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Abstract: Vertical wind speed extrapolation is a commonly used method that involves estimating wind speeds 
at various heights based on measurements taken at a specific height. In this study, we compared the short-and 
long-term extrapolation methods of wind parameters using data collected on site by anemometers at two 
different heights. We assessed the accuracy of these methods by calculating the statistical indicators for 
performance evaluation, and then determined the most appropriate model for the two types of vertical 
extrapolation. Additionally, we evaluated energy potential characteristics, as well as the statistical analysis of 
wind speed distribution and wind power density based on the Weibull and Rayleigh distribution. Our results 
indicated that the power law is the most suitable model for the short-term method, while the modified Mikhail 
model is the most appropriate for long-term extrapolation. We also found that the wind potential of this area 
is favorable for wind turbine integration. 

Keywords: wind parameters; Weibull and Rayleigh distribution; extrapolation methods; 
comparative evaluation; wind energy potential; performance selection criteria 

 

Highlights 

• Assessment of different extrapolation wind speed methods for analyzing the wind energy 
applications using short-and long-term extrapolation methods in Tetouan region. 

• Statistical analysis of wind speed distribution and wind power density based on Weibull and 
Rayleigh distributions functions are evaluated in Tetuan area. 

• The vertical extrapolation of wind speed and the determination of Weibull parameters have been 
investigated at a height of 60m with the aim of enhancing the wind energy potential. 

• The wind power density calculations indicated that Tetuan city is a suitable area for wind 
turbine establishment. 

1. Introduction 

In recent years, Morocco, a country in North Africa, has made significant progress in the 
development of renewable energy sources, particularly wind energy. The country’s government has 
set an ambitious target of generating 52% of its electricity from renewable energy by 2030, with wind 
power playing a key role in achieving this goal. In 2000, Morocco opened its first wind farm, and 
since then, the country has been steadily increasing its wind energy capacity. A number of wind 
farms are operating all over Morocco, with a total installed wind energy capacity of about 1,200 MW 
as of 2021. 

Vertical wind speed extrapolation involves estimating the wind speed at different heights using 
wind speed measurements at a specific height, along with atmospheric turbulence models. In general, 
wind speed increases with altitude due to the decrease in surface friction on the ground and the 
reduction in the effects of surface roughness. Atmospheric turbulence models take these effects into 
account when estimating wind speed at different heights. 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 June 2024                   doi:10.20944/preprints202406.1620.v1

©  2024 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202406.1620.v1
http://creativecommons.org/licenses/by/4.0/


 2 

 

There are several vertical wind speed extrapolation models that are used to study and analyze 
wind parameters to extract wind power. Some of the more commonly used models include: 
Logarithmic law, Power law and Monin-Obukhov model. Crippa et al. [1] proposed a temporal 
model based on the power law to extrapolate hourly winds to the turbine hub height. The results 
obtained from this model demonstrated a significant reduction in the absolute bias in capacity factors, 
with a range of 58-64%. In a similar research context, Al-Shaikhi et al. [2] introduced the PSO-LSTM 
method for estimating wind speed at specific heights using measured values at lower heights. The 
PSO-LSTM was compared to standard LSTM, FFNN, and Log Law methods, and it outperformed 
them in various performance measures at heights up to 120m. The estimated values were evaluated 
against actual wind speed using performance metrics such as RMSE, MBE, MAPE, and R2. Also, 
Optis et al. [3] developed and validated innovative techniques for vertical extrapolation that provide 
accurate estimations of wind speed time series at different heights within the rotor-swept area. They 
explored both the conventional logarithmic profile and three new approaches: a logarithmic profile 
with a long-term stability correction, a single-column model, and a machine-learning model. 
Furthermore, Zekai Sen et al. [4] proposed a straightforward technique using perturbation theory to 
establish an expanded power law for vertical wind speed extrapolation and Weibull probability 
distribution parameters. Their findings emphasized the importance of considering variations in 
means, standard deviations, and cross-correlation coefficients between wind speeds at different 
elevations, especially when the speeds are not independent. 

Thus, the choice of the vertical extrapolation model depends on the desired accuracy, data 
availability, and computing resources. Generally, more accurate models tend to be more complex and 
require larger amounts of data and computing resources. 

In terms of determining the shape and scale parameters of wind speed data, various numerical 
methods have been proposed in the literature. For example, Ouahabi et al. [5] analyzed wind speed 
data and wind power density in Tetouan, Morocco, using Weibull and Rayleigh distribution 
functions and adjusted them with measured data. The study confirmed that both Weibull and 
Rayleigh distribution models provide adequate descriptions of the frequency of actual wind records. 
Furthermore, Ouahabi et al. [6] conducted a comparative analysis of five different adjustment 
methods using the Weibull model to identify the most accurate approach for analyzing annual 
variations in wind energy in Tetouan, Morocco. The results showed that the moment method (MOM) 
yielded more precise and efficient estimations compared to the four other methods for evaluating 
wind energy applications. In a related study, Azad et al. [7] examined seven methods for establishing 
Weibull parameters and concluded that the moment method (MOM) and maximum likelihood 
method (MLM) were the most efficient approaches. 

 
Figure 1. Geographic location of Tetuan, Morocco. 
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This paper is organized as follows: Section 2.1 introduces the Weibull and Rayleigh distribution 
functions, followed by the illustration of the methods used in short- and long-term wind speed 
extrapolation in Section 2.2. Section 2.3 introduces the wind power density, and Section 2.4 shows the 
performance selection criteria. The results and discussion will be presented in Section 3, followed by 
conclusion in Section 4. 

2. Materials and methods 

2.1. Weibull and Rayleigh probability density function 

Weibull and Rayleigh probability density function are a common method for analyzing wind 
speed measurements and determining wind energy potential. In this study, we used this two 
previously mentioned distribution methods in order to analyze the wind characteristics of Tetuan 
city. Measurements of wind speed were collected using an Eol2020 mast, which is equipped with two 
anemometers located at varying heights above ground level (40m and 60m). The data was sampled 
at 10-minute intervals for a period of one and a half years, ranging from January 2015 to July 2016.The 
used data are acquired from a wind measurement station in Lafarge cement plant Tetuan. The 
probability of occurrence for wind speed of the Weibull and Rayleigh distribution function [8] are 
respectively expressed as follow: 
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2.2. Wind speed extrapolation 

In general, wind speed increases with altitude due to the decrease in surface friction on the 
ground and the reduction of surface roughness effects. Atmospheric turbulence models take these 
effects into account when estimating wind speed at different heights. Thus, extrapolation method 
enables to get wind speed data that match in general appropriately those at the wind turbine hub 
height. Accurate estimation of wind energy potential can then be obtained without the need to install 
an anemometer at the wind turbine hub height during a long period of time. There are several vertical 
wind speed extrapolation models subdivided between short and long term, used to study and 
analyze wind parameters to extract wind energy. 

2.2.1. Short-term wind speed extrapolation 

Short-term extrapolation means the extrapolation of the collected wind measurements to the 
desired height. Some of the most commonly used models are [9]: 

2.2.1.1. Logarithmic law: 

This model is based on atmospheric boundary layer theory and assumes a logarithmic variation 
of wind speed with altitude [10]. Such an assumption is frequently utilized to extrapolate wind speed 
in studies related to atmospheric boundary layers. 
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2.2.1.2. Power law: 

This widely used model extrapolates wind speed by assuming a power law relationship between 
wind speed and height, where wind speed increases with height. It is commonly applied in the wind 
energy industry to predict the wind speed at wind turbine hub height [11]. 

( ). /a av v z z α=  (4) 

2.2.2. Long-term wind speed extrapolation 

Long-term extrapolation refers to the extrapolation of Weibull parameters characterizing the 
study site [12]. The methods used enable the prediction of Weibull parameters beyond the range of 
available data, allowing for the estimation of wind energy potential and optimization of wind turbine 
performance. The selected methods are as follows: 

2.2.2.1. Justus and Mikhail method:  

The Justus and Mikhail logarithmic wind speed extrapolation model [13] is not only useful for 
estimating wind speeds in atmospheric studies, but also for long-term wind speed extrapolation. This 
technique involves estimating wind speeds over a period of several years or more, using wind speed 
measurements taken at one or more lower heights. The model assumes that the variation of wind 
speed with height remains constant over time, and extrapolates the measured wind speeds at the 
lower heights to estimate the wind speed at the desired height. This method has practical applications 
in a range of fields, including wind energy, atmospheric science, and air pollution studies.  

The extrapolation of Weibull parameters (k & c) at the desired height (z) can be estimated using 
the following equations: 
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2.2.2.2. Modified Justus method: 

This method improves upon the original Justus and Mikhail model by incorporating an 
empirical coefficient that accounts for the effects of stability on the wind profile [14]. This results in 
more accurate wind speed estimates for heights beyond the range of the measured data. The Modified 
Justus method has been successfully applied in various long-term wind speed extrapolation studies, 
demonstrating its usefulness in predicting wind speeds over extended periods of time. The equations 
below can be used to estimate the extrapolation of Weibull parameters (k & c) at the desired height: 
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2.2.2.3. Modified Mikhail method: 

The Modified Mikhail method [15] is a technique used to extrapolate wind speed data beyond 
the available time series in long-term wind speed prediction. This method improves the accuracy of 
wind speed extrapolation by incorporating an empirical correction factor into the original Mikhail 
method. By using this modified method, it is possible to estimate the long-term wind speed profile 
of a specific location, which is crucial for wind energy planning. 

The extrapolation of Weibull parameters (k & c) at the desired height (z) can be estimated such as: 
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2.3. Wind power density assessment 

The capacity of wind resources at a particular location is indicated by an indicator called wind 
power density. Additionally, it allows for the evaluation of wind turbine performance and the choice 
of an appropriate wind turbine for that location. Based on the Weibull and Rayleigh parameters, it is 
possible to calculate the wind power density as follows [16,17]: 

31 3. . . 1
2WblP c

k
 = ρ Γ + 
 

 (14) 

30, 66. .RayP c= ρ  (15) 

2.4. Statistical indicators used for performance evaluation 

A number of statistical analyses, including the determination coefficient (R2), root mean square 
errors (RMSE), and chi-square error ( 2χ ), have been made in order to evaluate the performance of 
the Weibull & Rayleigh distributions. Furthermore, to assess the performance of used models (short 
and long term) of wind speed extrapolation with reference to the observed data at 60 m of height.  

2.4.1. Determination coefficient (R²) 

R² is a statistical tool that measures the proportion of the variance in the dependent variable that 
can be explained by the independent variables. It is a measure of the goodness of fit of the regression 
line to the data points. Generally, R² values range from 0 to 1, where 1 indicates a perfect fit of the 
regression line to the data points, and 0 indicates that the model cannot explain any of the variability 
in the data. Therefore, a higher R² value indicates a better fit of the regression line to the data points, 
while a lower R² value indicates a poorer fit. Its equation is written as [18]: 
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2.4.2. Root mean square errors (RMSE) 

RMSE is a statistical tool that measures the deviation between the predicted and actual values 
of a variable. It is widely used in regression analysis to assess the accuracy of the model’s predictions. 
A lower RMSE value implies better predictive performance, as it suggests that the predicted values 
are closer to the actual values. One of the reasons why RMSE is a popular evaluation metric is because 
it penalizes significant errors more severely than small ones, and it is sensitive to outliers. Its equation 
is written as follows [19]: 

2
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i i
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RM SE y y
N =

= −  (17) 

2.4.3. Chi-square error (χ²) 

χ² is utilized to assess how well an observed data distribution matches a theoretical distribution, 
indicating the goodness of fit. However, a lower χ² value implies better predictive performance, as it 
suggests that the predicted values are closer to the actual values. Its equation is written as [20]: 

2
2

1

ˆ( )
ˆ

N
i i

ii

y y
y=

−
χ =  (18) 

3. Results and Discussion 

3.1. Weibull and Rayleigh distribution 

In recent years, numerous studies have been conducted to assess and analyze the wind energy 
potential in different regions, utilizing various PDFs. These studies have indicated that the Weibull 
and Rayleigh distributions are effective in describing wind speed probability distribution. Initially, 
we have commenced the present study by solely utilizing the Weibull distribution, and through 
statistical analysis of wind speed, discovered that the shape parameter for the Weibull distribution at 
40m and 60m were found to be 2.005 and 2.02, respectively. These values were found to be very close 
to the fixed Rayleigh parameter for the given both dataset. For this reason, we have decided to utilize 
also the Rayleigh distribution in this study. Furthermore, there are several methods available to 
determine the two parameters of the Weibull distribution. The method employed in this study is the 
moment method (MOM), which was chosen based on our previous research findings that MOM 
yields more precise and effective results compared to the other selected five evaluation methods in 
the context of wind energy applications in Tetuan city. 
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Figure 2. Hourly mean wind speed variation at Tetuan site. 

The obtained results indicate that the mean wind speed measured throughout the entire 
measurement period at 40m and 60m were 7.21 m/s and 7.80 m/s, respectively. Additionally, the 
standard deviation of wind speed was found to be 3.80 m/s and 4.07 m/s for the respective heights. 
Figure 2 illustrates the hourly mean wind speed between 10 minute intervals for the entire 
measurement period. 

The graphical comparisons between the generated data and simulated wind speed frequencies 
for the entire measurement period in the Tetuan area, utilizing the Weibull and Rayleigh distribution 
models at both measured heights (40m & 60m), are presented in Figs. 3 and 4, respectively. It is clear 
that both distribution models provided adequate descriptions and more satisfactory representations 
of the frequencies of actual wind data at two measured heights. 

 

Figure 3. Comparison of generated and predicted wind speed frequencies using Weibull and Rayleigh 
distributions at 40m of height. 
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Figure 4. Comparison of generated and predicted wind speed frequencies using Weibull and Rayleigh 
distributions at 60m of height. 

3.2. Wind speed extrapolation 

Comparisons of the probability density function of measured data at 60m and extrapolated wind 
speed data using seven models including short- and long-term methods from 40m to 60m of height, 
as well as the Weibull and Rayleigh distributions at 60m, are presented in Figure 5. The detailed wind 
speed frequency data extracted from all the methods used are given in Table 1. 

Table 1. Comparison between recorded data and predictions extracted by short-and-long term 
extrapolation methods as well as Weibull and Rayleigh distributions. 

V Data 40m Data 60m Weibull at 60m Rayleigh at 60m Data Power (k&C) power Data Log (k&C) Log M J M M J&M 
0 0,0305 0,0245 0 0 0,0305 0 0,0305 0 0 0 0 
1 0,0297 0,0233 0,0244 0,0254 0,0258 0,0254 0,0258 0,0253 0,0224 0,0242 0,0224 
2 0,0603 0,0519 0,0478 0,0489 0,0487 0,0488 0,0487 0,0487 0,0455 0,0492 0,0458 
3 0,0838 0,0768 0,0681 0,0688 0,0727 0,0687 0,0727 0,0686 0,0661 0,0713 0,0667 
4 0,1001 0,0884 0,0837 0,0839 0,0956 0,0837 0,0852 0,0836 0,0824 0,0885 0,0834 
5 0,1072 0,0994 0,0937 0,0934 0,0944 0,0932 0,1048 0,0931 0,0934 0,0995 0,0946 
6 0,1065 0,0994 0,0981 0,0972 0,0979 0,0971 0,0979 0,097 0,0987 0,1039 0,0998 
7 0,1105 0,0956 0,0971 0,0959 0,0949 0,0959 0,0949 0,0958 0,0983 0,102 0,0994 
8 0,0803 0,0992 0,0916 0,0904 0,0941 0,0903 0,0941 0,0903 0,0933 0,095 0,094 
9 0,0642 0,0689 0,0828 0,0817 0,0757 0,0817 0,0686 0,0817 0,0846 0,0843 0,0849 
10 0,052 0,055 0,0719 0,071 0,0539 0,0711 0,061 0,0711 0,0735 0,0715 0,0735 
11 0,0478 0,0504 0,0602 0,0596 0,0458 0,0597 0,0458 0,0598 0,0615 0,0582 0,0611 
12 0,0376 0,0471 0,0486 0,0484 0,0427 0,0485 0,0427 0,0486 0,0495 0,0454 0,0489 
13 0,0298 0,0354 0,0379 0,038 0,0376 0,0381 0,0345 0,0382 0,0385 0,0341 0,0377 
14 0,0251 0,0264 0,0286 0,0289 0,0267 0,029 0,0271 0,0291 0,0288 0,0246 0,028 
15 0,0176 0,0224 0,0209 0,0213 0,024 0,0214 0,0267 0,0215 0,0209 0,0171 0,0201 
16 0,009 0,0147 0,0148 0,0152 0,0171 0,0153 0,0171 0,0154 0,0146 0,0114 0,0139 
17 0,004 0,0084 0,0102 0,0106 0,0109 0,0106 0,0109 0,0107 0,0099 0,0074 0,0093 
18 0,0021 0,0058 0,0068 0,0071 0,0055 0,0072 0,0051 0,0072 0,0065 0,0046 0,006 
19 0,0011 0,0027 0,0044 0,0047 0,0023 0,0047 0,0025 0,0048 0,0041 0,0027 0,0037 
20 0,0006 0,0018 0,0027 0,003 0,0015 0,003 0,0018 0,003 0,0025 0,0016 0,0023 
21 0,0002 0,0011 0,0017 0,0018 0,0008 0,0019 0,0007 0,0019 0,0015 0,0009 0,0013 
22 0,0001 0,0006 0,0009 0,0011 0,0006 0,0011 0,0004 0,0011 0,0009 0,0005 0,0007 
23 4E-05 0,0003 0,0005 0,0007 0,0003 0,0006 0,0002 0,0007 0,0005 0,0003 0,0004 
24 3E-05 0,0001 0,0003 0,0004 0,0001 0,0003 0,0001 0,0004 0,0003 0,0001 0,0002 
25 3E-05 0,0001 0,0001 0,0002 3E-05 0,0002 0,00004 0,0002 0,0001 6E-05 0,0001 
26 3E-05 9E-05 0,00009 0,0001 3E-05 0,0001 0,00004 0,0001 7E-05 3E-05 5E-05 
27 2E-06 4E-05 0,00004 0,00006 2E-06 0,00005 0,00004 0,00006 3E-05 1E-05 3E-05 
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28 2E-06 3E-05 0,00002 0,00003 2E-06 9E-06 0,00004 9E-06 2E-05 5E-06 1E-05 
29 2E-06 3E-05 0,00001 0,00001 2E-07 9E-06 0,00004 9E-06 7E-07 2E-06 5E-06 
30 2E-06 3E-05 0,00001 0,00001 2E-07 9E-06 0,00004 9E-06 7E-07 2E-06 5E-06 

Based on the results, it can be concluded that all of the methods used were successful in 
accurately representing the frequencies of actual wind data at a height of 60m. As a result, we 
recommend utilizing these methods to estimate wind speed at the Tetuan site. 

 

Figure 5. Probability density function of measured and extrapolated wind speed data using various 
short- and long-term methods at 60m height. 

3.3. Wind power output 

The wind power density extrapolated using all the selected models, including short- and long-
term methods, has been compared to the average power of the measured data at 60m to assess the 
accuracy and effectiveness of these models in predicting wind power output at the study site, as 
shown in Figure 6 and Table 2. The wind power density calculated from the measured data at 60m is 
550.96W/m². The results of the distribution functions indicate that the Weibull distribution provides 
the closest power value of 551.01W/m², compared to the Rayleigh power value of 552.85W/m². 
According to the extrapolation results, the power law gives the best power value of 558.03W/m² in 
short-term extrapolation, whereas in the long-term extrapolation, the modified Mikhail model shows 
the most acceptable value of 544.95W/m². However, the relative variations for both distribution 
functions are very limited, with a 0.009% variation for the Weibull distribution and a 0.34% variation 
for the Rayleigh distribution. The power law shows a 1.28% variation, while the modified Mikhail 
model shows a -1.09% variation. Therefore, this information can be valuable for energy planning and 
resource assessment purposes in the Tetuan area. 
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Figure 6. Extrapolated wind power density for all selected models (Short and Long Term) compared 
to the average power of measured data at 60m. 

Table 2. Wind power density values of whole used method (distributions and models). 

Method Data 60 Weibull 60 Rayleigh 60 Data power (k&C) Power Data Log (k&C) Log J &M M J MM 
Power 
(W/m²) 

550,96 551,01 552,85 558,03 558,66 563,56 560,56 529,62 544,95 475,48 

3.4. Performance selection criteria 

According to equations (16, 17, and 18) used to calculate the statistical evaluations of the 
performance between recorded and predicted wind speed for the entire period of measurement 
based on Weibull & Rayleigh distributions, given in Table 3, as well as based on extrapolation 
methods given in Table 4, all values are found to be very acceptable. Therefore, the results 
demonstrate the high reliability of all selected methods, whether in terms of distribution functions or 
extrapolations of wind speed and wind power. On the other hand, Table 5 shows that the power data 
at 60m height is more than 1/4 of the power found at 40m height, and all values for measured data 
and predictions using Weibull and Rayleigh distributions are very close.  

Table 3. Performance selection criteria of Weibull and Rayleigh distribution at two different heights. 

Method Weibull 40m Rayleigh 40m Weibull 60m Rayleigh 60m 
R² 0.9604 0.9605 0.9647 0.9658 

RMSE 0.0077 0.0077 0.0069 0.0068 Ӽ² 0.0155 0.0156 0.0132 0.0134 

Table 4. Performance selection criteria of various chosen extrapolation models (short & long term). 

Method Power 
law 

Weibull 
extrapolation 
(Power law) 

Log 
law 

Weibull 
extrapolation 

(Log law) 

Justus & 
Mikhail 

Modified of 
Justus 

Modified of 
Mikhail 

R² 0.9929 0.9654 0.9938 0.9652 0.9621 0.9601 0.9709 
RMSE 0.0030 0.0068 0.0028 0.0068 0.0071 0.0073 0.0062 Ӽ² 0.0162 0.0136 0.0064 0.0141 0.0144 0.0180 0.0135 
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Table 5. Power density ratio variation between the two used heights (from 40m to 60m). 

Data (40m to 60m) Measurement Weibull  Rayleigh 
Power (%) 25.95 25.47 26.78 

4. Conclusion 

After conducting the analysis in this paper, it can be concluded that the vertical extrapolation of 
wind speed using the seven selected methods, namely the power law model, log law model, 
extrapolation of Weibull parameters from measured data at 40m using power law, extrapolation of 
Weibull parameters from measured data at 40m using log law, Justus and Mikhail model, modified 
Justus model, and modified Mikhail model, proved to be effective in estimating wind speed at 
different heights (Our case study: 60m). The Weibull and Rayleigh parameters estimated at the height 
of (60m) were compared to those estimated at the initial height (40m) to ensure the accuracy of the 
extrapolation. Three statistical indicators, including the determination coefficient, root mean square 
error, and chi-square error, were used to evaluate the performance of the extrapolation models 
against the observed data at 60m. The results showed that the power law provided the most accurate 
fit for wind speed and wind power density in short-term extrapolation, while the modified Justus 
model gave the best performance in long-term extrapolation. In general, this study highlights the 
usefulness of vertical extrapolation of wind speed in improving the accuracy of wind energy 
assessments. 
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Nomenclature 

Nomenclature 
c  Scale factor of the Weibull distribution in /m s  

ac  Scale parameter at anemometer height in /m s  

zc  Scale parameter at height ( z ) in /m s  
f  Weibull probability density function 
k  Shape factor of the Weibull distribution 

ak  Shape parameter at anemometer height ( az ) 

zk  Shape parameter at height ( z ) 
n  Exponent in the power law  
N  Wind speed sample size  
P  Wind power density in 2/W m  

2R  Statistical determination coefficient 
RMSE  Root mean square error 
av  Wind speed measured at anemometer height 
v  Wind speed in /m s  

mv  Mean wind speed of the sample data in /m s  
ˆiy  Predicted data 
y  Mean value of observed data. 

FFNN Feedforward neural network 
J&M Justus and Mikhail 
LSTM Standard long short-term memory 
MJ Modified of Justus 
MM Modified of Mikhail 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 June 2024                   doi:10.20944/preprints202406.1620.v1

https://doi.org/10.20944/preprints202406.1620.v1


 12 

 

PSO-LSTM particle swarm optimization and long short-term memory 
Greek Symbols 
α  Power law exponent 
Γ  Gamma function 

2χ  Chi-square error   
ρ  Air density in 3/kg m  
σ  Standard deviation of wind speed data 
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