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a b s t r a c t 

A wind turbine operating in the wake of another turbine and has a reduced power production because 

of a lower wind speed after rotor. The flow field in the wake behind the first row turbines is character- 

ized by a significant deficit in wind velocity and increased levels of turbulence intensity. To maximize 

the wind farm net profit, the number of turbines installed in the wind farm should be different in de- 

pend on wind farm project investment parameters. Therefore modeling wake effect is necessary because 

it has a great influence on the actual energy output of a wind farm. In this paper, the extreme learn- 

ing machine (ELM) coupled with wavelet transform (ELM-WAVELET) is used for the prediction of wind 

turbine wake effect in wind far. Estimation and prediction results of ELM-WAVELET model are compared 

with the ELM, genetic programming (GP), support vector machine (SVM) and artificial neural network 

(ANN) models. The following error and correlation functions are applied to evaluate the proposed mod- 

els: Root Mean Square Error (RMSE), Coefficient of Determination ( R 2 ) and Pearson coefficient ( r ). The 

experimental results show that an improvement in predictive accuracy and capability of generalization 

can be achieved by ELM-WAVELET approach (RMSE = 0.269) in comparison with the ELM (RMSE = 0.27), 

SVM (RMSE = 0.432), ANN (RMSE = 0.432) and GP model (RMSE = 0.433). 

© 2016 Elsevier Ltd. All rights reserved. 

1. Introduction 

A wind farm contains a number of horizontal wind turbines 

[1,2] . These wind turbines are positioned and aligned in clusters 

facing the wind direction. Each wind rotor generates a turbulent 

region called wake [3,4] . Optimal wind turbine placement on a se- 

lected wind farm site is of major importance, since it can lead to 

a remarkable increase in the produced power [5–7] . While dense 

configurations appear as a good solution, the so called wake ef- 

fect is a known side-effect of tight spacing of the turbines [8,9] . It 

is caused by the fact that when extracting energy from the wind, 

each turbine creates a cone of more turbulent and slower air be- 

hind it, and hence the wind speed encountered by downstream 

wind turbines decreases, leading to reduced energy yield [10–12] . 

This wake causes a sudden decrease in velocity, consequence it 

causes a decrease in the quantity of air and wind speed entering 

the downstream turbine, so that less energy will be produced by 

the downstream turbine [13,14] . As air comes out of the wind tur- 

bine rotor, its initial diameter is almost equals to the diameter of 
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the turbine rotor [15,16] and then it tends to spread out conically 

[17] . Turbine wake properties and development depends on many 

factors which include the wind conditions, turbines topology and 

rotor radius [18] . For planning of large wind farms, modeling of 

wake effects is an important part of the energy production estima- 

tion [19,20] . In order to reduce power losses and to improve the 

lifetime of the blades it is necessary to obtain a good understand- 

ing of the behavior of wind turbine wakes in wind farms [21,22] . 

Such an understanding can be obtained by numerical simulation of 

the wake effects in wind farm [23–25] . 

All wind turbines in the wind farm have different wake effects. 

However if the some wind turbines have same working conditions 

than the wake effect will be the same for these wind turbines. 

Therefore it is suitable to create a model which will forecast wake 

effect in the whole wind farm in depend on wind turbine location, 

distance between turbines and rotor radius. Soft computing meth- 

ods can be used as alternative techniques because they offer ben- 

efits such as no required knowledge of internal system variables, 

simpler solutions for multi-variable problems and factual calcula- 

tion [26–28] . 

Nowadays, application of modern computational approaches in 

solving the real problems and determining the optimal values 

and functions are receiving enormous attention by researchers in 
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different scientific disciplines. Artificial Neural Network (ANN), a 

major computational approach, have been recently introduced and 

applied in different engineering fields [29,30] . The ANN method is 

capable of solving complex non-linear problems which are diffi- 

cult to solve by classic parametric methods. There are many algo- 

rithms for training neural network such as back propagation, sup- 

port vector machine (SVM), hidden Markov model (HMM), genetic 

programming (GP). The shortcoming of ANN is its learning time 

requirement. 

In this study, we motivate and introduce the prediction model 

of wake effect influence on wind speed at any location in the wind 

farm using the soft computing approach, namely Extreme Learning 

Machine (ELM) coupled with wavelet transform algorithm (ELM- 

WAVELET). Wavelet transform (WT) captures both frequency and 

location information (location in time) [31] and has some desirable 

properties compared to the Fourier transform [32] . The transform 

is based on a wavelet matrix, which can be computed more quickly 

than the analogous Fourier matrix [32] . ELM was introduced by 

Huang et al. [33] as an algorithm for single layer feed forward neu- 

ral network. This algorithm is capable to solve problems caused by 

gradient descent based algorithms like back propagation which ap- 

plies in ANNs. The ELM is able to decrease the required time for 

training a neural network. In fact, it has been proved that by uti- 

lizing the ELM, the learning process becomes very fast and it gen- 

erates robust performance. 

In this study, a predictive model of wake effect influence on 

wind speed at any location in the wind farm is developed using 

the ELM-WAVELET method. The obtained experimental results are 

compared with the ANN, SVM, ELM the GP models. 

2. Materials and methods 

2.1. Wind turbine wake model 

The conversion of wind power into electrical power is per- 

formed by wind turbines which are grouped into a wind farm in 

order to minimize the installation, operation and maintenance cost. 

As the number of wind turbines in the farm increases, the average 

power output per wind turbine decreases because of the presence 

of wake effects within the wind farm. The wake effect reduces 

wind speed of air stream available for the downwind turbine, lead- 

ing to a lower power extracted by the turbines. 

For the present study analytical wake model named as Jensen’s 

wake model [34] is chosen, because momentum is considered as 

conserved inside the wake by this model. The wake expands lin- 

early with downstream distance. Therefore, this model is suitable 

for the far wake region. The wake has a radius, at the turbine 

which is equal to the turbine radius R r while, R 1 is the radius of 

the wake in the model. R 1 is considered as radius of the down- 

stream wake; the relationship between R 1 and X is that down- 

stream distance when the wake spreads downstream the radius R 1 ; 

that increases linearly proportional, X . Mean wind speed is u 0 or 

which can be explained as the free stream wind speed and in this 

study was used u 0 = 12 m / s . The calculation of the overall wind 

speed at the downstream turbine is done using Eq. (1) . 
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In the above equation we have: 

• axial induction factor is denoted by a which can be calculated 

from the C T , thrust coefficient. This can be determined from the 

expression [34] : 

C T = 4 a ( 1 − a ) (2) 

• X is considered as the distance downstream of the turbine, 

while R 1 is related with R r as represented using following equa- 

tion [34] : 

R 1 = R r 

√ 

1 − a 

1 − 2 a 
(3) 

• α is the entertainment constant and by using the following 

equation; it can be obtained [34] : 

α = 

0 . 5 

ln 

z 
z 0 

(4) 

In the above equation, z is used to denote the hub height and 

roughness of the surface is denoted by z 0 . The value for surface 

roughness varies from field to field. For plain terrains the value for 

z 0 = 0 . 3 . The values for different variables are as under: 

• X = { 10 0 , 20 0 , 30 0 , 40 0 , 50 0 } m 

• R r = { 10 , 20 , 30 , 40 } m 

• u 0 = 12 m / s 
• a = 0 . 326795 
• α = 0 . 09437 
• i = 0 , 1 . . . . 20 

2.2. NPV for wind farm project investment 

Capital budgeting is finance terminology for the process of de- 

ciding whether or not to undertake an investment project. There 

are two standard concepts used in capital budgeting: net present 

value (NPV) and interest rate of return (IRR). Net present value, 

NPV, of the profit to be derived from the wind farm is 

NP V = −C F 0 + 

n ∑ 

t=1 

T ∗ P T ( CP P U, C, E, N t ) ∗ CU − M 

( 1 + r ) 
t 

= −C F 0 + 

n ∑ 

t=1 

C F t 

( 1 + r ) 
t 

n = 20 years (5) 

where CF 0 represents total investment in the wind farm (cost of 

turbines, installations and land cost), CF t is the net revenue from 

selling electricity from the wind farm, r is the appropriate financial 

interest rate, T is total operating time per period, n is the num- 

ber of years for project investment, P T is the total extracted power 

from all wind turbines in the wind farm and it depends on total 

cost C , cost per power unit CPPU , efficiency E and the number of 

turbines N t . CU is the unit sale price of electricity and M is the cost 

of operation and maintenance of the wind farm per period.Interest 

rate of return, IRR, can be derive when the NP V = 0 or 

0 = −C F 0 + 

n ∑ 

t=1 

T ∗ P T ( CP P U, C, E, N t ) ∗ CU − M 

( 1 + IRR ) 
t 

= −C F 0 + 

n ∑ 

t=1 

C F t 

( 1 + IRR ) 
t 

(6) 

In this study the used values for different variables and param- 

eters are as under: 

• X = 200 m 

• R r = 40 m 

• u 0 = 12 m / s 
• a = 0 . 326795 
• α = 0 . 09437 
• N t = 1 − 100 turbines 
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