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Abstract Renewable generation variability over multiple days is a key challenge in decarbonizing the
European power system. Weather regimes are one way to quantify this variability, but so far, their applications
to energy research have focused on wind power generation in winter. However, the projected growth of solar
photovoltaic (PV) capacity implies that its absolute variability across the continent will grow substantially.
Here we combine weather regimes based on ERAS reanalysis data with country-specific capacity factors to
investigate multiday PV generation variability in Europe. With current installed capacity (131 GW), total PV
production in Europe (52.3 GW) varies by 0.9 GW on average, with a maximum change of 3.0 GW, upon
transition from one weather regime to another. Using projected PV capacity for 2050 (1.94 TW), variability
would rise to 13.9 and 43.8 GW. We present optimized spatial distributions of capacity additions in three
scenarios that substantially reduce variability by up to 40%. One of them ascertains a large local PV production,
thereby minimizing the need for long-range power transmission while still reducing variability by about 30%,
highlighting that optimized siting and local generation can be reconciled. Our results emphasize the value of
leveraging climate information in decarbonizing power systems.

1. Introduction

Photovoltaic (PV) power production will likely become a central pillar of renewable power generation in Europe
in the future. Its power generation depends on weather conditions, especially surface solar radiation (Huld
et al., 2010), and is thus subject to significant fluctuations, including at the time scale of days to weeks, where
longer-lasting large-scale patterns called weather regimes dominate weather at the continental scale (Driicke
et al., 2020; Graabak & Korpas, 2016; Stram, 2016).

To operate a stable power grid, electricity production must always equal consumption. Mismatches between
production and consumption cause deviations from the desired grid frequency and can cause damage to connected
electrical devices and power outages (Machowski et al., 2020). The increasing reliance on weather-dependent
renewables, namely wind and PV, requires accurate estimates of renewable generation variability to balance the
power grid. Transmission infrastructure in combination with informed siting of generators allows to significantly
reduce the variability of renewables because below-average PV production in one region may be buffered by an
above-average production elsewhere (Rasmussen et al., 2012). Such benefits of spatial smoothing can be under-
stood based on weather regimes. But a systematic application of weather regimes to understand the year-round
multiday variability of PV power generation is currently missing in the literature. Multiday lulls compromise
reliable energy supply because they can not be bridged with batteries and instead depend on long-duration stor-
age possibilities, dispatchable backup capacity or demand-side flexibility, making investigation of them of great
interest.

While different approaches exist, weather regimes are typically based on empirical orthogonal function (EOF)
analysis and k-mean clustering of geopotential height in winter (Cassou, 2008; Michelangeli et al., 1995). Geopo-
tential height denotes the height at which atmospheric pressure drops to a certain pressure level, for example,
500 hPa. This altitude is higher in high-pressure regions than in low-pressure regions. In Europe, large geopo-
tential height thus tends to be associated with fair weather, whereas small geopotential height is rather indicative
of stormy conditions. By combining weather regime classification with renewable generation and electricity
consumption patterns, we can determine the stress for the energy system induced by weather regime conditions
(Brayshaw et al., 2011; Ely et al., 2013; Grams et al., 2017; Jerez et al., 2013; van der Wiel et al., 2019). More
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complex methods combine renewable generation with demand to derive “Targeted Circulation Types” focusing
on a specific application case (Bloomfield et al., 2020).

So far, most European weather regime applications to energy research have focused on wind power generation in
winter. Because in Europe, wind power currently dwarfs PV power generation in many locations in terms of total
generation and variability amplitudes (Grams et al., 2017). Furthermore, electricity demand in Europe is highest
in winter, increasing energy system stress and making the season particularly relevant for reliability assessments
(van der Wiel et al., 2019). It has led to the four well-known weather regimes (positive and negative phase of the
North Atlantic Oscillation, Scandinavian blocking, and Atlantic ridge) whose impact on the European energy
system in winter is very well researched (Brayshaw et al., 2011; Ely et al., 2013; Grams et al., 2017; Jerez
et al., 2013; van der Wiel et al., 2019).

Fewer studies have applied weather regimes to understand renewable power generation variability during an
entire year (Grams et al., 2017). However, we need an in-depth understanding of variability during all seasons
because renewables are expected to play a pivotal role in energy system decarbonization in the next decades.
Following European (European Commission, 2019) and international policies (Schleussner et al., 2016), the
future power system must operate reliably at all hours of the year while eliminating carbon emissions. In addi-
tion, seasons other than winter may become more important in the future. For instance, in the European summer,
electricity demand is expected to increase in southern countries for cooling demand, increasing energy system
stress in summer (Jakubcionis & Carlsson, 2017). A year-round analysis with possible future scenarios is crucial
to fill this knowledge gap.

To our knowledge, only one study applies weather regimes to reduce renewable generation variability, finding that
climate-informed spatial deployment of wind fleets can substantially reduce multiday European wind generation
variability (Grams et al., 2017). While briefly mentioning PV generation variability, this study focused on wind
power due to substantially higher current wind capacities. Therefore, a thorough assessment of PV using weather
regimes is still missing even though PV panels are heavily deployed and may become the dominant electricity
source globally. For instance, Manish Ram et al. (2017) estimate that installed 2050 PV capacity for a 100%
renewable scenario in Europe must rise to 1.94 TW while the International Renewable Energy Agency (IRENA)
estimate 0.89 TW (IRENA, 2020a). And according to others, these numbers may well be even higher (SolarPower
Europe and LUT University, 2020). Although these estimates are based on model runs with particular assump-
tions, they indicate that a 10-fold to 20-fold increase of installed PV capacity is needed, implying that the impact
of multiday PV power generation variability caused by different weather regimes will become substantially more
critical, making the investigations of optimized spatial deployment of future PV systems highly relevant.

Therefore, this study aims to utilize climate information to suggest future PV capacity additions that reduce
weather-induced generation variability. The study region is Europe and includes 36 countries covered by the
European network of transmission system operators for electricity. We begin to assess the status quo in 2019
and subsequently analyze projections for 2030 and 2050 based on current National Energy and Climate Plans
(NECPs) and an estimate for 2050 by the Energy Watch Group (Ram et al., 2017). In addition to computing the
consequences of current plans, we highlight that coordinated approaches can substantially reduce multiday gener-
ation variability by introducing a numerical method that minimizes generation variability.

2. Data and Methods

Section 2.1 details the data entering the study, notably regarding meteorology, PV production, and energy
consumption. Section 2.2 describes the methods successively applied to the data, from weather regime identifica-
tion to formulating and solving the problem of optimal spatial deployment of PV capacities.

2.1. Data
2.1.1. ERAS

We define weather regimes based on 500 hPa geopotential height from the ERAS reanalysis, published by
the European Centre for Medium-Range Weather Forecasts (ECMWF; Hennermann & Yang, 2018; Hersbach
et al., 2018). ERAS provides hourly data with an appropriate spatial resolution (around 30 km grid size in
Europe). To capture the large-scale circulation over Europe, we evaluate the larger Europe-North Atlantic region
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(80°W—40°E, 30°-90°N). We use 41 years of data from January 1979 until June 2020 to account for inter-annual
and decadal variability.

2.1.2. Renewables.ninja

Country-level PV capacity factors are taken from renewables.ninja. A detailed description of the underlying
Global Solar Energy Estimator can be found in Pfenninger and Staffell (2016). We use European country-specific
capacity factors provided by Renewables.ninja based on the reanalysis data set MERRA-2 covering 1985-2016.
Note that ERAS-based capacity factors in renewable.ninja are currently not yet available. The unit-less capacity
factor describes the ratio of actual generation relative to rated capacity. It is defined as:

CF=P/IC 1

For example, a capacity factor of one means that a PV system operates under perfect conditions and always
produces its maximum output. In contrast, a capacity factor of zero indicates that no electricity is produced. For
European countries, PV systems' average yearly capacity factors lie roughly between 0.1 and 0.2.

2.1.3. Installed PV Capacities

To compute actual national PV power generation from current capacity factors, we use installed capacities
provided by IRENA (IRENA, 2020b). To assess future configurations, we use the NECPs in which countries
define capacity targets until 2030. When NECPs are not available (see Section 6 Data Availability for country
list), we consider individual national plans or, as a last resort, apply the average PV installed capacity growth rate
until the year 2030 from all EU countries to the currently installed PV capacities.

Furthermore, we take the estimate “where we need to be by 2050” by the Energy Watch Group for total PV
installed capacity in Europe 2050 (Ram et al., 2017).

2.1.4. Electricity Consumption Data

We use hourly electricity consumption data from Open Power System Data (Wiese et al., 2019) and fill gaps with
data from the statistical office of the European Union (Eurostat, 2021). Since data availability differs per country,
we take the latest fully reported year as the current total electricity consumption (range between 2016 and 2019).

2.2. Method

An overview of all steps used in the approach to reduce multiday PV power generation variability is given in
Figure 1 below. A more detailed explanation of how the method finds a distribution of PV systems that reduces
the variability is provided in the following subsections.

2.2.1. Weather Regime Classification

The weather regime classification consists of multiple steps. We begin with a daily resampling of the hourly
geopotential height data and apply a 10-day Butterworth lowpass filter (Virtanen et al., 2020) (2nd order, critical
frequency of 1/10d) to focus on variability over multiple days (Figure 1, steps 2 and 3). The filtered daily means
(z,) are used to calculate standardized anomalies (z_norm,) as:

z_normy = (24 — Zd,mean) /Zd.sld (2)

where z; .. (z,q) denotes the climatology (standard deviation) over the 41 years of ERAS data of the daily mean
geopotential height, computed as a centered running mean over a window of 30 days. This approach removes the
seasonal cycle amplitude by division with the standard deviation. Removing the amplitude caused by the seasonal
cycle clears the way to define the WR year-round.

Our choice to use a 30-day running window for the reference climatology and standard deviation calculations
differs from other studies. Often, investigations are made for weather regimes in winter where a correction for the
seasonality is not needed. Others are using 90-day averaging periods (Grams et al., 2017). Still, since our interest
focuses on multiday timescale, this is rather long and increases the probability that the impact of the seasonal
cycle signal is relatively high.
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Figure 1. Overview of the approach to derive the weather regimes, link the country-specific capacity factors, and find a distribution that reduce the photovoltaic power

generation variability.

For the weather regime classification (Figure 1, step 5 and 6), we use latitude weighted EOF analysis
(Dawson, 2016) to identify the 16 leading patterns that explain around 90% of the variance and k-means clus-
tering (Pedregosa et al., 2011) to map individual days to a prevailing EOF. In the Euro-Atlantic region, four
clusters are commonly used to define weather regimes (Cassou, 2008; Michelangeli et al., 1995; van der Wiel
et al., 2019), which yields in the weather regimes negative and positive phase of the North Atlantic Oscillation,
the Scandinavia high and the Atlantic ridge. However, according to Grams et al. (2017), the optimal number of
clusters to define weather regime year-round is seven, and we also choose seven clusters to enable direct compar-
ison/combination. Furthermore, we exclude short-lasting weather regimes (less than 3 days) and assign these days
to a separate weather regime hereafter refer to them as “no-regime” (Figure 1, step 7). This is done by checking
the time-series after the clustering and finding all days where a weather regime does not prevail for at least three
subsequent days and assigning them to “no-regime.”

2.2.2. Capacity Factors and PV Power Generation Variability

The capacity factors data set is also resampled to daily means to derive multiday PV power generation variability
(Figure 1, step 9). Since capacity factors follow a strong seasonal cycle, we analyze them separately for each
season. The seasons are defined with the months December, January, February (DJF) for winter—March, April,
May (MAM) for spring—June, July, August (JJA) for summer and September, October, November (SON) for
autumn. We then link capacity factors to the different weather regimes (Figure 1, step 10) and calculate mean
Wr,Coumry,seas(m). The difference between these mean
capacity factors per weather regime and the mean capacity factors for the whole season of a country (CF,

capacity factors per weather regime, country, and season (CF
coumry,season)
determines whether the weather regime exhibits over- or underproduction relative to the mean (Equation 3).

ACl:wr,counlry,season = Cer,country,season - CFcounlry,season (3)

Multiplication of capacity factors with installed capacities yields power output (Equation 1). This can be used to
expand Equation 3, which gives the total deviation of PV power generation of Europe per weather regime and
season (Figure 1, step 11).

APwr,Europe,season = Z (ACer,counlry,season X ICcounlry) (4)

country
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where IC is the installed PV capacity per country (W).

country

We use Equation 4 as a metric for the variability, which forms the basis for the following optimization. To under-
stand Equation 4, we assume that it is zero for a specific weather regime and season. In that case, the respective
weather regime and season's PV power generation equal the season's mean PV power generation. If the results
for every weather regime and season of Equation 4 are zero, each season's PV power generation is, on average,
constant across the different weather regimes. That would imply that the multiday variability induced by weather
regime transitions is zero, reducing the challenge of considering the PV power generation variability for power
grid balancing purposes.

Considering seven weather regimes plus no regime and four seasons implies 32 results of Equation 4 for the
variability. To consolidate these 32 results, we introduce the mean and maximum PV power generation variabil-
ity. The mean PV power generation variability is defined as the sum of the absolute changes in mean PV power
generation resulting from the transition from one weather regime to another, weighted with the corresponding
frequency of the transition as:

mean_var = (l (Pwri,Eumpe,season - Pwrj,Eumpe,seasnn) | X fi,j) (5)
i=0 j=0

where n =7 is the total number of weather regimes, P ; xyope season 1S the mean PV power generation for a specific
weather regime wr; and season, f; ; is the frequency of the transition from weather regime i to j. The maximum PV
generation variability is defined as the maximum difference of mean PV power generation between two weather
regimes per season:

max_var = Pwr",aX,Eurnpe,season - Pwrmi“,Europe,season (6)

Total mean and maximum PV power generation variability are defined as the average of the obtained results from
Equation 5 and Equation 6 over the whole season.

2.2.3. Variability Reduction With Optimized Installed PV Capacity Distribution

To determine an installed capacity distribution that minimizes PV power generation variability, we use Equa-
tion 4 for every country, season, and weather regime in a linear least-square problem with an upper and lower
bound on the variables (Virtanen et al., 2020) (Figure 1, step 12):

minimize 0.5 X ||AX — b || subjecttolb < x < ub @)

where A is the coefficient matrix, x is the solution, b is the target vector, /b is the lower bound of the solution x,
and ub is the upper bound of the solution x.

The coefficient matrix A is defined with ACF from Equation 3:

wr,country,season

A(:FWRI,AL, winter ACFWRI,SK,wimer

ACFWRX,ALvaulumn o ACFWRX,SK,aulumn

where, for instance, the first element of the matrix ACFy; a1 yiner 18 the capacity factor anomaly of weather
regime 1, in Albania in winter. The columns of A are associated with the 36 countries considered, whereas the
eight weather regimes and four seasons translate into the 32 rows of A.

The target vector b is set to zero, reducing the variability within one weather regime and season as much as possi-
ble and therefore also reducing the variability from one weather regime to another:

b =10,...,0] )
The result of this method is the vector X which contains the installed capacity for each country:

X = [ICaL....,ICx] (10)
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Table 1
Overview of the Three Scenarios to Analyze Photovoltaic (PV) Power Generation Variability Reduction Potentials

Scenario Description

Variability only Reduce PV power generation variability while keeping total PV generation in
2030/2050 unchanged

Variability and Costs Simultaneously reduce installed capacity (i.e., installation cost) and PV power
generation variability while keeping total PV generation in 2030/2050 unchanged

Variability and Autarky Reduce PV power generation variability while keeping total PV generation in
2030/2050 unchanged and ensuring 10%/30% of demand is met locally

The method to perform the minimization is the Trust Region Reflective algorithm (Branch et al., 1999). To avoid
unrealistic decommissioning of existing PV panels, we set the lower bound to the current (2019) installed PV
capacity per country (unless explicitly mentioned in the scenarios below). The upper bound is always set to the
roof-top mounted PV potential per country (Trondle et al., 2019).

2.2.4. Scenarios

Besides reducing PV power generation variability, we add constraints to the optimization, such as a minimum
power generation on a European scale, a certain level of autarky per country or a limit on total capacity addition
to control associated installation costs. To consider these trade-offs, we analyze three scenarios summarized in
Table 1.

The scenario constraints are added row and element-wise to the coefficient matrix A (Equation 8) and the target
vector b (Equation 9). They act as additional equations within our linear least-square problems.

To meet the requirements of the different scenarios and obtain better control over our linear least-square problem,
we introduce a weighting vector w:

w =[w0,...,wx] (11)

where 10 is the weight assigned to the equations defined with the coefficient matrix A and the target vector b. The
weighting vector is useful to consolidate the various orders of magnitudes of our equations. For instance, the first
32 rows are of the same order of magnitude because they all describe the PV power generation variability. While
an added constraint minimize total European PV generation would be larger. To apply the weighting vector, the
square root of its elements is taken as elements of a diagonal matrix and is multiplied with the coefficient matrix
A and the target vector b, before solving the optimization problem:

Av=Ax| : (12)

Bw =bx : : (13)
0 eee A/ Wy

In the following, we introduce the already mentioned scenarios for capacity allocation in the future in greater
detail.

2.2.4.1. Scenario 1: Variability Only

The objective of the scenario “Variability only” is to minimize the multiday PV power generation variability
while the total power generation with PV systems in Europe must remain the same as estimated with the NECPs
for 2030 or with the estimate for 2050 by the Energy Watch Group. We compare variability based on current plans
and based on an optimized distribution of installed PV capacities that produces the same amount of electricity,
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showing the total potential of the PV generation variability reduction with an optimized installed capacity distri-
bution without additional constraints.

To implement this scenario, we add all the mean capacity factors per country as an additional row to the coeffi-
cient matrix A and the total PV power generation as an additional element to the target b.

CFaL ... CFsk

where A, is the coefficient matrix for the scenario “Variability only” (expansion of Equation 8) and CF,; and
CFgy are the mean capacity factors for Albania and Slovakia, which are alphabetically the first and last considered
countries.

P ——

b_var = [..., tOtywd] (15)

where b_var is the target vector for the scenario variability (expansion of Equation 9), and tot,,, is the total PV
power generation estimated for 2030 or 2050, respectively.

The weighting vector is chosen such that the equation considering the total PV power generation gets ten times as
much weight as each equation considering variability.

2.2.4.2. Scenario 2: Variability and Costs

In addition to reducing generation variability, this scenario also minimizes installed PV capacity and, therefore,
associated costs while producing the same amount of electricity as estimated with the installed PV capacity
planned in the NECPs for 2030 or with the upscaled estimates for 2050. The constraint for the PV power gener-
ation is added similarly as before. We include the minimization installed PV capacities by adding a row with
ones to the coefficient matrix A and zero as an element to the target vector b. This equation penalizes capacity
additions and thus acts as an incentive to generate energy with minimal installed capacity. The weighting vector
for the scenario costs is chosen, such as the equation considering the total installed capacity gets about ten times
less weight than the equation considering variability and the equation considering total PV power generation.

2.2.4.3. Scenario 3: Variability and Autarky

This scenario seeks to minimize PV generation variability, while each country must generate 10% of its electricity
consumption with PV systems itself in the year 2030 or 30% in the year 2050. We use historical consumption data
(Section 2.1.4) because we focus on variability reduction potentials if we enforce a less clustered distribution of
installed capacities rather than on actual percentual coverages per country's consumption. The scenario “Varia-
bility and Autarky” is constructed like the scenario “Variability only,” but instead of the currently installed PV
capacities for each country as lower bound, scenario “Variability and Autarky” uses 10% of the yearly consump-
tion per country (30% for 2050) divided by the capacity factors per country as lower bound.

Ibeounsy = 10% X 10adcounny / (Cme X 365d x 245) (16)

where 1b is the lower bound for the installed PV capacity per country (W), load

country

consumption per country (Wh), and CF,

is the yearly electricity

country

is the capacity factor per country (unitless).

country

3. Results and Discussions
3.1. Weather Regimes and Associated Capacity Factors Anomalies

Figure 2 presents the weather regimes, their likelihood of occurrence and their relation to the country-specific
capacity factors per season. We find that weather regimes have strong control over country-specific capacity
factors. While positive geopotential height anomalies (anticyclones) cause positive capacity factor anoma-
lies, negative geopotential height anomalies (cyclones) cause negative capacity factor anomalies. These rela-
tions match expectations because anticyclones are related to descending air, clear sky conditions, and therefore
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Standardized anomalies of geopotential height at 500hPa [unitless]
-1.5 -1.0 -0.5 0.0 0.5 1.0 1.5

WR1 15.0%

Summer Spring Winter

Autumn

WR2 15.1% WR310.3% WR415.1% WR5 13.9%

WR6 14.1% WR7 13.1% no regime 3.4%

-0.02 -0.01 0.00 0.01 0.02
Capacity factor anomaly [unitless]

Figure 2. Link between the derived seven weather regimes and the photovoltaic capacity factor anomalies per country and season. The first row shows standardized
anomaly fields of geopotential height at 500 hPa for each weather regime and their frequency of occurrence. The linked capacity factor anomalies per country are
shown separately for each season. They are calculated as the difference to the corresponding seasonal mean: winter (December, January, February), spring (March,
April, May), summer (June, July, August), and autumn (September, October, November).

enhanced capacity factors. In contrast, cyclones usually induce enhanced cloud cover and reduced surface solar
radiation, thereby decreasing capacity factors. The relation between the derived weather regimes and the most
important variables to determine the capacity factors, namely surface solar radiation, and 2-m temperature, can
be found in Figure S1 in Supporting Information S1.

An essential outcome of the results presented in Figure 2 is that cyclonic/anticyclonic conditions often affect only
a part of Europe. Therefore, positive and negative capacity factor anomalies usually co-exist in different parts of
Europe within one weather regime, suggesting that weather-induced below-average PV production in one region
can be buffered by a corresponding above-average production from another region if capacities are distributed,
taking this information into account. There are, however, a few cases where negative capacity factor anomalies
prevail all over Europe (e.g., WR2 in winter). In such cases, it is impossible to mitigate multiday PV power gener-
ation variability by an optimized distribution.

3.2. Variability — Current Situation (2019)

The European installed PV capacity in 2019 amounts to 131.2 GW (IRENA, 2020b). Most of the capacity is
installed in Western Europe, with Germany as the leading country. Annual mean PV power generation in 2019
equals 17.5 GW (153 TWh/y) with substantial seasonality: 8.6 GW in winter, 21.7 GW in spring, 25.7 GW in
summer, and 14.0 GW in autumn. Transitions between weather regimes result in multiday PV generation varia-
bility. For 2019, we quantify the associated mean variability at 0.9 GW, calculated as the average change of PV

MUHLEMANN ET AL.

8of 17



~1
AGU

ADVANCING EARTH
AND SPACE SCIENCE

Earth’s Future 10.1029/2022EF002673

power generation upon a weather regime transition. This number roughly corresponds to the rated capacity of one
nuclear power plant and equals 5.1% of mean PV production. The maximum variability, defined as the maximum
difference between weather regimes, amounts to 3.0 GW, corresponding to 17.1% of mean PV power generation.
These variabilities are non-negligible within the context of PV power generation. Yet, they are small compared
to the current total power production in Europe (Jiger-Waldau, 2019). But this will change with the growing
system-wide importance of PV generation. According to the plans by NECPs, installed PV capacity triples by
2030 and continues to increase sharply thereafter. The projection to 2050 (Ram et al., 2017), which informs our
future scenarios, suggests a 19 fold increase from 2015 until 2050. Other scenarios even assume stronger capacity
growth (SolarPower Europe and LUT University, 2020). The growing relevance of PV for total power generation
implies growing relevance of associated production variability.

3.3. Variability 2030 and Its Reduction Opportunities

The NECP capacity additions by 2030 leave the current pattern of installed capacities unchanged: most capacity
is still located in Western Europe (Figure 3a). Consequently, we find that along with the tripling of total capacity,
the mean and maximum variability scale in concert and also roughly triple, to 2.7 and 8.5 GW. When compared
to a more distributed allocation of capacity, such a distribution constitutes a cluster risk because weather regimes
often affect central and western Europe equally (see Figure 2).

We thus seek to explore the potential for variability reduction via informed siting of additional PV capacity. To
do so, we demand the same PV power generation of 52.3 GW as in NCEP 2030 (scenario “Variability only”) and
perform a linear optimization of added capacity. In contrast to NECPs, this method favors additional capacities
in southeastern and northwestern Europe (see Figure 3b), thereby almost halving the mean variability from 2.7 to
1.5 GW. Similarly, the maximum variability reduces from 8.5 to 5.2 GW (see also Figure 4 for a seasonal over-
view). These variability reductions are achieved with less installed PV capacity (373.6 vs. 386.5 GW), reflecting
that the optimization identifies superior locations in terms of both total generation and low variability. It should
be noted that the actual distribution of installed capacities is currently not decided on a European level but on a
national level. Implementing planning and policies along the lines suggested in this paper thus also represents an
implementation challenge in addition to a meteorological challenge. We provide a more detailed overview of all
results for the year 2030 in Table A1 in Appendix A.

If cost minimization is explicitly added to the optimization, we observe a shift from the southeastern/northwest-
ern distribution to a southeastern/southwestern distribution (Figure 3c). This configuration requires 33.7 GW less
installed capacity than the “Variability only”” scenario to produce the same amount of electricity. Reductions in
mean variability (from 2.7 to 1.8 GW) and maximum variability (from 8.5 to 6.1 GW) are still pronounced, yet
somewhat weaker compared to the pure variability minimization, in line with expectations (see also Figure 4). We
find that the scenario “Variability and Costs” decreases mean variability by 27% compared to 39% in the “Vari-
ability only” scenario. These findings highlight synergies between reducing PV power generation variability and
lowering investment costs. Nevertheless, a thorough analysis reveals limitations: capacity is almost exclusively
added in three countries (Cyprus, Greece, and Spain). Seasonal examination (Figure 4) indicates that variability
is only slightly reduced in winter when electricity demand is highest.

The two scenarios examined so far mainly added capacity in geographically distant regions of Europe, like
Greece or Scandinavia. With such a geographically distant distribution, one needs to mention the assumptions
of an unlimited power grid again. Further analysis regarding the power grid is necessary to set the results into
context. In practice, such a distribution of power production would require substantial grid reinforcement on the
continental scale and require collective willingness to act from many countries. This motivates another scenario
that includes countries willingness to maintain certain levels of self-sufficiency. In the scenario “Variability and
Autarky,” we therefore demand that 10% of the yearly country-specific consumption must be produced with local
PV systems in 2030. The resulting flatter distribution of this scenario is shown in Figure 3d. All countries get
installed capacities needed to cover at least 10% of their yearly consumption. Additional capacities required to
meet the total annual mean production target of 52.3 GW are again distributed to southeastern and northwestern
Europe. The flatter distribution has only a minor impact on the variability reduction potential. It drops by about
10% compared to the “Variability only” scenario and yields mean and maximum variability of 1.9 and 6.1 GW,
respectively. The findings of scenario “Variability and Autarky” indicate the potential for large PV power plants
in key countries to reduce variability. Furthermore, it shows that reduced PV power generation variability can be
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Figure 3. Additional installed photovoltaic (PV) capacity distributions planned for 2030 (National Energy and Climate Plans, NECPs) and resulting from the three

scenarios ‘“Variability only,” “Variability and Costs,” and “Variability and Autarky.” Hatched countries indicate that the upper bound (potential for roof-top mounted PV
systems) is reached.

achieved jointly with some degree of self-sufficiency, thus it may need less continental transmission infrastruc-
ture, with about the same total installed capacity as envisaged in NECPs 2030 plans. The corresponding absolute

installed PV capacity distributions to the here presented additional installed capacities in Figure 3 can be found
in Figure S2 in Supporting Information S1.

A seasonal perspective (Figure 4) shows that PV generation variability in absolute terms tends to be highest in
mid-season (spring and autumn) for NECPs and all scenarios. All scenarios reduce the variability in each season,
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Figure 4. Mean (bars) and maximum (black markers) consolidated (over all weather regimes) variability per season and
overall (total). In gray, the estimated variability with the planned installed capacities for 2030 (National Energy and Climate
Plans, NECPs) and in color the estimated variability with the installed capacity distribution for scenario “Variability only,”
“Variability and Costs,” and “Variability and Autarky,” respectively.

demonstrating that many different improvements to current plans exist that combine different additional goals.
As expected, the largest reductions can generally be achieved with the “Variability only” scenario. Summer is
an exception, where the scenario “Variability and Costs” causes stronger variability reductions by concentrat-
ing installed capacities to Southern Europe, where weather in summer is more constant. The variability of this
scenario in winter is, by contrast, nearly identical to the variability estimated with the NECPs. The findings high-
light the need for seasonal analysis, especially if the investigation were expanded to include electricity demand
and other power generating technologies with potentially different overall seasonality than PV power generation.
A detailed overview of the deviation of PV power generation from the seasonal mean per weather regime and
season in 2030 can be found in Figure S3 in Supporting Information S1.

3.4. Variability 2050 and Its Reduction Opportunities

The estimated installed PV capacity of 1.94 TW for 2050 (Ram et al., 2017) results in total mean and maximum
variabilities of 13.9 and 43.8 GW if capacity is added using the same relative distribution per country as in 2019.
Similar to 2030, variability minimization with equal production (scenario “Variability only”) still places most
installed capacities to southeastern/northwestern Europe. However, since total installed capacities are much higher
in 2050 than in 2030, the maximum country capacities are more often reached (hatched countries in Figure 5).
The method reacts by placing additional capacity first in neighboring countries and second to northeastern and
southwestern Europe, following the general pattern that capacity factor anomalies in these two regions are often
anticorrelated (Figure 2). The reduction potentials (in per cent) of scenario “Variability only” is slightly lower in
2050 than in 2030, which is related to the mentioned fact that ideal locations are already full exploited, requiring
sub-optimal additions. Nevertheless, the mean (maximum) variability is decreased by 4.7 GW (13.2 GW). We
provide a more detailed overview of all results for the year 2050 in Table A2 in Appendix A.

In the joint “Variability and Costs” optimization, the mean variability is reduced by 2.2 GW, and the maximum
variability is reduced by 9.6 GW (Figure 5c). Additional capacity is generally installed into Southern countries
where capacity factors are higher. Consequently, 197.3 GW less capacity is required to produce the same amount
of electricity compared to the scenario “Variability only.” Compared to 2030, these results indicate that joint
variability and cost reduction becomes more challenging with increased installed PV capacity. For instance, the
optimization still reduces variability but to a smaller degree (roughly half of the mean reduction potential and
two thirds of the maximum reduction potential of scenario “Variability only”). The benefit in reducing the costs
compared to 2030 has also decreased. While the same amount of electricity could be produced with 18% less
additional installed PV capacity in 2030, this reduction drops to 13% in 2050. The cause for this deterioration is
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Figure 5. Additional installed photovoltaic (PV) capacity distributions upscaled for 2050 and resulting from the three scenarios “Variability only,” “Variability and
Costs,” and “Variability and Autarky.” Hatched countries indicate that the upper bound (potential for roof-top mounted PV systems) is reached.

again that upper bounds per country are more often hit, leading to more capacity in northern countries with lower
capacity factors.

Lastly, the scenario “Variability and Autarky” that assumes 30% autarky levels in 2050 yields a flatter distribution
(Figure 5d). This spatial diversification causes a mean (maximum) variability reduction of 3.8 GW (13.0 GW),
which is comparable to the scenario “Variability only.” This result demonstrates the balancing potential of a
flatter distribution where the countries are self-sufficient to a certain degree while also decreasing the need for
power line expansion, but it is still possible to substantially reduce the variability. When planning larger solar
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Figure 6. Mean (bars) and maximum (black markers) consolidated (over all weather regimes) variability per season and
overall (total). In gray, the estimated variability with the upscaled installed capacities to the year 2050 and in color the
estimated variability in 2050 with the installed capacity distribution for scenario “Variability only,” “Variability and Costs,”
and “Variability and Autarky,” respectively.

power systems and their location, these results may also be of interest. Even in an already present flat installed
PV capacity distribution, a new large solar power system in a key country like Greece could reduce the PV power
production variability. The corresponding absolute installed PV capacity distributions to the here presented addi-
tional installed capacities in Figure 5 can be found in Figure S4 in Supporting Information S1.

A closer look at the variabilities per season (Figure 6) shows that all scenarios reduce the variabilities in every
season except scenario “Variability and Costs” in winter, where the variability even increases. The results are
similar to the results for 2030, where the variability in winter could not be reduced substantially. A possible
explanation is the equivalent effect of weather regimes to capacity factors for southern countries in winter. It
is reasonable to place most installed capacities to the South for cost consideration. And it is also for variability
reduction considerations in most seasons, but not for winter, where, unfortunately, electricity demand is still high-
est. However, the relative variability of the other two scenarios and the upscaled variability show similar results
as for 2030. Scenario “Variability only” reduces the variability the most in every season and total. Interestingly
scenario “Variability and Autarky” now reduces the variability more than scenario “Variability and Costs” and
is almost in reach with scenario “Variability only.” A detailed overview of the deviation of PV power genera-
tion from the seasonal mean per weather regime and season in 2050 can be found in Figure S5 in Supporting
Information S1.

3.5. Comparison and Combination With Wind Power Production Variability

Given current strategies for 2030, energy system operators will need to consider power generation fluctuations of
8.5 GW from solar PV, which will correspond to 16% of the wind power variability (Grams et al., 2017). In 2050
these numbers could significantly increase to 43.8 GW (maximum variability), comparable to the 89.6 GW wind
power production variability that follows from upscaling the Grams et al. (2017) estimates using wind capacities
by the Energy Watch Group (Ram et al., 2017). In such future systems, PV generation variability matters. For
instance, the 13.2 GW PV variability reduction that we achieved with an optimized distribution would no longer
be negligible and could substantially help to balance the power grid on a multiday timescale.

Moreover, positive effects from combining different renewables could be strategically used in optimized
approaches to ensure that demand always equals electricity production. Others analyzed the energy system's
stress caused by wind and PV production and their dependency on weather (Bloomfield et al., 2020; van der
Wiel et al., 2019) and reported that blocking situations have lower than average power production with wind and
PV and higher than average energy demand. Our results suggest that PV power production is higher on average
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during blocking situations. For instance, PV power generation is high during European blocking (WRS). In
contrast, wind power production is low in this regime (Grams et al., 2017), highlighting the potential to reduce
the energy system's stress via mixed technology portfolios, including PV and wind power.

4. Conclusions and Outlook

PV power generation is subject to significant fluctuations because of its weather dependency. Currently, multiday
fluctuations are of minor importance to the power grid because PV power generation in Europe is small compared
to the power produced by other technologies. But with the continued growth of installed PV capacity, dealing
with the weather-dependent variability at these longer timescales will become increasingly essential. We report
that in 2030, the change in mean PV power generation from one weather regime to another could amount to up to
8.5 GW. Consequently, other power plants or storage facilities must generate this electricity to balance the power
grid. We have shown that under the condition of an unlimited power grid (transmission), a southeastern/north-
western distribution of PV systems in Europe reduces this variability by roughly 40% to 5.2 GW. Furthermore,
the investigations indicate that PV production variability and costs can be reduced simultaneously. It is feasible to
reduce the variability projected for 2030 by roughly 30% with 10% less installed PV capacity. Requiring that each
country produces 10% of its electricity consumption within its borders by PV turns out to be of little consequence
concerning overall production and production fluctuations. This aspect is of interest as local power production
and consumption may imply less cross-border transmission infrastructure.

Different studies propose that the installed PV capacity must increase massively toward 2050 to achieve a 100%
renewable electricity-producing Europe (IRENA, 2020a; Ram et al., 2017; SolarPower Europe and LUT Univer-
sity, 2020). Based on one of these studies (Ram et al., 2017), we have estimated the maximum regime-to-regime
variability in 2050 to be 43.8 GW. In the scenario foreseeing large PV capacity additions, the potential of roof-top
mounted PV systems per country is repeatedly reached, and our method places additional installed PV capacities
in countries where the variability reduction potential is smaller. Not being able to exploit the optimal locations
lowers the potential to reduce the variability from 40% (2030) to 30% (2050). Nevertheless, these 30% yields a
substantial reduction of 13.2 GW in absolute numbers, implying a significant need for backup infrastructure.
With the estimates for 2050, it is still feasible to reduce variability and costs simultaneously. With 10% less
installed PV capacity, we reduced the variability by roughly 15%. However, a closer look at seasons also showed
the limit of the resulting southern distribution for this scenario. It reduces the variability in all seasons except
winter, where it even increased, but electricity demand is highest. Finally, the examined scenario where 30% of
the electricity demand must be covered with in-land PV production in 2050 reduced the variability by roughly
30%—indicating that a flatter distribution with less needed transmission is similarly effective as pure variability
minimization.

To our knowledge, the present study is the first to examine the reduction of multiday PV power generation vari-
ability with a distribution of PV systems based on weather regime classification. Our method is extendable to
cover additional (renewable) energy sources or constraints. For example, it may be used to address the combined
variability reduction of PV and wind power. Another improvement of the presented method could be to use
capacity factors on a smaller scale than country-specific ones. An analysis on a smaller scale would consider
capacity factor differences within one large country and increase the number of locations where PV systems can
be distributed. Furthermore, the applied weightings could be analyzed in more depth. For instance, a continuum
of weights could be inserted, gradually shifting the weight from variability to the other constraints (cost, autarky)
to develop a systematic overview of their impact.

We have shown that as the installed PV capacity increases in the future, the associated multiday variability in
power production becomes substantial in absolute terms. Our results suggest that instead of further massive
unplanned PV deployment, large benefits exist when using the variability reduction potential originating from
a weather regime informed optimized distribution of PV systems. This meteorological understanding in power
system planning will help achieve a carbon-neutral European energy system at feasible costs without under-
mining the security of supply. Optimal siting can be one component of a portfolio of measures to help balance
renewable grids across the European continent—alongside storage, transmission, and demand-side flexibility. If
we do not take this opportunity, the variable power input will be unnecessarily more extensive, and more research
and innovation are needed to balance the power grid sustainably.
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Appendix A

A more detailed overview of the scenarios' results can be found in Table A1 and A2. They have been separated
into all results for 2030 (Table A1) and all results for 2050 (Table A2) to facilitate comparisons between the
different scenarios for the same year.

’[I‘)::)L:;iilOverview of the Results With the National Energy and Climate Plans (NECPs) and the Three Scenarios for 2030
NECPs 2030 Variability only Variability and Costs Variability and Autarky

Installed PV capacity (GW) 386.5 373.6 339.8 380.3
Mean PV production (GW) 52.3 52.2 52.4 52.3
Mean variability (GW) 2.7 1.5 1.8 1.9
Maximum variability (GW) 8.5 5.2 6.1 6.0
Mean variability/mean PV production (%) 52% 2.9% 3.4% 3.6%
Maximum variability/mean PV production (%) 16.3% 10.0% 11.6% 11.5%
Mean variability reduction (GW) - 1.2 0.9 0.8
Maximum variability reduction (GW) - 33 2.4 2.5
Mean variability reduction (%) - 44.4 33.3 29.6
Maximum variability reduction (%) - 38.8 28.2 294

Table A2
Detailed Overview of the Results Upscaled for 2050 and the Three Scenarios for 2050

Upscaled 2050  Scenario variability ~Scenario costs  Scenario autarky

Installed PV capacity (GW) 1,940.0 1,903.4 1,706.1 1,936.0
Mean PV production (GW) 258.9 258.6 258.8 260.9
Mean variability (GW) 13.9 9.2 11.7 10.1
Maximum variability (GW) 43.8 30.6 34.2 30.8
Mean variability/mean PV production (%) 54 3.6 4.5 39
Maximum variability/mean PV production (%) 16.9 11.8 132 11.8
Mean variability reduction (GW) 4.7 2.2 3.8
Maximum variability reduction (GW) 13.2 9.6 13.0
Mean variability reduction (%) 33.8 15.8 27.3
Maximum variability reduction (%) 30.1 21.9 29.7

Data Availability Statement

e All scripts and figures produced in this study can be found in the GitHub repository https://github.com/
dmuehlemann/RPGYV or via https://doi.org/10.5281/zenodo.5834042 with MIT license. The repository also
contains the information on where the used research data can be downloaded to reproduce the work (similar
to Section 2.1 data and below).

e The ERAS hourly data on pressure levels used for the weather regime classification in the study are available
at the Climate Data Store via https://doi.org/10.24381/cds.bd0915¢c6 (Hersbach et al., 2018).

e The country-specific capacity factors data set v1.1 used for calculating photovoltaic (PV) power genera-
tion in the study are available at https://www.renewables.ninja/downloads via https://doi.org/10.1016/j.
energy.2016.08.060 with Creative Commons Attribution-NonCommercial 4.0 International (CC BY-NC 4.0)
license (Pfenninger & Staffell, 2016).
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¢ The installed capacities per country data used to compute actual national PV power generation in the study
are available at IRENA Renewable Capacity Statistics 2020 via ISBN 978-92-9260-239-0 (IRENA, 2020b).

e The National Energy and Climate Plans used to assess future configurations in the study are available at
European Commission website with Creative Commons Attribution 4.0 International (CC BY 4.0) license
(European Commission, 2021).

¢ The hourly electricity consumption data set used for scenario autarky in the study are available at Open Power
System Data via https://doi.org/10.25832/time_series/2020-10-06 with MIT License (Wiese et al., 2019).

e The second hourly electricity consumption data set used for scenario autarky in the study are available in
Eurostat Data Browser with the online data code NRG_CB_E with Creative Commons Attribution 4.0 Inter-
national (CC BY 4.0) license (Eurostat, 2021).

¢ The roof-top mounted PV potential per country data used as upper bound in the linear least-square problems
in the study are available at Zenodo via https://doi.org/10.5281/zenodo.3246303 with Creative Commons
Attribution 4.0 International (CC BY 4.0) (Trondle et al., 2019).

¢ 3.3.1 of Matplotlib used for creating figures is preserved at https://doi.org/10.5281/zenodo.3984190, available
via PSF license and developed openly at https://matplotlib.org/ (Hunter, 2007).

e v0.6.1 of geopandas used for creating maps with country based information is preserved at https://doi.
org/10.5281/zenodo.3483425, available via BSD 3-Clause license and developed openly at https://geopandas.
org/ (Jordahl et al., 2019).

e v0.17.0 of SciTools/cartopy used for creating weather regime maps is preserved at https://doi.org/10.5281/
zenodo.1490296 available via LGPL-3.0 license and developed openly at https://scitools.org.uk/cartopy (Met
Office, 2018).

e 1.4.0 of the eofs used for the empirical orthogonal function analysis is preserved at https://doi.org/10.5281/
zenodo.2661604, available via GNU GPLv3 license and developed openly at https://ajdawson.github.io/eofs/
v1.4/ (Dawson, 2016).

e 0.23.2 of the scikit-learn used for k-means clustering is preserved at https://scikit-learn.org/0.23/, available via
BSD-3-Clause license and developed openly at https://scikit-learn.org/ (Pedregosa et al., 2011).
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