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Abstract

:

Solar energy is one of the most promising sources of energy that could be used to address distributed supply problems. Global warming and decarbonization are significant global concerns, particularly for countries that are not fossil fuel providers. This paper presents a study focused on Spain, a country with a favorable location with respect to horizontal irradiance. The study addresses the future energy demand forecast and how photovoltaic energy could supply an important part of electricity needs. Our approach focuses on two analyses. First, several traditional statistical techniques are discussed in order to obtain a model that best suits Spanish energy demand forecasts for the future years. Different algorithms are compared in order to determine which is the most appropriate for the considered purpose. Second, the evolution of solar photovoltaic technology in Spain is analyzed. The latitude of Spanish cities makes them suitable for utilizing this kind of technology. In this sense, seasonal and monthly trends are identified with high levels of detail, considering a large historical dataset. The increase of the capacity of electricity generation based on this procedure is evaluated. Finally, a discussion about matching electricity demand forecasts and photovoltaic production is offered. Considering the selected model for the photovoltaic power of Spain, from  5  to   42   GW in 2030, the Spanish production is determined as   81   TWh. The obtained results suggest that a possible energy transition is feasible. However, some challenges have to be considered, such us the design of an effective strategy to store excess energy produced when generation is higher than electricity demand. In this way, the electrical distribution system could be fed by the stored energy when solar energy production is deficient.
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1. Introduction


One of the most important concerns in sustainability relates to energy sources and how they are managed. Currently, 85% of global energy supply is dependent on fossil fuel [1]. In Europe, this percentage is   74 %  , as depicted in Figure 1. Most of the fossil energy comes from oil (  34 %  ), followed by coal and gas. The decarbonized share (hydraulic, nuclear, and renewable) represents only   15 %  , a value that reaches   26 %   in Europe. Decarbonizing this mix is a significant challenge.



The case of China is remarkable: it is a key developing country towards decarbonization, with a weight equivalent to a quarter of the planet’s primary energy. It has an energy mix strongly based on coal (with a share of   58 %  ), which will hinder global objectives. Last year, China increased its coal demand by   85   Mtoe, accounting for one-fifth of the global growth of   391   Mtoe.



Since the 1970s, the energy industry has been dominated by oil; however, it is now evolving exponentially towards a model based on greater use of electricity and energy of renewable origin. The association of the electrical sector, Eurelectric, proclaims that in order to reach the targets of the Paris Agreement on Climate Change [2], the European Union would have to achieve   60 %   electrification of its energy before 2050.



Such an evolution will need, first, a massive digitalization of electricity grids; second, to reach a degree of maturity in renewable technologies; and third, the development of energy storage at reasonable costs, which will allow the incorporation of renewable electricity even in the transport sector, something which has yet to be imagined.



Figure 2 shows the most relevant elements that allow a greater rate of electrification of society, and their states of maturity. The evolution of electrification, in the form of an exponential curve, is determined by key milestones, such as the deployment of smart meters, the maturity of technologies, and daily and seasonal storage based on hydrogen. In this regard, growth in global electrification has been significant, with an increase of   938   TWh in   2018  .



As depicted in Figure 3, the planet has achieved 35% decarbonized energy (hydro, nuclear, and renewable). The global electricity mix continues to have a high predominance of coal and gas. China also continues to have a disproportionate weight of the total produced electricity based on coal. This implies a negative effect on the speed of decarbonization of the global economy.



In this context, the concept of smart cities has appeared. Smart cities are labelled as such when they adapt to the principles of sustainability and improve citizens’ living conditions by taking advantage of existing technological advances [3]. In Europe, initiatives such as the Covenant of Mayors, promote energy transition in a group of around 7800 cities that represents more than 252 million inhabitants. This is the most significant global initiative and is based on the premise that the cities concentrate on three-quarters of final energy consumption and therefore emissions of greenhouse gases. The fundamental strategy to displace the consumption of fossil energy in cities is based on its substitution by renewable sources, and mainly solar energy.



In this international context, Spain faces up an important challenge: to couple its economic growth with its decarbonized electricity generation. In this sense, this paper proposes an analysis of an expected scenario: the future Spanish electricity demand and how to cover it with renewable electricity energy sources. This approach requires the study of the electricity demand forecast for the next 30 years and the identification of renewable energy sources that could match this demand. Our study focuses mainly on solar energy generation due to the geographical situation of Spain.



This paper is organized as follows. Section 2 introduces the problem of matching solar electricity generation with electricity demand. The case of Spain is specifically considered. A first challenge on energy forecasting pursuits the most suitable algorithms to forecast the electricity demand and provision for coming years. Section 3 analyzes the application of some techniques for determining a model for the monthly trend of the global horizontal irradiance. A discussion about the obtained results is provided in Section 4. Finally, Section 5 provides some conclusions.




2. Materials and Methods


2.1. Stationary Forecasting Models


There are many studies related to forecasting electricity demand in the literature. In this section, a brief review of the state of the art in this field of research is presented. A comparison between methodologies and objectives is considered.



In [4,5,6], various techniques for forecasting electricity demand for efficient management and planning of the energy system are presented. The advantages and disadvantages of demand forecasting in electric power systems are described. For the forecasting of electricity demand, techniques based on time series analysis and artificial intelligence are used.



Although time series techniques have been mostly used in the literature, recently forecasting techniques have evolved to include several regression types, such as exponential smoothing, least squares, mobile and stochastic mean, and neural networks [7,8,9].



In [10,11,12], the analysis of long-term forecasts is discussed. Scenarios with centralized and decentralized long-term electricity demand models are discussed. Projections based on demography and economics are made.



Other authors [13,14,15] propose methods for medium-term forecasts. This approach is proposed in order to minimize the error in the demand forecast. A correlation between temperature and electricity demand is identified. The related models are based on decomposition methods taking into account the climatic seasonality.



The authors of [16,17] present techniques for short-term forecasts. The use of combined models provides a great improvement in the accuracy. The strategies are based on the use of methods with seasonal adjustment and regression.



Finally, some authors [18,19,20] propose the construction of tight scenarios, based on gross domestic product (GDP), population, and large volumes of data.



Among all of these approaches, the use of time series analyses is common and has attracted the interest of many researchers [21]. Time series methodology is based on the identification of patterns according to a data analysis process. The synthesized models may predict trends and future patterns with low estimation error.



Many time series models show seasonal behaviors, such as those linked to economic, climatic, or temperature cycles. An example of this kind of time series model is an electricity demand model throughout one year, which is largely influenced by the temperature effect.



Our research aims to forecast the electricity demand for Spain based on the analysis of historical data. This forecast must identify trends and other kinds of effects, such as the influence of the economy and energy efficiency. Our approach proposes a monthly scope, considering influence of the seasons. In this sense, the climate plays an important role, presented as a series of related stochastic models that reflects the evolution throughout the months of the year. Electricity generation based on renewable energy (such as solar) has a strong feature of intermittency. This characteristic currently constitutes a challenge for guaranteeing supply. According to this approach, adequate storage mechanisms have to be considered. This issue is still unresolved.



The observation of the past provides a first conclusion about the electricity demand in Spain. There is a strong dependence on temperature, with different patterns seen throughout the year. Figure 4 shows a time series, based on the observation of Spanish monthly electricity demand from 1990 to 2018 [22], which shows how the demand series could have been associated with a univariate model, with exclusive dependence on the temporal variation. However, when sufficient temporary observations have been obtained, also incorporating values with monthly level of detail, the presence or absence of seasonal and cyclic behaviors is observed within the trend.



We can infer that the previous time series has at least three effects: a first effect caused by the trend that characterized the long-term evolution; a second effect of seasonality, with variations over a period that in our example is a year; and, finally, a third effect that describes medium-term oscillations over the trend. These three effects constitute the long-term demand forecast curve. This curve is represented in the previous figure by a dashed line and designated “Forecast”.



The flattened trend shown in the last decade is remarkable. This effect is caused by the increase of the energy efficiency developed in the last decade. However, according to the economic growth that Spain is experiencing, the close future electricity demand is going to follow the depicted trend.



The increasing linear trend of this series, shown by the red line, presents a long-term evolution, with an increasing slope based on the forecast equation. This analysis has considered   348   values corresponding to peninsular electricity demand in Spain, during the last decade.



The identification of a predictive model could be undertaken according to the historical data. The model has to be trained, in order to provide a satisfactory forecast, meeting the specified prediction interval, with minimal error in the training phase. We can synthesize this process by following the diagram shown in Figure 5.



It is possible to add closer projections, such as the forecast of the monthly electricity demand in the year 2019, using what happened between the years 2010 and 2018 as a reference. For this purpose, a Holt–Winters forecasting model [23] can be used. This model is suitable for series that have a marked seasonality. This is an exponential smoothing model, which uses up to three smoothing variables, ( α ,  δ , and  γ , with values between  0  and  1 ), in their additive and multiplicative versions. Equation (1) describes the model (   F t   , Forecast ( t  period or later)).


   F t  =  (   L  t − 1   +  T  t − 1    )   S  t − s   ,  



(1)




where    L  t − 1     represents the level observation of the previous time series (  t − 1   period). Consequently,    L t    represents the level observation of the current time series (period  t ):


   L t  =   α  A t     S  t − 4     +  (  1 − α  )   (   L  t − 1   +  T  t − 1    )  ,  








where    T  t − 1     describes the trend observation of previous time series (  t − 1   period) and    T t    describes the trend observation of the current series:


   T t  = δ  (   L t  −  L  t − 1    )  +  (  1 − δ  )   T  t − 1   ,  








where    S  t − s     represents the seasonal observation of the previous series (  t − s   period),  s  being the number of periods considered in a cycle.    S t    represents the seasonality of the current series:


   S t  = γ    A t     L t    +  (  1 − γ  )   S  t − 1   ,  








where    A t    represents the current observation ( t  period).



In the period 2010–2108 we can see that a seasonal component is repeated. By means of the application of the exponential smoothing technique, we can derive a forecast that seasonalizes this demand with a better approximation. Figure 6 shows the detail of the monthly behavior within each year, identifying the effects of temperature and work activity.



In the historical data shown in Figure 6, we observe a decreasing trend, in the red line, and a seasonal component, according to the months of the year. As can be seen, the Holt–Winters method can be used for series with a marked seasonality.



The analysis procedure begins by eliminating the influence of seasonality on demand: the monthly value is divided by the seasonality factor. This seasonality factor is obtained as a quotient of the average demand centered on the monthly data and normalized demand, so that the sum of factors is equal to   12  . Seasonality factors greater than one show expected behaviors above the average and vice versa. The result of this calculation is shown in Table 1. This technique allows historical demand to be translated into nonseasonal demand, which shows the trend (Figure 7).



The method tries to find optimal values for  α ,  δ , and  γ  by minimizing the quadratic error. Using the technique of least squares for the demand without seasonality, we obtain the parameters  a  and  b  (Equation (2)) that characterize the trend of the monthly nonseasonal values:   y = a x + b  .


      a =     ∑   i = 1  N   x 2    ∑   i = 1  N  y −   ∑   i = 1  N  x   ∑   i = 1  N  x y   N   ∑   i = 1  N   x 2  −    (    ∑   i = 1  N  x  )   2        b =       N   ∑   i = 1  N  x y −   ∑   i = 1  N  x   ∑   i = 1  N  y   N   ∑   i = 1  N   x 2  −    (    ∑   i = 1  N  x  )   2     



(2)







This results in   a   =   − 7.9183   and   b   =   21.285  .



For the case of Spanish demand in 2018, the model used smoothing coefficients   α   =   0.6  ,   δ   =   0.5  , and   γ   =   0.2   for the level, trend, and seasonality, respectively. The trend equation of nonseasonal monthly values of the past can be expressed by   y   =   − 7.9183 x   +   21.285  .



The smoothing of seasonality yields an interesting observation: the summer months of July and August, and the winter period between December and March, receive upward corrections, while the remainder are reduced, by applying a smoothing factor less than one.



Following the flow depicted in Figure 5, the model can be trained, as detailed in Table 2. With the 2010–2017 period, a predicted monthly value of demand for 2018 is obtained. The comparison of the predicted value with the real value indicates the suitability of the method. A small error can be observed both in absolute and relative terms. It can be concluded that the model fits reasonably well for the year 2018, so a projection for 2019 can be proposed.



To estimate the monthly demand for 2019, we continue using the least squares technique, projecting the level, and then adding the trend and re-seasoning by period.



The results of the execution of this process are depicted in Figure 8, Figure 9 and Figure 10. The projection is compared by applying two historical series scenarios: the first takes the last 3 years, recommended for short-term series; the second takes 10 years, which represents greater robustness for medium forecasts.



If we focus on the 2019 analysis exclusively, the error contributed by the first scenario is slightly lower (  − 0.29 %  ) than the error obtained with the training done in 2018 (  − 0.36 %  ). In this case, the alpha, beta, and range adjustment factors have remained constant. We could have carried out a process of greater adjustment, trying to obtain a variation of less than   4 %   or   5 %  .



Another advantage of the Holt–Winters model is that it allows us to adjust the forecast as the actual data appears. This new real data will correct the series, making this method a dynamic forecast update process.



The seasonality, or short-term movement, is reflected by the saw tooth pattern observed when viewing the monthly data. The cycles are observed on at least three occasions, considering multiannual periods. These cyclical variations over time may have a predictable character, which is shown in Figure 11 with an associated forecast



As a conclusion, considering the case under study (Spain), the Holt–Winters model was selected for obtaining a good demand forecast.




2.2. The Sun as a Renewable Electricity Source


Most of the sources of renewable energy are ultimately based on the Sun. Our Sun radiates to Earth   174    PW (  1.74 ×   10   17     watts) of energy per hour. This energy results from a nuclear fusion process that happens at more than   15   million  ° C inside the solar nucleus. This process transforms hydrogen into helium. This huge amount of received energy over millions of years has also caused the transformation of biomass into underground reserves of fossil fuels.



The Earth receives energy from the Sun in the form of radiation through interstellar space and the atmosphere. The solar constant,   1.361   W/m2 (or   1.95    cal/(cm2min)) represents the receipt of solar energy per unit of time and surface, although it will differ depending on the station and position of the solar collector.



Historically, man’s habits have been adopted perfectly to the daily solar cycle. Man’s activity is centered in daytime hours, leaving the energy consumption unresolved at dusk (Figure 12).



The different latitudes of the Earth receive, according to their position with respect to the Sun, different irradiation of energy per square meter. The greatest intensity is concentrated in the zones located at the equator, at latitude   0 °  .



Figure 13 shows the dependence of the azimuthal movement of the Sun on different variables such as latitude, orientation with respect to north, and the seasons of the year. In this way, we can compare the irradiation and solar production of a one-kilowatt installation in different latitudes. In the figure, several cities are represented, in different hours of the day and in different seasons (winter, summer, and vernal and austral equinox).



In just one hour, the Sun produces more energy than the current needs of the Earth in a year. The Earth receives   23,000   TW/year, a thousand times more than the predicted needs of the planet by 2050 [25]. Thus, the Sun holds significant potential for meeting energy demand, without emission of greenhouse gases and with a minimum variable cost.



Accordingly, the most significant advance in the use of solar energy has been the discovery of the photovoltaic effect. Photovoltaic cells can absorb photons of light, emitting electrons and holes (negative and positive free charges); in other words, electricity [26].



The material used, silicon (Si), represents more than a quarter of the Earth’s crust and is the second most abundant element, after oxygen. A solar cell has a useful lifetime that can exceed   25   years without loss of power, producing in this period between   10   and   20   times the energy used in its manufacture. Recent innovations have led to cost reduction and efficiency improvement. These features, aligned with the sustainable development goals, have fueled the advance of this technology. During the past decade, the price of photovoltaic panels per watt have declined at a compound annual growth rate (CAGR) of   16 %   (Figure 14) [27]. According to this observation, we can infer an analogous trend to that which is stated by Moore’s Law, the so-called Swanson’s Law [28]. This law declares that the solar cell price has fallen by   20 %   each time the volume of world solar cells sales has doubled. Last year, photovoltaic prices were   25 %   cheaper than two years earlier (Figure 14). Solar energy has reached a total investment of USD   161   billion, with growth of   18 %   year-on-year.



On the other hand, the efficiency improvement is limited to a rate of approximately   33.7 %   [29]. The technical procedure that photovoltaic cells use to transform light energy are based on the properties of silicon. In order to perform this process, a very high degree of purity is required. The purer the silicon, the more efficient the process. Figure 15 shows the evolution of the module efficiency according to the level of purity of silicon (between   16 %   for amorphous silicon and   24 %   for monocrystalline silicon).



In 2018, the world produced more than   488   GW of photovoltaic power. Figure 16 depicts the evolution of photovoltaic cumulative installed capacity and the annual addition. Each year has seen an increase of photovoltaic capacity of almost one-third of the capacity of the previous year. A share of   83 %   of this new photovoltaic solar capacity is concentrated in   10   countries, with the greatest concentration in China (Figure 17).



Figure 17 shows the cumulative power in China, of   175   GW, in 2018. It represents the   30 %   of investments in clean energy with   $ 100   billion.



The   488   GW of photovoltaic power installed globally yielded electricity production of   585   MWh in 2019, as can be seen in Figure 18.




2.3. Case Study: Spain


In 2018, Spain produced more than  7  GW of photovoltaic power, representing 14% of total renewable installed capacity. Figure 19 depicts the evolution of the cumulative photovoltaic installed capacity and the annual addition in Spain. A strong effort was made in 2008, based on the Spanish Royal Decree 661/2007, published on 26 May 2007, that regulated the production of electricity under a special regime of tariffs. After the Spanish reform of the support scheme for solar energy (September 2013), photovoltaic capacity deployment fell from the previous year. A share of   65 %   of Spanish photovoltaic solar capacity is concentrated in three regions, namely, Andalucía, Extremadura, and Castilla la Mancha (Figure 20).



Figure 20 shows the distribution by region of renewable and solar generation in Spain in 2018. Renewable generation accounted for 38% of total electricity generation. Of this generation, installed solar power of 7 GW yielded electricity production of 12,183 GWh, or 5% of the total electricity from renewable production (Figure 20; Figure 21).



In terms of solar energy, Spain occupies the 10th-ranked position globally. However, Spain has suffered a slowdown in this sector mainly due to the regulatory oscillation that has generated investment uncertainty. Spain’s latitude has an irradiation value of   1.800   horizontal kW/m2, reaching   2.300   kW/m2 under the best tilt conditions. Using one of the tools offered by the European Commission’s science and knowledge service, the Joint Research Centre (simulator https://goo.gl/3kuaax), for the geographical position of Seville (latitude   37.429 °   and longitude   − 6.004 °  ), Spain could produce annually up to   1660   kWh per installed photovoltaic megawatt. Considering the size of the country, the annual reception could be   2141   kWh/m2, with a maximum of   235   kWh/m2 in July, and a minimum of   122   kWh/m2 in December, as depicted in Figure 22.



Solar irradiation can be considered as the fundamental basis of future sustainable energies. Southern Spain (latitude 37° N) occupies a privileged situation in terms of solar irradiation. This feature will allow Spain to take advantage of this energy source with greater performance than in any other country in Europe. Spain needs to develop, from now until 2030, approximately one-tenth of the power deployed worldwide, about   42   GW. At this moment, Spain’s photovoltaic power is around  7  GW. More than 80% of its installed capacity is in large plants (utility scale), which have advantages of reliability and efficiency at a lower cost.



Comparing the installed photovoltaic and solar capacity shows a high and predictable degree of seasonality. This variability is caused mainly by meteorological effects which are suited for analysis using big data and machine learning techniques. The MERRA [31] and MERRA-2 [32] projects are two initiatives of the National Aeronautics and Administration (NASA) focused on this issue. Based on this analysis, the European Climatic Energy Mixes (ECEM) and Copernicus Climate Change Service (C3S) demonstrator [33] propose simulation tools. One such tool is focused on visualization of climate and energy variations in Europe, covering both historical evolution, as well as seasonal and long-term forecasts based on EURO-CORDEX (Coordinated Downscaling Experiment-European Domain) simulations [34].



Using a dataset of climatic variables collected in Figure 23 for Spain (temperature, rainfall, solar radiation, wind speed, sea level pressure, etc.) it is possible to design a strategy of mixing renewable energy sources (solar, wind, hydroelectric, etc.) that could match its electricity demand. According to this consideration, Figure 24 depicts the evolution of solar electricity production (TWh) and the global solar irradiation (W/m2) in Spain for the period from 2007 to 2018. It is possible to identify a clear correspondence of both curves. A cyclical feature can be observed in the form of a peak every summer. This identification lets us build a forecast with a high level of accuracy.



Once this correlation between solar electricity production and global irradiation has been identified, a deeper approach has to be considered in order to obtain an analytical forecast. Thus, Figure 25 shows the evolution of energy production (TWh) of different solar technologies (thermal and photovoltaic) compared with global horizontal irradiance (Wm2). The graph illustrates the evaluation for a period of three years, with a monthly resolution.



A constant tendency of production can be inferred, where cyclically moves between the maximum irradiation in summer months and the minimum irradiation in winter months.



The solar energy supplied to the system accounts for a low percentage:   3.3 %   solar photovoltaic and   2.2 %   solar thermal. Furthermore, the latter still has a low degree of economic maturity, due to the levelized cost of energy (LCOE) of between   $ 98   and   $ 181   [35]. This cost is far from the current photovoltaic LCOE of   $ 40 – $ 46  . Hence, we focused our study on solar photovoltaic energy. In Section 3, a model of solar irradiance is presented. With the obtained model, the effect of the photovoltaic power input can be verified to accurately obtain the production available for future months and years.





3. Results


The challenge of sustainability is not only based on an efficient use of energy, but also to ensure that the energy supply comes from CO2‑free energy. This is the response from the energy sector to the challenge of global warming raised in the Kyoto Protocol. Electric power can be obtained from sources of renewable and inexhaustible origin. These sources depend on the climate and, consequently, on weather conditions. The variability of wind, sun, or rain causes a lower availability in comparison with nonrenewable energy sources. These climatic variables could be described by a deterministic model. A scheme or pattern of cyclical behavior and a constant trend over time could be determined. This identification could help to predict the future. However, irregular oscillations may appear in the models. In this section, we propose a study based on the application of several traditional statistical techniques based on historical data of solar irradiance. Our objective is to determine the most accurate irradiation model.



The information represented in Figure 26 is provided by two European projects (mentioned in the previous section): ECEM and C3S. The record of the last decade, between   2008   and   2018  , with   t = 120   months, shows us the climatic cycles that allow us to predict time series. In our analysis, the prediction is focused on the period   t   +   1   with the information of  t  previous periods.



Sun irradiation is determined by seasonal variations around a trend. These variations are repeated over time, although in certain cases we can see irregular and unpredictable movements that will form the basis of errors.



The described behavior, with interannual cyclical variation, allows us to measure the degree of coverage of future demand based on the installed capacity.



In order to identify the correlation between this behavior and electricity demand, we can use several models based on time series. Some authors [36] classify these models according to the estimation period: short, medium, and long term.



To the extent that we focused on time horizons from short to long term, we had to incorporate seasonal phenomena that may appear to be derived from working days or temperatures.



Three techniques are considered in this paper in order to identify the model that best fits solar irradiation.



3.1. Linear Trend


The linear trend model is commonly used due to its simplicity. By means of a mathematical expression, it relates two variables: one of them an independent variable, which in our case is the time period, represented on the  x  axis; and a second variable that has a dependent response whose representation will appear on the  y  axis. Once the intersection and slope values are known, we can predict the variable observed in a later period; Equation (3). Figure 27 shows an example of a linear trend applied to solar irradiation.


   I t  = m t + b ,  



(3)




where:


  m =     ∑   i = 1  N   (   t i  −  t ¯   )   (   A i  −  A ¯   )      ∑   i = 1  N     (   t i  −  t ¯   )   2     










  b =  A ¯  − m t .  












	
   I t     , irradiation ( t  period or later);



	
 b , intersection of  y  axis;



	
 m , slope;



	
   t i   , temporal period under study;



	
  t ¯  , average of current periods;



	
   A i   , current observation;



	
  A ¯  , average of current parameters.









3.2. Simple or Weighted Moving Average


The simple or weighted moving average is another simple procedure used with temporal series. It uses the historical information of the observed variable to generate a model, under the premise that the past is key to predicting the future. It is suitable for series without a marked trend or seasonal variations. Equation (4) describes the simple moving average, while Equation (5) describes the weighted moving average (Figure 28).


   I t  =    A  t − 1   +  A  t − 2   +  A  t − 3   + ⋯ +  A  t − p    p  ,  



(4)






    I t  =  w 1       A    t − 1   +  w 2   A  t − 2   +  w 3   A  t − 3      1 =  w 1  +  w 2  +  w 3  ,   



(5)




where:




	
 n , number of periods;



	
   w i   , weight  i ;



	
   I t   , irradiation ( t  period or later);



	
  p ,   number of periods to average;



	
 t , temporal period under study;



	
   t ¯  :   average of current periods;



	
  A :   current observation;



	
   A  t − 1   :   current observation (  t − n   period).









3.3. Simple or Adjusted Exponential Smoothing (Double Exponential or Holt–Winters Method)


The simple exponential smoothed model is the most used modelling method due to its simplicity and advantages. It does not need a large volume of historical data, since the observations are updated with the most recent changes. Its simple formulation (Equation (6)) is based on an exponential model, with greater precision than a linear model. In addition, among its advantages, it makes it possible to give more importance to recent contiguous observations by means of alpha smoothing coefficients ( α ). These values will be between  0  and  1 . A value   α   =   1   means that the model is equal to the current value. High values of this coefficient give more importance to recent observations. Low alpha values give significance to older observations.


    I t  = α    A  t − 1   +  (  1 − α  )   I  t − 1       I  t − 1   = α    A  t − 2   +  (  1 − α  )   I  t − 2       I t  = α    A  t − 1   +  (  1 − α  )     [  α    A  t − 2   +  (  1 − α  )   I  t − 2    ]      I t  = α    A  t − 1   +  (  1 − α  )     [  α    A  t − 2   +  (  1 − α  )   {  α    A  t − 3   +  (  1 − α  )   I  t − 3    }   ]      I t  = α    A  t − 1   +  [   (  1 − α  )  α  ]     A  t − 2   +  [   (  1 − α  )   (  1 − α  )  α  ]     A  t − 3   +    (  1 − α  )   3     I  t − 3   … ,   



(6)




where:




	
   I t   , irradiation ( t  period or later);



	
   I  t − n    , irradiation (  t − n   period or later);



	
   A  t − n    , current observation (  t − n   period);



	
 α , smoothing coefficient.








The exponential method with adjustment to the trend (Equation (7)) requires an additional parameter of smoothing. Let us call it delta    ( δ )   , with an expected value between  0  and 1. A high value of  δ  responds more broadly to changes in trend; a lower value applies a greater degree of smoothing. This model is also known as Holt–Winters smoothing.


   M I  T t  =  I t  +  T t      I t  =   M I  T  t − 1   + α  (   A  t − 1   − M I  T  t − 1    )      T t  =    T  t − 1   + δ  (   I  t − 1   − M I  T  t − 1    )  ,   



(7)




where:




	
   T t   , trend with exponential smooth ( t  last period);



	
  M I  T t  ,   Model Included Trend ( t  last period).








Figure 29 depicts the application of the exponential and Holt–Winters smoothing to global horizontal solar irradiation.




3.4. Comparison of the Different Techniques


In order to assess which technique best fits global horizontal irradiance, two metrics were selected: mean absolute error (MAE) and mean square error (MSE). Figure 30 shows a comparison of the different techniques evaluated for global horizontal irradiance modeling. In the cases of both MAE and MSE, the Holt–Winters algorithm offers the best results.





4. Discussion


The global horizontal irradiance model and power production based on thermal and photovoltaic power are strongly dependent on the climate. This effect adds an intermittent component, with daily and seasonal cycles that are predetermined by the position of the earth with respect to the sun. This directly affects the ability to continuously match future energy demand. To calculate this production, several methods are used using the mathematical models described above. The Holt–Winters model offers the best results according to the MAE and MSE metrics.



Considering the Holt–Winters model for the photovoltaic power of Spain, from  5  to   42   GW in 2030, Spanish production will be   81   TWh. However, some power oscillations must be considered: from   3    to    11   TWh in months of lower and higher solar irradiation, respectively, as depicted in Figure 31.



With this scenario of operating hours, we can compare what would happen at three different points in time as an example, namely, the years 2020, 2025, and 2030 (Figure 32). As can be seen, photovoltaic energy will increase continuously, maximizing the electricity production based on solar irradiance in Spain (Figure 32a). The seasonality of the solar irradiance requires consideration of the period of the year with less irradiation, such as winter. Thus, strategies should focus on energy backup supplies with low emissions (combined cycle with CO2 capture) and high seasonal energy storage (pumping, flywheels, H2 electrolyzers, etc.) that allow maintaining demand from renewable sources produced at other times of the year (Figure 32b).



Although this study has addressed how the future energy demand could be satisfied by solar energy production, it has focused on yearly and monthly forecasts and climate trends. In this sense, a deeper approach must be considered according to the variability of solar irradiation conditions during the day.



Figure 33 shows how the daily potential of solar generation is correlated to the latitude, the hour of the day, and the season. Several European cities are compared to Spanish cities. As can be seen, there is a significant difference between night and the central hours of the day. While there is maximum production at noon, the night hours represent null production. Among all the cities, the latitudes of Spanish cities are most suitable for this kind of energy. Furthermore, other unexpected influences should also be considered, such us weather conditions (clouds). In order to face the problem of the mismatch between energy demand and solar energy production, energy storage strategies have to be considered.



Energy storage is a key element, since it will allow recovering daily excesses of energy production, balancing the production between the central hours of the day with the night. It is not yet easy to store captured energy to be consumed in another period, as a stationary storage. A synthesis of the current classification of energy storage technologies is shown in Figure 34, according to [37]. The classification compares the energy capacities of each technology in relation to the storage time it allows. Special attention must be given to hydrogen-based energy, that has a remarkable capacity of energy with a long discharge time.



A traditional method to use the exceeded electricity energy is based on water pumping mechanisms. This strategy is profitable while the price of the electricity is low during off-peak hours. In 2018, pumping production in Spain produced only 2009 GWh. The consumption required to raise the water from the lower to the upper vessel for subsequent turbination was 3201 GWh. This represents an efficiency of 62.8%. The associated cost is around 5–100 $/kWh. However, this technology has not enough capacity to fulfil the variability of wind and solar electricity production. This lack of storage capacity could be covered with chemical energy storage systems. Table 3 shows a comparison of different energy storage technologies considering different features such as energy cost, efficiency, lifetime, etc.




5. Conclusions


In 2050, the planet will likely be affected by global warming and cities suffering from local pollution caused by burning fossil fuels in their environment, unless an unprecedented transformation effort towards clean technologies is made. The research presented in this paper addresses this challenge in Spanish cities, following three aspects:




	
A progressive substitution of fossil technologies for renewable methods, followed by an evaluation of the behavior of the new model based on a high percentage of these new technologies. Incorporating a low proportion of renewables has not yet caused problems for the security of the electricity supply, but each extra percentage point of renewable energy added exponentially increases the instability of the overall supply.



	
A robust forecast of electricity demand and solar energy production is highly important. The daily intermittency and seasonality of solar irradiation, at certain times of the year, means that the effort to reach the last   20 %   of renewable energy could be as important as having reached the first   80 %  .



	
In such a scenario, energy storage provides flexibility for energy consumption. Until the present decade, electricity has been consumed at the same time it is produced, forcing an effort to synchronize production and demand. Thermal technologies, characterized by their immediacy and high availability, have allowed this model, which now needs to be improved.








The results shown in this paper let us conclude that Spain has a big opportunity to face up to the decarbonation challenge. Its latitude makes the transition from electricity generation based on fossil fuel to solar energy possible.



Although the electricity demand forecast for Spain shows an increasing trend, it could be fulfilled by electricity generation based on solar energy. This assumption is based on two facts: first, the cost of the solar photovoltaic energy is performing a gradual decrease; and second, the variability of solar horizontal irradiation over a day could be complemented with the use of other renewable energies (wind or hydro) and with the use of storage technologies (batteries, hydrogen, etc.).



As renewable energy sources are becoming more prominent, the need for storage systems to compensate the lower availability of renewable resources is increasing. If further technical and economic development is not achieved in the present decade, the necessary flexibility will pass through the traditional energy options, such as maintaining thermal energy technologies, increasing expensive international electrical interconnections, or altering energy consumption patterns with management of demand restrictions in hours when renewable resources are not available.
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	Mtoe
	Million Tonnes of Oil Equivalent



	R2
	Coefficient of determination



	PI
	Prediction Interval



	AIC
	Akaike information criterion



	CAGR
	Compound annual growth rate



	ECEM
	European Climatic Energy Mixes



	C3S
	Copernicus Climate Change Service



	EURO-CORDEX
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Figure 1. Primary energy supply by source (2018, Mtoe). 
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Figure 2. Disruptive trends towards electrification demand. 
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Figure 3. World energy generation (2018, TWh). 
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Figure 4. Spanish electricity demand, trend, and exponential smoothing (25 years to date). 
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Figure 5. Conceptual framework of a forecasting system. 
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Figure 6. Spanish peninsular electricity demand (2010–2018). 
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Figure 7. Historic demand and seasonality. 
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Figure 8. Trend forecast and 2018 demand comparison. 
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Figure 9. Demand forecast for 2019 using 3 years of data. 
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Figure 10. Demand forecast for 2019 using 10 years of data. 
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Figure 11. Demand forecast 2019–2030. 
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Figure 12. Solar radiation monitoring by latitude (  37 °  , Seville) [24]. 
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Figure 13. Solar radiation monitoring by latitude (solar altitude angle, degrees). Blue line: winter; red line: summer; and green line: vernal and austral equinox). 
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Figure 14. Photovoltaic utility cost ($/W). 
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Figure 15. Photovoltaic module efficiencies [30]. 
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Figure 16. Global solar photovoltaic installation (GW). 
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Figure 17. Solar photovoltaic installation: 10 largest countries (GW and percentage share). 
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Figure 18. World annual solar photovoltaic (SPV) generated electricity (MWh). 
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Figure 19. Spanish solar installations (MW). 
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Figure 20. Renewable top regions (percent share, GWh, MW 2018). 






Figure 20. Renewable top regions (percent share, GWh, MW 2018).



[image: Sustainability 11 07112 g020]







[image: Sustainability 11 07112 g021 550] 





Figure 21. Spanish annual solar generated electricity (GWh). 
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Figure 22. Photovoltaic (PV) energy output (kWh) and in-plane irradiation (kWh/m2) (latitude   37.429 °  , longitude   − 6.004 °  ). 
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Figure 23. Wind, rain, and solar irradiation (m/s, mm annual, W/m2, respectively). 
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Figure 24. Solar production vs. global irradiation (2007–2018). Blue: solar photovoltaic; red: horizontal global irradiation; purple: minimum irradiation; green: maximum irradiation. 
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Figure 25. Production vs. solar radiation by month (2013–2016). 
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Figure 26. Monthly observation of sun irradiation. 
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Figure 27. Example of linear trend applied to horizontal global irradiation (W/m2). 
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Figure 28. Moving (a) and weighted moving (b) average applied to sun irradiation (W/m2). Continuous line, real data; dashed line, model. X axis: month/year. 
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Figure 29. Simple exponential smoothing (a) and Holt–Winters smoothing (b) applied to sun irradiation (W/m2). Continuous line, real data; dashed line, model. X axis: month/year. 
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Figure 30. (a) Mean absolute error and (b) mean square error (W/m2). 
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Figure 31. Photovoltaic energy forecast (2019–2030). 
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Figure 32. (a) Solar irradiation impact. Orange, SPV energy (TWh); yellow, solar thermal energy (TWh); red, solar irradiation (W/m2). (b) Simulation of electricity production in Spain, identifying different energy sources. 
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Figure 33. Daily solar generation based on season and latitude (kWh). 
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Figure 34. Storage technology power vs. time and applications. 
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Table 1. Seasonality factor.






Table 1. Seasonality factor.





	Month
	    Normalized    S t     





	January
	   1.092   



	February
	   1.006   



	March
	   1.021   



	April
	   0.924   



	May
	   0.956   



	June
	   0.976   



	July
	   1.059   



	August
	   1.014   



	September
	   0.966   



	October
	   0.959   



	November
	   0.989   



	December
	   1.039   



	Total
	   1.092   
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Table 2. Training the Holt–Winters model (error   < − 0.36 % ) .  
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	Month Number
	Month
	Demand (GWh)
	     L t     
	     T t     
	     S t     
	     F t   2018    





	   97   
	January
	   22,596   
	   20,626   
	   45.8   
	   1.09   
	   22,401   



	   98   
	February
	   21,275   
	   20,955   
	   187.4   
	   1.01   
	   20,800   



	   99   
	March
	   22,076   
	   21,428   
	   330.4   
	   1.02   
	   21,589   



	   100   
	April
	   19,926   
	   21,646   
	   274.1   
	   0.92   
	   20,099   



	   101   
	May
	   20,084   
	   21,369   
	(  1.4  )
	   0.95   
	   20,962   



	   102   
	June
	   20,332   
	   21,051   
	  ( 160.0  )
	   0.97   
	   20,848   



	   103   
	July
	   22,182   
	   20,926   
	    (  142.4  )    
	   1.06   
	   22,119   



	   104   
	August
	   21,981   
	   21,323   
	   127.3   
	   1.02   
	   21,070   



	   105   
	September
	   20,738   
	   21,467   
	   135.5   
	   0.97   
	   20,712   



	   106   
	October
	   20,294   
	   21,337   
	   2.9   
	   0.96   
	   20,718   



	   107   
	November
	   20,905   
	   21,215   
	    (  59.5  )    
	   0.99   
	   21,111   



	   108   
	December
	   21,175   
	   20,694   
	    (  290.4  )    
	   1.04   
	   21,975   



	
	
	253,563
	
	
	12.0
	254,404



	
	Forecast vs. Demand
	  (  841  )  
	
	
	% error
	−0.33%
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Table 3. Mechanical and chemical energy storage systems benchmark best and worst cases [38].
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Mechanical Energy Storage Systems

	
Chemical Energy Storage Systems




	

	
Mechanical

	
Li-Ion

	
Lead Acid

	
High Temperature




	

	
Pumped

	
CAES

	
Fly-wheel

	
NMC/LMO

	
NCA

	
LiFePo4

	
Titanate

	
Flooded LA

	
VRLA

	
NaNiCl

	
NaS






	
Energy density (Wh/l)

	
0.2–2

	
2–6

	
20–200

	
200–735

	
200–620

	
200–620

	
200–620

	
50–100

	
50–100

	
150–280

	
140–300




	
Power density (W/l)

	
0.1–0.2

	
0.2–0.6

	
5 k–10 k

	
100–10 k

	
100–10 k

	
100–10 k

	
100–10 k

	
10–700

	
10–700

	
150–270

	
120–260




	
Lifetime (years)

	
30–100

	
20–100

	
15–25

	
5–20

	
5–20

	
5–20

	
10–20

	
3–15

	
3–15

	
8–22

	
10–25




	
Depth of discharge (%)

	
80–100

	
35–50

	
75–90

	
84–100

	
84–100

	
84–100

	
84–100

	
50–60

	
50–60

	
100

	
100




	
Round-trip efficiency (%)

	
70–85

	
40–75

	
70–95

	
81–98

	
81–98

	
81–94

	
81–98

	
75–92

	
75–92

	
80–92

	
70–90




	
Self-discharge (% per day)

	
0.02–0

	
0–1

	
20–00

	
0.09–0.36

	
0.09–36

	
0.09–36

	
0.09–0.36
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