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Abstract

:

We evaluate the temporal complementarity in daily averages between wind and solar power potential in Chile using Spearman’s correlation coefficient. We used hourly wind speed and solar radiation data for 176 geographic points from 2004 to 2016. The results allow us to identify four zones: Zone A1 on the coast and in the valleys in the north of Chile between latitudes 18° S and 36° S, with moderate positive correlation; Zone A2 in the north Andes between latitudes 25° S and 33° S, with weak negative correlation; Zone B in the center-south part of the country between latitudes 36° S and 51° S with moderate negative correlation; and Zone C in the south, between latitudes 51° S and 55° S with null or weak positive correlation. On the one hand, the interannual analysis shows that Zone A1 keeps uniform correlation values with negative asymmetry, i.e., higher correlation values. On the other hand, there is positive asymmetry in most of the years in Zone A2, i.e., lower (or negative) values of correlation. Zone B shows an interannual oscillation of the median correlation, while Zone C shows a larger dispersion in the interannual results. Significance analysis shows that 163 out of the 176 points are statistically significant, while Zones A1, A2, and B have significant correlations, with Zone C being marginally significant. The results obtained are relevant information for further studies on the location of hybrid generation facilities. We expect our methodology to be instrumental in Chile’s energetic transition to a 100% renewable generation matrix.
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1. Introduction and Literature Review


There is abundant empirical evidence that shows the increase in mean global temperature on our planet is attributed mainly to the emission of greenhouse effect gases (GEGs) and is significantly caused by human activities, such as the combustion of fossil fuels [1]. Because of this, multiple countries have signed the Paris Agreement [2], committing to modify their electric energy generation matrices. This change aims to transition towards more sustainable and less polluting energy sources to mitigate the impact of climate change, together with meeting the emission reduction global goals.



The current trend in energy transition is moving from fossil fuels to renewable energy sources, such as photovoltaic solar and wind. This trend has been pushed forward by the constant reduction in the costs of renewable technologies, the expansion of energy markets, and the development of public policies promoting the transformation in the energy generation sector. It has been estimated that following the global policies, a 7.5 gigaton reduction of equivalent CO2 will be achieved by 2030, according to the latest update on the roadmap to achieve net-zero emissions [3]. The change towards solar and wind energy is expected to account for 5 Gt.



Chile, as a country, has the goal of having a completely renewable electric energy generation matrix by 2030. By this time, all the thermoelectric plants using coal are expected to have ceased operation. The country aims to duplicate the current variable renewable energy (VRE) generation capacity, such as photovoltaic solar and wind, from 12 gigawatts (GW) to 24 GW by 2030, being about 55% of the total projected installed capacity [4]. Given the variable nature of solar and wind sources, a significant increase in the storage capacity is expected, reaching about 13.2 GW by 2026. This increase will focus on using battery-based energy storage (BBES) in northern Chile.



Table 1 shows the current electric energy installed generation capacity for the central electric system in Chile, the “Sistema Eléctrico Nacional (SEN)”. Variable renewable energy (VRE) sources of solar photovoltaic and wind have about 25.2% and 13% shares, respectively [5]. It is expected that VRE will increase its share up to 55% by 2030, and the total share of renewable energy sources will increase from 63.5% to 100% in the same timespan [4], as Figure 1 shows.



Most of the production in Chile is devoted to mining. Chile is the world’s largest copper producer and the second largest for lithium. The transition to renewable energy sources would decrease the uncertainty in the supply by decreasing the dependence on fossil energy sources, which Chile must import. Furthermore, from the environmental perspective, this energy transition will allow Chile to reduce its carbon footprint, contributing to reducing the emission of greenhouse effect gases.



The transition towards a 100% renewable electric generation matrix with a high share of VRE implies challenges that must solved. In the energy sector, generation must meet the demand at every moment, and energy cannot be stored on a large scale. Both photovoltaic and wind sources are by nature variable and are known to have non-manageable generation. The geographical concentration of VRE plants to take advantage of solar and wind potentials generates congestion in the transmission systems. This congestion creates energy dumping and distortions in the price of energy, causing disinterest in new-generation investments [6].



Multiple alternatives to mitigate the problems of using VRE in the generation matrix have been proposed, mainly oriented to the demand, i.e., changing the users’ behavior, and the offer, i.e., generation.



1.1. Demand


Demand can be satisfied by augmenting energy efficiency to avoid expanding the generation capacity of the VREs. In 2021, the Chilean Energy Minister created a Law and National Plan for Energy Efficiency to reduce the energy intensity by 10% by 2030. The plan considers residential energy efficiency, labeling electric devices according to efficiency, and increasing efficiency in buildings, transport, and productive sectors [7]. Outside Chile, the report “The evolution of energy efficiency policy to support clean energy transitions” from [8] indicates that energy efficiency is the first step towards a renewable electric energy generation matrix that reduces the emission of greenhouse effect gases, increases the energy security and decreases the energy consumption costs. Another way to influence users is to adjust the generation demand curve (offer curve) through pricing. This strategy implies the implementation of a smart grid in the system and modifying the electric market. A relevant example of this is the model proposed by the Arabic government of using intelligent energy, (tele)communication, and intelligent information systems, considering projects oriented to innovation, the development of human resources, and industrial viability [9].




1.2. Offer


From the point of view of the offer, there is also a set of solutions to meet the demand, considering the generation variability of VRE. We highlight the following:



1.2.1. Increase in the VRE Generation Capacity


The generation variability can be decreased by increasing the photovoltaic and wind generation to cover the demand peaks or storing the over-generation for later use. Ref. [10] indicates, for the Australian electric market, that the decrease in the costs of photovoltaic and wind electric generation technologies allows 100% renewable generation systems to be economically viable. To meet the demand, the installed capacity must be four times the demand if no energy storage is considered, reducing the current generation cost by 28% or if energy storage is considered by 55%, compared with the current prices.




1.2.2. Increase in Storage Capacity


Adding storage using different technologies and autonomy scales implies increased investment costs. Still, it is a way to solve the VRE generation variability problem. An alternative solution is deploying energy storage systems shared by multiple renewable energy sources in different locations. Ref. [11] argues that this strategy may reduce infrastructure costs while enabling a high penetration of renewable energy sources in the system. In [12], the authors conclude that energy storage is crucial for transforming the energy matrix toward renewable energy sources for the Spanish generation system. They suggest green hydrogen as a possible technology for energy storage towards a 100% renewable generation matrix.




1.2.3. Efficiency Improvements in VRE Generation


The increase in efficiency of photovoltaic panels and wind turbines implies a larger electric energy generation for the same installed capacity. The efficiency of a photovoltaic panel depends on parameters such as dust, reflection, inclination angle, orientation, shadows, radiation, and temperature. Such efficiency is around 6% and 20%. Recent studies point out that one of the parameters that affect the efficiency of photovoltaic panels the most is temperature, depending on the kind of cooling added to the panel [13].




1.2.4. Distributed Hybrid Generation


Its configuration uses two or more energy generation sources and one or more storage energy systems located in the same geographical location, with the ability to generate and consume energy. Figure 2 shows a distributed hybrid generation configuration (HRES) with “s” storage systems, probably of different kinds, such as lead–acid, lithium, green hydrogen batteries, etc. The system receives energy from “m” resources, either solar, wind, hydro, etc. [14]. The systems also receive energy from “n” diesel or other fuel generators. Finally, the energy supplied is used to serve the demand, where the excess energy is either stored or sent to a central system, which may also provide energy to this configuration.



When a hybrid generation system is not connected to a central system, it is denoted as an isolated hybrid generation system, requiring storage if the energy source is a VRE. Distributed generation has several advantages, compared with a centralized system, because generation may be closer to the consumption points, reducing the transmission losses, favoring the use of VRE, and thus reducing the emission of greenhouse effect gases. The resulting configuration is named a hybrid renewable energy system (HRES) if the sources are renewable. Distributed hybrid generation may improve the system’s performance in meeting the demand compared to a centralized generation system when sources are VRE sources.



There are numerous studies on optimizing HRESs in terms of these systems’ design, scheduling, and operation. For example, ref. [15] presents an algorithm to optimize the design of an HRES with photovoltaic panels, wind turbines, diesel generators, and a battery energy storage system (BESS) to minimize the net present cost (NPC). It considers the renewable fraction index, the probability of energy supply interruption, and availability. The algorithm obtains a levelized cost of energy (LCOE) of 0.213 $/kWh, concluding on the role of storage as a management tool and the importance of the synergy between photovoltaic and wind systems. The authors of [16] present a multicriteria model for a hybrid system with photovoltaics, wind, and batteries connected to the network, considering the components’ costs, buying energy from the network, and CO2 emissions. They consider a reliability constraint in terms of the probability of unsupplied energy. To solve the model, they use an artificial electric field algorithm that designs the components of the HRES. They compare two scenarios, connected and disconnected from the electric network, finding that the connected design achieves between 7% and 10% more reliability. The authors of [17] show a complete review of the state-of-the-art optimal sizing of an HRES, considering the components, parameters, and methods used. They conclude that sizing an HRES requires using multiple objectives, such as reliability, costs, and emissions. They also note that using metaheuristics is more efficient than other approaches.




1.2.5. Energy Sources’ Complementarity


The degree of association between two or more energy resources is their complementarity. Suppose the energy resource availability is variable in time, such as in wind and solar energy. In that case, it is essential to quantify this relationship to make proper decisions to meet the demand required by the system. In general terms, the resources being in the same geographic region is denoted as temporal complementarity, and if not, as spatial complementarity.



Ref. [18] presents different ways to quantify the complementarity through metrics (Pearson’s correlation coefficient, Spearman’s and Kendall’s range correlation coefficients, autocorrelation, cross-correlation, etc.) and indices (of complementarity through wavelets, temporal complementarity index, etc.) Other authors [19] review different methodologies, techniques, and wind and solar datasets to evaluate complementarity. After they analyzed different metrics and indices, they concluded that there is neither a unique standard nor a common methodology for assessing energy complementarity.



Figure 3 explains the concept of correlation coefficients for two resources whose availability is variable in time in three different scenarios. In scenario (a), both resources have unit correlation (CC = 1), meaning that the resources increase and decrease simultaneously and have their extremes simultaneously. In this scenario, there will be periods with energy deficit and surplus. In scenario (b), the resources are not correlated (CC = 0), where their extremes do not happen simultaneously, implying different deficit and surplus periods. In scenario (c), there is a negative correlation, meaning that the resources are complementary, where the maximum of one coincides in time with the minimum of the other, making it possible to meet the demand without deficit or surplus.



Given that energy complementarity is a relevant tool to define, quantify, and optimize variable renewable resources for electric energy generation, multiple authors have studied complementarity in different regions and countries.



In Mexico, ref. [20] performed a study on the wind–solar temporal complementarity using Pearson’s correlation coefficient for the whole Mexican territory using daily solar radiation and wind speed averages. They found that there are zones with good energy complementarity in the north-central zone of the country, together with specific zones in the southeast. Ref. [21] found similar results using Spearman’s coefficient to evaluate wind–solar complementarity, concluding that the north-central, northeast, and Baja California peninsula have good complementarity potential during summer. They also conclude that the Yucatán peninsula has significant energy complementarity during the year, suggesting the location of wind parks in the sea beside photovoltaic energy on the coast. In North America, ref. [22] evaluates the wind–solar complementarity by evaluating different future climatic scenarios between 2025 and 2054, including new indices to measure complementarity. The results indicate that the greatest complementarity is on the coastline of the Gulf of Mexico, some parts of the Caribbean Sea, and the oceanic region west of Mexico and the frontier between the United States of America and Canada.



For China, ref. [23] evaluates wind–solar spatial complementary, proposing a new measurement model of complementarity. The results suggest that northern China has strong energy complementarity, which also increases over time. Similarly, ref. [24] studied the Chinese territory using Kendall’s coefficient to evaluate both temporal and spatial complementarity of wind–solar resources. They use the hourly data of wind speed and solar radiation obtained from MERRA-2 [25] with 0.625° and 0.5° of longitude and latitude spatial resolution for five years, respectively. They conclude that wind energy is complementary with photovoltaic energy for every temporal scale in the maritime regions. Inside the country, the correlation varies from positive in the south to negative in the north, i.e., complementarity. They suggest that wind parks must be scattered in future projects in regions with positive correlations. The authors finally note that each province in China owns independent wind–solar generation projects that should be optimized in a centralized way to assess energy complementarity.



In Portugal, the authors of [26] evaluate the wind–solar complementarity to optimize energy generation by wind parks. They use information from 224 wind parks and hourly wind speed and solar radiation data from 2015 and 2016 for places near the parks. Their results indicate that wind and solar resources are complementary, and they propose to develop hybrid plants from the existing wind parks.



Different energy complementarity studies have been performed in Brazil. Ref. [27] evaluates the complementarity between the maritime wind resources and those that supply energy to the Brazilian electric system, such as photovoltaic, hydro, and thermal. Their analysis uses Pearson’s coefficient with hourly data obtained from MERRA-2 and the national system operator. They conclude that, considering the increasing demand projection, adding maritime wind energy is an excellent complement to hydroelectric power. They also conjecture that it may help, in the long term, to reduce seasonal variability and possible impacts of droughts. Ref. [28] performs a temporal and spatial complementarity analysis for wind–solar resources on the northeast coast of Brazil, using a non-dimensional temporal complementarity index proposed by [29]. They used wind speed and solar radiation time series from 2004 to 2014. They obtain temporal and spatial complementary maps, identifying high-complementarity areas. They expect these maps to help plan future wind parks and photovoltaic plants. Ref. [30] evaluates temporal and spatial complementarity between hydro and wind resources for Brazil, creating correlation maps based on Voronoi diagrams. The study shows that the wind correlation has a sizeable temporal similarity for the whole Brazilian territory and that spatial complementarity is larger than temporal complementarity.



In Colombia, ref. [31] analyzes the wind–hydro energy complementarity for the energy supplied to the Colombian electric market. The authors indicate that correlation coefficients are not the best way to evaluate complementarity. They propose three new metrics: total variation complementarity index, variance complementarity index, and standard deviation index. Because of Colombia’s dependence on hydroelectric generation, the authors of [32] performed a complementarity study between runoff, precipitation, solar radiation, and wind speed on an annual and interannual scale. Their results show that wind and solar resources complement the hydroelectric sector, being an excellent alternative to electricity generation for periods of drought.



Two works are particularly relevant for Latin America. Ref. [33] evaluates the wind–solar and hydroelectric complementarity to mitigate the impact of El Niño (ENSO), based on data from the twentieth century and the relationship with different ENSO phases. The study concludes that adding 136 GW of solar and wind energy in locations with high complementarity may compensate for the variations in hydroelectric energy production due to ENSO. Ref. [34] evaluates the wind–solar complementarity and the impact of climate change on these resources for Latin America. They conclude that Brazil may be relevant in integrating wind–solar resources due to its good spatial complementarity with other countries. They also concluded that climate change may significantly negatively affect energy complementarity towards the end of the present century.



To the best of our knowledge, Chile has no temporal complementarity studies of variable renewable sources. There is work on spatial complementarity, like [6], that evaluates the wind–solar–hydro spatial complementarity, concluding that spatial diversification has a solid and positive impact on the renewable energy market. From a different perspective, ref. [35] evaluates technically, economically, and in terms of CO2 emissions a hybrid wind–solar plant to generate green hydrogen. The study is performed in four places in Chile without considering the energy complementary, but even in these cases, they obtain results of competitive hydrogen prices. Ref. [36] developed a model to size hybrid wind–solar resources with storage of 1 MWh in the Chilean continental territory. They show that the capacity required for the hybrid system to obtain constant generation rates is very high. Ref. [37] presents a methodological framework for the long-term planning of inserting non-conventional renewable sources with low carbon emissions into the Chilean energy matrix. Their results indicate that hybrid generation is required to achieve 90% renewable electric generation by combining hydroelectricity and solar concentration plants with thermal and battery energy storage, pumping storage, and electric generators moved by natural gas.



Given the commitment of the Chilean government to reduce the emissions of greenhouse effect gases and have by 2030 a 100% renewable electric energy generation matrix, it is of the utmost importance to plan the increase in wind, photovoltaic, and storage capacity in the long-term. The purpose of our study is to evaluate the temporal wind–solar energy complementarity in the Chilean territory using open data sources. Our analysis is a valuable tool that can justify and guide future investments in the Chilean energy sector and plan integrally and coherently instead of isolated and unitary decisions. We expect these decisions to be energy-efficient, sustainable, and economically viable, contributing to developing a more robust and resilient energy system for Chile. We hypothesize that there are zones in the Chilean territory with significative temporal wind–solar correlation.






2. Methodology


We developed a methodology to evaluate the wind–solar complementarity at a national scale. This is particularly relevant for the Chilean case because it has not been carried out before, and it is a vital tool to support the decision regarding the presence of renewable energy sources in the Chilean energy matrix.



Our case study considers the hourly data of wind speed and solar power potential from 2004 to 2016 obtained from the database “Explorador Solar” [38] for each of the 176 geographical points under study, corresponding to all available data. For each point, it creates a time series with 113,880 elements.



Then, we compute the daily average radiation, in W/m2, and average wind speed at 100 m. Then, the average wind potential, in W/m2, is computed. After that, temporal complementarity is calculated using Spearman’s correlation coefficient, computed for the respective solar and wind power potential time series. We use Spearman’s correlation coefficient because it is a non-parametric estimator of the intensity of the relationship, perhaps non-linear, of two variables [39]. Our methodology, also shown in Figure 4, is the following.



Step 1: Beginning with the geographic map provided by the Chilean Military Geographic Institute (Instituto Geográfico Militar de Chile) [40], which uses a 25 km × 25 km grid. The measurement point selection is like in [41], where wind speed measurement points are separated by 1/4 degrees of latitude and 1/3 degrees of longitude.



We select points 50 km away in longitude and 100 km in latitude, obtaining 176 points covering the whole continental territory of Chile. Each point is composed of an ID and its longitude and latitude.



Step 2: For each point obtained, we extract from “Explorador Solar” the hourly time series for solar radiation and wind speed at 5.5 m from 2004 to 2016. “Explorador Solar” is a public database of superficial solar irradiance for Chile based on data obtained from a radiative transference irradiance model for clear skies and an empiric model from geostationary satellites for cloudy days. The mean percentage error of the model in the hourly time series of global horizontal irradiance is 0.73% [38].



Step 3: We then pre-process the around 40 million resulting values. If a point does not have information, it is computed by interpolating two neighbor points.



Step 4: A usable database of hourly solar radiation and wind speed at 5.5 m from 2004 to 2016 is obtained on 176 geographical points selected in Step 1.



Step 5: Using the Python programming language, the daily averages of solar radiation and wind speed at 5.5 m are computed. The pseudocode of this step and the following is shown in Algorithm 1.



Step 6: We compute the daily average of wind speed at 100 m using Hellman’s exponential law for each day considered.


    V   h   =   V   i   ∗       h   i       α    



(1)




where:



i: 5.5 m.



h: 100 mm.



Vi: wind speed at 5.5 m.



Vh: wind speed at 100 m.



α: Hellman’s exponent, depending on the terrain rugosity.



Table 2 shows the different values considered for each point in the case study.



	Algorithm 1. Pseudocode to compute the daily averages of solar radiation and wind power.



	Receives:

   Points (set of points to study)

   vel (hourly 5 m wind speed time series)

   ghi (hourly solar power time series)

Days ← ObtainDaysFromTimeSeries(vel, ghi)

Years ← ObtainYearsFromDays(Days)

for day in Days:

     for point in Points:

        Pot100m_eol[day, point] ← EstimatewindPower(vel[day, cell])

        meanPot100m_eol[day, point] ← ComputeDailywindPower(Eol_100m, day, ce point ll)

        meanGhi[day, point] ← ComputeDailySolarPower(ghi, day, point)

for point in Points:

     for year in Years:

        windPowerTimeSeriesYear ← windPowerTimeSeriesOfYear(meanPot100m_eol, point, year)

        SolarPowerTimeSeriesYear ← ExtractSolarPowerTimeSeriesOfYear(meanGhi, point, year)

        Spearman[point, year] ← computeSpearman(windPowerTimeSeriesYear, SolarPowerTimeSeriesYear)

Returns:

     Spearman (the Spearman’s rank correlation coefficient for each point and year)








Step 7: Based on the daily average of wind speed at 100 m, we compute the daily average of wind potential in W/m2, making comparable the wind and solar sources, based on the following expression:


        P   e     A   = ρ ∗   V   3    



(2)




where:



Pe/A: daily average wind power potential (W/m2).



ρ: air density (1.12 kg/m2).



V: daily average wind speed at 100 m (m/s).



Step 8: We use Spearman’s correlation coefficient [43] to calculate the temporal complementarity of each point’s daily time series of wind and solar power potential from 2004 to 2016. To categorize correlation, we use the interpretation given in Table 3. We also compute this for the daily time series for each year. For further reference, the following expressions are used to compute Spearman’s coefficient.



 





Table 3. Correlation coefficient interpretation. Adapted from [39].






Table 3. Correlation coefficient interpretation. Adapted from [39].





	Correlation
	Interpretation
	Kind of Complementarity





	−1 a −0.7
	Strong negative
	Strong complementarity



	−0.7 a −0.3
	Moderate negative
	Moderate complementarity



	−0.3 a 0
	Weak negative
	Weak complementarity



	0
	No relationship
	No relationship



	0 a 0.3
	Weak positive
	Weak correlation



	0.3 a 0.7
	Moderate positive
	Moderate correlation



	0.7 a 1
	Strong positive
	Strong correlation









    ρ   s   = 1 −   6 ∗ S (   d   2   )   T (   T   2   − 1 )    



(3)






  S     d   2     =   ∑  t = 1   T        R     g   t   j     − R (   g   t   k   )     2      



(4)




where:



    ρ   s    : Spearman’s correlation coefficient.



  R     g   t   j      : range of resource j (average daily wind power) on day t.



  R     g   t   k      : range of resource k (average daily solar power) on day t.



T: number of days considered in the analysis (4765 and 365 days, respectively).



S(d2): sum of range differences.



Step 9: We obtain multiple databases: one for the average daily wind–solar temporal complementarity and one for each year from 2004 to 2016.



Step 10: The numerical results are then imported into ArcGIS Pro [44] to generate heat maps from the total and annual complementarity results.



Our methodology has some desirable properties, like the ease of obtaining new results if new or better information on wind speed or solar radiation is available and the possibility of providing graphical representations.



It also has some limitations and potential measurement errors. First, it aggregates information to points in the study area, adding potential errors to the model. Second, it is not dynamic, i.e., it does not prescribe or project its results to the future based on the present and past. Third, it is not guaranteed that different zones will be found each time our methodology is applied to a new dataset.




3. Results


3.1. Total Daily Average Temporal Complementarity


For each point selected, see Figure 5, and based on the daily average data of both wind power and solar radiation from 2004 to 2016, we computed Spearman’s correlation coefficient. The results were entered into a geographical information system, creating a heat map. Red is assigned a correlation value of −1 (strong negative correlation), while blue is set to +1 (strong positive correlation). Figure 6 shows the resulting map, where four zones can be identified.



	
Correlated zones: ranging from latitude 18° S to latitude 36° S, covering 72 points (Zone A). Given the different correlation values for the coast and valleys compared to the mountains, we divided Zone A into two subzones: Zones A1 and A2.



	a.1

	
Zone A1: At the coast and valleys, covering 45 points from latitude 18° S to latitude 36° S, there is a moderately positive correlated zone, with a median Spearman’s correlation coefficient of +0.44 and an interquartile range of +0.23 to +0.6.




	a.2

	
Zone A2: In the mountain area, 27 analysis points were considered, from latitude 25° S to 33° S. There is weak negative complementarity, with a median of −0.18 and an interquartile range between −0.37 and −0.01.







	
Complementary zone: covering 77 points, from latitude 36° S to latitude 51° S, there is weak negative complementarity with a median of −0.18 and interquartile range from −0.33 to −0.07 (Zone B).



	
Uncorrelated zone: covering 27 points, from latitude 51° S to latitude 55° S, there is weak positive to no correlation, with a median of +0.05 and an interquartile range from −0.04 to +0.12 (Zone C).






Figure 7 briefly analyzes the resulting zones, showing the number of points and the range of values for Spearman’s correlation coefficient. It shows that the zones have very different characteristics, see, for example, Zones A1, B, and C, and if two zones are similar in dispersion, they are geographically different, see Zones A2 and B.




3.2. Daily Average Temporal Complementarity per Year


We now repeat the analysis for each year covered by the data. The results show that the zones identified before remaining valid, with variations in the intensity of the complementarity, i.e., the level of correlation. Figure 8 shows a comparison between years 2004 and 2016.



Figure 9a shows the daily average temporal complementarity values for Zone A1 for each year considered. Note that the median is relatively stable, with the value of Spearman’s coefficient around +0.5, i.e., moderate positive correlation, except for years 2010 and 2015, where it is reduced to around +0.25. There is also negative kurtosis, while interquartile ranges and extreme points remain uniform for the period studied.



Figure 9b is analogous to Figure 9a, but this time for Zone A2, where the median remains stable around −0.25, i.e., weak negative correlation, except for 2015, where it goes up to 0, i.e., no correlation. Positive kurtosis and stable extreme values but dispersion in the interquartile ranges exist.



Figure 9c shows the results obtained for Zone B, where the median varies in time without a clear tendency. Again, the extreme values remain uniform, with weak dispersion of the interquartile ranges. Note also that there are more atypical data points than the previous zones.



Figure 9d corresponds to Zone C, where the median oscillates between −0.08 and +0.17, i.e., without correlation. There are also no clear tendencies in the interquartile ranges and extreme values.



We now analyze graphically the complementarity for points of interest. We select a point inside each zone and then graph the daily averages for both wind and solar power potential for 2014.



Figure 10 shows the results for Zone A1, where point 12 is selected. At this point, the value of Spearman’s coefficient is +0.79, i.e., a strong positive correlation. In the figure, we plot a trend curve for both time series, where both achieve their maximums in summer and minimums in winter, as expected.



Figure 11 shows the results obtained for point 45 in Zone A2, where the Spearman’s correlation coefficient value is −0.58, i.e., moderate negative correlation. The solar time series achieves its maximum in summer and minimum in winter. The wind time series reaches its maximum in winter with a very high dispersion.



Figure 12 presents the results for point 104 in Zone B, where Spearman’s correlation coefficient is −0.48, i.e., moderate negative correlation. We note that the solar radiation time series achieves its maximum in summer and minimum in winter, but the results have a significant dispersion. The wind time series reaches its maximum in winter, with large dispersion in the values obtained.



Finally, Figure 13 shows the results obtained for point 147 in Zone B, where the Spearman’s correlation coefficient value is −0.06, i.e., weak to null negative correlation. The behavior of the time series is similar to the previous figure.




3.3. Statistical Analysis


In this section, we aim to check if the data used and the zones obtained are valid statistically. We perform a significance test for each point, a statistical characterization, and mean test for each zone and a statistical analysis of the annual evolution of the temporal complementarity for each zone.



3.3.1. Significance Test for Each Point


We define as a sample the values of Spearman’s coefficient obtained for each point in the timespan from 2004 to 2016 (Section 3.1) and the population accordingly.



Let



	-

	
Null hypothesis (H0): there is no significant correlation between daily average solar radiation and daily average wind potential.




	-

	
Alternative hypothesis (H1): a significant correlation exists between daily average solar radiation and daily average wind potential.







We consider significance level α = 0.05 (5%) and number of data points N = 4745 for each geographical point, obtaining ρc = +0.028 as the critical value of Spearman’s coefficient. If |ρ| > ρc, we must reject H0 and accept H1, i.e., the correlation value is significant. If |ρ| < ρc, then we cannot reject H0, i.e., the value of ρ is not statistically significant.



Figure 14 and Table 4 show that the correlation coefficients are not statistically significant in 9 out of the 176 points. This means that if we select a year at random as a sample, in any of the 167 significant points, there is a probability of at least 95% that they may have a significant correlation. At the same time, it is impossible to make such a claim for the nine remaining. The nine non-significant points are shown in Table 4.




3.3.2. Significance Test per Zone


We want to know if each zone’s correlation is statistically significant. We perform a mean test for each zone, see Table 5. We also report the results on the p-values in Table 6. We define the mean of a zone as the average of the wind–solar complementarity computed using Spearman’s correlation coefficient to all the points in the zone for the time considered. The mean test and p-value are computed following [45,46].



In this case, we state



	-

	
Null hypothesis H0: μ = 0.




	-

	
Alternative hypothesis H1: μ ≠ 0.







The results show that, as p < 0.05 and the confidence intervals do not contain 0, we can reject the respective null hypotheses and accept the alternative hypotheses. Specifically, the correlation is significant in Zones A1, A2, and B, while it is marginally significant in Zone C.






4. Conclusions


This work studied the temporal complementarity between wind potential and solar radiation in the continental Chilean territory. We used Spearman’s correlation coefficient to compute the complementarity, given that it is a non-parametric indicator that defines the strength and direction of the variable ranges. This coefficient can be used even if the relation is non-linear, the variables are non-normally distributed, and the variances are different.



For our analysis, we computed the daily average wind and solar power potential time series from 2004 to 2016 from hourly data from 176 geographical points extracted from a public database named “Explorador Solar” [38].



Our analysis showed four differentiated geographical zones in the continental Chilean territory regarding complementarity.



	
Zone A1 corresponds to the coast and central valleys in the country’s north, from latitude 18° S to latitude 36° S, with moderate positive correlation, median +0.44, and interquartile range from −0.3 to +0.87.



	
Zone A2 corresponds to the mountains in the country’s north, ranging from 25° S to latitude 33° S, with weak negative complementarity, median −0.18, and interquartile range from −0.54 to +0.19.



	
Zone B, corresponding to the center and south part of the country, from latitude 36° S to latitude 51° S, has moderate negative complementarity, with a median of −0.18 and interquartile range from −0.54 to +0.32.



	
Finally, Zone C, located in the very south of the country, from latitude 51° S to latitude 55° S, has a weak positive to null correlation, a median of +0.05, and an interquartile range from −0.1 to +0.29.






After analyzing the complementarity in each year, we characterized each zone.



	
Zone A1 has a stable median, interquartile range, and extreme values for the years considered, i.e., from 2004 to 2016, and negative kurtosis.



	
Zone A2 has uniform median and extreme values, but there is dispersion in the interquartile ranges. We also noted that, in most years, it shows positive kurtosis.



	
Zone B has a non-uniform median, stable extreme values, and non-stable interquartile ranges.



	
Finally, Zone C has a non-uniform median, extreme values, and interquartile range.






We tested the statistical validity of our results through a significance test for Spearman’s coefficient obtained in all the geographical points considered. The results obtained for 167 of the 176 are statistically significant. The significance test for each zone showed that Zones A1, A2, and B have a statistically significant correlation, while Zone C is marginally significant.



Given that Chile aims to have a 100% renewable electric energy generation matrix by installing wind and photovoltaic generation and new storage systems, this work provides a way to this energy transition. We suggest incentivizing the development of distributed hybrid generation, taking advantage of the temporal complementarity stated in the zones identified in this work. We think that considering our obtained complementarity heat maps is the first step to reducing the investment costs of energy generation and storage. A potential place for these incentives could be Zone A2, where large mining companies are located, demanding massive amounts of electric energy. Implementing wind–solar hybrid generation systems could reduce the energy storage required to meet the demand, reducing investment and operation costs and reducing their carbon footprint.



As future research lines, we want to tackle:




	
Spatial complementarity,



	
The sizing of distributed hybrid generation systems considering the existing complementarity levels,



	
The effect of climate change in the wind–solar complementarity.
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Figure 1. Renewable energy projection for Sistema Eléctrico Nacional (SEN), data from [4]. 
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Figure 2. A distributed hybrid generation configuration. Figure adapted from [14]. 
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Figure 3. Conceptual explanation of correlation coefficient, adapted from [18]. (a) Positive unit correlation; (b) Null correlation; (c) Negative unit correlation. 
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Figure 4. Flowchart of our methodology to evaluate temporal wind/solar complementarity. 
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Figure 5. Points selected from the geographical map of continental Chile are presented as a 25 km × 25 km grid. 
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Figure 6. Total daily average temporal complementarity heat map created with ArcGIS Pro 3.2 software for Spearman’s correlation coefficient, ranging from −1 (red) to 1 (blue). 
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Figure 7. Dispersion diagram of Spearman’s correlation coefficient for the points in the different zones found, created with Minitab 18 software, where * denotes outliers. 
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Figure 8. Daily average temporal complementarity per year. Comparison of 2004 versus 2016 for Spearman’s correlation coefficient, ranging from −1 (red) to 1 (blue). 
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Figure 9. Evolution of daily average temporal complementarity from 2004 to 2016 for the previously identified zones. (a) Zone A1; (b) Zone A2; (c) Zone B; (d) Zone C, and where * denotes outliers. 
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Figure 10. Wind and solar daily average power potential time series for Zone A1, point 12, year 2014. 
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Figure 11. Wind and solar daily average power potential time series for Zone A2, point 45, year 2014. 
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Figure 12. Wind and solar daily average power potential time series for Zone B, point 104, year 2014. 
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Figure 13. Wind and solar daily average power potential time series for Zone C, point 147, year 2014. 
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Figure 14. Spearman’s coefficient significance level for each geographic point, corresponding to total daily average temporal complementarity. 
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Table 1. Installed electric energy generation capacity, Sistema Eléctrico Nacional (SEN), 2023.
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	Technology
	Power (MW)
	% Total





	Photovoltaic
	8292
	25.2%



	Wind
	4270
	13%



	Run-of-the-river hydroelectricity
	4002
	12.2%



	Dams
	3501
	10.6%



	Biofuel
	597
	1.8%



	Solar thermal
	114
	0.3%



	Geothermal
	95
	0.3%



	Renewable
	20,871
	63.5%



	Coal
	4595
	14%



	Natural gas
	3873
	11.8%



	Derived from oil
	3541
	10.8%



	Thermal
	12,009
	36.5%



	Total
	32,880
	







Source: Report of Chilean generators, September 2023.













 





Table 2. Values of Hellman’s exponent for different points of the study area, following [42].
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	Point
	α Value
	Kind of Terrain





	1–37
	0.005
	Featureless land with negligible cover



	38–63
	0.03
	Flat terrain with grass or shallow vegetation



	64–83
	0.1
	Cultivated area, low crops, occasional obstacles separated by more than 20 times the obstacles height H



	84–176
	0.5
	Heavily used landscape with open spaces = 10 H, bushes, low orchards, young dense forest










 





Table 4. List of statistically non-significative geographical points.
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	Point
	Zone
	ρc
	ρ





	11
	A1
	0.028
	0.014



	26
	A2
	0.028
	0.011



	60
	A1
	0.028
	0.028



	67
	A1
	0.028
	0.009



	77
	B
	0.028
	0.027



	85
	B
	0.028
	0.022



	168
	B
	0.028
	0.006



	175
	C
	0.028
	0.025



	176
	C
	0.028
	0.001










 





Table 5. Mean test for the correlations obtained in each zone.
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	Sample (Zone)
	N
	Mean
	σ
	Mean’s Standard Error
	95% CI for μ





	A1
	45
	0.4227
	0.2790
	0.0416
	(0.3389; 0.5066)



	A2
	27
	−0.1948
	0.2102
	0.0404
	(−0.2779; −0.1116)



	B
	77
	−0.1793
	0.1860
	0.0212
	(−0.2215; −0.1371)



	C
	27
	0.0502
	0.1057
	0.0204
	(0.0084; 0.0921)










 





Table 6. Results of the mean test for each zone.
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	Sample
	T-Value
	p-Value



	A1
	10.17
	4.018 × 10−13



	A2
	−4.82
	5.469 × 10−5



	B
	−8.46
	1.466 × 10−12



	C
	2.47
	2.043 × 10−2
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