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Abstract 

  

Today, the great importance and benefits of renewable energies as a source of endless energy is 
obvious for all. 

Wind is recognized as one of the most stable and safest type of energy, due to ease of access as 
well as applying modern technical and scientific methods in order to its extraction. 

In this regard, much effort has been done in the developed societies to obtain knowledge besides 
getting access to new techniques in the exploitation of this unlimited wealth.  

Apart from the new aspects of the proposed research in wind area, the extraction operation 
requires specialists to advanced techniques and scientific research. 

The development of societies and their increasing necessity to energy resources increase the 
importance of safe and clean renewable energy.  

This study investigates a technique to specify the power performance of the wind turbine directly 
from measured data which fluctuate with high frequency. This project is a review of a dynamical 
method for the specification of wind turbines´ power curves.  

Considering the power output of a wind turbine in this study, the basic concept is to divide its 
dynamics into two components; a deterministic (relaxation) and a stochastic (noise) functions 
which are equivalent to the wind turbines´ real behavior itself and the exterior wind’s turbulence. 

It specifically presents a procedure to estimate the reaction of the wind turbine as a machine to 
the wind speed dynamically.  

In this method, reconstruction of the coefficients from the measured data and extraction of the 
specification of the power output have been done. The main focus of this technique is on 
differential equations which are recognized as Langevin equations.  

As the consequence, it is shown, with this method we will be able to percept the conversion 
dynamics of wind turbines and get the power curve’s results with high precision. The results 
demonstrate that power performance’s specification is accurately reconstructed from the 
measured data by the quick estimation of the coefficients from data.  

Furthermore, the high accuracy and fast estimation of the power curves would be considered as 
preferences in this method.  
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1. Introduction 
 
Nowadays, with the increase of the wind energy output inside the electricity grid, the precise 
knowledge of power performance specifications is of primary importance; when designing an 
appropriate scheme of wind farms from an economical point of view. 

Furthermore, with the rising importance of wind power as a sustainable source of energy and, the 
deployment of Wind Energy Conversion Systems (WECS) as wind farms, scientific findings in 
wind energy move into new direction.  

Therefore, the WECS performance will improve in the future if we perceive the wind profoundly 
as the power to drive these systems.  

Here, the main focus is on the estimation of the power performance. To illustrate this, the 
explanation of conversion process on each wind turbine is needed. The power curve of wind 
energy conversion systems gives detailed information about physical & technological features of 
the systems. 

To give an introduction of the dynamical power curve, the dynamics of the wind energy 
conversion system is considered a stochastic process. In addition, the wind speed is described as 
a noisy force. 

In this approach, the dynamics of power curve divides into two parts; known as deterministic and 
stochastic functions. This project is a review of a method which fundamentally studies stochastic 
analysis of time series. Here, an approximation of two coefficients; known as drift and diffusion 
from measured data of wind turbine's parameters will be done. 

This is a review of a proposed method which is focused on the determination of the power 
performance of wind turbine. The purpose is primarily on the process of the power conversion of 
a wind turbine, to reconstruct the dynamics of this process. Moreover, this technique defines 
characteristics of the above mentioned power curve. Moreover, this study is an introduction of 
the excellence of the proposed method to approximate and estimate the wind turbine's power 
curve which is focused on the power curve's dynamics with considering the measured data.  

The introductory part is a detailed explanation of the method, followed by the application of the 
measured data and the finalization with a concise conclusion. 

So, first by considering the measured data in all substations, demonstration of power output 
dynamics and analysis the power performance are performed. Next step is an explanation of a 
stochastic model for this dynamics process. Centralize the Langevin equation together with 
clarify its reconstruction process from measured data. Further, the benefit of the method to 
reconstruct the power performance is shown. At the end, conclusion and future work are stated.  
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2. Stochastic modeling 
2.1. Conversion dynamics 

 
“The stochastic structure of the Langevin process is applied to wind energy systems for the 
conversion of wind speed into electric power output.” [4] 
 
Drift and diffusion coefficients are components with which the fast dynamics of this conversion 
process are described during the few seconds’ time scales at which the power production 
reconstructs to the intense wind fluctuations. This report is a review of a studied stochastic 
description which proposed a stochastic model of this conversion process. After the estimation of 
the coefficients from measured data on turbines for a specific duration of time, the results will be 
inserted into the Langevin equation to model the power production. [4] 

2.2. Stochastic description of WECS 

2.2.1. Atmospheric turbulence 
 
The main goal to design wind turbine is exploitation energy from wind power. Among all natural 
phenomena, atmospheric wind is one of the most complex one. To be able to describe the 
manner of wind energy systems, it is necessary to have a fundamental knowledge of the effective 
force in those systems. [4] 
 
Typically, wind turbines’ height is between 100-200m.As a result, their operation are in the 
atmospheric turbulence boundary. Friction of the air on the Earth’s surface, air various velocities, 
different local temperatures and humidity are the features which can result the wind to turbulent 
flow on the ground surface. [4] 
 

2.2.2. Complex nature 
 
Considering the fluid motion which is complex in nature, this statistical description of the system 
would be the statistical estimation of the microscopic information and macroscopic properties of 
the system. When the fluid is air, chaotic turbulent dynamics are present. [4] 
 
 

2.3. Wind power measurements  

 
In this part, the analysis of power output dynamics based on measured data of 3,600 wind speed 
samples at each 10 substations is done. 

The detection of wind speed is done from 40m measurement mast and collected by an 
anemometer with sampling frequency of 1Hz at a vertical power plant near the motorway. The 
test site is located in Falkenberg, Sweden. 
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In Figures 5.1.1 to 5.1.10, the time series of measured power output is plotted to show the real 
dynamics of the wind turbine for each substations.  

The power performance specifications, coefficients, and their uncertainties were obtained by 
estimating drift and diffusion components for each Data Set of 10 turbines which are illustrated 
in Figures 5.2.1 to 5.2.10 for drift function and Figures 5.3.1 to 5.3.10 for diffusion function. 

At last, reconstruction of the power curve is illustrated In Figures 5.4.1 to 5.4.10 by the 
application of wind speed measurements. 

 
2.4. Approaching complexity 

 
Giving a measured set of data, analysis the data, approaching to the basic trends of these systems 
and finding out the wind fluctuation’s features are the main investigations in the area of complex 
systems. Focusing on stochastic processes with modeling by Langevin equations, there has been 
a considerable improvement to answer main question in complex systems area. [3] 
 
 

2.4.1. Stochastic approach 
 

Approaching to complexity, stochastic description of a complex dynamical system will be 
needed. Brownian motion is an example of this. In 1906, Langevin suggested a simple method to 
describe the Brownian motion. [3] 
 

2.4.1.1. Turbulent approach 

To solve problems regarding fluid motion, a statistical procedure is of main importance. There, it 
could be investigated the problem succeeding to Langevin method to Brownian motion. It shows 
how a stochastic approach can be used to model the behavior of a complex aerodynamic system 
without details. The central focus of this work is the description of some complex stochastic 
models. [3] 

 

3. Stochastic processes    
 

In the complex systems, the dynamics can be interpreted as fluctuations. In dynamical noise 
matters like dynamics-trend fluctuations, it is of importance for the analysis of fluctuating time 
series. To give a description of the developed method for analyzing stochastic data in time 
scales, the focus should be on detailed explanation of the process to reconstruct stochastic 
evolution equations from data with considering the Langevin equation, or the Fokker–Planck 
equation. The method to analyze based on the Markov processes can be applied to both the 
fluctuating time series and the analysis of fluid turbulence. [3] 
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3.1. Stochastic method   
3.1.1.  Power output’s relaxation model   

 
To explain the dynamics, in the center of attention is the turbine's power output 𝑃𝑃 = 𝑃𝑃(𝑡𝑡) which 
considered as electric power (see [1, 2])  

 𝑃𝑃(𝑡𝑡) = 𝑃𝑃𝑠𝑠(𝑢𝑢) + 𝑝𝑝(𝑡𝑡) 
 

(1) 

 

 

 

Fig 3.1.1:  𝑎𝑎.  Schematic picture of the relaxation for the turbine’s power output 𝑃𝑃(𝑡𝑡) at the fixed point 𝑃𝑃𝑠𝑠(𝑢𝑢).         

                 b. Dynamics of the power output which attracted to 𝑃𝑃𝑠𝑠 , both illustrated in Ref. [1]  

 
As an introduction of the dynamical electrical power output of a wind turbine converter, this 
section starts with a simple stochastic model. Here, the stochastic power output is assumed as a 
dynamical Markov process like the equation below (see [2, 5]) 
 
 𝑑𝑑

𝑑𝑑𝑡𝑡
𝑃𝑃(𝑡𝑡) = −𝛼𝛼. [𝑃𝑃(𝑡𝑡) − 𝑃𝑃𝑠𝑠(𝑢𝑢)] + �𝛽𝛽. Г(𝑡𝑡) (2) 
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3.1.2. Stochastic modeling assumptions 
 

Table 3.1.2: Assumptions for the modeling of stochastic processes illustrated in Ref. [1, 2, 5]. 
   
Term Definition  

𝑃𝑃𝑠𝑠(𝑢𝑢) steady-state of the power output 𝑃𝑃(𝑡𝑡) as 
function of the wind speed 

𝑢𝑢 = 𝑢𝑢(𝑡𝑡) wind speed 
𝑃𝑃�̇�𝑠 ideal steady-state value for each moment 

𝑃𝑃(𝑡𝑡) ∝ 𝑒𝑒−𝛼𝛼𝛼𝛼 noisy contribution  
−𝛼𝛼. [𝑃𝑃(𝑡𝑡) − 𝑃𝑃𝑠𝑠(𝑢𝑢)] simple linear relaxation model 

�𝛽𝛽. Г(𝑡𝑡) noise term 
𝛼𝛼 relaxation factor 
�𝛽𝛽 magnitude of the noise term 
Г(𝑡𝑡) 𝛿𝛿_correlated Gaussian white noise 
𝛿𝛿 Dirac delta function 

 
3.1.3. Fokker-Plank equation   

 
Definition of the equation(in the ito definition) relevants to the Langevin equation (see [1]) 
 
 𝑑𝑑

𝑑𝑑𝑡𝑡
 𝑝𝑝(𝑡𝑡) = 𝐷𝐷(1)(𝑝𝑝) + �𝐷𝐷(2)(𝑝𝑝) .Г(𝑡𝑡) (3) 

 
 

Table 3.1.3: Assumptions in Fokker-Plank equation & definitions of equation’s terms shown in  
 ([1], [2], [5], [6]). 
 

Term Assumption Definition 

𝐷𝐷(1)(𝑃𝑃) drift coefficient deterministic relaxation 
𝐷𝐷(2)(𝑃𝑃) diffusion coefficient stochastic(noise) temporal 

evolution 

�𝐷𝐷(2)(𝑝𝑝)  
amplitude of the dynamical 
noise 

 

Г(𝑡𝑡) Langevin force(noise term) independent 𝛿𝛿-correlated 
Gaussian white noise 
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3.2. Longevin method  
3.2.1.  Langevin equation 

 
This part is a description of the concept of the wind turbine’s power curve in theory. Here, the 
intention is to illustrate a model in the Langevin formation which has the statistic pattern in 
detail.  

The Langevin(in the Itô definition) is a differential equation in the field of stochastic equations 
which is used for deriving information of a turbine in the electric-powered production. This 
equation is applied to WECS’ output(see[6]). 
 
 𝑑𝑑

𝑑𝑑𝑡𝑡
𝑃𝑃(𝑡𝑡) = 𝐷𝐷(1)(𝑃𝑃;𝑢𝑢) + �𝐷𝐷(2)(𝑃𝑃;𝑢𝑢) × Г(𝑡𝑡) (4) 

 
3.2.2. Defined factors in Longevin equation 

 
In the space of (𝑃𝑃;𝑢𝑢). the two coefficients are defined which already in[2, 6]  
it has been described:  
 

1. Drift coefficient 𝐷𝐷(1)(𝑃𝑃;𝑢𝑢) which represents the mean (first order) of P(t) 
2. Diffusion coefficient 𝐷𝐷(1)(𝑃𝑃;𝑢𝑢) which represents the deviation (second order) around the 

mean of 𝑃𝑃(𝑡𝑡) 
 
 

4. Power curves 
4.1. Stochastic power curve 

4.1.1.  Analysis 
 
 
Wind energy has been utilized for more than centuries. It can be an unlimited, safe and clean 
kind of energy rather than other forms of energy. The application of wind power needs much 
more investigations in mathematics, physics and engineering. In near future, progresses in the 
societies and consequently their expansions will definitely affect our understanding of energy 
around the world. .Due to complexity of dynamics applied by wind turbine, it should be 
presented techniques to estimate turbine's power production in the formation of power 
curve 𝑃𝑃(𝑢𝑢). The dynamical power curve analysis is a technique with statistical point of view for 
the power output to apply the Langevin pattern to it. This technique specifies the WECS' 
behavior and can give us a deep comprehension of deriving energy from wind power.[6] 
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4.2. Dynamical power curve   
 

Reconstruction of the real process in dynamics of WECS is done by dynamical power curve as a 
procedure.  
 
Table 4.2.1: Assumptions for simple relaxation model equation illustrated in Ref. [2]. 
 
Term Definition 

𝑃𝑃(𝑡𝑡) =  𝑃𝑃𝑠𝑠𝛼𝛼𝑠𝑠𝛼𝛼(𝑢𝑢) + 𝑝𝑝(𝑡𝑡) Typical time series 
𝑃𝑃𝑠𝑠𝛼𝛼𝑠𝑠𝛼𝛼 Stationary power value dependent on the wind 

speed u 
𝑝𝑝(𝑡𝑡) Corresponding short-time fluctuations caused 

by the wind turbulences and the response of 
the WECS to these. 

𝛼𝛼 A constant relaxation factor 
𝛽𝛽 Strength of additive dynamical noise 

 
 
Here, the formulate Langevin equation in equation (4) indicates the improvement of the variable 
𝑃𝑃 in time scale. So, a simple relaxation model is defined (see[2]) 
 
 𝑑𝑑

𝑑𝑑𝑡𝑡
𝑃𝑃(𝑡𝑡) = −𝛼𝛼[𝑃𝑃(𝑡𝑡) − 𝑃𝑃𝑠𝑠𝛼𝛼𝑠𝑠𝛼𝛼(𝑢𝑢)] + �𝛽𝛽 Г(𝑡𝑡) (5) 

 
 

4.2.1.  Analysis 
 
To plot the dynamical power curve, the mentioned Langevin model in equation (4) on the power 
output 𝑃𝑃(𝑡𝑡) will be used. 
 
Therefore, the power curve will be made on the drift field where the drift coefficient describes 
the dynamics of the machine and it corresponds to what we expect from the power curve. And 
the diffusion coefficient demonstrates the wind fluctuations are carried by it. Considering the 
drift function, drawing the power curve will be done.[6] 
 

4.3. Wind turbine & power curves 
4.3.1.  General facts 

 
The wind turbine's power production describing as power curve gives the rate of power as a 
function of wind speed. The theoretical power curve gives a power extraction which is not 
reliable for every model. So, defining a procedure to distinguish the power curve of any wind 
turbine's model is needed. [6] 
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The theoretical power curve 𝑃𝑃 ∝ 𝑢𝑢3 which is plotted in a diagram: 

 
Fig 4.3.1: The theoretical power curve: power output's relation to wind feature(speed) illustrated in [6] 
 
 𝑃𝑃𝑠𝑠(𝑢𝑢) = �𝑎𝑎.𝑢𝑢3,      𝑖𝑖𝑖𝑖 𝑢𝑢 ≤ 𝑢𝑢𝑠𝑠

𝑃𝑃𝑟𝑟 ,          𝑖𝑖𝑖𝑖 𝑢𝑢 ≥ 𝑢𝑢𝑟𝑟
 

 

 
 

 
 

4.3.2.  Expectations from power curve 
 

From the power curve analysis, the process of converting the energy or accomplishing turbine's 
function will be specified. Due to the large-scale complexity of its function, it is not possible to 
analysis its dynamics from analytical point of view. One of the purposes of applying power curve 
is finding out the turbine system's reply for its own type. For this model, the preference is not 
having any dependence on wind fluctuations to give an objective determination of turbine.  
The power curve is of the main importance for companies in following cases:  
The ability to compare machines, prediction of the power production in times and observing the 
efficiency of a machine. Construction a power curve which is machine-specific, should be done 
considering above reasons. [6] 
 
 

4.3.3.  The process of estimation 
 

To approximate the specifications of a WCES' power curve, it is required to have wind data like 
its speed and direction as well as power output and of wind turbines. [6] 
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      Wind Speed 𝒖𝒖(𝒕𝒕)                           Distance 𝒅𝒅                                 Electrical power 𝑷𝑷(𝒕𝒕) 
 

 
Fig 4.3.3: Calculation of the wind speed by using an anemometer during the process of registering power output in 
the turbine's generator shown in [6]. 
 
 

4.4. The model applied to power output   
 
The functional process of the Langevin model is to put a stochastic model to the wind speed and 
power measured data. With the usage of Langevin equation to cut the fluctuations of turbine's 
power output into a deterministic and a stochastic noise parts. [5] 
 
It applies by fitting a stochastic model to the speed and power measured data in wind turbines. 
Here, differential equation (6) is used for this model: 
 
 

�̇�𝑝(𝑡𝑡) = 𝐷𝐷(1)(𝑝𝑝) + �𝐷𝐷(2)(𝑝𝑝).Г(𝑡𝑡) (6) 

 
to divide the power output functions into two parts; a deterministic and a stochastic noise.  
     The one-dimensional Langevin stochastic differential equation used in the model is shown in 
equation (4). Here, the above equation is a relation between the rates of power changes with the 
power production. [5] 
The drift and diffusion coefficients are constants. Nevertheless, they are more like functions 
since they depend on the instant power production. Following, the drift and diffusion equations 
have been created to demonstrate the pattern of these two coefficients: 

 𝐷𝐷(1)(𝑃𝑃) = 1 − 𝑝𝑝 (7) 
 

 𝐷𝐷(2)(𝑃𝑃) = 1 + 𝑝𝑝2 (8) 
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5. Results & discussions   

To explain the basic concept of the formalism, I referred to the application provided from the 
results of previous studies considering ([7], [8], [9], [10]). 

 
5.1. Used formalism  

 

Considering the Langevin equation in the process to reconstruction from measured data, in this 
part the definition of the power output's characterization is discussed. 
 
First, generating time series with 𝐷𝐷(1)

0T and  𝐷𝐷(2). Next, finding a plot of the time series, the 
estimated Drift and Diffusion and a time series reconstructed with the estimated coefficients. 

 

As mentioned in previous chapters, a wide range of dynamic systems; in particular if fluctuating, 
noisy forces are involved; can be described by stochastic differential equations, namely, the 
Langevin equation (see also Eq. (3), (6)) 

�̇�𝑥(𝑡𝑡) = 𝐷𝐷(1)�𝑥𝑥(𝑡𝑡)� + �𝐷𝐷(2)�𝑥𝑥(𝑡𝑡)�Г(𝑡𝑡) 

The time derivative of the system variable �̇�𝑥(𝑡𝑡)0T can be expressed as a sum of a deterministic 
part 𝐷𝐷(1)

0T and the product of a stochastic force Г(𝑡𝑡) and a weight coefficient 𝐷𝐷(2)
0T . For an ideal 

process the stochastic force Г(𝑡𝑡) is white noise with zero mean which is 𝛿𝛿0T-correlated and 
Gaussian distributed. 

 

5.2. Calculations 
 

In this part, the analysis was done by using the application software of reconstruction for time 
series which is provided and improved by TWiST group with the permission. 
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Table 5.2: Calculations of the coefficients of drift & diffusion functions from substations1 to 10. 

Turbine no. 
 

Date Time Drift function 
Estimated coefficients 

Diffusion function 
Estimated coefficients 

Turbine 1. 12/13/2014 06:39:50,609375 𝑎𝑎0: 8.754 
𝑎𝑎1: _0.04114 
𝑎𝑎2: _0.0002097 
𝑎𝑎3: _2.998𝑒𝑒_07 
 

𝑏𝑏0: 503.3 
𝑏𝑏1: _8.795 
𝑏𝑏2: 0.04251 
 
 

Turbine 2. 12/13/2014 07:39:50,609375 
 

𝑎𝑎0: 9.257 
𝑎𝑎1: _0.1925 
𝑎𝑎2: 0.001177 
𝑎𝑎3: _3.633𝑒𝑒_06 
 

𝑏𝑏0: 321.9 
𝑏𝑏1: _2.648 
𝑏𝑏2: 0.01353 
 
 

Turbine 3. 12/13/2014 08:39:50,609375 
 

𝑎𝑎0: 9.254 
𝑎𝑎1: _0.1114 
𝑎𝑎2: _0.001244 
𝑎𝑎3: 7.506𝑒𝑒_06 
 

𝑏𝑏0: 390 
𝑏𝑏1: _6.857 
𝑏𝑏2: _0.03895 
 
 

Turbine 4. 12/13/2014 
 

09:39:50,609375 𝑎𝑎0: 9.692 
𝑎𝑎1: _0.1872 
𝑎𝑎2: 0.0003317 
𝑎𝑎3: 3.985𝑒𝑒_07 
 

𝑏𝑏0: 400.8 
𝑏𝑏1: _6.844 
𝑏𝑏2: 0.03953 
 
 

Turbine 5. 12/13/2014 
 

10:39:50,609375 
 

𝑎𝑎0: 8.134 
𝑎𝑎1: _0.1301 
𝑎𝑎2: _0.0007113 
𝑎𝑎3: 5.092𝑒𝑒_06 
 

𝑏𝑏0: 312.9 
𝑏𝑏1: _5.699 
𝑏𝑏2: 0.03331 
 
 

Turbine 6. 4/14/2012 10:49:26,921875 
 

𝑎𝑎0: 3.406 
𝑎𝑎1: _0.1848 
𝑎𝑎2: 0.003567 
𝑎𝑎3: _2.632𝑒𝑒_05 
 

𝑏𝑏0: 12.97 
𝑏𝑏1: _0.2602 
𝑏𝑏2: 0.002055 
 
 

Turbine 7. 4/14/2012 
 

11:49:26,921875 
 

𝑎𝑎0: 5.374 
𝑎𝑎1: _0.3175 
𝑎𝑎2: 0.006278 
𝑎𝑎3: _4.737𝑒𝑒_05 
 

𝑏𝑏0: 13.74 
𝑏𝑏1: _0.2776 
𝑏𝑏2: 0.003203 
 
 

Turbine 8. 4/14/2012 
 

12:49:26,921875 𝑎𝑎0: 8.426 
𝑎𝑎1: _0.5182 
𝑎𝑎2: 0.01071 
𝑎𝑎3: _7.455𝑒𝑒_05 
 

𝑏𝑏0: 16.42 
𝑏𝑏1: _0.2786 
𝑏𝑏2: 0.00222 
 

Turbine 9. 4/14/2012 
 

14:49:26,921875 
 

𝑎𝑎0: 1.77 
𝑎𝑎1: _0.06025 
𝑎𝑎2: _0.0005478 
𝑎𝑎3: _3.006𝑒𝑒_06 

𝑏𝑏0: 5.469 
𝑏𝑏1: 0.07206 
𝑏𝑏2: _0.0007675 
 
 

Turbine 10. 4/14/2012 
 

15:49:26,921875 
 

𝑎𝑎0: 1.936 
𝑎𝑎1: _0.1022 
𝑎𝑎2: 0.002125 
𝑎𝑎3: _1.956𝑒𝑒_05 
 

𝑏𝑏0: 3.195 
𝑏𝑏1: 0.1827 
𝑏𝑏2: _0.002855 
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5.3. Longevin analysis 
5.3.1. Time series 

From Figure 5.1.1 to Figure 5.4.1, the diagrams were generated from wind data by using the 
Longevin method. In this part, the data of the plots are obtained from measured wind data taken 
from the Falkenberg test site. The data of substation 1 to substation 10 are shown in Appendix as 
data chart. 

 
Fig 5.1.1:  [DATASET 1] time series turbine 1. 

 

Fig 5.1.2: [DATASET 2] time series turbine 2.  
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Fig 5.1.3: [DATASET 3] time series turbine 3. 

 

 
Fig 5.1.4: [DATASET 4] time series turbine 4. 
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Fig 5.1.5: [DATASET 5] time series turbine 5. 

 

 
Fig 5.1.6: [DATASET 6] time series turbine 6. 
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Fig 5.1.7: [DATASET 7] time series turbine 7. 

 

 
Fig 5.1.8: [DATASET 8] time series turbine 8.  
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Fig 5.1.9: [DATASET 9] time series turbine 9. 

 

 
Fig 5.1.10: [DATASET 10] time series turbine 10 
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5.3.2. Drift coefficient 

Drift function has four coefficients which are calculated in equation (9) by filling the estimated 
coefficients 𝑎𝑎0,𝑎𝑎1,𝑎𝑎2,𝑎𝑎3 to draw the drift curve for each substations. 

 𝐷𝐷(1)(𝑥𝑥) = 𝑎𝑎0 + 𝑎𝑎1𝑥𝑥 + 𝑎𝑎2𝑥𝑥2 + 𝑎𝑎3𝑥𝑥3 (9) 

The Drift function coefficients taken from the data are shown in table 5.2. 

The estimated drift function’s curve(equation (9)) is shown as ° symbol and the fitted curve is 
plotted with a dotted line. 

The Illustration of the estimation procedure of 𝐷𝐷(1)(𝑥𝑥) on the basis of drift coefficients; 
𝑎𝑎0,𝑎𝑎1,𝑎𝑎2,𝑎𝑎3 by using the results from measured data at each substation is shown in Fig 5.2.1 to 
5.2.10. 

 
Fig 5.2.1: [DATASET 1] drift curve in turbine 1. 

degree of fitting polynomial: 3 
estimated coefficients:𝑎𝑎0: 8.754, 𝑎𝑎1:0.04114, 𝑎𝑎2:0.0002097, 𝑎𝑎3: _2.998𝑒𝑒_07 
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Fig 5.2.2: [DATASET 2] drift curve in turbine 2.  

degree of fitting polynomial: 3 
estimated coefficients:𝑎𝑎0: 9.257,𝑎𝑎1: 0.1925 , 𝑎𝑎2: 0.001177,𝑎𝑎3: _3.633𝑒𝑒_06 

 
Fig 5.2.3: [DATASET 3] drift curve in turbine 3. 

degree of fitting polynomial: 3 
estimated coefficients:𝑎𝑎0: 9.254,  𝑎𝑎1: 0.1114, 𝑎𝑎2: _0.001244, 𝑎𝑎3: 7.506𝑒𝑒_06 

 

24 
 



 
Fig 5.2.4: [DATASET 4] drift curve in turbine 4. 

degree of fitting polynomial: 3  
estimated coefficients:𝑎𝑎0: 9.692, 𝑎𝑎1: _0.1872, 𝑎𝑎2: 0.0003317,𝑎𝑎3: 3.985𝑒𝑒_07 

 

 
Fig 5.2.5: [DATASET 5] drift curve in turbine 5. 

degree of fitting polynomial: 3  
estimated coefficients:𝑎𝑎0: 8.134, 𝑎𝑎1: _0.1301, 𝑎𝑎2: 0.0007113, 𝑎𝑎3: 5.092𝑒𝑒_06 
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Fig 5.2.6:  [DATASET 6] drift curve in turbine 6. 

degree of fitting polynomial: 3  
estimated coefficients:𝑎𝑎0: 3.406, 𝑎𝑎1: _0.1848, 𝑎𝑎2: 0.003567, 𝑎𝑎3: _2.632𝑒𝑒_05 

 

 
Fig 5.2.7: [DATASET 7] drift curve in turbine 7.  

degree of fitting polynomial: 3 
estimated coefficients:𝑎𝑎0: 5.374, 𝑎𝑎1: _0.3175, 𝑎𝑎2: 0.006278,𝑎𝑎3: _4.737𝑒𝑒_05 
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Fig 5.2.8: [DATASET 8] drift curve in turbine 8. 

degree of fitting polynomial: 3 
estimated coefficients:𝑎𝑎0: 8.426, 𝑎𝑎1: _0.5182, 𝑎𝑎2: 0.01071, 𝑎𝑎3: _7.455𝑒𝑒_05 

 

 
Fig 5.2.9: [DATASET 9] drift curve in turbine 9. 

degree of fitting polynomial: 3 
estimated coefficients:𝑎𝑎0: 1.77, 𝑎𝑎1: _0.06025, 𝑎𝑎2: 0.0005478, 𝑎𝑎3: _3.006𝑒𝑒_06 
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Fig 5.2.10: [DATASET 10] drift curve in turbine 10. 

degree of fitting polynomial: 3 
estimated coefficients:𝑎𝑎0: 1.936, 𝑎𝑎1: _0.1022, 𝑎𝑎2: 0.002125,𝑎𝑎3: _1.956𝑒𝑒_05 

 

5.3.3. Diffusion coefficient 

Diffusion function has four coefficients which are calculated in equation (10) by filling the 
estimated coefficients 𝑏𝑏0, 𝑏𝑏1,𝑏𝑏2, 𝑏𝑏3 to draw the diffusion curve for each substation. 

 

 𝐷𝐷(2)(𝑥𝑥) = 𝑏𝑏0 + 𝑏𝑏1𝑥𝑥 + 𝑏𝑏2𝑥𝑥2 (10) 

The diffusion function coefficients taken from the data are shown in table 5.2. 

The estimated diffusion function’s curve(equation (10)) is shown as ° symbol and the fitted 
curve is plotted with a dotted line. 

Illustration of the estimation procedure of 𝐷𝐷(2)(𝑥𝑥) on the basis of diffusion coefficients; 
𝑏𝑏0, 𝑏𝑏1, 𝑏𝑏2 by using the results from measured data at each substation is shown in Fig 5.3.1 to 
5.3.10. 
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Fig 5.3.1: [DATASET 1] diffusion curve in turbine 1. 

degree of fitting polynomial: 2 
estimated coefficients:𝑏𝑏0: 503.3, 𝑏𝑏1: 8.795, 𝑏𝑏2: 0.04251 

 
Fig 5.3.2: [DATASET 2] diffusion curve in turbine 2.  

degree of fitting polynomial: 2 
estimated coefficients:𝑏𝑏0: 321.9, 𝑏𝑏1: _2.648, 𝑏𝑏2: 0.01353 
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Fig 5.3.3: [DATASET 3] diffusion curve in turbine 3. 

degree of fitting polynomial: 2 
estimated coefficients:𝑏𝑏0: 390, 𝑏𝑏1: _6.857, 𝑏𝑏2: _0.03895 

 

 
Fig 5.3.4: [DATASET 4] diffusion curve in turbine 4. 

degree of fitting polynomial: 2 
estimated coefficients:𝑏𝑏0: 400.8, 𝑏𝑏1: _6.844, 𝑏𝑏2: 0.03953 
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Fig 5.3.5: [DATASET 5] diffusion curve in turbine 5. 

degree of fitting polynomial: 2 
estimated coefficients:𝑏𝑏0: 312.9, 𝑏𝑏1: _5.699, 𝑏𝑏2: 0.03331 

 

 
Fig 5.3.6: [DATASET 6] diffusion curve in turbine 6. 

degree of fitting polynomial: 2 
estimated coefficients:𝑏𝑏0: 12.97, 𝑏𝑏1: _0.2602, 𝑏𝑏2: 0.002055 
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Fig 5.3.7: [DATASET 7] diffusion curve in turbine 7. 

degree of fitting polynomial: 2 
estimated coefficients:𝑏𝑏0: 13.74, 𝑏𝑏1: _0.2776, 𝑏𝑏2: 0.003203 

 

 
Fig 5.3.8: [DATASET 8] diffusion curve in turbine 8. 

degree of fitting polynomial: 2 
estimated coefficients:𝑏𝑏0: 16.42, 𝑏𝑏1: _0.2786, 𝑏𝑏2: 0.00222 
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Fig 5.3.9: [DATASET 9] diffusion curve’s estimation with absolute error in turbine 9. 

degree of fitting polynomial: 2 
estimated coefficients:𝑏𝑏0: 5.469, 𝑏𝑏1: 0.07206,𝑏𝑏2: _0.0007675 

 

 
Fig 5.3.10: [DATASET 10] diffusion curve’s estimation with absolute error in turbine 10. 

degree of fitting polynomial: 2 
estimated coefficients:𝑏𝑏0: 3.195, 𝑏𝑏1: 0.1827,𝑏𝑏2: _0.002855 
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5.3.4. Longevin reconstruction 

From Figures 5.4.1 to 5.4.10, reconstruction of the power curve by the Longevin method is 
plotted for each turbine from measured data of 10 substations. 

 
Fig 5.4.1: [DATASET 1] reconstructed power curve in turbine 1. 

 

 
Fig 5.4.2: [DATASET 2] reconstructed power curve in turbine 2. 
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Fig 5.4.3: [DATASET 3] reconstructed power curve in turbine 3. 

 

 
Fig 5.4.4: [DATASET 4] reconstructed power curve in turbine 4. 
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Fig 5.4.5: [DATASET 5] reconstructed power curve in turbine 5. 

 

 
Fig 5.4.6: [DATASET 6] reconstructed power curve in turbine 6.  
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Fig 5.4.7: [DATASET 7] reconstructed power curve in turbine 7. 

 

 
Fig 5.4.8: [DATASET 8] reconstructed power curve in turbine 8. 
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Fig 5.4.9: [DATASET 9] reconstructed power curve in turbine 9.  

 

 
Fig 5.4.10: [DATASET 10] reconstructed power curve in turbine 10. 
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6. Conclusions  
 

 
 
The analysis of the power output which has been classified as a stochastic process has been done 
by the Langevin equation. 
 
To review this technique, a stochastic model for the conversion of the turbines´ power has been 
considered. By using the time series of wind data, measured from ten different substations, the 
estimation of the Kramers-Moyal coefficients was done. In all substations, the illustration of the 
power curves’ reconstruction from measured data was done. 
 

Furthermore, the measured data of the test site located at the wind farm in Falkenberg, Sweden 
were investigated. The last step of the process was the reconstruction of the Kramers-Moyal 
coefficients of power output. 

In the conversion process, the above specifications would be achieved by this model. Moreover, 
it can be concluded that the data obtained in one day, as it is shown in the data lists, are adequate 
to obtain power conversion properties with high precision. 

To conclude: when fluctuating data with a high range of frequency occurs, the Langevin analysis 
leads to obtaining results with precision and accuracy. 

In order to indicate a suitable procedure for the WECS performance, it is necessary to understand 
the real dynamics of the process. 
 
The explanation of the performance of the wind energy conversion system is the main conclusion 
in this review. To derive particular specifications of the power performance, an analysis with 
more focus is needed. Due to this, a presentation dynamical method was done. 
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7. Future Works 
 

As mentioned in preface, my thesis project is a base study to start working on what is discussing 
here as future work. 

This project will be supervised by Dr. Matthias Wächter with the research idea of Dr. Pedro Lind 
researchers at the group TWiSt and ForWind whose previous studies will be so important for the 
successful completion of this work. 

It is expected to improve the approach which has been made in [12] for reproducing the complex 
correlations in wind time series. From this point of view, it is going to be discussed whether 
modifications can improve the reproduction of the mentioned correlations. 

 
7.1. Modelling wind time series by the use of correlated noise 

 

Measured wind speed time series are known to be highly complex and non-stationary [13, 14]. 

Nevertheless, the synthetic generation of those time series with realistic statistical properties is 
desirable for a wide range of applications. The nonlinear Langevin equation (LE) (see also 
Eq.(3), (6)) 
 
 �̇�𝑥(𝑡𝑡) = 𝐷𝐷(1)(𝑥𝑥) + �𝐷𝐷(2)(𝑥𝑥).𝛤𝛤(𝑡𝑡) 
 
  where 𝛤𝛤(𝑡𝑡) has been defined as Gaussian, uncorrelated noise, is not able to reproduce 
especially the complex correlations in wind speed time series. A first attempt has been made 
in[12]. Here we would aim at improving this approach. 
 
An interesting question is whether modifications can improve the reproduction of these 
correlations. It could be proposed a modified version of equation above as 
 
 �̇�𝑥(𝑡𝑡) = 𝐷𝐷(1)(𝑥𝑥) + �𝐷𝐷(2)(𝑥𝑥). 𝜉𝜉𝑖𝑖(𝑡𝑡) (11) 
 
where now 𝜉𝜉𝑖𝑖(t) can have one of the two forms 

 
 �̇�𝜉1(𝑡𝑡) = −𝛾𝛾𝜉𝜉1(𝑡𝑡) + 𝜌𝜌𝛤𝛤(𝑡𝑡) (12) 
 
 
 �̇�𝜉2(𝑡𝑡) = 𝛼𝛼𝛤𝛤(𝑡𝑡) + (1 − 𝛼𝛼)𝑢𝑢(𝑡𝑡) (13) 
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Here, u(t) is an actually measured turbulent velocity time series. For 𝜉𝜉1, we take an Ornstein-
Uhlenbeck process as noise term instead of the Langevin noise. For 𝜉𝜉2, we take a linear 
combination of Langevin noise and turbulent velocities which can be scaled to contain more of 
one or the other component. 
 
The important approach to quantify desirable properties of the noise term (t) is to first estimate 
the parameters of first equation straightforwardly, and then separate the noise from the empirical 
data and analyze its properties. Other methods shall be discussed as well. 
 
It should be investigated whether and to which degree the complex statistical properties of wind 
time series can be reproduced by these approaches. This should follow systematically the 
hierarchy from low to higher-order as well as one to more-point quantities, with an emphasis on 
two-point statistics such as velocity increments, compare [14]. 
Measurement data are available from the German offshore measurement platform FINO I. 
Additional data for comparison would be helpful, if available. 
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Appendix 
Data chart from measured data of each substations: 

 

Turbine 1. 

Substations Untitled 8 Excel\Substation_14-12-13_0639.csv 

Turbine 2. 

Substations Untitled 8 Excel\Substation_14-12-13_0739.csv 

Turbine 3. 

Substations Untitled 8 Excel\Substation_14-12-13_0839.csv 

Turbine 4. 

Substations Untitled 8 Excel\Substation_14-12-13_0939.csv 

Turbine 5. 

Substations Untitled 8 Excel\Substation_14-12-13_1039.csv 

Turbine 6. 

Substations Untitled 8 Excel\Substation_12-04-14_1049.csv 

Turbine 7. 

Substations Untitled 8 Excel\Substation_12-04-14_1149.csv 

Turbine 8. 

Substations Untitled 8 Excel\Substation_12-04-14_1249.csv 

Turbine 9. 

Substations Untitled 8 Excel\Substation_12-04-14_1449.csv 

Turbine 10. 

Substations Untitled 8 Excel\Substation_12-04-14_1549.csv 
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