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19 Abstract

20 Exact knowledge of wind energy potential is a fundamental issue in wind energy utilization. The vertical 
21 changes in wind speeds, that is, the wind profile, have a predominant impact on the wind energy 
22 available at a location because the kinetic energy of moving air is proportional to the square of the wind 
23 speed. Roughness describes the resistance of a 3D surface to moving air. The exponent α of the power 
24 law of Hellmann and the roughness length (z0) are two parameters that describe the effects of the 
25 roughness of the surface on the wind profile. They can be used for the vertical extrapolation of wind 
26 speeds. The exponent α can be determined using multiple height level wind speed measurement data, 
27 whereas a reliable technique for the calculation of the roughness length requires detailed knowledge of 
28 the 3D geometry of the measurement site. In the present study, the exponent α was calculated based on 
29 SODAR wind speed measurements, while (z0) was determined using a combination of GIS and UAS-
30 based aerial survey methods. Wind speeds measured at 50 m were extrapolated for height levels of 80, 
31 90, 100, 110, and 120 m using dynamic power law exponent values. Wind power was determined using 
32 the power law (method V1), roughness length (method V2), frequency distribution (method W-RF), and 
33 gamma distribution (method W-G), and Windographer software was compared to the values calculated 
34 from the empirical (measured) wind speeds. A comparative statistical analysis of the datasets of the 
35 power law and roughness length methods on monthly/diurnal, annual/diurnal, and month/direction 
36 contexts showed no significant differences at all height levels. Differences can be detected in the 
37 distribution of the signs of the differences at heights of 80 and 120 m for the entire dataset. 
38 Underestimation was dominant with a significant frequency (over 70%) in the case of both methods and 
39 heights. There were no significant differences between the wind power estimations provided by the 
40 different methods, and all the methods involved in the study underestimated the wind speeds and wind 
41 energy potential for each height level. Methods V1 and V2 can be used alternatively, depending on the 
42 input data available for analysis. The major advantage of method V2 is that it provides the same accuracy 
43 as V1, which requires a UAS-based aerial survey at the beginning, but continuous wind measurements 
44 must be performed at a lower height only. This means that there is no need for a high measurement 
45 tower, which makes the measurements simpler, more cost-effective, and causes much less disturbance 
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46 to the environment.  Another important advantage of the methods presented here is that they use a 
47 dynamic approach of  power law exponent values that provide a more realistic estimation of wind speed 
48 and energy on a diurnal scale.

49

50 Keywords: wind profile, remote sensing, power law, roughness length, Weibull distribution, wind 
51 energy potential estimation

52
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54 1. Introduction

55 The changes in wind speed with height, that is, the wind profile, have great importance in several 
56 practical fields, from wind erosion [1] through urban climate (aerodynamics of urban areas [2]; 
57 roughness mapping and modelling in urban areas [3,4]; roughness parametrization [5]; urban heat island 
58 effect [6,7]) and air pollutant dispersion [8–10] to wind energy utilization (energy production [11,12], 
59 wind modelling [13,14], potential assessment [15–17], turbine technology [18,19], and Weibull 
60 distribution [20,21]). 

61 Exact knowledge of wind energy potential is a fundamental issue in wind energy utilization. The vertical 
62 changes in wind speeds have a predominant impact on the wind energy available at a location because 
63 the kinetic energy of the moving air is proportional to the square of the wind speed. The wind speeds 
64 show strong horizontal and vertical fluctuations over the surface. The hub height of wind turbines is 
65 between 80 and 120 m, whereas wind speed measurements usually take place between 10 and 50 m. 
66 Thus, it is fundamental to estimate wind speeds for the hub height of wind turbines from data measured 
67 at lower heights in wind energy utilization. There are different methods for this type of vertical 
68 extrapolation of wind speeds, which require different input data and provide different levels of accuracy. 

69 For this reason, the main aim of the present study is to provide information that helps select between the 
70 methods available for vertical extrapolation of wind speeds via a comprehension of measured 
71 (empirical) wind speeds at different heights and data estimated for those heights using different vertical 
72 extrapolation methods.  

73 The friction between the layers of the moving air masses and the surface has a principal effect on the 
74 wind profile. Different parameters are used to describe the resistance of a 3D surface against moving 
75 air, such as the surface roughness, roughness [13,22], and wind shear coefficient [23]. The roughness of 
76 the surface has a fundamental impact on wind speeds within the boundary layer. Therefore, the 
77 roughness must be considered in the calculation of wind speeds at different heights over the surface.

78 There are several methods for determining the wind profile, from relatively simple to highly complex 
79 methods, such as the logarithmic wind profile of the Deacon or the power law equation [9,22,24]. One 
80 of the most frequently used methods for determining the wind profile is the Hellmann power law 
81 equation.

82 The roughness varied significantly as a function of the surface geometry. It is determined by the type of 
83 surface cover, relief, and objects on the surface [1] on one hand, meteorological conditions in the 
84 boundary layer (temperature, stability, moisture, air pressure, density, turbulence, vertical wind shear, 
85 etc.) have a remarkable impact on it on the other hand [12,25,26]. Due to these effects, it varies across 
86 different sites and has a diurnal and annual course [22,23,27]. On this basis, many researchers have dealt 
87 with the effects of atmospheric stability conditions on the exponent α of the power law, which 
88 corresponds to the roughness of the surface [11,23,25].

89 Another important parameter in the equations that describes the changes in wind speed with height is 
90 the roughness length (z0). The roughness length at a given site decreases with increasing wind speed [1]. 
91 It is highly influenced by the relief formed by the 3D objects on the surface (in this context, roughness 
92 elements). Over a surface composed of higher roughness elements, the roughness length will be higher 
93 (WMO Guide). Its value is determined by the ratio of the area to the width of a given roughness element 
94 facing wind [28]. In addition, the flexibility of the roughness elements has a significant impact. If wind 
95 can deform the elements, as in the case of grass, their height can decrease, resulting in a decrease in 
96 roughness length [1]. 

97 There are three main groups of methods for calculating roughness length [1,3,13]:

98 • geometric methods which use measures of surface morphometry.
99 • roughness classification methods that use roughness classes combined with visual estimation.



100 • micrometeorological methods which use wind measurement data.

101 The most common micrometeorological method uses wind speed data from wind measurement towers 
102 observed at different heights [3].

103 There are a wide variety of statistical methods for the vertical extrapolation of wind speeds and 
104 estimation of available wind power with different input data requirements, which makes the selection 
105 between the methods quite complicated in wind energy utilization practice. Therefore, our study aimed 
106 to achieve three primary objectives. First, we assessed commonly utilized techniques for the vertical 
107 extrapolation of wind speed data. This involves understanding the measured and estimated wind speeds 
108 through the application of the power law equation (method V1) and roughness length (method V2). Our 
109 method uses a dynamical approach to provide a better description of the power law exponent, which 
110 exhibits strong spatial and temporal variability. Second, we sought to determine the roughness length 
111 using data collected from a UAS-based aerial survey employing the frontal area index (FAI). Finally, 
112 we aimed to compare various methods for estimating the wind energy potential. These include the use 
113 of estimated wind speeds via the power law (method V1) and roughness length (method V2), as well as 
114 techniques such as frequency distribution (method W-RF), gamma distribution (method W-G), and 
115 Windographer software against empirically measured wind speeds. In this study, we performed 
116 comparative calculations of the difference in the estimated specific wind energy potential caused by the 
117 results of different extrapolation methods. In addition to the extrapolated data, the comparison was based 
118 on wind speed values measured by remote sensing at the same altitudes. Our aim is to offer a satisfactory 
119 alternative for wind energy assessment in areas with different terrains, technical backgrounds, and cost 
120 coverage, taking into account the available tools and methods.

121

122 2. Materials and methods

123 The wind speed datasets used in the present study were provided by a METEK PCS.2000-24 type 
124 SODAR (SOund Detection And Ranging) instrument owned by the Faculty of Science and Technology, 
125 University of Debrecen, Hungary, and managed by the Department of Meteorology, University of 
126 Debrecen, Hungary. The instrument is situated at the Agrometeorological Observatory of the University; 
127 elevation above sea level is 125 m) (Fig. 1). . The study area is ideal for this type of examination because 
128 it is situated on flat terrain surrounded by diverse environments (built-up patches, croplands, forest spots, 
129 and wetlands). As it is the Agrometeorological Observatory of the University of Debrecen and the 
130 SODAR instrument is mounted there, all meteorological data required for the analysis are available for 
131 the site. The SODAR instrument can determine wind speed and direction using the reflection of sound 
132 waves from the density fluctuations of air in the lowest layer of the atmosphere [29]. The instrument 
133 emits (audible) sound waves at four frequencies: 1775 Hz, 1975 Hz, 2175 Hz, and 2375 Hz. It measures 
134 wind speeds within a height interval between 20 and 300 meters in 10-meter height steps in 1-minute 
135 time intervals and registers 10-minute averages. Our wind speed datasets consist of 150,000 records for 
136 each height level in the three years between 01/01/2016 and 31/12/2018 with no interruptions. The 
137 availability of data decreases with increasing height, so there is no data for 4.2% of the studied period 
138 at the height interval between 20 and 90 m, whereas there is a lack of data for 4.3% of the studied period 
139 between 100 and 120 m. 



140

141 Fig. 1. Location of SODAR measurements.

142 Statistical analyses and data processing for visualization were performed using MS Excel. For graphic 
143 interpretation of the wind speeds measured by the SODAR instrument and those estimated along with 
144 the differences between the two datasets, the Surfer 12 software was used.

145

146 2.1 Methods for the vertical extrapolation of wind speeds

147

148 A comprehensive workflow of the analysis conducted within the scope of this study is illustrated in 
149 Fig.2. In the present study, two methods were compared for the estimation of wind speeds for typical 
150 hub height levels of wind turbines between 80 and 120 m with 10 m height steps. 



151

152 Fig. 2. The flowchart of the implemented analysis.

153

154 2.1.1 Power law exponent (method V1)

155

156 The power law equation of Hellmann, which is widely used in wind climatology [30–32], was applied 
157 first. The general form of the equation is

158
v2

v1
= h2

h1

α
 (Eq. 1)

159

160 where v1 is the wind speed measured at height h1 and v2 is the wind speed measured at height h2. The 
161 values of the exponent α are strongly influenced by the topography of the surface and stability conditions 
162 in the close-to-the-surface layer of the atmosphere [9,22,33], which results in a characteristic diurnal 
163 and annual course. This value can vary across a wide interval [34,35]. When temperatures are low close 
164 to the surface, under stable conditions, their values are high, whereas their values are low under unstable 
165 conditions when temperatures are high close to the surface [36]. Its values are higher at night, but the 
166 course is more regular during daytime hours [37].

167 The average values of exponent α over different surface cover types, based on the results of Master [38], 
168 are presented in Table 1. There were only slight differences between the categories, and some values did 
169 not belong to any one category. These values were intermittent between the categories. A more accurate 



170 estimation can be achieved by extrapolating exponent α for heights over h2 by considering one- or multiple-
171 hour averages instead of one static average [39]. 



172 Table 1. Relationship between the values of the exponent α in the power law of Hellmann and surface 
173 cover types [38]

Type of surface cover values of α 

Open water bodies, plain land surface 0.10-0.12

Grasslands, open land areas 0.15-0.16

High vegetation, bushes 0.20-0.22

Forest lowlands 0.25-0.28

Low-intensity buildup spaces (small town with extensive green spaces) 0.30-0.35

Heavy buildup spaces (cities with skyscrapers) 0.40-0.50

174

175 In our study, the values of exponent α were calculated based on several measurement levels for each 
176 measured (empirical) v1 and v2 data pair [40–42]:

177 𝛼 =
𝑙𝑛

𝑣2
𝑣1

𝑙𝑛 ℎ2
ℎ1

 (Eq. 2)

178 Using the values of exponent α calculated from the empirical data pairs, wind speeds from height h2 to 
179 the typical hub heights of the onshore wind turbines. Based on the above equations, v2 can be expressed 
180 as follows [41,43,44].

181

182 𝑣2 = 𝑣1
ℎ2

ℎ1

𝛼
 (Eq. 3)

183

184 Wind speeds measured at 50 m were extrapolated for height levels of 80, 90, 100, 110, and 120 m using 
185 dynamic power law exponent values. 

186

187 2.1.2 Vertical extrapolation of wind speeds using the roughness length (method V2)

188 The wind profile of the power law exponent of Hellmann is closely related to the logarithmic wind 
189 profile because its form, used in international engineering practice, is derived from the logarithmic wind 
190 profile [41]



191 α=
1

ln 10
z0

 (Eq. 4)

192

193 Based on this relationship over a smooth surface (z0=0,01 m), the exponent has a value of α=1/7≈0.14, 
194 during the day, and α=1/5≈0.2, during night hours [34,45,46]. Therefore, the values of α were affected by 
195 the roughness length (z0).

196 On this basis, the value of the roughness length (z0) wind speed at multiple height levels can be determined 
197 directly using the logarithmic wind profile [41,43,47]: 

198 v2 = v1
ln h2

z0

ln h1
z0

 (Eq. 5)

199

200 2.1.2.1 Estimation of the roughness length 

201 The roughness length (z0) describes the collective hindering effect of the roughness elements on the surface 
202 against wind. It defines the height over the surface (the layer that acts as the surface for moving air) at 
203 which the wind speed becomes zero [48]. Its value is determined by the size, shape, and distribution 
204 (relative position) of roughness elements. There are several methods for estimating the roughness length 
205 [1,3]; however, the fields of application and data requirements of different methods vary. 

206

207 Roughness length (z0) can be calculated in the following steps. 

208 𝑧0 = (ℎ ― 𝑧𝑑)𝑒𝑥𝑝 ― 𝜅

0,5∙𝐶𝐷∙𝜆𝐹
 (Eq. 6)

209 where h is the average height weighted by volume, zd is the thickness of the roughness layer, CD is the 
210 drag coefficient (0,8) and λF is the frontal area.

211

212 By substituting the coefficients, we can obtain a simpler form of the equation [49]:

213 𝑧0 = (ℎ ― 𝑧𝑑)𝑒𝑥𝑝 ― 0,4
𝜆𝐹

 (Eq. 7)

214 To determine z0 calculate the average height weighted with the volume:

215 ℎ =
∑𝑛

𝑖=𝑖 ℎ𝑖∙𝑉𝑖
∑𝑛

𝑖=1 𝑉𝑖
 (Eq. 8)

216 where hi is the height of the i-th object in a given unit of area and Vi is the volume of the i-th object.

217 The frontal area can be calculated as follows:

218 𝜆𝐹(𝛩) = ∑𝑛
𝑖=1 𝐴𝐹𝑖

𝐴𝑇
 (Eq. 9)



219 where AFi is the frontal area of the i-th object, AT is the area of the studied surface (in the case of multiple 
220 directions of the area of the sector concerned), and Θ is the direction of the air flow. 

221 The thickness of the roughness layer can be calculated using the following equation:

222 𝑧𝑑 = ℎ ∙ (𝜆𝑃)0,6 (Eq. 10)

223 where:

224 𝜆𝑃 = ∑𝑛
𝑖=1 𝐴𝑃𝑖

𝐴𝑇
 (Eq. 11)

225 APi is the area of the i-th object.

226 The following values can be found for the roughness lengths of different surface types in the literature. 

227



228 Table 2.  Dependence of Roughness length (z0) on the type of surface [34,38,50]

Surface type Roughness length z0 (m)

Very smooth ice, mud 0.00001

Calm open sea 0.0002

Wavy open sea 0.0005

Snow 0.003

Grassland 0.008

Pastureland 0.01

Plough land 0.03

Perennial plants low bush 0.05

Rare trees 0.1

Forest with scattered buildings and other roughness elements 0.25

Mature forest or settlement with small differences in height 0.5

Suburb or forest with medium differences in height 1.5

Downtown, irregular forest area with strongly varying heights 3.0

229

230 2.1.2.2 Method for the estimation of frontal area index (λF) utilizing UAS-based aerial survey

231

232 One of the most complex parts of the determination of roughness length is the calculation of the frontal 
233 area index (λF). A combination of GIS and UAS-based aerial survey methods were used for this purpose 
234 in the frame of the present study. 



235 High-resolution geospatial data acquired through a UAS-based aerial survey were used to accurately 
236 compute the Frontal Area Index (λF). Data collection was performed using a DJI Matrice M210 RTK v2 
237 UAS equipped with a Zenmuse X7 24 mm ASPH lens. The flight plan was executed using the DJI Pilot 
238 application, which delineated a circular area of interest with a radius of 475 m. Image acquisition was 
239 conducted at an altitude of 120 m above ground level, maintaining a 70% overlap for both the front and 
240 side laps.

241

242 Precise exterior orientation was achieved through Post-Processing Kinematic (PPK) correction of the 
243 image coordinates. This correction was facilitated by the combined operation of the DJI D-RTK2 base 
244 station and an Emlid Reach RS2 GNSS device, which logged the correction coordinates to differentially 
245 refine orientation accuracy. PPK processing was conducted using the original imagery from Emlid 
246 Studio. The aerial survey yielded 604 images, each with an approximate ground sampling distance 
247 (GSD) of 2.5 cm. Structure-from-motion processing was performed in Agisoft Metashape Professional 
248 v2.0 to generate the Digital Surface Model and orthomosaic. The resulting spatial resolutions were 4.7 
249 and 5.2 cm per pixel, respectively.

250

251 The λF calculation process was initiated by creating a vector mask comprising eight circular sectors, 
252 each representing one of the eight cardinal directions. This mask was used to clip the DSM. The radius 
253 of the circle was adjusted to the study area, which was 475 m. The surface elevation statistics (mean, 
254 minimum, maximum, and standard deviation) of the sectors and the volume values of the surface objects 
255 were calculated. Cross-sections were obtained starting from the wind measurement station and 
256 composing equal-length cross-sections every 10 m per circular sector perpendicular to the cardinal 
257 directions. This resulted in 47 cross-sections in each sector. The elevation profile of each cross-section 
258 was then calculated. The entire process was implemented and automated in Model Builder, ESRI 
259 ArcGIS Desktop v10.8.1 software (ESRI, Redlands, CA, United States).

260

261 The transect profiles consisted of the height (h) and distance (x) along the transect line for each vertex 
262 of the cross-sectional lines. These data were imported into Microsoft Excel, and we developed a function 
263 to determine the maximum height values (hi) at every distance within the stacked profiles. By utilizing 
264 the minimal height of the sector and applying this function, it is possible to identify the outermost extent 
265 of surface objects in one direction. Ultimately, our method provides a semi-automated solution for 
266 calculating the area within the stack profile in each circular sector, specifically the Frontal Area Index 
267 (λF). 

268 Our spatial analysis did not consider elevation differences because of the negligible slope of the study 
269 area. In areas characterized by significant relief, adaptation is necessary, particularly when employing 
270 the normalized digital surface model (nDSM) as the primary dataset, which represents the height of 
271 features above ground, rather than the elevation of features relative to the mean sea level or an ellipsoid. 
272 The creation of such a dataset would pose significant challenges if only RGB imagery and SfM 
273 processing are employed; thus, a LiDAR (Light Detection and Ranging) survey would be indispensable. 
274 The computation of the area beneath the curve of the stacked elevation profiles does not rely on 
275 integration, because of the absence of profiles described by continuous functions.

276

277

278 2.2 Approaching empiric frequency distribution of windspeeds using the Weibull distribution



279 It is important to know the frequencies of the wind speed classes, especially those that are suitable for 
280 wind power generation. Many statistical and energetic parameters can be obtained by approaching the 
281 frequency distribution of empirical wind data. Weibull, Rayleigh, normal, lognormal, and gamma 
282 distributions are among the statistical distribution functions suitable for this purpose [51–53], from 
283 which the two-parameter Weibull distribution is most frequently applied in wind energetics and wind 
284 climatology. 

285 The Weibull distribution is advantageous for this purpose because its parameters are relatively easy to 
286 estimate from empirical datasets, making it possible to describe the frequency distribution of wind 
287 speeds for multiple height levels.

288 The density function of the simplest form of the Weibull distribution function can be written as 
289 follows [51,54]:
290

291 𝑓(𝑥) = 𝑓(𝑥;𝑘;𝑐) = 𝑘
𝑐

𝑥
𝑐

𝑘―1
𝑒― 𝑥

𝑐

𝑘

 (Eq. 12)

292

293 where k is the shape parameter without dimensions, and c is the scale parameter (m/s). Both can be 
294 calculated from a database of the measured wind speeds.

295

296 The k – shape and c-scale parameters can be estimated based on the lower and upper quartiles (q1 and 
297 q3) and the median (q2) of the wind speed [51,54,55]. 

298

299 This can be calculated as follows:

300

301 𝑘 =
ln ln 0.25

ln 0.75

ln
𝑞3
𝑞1

=
1.573

ln
𝑞3
𝑞1

 (Eq. 13)

302

303 𝑐 =
𝑞2

ln(2)
1
𝑘 (Eq. 14)

304

305 2.3 Wind energy potential estimation

306 Wind power estimation with an approach using the Weibull distribution is possible because if wind 
307 speed can be characterized by a k- and c-parameter Weibull distribution, then vm can be characterized 
308 by a km and cm parameter Weibull distribution [52,55,56].

309 2.3.1 Specific wind power estimation using the gamma (Γ) function (W-G)

310 The specific wind power (Pf) using the gamma function (Γ) can be calculated using the following 
311 equation [55,57,58]:



312 𝑃𝑓 = 1
2𝜌𝑐3𝛤 1 + 1

𝑘
 (Eq. 15)

313 where c and k are the parameters of the Weibull distribution and ρ is the density of air.

314 2.3.2 Specific wind power estimation using frequency distribution (W-RF)

315 Another method for specific wind power estimation is to calculate the relative frequency distributions 
316 at different height levels [55].

317 𝑃𝑓 = 1
2𝜌∑𝑛

𝑖=1 𝑣3
𝑖 𝑝𝑖 (Eq. 16)

318 where v3 -s are the cubes of the centers (vi) of the wind-speed intervals (Δx=1 m/s), pi s are their 
319 cumulative relative frequencies, and n is the number of wind-speed intervals.

320

321 2.3.3 The Windographer software specific wind power estimation methodology (Windog)

322 Windographer calculates the wind power density at each time step using the following equation:

323 𝑃
𝐴 = 1

2𝜌𝑈3 (Eq. 17)

324 where P/A is the wind power density, or the power per unit area, within the time step [W/m2]; ρ is the 
325 air density within the time step [kg/m3]; U is the average wind speed within the time step [m/s].

326

327 3. Results and discussion

328 The first step in the wind energy potential evaluation of a site is the wind climate description, which 
329 includes statistical analyses of the wind speeds and wind directions. However, it is important to have 
330 exact knowledge of both characteristics of wind-field wind-speed statistics, which have accentuated 
331 importance from energetic aspects. It is evident from the methods discussed in the previous section that 
332 the potential wind power is proportional to the cube of the wind speed, which is a slight change in wind 
333 speed, resulting in a significant alteration in the potential wind power. 

334 3.1. Analyses of empiric wind speed data

335 First, an analysis of the empirical wind speed data was conducted. As shown in Figure 3, there was an 
336 increase in the mode of the wind speed intervals parallel to increasing height up to 90 m (20 m – 2-3 
337 m/s; 50 m – 3-4 m/s; 80 and 90 m – 4-5 m/s). The mode drops and falls in the 3-4 m/s wind speed class 
338 at heights between 90 m and 120 m.  The frequencies of wind speed classes over the 3-4 m/s class, which 
339 is characteristic for lower levels, show a moderate decrease; the relative frequency of the 9-10 m/s wind 
340 speed class is 4.8% at 100 m, 5.7% at 110 m, and 6.3% at 120 m. From an energetic perspective, wind 
341 speed classes over 3 m/s are relevant, since the cut in speed of industrial-scale wind turbines is around 
342 this value, depending on the type. 



343

344 Fig. 3. Relative frequencies (%) of the empiric wind speeds (m/s) of the height levels involved in the 
345 study.

346

347 The estimation techniques are described in Section 2.1. A comparative statistical analysis was performed 
348 on the datasets obtained using methods V1 and V2. By applying these methods, datasets with a temporal 
349 resolution of 10 min are produced, making it possible to detect spatial and temporal patterns. 

350 Differences between the empirical and extrapolated data were first analyzed on a monthly/diurnal scale. 
351 Figure 4 shows the differences in wind speeds extrapolated for the 80- and 120-meter height levels using 
352 methods V1 and V2. There were no significant differences between the two methods at either height. 
353 The isopleth diagrams of the differences showed the same pattern for both methods at both heights. 
354 Gualtieri found similar diurnal and annual courses for methods V1 and V2, in accordance with the results 
355 of the present study [43]. Differences appeared in the pattern of positive and negative differences at 
356 heights of 80 m and 120 m for the entire dataset. The ratios of overestimation and underestimation 
357 between the V1 and V2 extrapolated and empirical data are shown in Table 3.. Underestimation was 
358 dominant, with a frequency of over 70% for both the methods and heights. As shown in Figure 4, the 
359 degree of overestimation was nearly twice as high as that of underestimation at both heights. The period 
360 of overestimation was most emphasized at 120 m in the first five months of the year. 

361 Table 3. The ratio of over and underestimation between V1, V2 extrapolated and empirical data

V1 V2

Overestimation Underestimation Overestimation Underestimation

80 m 16.2% 83.8% 23% 77%



120 m 24.6% 75.4% 29.6% 70.4%
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367

368 Fig. 4. Differences between the empiric and estimated wind speeds using method V1 and V2 at heights 
369 of 80 and 120 m on a monthly/diurnal scale.

370 The results from methods V1 and V2 showed a different but more characteristic pattern in another 
371 timeframe. The comprehension of the two methods on an annual/diurnal timescale is shown in Figure 
372 5. A similar annual/diurnal course of the power-law exponent was reported in a previous study [39]. In 
373 a study published in 2018, Gualtieri found insignificant differences in the patterns of power-law 
374 exponents estimated at several height levels [42]. The degree and sign of overestimation and 
375 underestimation are determined mainly by atmospheric stability conditions. The largest differences were 
376 underestimations, which occurred during the night period under stable conditions, and there were no 
377 significant differences in the ratio of under- and over-estimations in the case of methods V1 and V2 at 
378 80 m. However, in the case of method V2, the stable and unstable periods were more clearly separated. 
379 The differences between the empirical and estimated wind speeds were more pronounced at 120 m. 
380 Overestimation was more frequent in the first half of the year for both the methods at 120 m. In the case 
381 of Method V2, overestimation was emphasized more during the day. Underestimation is characteristic 
382 of the hours around sunrise and sunset at this height, when the solar energy input into the atmosphere 
383 starts and ends. Gualtieri found similar diurnal and annual courses for methods V1 and V2, which is in 
384 agreement with the findings of the present study [42].



385

386

387 Fig. 5. Differences between the empiric and estimated wind speeds using method V1 and V2 at heights 
388 of 80 and 120 m on an annual/diurnal scale.

389

390 Differences between the empirical and estimated wind speeds for the 80 and 120 levels from methods 
391 V1 and V2 were analyzed in a temporal/spatial context in the following unit. The complexity of the 
392 environment at a measurement site is important. The orography, size, shape, and distribution (relative 
393 position) of roughness elements are important characteristics. These are static factors during a year from 
394 the aspect of their effects on the moving air, while vegetation shows seasonal changes in height, density, 
395 etc., which result in seasonal differences in the resistance of the surface to airflow. The results of the 
396 comprehension of methods V1 and V2 at the 80- and 120-meters level are presented in Figure 6. Only 
397 minor differences were observed between the empirical and estimated wind speeds. Moreover, the 
398 differences were the smallest at both heights. There was a significant discrepancy in the 
399 under/overestimation ratios between heights. This ratio was 1/10 at 80 m and 1/5 at 120 m. Gualtieri 
400 found significant differences in the spatial pattern of the power-low exponent and z0 values by direction 
401 in the case of two of three sites in a study published in  2011, which can be explained by the differences 
402 in the combined effect of the roughness objects on the surface [43].

403



404

405 Fig. 6. Differences of the measured and estimated wind speeds by methods V1 and V2 for the heights 
406 of 80 and 120 m in a month/direction context.

407 The root mean square error (RMSE) values of the differences calculated for the heights involved in the 
408 study are presented in Figure 7. It is evident from the figure that there are only slight differences between 
409 methods V1 and V2. However, it is clear that the wind speeds estimated by V1 were closer to the 
410 measured wind speeds at both heights. Naturally, the uncertainty in the estimation increases with 
411 increasing height. The increase in uncertainty can be considered approximately linear, even though the 
412 increase in wind speed with height is nonlinear.

413



414

415 Fig. 7. RMSE values of the differences of the empiric and estimated wind speeds by methods V1 and 
416 V2 between the 80 m and 120 m levels.

417 In the final section, the techniques presented in Section 2.3. available for the estimation of the specific 
418 wind power potential from the perspective of the differences in the estimated wind power potential.   
419 Wind power determined using the wind speeds estimated by methods V1 and V2 was compared to 
420 specific potential values estimated from the empirical wind speed data and to values calculated using 
421 Windographer software. Wind power was estimated in 10-meter steps for height levels between 80 and 
422 120 m, as in the previous sections. The results are shown in figure 7. 

423 The algorithm for the potential calculation in the case of methods V1, V2, and W-RF is the same. The 
424 details of this method are presented in Section 2.3. Small and insignificant differences were observed 
425 between the estimations of the three methods at a given height level. Although the three estimation 
426 methods were identical, Weibull distribution was used in the W-RF method. First, the shape and scale 
427 parameters of the Weibull distribution were determined from empirical data, and then the specific values 
428 of the different wind speed intervals were calculated and summarized. 

429 The results for the W group were calculated using the estimation method described in section 2.3. The 
430 specific wind power at different height levels had a higher standard deviation than those in the previously 
431 presented cases. The standard deviation of the estimated specific wind power at different height levels 
432 is higher than that in the previous cases; however, there are small differences only in this case. 

433 The last group shows the values calculated using the Windographer software. The estimation method 
434 for the software is described in detail in Section 2.3.3. All the methods involved in this study 
435 underestimated the specific wind power for each height level [47,59]. 



436

437

438 Fig. 8.  Specific wind power values estimated with the different methods (EMP-RF – empiric – 
439 method W-RF; EMP - G – empiric – method W-G; V1-RF – V1 – method W-RF; V2-RF – V2 – 
440 method W-RF; W-RF – Weibull-distribution – method W-RF;  W-G – Weibull-distribution shape 
441 and scale parameters determined by the quartile methods – method W; Windog – empiric –  
442 specific potential calculated by the Windographer software method; legend: name of the method 
443 abbreviation – source of data/wind speed estimation method – potential estimation method) [16,43]

444 4. Conclusions

445 Wind speeds measured at 50 m were extrapolated for height levels of 80, 90, 100, 110, and 120 m using 
446 dynamic power law exponent values. A comparative statistical analysis of the datasets of methods V1 
447 and V2 in monthly/diurnal, annual/diurnal, and month/direction contexts showed no significant 
448 differences between the two methods at either height level. Differences appeared in the pattern of 
449 positive and negative differences at heights of 80 m and 120 m for the entire dataset. Underestimation 
450 was dominant, with a frequency of over 70% for both the methods and heights. Wind power was 
451 determined using the power law (method V1), roughness length (method V2), frequency distribution 
452 (method W-RF), and gamma distribution (method W-G), and Windographer software was compared to 
453 the values calculated from the empirical (measured) wind speeds. There were no significant differences 
454 between the estimations obtained using different methods. All methods involved in the study 
455 underestimated the wind speeds and wind energy potential for each height level; consequently, methods 
456 V1 and V2 could be used alternatively, depending on the input data available for the analyses. On this 
457 basis, the present work can help identify the most adequate method for analysis. The major advantage 
458 of method V2 is that it provides the same accuracy as V1, which requires a UAS-based aerial survey at 
459 the beginning, but continuous wind measurements must be performed at a lower height only. This means 
460 that there is no need for a high measurement tower that the measurements are simpler and more cost 
461 effective and cause much less disturbance to the environment.  Another important advantage of the 
462 methods presented here is that they use a dynamic approach of power law exponent values that provide 
463 a more realistic estimation of wind speed and energy on a diurnal scale.

464 The comparative study presented in detail highlights the differences between the methods, particularly 
465 regarding their input data requirements. Depending on the potential of a study area (terrain, accessibility, 



466 legal regulations in the immediate vicinity of built-up or inhabited settlements, available means, 
467 financial resources), the method can be adapted to the following circumstances:

468 • The construction and operation of a measurement tower (at least 50 m high, measurement 
469 should be at least two different heights, e.g., 20 m and 50 m); this is the toolbox of the V1 
470 method.
471 • The construction and operation of a measuring tower (at least 20 m high; the measurement must 
472 be made at one height, e.g., 20 m), but also a DSM by UAS will be required to measure 
473 the aerodynamic roughness; this is the toolbox of method V2.

474 Although the V2 method measured a higher RMSE value than the V1 method at all tested heights, the 
475 result of the specific wind energy potential estimation showed a nearly equal value; thus, it can be stated 
476 that the V2 method requires a lower financial investment (considering that it requires the construction 
477 and operation of a measuring tower of at least 50 m, because its height requires several permits before 
478 commissioning).
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