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Abstract


Energy plays an essential role in economic advancement for any nation. However, escalating worldwide energy demands coupled with environmental and climate change issues resulting from the excessive consumption of conventional energy sources highlight the importance of identifying sustainable energy resource alternatives. Jordan, with its very limited fossil-fuel resources, is actively expanding its energy mix by investing in renewable sources, particularly wind energy. Therefore, the current work provides an evaluation of the wind power potential of Gharandal town within Tafila governorate, in southern Jordan, using hourly wind data recorded at 90 m elevation within a one-year monitoring period. The investigation reveals that the Weibull distribution more accurately models the wind speed in Tafila compared to the Rayleigh distribution based on parameters estimated through the maximum likelihood approach. The investigation at 90 m also shows that the annual wind power is 296 W/m2, indicating that Tafila has marginal suitability for wind potential (Class 2) under the Pacific Northwest Laboratory classification system and has fairly good and suitable conditions for installing a wind farm per the European Wind Energy Association classification system. Most of the time, the prevailing winds at Tafila originate from the west direction (i.e., 270°), accounting for 23% of all occurrences. Finaly, the Tafila region contains promising areas for wind energy generation, particularly with the implementation of modern wind turbine technologies.
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1. Introduction


Energy plays a fundamental role in economic advancement and continues to attract considerable attention from many researchers worldwide as evidenced by numerous studies related to environmental and engineering applications of renewable energy [1,2,3,4]. The global demand for energy is increasing continuously, driven by rapid population growth, accelerated industrialization and improved living standards [5,6,7]. However, conventional energy sources, primarily fossil fuels, are limited and may be depleted within a few decades, potentially causing a global energy shortage [6,8,9,10]. Furthermore, the reliance on fossil fuels significantly impacts the environment through increasing soil, water, and atmospheric pollution rates, in addition to exacerbating global warming resulting from greenhouse gases emissions [11,12,13]. Hence, it is essential to identify sustainable energy resource alternatives to address both escalating worldwide energy demands and environmental issues. In recent decades, renewable energy resources including wind power, solar power, geothermal power, hydropower, biopower and ocean thermal power have been a viable alternative to address current challenges through balancing global energy needs with preservation of the environment [14,15].



Worldwide, wind energy currently constitutes a significant renewable energy source and is used extensively for electricity generation [16,17,18,19]. Also, total global wind power capacity expanded rapidly from 6100 MW in 1996 to a value that exceeded 1 TW (1017 GW) in 2023 [20], while installed capacity has almost tripled globally since 2014 [21]. Therefore, wind energy has become the third-largest contributor to renewable capacity after solar energy (1419 GW) and hydropower (1268 GW). In terms of expansion, the worldwide addition of wind capacity was 116 GW in 2023, representing 12.9% of total net renewable additions from the prior year [20]. This expansion ranked wind energy as the second-largest contributor to renewable capacity expansion after solar energy in 2023 [20]. Several factors contribute to the rapid adoption of wind energy worldwide, besides the demand for a transition to renewable energy sources (as mentioned earlier in the preceding paragraph). These include the technological advancements of wind turbines, increasing investment in this sector, political and economic conditions and social acceptance [14,21,22,23].



The fossil-fuel resources (i.e., primarily oil and natural gas) in Jordan are very limited. Consequently, a significant portion of Jordan’s energy requirements are satisfied through imported oil and natural gas. In 2023, Jordan imported 76% (was 90% in 2019 [24]) of its energy needs with a total cost of consumed energy of 2.419 billion JD which accounts for 7.8% of its gross domestic product (GDP) [25]. To overcome its energy challenges, Jordan is actively working to expand its sources of energy by encouraging investments in renewable energy [26]. Wind energy is an attractive investment opportunity with some sites in Jordan possessing high average wind speeds which indicate significant potential for wind farm projects [27]. In this context, Jordan has successfully increased the proportion of renewable electricity generation, from approximately 1% in 2015 to about 26.7% of the energy mix in 2023, with wind energy contributing about 10.25% (621 MW) of the overall energy produced (6060 MW, 4443 MW traditional and 1617 MW renewable) [28]. The operational wind farms in Jordan are mostly located in the southern regions, particularly in Tafila and Ma’an. Major operational projects include the Tafila Wind Farm (117 MW), Maan Wind Farm (80 MW), Al Rajef Wind Farm (82 MW), and Fujeij Wind Farm (89.1 MW) [29].



So far, extensive research efforts pertaining to the assessment of wind power potential have been conducted globally [1,5,6,7,13,16,17,18,30,31,32,33,34,35,36]. Traditionally, statistical methods have been constantly applied to evaluate and assess wind energy potential at designated locations. These methods utilize a probability distribution function to represent variations in wind speed over time.



In this context, various possible probability distributions have been utilized or proposed so far in the literature to assess wind power worldwide such as exponential distribution, normal distribution, lognormal distribution, inverse Gaussian distribution, gamma distribution, Pearson type III distribution, generalized gamma distribution, generalized extreme value distribution, Weibull distribution, Log-Logistic distribution, Rayleigh distribution, Birnbaum–Saunders distribution, kappa distribution, and Wakeby distribution [37,38,39,40,41,42]. The Weibull and Rayleigh distributions are widely utilized in statistical analyses pertaining to wind energy [9,12,13,33,34,43,44,45,46,47,48,49,50].



Numerous classic statistical approaches have been utilized in the literature for estimating the distribution parameters for wind energy studies and other disciplines such as the maximum likelihood method (MLM), method of moments (MoM), L-moments method, and least squares approach [8,12,35,39,42,43,51,52,53,54,55,56,57,58,59]. Nevertheless, the maximum likelihood method is widely used, and is the most efficient and recommended method to estimate the Weibull probability distribution parameters [32,43,60,61,62,63,64,65], especially with large datasets [57]. Therefore, within this work, the MLM is applied to estimate the parameters for the considered probability distributions.



Jordan’s capacity to produce wind energy is dependent on the availability of wind resources. This availability varies by location. Therefore, conducting a comprehensive evaluation of wind potential across the country is crucial for successful wind farm installation. The Tafila region is increasingly becoming important in terms of the renewable energy sector in Jordan with operational large-scale wind farms in the region. However, there is a lack of studies investigating the statistical wind characteristics of the region. Therefore, there is a need for reliable comprehensive research on Weibull parameter estimation, wind power density evaluation, optimum wind speed evaluation, and wind directional behavior for the Tafila region. Accordingly, this paper aims at evaluating the wind energy resources in Tafila, Jordan, based on an extensive analysis of recorded wind data. Particular emphasis is placed on identifying which distribution among the Weibull and Rayleigh distributions reliably represents the data series. This selection is evaluated through the application of statistical goodness-of-fit tests. Moreover, this article investigates the wind characteristics by focusing on diurnal and monthly variations, determining the most probable and optimum wind speeds, and performing wind rose analysis to determine prevailing wind directions. The outcomes of this study will provide various governmental policymakers and private entities in the energy sector in Jordan with useful insight and information for promoting more future investment in wind power projects in the region.




2. Data and Methodology


2.1. Site Description and Wind Data


The study location is located within Tafila governorate in Gharandal town, near Tafila city, in the southern part of Jordan, about 180 km from the capital, Amman (Figure 1). Table 1 shows the geographic information of the chosen location. The Tafila region is selected for investigation due to its favorable conditions (i.e., advantageous topography and strategic geographical position) for wind energy production in Jordan. The Tafila region is an open area with excellent elevations in many locations like Qadesyya, Rashadeyah and Gharandal. On the other hand, the region is not densely populated relative to other regions which means more land is available for a large-scale project that has been started in Tafila. Wind data for this site, based on hourly recordings for wind speed within one year of monitoring from January to the end of December 2019 at a height of 90 m, are obtained from Jordan Wind Project Company (JWPC). There are no missing values in the dataset. According to the IEC 61400-12-1 standard [66], the measurement period should cover at least one year for wind resource evaluation. The measurements were obtained from a meteorological mast using a cup anemometer (Vector/A100M model) which was calibrated according to the requirements of IEC 61400-12-1:2017 [67].




2.2. Wind Speed Distribution Models


The Weibull and Rayleigh probability distributions are adopted in this paper to identify which distribution best fits the Tafila hourly wind speed series. The Weibull distribution is often chosen for its simplicity (i.e., easy to estimate its parameters), flexibility (i.e., its ability to demonstrate good agreement with observed wind speed and energy data), and adequacy in predicting wind energy potential and turbine performance [12,30,31,68,69,70,71]. In addition, many known commercial software applications including WAsP (Wind Atlas Analysis and Application Program) typically use the Weibull probability distribution as their default option for estimations of the annual energy production [8,36]. However, it recognizes that the Weibull model has limitations, especially when estimating extremely low or zero wind speed probabilities [30,35]. Consequently, the Rayleigh distribution, a specific version of the Weibull distribution, is considered a viable alternative.



The probability density functions (PDFs) and cumulative density functions (CDFs) of Weibull and Rayleigh probability distributions are outlined below. In these distributions, the random variable v denotes the hourly wind speed value. For the site of interest, the wind speed PDF represents how frequently a specific wind speed (v) occurs, while the wind speed CDF, derived as the integral of the PDF, represents the fraction of time during which the wind speed is less than or equal to a specific speed value (v). Through the application of the CDF, the operational duration of a turbine installed in the specified location can be accurately estimated for the wind speed which equal to or less than a particular wind speed value [72].



The PDF of the Weibull distribution is expressed by the following formula (e.g., [16,31,56]):


  f   v   =      k   c             v   c        k − 1   e x p   −        v   c        k      



(1)




where k and c represent the dimensionless shape parameter and scale parameter (m/s), respectively, while v denotes the wind speed. These parameters describe the wind speed distribution at the study location. The k parameter characterizes the distribution’s flatness, so higher k values result in a narrower distribution with a higher peak value. The c parameter indicates the long-term average wind speed, and thus reflects site windiness, with higher values indicating windier locations.



The corresponding CDF of the Weibull distribution is given by the following formula (e.g., [16,31,56]):


  F   v   = 1 − e x p   −        v   c        k      



(2)







The Rayleigh distribution (i.e., the Weibull distribution when k is 2) has the following PDF (e.g., [37,49]):


  f   v   =    v     c   2      e x p   −    1   2         v   2       c   2         



(3)




and the corresponding CDF is given by the following formula (e.g., [34,37]):


  F   v   = 1 − e x p   −    1   2         v   2       c   2         



(4)







Fitting the considered distributions to the recorded hourly wind speed data requires estimating their respective parameters. To obtain these estimates, this paper applies the MLM.




2.3. Maximum Likelihood Method (MLM) for Parameter Estimation


The MLM is used to estimate the parameters of the Weibull and Rayleigh probability distributions in this study. A brief description of this method is presented herein. The MLM identifies the distribution parameters through maximization of the likelihood function or, alternatively, its logarithmic form. The likelihood function is formulated according to the assumed probability distribution of the observed data. Regarding the Weibull distribution, consider a sample of n independent wind speed data points       v   1   ,     v   2   ,     v   3   , … ,     v   n       taken from the Weibull distribution. The likelihood function, denoted as   L     v   1   ,     v   2   ,     v   3   , … ,     v   n   ; c ,   k    , is the product of the Weibull probability density function with the c and k parameters evaluated at each data point and is given by


  L     v   i   ; c , k   =     ∏   i = 1   n          k   c               v   i     c        k − 1   e x p   −          v   i     c        k        



(5)







For computational simplicity, the logarithm of the likelihood function   L     v   1   ,     v   2   ,     v   3   , … ,     v   n   ; c ,   k     given in Equation (6) is maximized:


    ln   L     v   i   ; c , k     = n (   ln   k   −  k ln c  ) + ( k − 1 )     ∑   i = 1   n       ln       v   i       −       ∑   i = 1   n              v   i     c        k      



(6)







The maximum value of     ln   L     v   1   ,     v   2   ,     v   3   , … ,     v   n   ; c ,   k       occurs when solving the partial derivative equations      ∂   ∂ k    (  ln L  ) = 0   and      ∂   ∂ c    (  ln L  ) = 0  . The solution to these partial derivative equations is given by the following two expressions that lead to the estimation of k and c (e.g., [31,48,61]):


        ∑  i = 1   n         v   i     k  ^      ln     v   i              ∑  i = 1   n       v   i     k  ^         −    1     k  ^     −    1   n        ∑   i = 1   n       ln     v   i       = 0  



(7)






    c  ^  =        1   n        ∑   i = 1   n       v   i     k  ^             1     k  ^        



(8)




where     c  ^    and     k  ^    represent the estimated values of the c and k parameters, respectively. The     k  ^    parameter is firstly found by iteratively solving Equation (7) and then the     c  ^    parameter is found using Equation (8). For the first iteration, the starting value of     k  ^    is given by     k  ^  =          σ     v  ¯         − 1.086    , where     v  ¯    and   σ   represent the wind speed series average and standard deviation values, respectively, and are calculated by     v  ¯  =    1   n       ∑  i = 1   n       v   i       and   σ =     1   n − 1       ∑  i = 1   n           v   i   −   v  ¯      2        [6,30], where n represents the data size and     v   i     denotes the wind speed value.



Regarding the Rayleigh distribution, consider a set of n independent wind speed data points       v   1   ,     v   2   ,     v   3   , … ,     v   n       taken from the Rayleigh distribution with the c parameter. The likelihood function and its logarithmic form are given by Equation (9) and Equation (10), respectively:


  L     v   i   ; c   =     ∏   i = 1   n          v   i       c   2      e x p   −    1   2           v   i     2       c   2           



(9)






    ln   L     v   i   ; c     = −   n ln   c +     ∑   i = 1   n       ln       v   i       −         ∑   i = 1   n            v   i     2     2   c   2         



(10)




The c parameter of the Rayleigh distribution is estimated through maximizing     ln   L     v   1   ,     v   2   ,     v   3   , … ,     v   n   ; c       with respect to the parameter c (i.e.,      ∂   ∂ c    (  ln L  ) = 0  ) yielding the following equation (e.g., [37]):


    c  ^  =     1   2 n        ∑   i = 1   n       v   i   2       



(11)




where     c  ^    denotes the estimate of the c parameter, n represents the data size and     v   i     denotes the wind speed value.




2.4. Goodness-of-Fit Tests


The goodness-of-fit test assesses how well a certain distribution fits a given dataset. This ensures that predictions made using this distribution are reliable. The following four goodness-of-fit measures, along with a brief description of their statistical basis, are applied in this paper to identify the best-fitting distribution (i.e., Weibull or Rayleigh) for the hourly wind speed series at Tafila:



(1) The Kolmogorov–Smirnov (KS) test evaluates the difference between the empirical (    F   E     v    ) and theoretical (  F ( v )  ) cumulative distribution functions. The     F   E     v     is obtained from the wind speed series using Equation (12) when the speed values are organized in ascending order, while the   F ( v )   is given by Equation (2) and Equation (4) for the Weibull and Rayleigh distributions, respectively.


    F   E     v   =       0     ,   v <   v   1            i   n        ,     v   i   < x <   v   i + 1         1     ,   v >   v   n          



(12)




where n represents the data size and i denotes the rank assigned to each wind speed value in the ordered (ascending) data series.



In this test, the largest absolute vertical difference between     F   E     v     and   F ( v )   across all values of v denoted as D and given by   D = m a x     F   E     v   −   F ( v )       is used to quantify the difference.



(2) The Anderson–Darling (AD) test [73] is analogous to the KS test. In this test, the distribution’s tails are given more weight as compared to the KS statistics when assessing the goodness of fit between the empirical and theoretical cumulative distributions. The following formula defines the AD test statistic (A2):


    A   2   = − n −    ∑  i = 1   n          2 i − 1   n          ln   F     v   i       +   ln     1 − F     v   n − i + 1              



(13)




where n represents the data size, i denotes the rank assigned to each wind speed value in the ordered (ascending) data series,     v   i     is the ith ordered (ascending) wind speed value,     v   n − i + 1     is the (n − i + 1)th ordered wind speed value and   F     v   i       and   F     v   n − i + 1       represent the theoretical cumulative distribution function (Weibull or Rayleigh) evaluated at     v   i     and     v   n − i + 1    , respectively.



(3) Coefficient of determination (R2) is a statistical metric that assesses the strength of the linear correlation between empirical and theoretical cumulative distributions. The R2 is expressed as follows (e.g., [38,40]):


    R   2   =       ∑  i = 1   n         F     v   i     −   F  ¯      2          ∑  i = 1   n         F     v   i     −   F  ¯      2     +    ∑  i = 1   n           F   E W       v   i     − F     v   i         2         



(14)




where   F     v   i       denotes the theoretical cumulative probabilities estimated from either the Weibull (Equation (2)) or Rayleigh (Equation (4)) distribution corresponding to the ith observed wind speed value based on the obtained parameter estimates by the MLM for each distribution. Meanwhile,     F   E W       v   i       denotes the empirical cumulative probabilities corresponding to the ith observed wind speed value estimated using     F   E W       v   i     =    i   n + 1      (i.e., Weibull plotting formula), with i denoting the rank assigned to each wind speed value in the ordered (ascending) data series. The parameter n indicates the data size.     F  ¯    is the average of   F     v   i       and is calculated as     F  ¯  =    1   n       ∑  i = 1   n     F     v   i        .



(4) Root mean square error (RMSE) measures the average magnitude of error between empirical and theoretical cumulative distribution functions. The RMSE is provided by the following equation (all terms have been defined previously; e.g., [7,61,74]):


  R M S E =     1   n        ∑   i = 1   n           F   E W       v   i     − F     v   i         2       



(15)




The distribution providing the best representation of the hourly wind speed series for Tafila, selected between the Weibull and Rayleigh options, is identified as the one exhibiting the lowest Dn, lowest A2, lowest RMSE, or highest R2.




2.5. Wind Power and Wind Energy Densities


Wind power density shows the potential for producing wind energy at a specific location. Therefore, to achieve the primary goal of this research, the wind power density at the study location is used to categorize its potential for wind generation as poor, marginal, moderate, good, or excellent. Higher wind power density values imply better suitability for wind turbine installations. The wind power P(v) is a function of the air density (ρ), the turbine’s swept area (A) and the cube of the wind speed, and can be computed using Equation (16).


  P   v   =    1   2    ρ A   v   3    



(16)







Computed power is measured in terms of the power per unit area,      P   v     A     , commonly known as the wind power density, which represents the ratio of the wind power, P(v), to the turbine’s swept area, A, and can be calculated by rewriting Equation (16) as follows:


     P   v     A    =    1   2    ρ   v   3    



(17)




here, P(v),      P   v     A     , ρ, A and v are expressed in units of W (Watt), W/m2 (Watt per square meter), kg/m3, m2, and m/s, respectively. The swept area A can be calculated by simply knowing the turbine’s blade diameter. Notably, the power increases by factors of 8 or more with doubled wind speed.



In calculating wind power density, as reported in the literature [1,6,30,70,75], the cube wind speed average (      v   3    ¯  =    1   n       ∑  i = 1   n       v   i   3      ) is commonly adopted to represent the cube wind speed. Therefore, the average P(v) and the corresponding average      P   v     A      are calculated using Equation (18) and Equation (19), respectively:


    P   v    ¯  =    1   2    ρ A     v   3    ¯  =    1   2 n    ρ A       ∑   i = 1   n       v   i   3        



(18)




and


       P   v     A     ¯  =    1   2    ρ     v   3    ¯  =    1   2 n    ρ       ∑   i = 1   n       v   i   3        



(19)




where n represents the data size and vi represents the wind speed value.



Also, the wind power density may be estimated from the wind speed probability distribution (i.e.,   f   v    ). Thus, the wind power and the wind power density can be calculated as


  P   v   =   ∫  0   ∞       1   2    ρ   A v   3   f   v   d v    



(20)




and


     P   v     A    =   ∫  0   ∞       1   2    ρ   v   3   f   v   d v    



(21)







Once the Weibull and Rayleigh parameters are estimated, the wind power density can be computed using these parameters. Therefore, the formulas representing the        P   v     A     ¯    according to the Weibull and Rayleigh distributions are given by Equation (22) (e.g., [5,17,18,31,56]) and Equation (23) (e.g., [49,69]), respectively:


       P   v     A     ¯  =    1   2    ρ   c   3   Γ   1 +    3   k       



(22)




where Γ is the gamma function;


       P   v     A     ¯  =    3   π    ρ   c   3          π   4        3 / 2   =    3   π    ρ     v  ¯    3    



(23)




where     v  ¯    denotes the average wind speed.



The air density (  ρ  ) for this study is determined using the law of ideal gas, expressed as   ρ =        P  ¯    R     T  ¯      , based on the actual measurements at the study site. Here,     P  ¯    denote the yearly average atmospheric air pressure (kPa),     T  ¯    is the yearly average air temperature (Kelvin (K)), and R is the specific gas constant (0.287 kJ/kg-K). Under study site conditions, at an altitude of 90 m, the   ρ   is calculated as 1.0423 kg/m3.



On the other hand, wind energy represents the kinetic energy possessed by moving air. Thus, the wind energy density measures the total energy per unit area available from the wind over a specified time interval such as an hour, day, month, or year. Mathematically, it is calculated by integrating the wind power density over a specified time interval and is generally written as


     E   v     A    =   ∫  0   T       1   2    ρ   v   3     d t =    P   v     A    T  



(24)







The wind energy density estimated directly from the observed wind speed series is obtained by


     E   v     A    =    1   2    ρ     v   3    ¯  T =    1   2 n    ρ      ∑  i = 1   n       v   i   3       T  



(25)







For a given time interval T, the wind energy density per unit area is calculated by Equation (26) and Equation (27) for the Weibull and Rayleigh distributions, respectively.


     E   v     A    =    1   2    ρ   c   3   Γ   1 +    3   k      T  



(26)






     E   v     A    =    3   π    ρ   c   3          π   4        3 / 2   T =    3   π    ρ     v  ¯    3   T  



(27)




where T is the desired time interval, which can be taken as 720 h or 8760 h for estimating the one-month or one-year wind energy density, respectively.




2.6. Wind Speed Variation with Altitude


In general, as altitude increases, both wind speed and its associated power density increase. Measurements of wind data are often recorded at various heights. However, measurements at the turbine hub height are essential for estimating energy production potential. Thus, recorded speeds at the original level are adjusted to speeds at the turbine hub height or at another desired height. The wind power law presented in Equation (28), e.g., [75,76,77], has been widely considered as a useful and accurate tool for estimating wind speeds at various heights.


  v     z   2     = v     z   0              z   2       z   0          α    



(28)







In this equation,   v     z   2       indicates the estimated wind speed at the desired height     z   2    , and   v     z   0       denotes the recorded wind speed at the original height     z   0    . The coefficient α, known as the wind shear exponent, is influenced by the surface topology roughness and atmospheric characteristics of the location and is typically assumed in many studies and practical applications to be 0.143 (or 1/7) in standard cases which is adopted in the current study.




2.7. Useful Wind Speed Metrics


In wind energy potential assessment, two essential metrics are commonly considered, namely the most probable (vmp) and the optimum (vop) wind speeds [13]. Both metrics are derived from the fitted probability distribution of wind speed data based on its estimated parameters. The vmp represents the wind speed with the highest likelihood of occurrence over a given time period (i.e., the peak of the probability density function). The vmp is calculated as     v   m p   = c     1 −    1   k           1   k        and     v   m p   = c     1   2      , for the Weibull and Rayleigh distributions, respectively. The vop (also called the wind speed carrying maximum energy) is the wind speed contributing the most energy. For the Weibull and Rayleigh distributions, the vop is calculated as     v   o p   = c     1 +    2   k           1   k        and     v   o p   = c     3   2      , respectively. The vop is used for considering an adequate wind turbine or calculating the rated wind speed for a location. According to previous research, wind turbine systems function most efficiently at their rated wind speed. Therefore, to maximize energy output, wind turbines whose rated wind speed is consistent with the     v   o p     are recommended [16,17,30,36,43,74,78].




2.8. Wind Direction


Besides its variable speed, the wind exhibits a variable direction that fluctuates continuously over time. Thus, the orientation of wind turbines during installation in the wind farm is determined according to the wind direction for maximum energy generation. The estimated wind directions are displayed through the graphical demonstration known as the wind rose diagram. This circular diagram provides a simple geometrical relation of wind speed distribution and direction for a specific site within a defined time period [5,17]. This diagram consists of radial lines (spokes) representing wind direction with their length representing the frequency of wind originating from that direction (i.e., the proportion of time the wind originates from a specific direction). Each spoke is segmented into various thicknesses or colors, denoting distinct wind speed ranges. The openair package [79] within the r scripting language is utilized to generate the wind rose diagrams.





3. Results and Discussion


3.1. Wind Speed Analysis


Table 2 demonstrates the summary statistics on a monthly and yearly basis including the average wind speed (    v  ¯   ) (also see Figure 2 for     v  ¯   ), the standard deviation (  σ  ), and the coefficient of variation (CV) calculated from the available wind speed time series data for the study location in Tafila, Jordan. The elevation at which wind speed was measured is 90 m, which gives more accurate data since the wind turbine tower may have this elevation [18,80].



The highest     v  ¯    is observed in April at 8.41 m/s followed by March (7.39 m/s) and August (7.43 m/s), whereas the lowest occurs in February (4.95 m/s). For most months (from March through October), the monthly average speed is above the yearly average speed (6.80 m/s). From these results, the wind speed is promising for harvesting energy as power estimation involves cubing the wind speed value. According to σ, a statistic measuring the spread of the data around the average (i.e., evaluating the absolute variability), the highest and lowest σ are also observed in April and February (i.e., 5.16 m/s and 2.16 m/s, respectively) (Table 2). Additionally, the yearly standard deviation of wind speeds is 3.38 m/s.



The CV, obtained by   C V =    σ     v  ¯         and reflecting the relative variability within the dataset, is also presented in Table 2 to analyze the relative variability of wind speed within a specific month (i.e., intra-month variability). This coefficient varies from one month to another in the range from 0.37 to 0.61. April shows the highest CV (0.61) followed by May (0.58), which indicates high fluctuations in wind speed despite its high average values in these two months. In contrast, December (0.37), November (0.39), and October (0.39) have the lowest CVs, reflecting more consistent wind speed patterns despite moderate wind speeds of these three months. Moreover, the yearly coefficient of variation is 0.50.



The available wind speed values are additionally illustrated in a percentage frequency distribution format, which assists in statistical interpretation, as shown in Figure 3. This format shows the frequency in percentage that the wind speed falls in a particular predefined speed interval. Figure 3 shows that most wind speed data are concentrated in the 4 to 6 m/s range accounting for approximately 25% of the total data. The remaining wind speed data are distributed across or in different ranges as follows, listed from highest to lowest frequency: 6–8 m/s (22%), 2–4 m/s (18%), 8–10 m/s (15%), 12–14 m/s (5%), 0–2 m/s (3.6%), and 14–26 m/s (3.2%). Figure 3 also highlights that wind speeds exceeding 4 m/s account for about 79% of the data. Considering that commercial wind turbines usually operate at cut-in speeds that exceed 4 m/s [74], the observed 79% availability of wind speed above this speed of 4 m/s suggests that the Tafila region is a promising candidate for wind farm development.



Also, with the aim of calculating seasonal wind speed statistics, the months are categorized into the cold season (November to April) and warm season (May to October). The average wind speed is 6.44 m/s during the cold season and increases to 7.16 m/s in the warm season, as reported in Table 3. Additionally, Table 3 shows that the warm season standard deviation of 3.31 m/s is relatively similar to the cold season value of 3.40 m/s. Moreover, the coefficient of variation for both seasons is comparable with 0.46 for the warm season and 0.53 for the cold season. The availability of higher wind speeds during both seasons with relatively lower variability enhances the reliability of wind power as a complementary energy source to partially cover peak load requirements especially in the cold season. Tafila experiences severe weather conditions in winter (due to its high elevation of approximately 1200 m in many locations) and the heating demand is maximum in this interval. Therefore, wind power can be an added value by reducing reliance on the current conventional heating source systems on fossil fuels during this critical period.



Figure 4 illustrates the average wind speed throughout a 24 h period. As seen in Figure 4, the hourly average wind speeds exhibit a clear diurnal pattern. The hourly average wind speed gradually increases from early morning around 8:00 and reaches its peak around the afternoon hours, particularly between 16:00 and 18:00, with values approaching 7.25 m/s. Interestingly, after this peak, a noticeable small decrease in the hourly average wind speed occurs between 18:00 and 20:00 to a value near 6.8 m/s and then rises again (i.e., between 20:00 and 1:00) and reaches another peak around midnight with a value approaching 7.37 m/s. After midnight, wind speed gradually declines, reaching its minimum during the early morning hours around 8:00. These results coincide with the typical diurnal wind behavior of semi-arid environments which indicates that wind is more turbulent in the daytime due to temperature differences and stabilizes overnight.



Moreover, Figure 5 demonstrates the average wind speed when the whole day is divided into four distinct time periods as follows: morning (06:00–12:00), afternoon (12:00–18:00), night (18:00–00:00), and midnight (00:00–06:00). It is interesting to note that, as shown in Figure 5, the midnight period exhibits the maximum average wind speed (7.12 m/s) with the night period showing a close value of 7.08 m/s. The afternoon period shows a slightly lower average of 6.92 m/s, while the minimum average of 6.08 m/s is recorded in the morning period. For a hub height of 90 m, the average wind speed mostly exceeds 6 m/s during the day with variation over the four periods within a relatively small range of about 1 m/s indicating stable high-wind conditions throughout the day on average. This pattern is an advantage to Tafial for energy generation as a result of the availability of higher wind speeds during the entire year. Also, understanding this pattern is essential for optimizing wind turbine operation schedules and efficiently integrating wind energy into power grid systems.




3.2. Weibull and Rayleigh Distributions


The Weibull distribution k and c parameters along with the c parameter of the Rayleigh distribution are estimated from the measured hourly wind data in Gharandal, Tafila (i.e., 8760 wind speed hourly records for 2019) using the MLM and are presented in Table 4. As illustrated in Table 4, the Weibull distribution scale parameter (7.7 m/s) exceeds that of the Rayleigh distribution (5.37 m/s). Additionally, the Weibull shape parameter is 2.14, which, while slightly higher, remains relatively close to the fixed shape parameter value of 2 assumed in the Rayleigh distribution.



Figure 6 illustrates a comparison between the actual wind speed frequency histogram and the distributions of speed obtained from Weibull and Rayleigh probability distributions. There is a clear indication that both distributions align well with the actual wind speed frequency histogram which is also confirmed by the coefficient of determination values (i.e., R2 = 0.99 in each case) shown in Table 5.



Table 5 lists the goodness-of-fit results, evaluated using several statistical tests (KS test, AD test, R2 and RMSE), to assess the Weibull and Rayleigh probability distribution performance in approximating the observed wind speed series. As indicated in Table 5, the Weibull distribution records low KS, AD and RMSE values (i.e., 0.0184, 6.2771 and 0.0131, respectively) compared to the Rayleigh distribution which gives higher corresponding values (0.0311, 20.2146 and 0.01770, respectively). The smaller the KS, AD and RMSE values, the more accurately the probability distribution fits the actual data series. Therefore, these results indicate that the Weibull distribution provides a statistically more accurate fit to the Tafila wind speeds relative to the Rayleigh distribution. Moreover, Table 5 demonstrates a significantly lower AD value for the Weibull distribution compared to the Rayleigh distribution. This difference indicates that the Weibull distribution more accurately captures both low and high wind speed extremes (i.e., the distribution tails).



After identifying the optimal distribution for modeling the Tafila wind speed and its parameter estimation, the vmp and the vop are determined according to equations reported earlier in Section 2.7 and presented in Table 4. At 90 m height, the yearly vmp is 5.73 m/s representing the wind speed that occurs at the highest frequency within the one-year study period. The yearly vop is 10.48 m/s which corresponds to the wind speed possessing maximum energy. Therefore, to maximize energy output at the Tafila study location, wind turbines with rated wind speeds close to vop of 10.48 m/s are recommended. Also, the predicted yearly average wind speed from the best-fit distribution (i.e., the Weibull distribution) is 6.82 m/s as shown in Table 4, which aligns well with the observed yearly average of 6.80 m/s (Table 2). These findings demonstrate that the Tafila wind regime exhibits favorable wind characteristics when considering the yearly     v  ¯   , vmp and vop.




3.3. Wind Power and Energy Density


The wind power density (      P   v    /  A    ¯   ) and wind energy density (    E   v    /  A    ) estimated based on the optimum distribution (i.e., the Weibull distribution) with Equation (22) and Equation (26), respectively, are also summarized in Table 4 for Tafila. The annual (      P   v    /  A    ¯   ) is 296 W/m2, while the annual (    E   v    /  A    ) is 2590 kWh/m2.



Wind generation potential can be assessed using the Pacific Northwest Laboratory (PNL) classification system (Table 6). This classification system, originally developed by Elliott and Schwartz [81], has been used in the United States since 1993. This classification system categorizes wind resources at 10 m and 50 m elevations into seven classes according to average wind speed and power density. Within this classification system, Classes 4 or higher are generally recommended for wind farm deployment, Class 3 is identified as feasible for wind power generation with tall towers, Class 2 is marginally suitable, and Class 1 is considered unsuitable for wind power generation [81]. Also, another common categorization of each wind power classification class [15,82] (i.e., poor, marginal, moderate, good, excellent) is illustrated in column two of Table 6. The PNL classification system can be used as a classification system for wind generation potential for the Tafila study location.



The wind speeds for Tafila are recorded at 90 m elevation. To address this, a modified table (Table 7) is created by the authors based on the same extrapolation principle used by Elliott and Schwartz (i.e., the extrapolation of wind speed along with its corresponding power density with elevation is obtained from Equation (28)). The average wind speed with its corresponding power values (i.e., 6.82 m/s and 296 W/m2/year, respectively in Table 4) indicate that Tafila falls within Class 2 of the PNL classification system (Table 7), which represents marginal suitability for wind development.



In addition to the PNL system, the European Wind Energy Association (EWEA) classifies wind resources of a region into three categories according to wind characteristics (wind speed and wind power): fairly good (6.5 m/s, 300–400 W/m2), good (7.5 m/s, 500–600 W/m2) and very good (8.5 m/s, 700–800 W/m2) [83]. Based on this categorization, Tafila can be considered fairly good and it is suitable for installing a wind farm despite being marginal under the PNL classification.



This apparent contradiction is mainly due to the fact that the two classification systems use different threshold values, categorization criteria and terminology for the classification of wind resources (i.e., wind speeds and wind power density). Moreover, modern wind turbines are designed for much higher hub heights and larger rotor swept areas, allowing for more efficient energy extraction under moderate wind conditions. Thus, sites that were previously considered marginal based on PNL classification or fairly good based on EWEA classification can still be technically and economically suitable for modern wind energy development. This is further supported by the successful operation of the 117 MW wind farm in the Tafila region [84].



Ambrosini and co-workers [85] proposed another classification on the basis of power density. According to this classification, the wind resources of the region are divided into four categories: fair (P/A < 100 W/m2), fairly good (100 W/m2 ≤ P/A < 300 W/m2), good (300 W/m2 ≤ P/A < 700 W/m2) and very good (P/A ≥ 700 W/m2). Thus, Tafila is categorized as a fairly good-to-good site for wind generation which further supports its potential for wind energy development.




3.4. Wind Direction


The wind rose diagram is employed to analyze the wind directional characteristics at the study location. This is necessary to align the orientation of wind turbines in the Tafila region with the dominant wind directions to maximize the overall energy generation on the turbine level, and to reduce the impact of the wind energy losses due to wake effects. Wake effects occur when upstream turbines extract kinetic energy from the wind, resulting in reduced wind speeds and increased turbulence intensity experienced by downstream turbines [23]. Figure 7 shows the wind rose diagram of the Tafila study location for the study period of one year. As can be seen in Figure 7, the prevailing winds at Tafila originate from the west direction (i.e., 270°) with approximately 23% frequency. Other notable prevailing wind directions with frequencies around 10% include north (N), northeast (NE), and west-southwest (WSW). As illustrated in Figure 7, a large proportion of wind in these prevailing directions exceeds 5 m/s. This dominance of westerly winds may be driven by combined effects of regional synoptic-scale circulation patterns and local topographic channeling associated with the mountainous terrain of the Tafila region.



For further analysis, Figure 8 and Figure 9 illustrate the monthly dominant prevailing wind directions based on time (i.e., percentages of time) and based on available wind energy, respectively. When comparing Figure 8 and Figure 9 for the Tafila study location, it is observed that for each month the dominant direction based on time is the same as the dominant direction based on the available wind energy except May. Additionally, Figure 8 indicates that the maximum percentage of wind originating from a designated direction in a specific month is 81.18%, and it is recorded in March from the north direction. On the other hand, it can be noted from Figure 9 that the maximum percentage of available wind energy from a designated direction in a specific month is 86.20% and it is obtained in December from the west direction. These variations in percentages for each month, despite similar dominant directions, are expected given that the wind blowing from one direction for a long time may not reach speeds sufficient to produce maximum energy.





4. Conclusions


The wind speed characteristics and corresponding energy potential of Gharandal town, within the Tafila governorate in the southern part of Jordan, are investigated in the present research. Hourly wind data records at an elevation of 90 m within a one-year monitoring period are used. Both Weibull and Rayleigh distributions are used, with their parameters estimated using the MLM. The conclusions drawn from this investigation are outlined below:




	
The estimated yearly average wind speed is 6.80 m/s. The windiest months are April (8.41 m/s), March (7.39 m/s) and August (7.43 m/s), whereas February represents the calmest month (4.95 m/s).



	
Higher wind speeds occurred during the late afternoon (between 16:00 and 18:00) and around midnight (between 20:00 and 1:00) as indicated by the diurnal wind speed variation analysis.



	
Based on the KS, AD, R2 and RMSE tests, the Weibull distribution is statistically more accurate and reliable in representing the Tafila wind speed than the Rayleigh distribution.



	
Weibull parameters k and c are 2.14 and 7.70 m/s, respectively.



	
The yearly most probable and the optimum wind speeds are 5.73 m/s and 10.48 m/s, respectively.



	
The annual power density is 296 W/m2 which indicates that Tafila falls into Class 2 of the PNL classification system which represents marginal suitability for wind development. However, this value also indicates that Tafila can be considered fairly good and it is suitable for installing a wind farm based on the EWEA classification system.



	
Most of the time, the prevailing winds at Tafila originate from the west direction (i.e., 270°) with approximately 23% frequency.








In terms of application, the findings of this study suggest that in the Tafila region, there are appropriate and promising areas for wind energy generation, especially with the implementation of modern wind turbine technologies with higher hub heights and larger rotor diameters. Furthermore, these findings can be used to provide theoretical support to promote future investment in wind power projects in the Tafila region.
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Figure 1. Map of Jordan, Tafila governorate and location of study site. 
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Figure 2. Monthly average wind speed in Tafila. 
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Figure 3. Distribution of wind speed classes. 
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Figure 4. Diurnal variation in wind speed. 
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Figure 5. Daily variation in wind speed. 






Figure 5. Daily variation in wind speed.



[image: Wind 06 00027 g005]







[image: Wind 06 00027 g006] 





Figure 6. Wind speed probability distribution. 
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Figure 7. Wind rose diagram. 
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Figure 8. Monthly dominant wind directions based on time. Note: Wind direction (clockwise in degrees): N 0°, NNE 22.5°, NE 45°, ENE 67.5°, E 90°, ESE 112.5°, SE 135°, SSE 157.5°, S 180°, SSW 202.5°, SW 225°, WSW 247.5°, W 270°, WNW 292.5°, NW 315°, NNW 337.5°. 
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Figure 9. Monthly dominant wind directions based on available wind energy. 
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Table 1. Study site information.






Table 1. Study site information.





	
Geographical Coordinates






	
Latitude (°N)

	
30.7




	
Longitude (°E)

	
35.667




	
Altitude (m)

	
1500











 





Table 2. Monthly and annual wind speed summary statistics of Tafila.






Table 2. Monthly and annual wind speed summary statistics of Tafila.





	Months
	Average

(     v  ¯    )
	Standard

Deviation (σ)
	Coefficient of

Variation (CV)





	January
	5.22
	2.45
	0.47



	February
	4.95
	2.16
	0.44



	March
	7.39
	3.53
	0.48



	April
	8.41
	5.16
	0.61



	May
	7.14
	4.17
	0.58



	June
	7.33
	3.24
	0.44



	July
	7.21
	3.40
	0.47



	August
	7.43
	3.19
	0.43



	September
	6.92
	2.94
	0.43



	October
	6.89
	2.68
	0.39



	November
	6.30
	2.43
	0.39



	December
	6.27
	2.32
	0.37



	Annual
	6.80
	3.38
	0.50










 





Table 3. The cold and warm seasons wind speed summary statistics of Tafila.
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	Season
	Average
	Standard

Deviation (σ)
	Coefficient of

Variation (CV)





	Cold season
	6.44
	3.40
	0.53



	Warm season
	7.16
	3.31
	0.46










 





Table 4. Annual Rayleigh and Weibull parameters and characteristic speeds (at 90 m height) and wind power density and energy.
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	Value
	Unit





	Air density
	   ρ   
	1.0423
	kg/m3



	Rayleigh scale parameter
	c
	5.37
	m/s



	Weibull shape parameter
	k
	2.14
	dimensionless



	Weibull scale parameter
	c
	7.70
	m/s



	Most probable wind speed
	vmp
	5.73
	m/s



	Optimal wind speed
	vop
	10.48
	m/s



	Weibull predicted average wind speed
	     v  ¯    predicted
	6.82
	m/s



	Wind power density
	P/A
	296
	W/m2/year



	Wind energy
	E/A
	2590
	KW h/m2/year










 





Table 5. Summary of goodness-of-fit (GOF) test.
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	GOF Test
	Weilbull
	Rayleigh





	KS Test
	0.0184
	0.0311



	AD Test
	6.2771
	20.2146



	R2
	0.9979
	0.9959



	RMSE
	0.0131
	0.0177










 





Table 6. Pacific Northwest Laboratory (PNL) wind power classification at 10 m and 50 m elevation [81].
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Power Class

	
Potential

	
Elevation: 10 m

	
Elevation: 50 m




	
Wind Speed

(m/s)

	
Power Density (W/m2)

	
Wind Speed

m/s

	
Power Density (W/m2)






	
1

	
Poor

	
0–4.4

	
0–100

	
0–5.6

	
0–200




	
2

	
Marginal

	
4.4–5.1

	
100–150

	
5.6–6.4

	
200–300




	
3

	
Moderate

	
5.1–5.6

	
150–200

	
6.4–7.0

	
300–400




	
4

	
Good

	
5.6–6.0

	
200–250

	
7.0–7.5

	
400–500




	
5

	
Excellent

	
6.0–6.4

	
250–300

	
7.5–8.0

	
500–600




	
6

	
Excellent

	
6.4–7.0

	
300–400

	
8.0–8.8

	
600–800




	
7

	
Excellent

	
7.0–9.4

	
400–1000

	
8.8–11.9

	
800–2000











 





Table 7. Wind power classifications by the authors for 90 m elevation.
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	Power

Class
	Potential
	Wind Speed (m/s)
	Power Density (W/m2)





	1
	Poor
	0.0–6.0
	0–250



	2
	Marginal
	6.0–7.0
	250–400



	3
	Moderate
	7.0–7.7
	400–550



	4
	Good
	7.7–8.2
	550–650



	5
	Excellent
	8.2–8.8
	650–800



	6
	Excellent
	8.8–9.6
	800–1050



	7
	Excellent
	9.6–13.0
	1050–2550
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