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Abstract

:

The ecosystem services that can be obtained from the oceans and seas are very diverse; one of the sources of energy is wind power. The Caspian Sea is characterized by a fragile ecosystem that is under serious anthropogenic stress, including oil and gas production and transportation. In particular, rich oil and gas resources in the region make renewables less important for the Caspian Sea Region. Depletion of hydrocarbon resources, a rise of their price on the international markets, geopolitical tensions, a decrease in the Caspian Sea level, regional climate change, and other factors make exploring offshore wind energy production timely. In order to model the offshore wind energy of the Caspian Sea, data from the ERA-Interim atmospheric reanalysis were used from 1980 to 2015 combined with QuikSCAT and RapidSCAT remote sensing data. The modeling results showed a wind power density of 173 W/m2 as an average value for the Caspian Sea. For the 1980–2015 period, 57% of the Caspian Sea area shows a decreasing trend in wind power density, with a total insignificant drop of 16.85 W/m2. The highest negative rate of change is observed in the Northern Caspian, which seems to be more influenced by regional climate change. The Caspian Sea regions with the highest potential for offshore wind energy production are identified and discussed.
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1. Introduction


Today, food, freshwater, and energy are considered as the main factors in the well-being of a society. In the last three decades, energy consumption globally has increased three and a half times [1]. Electricity is one of the most important energy resources. Population growth, expansion of cities, industry, roads, infrastructure, and arable lands on the limited terrestrial spaces today have brought more attention to marine ecosystem services and sea and ocean goods [1,2,3,4]. Recreation, tourism, maritime transport, and offshore wind generation are familiar services provided by many marine ecosystems.



The Global Wind Report 2022 [5] shows the fast-growing offshore wind sector, with an additional 94 GW of wind installed in 2021 around the world, from which 21 GW is offshore. The 94 GW of new installations in 2021 brings global cumulative wind power capacity to 837 GW, showing year-to-year growth of 12% [5]. The onshore wind market added 72.5 GW worldwide due to the largest wind markets in the USA and China, as well as due to the record-high growth in Europe (+19%), Latin America (+27%), and Africa and the Middle East (+120%). The offshore wind market in 2021 added 21.1 GW, which is three times more than the previous year. New offshore installations represented 22.5% of all new installations last year, which bring the world’s total offshore capacity to 57 GW, which is 7% of global installations. China contributed 80% of that offshore growth. In Vietnam, 779 MW of nearshore projects were commissioned, making it the third-largest market for offshore installations in 2021. In Europe, the UK is a leader in new offshore installations, with 2.3 GW added to the grid [5]. The UK, Germany, Denmark, Italy, Spain, and Poland are among the most active countries in the field of onshore and offshore wind energy generation [5]. Offshore wind brought Europe to 18.1 GW in 2021, but it is not a high enough volume, considering that the EU needs 32 GW of new wind capacity each year until 2030 to reach its carbon neutrality target by 2050. One of the main obstacles to wind-generation development in Europe and the world in 2020–2021 was the COVID-19 pandemic [5].



The correct identification and evaluation of the spatial distribution of energy potential for offshore wind generation are of vital importance to reduce uncertainties in wind farm construction [6]. Today, there are various data sources and methods for calculating wind energy potential using remote sensing data, numerical models (atmospheric reanalysis), and weather station records [7,8,9,10,11,12,13,14]. Wind, as the key factor in the development of wind farms, has several important characteristics such as speed and direction that should be known at different heights of the boundary layer [6]. The authors of [12] evaluated the sensitivity of wind power to height over the ice-free global oceans for 2000–2006 and showed that the global mean wind power at 100 m height (776 W m−2) is 1.6 times larger than at 10 m (487 W m−2). Due to increased wind shear in the boundary layer and the cubic dependence of wind power on speed, frequent high-wind-speed regions have the greatest increase in power with height. Thus, the storm track regions experience the greatest increase in annual mean wind power with height. For example, for 2000–2006 a 100 m hub-height wind turbine could capture 69% (74%) more power within the Northern (Southern) Hemisphere storm track than at 10 m height [12]. They also showed that wind power at 80 m height accumulates at a rate of 20–45 MW km2 m−2 per meter depth increase from the shore to the shelf break. Beyond the shelf break, wind power accumulates at a slower rate (<12 MW km2m−2m−1) [12]. This effect should also be taken into account when evaluating wind power potential and planning wind farm construction. Seasonal and interannual variability of wind speed, including climate-related changes, should be well identified to ensure future cost-effective wind energy production. This is especially important for offshore wind farms, where the cost of energy generation and maintenance is higher than for onshore wind farms [7,8,9].



As concerns the Black, Azov, and Caspian seas, there are many investigations on wind and wave characteristics [15,16,17,18,19,20,21,22,23,24,25,26], but it is little known about wind energy generation potential in these water areas [26,27,28,29,30,31,32,33,34]. For the Caspian Sea, the authors of [33] conducted an evaluation of the wind energy potential based on the NCEP-CFSR (Climate Forecast System Reanalysis) dataset at 12 locations for 1999–2008. Seasonal and spatial variations of wind speed and power density were significant. The highest values of power density of up to 300 W m−2 for the total time and up to 426 W m−2 for wintertime were obtained for the coastal zone of Kazakhstan between Fort-Shevchenko and Aktau (see points C5 and C6, respectively) in the northern part of the Middle Caspian Sea. Points C9 and C10, located along the coast of Iran, showed the lowest power density—less than 30 W m−2. A recent study by [34] mapped the Southern Caspian potentials for wind and wave energy using ECMWF numerical model data for 2009–2015. In this study, 100 different points were used for calculations, which showed the power density in the Southern Caspian to be less than 100 W/m2.



The objective of this study is to assess the spatiotemporal variability of available wind resources for wind farm construction in the whole area of the Caspian Sea based on the ERA-Interim global atmospheric reanalysis from 1980 to 2015 combined with the QuikSCAT and RapidSCAT remote sensing data. These data were used to calculate wind energy and wind power changes in the basin. The Caspian Sea locations that are most favorable for wind energy production are identified and discussed. Capps and Zender [12] showed that a combination of the QuikSCAT remote sensing and atmospheric reanalysis data is an effective tool for investigation of wind power potential.




2. Data and Methods


2.1. Study Area


The Caspian Sea is the world’s largest closed sea basin, with its own specific geographical, meteorological, oceanographic, climatic, ecological, and political significance. The coastline of the five Caspian Sea countries—Iran, Azerbaijan, Russia, Kazakhstan, and Turkmenistan—is 7000 km long. The sea is 1030 km long and 320 km wide on average. In terms of bottom topography, the sea is divided into three regions (Figure 1): the Northern Caspian with depths less than 50 m (average depth of 5–6 m), the Middle Caspian with an average depth of 190 m, and the Southern Caspian (max depth of 1025 m), which is the deepest part of the Caspian Sea [17].



The length of the Caspian Sea determines very different climate and weather regimes, where the Northern Caspian freezes partially every winter and the Southern Caspian is the warmest part of the sea. The same is valid for other meteorological parameters and wind speed and direction, in particular because different parts of the Caspian Sea are subjected to different atmospheric forcing. Before 1991 (the Caspian Sea was divided between the USSR and Iran) the number of coastal weather stations in the USSR was over 70, then it was reduced dramatically [15,35]. Lebedev and Kostianoy [15] argued that in the conditions of the significant reduction in the number of weather stations in the Former Soviet Union countries, the absence of meteorological and oceanographic data exchange between countries and the significant decrease in scientific collaboration, the use of different kinds of satellite remote sensing data, and atmospheric and oceanic reanalyses, as well as numerical modeling are the alternatives to overcome the lack of in situ metocean data.




2.2. Data Lake


A series of previous publications has shown the efficiency of the use of combined remote sensing and atmospheric reanalysis data for the evaluation of wind power potential, namely for offshore wind energy generation due to the lack of in situ records [7,8,9,10,11,12,13,14,29,36,37]. In the present study, we also combine the QuikSCAT and RapidSCAT remote sensing data on wind speed with global atmospheric reanalysis ERA-Interim data on wind speed.



The primary mission of QuikSCAT (Quick Scatterometer), carrying the SeaWinds scatterometer, was to measure the surface wind speed and direction over the ice-free global oceans. It operated from 19 June 1999 to 2 October 2018. QuikSCAT provided measurements of the wind speed and direction referenced to 10 m above the sea surface at a spatial resolution of 25 km. Wind information cannot be retrieved within 15–30 km of coastlines or in the presence of sea ice. Measurements of wind speeds are available between 3–20 m/s to an accuracy of 2 m/s, wind vector directions—to an accuracy of 20° [38]. Wind speed data were taken from the following website: https://podaac.jpl.nasa.gov/datasetlist?search=quick (accessed on 6 October 2022) for the period from 1 January 2000 to 27 November 2009 (10,777 records).



The ISS-RapidSCAT was an instrument mounted to the International Space Station’s “Columbus” module that measured global wind speed data from September 2014 to August 2016. The scatterometer was very similar to QuikSCAT in functionality. Wind speed data were taken from the following website: https://podaac.jpl.nasa.gov/datasetlist?ids=&values=&search=rapid&view=list&provider (accessed on 6 October 2022) for the period from 1 October 2014 to 30 December 2016 (3644 records).



Global atmospheric reanalysis ERA-Interim was used to obtain wind speed data with a spatial resolution of 0.75 degrees with a step of 6 h for the 36-year period from 1 January 1980 to 31 December 2015. The reanalysis was available from 1 January 1979 to 31 August 2019. It was superseded by the ERA5 reanalysis. The data assimilation system used to produce ERA-Interim is based on a 2006 release of the IFS (Cy31r2). The system includes a 4-dimensional variational analysis (4D-Var) with a 12 h analysis window. The spatial resolution of the dataset is approximately 80 km at 60 levels vertically from the surface up to 0.1 hPa [39]. Wind speed data were taken from the following website: https://apps.ecmwf.int/datasets/data/interim-full-daily/levtype=sfc/ (accessed on 6 October 2022) The accuracy of the ERA-Interim wind speed data is 1.10 m/s [40].



To assess the accuracy of the ERA-Interim wind speed data, we used QuikSCAT and ISS-RapidSCAT data, which showed a good correspondence (see Section 3.1). The accuracy of the wind speed computed by the model was evaluated through conventional statistical analysis [41] with the following Equation (1):


   C C =     ∑   i = 1  n   (   X i  −  X ¯   )   (   Y i  −  Y ¯   )        ∑   i = 1  n     (   X i  −  X ¯   )   2        ∑   i = 1  n     (   Y i  −  Y ¯   )   2         R M S E =       ∑   i = 1  n     (   Y i  −  X i   )   2   n       B a i s =  X ¯  −  Y ¯    



(1)




where CC is the correlation coefficient,   X ¯   is the mean of QuikSCAT and RapidSCAT, Xi is the value of wind speed in i in the QuikSCAT and RapidSCAT,   Y ¯   is the mean of ERA-Interim, Yi is the value of wind speed in i in the ERA-Interim data, i.




2.3. Wind Power Density


An energy assessment for wind energy projects is based on spatial distribution of wind power density, which is one of the key parameters. Power density is also used in the design of the site and turbine blade. In order to calculate the amount of energy per unit area, the following equation for power density (PD) can be used [42]:


  P D =  1 2    ρ     ∑   j = 1  n   (  f    (   v j   )  ×  v j    3   )   



(2)




where PD is the concentration density in a given area in W m−2,  ρ  is air density in kg/m3, ν is wind speed, f(   v j   ) is the probability of wind blowing at a specific speed.



One of the key factors in many computations is the air boundary layer. It is directly influenced by the earth’s surface. However, other physical parameters such as acceleration, temperature, and humidity are subject to fluctuations in both space and time. Air density is an important factor of the boundary layer under the influence of temperature and pressure. To calculate the air density, we can use the ideal gas equation:


  ρ =  P  R T   = 3.4837    P T     



(3)




where P is air pressure, T indicates air temperature in Kelvin, and R is the ideal gas constant, so air density is measured in kg/m3.



Usually for modeling wind energy, various statistical functions such as the Weibull distribution [43] and Rayleigh distribution are used [44,45]. Numerous studies have been performed to assess the precision of these models, and in general, the Weibull function provides a more accurate result when compared to the data. For this reason, the Weibull function was used to model wind energy. The accuracy of these statistical functions depends on the type and accuracy of their parameters. There are several methods to calculate the parameters of these functions. The methods of standard deviation, moment probability, most probability of neighborhood, and energy distribution are usually used [6]. In wind turbine studies, the Weibull function has the highest application accuracy and Equation (4) represents the probability density function of Weibull:


  f    ( v )  =  k λ       (   v k   )    k − 1      e  −    (   v k   )   k     



(4)







In the equation, k, λ represent the shape and scale parameters, respectively. Shape parameter is a dimensionless number [46], which is a way of showing the variability of wind speed. In fact, in the probability distribution plots, the function is impacted by the line of slope. In other words, the wind variability is reduced with the increase in the form parameter. The scale parameter, however, is represented in m/s [46]. The wind speed concentration in a certain range is really indicated by this parameter. The smallness of the scale factor helps to increase the probability of wind speed. In other words, modifications to this parameter have an impact on the distribution’s scale value of the base curvature [47]. The values of v, f (v) represent the wind speed and the probability of the wind speed, respectively, and e is equal to the Neper number.



The scale parameter influences the probability distribution function while maintaining a constant shape parameter (2a). The parameter shape (β) has an impact on the probability distribution function, as seen in Figure 2B; for instance, the three Weibull parameters are reduced to two parameters with an exponential distribution when its value is one (β = 1). Although each of the five Weibull distributions in Figure 2B has a different Weibull k value, they all have an average wind velocity of about 9 m/s. Lower k values, as seen in the graph, correspond to greater ranges of wind velocity, indicating that winds often fluctuate over a wide range of velocity and vice versa.




2.4. Time Series


Each natural environment does not have constant conditions. Marine environments develop and change in time under various parameters. Wind speed and direction and wind energy are changing in space and time, which may have a serious impact on cost efficiency in wind energy generation, and in worse cases may threaten investments in this energy sector. Thus, investigation of temporal variability and trends in wind power potential at different locations is of primary importance.



Mann–Kendall Trend Test


The Mann–Kendall trend test is a nonlinear index and the degree to which an individual parameter continuously increases or decreases, and its range is between +1 and −1 [48]. The positive value indicates that the trend is constantly increasing and the negative value shows that the trend has been steadily decreasing, while zero indicates the absence of the trend. The Mann–Kendall trend test is defined as the following Equation (5) [49]:


   S =   ∑   i = 1   n − 1     ∑   j = i + 1  n  s i g n    (   x i  −  x j   )     s i g n    (   x i  −  x j   )  =  {      1   i f    x i  −  x j  < 0       0   i f    x i  −  x j  = 0       − 1   i f    x i  −  x j  > 0         



(5)




where n is the series for a long time, and xi and xj are observations at time i and j. For the analysis of the wind power density in the Caspian Sea, we used 1 × 1 degree spatial resolution.






3. Results


3.1. Wind Data Accuracy Evaluation


The results of the correlation analysis between the measurement of wind speed derived from QuikSCAT and RapidSCAT satellites and the ERA-Interim atmospheric reanalysis are shown in Table 1 and Figure 3. It shows spatial and temporal variability of correlation between these datasets. Ruti et al. [50] showed that the total amount of data correlation offshore is increasing, as the impact of environmental factors on the characteristics of data and uncertainties is decreasing.



The outcomes of the correlation between remote sensing data sources and the numerical model are shown in Figure 3, Table 1 and Table 2. The influence of environmental elements on the qualities and uncertainties of data is, however, generally diminishing as the quantity of data correlation offshore is rising. The highest correlations are observed in the Middle Caspian Sea for both datasets (0.83 for QuikSCAT and 0.67 for RapidSCAT). In general, the South Caspian has a correlation coefficient for the QuikSCAT of 0.75 and for the RapidSCAT of 0.35. These values correspond to those of [51], who conducted research on this particular region of the Caspian Sea. The lowest correlations are observed in the southeastern corner of the Southern Caspian and in the northeastern corner of the Northern Caspian.



Time variability of wind speed derived from ERA-Interim and QuikSCAT for 2000–2009 for the Northern, Middle and Southern Caspian, as well as for ERA-Interim and RapidSCAT for January 2014–November 2015 for the Middle and Southern Caspian, is presented in Figure 3. Figure 3 shows that in general, QuikSCAT data are larger than the ERA-Interim data in all three parts of the Caspian Sea. The minimal values of wind speed (observed during summer) coincide much better than the maximal values observed in wintertime, when a discrepancy between two datasets is much larger. Furthermore, it looks like a seasonal cycle in wind speed variability is much more pronounced in the Middle Caspian than in the Northern and Southern Caspian, where the cycle is modified. Figure 3 also shows that RapidSCAT data are, in general, larger than the ERA-Interim data.



Table 1 shows that the highest value of the RMSE for the QuikSCAT and RapidSCAT in the southern part of the Caspian Sea is 0.9 and 0.6, respectively, while the highest value of the correlation coefficient for the QuikSCAT and RapidSCAT is related to the Middle Caspian, which is as high as 0.93 and 0.76, respectively.



Table 1 shows that the higher the wind speed, the larger the difference between the QuikSCAT and ERA-Interim data. The highest correlation is observed in the Middle Caspian. The findings of [13] for the Brazilian coast are compatible with our results.



The RapidSCAT data (Table 2) show lower correlation and a much larger difference with the ERA-Interim data, which needs to be investigated and explained in special research. The Middle Caspian has the greatest correlation coefficient value (0.67), while in the Southern Caspian it is of 0.37 only. Thus, the numerical model’s data have a much better correlation with the QuikSCAT data.




3.2. Wind Speed and Indicators


Figure 4 shows an average wind speed over the Caspian Sea derived from ERA-Interim, QuikSCAT and RapidSCAT data for 1980–2016. The area of the Caspian Sea was divided by 67 boxes of 1 by 1 degree in the open sea and of different sizes in the coastal zone. We found that wind speed is more intense with increasing distance from the coast to offshore areas. In general, the western and southern parts of the Caspian Sea have a lower wind speed, as well as all narrow coastal regions. The Northern Caspian Sea seems to be the windiest region, the Middle Caspian has lower wind speed on average, and the Southern Caspian Sea is the calmest area of the Caspian Sea. Wind speed in boxes N64 (near the coast of Iran) and 15 (in the middle of the southern part of the Northern Caspian) are 1.84 and 6.20 m/s, respectively, with the lowest and the highest average values, which is consistent with the results obtained in [29]. The average wind speed for the entire Caspian Sea is 4.83 m/s. Therefore, we can conclude that the Caspian Sea wind regime is influenced by three main factors: peculiarities of regional atmospheric forcing, topography of the coasts (mountains, deserts, lowlands), and local wind flows affected by temperature differences between land and the sea.



Figure 5 shows seasonal variability of monthly mean wind speed for all 12 months of the year. The lowest seasonal variability is observed in the Southern Caspian Sea and the largest one is observed in the Northern Caspian Sea. Moreover, during the winter and spring seasons, we observe larger wind speed values than during summer and autumn.



The increase in winter wind speed is observed in all three parts of the sea. The highest wind speed for the Northern (6.7 m/s), Middle (6.3 m/s), and Southern (4.5 m/s) Caspian is observed in March (Figure 6). There is a decrease in wind speed from the end of spring (May) until late fall (October). September is the month with the lowest wind speed (4.9 m/s) for the Northern Caspian. July is the month with lowest wind speed for the Middle and Southern Caspian (Figure 6).




3.3. Wind Power Density


The average power density for the entire Caspian Sea for 37 years (1980–2015) in Figure 7 shows that the overall average wind energy in the Caspian Sea is 173 W/m2. This value shows a lower level of wind power in the Caspian Sea relative to other seas. The distribution of wind energy in the Caspian Sea is not homogeneous, it varies across the sea due to physicogeographical and meteorological peculiarities. This energy on the boundary between the Northern and Middle Caspian is much higher than in other parts of the Caspian Sea, and ranges between 250–300 W/m2 (Figure 7). Wind power energy gradation better reflects spatial distribution of this wind parameter. The southern part of the Southern Caspian is characterized by the lowest values for the Caspian Sea (less than 100 W/m2). The values of 200–250 W/m2 are characteristic for the Middle and Northern Caspian, and this area is closer to the eastern coast than to the western one (Figure 7B).



Seasonal variations in wind power density in the Northern Caspian Sea for 1980–2015 show the highest values of 372 W/m2, 356 W/m2, 372 W/m2, and 366 W/m2 in 1987, 1989, 1993, and 1998, respectively (Figure 8). The maximum value of wind power density in the Northern Caspian was observed in winter of 1993 (130 W/m2) and the minimum was observed in winter of 2003 (50.7 W/m2). In spring, the maximum of 79.3 W/m2 was recorded in 2000 and the minimum was recorded in 1986. In summer, the maximum of 65.9 W/m2 was observed in 1998 and the minimum was recorded in 1999. In autumn, the maximum was 84.64 W/m2 in 2001 and the minimum was recorded in 2000. The highest year-to-year fluctuations in the Northern Caspian Sea were recorded between 1998 and 2003.



Figure 9 shows seasonal variability in wind power density for the Middle Caspian Sea. The peak in winter wind energy of 130.4 W/m2 was observed in 2010 and the minimum of 64.25 W/m2 was observed in 2003. In spring, the maximum of 84.3 W/m2 was recorded in 1990 and the minimum was observed in 1986 (40.5 W/m2). In summer, the maximum of 82.3 W/m2 was observed in 1997 and the minimum was observed in 1981 (33.4 W/m2). In autumn, the maximum was 12.2 W/m2 in 2015 and the minimum was observed in 2000 (54.9 W/m2).



Figure 10 depicts the Southern Caspian Sea’s seasonal variations in wind power density. The peak power density was observed in the fall (61.65 W/m2) and winter (46.25 W/m2) seasons of 2002 and 1989, and then in the summer (33.23 W/m2) and spring (28.8 W/m2) seasons of 1997 and 2004, respectively. The minimum value of this variable was estimated in the fall season in 2010 (15.5 W/m2), for the winter season in 1995 (12.8 W/m2), and for the summer (8.6 W/m2) and spring (6 W/m2) seasons in 2005 and 1983, respectively.




3.4. Analysis of the Interannual Variability Trends


Figure 11 shows spatial variability in different interannual trends of wind speed and wind power. The results of wind velocity uniformity trends in the Caspian Sea (Figure 11A) show a wind speed decrease in the Northern Caspian Sea. The focus of this decrease is in boxes 2 and 9, but it is noteworthy that this trend is very low and reaches the average value in box 9 of −0.05 m/s in the time series. There is a dramatic increase in wind speed along the coasts of Iran. The focus of this trend is in boxes 59 (0.26 m/s), 60 (0.25 m/s), and 61 (0.29 m/s).



The results of the Mann–Kendall statistics show increasing and decreasing trends for both shape and scale factors in most of the regions of the Caspian Sea. Generally, for the shape factor (Figure 12B), boxes 64 (−0.1), 53 (−0.03) and 54 (−0.03) have the highest decreasing trends. In contrast, boxes 42, 43, and 38 have the highest rates of 0.129, 0.129, and 0.122, respectively. The shape factor represents spatial variability of wind speed; in other words, reduced wind speed variations and increased wind speed dependability result from an increase in the shape factor.



For the scale factor (Figure 11C), boxes 59 (−0.238), 60 (−0.235), and 61 (−0.212) have the largest decreasing trends for the whole Caspian Sea, while boxes 32 and 33 have the highest rates of 0.02. The results of this section, according to the decreasing trend of the scale factor, indicate a general decrease in wind speed and a decrease in the probability according to Equations (3) and (4), which can also be adjusted according to the shape factor.



The power density (Figure 11D,E) shows the highest increasing rate of 0.172, 0.17, and 0.13 in the coastal zone of Iran, in boxes 61, 60, and 59, respectively. This is consistent with the Mann–Kendall statistics for wind speed in these boxes (Figure 11A). The highest decreasing Mk-trend in the power density of −0.05 is observed in the Northern Caspian (boxes 7 and 8), −0.03 (boxes 25 and 31) in the middle of the Caspian Sea, and of −0.04 in boxes 43 and 49 in the Southern Caspian. In general, in the Caspian Sea, power density has generally been decreasing. The Middle Caspian has experienced the largest decrease in the area (54.54%), followed by the Southern Caspian (52.7%) and the Northern Caspian (6.54%) (Figure 11D).



Spatial distribution for the significant Mann–Kendall trend for wind power density (Figure 11E) indicates that the p-value in boxes 62 and 63 is smaller than 0.05, which means a significance of trend with a confidence level of 95% [49].



Spatial distribution of a median trend in wind power (Figure 11F) shows a significant decrease in boxes 7, 8, and 9 in the Northern Caspian. A slightly lower rate of wind power decrease is observed in the northern part of the Southern Caspian. However, in general, the whole Caspian Sea has a negative trend of −0.5 W/m2yr for the entire time period of 1980–2015. In the Southern Caspian, this rate was −0.24 W/m2yr. Unlike the Northern and the Southern Caspian, the Middle Caspian has an increasing trend of 0.179 W/m2yr on average. Here, the highest rates of 0.19, 0.17, and 0.166 are observed in boxes 19, 34, and 28, respectively. The total power loss rate in the Caspian Sea for 36 years is equal to 16.85 W/m2, which is a very low drop relative to the average value of 173 W/m2 characteristic for the Caspian Sea for these years.





4. Discussion


The Caspian Sea countries are rich in hydrocarbon resources. Iran, Azerbaijan, Russia, Kazakhstan, and Turkmenistan are producers and exporters of oil and gas from this region [52]. This fact explains a low interest to wind energy (and other renewable energy) production, including both onshore and offshore wind energy. Nevertheless, such kinds of research on investigation of wind energy production potential should be carried out to assess general characteristics of this type of renewables, its interannual trends, and efficiency of wind farm construction, at least for local needs, due to remote locations and a lack of energy supply infrastructure for many areas around the Caspian Sea.



Planning of offshore wind farm construction requires exact information on spatial distribution of wind speed and wind power density and their interannual trends. For the Caspian Sea, this is a difficult task due to a lack of weather stations and wind speed observations at coastal weather stations and offshore. Partially this is explained by uninhabited deserts on the eastern coasts and steppes on the northern coasts of the sea [53]. This results in uncertainties in the atmospheric reanalysis data for this region, which can be decreased by the use of satellite remote sensing data, which have their own advantages and disadvantages. In the present study, we used both satellite and model datasets to overcome this problem.



We investigated the correlation between the QuikSCAT and RapidSCAT remote sensing data and ERA-Interim model data on wind speed for 1980–2015. Despite the good correlation between these datasets, the model data have better time and space resolution. The correlation for the Middle and Southern Caspian was significant at 0.93 and 0.92 on average. In contrast, the Northern Caspian shows lower correlation coefficients of 0.59, probably due to the physicogeographical, meteorological, and climatic peculiarities of the region [54].



Our results show that the Northern Caspian Sea is the windiest region, with a maximum average wind speed of 6.20 m/s in the middle of the southern part of the Northern Caspian. The Middle Caspian has a lower wind speed on average, and the Southern Caspian Sea is the calmest area of the Caspian Sea, with a minimum average value of 1.84 m/s near the coast of Iran. The average wind speed for the entire Caspian Sea is 4.83 m/s. This wind speed spatial distribution reflects a similar distribution of wind power density.



The average power density for the entire Caspian Sea over 37 years (1980–2015) was 173 W/m2. This is at least three times less than the global mean wind power at 10 m (487 W/m2) for 2000–2006 [12]. Onea and Rusu [30] and Rusu [26] showed that offshore wind farms can be efficient in the coastal environment of the Black Sea, where the maximum wind power at 100 m can reach 548 W/m2. The distribution of wind energy in the Caspian Sea is not homogeneous; this energy on the boundary between the Northern and Middle Caspian is much higher than in other parts of the Caspian Sea, and ranges between 250–300 W/m2. The values of 200–250 W/m2 are characteristic for the Middle and Northern Caspian, and this area is closer to the eastern coast than to the western one. This is consistent with [33], who showed for 1999–2008 that the highest values of power density of up to 300 W/m2 for the total time and up to 426 W/m2 for wintertime were obtained for the coastal zone of Kazakhstan between Fort-Shevchenko and Aktau in the northeastern part of the Middle Caspian Sea.



As concerns the interannual variability of wind power, the spatial distribution of a median trend in wind power (Figure 11F) shows a significant decrease in the Northern Caspian, where we have the maximum of average wind power. In the Middle Caspian, there is an increasing trend of 0.178 W/m2yr on average. In general, the whole Caspian Sea has a negative median trend of −0.5 W/m2yr for the entire period of 1980–2015. This is not critical, because the total power loss rate in the Caspian Sea over 37 years is equal to 16.88 W/m2, which is a very small drop relative to the average value of 173 W/m2 characteristic for the Caspian Sea for these years.



Figure 12B shows a combination of average wind power density and its trends. For example, high energy density in the Northern Caspian is accompanied by a decreasing interannual trend with a maximum negative rate in box 8. In boxes 43, 42, and 49 (the Southern Caspian), there is also a decreasing trend that lies on the average power density values of 100–200 W/m2. We found that boxes 22 and 27 and surrounding areas in the eastern part of the Middle Caspian have relatively high average values of power density and the highest positive rates of interannual changes, which makes them ideal locations for future offshore wind farm development. Figure 12B can be practically used for assessment of different locations of the Caspian Sea for efficient production of wind energy.




5. Conclusions


The results of this study showed that two-thirds of the area of the Caspian Sea has a wind power of 200–300 W/m2, which is a relatively high level for wind energy production (Figure 7B). This area is located in the Northern and Middle Caspian Sea and it is pressed against the eastern coast of the sea. As was already mentioned in [12], there is an increase in wind power from the shore to the shelf break. Figure 8 shows exactly this distribution of wind power along all coasts of the Caspian Sea, with some places in the Northern Caspian where there is a high gradient of wind power between the shore and offshore, when wind power can change from 0–50 W/m2 to 250–300 W/m2 at a short distance.



From the wind farm construction point of view, the Northern Caspian seems to be an ideal place because of the high level of wind power and shallow depths, which are on average 5–6 m. However, the main problem will be an ice cover, which is established yearly in the eastern part or the whole area of the Northern Caspian [55,56]. The ice cover is always in motion due to wind forcing, which sometimes leads to ice hummock formation (stamukhi). Stamukhi are usually so thick that they reach the bottom and can cut the bottom surface along several kilometers. Both features—moving ice fields and stamukhi—will represent a real danger to offshore wind turbines, bottom cables, and the substations. Recently, we have observed great interest in weathervaning technology for floating offshore wind turbines (FOWT), which can significantly increase the efficiency of offshore wind farms [57]. This refers to the ability of the entire floating structure (composed of a floater and a turbine) to be passively aligned along the wind direction so that the rotor is set perpendicular to the incoming wind direction. This is achieved by allowing the floating structure to rotate freely over the pivot point anchored at the bottom with which the floating structure is connected by a steel cable or chains. This sophisticated and very expensive construction will not help much in the ice conditions because the floater will be aligned along the direction of ice field movement, which is affected by currents as well. Steel cables and chains connecting the floater with the bottom anchor (pivot point) will not withstand the pressure of the ice field.



Thus, the Middle Caspian seems to be the best place for wind farm construction. Its average depth is of 190 m; this is why it can be suggested that the best place will be shallow coastal areas along the coast of Kazakhstan between Fort-Shevchenko (44°30′N) in the north to 42°00′N in the south, which is almost the border with Turkmenistan. This area displays positive interannual trends in wind power density, which is also an important factor for future wind energy generation. This place can be supported by the related infrastructure that can be established in the cities of Fort-Shevchenko and Aktau.



As concerns the other Caspian Sea countries, the coastal areas of Turkmenistan, Iran, Azerbaijan, and Dagestan in Russia are not prospective for offshore wind power generation due to low values of wind power density. The western coastal areas of Russia northward of 44°30′N are much more prospective, but this is the place where ice cover issues appear and a decreasing trend is observed. The solution of this problem is to investigate the onshore wind power generation along the coasts of the Caspian Sea, which is out of the scope of this paper but seems to be a logical continuation of the present research. In many coastal areas, topographic features generate local strong winds, which can be used for effective wind power generation.
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Figure 1. The Caspian Sea Bathymetry. 
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Figure 2. The relationship of probability density f(t) with shape and scale factors: (A) Effect of scale factor on probability. (B) Effect of shape factor on probability curve. (C) Frequency of shape and scale factors and their effect on probability function. 
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Figure 3. Time variability of wind speed (m/s): (NCS) Northern Caspian, 2000–2009, ERA-Interim and QuikSCAT; (MCS) Middle Caspian, 2000–2009, ERA-Interim and QuikSCAT; (SCS) Southern Caspian, 2000–2009, ERA-Interim and QuikSCAT; (MCS_RS) Middle Caspian, January 2014–November 2015, ERA-Interim and RapidSCAT; (SCS_RS) Southern Caspian, January 2014–November 2015, ERA-Interim and RapidSCAT. 
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Figure 4. Average wind speed over the Caspian Sea over 37 years (1980–2015) based on the ERA-Interim, QuikSCAT, and RapidSCAT data. 
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Figure 5. Seasonal (monthly) variability of an average wind speed over the Caspian Sea over 37 years (1980–2015) based on the ERA-Interim, QuikSCAT and RapidSCAT data. 
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Figure 6. Monthly mean seasonal variations of wind speed (m/s) and standard deviation (m/s) in the Caspian Sea for 1980–2015. 
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Figure 7. (A) Average wind power density (W/m2) for 1980–2015; (B) Wind power density range gradation (W/m2) for 1980–2015. 
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Figure 8. Seasonal variations in wind power density in the Northern Caspian Sea for 1980–2015. Winter—December, January, February; spring—March, April, May; summer—June, July, August; autumn—September, October, November. 
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Figure 9. Seasonal variations in wind power density in the Middle Caspian Sea for 1980–2015. 
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Figure 10. Seasonal variations in wind power density in the Southern Caspian Sea for 1980–2015. 
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Figure 11. Mann–Kendall trend for wind speed (A), Mann–Kendall trend for shape factor (B), Mann–Kendall trend for scale factor (C), Mann–Kendall trend for power density (D), significant Mann–Kendall trend for wind power density (E), median trend for wind power density (F) for 1980–2015. 
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Figure 12. Wind power density and the trend of wind power density changes in the Caspian Sea (A); Changes in each profile’s wind power density and scale and shape factors on a monthly basis from 1980 to 2015 (B). 
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Table 1. Statistics for wind speed derived from the QuikSCAT and ERA-Interim data for the Northern, Middle, and Southern Caspian.
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Part

	
Satellite

	
Mean (m/s)

	
SD (m/s)

	
MIN (m/s)

	
MAX (m/s)

	
CC (m/s)






	
Northern Caspian

	
QuikSCAT

	
5.26

	
0.48

	
3.08

	
8.93

	
0.75




	
ERA-Interim

	
4.37

	
0.43

	
2.7

	
5.82




	
Middle Caspian

	
QuikSCAT

	
6.56

	
0.6

	
4.29

	
8.85

	
0.83




	
ERA-Interim

	
5.84

	
0.53

	
4.13

	
6.69




	
Southern Caspian

	
QuikSCAT

	
6.45

	
0.6

	
0

	
10.35

	
0.59




	
ERA-Interim

	
6.09

	
0.55

	
5.35

	
6.65
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Table 2. Statistics for wind speed derived from the RapidSCAT and ERA-Interim data for the Middle and Southern Caspian.
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Part

	
Satellite

	
Mean (m/s)

	
SD (m/s)

	
MIN (m/s)

	
MAX (m/s)

	
CC (m/s)






	
Middle Caspian

	
RapidSCAT

	
6.41

	
1.54

	
3.97

	
7.52

	
0.67




	
ERA-Interim

	
6.15

	
0.89

	
4.43

	
5.6




	
Southern Caspian

	
RapidSCAT

	
5.22

	
0.85

	
3.67

	
7.2

	
0.37




	
ERA-Interim

	
4.61

	
0.51

	
3.71

	
5.84
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