly include the moving average model, 
autoregressive model, and auto-regressive moving average model [4]. Due to the 
non-linearity of wind speed behaviour, the time series of models need data-stable 
assumptions [5].  

Many machine learning methods are used to predict it, such as regression of GP 
to deal with the non-linearity of wind speed profile [6], support vector regression 
method [7], and quantile regression method that predicted wind speed [8]. Also, Li 
and Shi [9] and Manobelet al. [10] presented the wind speed forecasting using 
artificial neural networks presented a GP data pre-filtering method and artificial 
neural network model for predicting wind turbine power curves. Hoseinzadeh et al. 
[11] presented a comprehensive analysis of the effect of wind speed and angle on 
the wake development of an air-foil that works as wind turbine blades. 

Finally, Strutz [12] used  a nonlinear least square method is considered as a sub-
optimal approach. The optimization problem of power energy is subjected to 
physical constraints [13]. Cai et al. 14] studied multi-task GP regression model to 
consolidate the numerical predictions of wind speed and Carrillo et al. [15] 
reviewed the modelling for wind turbine curve using a generic equation. All these 
manuscripts focused on the accuracy of wind speed predictions, and none consider 
the influence of tower shadow and wind shear effects.  

The article's contribution is to develop a complete wind turbine model that 
includes wind shear and tower shadow parameters. These parameters highly 
influence the power output as a turbulence problem. For better prediction of the 
wind speed at different times field of view, the prognosis is made by different types 
of data-driven methods. In this article, the data-driven approach is proposed to 
predict wind behaviour from past wind speed data.  

The outline of the article is as follows: Section II describes the problem 
formulation of the periodic fluctuations in the output power of the wind turbine. 
Section III presents the standard Gaussian Process Regression. Section IV describes 
operational curves of a wind turbine such as the power curve, blade pitch curve, 
and rotor curve. Section V includes the turbine model. Section VI proposes the 
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Gaussian Process approach for predicting the operational curves. Section VII 
presents the simulation analysis and evaluates the accomplishment of the GP 
operational curve models. Section VIII depicted concluding remarks. 

2.  Problem Formulation 
The electrical power is exponentially proportional to wind speed, should do the 
wind speed study of any proposed site done accurately to ensure maximum power 
generation. The inconsistency of wind speed leads to periodic fluctuations in the 
output power. The factors that affect the inconsistent wind speed are tower shadow, 
wind shear, gust, and turbulence in the wind speed. The effect of tower shadow, 
wind shear and wind direction on the power output of wind turbines have been 
evaluated separately by Dolan and Lehn [16]. The equivalent wind speed 𝑣𝑣𝑒𝑒𝑒𝑒 that 
includes the effects from the base-line wind speed  𝑣𝑣𝑏𝑏𝑏𝑏 at hub height, the tower 
shadow  𝑣𝑣𝑡𝑡𝑡𝑡 and the wind shear 𝑣𝑣𝑤𝑤𝑤𝑤, can be expressed in the following formula. 

𝑣𝑣𝑒𝑒𝑒𝑒 = 𝑣𝑣𝑏𝑏𝑏𝑏 + 𝑣𝑣𝑡𝑡𝑡𝑡 + 𝑣𝑣𝑤𝑤𝑤𝑤         ……………………………………………………..(1) 

It is noticed that the tower shadow, wind shear, and wind direction fluctuations 
varied the power producing capability. Figure 1 shows the horizontal axis wind turbine 
generator. The wind turbine under phenomena known as wind shear and tower shadow, 
which causes blades vibrations and power fluctuations. The wind speed sensation when 
the blades face the turbine tower during the rotation is called the tower shadow. 
Generally, wind speed at high altitudes is higher than at lower altitudes; this 
phenomenon is called wind shear. These phenomena cause periodic fluctuations in the 
power output that comes from tower shadow and wind shear. 

 
Fig. 1. Wind turbine under phenomena known as wind shear and  
tower shadow causes blades vibrations and power fluctuations. 
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Figure 2 shows these phenomena. Wind speed prediction is a significant challenge 
due to the periodic fluctuations in wind speed under complex environmental conditions.  

 

Fig. 2. Tower shadow and wind shear effects of wind turbine with tower 
radius (r = 10 m), and the distance from the blade to the tower (x = 5 m). 

3. Standard Gaussian Processes Regression 
A brief outline of GP regression will be discussing in this section. Regression is 
predicting the value of certain variables based on measurements of other variables. 
GP regression is about approximating a function 𝑓𝑓(𝑥𝑥), the measured the function 
𝑓𝑓(𝑥𝑥𝑖𝑖) at a measurement training points 𝑥𝑥𝑖𝑖 to predict the optimum values of 𝑓𝑓(𝑥𝑥∗). 
Consider the linear regression model of the form [16]. 

𝑦𝑦𝑖𝑖 = 𝑓𝑓(𝑥𝑥𝑖𝑖) + 𝜖𝜖 = 𝑥𝑥𝑇𝑇  𝑤𝑤 + 𝜖𝜖                                                                                  (2) 

where the noise 𝜖𝜖 ∼ 𝒩𝒩(0,𝜎𝜎𝑛𝑛2) is a zero mean and variance 𝜎𝜎𝑛𝑛2, can be predicted the 
coefficients 𝑤𝑤  from a set of data by considering the standard deviation. The 
noiseless GP regression observes a training set of data. 

𝑓𝑓(𝑥𝑥) ∼ 𝒢𝒢𝒢𝒢(𝜇𝜇(𝑥𝑥),𝜅𝜅(𝑥𝑥,𝑥𝑥′))                                                                                   (3) 

where 𝜇𝜇(𝑥𝑥) is the mean value of the function 𝑓𝑓(𝑥𝑥), the 𝜅𝜅(𝑥𝑥,𝑥𝑥′) is a covariance 
function for the vector (𝑥𝑥,𝑥𝑥′) that is specified by a chosen kernel function.  

We assumed that 𝑓𝑓∗  =  𝑓𝑓(𝑥𝑥∗) is the prediction at 𝑥𝑥∗, 𝑥𝑥∗ is a new point where 
the prediction is made, and the target outcomes 𝑦𝑦 have a joint Gaussian distribution. 
To accomplish that, we can write it as follows, 
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�𝑦𝑦𝑓𝑓∗� ∼ 𝒩𝒩 ��𝜇𝜇1𝜇𝜇2� , �𝐾𝐾 + 𝜎𝜎𝑛𝑛𝐼𝐼 𝜅𝜅∗𝑇𝑇
𝜅𝜅∗ 𝜅𝜅∗∗

��                                                                          (4) 

For symbols convenience, the stenography 𝐾𝐾 = 𝜅𝜅(𝑋𝑋,𝑋𝑋′), 𝜅𝜅∗ = 𝜅𝜅(𝑋𝑋, 𝑥𝑥∗), and  
𝜅𝜅∗∗ = 𝜅𝜅(𝑥𝑥∗,𝑥𝑥∗), have been used, where 𝑋𝑋 is the training dataset. For simplicity, we 
use the prior mean (𝜇𝜇1,𝜇𝜇2) = 0. The Radial-basis function is a stationary kernel. It 
is known as the squared exponential kernel, either a scalar or a vector with the same 
number of dimensions as the inputs 𝑥𝑥𝑖𝑖. The squared exponential kernel function is 
given by [17]. 

𝜅𝜅(𝑥𝑥, 𝑥𝑥′) = 𝜎𝜎𝑓𝑓2 𝑒𝑒𝑒𝑒𝑒𝑒 �− �𝑥𝑥−𝑥𝑥′�2

2ℓ2
�                                                                              (5) 

where 𝜎𝜎𝑓𝑓 indicates the variance output signal and ℓ is a characteristic length scale.  

The hyperparameters 𝜎𝜎𝑓𝑓 and ℓ can be selected under specific conditions. The 
effect of the kernel width parameter can be evaluated by choosing 𝜎𝜎𝑓𝑓2 = 1, and it is 
parameterized by a length scale parameter ℓ2 > 0. If we know 𝑓𝑓, then the prior 
distribution 𝑝𝑝(𝑓𝑓∗|𝑥𝑥∗,𝑋𝑋, 𝑦𝑦) letting us derive the predictive distribution analytically 
for the computational performance target, then the posterior distribution of 𝑓𝑓∗, the 
posterior mean 𝜇𝜇∗ and covariance 𝜎𝜎∗ can be calculated in the forms as follows. 

𝑝𝑝(𝑓𝑓∗|𝑥𝑥∗,𝑋𝑋,𝑦𝑦)  ∼ 𝒩𝒩(𝜇𝜇∗ ,𝜎𝜎∗)                                                                                  (6) 

𝜇𝜇∗ = 𝑘𝑘∗𝑇𝑇(𝐾𝐾 + 𝜎𝜎𝑛𝑛2𝐼𝐼)−1 𝑦𝑦                                                                                         (7) 

𝜎𝜎∗ = 𝑘𝑘∗∗ − 𝑘𝑘∗𝑇𝑇(𝐾𝐾 + 𝜎𝜎𝑛𝑛2𝐼𝐼)−1 𝑘𝑘∗                                                                              (8) 

If the training set contains an observation of the function  𝑓𝑓2 , then the 
multivariate normal will give an updated prediction of 𝑓𝑓2 ,  as 𝑝𝑝(𝑓𝑓1| 𝑓𝑓2), and we can 
write as follows [17]. 

𝑝𝑝(𝑦𝑦|𝑋𝑋) = �𝜇𝜇1 + 𝑘𝑘∗𝑇𝑇

𝑘𝑘∗∗
(𝑓𝑓∗ − 𝜇𝜇2)� , �(𝐾𝐾 + 𝜎𝜎𝑛𝑛𝐼𝐼)−

𝑘𝑘∗𝑘𝑘∗𝑇𝑇

𝑘𝑘∗∗
�                                           (9) 

The central equation of the GP regression function is in the simplest form as 
above. The algorithm learns by itself and can consider uncertainties of predicting 
the critical parameters. 

4.  Operational Curves of Wind Turbine 
The performance of the wind turbine generators depends on the combination of the 
area of the rotor of the turbine, air density and wind speed. As a result of the 
aerodynamic torque, the wind turbine blades start to rotate, and this rotation leads 
to an angular velocity in the rotor side of the mechanical subsystem. Some 
strategies such as flow control techniques have been presented to increase the 
efficiency of variable speed wind turbines can be utilized in this subsystem [18]. 

It should be known for accurate modelling of wind turbine operation to 
guarantee power production running at maximum capacity. The power production 
of wind turbines also depends on the aerodynamic coefficient 𝐶𝐶𝑝𝑝. As referred to the 
Betz limit [19], the ultimate value of aerodynamic coefficient  𝐶𝐶𝑝𝑝(λ, β) under ideal 
theoretical conditions is 0.593. 

𝐶𝐶𝑝𝑝(λ, β) = 4𝑎𝑎(1 − 𝑎𝑎)2                                                                                        (10) 
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where, 𝑎𝑎 is the turbine axial induction coefficient, valid for (0≤ 𝑎𝑎 ≤0.5).  

The variation of the aerodynamic coefficient 𝐶𝐶𝑝𝑝(λ,β) versus the blade pitch 
angle (β; [°]) and the tip speed ratio (𝜆𝜆 =  𝑤𝑤𝑤𝑤

𝑣𝑣
; [−]). The parameters such as rotor 

speed (𝑤𝑤𝑟𝑟; [rps]) , the radius of turbine hub (𝑅𝑅; [m]) , and the wind speed 
(𝑣𝑣;  [m/s])  are known. The rotor speed (𝑤𝑤𝑟𝑟  =  2𝜋𝜋𝜋𝜋) , and (𝑓𝑓; [rps])  is the 
frequency rotation of the turbine. The typical operating of the wind turbine will 
have to rotate at a fixed tip speed ratio. Figure 3 shows there is a unique optimal 
value of tip speed ratio 𝜆𝜆 that can satisfy maximum power coefficient 𝐶𝐶𝑝𝑝(𝜆𝜆,𝛽𝛽) 
under controlling blades pitch angle 𝛽𝛽. For higher wind speeds, the power in the 
wind continues to increase while 𝐶𝐶𝑝𝑝(𝜆𝜆,𝛽𝛽) starts to decrease. At rated wind speed 
and λ ≥ 2, maximum capacity in the current depends on the maximum values of 
𝐶𝐶𝑝𝑝(λ, β). After that point, 𝐶𝐶𝑝𝑝(λ, β) decreases, so power starts a slight decrease. The 
electrical power curve, blade pitch angles curve, and rotor speed curve will be 
demonstrated as a function of wind speed. 

 
Fig. 3. Calculated 𝑪𝑪𝒑𝒑(𝝀𝝀,𝜷𝜷) surface. 

4.1. Electrical power curve 
Power production is a function of the wind speed, which describes the electrical 
power curve provided by the wind turbine manufacturer. The electrical power curve 
is a nonlinear relationship between output power and wind speed. The available 
active power is proportional to air density, wind speed, and its production depends 
on the swept area of the wind turbine. This relationship also depends on the 
aerodynamic power coefficient, which is extracted mathematically in [20]. 

𝑃𝑃𝑒𝑒 = 0.5 ρ A 𝑣𝑣𝑒𝑒𝑒𝑒3  𝐶𝐶𝑝𝑝(λ,β)                                                                                    (11) 

where ρ is air density (kg/m3), 𝐴𝐴 is the swept area (m2), 𝑣𝑣 is the hub wind 
speed (m/s), and 𝐶𝐶𝑝𝑝(𝜆𝜆,𝛽𝛽) is the power coefficient of the wind turbine.  
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The maximum value of aerodynamic coefficient 𝐶𝐶𝑝𝑝  under ideal theoretical 
conditions, which represents this variation of power output to the wind speed, is 
shown in Fig. 4. The simplification sets the 𝐶𝐶𝑝𝑝 value constant at its maximum value 
for all wind speeds more significant than a particular value. 

 
Fig. 4. The aerodynamic coefficient curve Cp with its associated wind speed. 

4.2. Blade pitch angle curve 
The curve of a blade pitch angle describes the relationship between the turbine pitch 
angle and the wind speed. The presence of small values of the blade pitch angle 
signifies a high value of wind speed. This relation is illustrated in Fig. 5. The pitch 
angle is adjusted to capture maximum power production during the rated wind 
speed (10<v<25) m/s. 

4.3. Rotor speed curve 
The rotor speed of the wind turbine and wind speed is called the rotor speed curve. 
The rotor curve is proportional to the wind speed and is found after a cut-in wind 
speed 𝑣𝑣𝑐𝑐  when the wind speed, (𝑣𝑣𝑐𝑐 >  5  m/s). Figure 6 shows the relationship 
between the wind speed and the rotor shaft speed. The rated rotor speed is around 
(𝑤𝑤𝑟𝑟  =  17 m/s). These curves are worthy of implementing the maximum power 
generation, caused by predicting any difference from a typical rotor speed curve. 

5. Turbine Model 
The wind turbine considered here is always supposed to follow the wind direction. 
Therefore, we do not need to control the yaw angle of the turbine, which is used to 
rotate it into the wind. The wind turbine can extract enough power to accelerate 
itself at the desired operation angular velocity. The control strategy in this research 
is to control the rotor speed 𝑤𝑤𝑟𝑟   of the wind turbine and the pitch angle of the blades 
β. This is generally done above cut-in wind speed 𝑣𝑣𝑐𝑐 conditions when the wind 
speed (𝑣𝑣 >  5 m/s). 
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Fig. 5. Blade pitch angle curve vs wind speed. 

 
Fig. 6. Rotor speed curve vs wind speed. 

At rated wind speed 𝑣𝑣𝑟𝑟 conditions, it is common to control the pitch angle of the 
blades to keep the turbine rotor at a certain rated speed, which is done through full-
span pitch actuator motors. When the wind speed exceeded the rated wind speed, the 
rotor speed of the turbine may exceed manufacturing limits. Hence the turbine should 
not be operated unloaded. The aerodynamic efficiency (𝐶𝐶𝑝𝑝; [kgm2]) is the ratio of 
instantaneous turbine power to wind power, can be defined as. 

𝐶𝐶𝑝𝑝(λ, β) = 0.5176(116𝜆𝜆𝑖𝑖 − 0.4β − 5) ∗ exp (−21𝜆𝜆𝑖𝑖)                                         (12) 

where the formula can calculate the coefficient 𝜆𝜆𝑖𝑖, 

𝜆𝜆𝑖𝑖 = 1
𝜆𝜆+0.08𝛽𝛽

− 0.035
1+𝛽𝛽3

                                                                                             (13) 
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The coefficient 𝜆𝜆𝑖𝑖  be contingent on the tip speed ratio 𝜆𝜆 and the blade pitch 
angle β. The dynamic behaviour of the pitch angle actuator, which is changed by a 
mechanical, hydraulic actuator, has been implemented in the scenario, which the 
equation can describe. 

β̇ = −1
𝜏𝜏
β𝑎𝑎 + 1

𝜏𝜏
β𝑑𝑑                                                                                                 (14) 

where the blade angle 𝛽𝛽 tracks the desired blade angle β𝑑𝑑, and β𝑎𝑎 is the actual pitch 
angle, and 𝜏𝜏 is the time constant of the actuator. 

6.  Proposed Approach 
The GP state-space model can be formed as a transference function 𝑓𝑓(𝑥𝑥𝑘𝑘 ,𝑢𝑢𝑘𝑘 , 𝜖𝜖) is 
modelled as a GP model. The noise 𝜖𝜖 can be explained as the numerical uncertainty. 
A GP is parameterized by a mean function 𝜇𝜇(𝑥𝑥) and the squared exponential kernel 
function 𝜅𝜅(𝑥𝑥,𝑥𝑥′) and mathematically, for the finite combination of data inputs x. 
The kernel function measures the similarity between two sets of data points to 
calculate the GP regression's closeness and core.  

For the choice of 𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘, the interactions between the velocity 𝑣𝑣𝑒𝑒𝑒𝑒  and the 
aerodynamic coefficient 𝐶𝐶𝑝𝑝 need to be included. This is achieved by using a so-
called additive kernel as follows [17]. 

𝜅𝜅(𝑥𝑥, 𝑥𝑥′) = 𝜎𝜎β2 𝑒𝑒𝑒𝑒𝑒𝑒 �− �β−β′�2

2ℓβ
2 � + 𝜎𝜎w𝑟𝑟

2  𝑒𝑒𝑒𝑒𝑒𝑒 �−�w𝑟𝑟−w𝑟𝑟
′�2

2ℓw𝑟𝑟
2 �                                  (15) 

where  (𝜎𝜎𝛽𝛽 ,𝜎𝜎𝑤𝑤𝑟𝑟 , ℓ𝛽𝛽 ,ℓ𝑤𝑤𝑟𝑟) represent the hyperparameters.  

The vector of values of the function 𝑓𝑓(𝑥𝑥) in Eq. (3) is only one sample from a 
multivariate GP distribution equal to many measured coordinates of 𝑥𝑥 . The 
prediction intervals and the predicted responses of the GP regression when the 
observations are noise-free, and the standard deviation is almost zero, as shown in 
Fig. 7. When observations include noise, as shown in Fig. 8, the feature GP 
regression applied to the wind speed with unknown amplitude, phase and mean. 

 
Fig. 7. The predicted responses of the GP regression  
fit when the observations are noisy and noise free. 
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Fig. 8. The Gaussian process approximation fit of noisy  

observations and two standard deviations plotted as shaded area. 

7.  Simulation Results 
The GP process included inverting a matrix process with many samplings data makes 
the modelling inaccurate, complex, and time-consuming. The wind data sets were 
selected from a monitoring station in the National Institute of Wind energy [21]. 

In this study, the only data available is wind speed, and a zero mean function 
will be assumed with Gaussian characteristics. The specifications of the wind 
turbine that we considered in this research is as follows:  R = 38 m, w = 17 rps, β = 
(0-90)o, 𝛽̇𝛽  = ∓5°, vc > 5 m/s, vr = 12 m/s, and ρ = 1.025 kg/m3.  

The long-term monitoring of wind speed is shown in Fig. 9. The figure shows 
the random variation of the wind speed. The data sets can be downloaded as an 
excel file at a sampling time of 10 minutes per point. Figure 10 shows a small 
number of the data sets for 500 sampling times. There are 4000 observations in the 
training data set and 500 observations in the test data set, which is randomly 
selected from the testing data set.  

 
Fig. 9. The real data wind speed profile with sampling time 10 min. 
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Fig. 10. The wind speed profile for 500 sample time. 

Fit a GP regression using the kernel function with a short length scale for each 
predictor. The GP regression is used to enhance the efficiency of wind turbine 
power production, to predict wind speed, including tower shadow and wind shear 
prediction, which is considered the contribution of this article. The GP model is 
implemented in MATLAB for finding the hyperparameters. 

The simulation is summarized in the below algorithm. 
ALGORITHM  
• Define wind turbine parameters. 
• Input: training data x, training data y, test data x* 
• Output: prediction interval  
• Fit RGP models to the observed data sets. 
• Exact fitting and prediction method. 
• Compute the predicted responses and prediction intervals using the fitted models. 

We consider the training set in the array and fit GP models to the observed data 
sets. Use the exact fitting and prediction methods.  

Finally, the predicted responses and prediction intervals using the fitted models 
have been computed. A small number of samplings data makes the modelling 
accurate. The power output of the turbine is an important characteristic which 
represents the performance of the system. Figure 11 shows the results of GP, where 
the predicted upper and the lower bound and the average values are given. GP 
carefully follows the expected variance values of the wind speed.  

The expected variance is (0.65) and the time elapsed is 0.1425 seconds. The wind 
speed shows the periodic fluctuation behaviour. Therefore, it is appropriate to use the 
𝑣𝑣𝑒𝑒𝑒𝑒 formula containing periodic fluctuation to predict wind speed. Figure 12 shows 
the results of the turbine's power output and its GP prediction, with noise-free 
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observation. The predicted responses of the GP regression fit the observations. The 
standard deviation of the predicted response is minimal, which is between (0-0.02). 

 
Fig. 11. The Wind speed with GP regression fit of noisy observations  

and the two standard deviations plotted as shaded area. 

 
Fig. 12. The power output of turbine with GP regression fit of noise free 
observations with the two standard deviations plotted as shaded area. 
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Figure 13 shows the results of the turbine's power output and its GP prediction fit 
of noisy observations. The predicted responses when the signals included noise do not 
cross the observations, and the prediction intervals become wide. Figure 14 
demonstrates the blade pitch angle profile to keep maximum power output, as expected. 

Modelling methods of a wind turbine, such as Neural Network, treat the noise 
and the actual data. In contrast, GP treats the noise as an independent variable, 
effectively overcoming the randomness and noise problems and establishing an 
effective model [22]. 

 
Fig. 13. The power output of turbine with GP regression fit of noisy 

observations and the two standard deviations plotted as shaded area.

 
Fig. 14. The control pitch angle with the two  
standard deviations plotted as shaded area. 
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8.  Conclusions 
This article tested the GP regression algorithm under wind speed variation and 
considered tower shadow and wind shear effects. The application of GPs to wind 
turbine modelling effectively fits the model and identifies wind shear and tower 
shadow effects.  

The prediction of power wind turbines improves if the wind speed is included, 
and the fluctuations are assumed to be a function of previous wind speed. The 
predicted responses when the signals included noise do not cross the observations, 
and the prediction intervals become wide.  

The results show that of the turbine's power output and its GP prediction fit of 
noisy observations. GP carefully follows the expected variance values of the wind 
speed. The expected variance is 0.65 and the time elapsed is 0.1425 seconds.  

For future work, once we have an accurate wind model, we can design an 
algorithm to control and optimize the pitch angle of each blade and rotor speed. 

 

Nomenclatures 
 
A The swept area, m2 
Cp The aerodynamic coefficient 
d Tower diameter, m2 
f The frequency rotation of the turbine, Hz 
ℓ Hyperparameter 
Pe The electrical power, W 
R The radius of turbine hub, m 
veq The equivalent wind speed, m/s 
vts The tower shadow, m/s 
vws The wind shear, m/s 
w The angular rotor speed, rps 
wr The rotor speed, rps 
 
Greek Symbols 
β The blade pitch angle, deg. 
ε Noise ∼ 𝒩𝒩(0, 𝜎𝜎𝑛𝑛2)   
κ(x, x') kernel function 
λ The tip speed ratio 
µ Mean value of the function 
ρ Air density, kg/m3 
σ Variance value 
τ Time constant, s 
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