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HIGHLIGHTS

Climate change shows impacts on

large-scale metrics of a European

electricity system

Largest climate impacts are

observed within fully wind-

dominated electricity systems

6 high-resolution CMIP5 GCMs

under the forcing of three IPCC

RCPs have been used

State-of-the-art wind and solar

capacity factors and electricity

demand data were used
Wind and solar sources currently drive an increased weather-dependent electricity

production because of decreasing costs and efforts to mitigate climate change.

Unfortunately, some degree of climate change appears to be unavoidable. We use

different projections of climatic outcomes over the 21st century to assess how

important key metrics of a highly renewable electricity system are affected by

climate change.
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Context & Scale

Globally, electricity production

from wind and solar sources is

increasing significantly. The

increase is primarily driven by

lower costs and by political efforts

to mitigate climate change.

Climate change, however, may

radically change the weather that

drives these sources of renewable

energy. We find that the impact of

climate change on a future highly

renewable European electricity

system is up to 20% for a few key

metrics when compared to
SUMMARY

Falling prices and significant technology developments currently drive an

increased weather-dependent electricity production from renewables. In light

of the changing climate, it is relevant to investigate to what extent climate

change directly impacts future highly weather-dependent electricity systems.

Here, we use three IPCC CO2 concentration pathways for the period 2006–

2100 with six high-resolution climate experiments for the European domain.

Climate data are used to calculate bias-adjusted 3-hourly time series of wind

and solar generation and temperature-corrected demand time series for 30 Eu-

ropean countries using a state-of-the-art methodology. Weather-driven elec-

tricity system analysis is then applied to compare five key metrics of highly

renewable electricity systems. We find that climate change changes the need

for dispatchable electricity by up to 20%. The remaining key metrics, such as

the benefit of transmission and storage as well as requirements for balancing ca-

pacity and reserves, change by up to 5%.
corresponding numbers for a

historical climate scenario. In most

cases, however, the relative

impact is an order of magnitude

smaller. The level of impact is, in

general, smaller than

corresponding differences from

one weather year to another and

also compared to differences

between system designs, e.g.,

with different levels of

international power transmission

lines or different mixes of wind

and solar generators.
INTRODUCTION

The global climate is currently undergoing vast changes, primarily due to anthropo-

genic emissions of heat-trapping gases into the atmosphere.1 As a consequence,

the global average surface temperature has increased since the 1960s by approxi-

mately 0.2� C per decade. A similar rate of temperature increase is projected to

occur during the first half of the 21st century2 and, at present, the changing climate

is showing global impacts on natural and human systems. In this work, we focus on

the impacts of a changing climate on the dynamics of a future, highly renewable,

large-scale electricity system for Europe.

Research on the impacts of climate change on large-scale electricity systems is in its

infancy, and few studies have been performed in this field.3 For an aggregated Eu-

ropean energy system, Dowling4 finds outweighing demand-side impacts to the

supply side, based on the Prospective Outlook for the Long-term Energy System

model (POLES). Because of global heating, the cooling demand increases while

the heating demand decreases.4 More specifically, a study conducted by Pilli-Sih-

vola et al.5 shows a decreasing need for heating in central and northern Europe

based on the SRES A2, A1B, and B1 emission scenarios. Southern Europe experi-

ences a large increase in cooling demand, which in turn overcomes the decrease

in heating demand.5 This finding is in agreement with a study on Germany and

Austria for the last quarter of the 21st century.6 The spatial distribution of the heating

and cooling needs are further reflected in increasing needs for electricity in southern

Europe and decreasing needs in northern Europe.7 Individual country studies on
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Norway,8 Finland,9 Slovenia,10 Austria,11 and Switzerland12 agree upon the latter

findings. Spinoni et al.13 show that the heating degree days decrease significantly,

especially over Scandinavia and European Russia when using the representative con-

centration pathway scenarios (RCP) 4.5 and RCP8.5. For identical projections, the

cooling degree days are increasing, especially over the Balkans and the Mediterra-

nean region.

By using the SRES A1B emission scenario, Tobin et al.14 and Barstad et al.15 find

negligible changes in the wind power potential over the Baltic Sea and the surround-

ings. Similar results are found by Tobin et al.16 for Europe by using the RCP4.5 and

RCP8.5 emission scenarios. McColl et al.17 arrive at similar conclusions for the UK,

Seljom et al.8 for a case study on Norway based on 10 climate experiments, and

Koch et al.18 for Germany by using the RCP2.6 and RCP8.5 emission scenarios for

the period 2031–2060. Moreover, Schlott et al.19 discover increasing wind correla-

tion lengths along with increasing wind power generation in the same regions of Eu-

rope by using the RCP8.5 emission scenario. Tobin et al.14 and Bloom et al.20 project

a decreasing wind power potential over the Mediterranean area by using the SRES

A1B and A2 emission scenarios. Similar findings along with decreasing correlation

lengths are shown by Schlott et al.19 For an aggregated EU27, Dowling4 found a

slight increase in the wind power production until mid-century, based on the SRES

A1B and E1 emission scenarios. For a wind-dominated European energy system un-

der the impact of the RCP8.5 emission scenario, increasing needs for conventional

power and storage are found in most of the central, north, and northwest areas,21

with a more homogeneous wind power generation22 at the end of the 21st century.

Jerez et al.23 project a decreasing solar power generation in the Scandinavian area

and slight increases over southern Europe by using the RCP4.5 and RCP8.5 emission

scenarios. This corresponds with increased means of solar irradiation along with

increased solar correlation length in large parts of southern Europe.19 The opposite

behavior is observed for the northern parts of Europe.19 For an aggregated EU27, an

increasing amount of solar photovoltaic (PV) generation is found.4 Based on 44 elec-

tricity scenarios for Europe, Berrill et al.24 find that large penetrations of wind and

solar power emit the least CO2 within the ensemble of scenarios and, as a conse-

quence, contribute the most to climate change mitigations.

We add to the literature by investigating the key infrastructure metrics of a fully con-

nected, highly renewable European electricity system by using the latest generation

of climate projections provided by the Intergovernmental Panel on Climate Change

(IPCC).25 The climate data used in this study originate from six combinations of four

RCMs (regional climate models), downscaling three CMIP (coupled model inter-

comparison project) phase 526 GCMs (global climate models) under the forcing of

IPCC RCPs. This study utilizes only a subset of the GCMs that are available in the

ensemble of CMIP5 GCMs. Former studies27,28 evaluate the climate model perfor-

mance of capturing, e.g., storm track densities, temperatures, or precipitations,

by using a large ensemble of GCMs and show acceptable agreements among a ma-

jority of the GCMs, including the ones adapted in this work.

In order to represent a broad range of climate outcomes, three scenarios, RCP2.6,29

RCP4.5,30 and RCP8.5,31 have been implemented into the global climate models.

RCP2.6 is a climate projection that provides the necessary steps consistent with

the goals of the 2015 Paris agreement, which aims at keeping long-term global tem-

perature increases below 2�C. In particular, there is an urgent need for both short-

and long-term action in reducing the CO2 emissions, as explained in detail in the

Emission Gap Report 2017.32 RCP4.5 is highly influenced by high CO2 emission
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Figure 1. RCP Key Metrics

(A) CO2 emissions as a function of model year for the various projections of climate outcomes.

(B) Average near-surface temperature over Europe for the regional climate model HIRHAM5-EC-

EARTH as a function of model year for identical pathways. Black, green, blue, and red projections

represent the historical, RCP2.6, RCP4.5, and RCP8.5 pathways, respectively.
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cost policies, while RCP8.5 has no climate policies implemented. The underlying

assumptions of the pathways result in CO2 emissions as shown in Figure 1A.

RCP2.6 and RCP4.5 show decreasing projections of the CO2 emissions during the

21st century, while RCP8.5 leads to an increased projection that stagnates at the

end of the century. For further information on the pathways, refer to the Supple-

mental Information Section 1.4. These projections are reflected in the European

average temperature, e.g., the RCM HIRHAM5,33 downscaling the global climate

model ICHEC-EC-EARTH,34 from now on denoted as HIRHAM5-EC-EARTH, shown

in Figure 1B. Based on the emission scenarios, 3-hourly data on climate variables

with a 0.11� 3 0.11� spatial resolution have been fostered on behalf of the EURO-

CORDEX project.35,36 These data are used to calculate the time series of wind and

solar power generation as well as climate-corrected electricity demand time series

from which the final results are derived. Figures 2B–2D exemplify the 2080–2100

model time span average near-surface temperature over Europe for the future emis-

sions scenarios based on the climate model HIRHAM5-EC-EARTH. Figure 2A repre-

sents the absolute temperature of the historical period 1986–2006. The most

extreme temperature increases reach values of greater than 6�C.

In the present study, the main source of error originates from the performance of the

GCMs that provide the boundary conditions for the RCMs.37 It is also known that

biases might occur during the downscaling from GCM to RCM because of a change

in the temporal resolution, as discussed by Cannon et al.38 Various studies have

engaged in tracking the evolution of CMIP5 GCMs and their predecessor CMIP3

GCMs by comparison to observed data, satellite data, or reanalysis. In Supplemental

Information Section 1.2, we detail the biases in the wind speed, temperature, global

radiation budget, and cloud cover projections as these are crucial for our study.
Joule 3, 1–14, April 17, 2019 3



Figure 2. 20-Year Average Values of the Near-Surface Temperature

The 2 meter surface temperature is based on the latest generation of IPCCs climate projections, RCPs, for the climate model HIRHAM5-EC-EARTH.

(A) Average absolute temperature for a historical period ranging from 1986 to 2006 along with a unique color bar.

(B–D) Temperature increase at the end of the century during 2080–2100 according to scenarios (B) RCP2.6, (C) RCP4.5, and (D) RCP8.5 relative to the

historical period, sharing one color bar.
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Although improvements are evident in the prediction of climate variables, there is

still a need for more attention in this field. A detailed description of biases within

the RCMs is omitted as the GCM errors propagate through the downscaling. How-

ever, the errors introduced in the downscaling should not be neglected.

In this work, the combined errors from GCMs and RCMs are partially taken into ac-

count by evaluating the results on data from six different combinations of GCM and

RCM models. Relatively small deviations are observed between these independent

datasets, which leads to the conclusion that model-specific biases are not a major

source of error. However, we cannot exclude biases that are similar for all model

combinations.
RESULTS AND DISCUSSION

End-of-Century Climate Impacts

Initially, we present results based only on the climate model HIRHAM5-EC-EARTH.

Toward the end, we present the robustness of the results by comparing similar find-

ings from all six climatemodels.We stress, however, that in the analysis all six climate

models have been treated identically.

Except for a few cases, the different climate scenarios show a limited impact on the

five key metrics of a highly renewable European electricity system. This is illustrated

in Figure 3, where the key metrics are shown as a function of the wind-solar mix for

the end of the century period 2080–2100, where all RCPs are most developed. We

observe that the difference between average values for different climate scenarios

is smaller than the corresponding annual variation (one sigma) in nearly all cases.

In other words, annual variations within a given climate change scenario are larger

than the difference between scenarios. This indicates that it is more important to

incorporate existing inter-annual variation in long-term electricity system design de-

cisions, as discussed by Collins et al.,54 compared to including the effect of climate

change. Furthermore, a paired t test reveals that, in most cases, the null hypothesis

of no difference between the historical and the future 20-year mean values of the key

metrics cannot be rejected (95% confidence). To some extent, this finding is related

to the choice of generator capacities relative to demand because a decrease in
4 Joule 3, 1–14, April 17, 2019
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Figure 3. Key Metrics as a Function of the Wind-Solar Mix for the Historical and End-of-Century Periods

The historical period covers 1996–2006 (black), and end-of-century period covers 2080–2100 for the RCP2.6 (green), RCP4.5 (blue), and RCP8.5 (red)

pathways. A wind-solar mix equal to zero represents a solar-only electricity system, and a wind-solar mix of one represents a wind-only electricity

system. The averages of the annual values are indicated with fully drawn lines, and the corresponding ranges (one sigma) are shown with dashed lines.

All key metrics are unitless, as described in the Experimental Procedures. (A) Dispatchable Electricity, (B) Benefit of Transmission, (C) Benefit of Storage,

(D) Dispatchable Capacity, (E) Short-term variability.
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demand happens to be balanced by an independent decrease in consumption. This

is evident from Table 1, where it can be seen that both annual demand and wind and

solar generation are decreasing slightly in the future scenarios. Furthermore, a t test

shows that, at a 95% significance level, the annual demand and annual solar capacity

factors can both be considered different for the different climate change scenarios in

nearly all cases. Test results for the wind capacity factors, on the other hand, are

inconclusive. The magnitude of the effect of climate change on electricity demand

is similar to the impact on the supply side. However, the inter-annual variability of

the demand is smaller by about an order of magnitude, as can be seen in Table 1.

The limited demand-side impact is primarily explained by the relatively low level

of electrified heating and cooling in Europe. Should a larger share of the heating

demand be electrified in the future, as suggested by several studies,55–57 then the

effect of climate change on the demand side would increase accordingly.7,58 All

test scores, mentioned above, are listed in the Supplemental Information Section 6.

The estimates of the difference between the climate change scenarios can also be

compared to the difference between systems with different wind-solar mixes within

a scenario. This comparison reveals to what extent it is more important to choose the

right wind-solar mix independently of RCPs or whether it is most important to design

the electricity system for the right RCP.

For the dispatchable electricity key metric, shown in Figure 3A, we find the largest

difference between climate scenarios for a wind-solar mix of 1.0. The RCP8.5 sce-

nario has an average value of 0.17, while the corresponding number for the historical
Joule 3, 1–14, April 17, 2019 5



Table 1. 20-Year Average Values of the Normalized Wind hWi20yr and Solar hSi20yr Power and

Electricity Consumption hLi20yr for the European Domain

Historical RCP2.6 RCP4.5 RCP8.5

hWi20yr 1.00 G 0.03 0.98 G 0.02 0.99 G 0.04 0.96 G 0.03

hSi20yr 1.00 G 0.01 0.99 G 0.02 0.98 G 0.02 0.97 G 0.03

hLi20yr 1.000 G 0.005 0.995 G 0.003 0.992 G 0.005 0.986 G 0.003

One sigma standard deviations are shown after each value. All values have been normalized to the cor-

responding values calculated for the historical period.
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period is 0.14, i.e., a difference of 0.03. The minimum dispatchable electricity is

achieved for a wind-solar mix of about 90%. If the system is designed without stor-

age, minimum surplus variable renewable electricity (VRE) occurs at the same mix,

but if long-term storage is included, Heide et al.48 showed that the minimum of sur-

plus moves to a wind-solar mix of about 60%. From Figure 3A, we see a correspond-

ing change in the average dispatchable electricity of approximately 0.1 for all

climate scenarios.

For each of the key metrics, the absolute value at a given wind-solar mix as well as,

e.g., the location of minimum and maximum values, can be compared to the differ-

ence between climate scenarios.

For all climate scenarios, the dispatchable electricity peaks for a solar-dominated

system at slightly more than half the electricity consumption. This is explained by

the day-night pattern in which little dispatchable electricity is needed during the

daytime and full dispatchable electricity is needed for the nighttime. On the other

hand, the production of wind power during both day- and nighttime reduces the

need for dispatchable electricity to about 15% of the annual demand. These findings

are in agreement with earlier work based on historical data.48 As stated above, the

largest difference between climate scenarios occurs for wind-dominated systems,

where the absolute value is also lowest. In this case, the dispatchable electricity

may change by up to 20% as an effect of climate change. Such a change may have

a significant impact on decisions depending on, e.g., fuel needs and levelized

cost of electricity from both dispatchable sources and VREs.

The benefits of transmission (Figure 3B) and short-term storage (Figure 3C) exhibit

opposite behaviors in the sense that the former grows with an increasing wind-solar

mix and the latter declines. This is because both are highly dependent on the

coupled spatial and temporal correlation lengths of the wind speeds and solar irra-

diance.59 The high correlation lengths of the solar irradiance due to the systematic

variability of the sun’s position in the sky give rise to low transmission benefits and

high short-term storage benefits. Because of the simultaneous production of PV po-

wer over large areas, minor needs for transmission are present for a dominant solar

share, whereas the day-night cycle allows storage to cycle relatively often.60 For a

large wind share, on the other hand, the smaller wind-speed correlation length of

approximately 600–1,000 km and the related synoptic timescale of about 1 week

lead to increasing transmission benefits and lower short-term storage utilization.

In both cases, the largest absolute difference between climate scenarios occurs

where each of the metrics peak. As a result, the impact of climate change is limited

to less than 5% here. This means that for a large-scale electricity system, major

design decisions related to international transmission and storage are not strongly

affected by climate change. At a finer spatial resolution, some changes in the spa-

tio-temporal correlations are expected.21,22
6 Joule 3, 1–14, April 17, 2019



Figure 4. Evolution of the Dispatchable Electricity as a Function of Model Year for the Climate

Model HIRHAM5-EC-EARTH

The historical period covers 1996–2006 (black), and the future scenarios RCP2.6 (green), RCP4.5

(blue), and RCP8.5 (red) cover the years 2006–2100. The wind-solar mix is 0.8. The 20-year averages

of the annual values are indicated with fully drawn lines, and the corresponding ranges of the one-

sigma standard deviation are shown with shaded areas.

Please cite this article in press as: Kozarcanin et al., 21st Century Climate Change Impacts on Key Properties of a Large-Scale Renewable-Based
Electricity System, Joule (2019), https://doi.org/10.1016/j.joule.2019.02.001
The short-term variability (Figure 3E) shows higher values for low solar shares. This

behavior is due to stronger intra-day temporal variations in the solar irradiance

compared to temporal variations in the wind speeds. This is further reflected in

the dispatchable capacity (Figure 3D). In both cases, the maximum differences be-

tween climate scenarios are all limited to less than 3% of the corresponding absolute

value. The dispatchable capacity describes the maximum power required to offset

calms in weather-based generation, and the short-term variability is a proxy for

the reserves required on standby to compensate intra-day weather variations.

Climate change is often said to result in more erratic weather,61 but the key metrics

show that for large-scale electricity networks, the size for both long-term and short-

term reserves remains largely unchanged. This is likely due to the fact that extreme

situations also occur in the 20-year historical period, albeit not as often.

Climate Impacts during the Century

A number of studies focus on the end of the century period alone. However, we also

explore the evolution of the key metrics throughout the century. In the following, we

focus on the dispatchable electricity for a wind-solar mix of 0.8, shown in Figure 4.

Similar results can be found for the other key metrics in the Supplemental Informa-

tion Section 6. For this case, we do not find a gradual transition from the historical

reference period toward the end of the century. Instead, the trajectories of the

RCPs change over time such that, e.g., the 20-year average values of each RCP cross

the other trajectories multiple times. This means that the general conclusions about

the relative importance of climate change on the electricity system, drawn above for

the end of the century period, also hold for the transition, and it is not possible to

regard specific numerical differences between RCPs as the product of a gradual evo-

lution toward a stable climatic endpoint. Rather, the 20-year averages are not stable

to an extent where they can be regarded as different between RCPs. A longer time

window could be used instead. However, since the climate is changing over the

course of the century (see Figure 1), long periods do not represent a stable climatic

situation.

Ensemble of Climate Models

Above, we have discussed results based on the HIRHAM5-EC-EARTH climate

model. Now, we turn to the five other combinations of regional and global climate

models included in the study in order to establish to what extent the results are in

agreement across the models. In general, we do not find identical numerical results
Joule 3, 1–14, April 17, 2019 7



Figure 5. Key Metrics for Six Regional Climate Models from the EURO-CORDEX Project

These are compared for the historical period 1986–2006 (black) and end-of-century 2080–2100 for

the RCP2.6 (green), RCP4.5 (blue), and RCP8.5 (red) scenarios. Annual values for the HIRHAM5-EC-

EARTH model are indicated as boxplots. The 5% and 95% quantiles of each key metric are marked

with an ‘‘x.’’ For the remaining models, only the median values of the annual means are shown. The

red star shows the key metrics for the Renewables.ninja reanalysis time series. All key metrics are

normalized to the median of the respective metric in the historical period of the HIRHAM5-EC-

EARTH model.
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for all models despite the fact that all time series have been bias adjusted on the

same historical period against the same reference. However, the overall findings

remain, independently of the models. Figure 5 shows a comparison of the five elec-

tricity system key metrics for the different models in the historical period as well as in

the end-of-century period for the RCPs. In most cases, the 20-year average values fall

between the first and the third quartile of the annual variation, which means that the

difference between individual RCMs is smaller than the annual difference within a

given RCM. For the variability, this is not the case. The main reason for this is that

the wind and solar time series are bias adjusted such that the distribution of instan-

taneous values matches the reference. However, the variability depends on the

correlation between consecutive hours. This difference is not directly subject to

correction, which means that models are likely to behave more differently on this

parameter. Identical key metrics are also shown for the reanalysis Renewables.-

ninja45,46 time series as a red star. Here, we observe a conclusion similar to that of

the climate models. This reflects the adequacy of bias-corrected climate data in

terms of use for power system analysis.
Conclusion

The different climate change scenarios show amodest impact on the keymetrics that

are representing the gross properties of a highly renewable European electricity sys-

tem. On the supply side, both wind and solar power generation are affected in a way

that generally reduces performance slightly as their average electricity output de-

creases and their variability increases with an increasing effect of climate change.

Consequently, the most extreme impacts of climate change are observed within fully

wind-dominated electricity systems. In this regime, the dispatchable electricity

changes up to 20% of the historical values. Changes in the benefit of transmission

and benefit of storage stay below 5% of historical values. Changes in the short-

term variability stay below 3%.

An important consequence of these findings is that for most of the key metrics that

are studied in this work, it is not required to take into account the effect of climate

change on the VREs wind and solar when designing gross properties of future highly

renewable electricity systems. However, other properties, e.g., siting of renewable
8 Joule 3, 1–14, April 17, 2019
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generators and selection of conventional generators, are not studied in this work,

and the impact of climate change remains inconclusive. The need for dispatchable

electricity is influenced by climate change, in some cases, depending on the VRE

composition in the electricity system.

In designing a future highly renewable electricity system that is robust against

climate change, it is most important to focus on reaching a mixture of wind and solar

power generation that minimizes the need for dispatchable electricity as the effect of

climate change simulated by typical GCMs has a modest impact on the gross design

properties of future highly renewable electricity systems. This suggests that, to first

order, the gross character of highly renewable power system design solutions is not

strongly affected by differences in climate produced by the current generation of

GCMs under different IPCC RCP scenarios. Further investigations, however, are

required to understand the quality of GCM representation of climate change in

key meteorological properties and their impact on power system design in more

sophisticated modeling frameworks.

This modeling approach is easily adaptable to model large-scale features of highly

renewable electricity systems in other parts of the world. Should a stronger sector

coupling, in particular between the heating, cooling, and electricity sectors, become

a reality, the demand-side impact of climate change would increase beyond what

has been discussed in this study.
EXPERIMENTAL PROCEDURES

This section describes the electricity system modeling approach, data conversion

and calibration procedures, and the electricity system key metrics. For a formal defi-

nition of these quantities, see Supplemental Information Sections 2.1–2.3.
Weather-Driven Electricity System Modeling

Weather-driven electricity system modeling was introduced for the first time by

Heide et al.39 It is a type of top-down analysis that is particularly useful for isolating

and understanding the impact of weather dynamics on an electricity system with a

large penetration of variable sources, e.g., wind and solar. In addition to Europe,

this type of modeling approach has previously been applied to model large-scale

electricity systems in the US40 and China.41 But unlike most technology-rich bot-

tom-up models, it is not well suited for determining, for example, the fuel mix of

conventional dispatchable production units or to include political aspects of en-

ergy system design decisions. Further restrictions of identifying cost-optimized so-

lutions or planning technology-based taxes, subsidies, or standards would emerge

consequently. However, before addressing these issues, it is important to quantify

how impactful climate change is on the important electricity system key metrics

since changes in these will also change the boundary conditions for more detailed

design problems. In this way, differences in key metrics for different future climate

scenarios indicate that more than one end-point solution must be considered when

planning the pathway from the present-day electricity system to a highly renew-

able system, as studied here. Similarity between the key metrics, on the other

hand, indicates that the end-point solution is likely to be independent of the

climate outcome. In this paper, we implement a simplified large-scale European

electricity system, of which the supply side consists solely of wind and solar power

generation as well as a generic dispatchable power source, e.g., dammed hydro

power or gas turbines. The demand side consists of national electricity demand.

This type of electricity system aggregates the country-wise wind and solar power
Joule 3, 1–14, April 17, 2019 9
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generation profiles into system-wise profiles. The same applies for the electricity

consumption profiles. The effect of power transmission in this system was intro-

duced by Rodriguez et al.42,43

The effect of climate change enters the modeling via the weather-dependent wind

and solar generation time series as well as the temperature-dependent part of the

electricity demand. State-of-the-art methodology has been used to convert raw

wind and solar climate data into 3-hourly country-wise wind and solar capacity factor

time series. For the wind capacity factors, an optimized Gaussian convolution is

applied to the original wind power curve in the conversion process.44 This has

been shown to compensate well for the limited spatial and temporal resolution of

the climate model data.44 The solar conversion includes solar position geometry,

calculation of direct, diffuse, and reflected irradiance on a tilted surface, a model

for the photovoltaic panels that include temperature-dependent efficiency and

inverter losses. In this case, an optimized Weibull curve is used to correct the model

output. In both cases, the free model parameters are determined individually for

each country and each climate model such that the relative entropy between the

time series and an already bias-corrected reference, provided by Renewables.

ninja,45,46 is minimized for the historical period 1986–2006; see Supplemental Infor-

mation Section 3. Hourly country-wise electricity consumption profiles have been

provided by the European Network of Transmission System Operators for Electricity

(ENTSO-e).47 These have been corrected for effects of heating and cooling by using

the degree-day method; see Supplemental Information Section 4.

In the work presented here, wind and solar generator capacities have been scaled

such that the EU-wide average generation over the historical period matches the

average demand for electricity. This choice has previously been shown to

describe the dynamics of a highly renewable electricity system well.39 Because

of the state of fluctuating weather events and electricity consumption behavior,

the generation and load profiles differ in most time steps. This difference is

referred to as the generation-load mismatch, which is defined formally in Supple-

mental Information Section 2.1. For high renewable penetrations, the generation-

load mismatch means that a surplus of the VRE will sometimes be available. This

surplus may be either transported to other locations, used by new flexible con-

sumption, stored for later use, or simply curtailed. At other times, VRE generation

is lacking, and an ancillary system must balance the difference between supply

and demand, e.g., by a combination of conventional power plants, dispatchable

renewable electricity such as dammed hydropower, and electricity storage sys-

tems. Variations in instantaneous generation-load mismatch across the continent

drive the transmission of renewable surplus to regions with a deficit. Furthermore,

the maximum negative values of the mismatch describe the need for dispatch-

able power capacity, and variations in the mismatch describe the need for on-de-

mand flexible reserves.

Key Metrics

The above considerations give rise to five key metrics that describe a highly renew-

able electricity system. These are all described formally in Supplemental Information

Section 2.3 and summarized here. The first key metric is the average dispatchable

electricity. This metric quantifies the amount of energy delivered by dispatchable

generators such as biomass, gas, or coal-fired power plants for a fixed wind and solar

penetration. It is a good indicator of the utility value of the VREs, i.e., the amount of

VRE that can directly cover the demand. This metric was first introduced by Heide

et al.48
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Generally, the useful electricity can be increased by means of geographical disper-

sion, e.g., by combining national systems to smooth out variations in both

demand49 and renewable generation.40 We measure this effect with the second

metric, which is defined as the absolute difference between balancing electricity

required with and without unlimited transmission in a European power grid. We

call the metric the absolute benefit of transmission, in contrast to the relative

benefit of transmission used by Becker et al.50 In this paper, we do not detail

the required transmission capacities but note that many other studies find that it

is cost efficient to build enough to harvest most of this benefit.50,51 The third

key metric provides a measure of the short-term benefit of storage. This key metric

is defined as the absolute difference in the dispatchable electricity calculated with

and without a 24-h average of the generation-load mismatch. This key metric is

presented only for an unlimited transmission scenario, but we stress that a limited

transmission scenario introduces no considerable differences for this metric. The

reason is that the short-term benefit of storage primarily measures daily smoothing

of the generation-load mismatch, whereas the benefit of transmission measures

smoothing on the synoptic scale.

The three first metrics are concerned with the need for dispatchable electricity,

which is closely related to, e.g., CO2 emissions, fuel consumption, and VRE

curtailment. The fourth and fifth key metrics indicate what is required to stabilize

an electricity system based on VREs and to maintain the security of supply. The

fourth metric is measured by the maximum dispatchable capacity required during

low VRE and high-demand periods. A number of studies show that VRE provides

only very limited firm capacity as in Rodriguez et al.42 However, firm capacity is

not a good key metric, as it does not capture the correlation between VREs

and demand. The fifth and final key metric is the 3-hourly short-term variability

of the balancing time series. This measure was shown to be a good proxy for

the need for on-demand reserve capacity.52 The variability is largely caused

by meso-scale turbulence patterns that have been shown to describe the spa-

tio-temporal characteristics of wind and solar power generation well.53 This

means that there is a direct relation between the 3-hourly values used here

down to timescales of approximately 10 minutes, where small-scale turbulence

changes the scaling.

We note that the effects of many types of extreme weather conditions are implicitly

captured by the key metrics that are calculated from the 3-hourly generation-load

mismatch. For instance, an extended period of very hot weather in the RCP8.5 sce-

nario would increase the use of dispatchable electricity and capacity as electricity

demand for cooling would increase and the performance of solar panels would

decrease compared to the historical scenario. Likewise, strong storms would cause

wind turbines in areas with wind speeds exceeding, typically, 25 m/s to cut out

abruptly, causing an increased short-term variability as well as increased needs for

dispatchable electricity and capacity.
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H.M., Hyvönen, R., Laapas, M., and Drebs, A.
(2015). Energy demand for the heating and
cooling of residential houses in Finland in a
changing climate. Energy Buildings 99,
104–116.

10. Dolinar, M., Vidrih, B., Kajfe�z-Bogataj, L., and
Medved, S. (2010). Predicted changes in
energy demands for heating and cooling due
to climate change. Phys. Chem. Earth Parts
A B C 35, 100–106.

11. Berger, T., Amann, C., Formayer, H., Korjenic,
A., Pospischal, B., Neururer, C., and Smutny, R.
(2014). Impacts of climate change upon cooling
and heating energy demand of office buildings
in Vienna, Austria. Energy Buildings 80,
517–530.

12. Christenson, M., Manz, H., and Gyalistras, D.
(2006). Climate warming impact on degree-
days and building energy demand in
Switzerland. Energy Convers. Manag. 47,
671–686.

13. Spinoni, J., Vogt, J.V., Barbosa, P., Dosio, A.,
McCormick, N., Bigano, A., and Füssel, H.
(2018). Changes of heating and cooling
degree-days in Europe from 1981 to 2100. Int.
J. Climatol. 38, e191–e208.

14. Tobin, I., Vautard, R., Balog, I., Bréon, F., Jerez,
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S., Maule, C.F., Nikulin, G., et al. (2016). Climate
change impacts on the power generation
potential of a European mid-century wind
farms scenario. Environ. Res. Lett. 11.

17. McColl, L., Palin, E.J., Thornton, H.E., Sexton,
D.M.H., Betts, R., and Mylne, K. (2012).
Assessing the potential impact of climate
change on the UK’s electricity network. Clim.
Change 115, 821–835.
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This document is the supplementary information (SI) for the paper: 21st Century
climate change impacts on key properties of a large-scale renewable-based elec-
tricity system.

The material of the SI is not intended for the regular reader, but only for other
researchers, with special interests. Section 1 provides a general overview of the
climate models that are used in this work along with a short description on their
numerical biases. Section 2 presents the electricity system modelling and system key
metrics. In section 3 the underlying procedures of the data conversion and validation
processes are explained along with the results. Section 4 presents the methods of
correcting the electricity consumption profiles for impacts from electrified heating
and cooling along with the results. The methods of sections 2, 3 and 4 are straight
forward applicable to other studies. In Section 5, we present the statistical test that is
used for this work. Section 6 presents additional results to the main article.
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1 Introduction

In this section, we introduce the climate models and how they assist research on
climate change. The need for climate models is explained at first and followed by
a description of biases that might be introduced due to the underlying climate as-
sumptions. We continue with a short but technical description of the local and global
models that are used in this work. After that, the latest generation of IPCC’s climate
projections are explained. In the last section, we present the data that is available for
this study.

1.1 The need for climate models

Studies on the impact of climate change on human and natural systems are highly
dependent on state-of-art mathematical models of climate projections. These are most
commonly built upon assumptions on the average concentrations and emissions of
heat trapping gases in the atmosphere. The need for information on climate change
is necessary in order to perform timely mitigation strategies. So far, synoptic scale
climate models succeed in representing trends of large scale weather changes but
lacks in describing these on the meso or lower spatial scales. Meso scale models
with high accuracy of prediction are important due to climate weirding, which is a
term that describes how climate change may cause local weather to become more
unpredictable and extreme in addition to general increase in average temperature
[1, 2]. Regional and global climate models are a set of models describing the past and
present climates on the meso and synoptic scales, respectively. Below, we describe
the most common climate models known to the literature.

General circulations models or global climate models, GCM, are a class of complex
mathematical representations of the coupling between atmospheric and oceanic global
climate models, AGCM and OGCM, respectively. AGCM’s consist of a dynamical core
which solves the equations of fluid motion for e.g. surface pressure along with other
variables as solar radiation, velocity or the temperature. Apart from atmospheric
components the AGCM’s usually contain a model representing the land surface.
Examples of AGCM’s common to the literature are the Integrated Forecasting System,
IFS, made available by the European Centre for Medium Range Weather Forecasts
ECMWF, the ECHAM6 developed at the Max Planck Institute MPI or the Hadley
Atmospheric Model 3 HadAM3 available from the Hadley Centre. OGCM’s model
the oceans with fluxes imposed from the atmosphere and may as well contain sea ice
models. Examples of OGCM’s are the Nucleus for European Modelling of the Ocean
NEMO, the Max Planck Institute ocean model MPIOM or the Hadley Oceanic Model
3 HADOM3. AGCM’s and and OGCM’s can be coupled forming AOGCM’s here
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after denoted as GCM’s.

Most of the current GCM’s run with a spatial resolution of 1° which corresponds
to approximately 110km over Europe. These large scale grid cells are able to cover
vastly differing areas from high mountains to flat coasts. In order to understand
the outcome of future climate projections on smaller scales a down scaling from
the GCM’s to regional climate models RCM’s is needed. A technique used most
commonly is dynamical down scaling, DD, in which outputs from the driving models,
GCM’s, are used as forcing data to provide boundary and initial conditions for the
RCM run [3, 4]. In this regard, the large scale information from the GCM’s are
contained within the RCM domain. The RCM run is hereby able to simulate meso
scale properties on a finer domain. Throughout this work this process will be referred
to as "RCM run GCM forcings". This method has so far been used in a variety of
projects as the Ensembles-based predictions of climate changes and their impacts
ENSEMBLES [5], the Regional Climate Model Inter-comparison Project RMIP [6], the
North American Regional Climate Change Assessment Program NARCCAP [7], the
Prediction of Regional scenarios and Uncertainties for Defining European Climate
change risks and Effects PRUDENCE [8], the EuropeâĂŞSouth America network
for climate change assessment and impact studies CLARIS [9], and A COordinated
Regional climate Downscaling EXperiment CORDEX [10, 11] which is used in this
work. The CORDEX experiment provides data with spatial resolution of 0.11° or
0.44° corresponding to approximately 12km or 50km in Europe, respectively. The
standard temporal resolutions are 3hr, 6hr, 12hr, monthly.

1.2 Biases in the global climate models

Although successive research within climate modelling provides comprehensive
knowledge on the climate there is still a need for more attention in this field. Below
we briefly discuss biases that are evident within the climate variables that are impor-
tant for this study.

Iqbal et al. [12] investigates the North Atlantic eddy-driven jet stream in 11 CMIP5
GCMs by evaluating the jet latitudes and wind speeds in a historical run from 1980-
2004. Compared to reanalysis, typical biases between 1° and 2° are observed in the
latitude mean seasonal cycle anomaly for a majority of the GCMs. The corresponding
seasonal amplitude variations reach up to ±10° for a few GCMs, which is an over
or underestimation of about 5° compared to reanalysis. But compared to identical
CMIP3 GCMs, it is an improvement [13]. In addition, Iqbal et al. [12] shows a slight
poleward shift in the jet stream under the IPCC RCP4.5 and RCP8.5 induced global
warming during the end of the century. This is further confirmed for 26 CMIP5
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GCMs under the IPCC RCP8.5 emission scenario, which shows a poleward jet shift
of approximately 2° in the Southern Hemisphere and 1° in the North Atlantic and
North Pacific [14]. In all GCMs, the mean seasonal anomaly bias for the jet stream
wind speeds is overestimated for the winter months while the opposite is the case
for summer months. A majority of the GCMs are overestimating the corresponding
amplitudes [12]. The jet wind speed biases are smaller in the CMIP3 GCMs compared
to the CMIP5 GCMs [13].

The GCM cloud simulations, which most directly affect the solar energy yield cal-
culated in our study, remain the major source of inaccuracy in climate predictions.
Lauer et al. [15] evaluates the total amount of cloud cover, amongst other climate vari-
ables, in 27 CMIP5 GCMs by comparing to satellite data covering the years 1986-2007.
It is shown that the linear correlation coefficient of the GCM wise 20 year annual
average of the total cloud amount ranges from 0.11 to 0.83 with a root mean square
error of 10% to 23%. For CMIP5 experiments, the IPCCs Fifth Assessment Report
AR5 [16] presents a difference of 2% to 3% in regional changes of cloud fractions for
the years 2081–2100 under the RCP4.5 emission scenario. For the RCP8.5 emissions
scenario, a difference of 5% to 6% is presented.

The global radiation budget biases that are most strongly influenced by clouds are
the incomming radiative shortwave flux at the surface along with the outgoing flux
at top of the atmosphere and the reflected flux. For a number of CMIP5 GCMs, Li et
al. [17] finds regional biases ranging from −25Wm−1 to more than 30Wm−1 for the
incomming flux compared to EBAF-Surface flux radiation product for a time period
2000-2010. The multimodel global area average bias is reduced by 30% compared
to CMIP3 GCMs. Similar findings are evident for the regional outgoing flux as well
as reflected flux with an improvement of the multimodel global area average bias
with a factor of 2 compared to CMIP3 GCM. With these consideration in mind, it is
evident that CMIP5 GCMs have improved since phase 3, although room for further
improvement remains. In this work we are compensating for static biases in the solar
energy yield as explained in the methods section.

In the present study, surface air temperatures are used to adjust the electrical demand
for changes in heating and cooling needs. The GCM ability to accurately replicate
this field is receiving increasing attention. A recent study by Cattiaux et al. [18] on
the European domain shows negatively biased winter temperatures in the North
compared to ground observations [19]. Positively biased summer temperatures are
observed in the East and Central Europe for 33 CMIP5 GCMs. For the total European
domain, the GCM ensemble mean bias is approximately −1°C± 8°C during winter
months. The corresponding values for summer months are 0.5°C± 6°C. Similar
trends are found for Northern Eurasia where the winter and summer periods show
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the largest biases [20]. Small improvements has been made since CMIP3 GCMs [21].

1.3 Global and regional climate models

GCM: ICHEC-EC-EARTH
EC-EARTH [22] is a coupled global climate and earth system model that was devel-
oped on the basis of the numerical weather prediction model, NWP, of the European
Centre for Medium-Range Weather Forecasts, ECMWF. The components of EC-
EARTH consist of ECMWF’s atmospheric model IFS, a land model H-TESSEL [23],
an oceanic circulation model NEMO [24] and a sea ice model LIM [25]. The Inte-
grated Forecasting System IFS cycle31r1, utilizes the 3-dimensional Navier Stokes
equations and uses a spectral method to compute the dynamics of the atmosphere in
each grid-point. A complete description of the IFS specific cycle31r1 can be found
on the website of ECMWF. This model includes Observation Processing [26], Data
Assimilation [27], Dynamics and Numerical Procedures [28], Physical Processes [29],
The Ensamble Prediction System [30], Technical and Computational Procedures [31]
and the Wave model [32]. Minor changes to the physics parametrizations evolving
from a set of later ECMWF cycles has been utilized in order to optimize the model
for climate simulations. IFS and H-TESSEL are coupled to NEMO and LIM2 by the
Ocean Atmosphere Sea Ice Soil version 3, OASIS [33].

GCM: HadGEM2-ES
The Hardley Global Environment Model 2 - Earth System, HadGEM2 [34], is a cou-
pled earth system model based on a two stage development from its predecessor
HadGEM1 [35] along with additional improvements as described in [36]. The compo-
nents of the HadGEM2 model consist of a land surface exchange scheme MOSES II
[37], a large-scale hydrology module LSH [38] which is based on the TOPMODEL
approach [39], a river scheme based on the TRIP model [40], an improved represen-
tation of the aerosols [41], an atmospheric chemistry component based on the UK
Chemistry and Aerosols model UKCA [42], a terrestrial carbon cycle component
which is developed on the basis of the TRIFFID dynamic vegetation model [43] and a
soil carbon model RothC [44], and an ocean carbon cycle component [34].

GCM: MPI-ESM-LR
The Max Planck Institute Earth System Model MPI-ESM-LR is a coupled earth system
model which consists of the atmospheric circulation model component ECHAM6
[45] which is development from its predecessor ECHAM5 [46, 47]. A land vegetation
model JSBACH [48] and an ocean-sea ice component MPIOM [49] is implemented as
well. The coupling of the atmospheric and oceanic models is done by OASIS as in
EC-EARTH.
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RCM: HIRHAM5
HIRHAM5 [50] is a regional atmospheric climate model developed on the basis of the
dynamics used in the High Resolution Limited Area Model HIRLAM7 [51] and the
physical parametrization schemes from the global climate model ECHAM5 [46, 47].
The set of HIRLAM models are numerical short-range weather forecasting systems
developed by the international HIRLAM programme and used for weather forecast-
ing by numerous meteorological institutes as DMI, FMI, KNMI, met.no, INM and
SMHI. ECHAM5 is a general atmospheric circulation model developed on the basis of
the dynamics from ECMWF operational forecast model cycle 36 and a comprehensive
parametrization package developed at Hamburg. The full summary of changes of the
model cycles of ECMWF can be seen on the website of ECMFW.

RCM: RCA4
The set of regional climate models RCA are initially based upon the numerical
short-range weather forecasting system HIRLAM [52]. The latest release of the RCA
models, RCA4 [53], includes both physical and technical upgrades in respect to RCA3
[54]. RCA3 performed substantially well over Europe due to incorporated European
climate parametrizations and compensating errors. The focus of RCA4 was to create
a model that is usable in any domain worldwide without the need for retuning.
In RCA4, the physical parametrization was improved by including a new global
physiography data base amongst other physical parametrizations.

RCM: RACMO22E
RACMO2.2 is the latest release of its family of RACMO2 [55] regional climate models
in which the dynamics has not been changed since its predecessor RACMO2.0 [56].
Certain physics are changed as a new physics package emanating from ECMWF cycle
31r1 has been used.

RCM: CCLM4
The climatic version of the COSMO model, CCLM, is a non-hydrostatic regional
climate model developed by the Climate Limited-area Modelling-Community, the
CLM-Community, which became the regional community model for the German
climate research in 2005. CCLM is based upon its predecessor Local Model, LM, of
the German Meteorological Service.

7



1.4 Representative Concentration Pathways, RCP’s

The family of RCP’s is the latest generation of IPCC’s emission scenarios that provide
climate projections for the GCM’s. Former versions of climate projections are the
Special Report on Emissions and Scenarios SRES released in 2000, IS92 released in
1992 and SA90 released in 1990. In the ensemble of RCP’s, four alternative climate
projections are provided. In this work, we restrict to RCP2.6 [57], RCP4.5 [58] and
RCP8.5 [59]. Figures S1a, b and c show projections of carbon dioxide emissions,
concentrations in the atmosphere and the consequent temperature increases as a
function of time, respectively. The emissions and concentrations are available from
the RCP database [60] whereas the temperatures are extracted from the climate model
HIRHAM5-EC-EARTH. The following paragraphs give a short description of the
pathways along with some of the implemented assumptions. More information on
the individual scenarios can be found in the respective publications.

RCP2.6
RCP2.6 was developed by the PBL Netherlands Environmental Assessment Agency
on the basis of the IMAGE 2.4 modelling framework. This pathway forms the basis of
the Paris Agreement to establish the goal of keeping the global average temperature
increase below 2°C at the end of the 21. century. To reach this goal, the emissions
of CO2 are projected to follow now-a-days emissions until 2020, then decline and
become negative at 2080. RCP2.6 is a peak and decline scenario with a peaking
carbon dioxide concentration at around 2050 and decrease to slightly above 400ppm
at the end of the 21. century. In order to reach such a forcing, assumptions as a
population of 9 billion by the year 2100 is present and a reduction of 40% in the
methane emissions.

RCP4.5
RCP4.5 was developed by the Pacific Northwest National Laboratory on the basis of
the Global Change Assessment Model, GCAM. The CO2 emissions increase slightly
until 2040 and reduces afterwards in order to remain constant after 2080. The atmo-
spheric concentration of CO2 reaches a value of 550ppm at the end of the 21. century.
This pathway assumes strong reforestation programmes and decreased use of crop
and grass lands and stable methane emissions.

RCP8.5
RCP8.5 was developed by the International Institute for Applied System Analysis
on the basis of the IIASA Integrated Assessment Framework and the MESSAGE
model. Currently, the humanity is following the "Business as usual" pathway with
CO2 emissions as seen in Figure S1a. This pathway leads to CO2 emissions three
times as extreme as today with concentrations reaching almost 1000ppm. In contrary
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to the previous pathways, there is no restriction to methane emissions. A world
population of 12 billion people at 2100 is assumed with increased use of crop and
grass land.
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Figure S1: RCP key metrics as a function of time during the 21. century. The black,
green, blue and red pathways represent the historical, RCP2.6, RCP4.6 and RCP8.5
scenarios.

9



1.5 Available data

This section provides information on the data handed out by the different meteoro-
logical institutes across Europe. Table S1 summarizes the amount of data handed out
and their temporal resolution. sfcWind denotes the near surface wind speeds, z0 the
surface roughness length, tas the near surface air temperature, rsds the down welling
short wave radiation and rsus the up welling short wave radiation.

The Danish Meteorological Institute provided a net short wave radiation rsns instead
of rsus. rsus was computed by subtracting rsds and rsns. The instantaneous hourly
sfcWind and tas was downscaled to 3hr by a simple extraction of every third value.
The Swedish Meteorological and Hydrological Institute provided all variables for
RCA. The Royal Netherlands Meteorological Institute provided all data with the
desired resolutions. The German Climate Computing Center did not provide z0. As
a work around the z0 from RCA4-EC-EARTH was used.

Model sfcWind z0 tas rsds rsus

Temporal
resolution

1hr 3hr N.A 1hr 3hr N.A 1hr 3hr N.A 1hr 3hr N.A 1hr 3hr N.A

HIRHAM5
EC-EARTH

X X X X

RCA4
EC-EARTH

X X X X X

RCA4
HadGEM2-ES

X X X X X

RACMO22E
EC-EARTH

X X X X X

RACMO22E
HadGEM2-ES

X X X X X

CCLM4
MPI-ESM-LR

X X X X

Table S1: Variables provided by the meteorological institutes. sfcWind is the near
surface wind speed (10m), z0 is the surface roughness length, tas is the near surface
air temperature (2m), rsds is the down welling short wave radiation and rsus is the
up welling short wave radiation. 1hr and 3hr denotes the hourly resolution. N.A
denotes time independence.
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2 Methodology

2.1 Electricity system modelling

The electricity system network topology is composed of 30 nodes with 50 intercon-
necting links as seen in Figure S2. Each node, n, represents a country of Europe. All
nodes are supplied by a wind and solar power generation time series, GW

n (t) and
GS

n(t), and an electricity demand time series Ln(t). The country-wise total renewable
electricity generation, GR

n (t), is given in terms of the total wind, GW
n (t), and solar,

GS
n(t), power generation as:

GR
n (t) = γn

(
αnGW

n (t) + (1− αn)GS
n(t)

)
〈Ln〉t (1)

where 〈〉t denotes the time average. The wind-solar mix, αn, and renewable penetra-
tion, γn, are defined as:

αn =
〈GW

n 〉t
〈GR

n 〉t
and γn =

〈GR
n 〉t
〈Ln〉t

αn allows for a any desired mixture of wind and solar power within the total renew-
able generation. γn allows for any share of renewable power to cover the demand.
αn = 1 represents a pure wind dominating electricity network while αn = 0 represent
complete solar domination. The instantaneous mismatch between the renewable
electricity generation and the electricity demand

∆n(t) = GR
n (t)− Ln(t) (2)

is in most instances non-zero as a consequence of fluctuating weather and consump-
tion. This very initial concept of electricity system modelling was first time introduced
by Heide et al.[61] in the search for an optimal mixture of wind and solar power
in electricity systems. The more advanced electricity system modelling includes a
balancing response [62], Bn(t), between renewable power and demand along with
a power transmission response [63], Pn(t). Equation 3 defines the nodal balancing
equation that has to be fulfilled by all nodes at all time steps:

∆n(t) = Bn(t) + Pn(t) (3)

The instantaneous mismatch has to be balanced by power generation or by curtailing
renewable power and/or by the means of power transmission response.
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We define two extremes of nodal coupling. In the first, a limited power transmis-
sion introduces nodal independence. The power transmission response, Pn(t), is
consequently zero for all nodes at all time steps:

Pn(t) = 0 ∀n, t,

From Equation 3 it is evident that each node has to sustain its own power balancing
either by subsidizing with dispatchable power or curtailing renewable power. In
the second approach, infinite transmission capacities introduce full nodal coupling.
The countries are forced to synchronize their electricity system balancing response
relative to their mean load [62] as:

Bn(t) =
〈Ln〉

Σk 〈Lk〉
Σm∆m(t)

2.2 Fixed installed wind and solar capacities

The already presented electricity system modelling approach has to be extended in
order to ensure fixed wind and solar capacities, KW

n and KS
n, for all climate simulations.

In the current approach, the installed wind and solar capacities fluctuate in time and
space according to weather fluctuations presented by the wind and solar capacity
factors, CFW

n (t) and CFS
n (t), as shown by Equation 4. Nodal wind and solar capacities

that are fixed in time are then defined by taking an average of the reference/historical,
re f , capacity factors from 1986-2006 for the HIRHAM5-EC-EARTH climate model as
shown in Equation 5.

KW
n (t) =

γnαn〈Ln〉t
CFW

n (t)
and KS

n(t) =
γn(1− αn)〈Ln〉t

CFS
n (t)

(4)

KW
n,re f =

γn,re f αn,re f 〈Ln,re f 〉t
〈CFW

n,re f 〉
and KS

n,re f =
γn,re f (1− αn,re f )〈Ln,re f 〉t

〈CFS
n,re f 〉

(5)

αn,re f and γn,re f are assumed to be fixed at 0.8 and 1, respectively, as these values
minimize the need for dispatchable power [64]. Future wind and solar power
generation, GW

n,scen and GS
n,scen, for any time period, scen, are defined as:

GW
n,scen(t) = KW

n,re f · CFW
n,scen(t) and GS

n,scen(t) = KS
n,re f · CFS

n,scen(t)

The newly acquired wind-solar mixture, αn,scen, and the renewable penetration, γn,scen,
are defined as:
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αn,scen =
〈GW

n,scen〉
〈GW

n,scen〉+ 〈GS
n,scen〉

and γn,scen =
〈GW

n,scen〉+ 〈GS
n,scen〉

〈Ln,scen〉

and the total renewable electricity generation is defined as:

GR
n, scen(t) = GW

n,scen(t) + GS
n,scen(t)

GR
n,scen(t) replaces GR

n (t) in Equation 2. Ln(t) is replaced by Ln,scen(t). The electricity
demand profile is corrected for impacts from electrified heating and cooling as
explained in Section 4.

2.3 Key Metrics

Dispatchable electricity. The dispatchable electricity, GB
n (t), is extracted from the

system balancing response and is defined as:

GB
n (t) =−min(Bn(t),0)

For an aggregated network topology, the dispatchable electricity is normalized to the
total system-wise load and defined as:

GB =
∑n〈GB

n (t)〉t
∑n〈Ln(t)〉t

Benefit of transmission. The benefit of transmission, βT, is defined as the absolute
difference of the system-wise backup power, GB, for zero and infinite transmission,
T0 and T∞, respectively, as:

βT = GB(T0)− GB(T∞)

Benefit of Storage. The benefit of storage, βS, is defined as the absolute difference
of the system backup power, GB, when calculated by using the original generation-
demand mismatch, ∆n(t), and a 24-hour running average, ∆smoothed

n (t), as:

βS = GB(∆n(t))− GB(∆smoothed
n (t))

Dispatchable capacity. The dispatchable power capacity, κB, defines the amount of
dispatchable electricity that can be produced at each time step as:
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0.99 =
∫ κB

n

0
pn
(
GB

n
)

dGB
n

where pn denotes the probability. By using a 100% quantile of the dispatchable energy
would over estimate the need for backup energy as these events are rare and occur
only in few hours during a year. A 99% quantile is around half as large. The total
system-wise value is a summation over all nodes as:

κB = ∑
n

κB
n

Variability.

The system-wise variability is defined as:

∑
n

stdt
(
GB

n (t)− GB
n (t + 1)

)
/KW+S

where stdt denotes the standard deviation in time. KW+S denotes the system-wise
installed wind and solar capacities.

Figure S2: Network topology of the European electricity system
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3 Conversion and bias adjustment of climate data

Known to the literature, climate models tend to over or underestimate their data
output with different local biases around the globe [65, 66, 67]. Climate model
data is applicable to studies as energy system modelling, but requires calibration
in order to meet the weather events for the region of interest. We use climate
data to produce wind and solar capacity factor profiles for the different countries
of Europe. The time series calibration is then performed on the capacity factors
due to their direct use in the electricity system. These are calibrated according to
already bias adjusted wind and solar capacity factor time series provided by the
Renewables.ninja [68, 69]. Renewables.ninja provide hourly wind capacity factors for
the EU-28 plus Norway and Switzerland simulating the present-day fleet of wind
farms and hourly solar capacity factors for the EU-28 plus Norway and Switzerland,
simulating the present-day fleet of PV farms. The capacity factors are calibrated
within the reference/historical period ranging from 1986 to 2006. The acquired biases
are then applied to all future time periods.

3.1 Wind speed to wind power conversion

In this section we present the conversion process of the wind speeds into wind
capacity factors. To represent the current country-wise installed wind capacities,
the equivalent amount of 3.6MW SIEMENS SWT 107 turbines are placed at the
nearest grid points according to their real sites [70]. Figure S4 shows the real turbine
distribution across Europe.

The full conversion procedure is composed of a wind speed extrapolation process
and wind speed to wind power conversion process, as shown in Figure S3.

Figure S3: Schematic presentation of the wind speed to wind power conversion
procedure.

This is performed in each grid cell followed by a country-wise aggregation. The 10m
wind speeds have been extrapolated to meet the wind speeds at the turbine hub
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Figure S4: Wind turbine/fleet sites positioned according to the wind database [70]

height of 90m. Vertical extrapolation of wind speeds is most commonly described by
a logarithmic scaling law in planetary boundary layers, see Equation 6, and treats the
vertical variation of the mean wind speed, u, as a function of the height, h, above the
ground, the surface roughness length, z0, and the 10m wind speeds, u10m [71]

u(h) = u10m ·
ln h

z0

ln 10m
z0

(6)

The extrapolated wind speeds are converted into wind power by using a smoothed
version of the original wind power curve, shown as the dashed and full drawn curves,
respectively, in Figure S5. Essentially, turbines assigned to one grid cell are not all
affected by the same wind speeds. Furthermore, the turbines may not perform as
specified by the manufacturer or some turbines could be out of operation due to
maintenance. To take all effects into consideration a simple heuristic smoothing
function, first time used in [72], is applied to the original wind power curve. The
smoothed power curve, Psmooth, has been calculated for all wind speeds, v0, below
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the cut-out speed as the convolution:

Psmooth(v0) = η
∫ ∞

0
P0(v)Ker(v0,v− ∆v)dv (7)

Ker(v0,v− ∆v) =
1√

2πσ0
e−

1
2

(
(v0+∆v−v)

σ0

)2

The integral of the kernel is normalized to unity and its functional form is a Gaussian
curve with a standard deviation, σ0, and a mean value, v0 + ∆v. The smoothing
parameters, ∆v and σ0, determine the shape of the smoothed power curve. ∆v
determines a simple offset in the power production while σ0 determines the smoothing
degree of the original power curve. The country-wise wind power generation time
series have been normalized to the maximum installed wind power capacity. This
normalization provides the wind capacity factors which have to be corrected for the
bias that appears within the climate models. The country-wise smoothing parameters
are determined during the bias adjustment as explained in the following section.

Figure S5: Wind power curves for the Siemens SWT 107 3600kW turbine. The full
drawn curve represents the original power curve and the dashed curve represents
the smoothed power curve for σ0 = 2.29 and ∆v = 1.27.

3.2 Wind power calibration

The optimization problem in Equation 8 determines the smoothing parameters by
minimizing the Kullback-Leibler (KL) divergence between the Renewables.ninja and
climate model capacity factors. The KL-divergence is a well known non-symmetric
measure of the difference between two probability distributions. It measures the
information lost, when in this context, the climate data capacity factor profiles are
used to approximate the Renewables.ninja profiles. In Equation 8, CFW

R,q represents
a certain quantile, q, of the Renewables.ninja capacity factor time series while CFW

C,q

represents the same quantile for the climate model time series. The set of σ0 and
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∆v that leads to the lowest KL-divergence are then fixed as the final smoothing
parameters an applied to the original wind power curve. This optimization is
performed for each country in all climate models. The optimized wind power curve
is then used in the conversion process for all future periods.

minimize DKL = ∑
q

CFW
R,q ln

(
CFW

R,q

CFW
C,q (σ0,∆v)

)
(8)

subject to 1≤ σ0 ≤ 10
−2≤ ∆v≤ 10

3.3 Wind power calibration results

Table S2 summarize the resulting DKL from each minimization step in Equation 8.
Some countries as e.g. Denmark and Germany indicate a very localised distribution
of DKL and small changes in σ0 and ∆v leads to prominent changes in DKL. Other
countries show a more smoothed distribution in which the same changes in σ0 and
∆v lead to negligible changes in DKL. In general, DKL for the regional climate models
HIRHAM5 and RACMO22E show a more localised distribution compared to the
respective countries in RCA4 and CCLM4. Wind time series for Serbia and Bosnia are
not available in Renewables.ninja. To attain σ0 and ∆v for these countries we applied
the average of the neighbouring countries.

Figures S6 and S7 show a comparison of the climate model historical capacity factors
to the Renewables.ninja capacity factors as qq-plots. The wind capacity factor profiles
from the different climate models compares statistically well to the Renewables.Ninja
for the majority of the European countries. Few countries, as Portugal, show results
that are either over or under estimating the wind power profiles, even after the bias
adjustment has been performed. As a secondary result, qq-plots of the wind power
increments are shown for the different countries in Figures S8 and S9. The method of
power curve smoothing, Equation 7, is able to track the wind power increments to a
high degree for the majority of countries.

Table S3 shows the average values of the wind capacity factors for the different
models and countries. These are furthermore shown as bar plots for each climate
model in Figure S10.
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HIRHAM5
EC-EARTH

RCA4
EC-EARTH

RCA4
HadGEM2-ES

RACMO22E
EC-EARTH

RACMO22E
HadGEM2-ES

CCL4
MPI-ES-LR

Country ∆v σ0 ∆v σ0 ∆v σ0 ∆v σ0 ∆v σ0 ∆v σ0

AUT 1.772 4.360 0.426 3.865 -0.583 2.225 1.832 4.586 1.724 4.495 0.583 3.946
BEL 3.237 3.973 2.697 3.676 2.276 3.342 3.441 4.063 3.357 4.099 3.129 3.955
BGR 3.285 5.054 0.811 3.018 0.763 3.045 2.625 4.477 3.237 5.090 1.904 4.027
HRV 7.249 6.027 4.667 4.892 4.607 4.658 3.369 4.216 3.393 4.171 2.000 3.946
CZE 3.117 4.829 0.607 2.991 0.607 3.207 2.012 3.964 2.000 4.018 -0.607 2.090
DNK 3.790 4.315 3.201 4.946 2.480 4.360 3.429 4.162 3.417 4.234 3.285 4.243
EST 4.414 5.153 1.736 4.324 0.763 3.018 3.081 4.874 2.144 3.495 1.880 4.009
FIN 1.820 4.045 -0.619 2.063 -0.703 2.063 1.856 4.027 1.748 4.072 -0.895 3.099
FRA 1.964 3.243 1.832 4.072 1.928 4.577 3.213 4.459 3.309 4.892 1.940 3.919
DEU 4.535 5.063 3.273 4.459 3.381 4.991 4.619 4.982 4.595 5.054 3.273 4.063
GBR 3.273 3.901 3.201 4.333 3.225 4.820 2.709 3.631 3.093 4.423 2.120 3.072
GRC 3.237 3.991 1.051 2.279 1.916 3.315 0.643 2.901 0.703 2.081 -0.667 1.991
HUN 0.859 3.009 -0.462 2.054 -0.559 2.072 1.772 4.072 1.700 4.108 0.643 3.153
IRL 3.381 4.811 3.345 5.063 3.261 5.450 3.057 4.973 3.069 5.288 2.000 3.991
ITA 3.285 3.892 1.868 3.081 1.796 3.126 1.904 3.901 1.892 3.973 0.679 2.054
LVA 3.550 4.351 0.655 3.207 0.655 3.586 4.823 5.342 4.799 5.369 0.595 3.811
LTU 2.012 3.928 0.643 3.396 0.643 3.874 3.309 5.063 3.261 5.090 0.655 3.261
LUX 2.060 3.856 0.535 3.396 0.607 3.856 3.249 4.991 3.213 5.117 0.583 3.495
NLD 4.607 4.955 3.550 4.270 3.550 4.748 4.595 5.045 4.523 5.099 4.547 4.919
NOR 3.934 4.450 3.381 4.604 3.453 4.946 1.988 3.243 2.000 3.207 -0.727 1.000
POL 3.213 4.937 0.667 3.063 0.643 3.288 3.273 4.973 3.249 5.045 0.727 2.973
PRT 0.715 2.171 -0.631 1.000 -0.559 2.018 0.535 3.622 -0.547 2.099 -2.000 2.270
ROU 0.691 2.784 -0.547 1.982 -0.595 2.018 0.631 2.982 0.631 2.982 -0.655 2.099
SVK 4.739 5.946 1.988 4.432 2.036 4.793 6.012 6.973 5.952 7.162 2.036 4.946
SVN 8.643 7.099 4.871 5.135 4.883 5.135 10.000 8.946 10.000 8.793 3.297 5.703
ESP 1.988 2.919 0.667 1.946 0.643 2.495 1.880 3.640 1.832 3.901 0.450 3.225
SWE 2.000 3.784 0.655 3.703 0.679 3.946 3.189 5.225 2.060 3.171 -0.703 2.333
CHE 5.784 5.811 4.679 4.883 4.607 5.090 1.952 4.937 2.024 4.955 -0.679 2.207
SRB 1.612 3.616 -0.066 2.351 -0.130 2.378 1.676 3.844 1.856 4.060 0.631 3.093
BIH 1.612 3.616 -0.066 2.351 -0.130 2.378 1.676 3.844 1.856 4.060 0.631 3.093

Table S2: Optimal values of the smoothing parameters, σ0 and ∆v, for the different countries and models.
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Figure S7: QQ plots of the Renewables.Ninja and climate model wind capacity
factors. The black, green, dark blue, light blue, dark red, light red and yellow plotting
represent capacity factors for all six climate models.
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Figure S6: QQ plots of the Renewables.Ninja and climate model wind capacity
factors. The black, green, dark blue, light blue, dark red, light red and yellow plotting
represent capacity factors for all six climate models.
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Figure S8: QQ plots of the Renewables.Ninja and climate model wind capacity factor
increments. The black, green, dark blue, light blue, dark red, light red and yellow
plotting represent capacity factors for all six climate models.
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Figure S9: QQ plots of the Renewables.Ninja and climate model wind capacity factor
increments. The black, green, dark blue, light blue, dark red, light red and yellow
plotting represent capacity factors for all six climate models.
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Renewables.
ninja

HIRHAM5
_EARTH

RCA4
_EARTH

RCA4
_HadGEM2

RACMO22E
_EARTH

RACMO22E
_HadGEM2

CCL4
_MPI

Country CW
p CW

p CW
p CW

p CW
p CW

p CW
p

AUT 0.270 0.267 0.271 0.283 0.267 0.266 0.273
BEL 0.274 0.270 0.272 0.279 0.278 0.276 0.268
BGR 0.224 0.222 0.235 0.236 0.225 0.220 0.225
HRV 0.125 0.129 0.129 0.127 0.125 0.126 0.129
CZE 0.235 0.231 0.236 0.235 0.242 0.240 0.242
DNK 0.293 0.297 0.289 0.299 0.300 0.299 0.290
EST 0.263 0.261 0.260 0.274 0.261 0.272 0.262
FIN 0.284 0.282 0.290 0.292 0.283 0.281 0.286
FRA 0.241 0.243 0.239 0.240 0.237 0.240 0.242
DEU 0.202 0.201 0.200 0.202 0.203 0.203 0.199
GBR 0.334 0.330 0.327 0.327 0.333 0.327 0.342
GRC 0.254 0.251 0.261 0.250 0.254 0.259 0.252
HUN 0.247 0.260 0.262 0.259 0.245 0.244 0.249
IRL 0.308 0.310 0.307 0.308 0.304 0.305 0.317
ITA 0.198 0.197 0.197 0.196 0.197 0.197 0.201
LVA 0.232 0.237 0.236 0.238 0.237 0.237 0.234
LTU 0.261 0.270 0.264 0.265 0.257 0.256 0.265
LUX 0.240 0.250 0.238 0.242 0.237 0.236 0.240
NLD 0.247 0.248 0.252 0.253 0.248 0.248 0.247
NOR 0.307 0.309 0.310 0.311 0.311 0.311 0.316
POL 0.249 0.246 0.253 0.253 0.246 0.245 0.259
PRT 0.283 0.291 0.304 0.295 0.280 0.296 0.277
ROU 0.241 0.247 0.251 0.248 0.241 0.241 0.242
SVK 0.178 0.179 0.180 0.182 0.182 0.180 0.178
SVN 0.101 0.106 0.107 0.107 0.111 0.113 0.118
ESP 0.251 0.252 0.254 0.252 0.247 0.248 0.245
SWE 0.258 0.263 0.261 0.263 0.255 0.263 0.255
CHE 0.164 0.164 0.168 0.165 0.160 0.161 0.166

Table S3: Average capacity factors for the countries and models.
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Figure S10: Comparison of the average wind capacity factors for the different models
within each country.
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3.4 Solar data to solar power conversion

The conversion procedure of solar data into solar power is shown schematically in
Figure S11 and is implemented in the REAtlas [72]. Due to missing literature on
actual PV-sites, one PV panel of type Scheuten215IG is placed in each grid cell. As for
the wind power generation, this process is performed in each grid cell and followed
by a a country-wise aggregation. In the first part of the conversion procedure, the
fraction of diffusive radiation on a horizontal surface is calculated [73]. Here, the
incoming and outgoing short wave radiation and the 2m surface temperatures are
used along with the solar position. The amount of radiation hitting the horizontal
surface along with the diffused radiation fraction is then used to calculate the amount
of radiation hitting a tilted surface [74]. The tilted surface irradiation is highly
dependent on the PV panel orientations. Due to restricted knowledge on actual
orientations, azimuth angles and tilts are chosen to be Gaussian distributed in order
to cover a variety of actual orientations [69]. Azimuth angles are distributed with
a standard deviation σ = 40 and mean µ = 0 as seen in Figure S12a. Panel tilts are
distributed with a standard deviation σ = 15 and mean µ = 25 as seen in Figure S12b.
Finally, efficiency losses due to high temperatures are calculated [75]. The inverter
efficiency during the conversion from DC to AC signals is assumed to be 90%. The
country-wise aggregated solar power generation time series are normalized to the
maximum installed solar power capacity in each country.

Figure S11: Schematic presentation of the solar variables solar power conversion
procedure.

3.5 Solar power calibration

Due to several approximations in the solar conversion process the final solar ca-
pacity factors are adjusted by using the cumulative Weibull distribution as shown
in Equation 9. We separate the Weibull adjusted solar capacity factors, CFS

C (t,λ,k),
from the initial solar capacity factors, CFS,pre

C (t) by a superscript, pre. k>0 is the
shape parameter or Weibull slope, and λ>0 is the scale parameter of the Weibull
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Figure S12: Panel a: Gaussian distribution of the azimuth angles. The values on the
figure indicates the probability of a solar panel having a certain azimuth angle. Panel
b: Gaussian distribution of the tilts. The values on the figure indicates the probability
of a solar panel having a certain tilt.

distribution.

CFS
C (t,λ,k) = 1− exp

−
(

CFS,pre
C
λ

)k

(9)

The optimal set of bias adjusting parameters, λ and k, are determined by minimizing
the Kullbak-Leibler divergence as shown in Equation 10.

minimize DKL = ∑
q

CFS
R,q ln

(
CFS

R,q

CFS
C,q(λ,k)

)
(10)

subject to 0.1≤ λ≤ 1
1≤ k≤ 3

The optimal set of k and λ that minimize the KL-divergence is used to Weibull adjust
all future solar capacity factors.

3.6 Solar power calibration results

Results from each step of minimization are summarised in S4. Across the ensemble
of models, the southern European countries show less variance in DKL compared to
the northern countries. As an example, small changes in k and λ leads to minor
changes in DKL for e.g. Finland whereas similar changes in k and λ lead to major
differences in DKL for Spain. This behaviour is further visualized in the qq-plots
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shown in Figures S13-S14 comparing the solar capacity factors from Renewables.ninja
and the climate models. Less good fit is seen in the capacity factors for the South
European compared to the North European countries. This behaviour is further
pronounced in the capacity factor increments shown in Figures S15-S16. Examples of
less god fits are seen for Greece amongst others, whereas fairly good fits are seen for
the Norway amongst others. The mean values of the capacity factors are shown in
Table S5. For Greece as an example, the climate models deviate between 1.7% and
5.8% compared to Renewables.Ninja. To exemplify a Northern country, the climate
models show deviations from 1.1%-2.3% for Norway compared to Renewables.Ninja.
The climate models RCA4-EC-EARTH and RCA4-HadGEM2-ES generally lead to the
best match in the country-wise capacity factors. Figure S17 illustrates the solar power
capacity factors as bar plots.
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HIRHAM5
EC-EARTH

RCA4
EC-EARTH

RCA4
HadGEM2-ES

RACMO22E
EC-EARTH

RACMO22E
HadGEM2-ES

CCLM4
MPI-ESM-LR

Country λ k λ k λ k λ k λ k λ k

AUT 0.581 1.178 0.618 2.019 0.623 1.893 0.685 1.332 0.679 1.338 0.503 1.356
BEL 0.539 1.124 0.537 1.777 0.563 1.677 0.562 1.300 0.560 1.386 0.471 1.312
BGR 0.517 1.242 0.567 2.069 0.564 2.021 0.560 1.555 0.562 1.537 0.476 1.404
BIH 0.511 1.254 0.568 2.017 0.560 2.013 0.564 1.476 0.562 1.525 0.467 1.368
CHE 0.547 1.382 0.659 1.981 0.647 2.039 0.714 1.515 0.704 1.533 0.493 1.543
CZE 0.550 1.188 0.561 2.091 0.576 1.907 0.591 1.426 0.593 1.430 0.466 1.382
DEU 0.584 1.114 0.568 1.793 0.601 1.629 0.614 1.308 0.615 1.308 0.490 1.312
DNK 0.623 1.060 0.543 1.771 0.568 1.667 0.592 1.308 0.598 1.306 0.517 1.362
ESP 0.469 1.240 0.562 1.537 0.557 1.525 0.530 1.338 0.532 1.324 0.445 1.294
EST 0.517 1.174 0.548 1.863 0.530 1.801 0.588 1.422 0.564 1.384 0.498 1.402
FIN 0.777 1.128 0.742 1.659 0.714 1.611 0.832 1.384 0.858 1.282 0.677 1.348
FRA 0.541 1.108 0.578 1.551 0.601 1.494 0.576 1.248 0.594 1.260 0.475 1.252
GBR 0.638 1.056 0.576 1.619 0.580 1.559 0.609 1.216 0.586 1.272 0.568 1.218
GRC 0.474 1.190 0.541 1.857 0.537 1.859 0.522 1.464 0.516 1.470 0.450 1.304
HRV 0.499 1.264 0.558 1.965 0.550 1.993 0.543 1.448 0.550 1.448 0.450 1.368
HUN 0.505 1.210 0.560 1.993 0.552 1.953 0.540 1.503 0.545 1.515 0.464 1.362
IRL 0.585 1.044 0.515 1.655 0.518 1.587 0.541 1.206 0.517 1.246 0.538 1.200
ITA 0.534 1.130 0.583 1.749 0.577 1.753 0.570 1.350 0.572 1.394 0.482 1.346
LTU 0.498 1.168 0.537 1.953 0.524 1.869 0.565 1.474 0.550 1.462 0.470 1.466
LUX 0.495 1.176 0.521 1.937 0.541 1.861 0.520 1.416 0.538 1.448 0.428 1.342
LVA 0.547 1.150 0.546 1.949 0.535 1.859 0.587 1.474 0.580 1.408 0.506 1.406
NLD 0.538 1.136 0.536 1.767 0.543 1.713 0.557 1.350 0.560 1.356 0.490 1.330
NOR 0.562 1.202 0.621 1.789 0.601 1.707 0.683 1.350 0.669 1.320 0.535 1.430
POL 0.562 1.090 0.565 1.887 0.556 1.793 0.593 1.380 0.588 1.374 0.492 1.330
PRT 0.495 1.102 0.538 1.505 0.521 1.563 0.516 1.234 0.516 1.244 0.447 1.208
ROU 0.552 1.158 0.578 1.955 0.574 1.907 0.577 1.488 0.579 1.505 0.488 1.352
SRB 0.510 1.246 0.568 2.035 0.562 2.007 0.560 1.537 0.558 1.547 0.468 1.368
SVN 0.523 1.232 0.573 2.011 0.568 2.017 0.588 1.322 0.585 1.370 0.454 1.366
SVK 0.537 1.194 0.572 2.009 0.569 1.977 0.586 1.382 0.591 1.422 0.477 1.312
SWE 0.567 1.120 0.582 1.681 0.553 1.691 0.614 1.354 0.614 1.308 0.492 1.398

Table S4: Overview of the calibration parameters λ and k parameters for the different countries
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Figure S13: QQ plots of the Renewables.Ninja and climate model solar capacity
factors. The black, green, dark blue, light blue, dark red, light red and yellow plots
represent capacity factors for all six climate models.
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Figure S14: QQ plots of the Renewables.Ninja and climate model solar capacity
factors. The black, green, dark blue, light blue, dark red, light red and yellow plots
represent capacity factors for all six climate models.
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Figure S15: QQ plots of the Renewables.Ninja and climate model solar capacity factor
increments. The black, green, dark blue, light blue, dark red, light red and yellow
plots represent capacity factors for all six climate models.
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Figure S16: QQ plots of the Renewables.Ninja and climate model solar capacity factor
increments. The black, green, dark blue, light blue, dark red, light red and yellow
plots represent capacity factors for all six climate models.
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Renewables.
ninja

HIRHAM5
EC-EARTH

RCA4
EC-EARTH

RCA4
HadGEM2-ES

RACMO22E
EC-EARTH

RACMO22E
HadGEM2-ES

CCLM4
MPI-ESM-LR

Country CS
p CS

p CS
p CS

p CS
p CS

p CS
p

AUT 0.125 0.125 0.124 0.125 0.125 0.126 0.126
BEL 0.118 0.116 0.116 0.116 0.116 0.114 0.117
BGR 0.150 0.156 0.152 0.153 0.154 0.156 0.155
BIH 0.140 0.147 0.143 0.144 0.146 0.146 0.144
CHE 0.128 0.125 0.127 0.125 0.124 0.125 0.127
CZE 0.121 0.122 0.120 0.121 0.122 0.122 0.122
DEU 0.116 0.114 0.115 0.114 0.114 0.114 0.116
DNK 0.107 0.104 0.107 0.106 0.106 0.106 0.108
ESP 0.179 0.180 0.179 0.178 0.180 0.179 0.182
EST 0.103 0.104 0.103 0.103 0.102 0.103 0.104
FIN 0.064 0.064 0.064 0.065 0.064 0.064 0.065
FRA 0.139 0.138 0.138 0.137 0.139 0.138 0.140
GBR 0.101 0.099 0.099 0.100 0.101 0.100 0.101
GRC 0.173 0.183 0.177 0.176 0.179 0.179 0.181
HRV 0.146 0.149 0.147 0.148 0.150 0.150 0.148
HUN 0.140 0.145 0.141 0.145 0.144 0.145 0.143
IRL 0.103 0.103 0.102 0.102 0.103 0.103 0.103
ITA 0.160 0.161 0.158 0.158 0.158 0.158 0.159
LTU 0.111 0.113 0.111 0.111 0.112 0.112 0.112
LUX 0.125 0.123 0.122 0.122 0.121 0.121 0.126
LVA 0.104 0.103 0.103 0.103 0.103 0.104 0.104
NLD 0.116 0.113 0.114 0.114 0.113 0.113 0.114
NOR 0.089 0.087 0.087 0.088 0.088 0.088 0.088
POL 0.115 0.118 0.115 0.117 0.116 0.116 0.117
PRT 0.181 0.180 0.180 0.182 0.181 0.181 0.180
ROU 0.137 0.140 0.140 0.141 0.140 0.141 0.142
SRB 0.143 0.149 0.145 0.147 0.147 0.150 0.146
SVN 0.138 0.141 0.141 0.140 0.140 0.140 0.140
SVK 0.127 0.130 0.129 0.130 0.130 0.130 0.131
SWE 0.097 0.097 0.098 0.098 0.098 0.096 0.097

Table S5: Overview of the mean solar capacity factors for the countries and models.
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Figure S17: Comparison of the average solar capacity factors for the different models
within each country.
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4 Future load time series

Historical consumption data shows that electricity consumption is heavily dependent
on the ambient temperatures due to electrification of heating and cooling. To reflect
this effect, the theory of Degree Days is applied to estimate the future electricity
demand by combining historical load and temperature data with future temperature
projections from the climate models. This way, the future load time series does not
only retain temporal fluctuation patterns but also reflect climate change induced
heating and cooling demand variations.

As seen in Figure S1 the ambient temperatures show an absolute increase of 2 – 5
°C up to 2100. This can cause major impacts on the electricity usage, consequently
power systems, due to less demand for electrical heating in winter and higher cooling
demand in summer.

4.1 Degree Days

The theory of degree days are used to quantify the relationship between the ambient
temperatures and the 3-hourly electricity consumption time series. The underlying
idea, is that, when the ambient temperature increases, the electricity consumption
increases as well in order to cover electrified cooling demands. Oppositely, in winters
during cold days the electrified heating demand increases. In most European coun-
tries, due to its high latitudes, summer is mostly not too hot for air conditioning and
more heating utilities are built for cold winters.

The mathematical formulations of the heating and cooling degree hours, Dheating
n and

Dcooling
n , are shown in Equations 11 and 12, respectively. These are formulated as the

temperature exceedance over certain heating and cooling cutoff values, Theating
cutoff and

Tcooling
cutoff , respectively.

Dheating
n (t) = max{0, Theating

cutoff − Tn(t)} (11)

Dcooling
n (t) = max{0, Tn(t)− Tcooling

cutoff } (12)

Tn(t) is the 3-hourly population-weighted temperature time series for a country, n.
Population densities [76] are shown in Figure S18. The cutoff temperatures, Theating

cutoff

and Tcooling
cutoff , equal 10 °C and 18 °C, respectively, which is both empirical and sup-

ported by data.
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Figure S18: Temperature at 12 pm January 1st 2016, and population density in CFSR
gridded cells

The historical temperature is extracted from a high spatial resolution gridded hourly
reanalysis dataset called Climate Forecast System Reanalysis (CFSR) [77], a product
of NOAA. In CFSR, the globe is meshed into 880 × 1760 raster cells of the size
40× 40km2, and at the center of each, we have hourly temperature values from 2006
to 2015 at 2m above ground. The load time series, on the other hand, are hourly elec-
tricity consumption profiles for 33 European countries collected from the European
Network of Transmission System Operators for Electricity (ENTSO-E).

The relation between degree hours and the electricity consumption, Ln(t), is repre-
sented by a linear relation as in Equation 13.

Ln(t) = β̂0,n + β̂1,nDheating
n (t) + β̂2,nDcooling

n (t) (13)

β̂0,n, β̂1,n, β̂2,n denote the intercept and slopes, respectively, for each country. In Figure
S19, we show the heating degree day hours and the corresponding electricity con-
sumption, for 33 European countries, as black dots, blue lines as model fit based on
the slopes and intercepts.

Scandinavian countries, like Sweden, Finland and Norway are characterized by high
slopes and small intercepts. This is attributed to their high latitudes. Denmark and
Iceland does not exhibit good fits as their well-established district heating utilities
can meet most of the heating demand in winter. The Baltic countries, Latvia, Lithua-
nia and Estonia exhibit good fits. As for inland countries, Austria, Poland, Czech
Republic, Slovakia, Bulgaria, Romania and Serbia all fit the degree hours fairly well.
The same holds true for the northern Balkans, Bosnia& Herzegovina, Croatia and
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Figure S19: Linear relations between normalized electricity load and heating degree hours in 33 European countries
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Figure S20: Linear relation between normalized electricity consumption and heating
degree hours in Finland

Macedonia. The linear model is not able to fit the load profile for Greece and Italy,
both giving almost horizontal fits in the linear regression. This is due to their low
latitude and warm winters. Special attention is given to Germany and Hungary, as
they are the countries which heavily rely their heating on natural gas. This constitutes
approx. 40% and 70% of the demand, respectively. Hence, the electricity consumption
in winter fits poorly with degree hours.

4.2 Identify heating power in historical load time series

The coefficients of the linear regression, β̂0,n, β̂1,n and β̂2,n, are used to identify the
fraction of electricity used for heating and cooling at each time step depending on
the ambient temperature in that hour.

Take the example of a Nordic country as Finland, Figure S20 shows a clear linear fit,
where the points are closely distributed around the fitting line. An intercept of 0.85
means that when temperature drops below 10 ◦C in Finland, 15% of the load can be
attributed to heating demand on average, we call this part the heating power.

Given the population-weighted temperature time series and combining Equations
11, 12 and 13, a heating, Lheating

n , and cooling power, Lcooling
n , time series can be

determined by:
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Figure S21: 3-day averaged electricity load, base load and population-weighted
ambient temperature for Finland in 2011

Lheating
n (t) = β̂1,nDheating

n (t) (14)

Lcooling
n (t) = β̂2,nDcooling

n (t) (15)

In Figure S21 we show the time series (averaged over 3-day windows for better
visualization) of population-weighted temperatures (red), original load (blue) and
base load Lbase(t) (green), which is defined by:

Lbase
n (t) = Ln(t)− Lheating

n (t)− Lcooling
n (t). (16)

It is clear that, whenever the ambient temperature drops below 10 ◦C, there are
difference between the original and base load, and the lower the temperature, the
greater the differences be. The same procedure was applied to 33 European countries
and their base load are plotted in Figure S22. Resulting time series show that, Greece
and Italy are mostly affected by summer cooling demand.

4.3 Future load time series based on CORDEX temperature projec-
tions

By using the climate model temperatures, we estimate the future electrical heating and
cooling consumption using the degree hour theory. Then, the future load time series
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Figure S22: 3-day averaged electricity load, base load and population-weighted ambient temperature for 33 European
countries in 2011
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Figure S23: 3-day averaged 2011 historical, 2011 base and modelled future load time
series for Finland

is determined by combining its terms β̂1,nDfuture−heating
n (t), β̂2,nDfuture−cooling

n (t)
and the 2011 base load:

Lfuture
n (t) = Lbase

n (t) + β̂1,nDfuture−heating
n (t) + β̂2,nDfuture−cooling

n (t),

in which Dfuture−heating
n (t) and Dfuture−cooling

n (t) are calculated in the same way
as Equations 11 and 12, except that future ambient temperature time series is used
instead.

In Figure S23, we take the example of Finland again to show the differences among
the historical load in 2011, base load 2011 and future load in sample year 2100 in the
climate projection rcp8.5 within the climate model ICHEC-EC-EARTH-HIRHAM5. It
is clear that, with future temperature increases, Finland exhibits significantly lower
electricity demand in winter and summer load remains intact.

Among the 33 countries studied, the majority share the same trend as Finland, with
decreased electricity demand during winter but with summer demand unchanged.
Greater load drop in winter is seen in northern countries, such as the Scandinavians
and the Baltic countries. Also slightly more cooling power is needed in summer for
Greece and Italy due to projected higher summer temperatures. Iceland, Macedonia
and Montenegro give no future load since they are not covered by this work.
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Figure S24: 3-day averaged 2011 historical, 2011 base and modelled future load time series for 33 European countries
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5 Statistical test

To test if the key metrics for historical or/and end-of-century electricity systems are
significantly different from one another we evaluate the independent two-sample
Welch’s test [78] in two different ways. The independent two-sample Welch’s test is an
extension of the Student’s t-test [79]. Unlike the former, which assumes equal sample
sizes and equal variance of the sample distributions, the latter is designed to deal
with unequal sample sizes and data distribution variances. Although the property of
unequal sample sizes is not necessary for this approach we assume different sample
variances. Welch’s test statistic is calculated as:

t =
µX1 − µX2√
σ2

X1

nX1

+
σ2

X2

nX2

where the subscripts denote data samples, µ the sample mean, σ sample variance
and n the sample size.

In the first approach we estimate the corresponding p-value by simple table lookup.
The degrees of freedom are approximated by the Welch-Satterthwaite equation [78].
In the second approach we perform bootstrapping with replacement on random sam-
pling in accordance to [80]. Both test evaluations test if the mean of the populations
over a time period has changed. This is observed in the t-test statistic which explores
the difference in the population average.

Data samples are prepared by calculating 20 yearly averages of the key metrics for a
historical period from 1986-2006 and for an end-of-century period from 2080-2100 for
each of the climate models.

44



6 Additional results

In this section, additional results to the article are presented. Table S6 is an exten-
sion of Table 1 from the article, showing the average values and one σ standard
deviation of the annual values for wind and solar power generation and the electric
consumption for all climate models. All variables are normalized to the historical
values in the climate model HIRHAM5-EC-EARTH. This gives an average value of
1 for all variables in the historical period within HIRHAM5-EC-EARTH. Across all
climate models, the average annual wind and solar power production and electric
consumption decreases slightly towards the end of the century.

Table S7 shows the t-statistic evaluations of the change in 20 year average populations
of the wind and solar power production and the electric consumption from the
different climatic periods. The p-values for the t-statistic have been evaluated by two
methods as described in Section 5. For both evaluations of the t-statistic, the annual
demand and annual solar capacity factors can both be considered different for the
different climate projections due to p-value scores lower than 5% in a vast majority
of the test results. The statistical difference in the wind capacity factors, on the other
hand, is inconclusive when testing between the historical period and end-of-century
periods. The wind capacity factors cannot be considered different in the ensemble of
end-of-century periods due to high p-score values in most cases.

Figure S25 shows the evolution of the normalized wind and solar power generation
and the electric consumption as a function of model year for HIRHAM5-EC-EARTH.
For all variables, a slight decrease is seen towards the end of century. The one σ

standard deviations for wind and solar power generation are higher compared to
the respective values for electric consumption. This reflects the nature of the high
variance in the wind speeds and incoming short wave radiation as a product of the
climate models. The smaller standard deviations for the electricity consumption
reflects a fairly stable temperature increase during the 21st century.

Table S8 shows similarly the t-statistic evaluations of the change in 20 year average
populations of the key metrics resulting from the different climate projections. The
p-values for the t-statistic have been evaluated by two methods as described in Section
5. The wind-solar mix and renewable penetration are fixed at 0.8 and 1, respectively.
In most cases for both test evaluations, the distributions of annual scores cannot
be assumed to come from different underlying distributions due to p-value scores
fairly higher than 5%. The null-hypothesis that climate change has no impact on
the key metrics cannot be rejected with a 95% confidence in this case. As stated in
the article, a wind solar mix of 0.8 forces high wind domination into the system and
consequently results in relatively high uncertainties.
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Figures S26 - S31 show the evolution of the dispactable electricity, benefit of transmis-
sion, dispatchable capacity and the short-term variability as a function of model year
for the climate models. As in Table S8, the wind-solar mix and renewable penetration
are fixed at 0.8 and 1, respectively. None of the key metrics show a gradual transition
from the historical period towards the end of century. The disptachable electricity,
benefit of transmission and storage, dispatchable capacity and variability does not
show a gradual transition from the historical reference point and towards the end of
the century for all climate models. The key metric pathways tend to cross multiple
times during the model years and a diverse impact on the electricity system as a
consequence of the different climate projections can be rejected.
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Table S6: Average values and one σ standard deviation of the annual wind and solar power generation
and the electric consumption values for the historical calibration period (1986-2006) and the end-of-
century period (2080-2100) for all climate models. All values have been normalized to the corresponding
values spanning the period 1986 to 2006 for HIRHAM5-EC-EARTH.

HIRHAM5-EC-EARTH
Historical RCP2.6 RCP4.5 RCP8.5

〈W〉20yr 1.00± 0.03 0.98± 0.02 0.99± 0.04 0.96± 0.03
〈S〉20yr 1.00± 0.01 0.99± 0.02 0.98± 0.02 0.97± 0.03
〈L〉20yr 1.000± 0.005 0.995± 0.003 0.992± 0.005 0.986± 0.003

RCA4-EC-EARTH
Historical RCP2.6 RCP4.5 RCP8.5

〈W〉20yr 1.01± 0.03 0.99± 0.03 0.98± 0.03 0.97± 0.04
〈S〉20yr 0.99± 0.03 0.97± 0.02 0.95± 0.02 0.93± 0.03
〈L〉20yr 1.005± 0.006 0.999± 0.005 0.993± 0.004 0.987± 0.003

RCA4-HadGEM2-ES
Historical RCP2.6 RCP4.5 RCP8.5

〈W〉20yr 1.01± 0.04 0.98± 0.03 0.99± 0.04 0.97± 0.03
〈S〉20yr 1.00± 0.02 0.96± 0.03 0.94± 0.03 0.92± 0.02
〈L〉20yr 1.00± 0.005 0.995± 0.004 0.993± 0.006 0.989± 0.003

RACMO22E-EC-EARTH
Historical RCP2.6 RCP4.5 RCP8.5

〈W〉20yr 0.97± 0.02 N.A 0.97± 0.03 0.98± 0.03
〈S〉20yr 1.00± 0.02 N.A 0.98± 0.02 0.96± 0.02
〈L〉20yr 1.007± 0.004 N.A 0.996± 0.005 0.990± 0.003

RACMO22E-HadGEM2-ES
Historical RCP2.6 RCP4.5 RCP8.5

〈W〉20yr 0.97± 0.03 0.98± 0.03 0.99± 0.04 0.98± 0.03
〈S〉20yr 1.00± 0.03 0.99± 0.03 0.98± 0.04 0.96± 0.03
〈L〉20yr 1.008± 0.006 1.001± 0.006 0.997± 0.006 0.992± 0.004

CCLM4-MPI-ESM-LR
Historical RCP2.6 RCP4.5 RCP8.5

〈W〉20yr 0.98± 0.02 N.A 0.97± 0.03 1.00± 0.04
〈S〉20yr 1.00± 0.02 N.A 0.98± 0.02 0.92± 0.03
〈L〉20yr 1.000± 0.004 N.A 0.996± 0.003 0.990± 0.004
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Table S7: Welch t-statistic p-values for the average wind and solar power along with consumption for
the different climate scenarios within each climate model. p-values in front of "/" are evaluated by
table lookup while values after "/" are evaluated by bootstrapping. Shaded p-values indicate values
below the significance level of 5%. 0.00 indicates values smaller than 10−4

HIRHAM5
EC-EARTH

RCA4
EC-EARTH

RCA4
HadGEM2-ES

RACMO22E
EC-EARTH

RACMO22E
HadGEM2-ES

CCLM4
MPI-ESM-LR

Wind

hist-rcp26 0.01/0.00 0.05/0.05 0.03/0.02 N.A 0.88/0.88 N.A
hist-rcp45 0.19/0.18 0.01/0.02 0.19/0.16 0.36/0.36 0.25/0.32 0.24/0.32
hist-rcp85 0.00/0.00 0.00/0.00 0.00/0.00 0.83/0.83 0.38/0.50 0.11/0.13

rcp26-rcp45 0.41/0.50 0.59/0.60 0.48/0.50 N.A 0.29/0.37 N.A
rcp26-rcp85 0.12/0.15 0.10/0.08 0.22/0.25 N.A 0.77/0.43 N.A
rcp45-rcp85 0.05/0.03 0.20/0.14 0.10/0.12 0.32/0.36 0.69/0.70 0.02/0.01

Solar

hist-rcp26 0.56/0.63 0.02/0.01 0.00/0.03 N.A 0.27/0.30 N.A
hist-rcp45 0.00/0.00 0.00/0.00 0.00/0.00 0.01/0.01 0.03/0.04 0.00/0.00
hist-rcp85 0.00/0.00 0.00/0.00 0.00/0.00 0.00/0.01 0.00/0.00 0.00/0.00

rcp26-rcp45 0.04/0.05 0.00/0.00 0.05/0.03 N.A 0.26/0.41 N.A
rcp26-rcp85 0.01/0.01 0.00/0.00 0.00/0.00 N.A 0.00/0.00 N.A
rcp45-rcp85 0.31/0.30 0.00/0.00 0.03/0.03 0.01/0.01 0.12/0.14 0.00/0.00

Load

hist-rcp26 0.00/0.00 0.00/0.00 0.00/0.00 N.A 0.00/0.00 N.A
hist-rcp45 0.00/0.00 0.00/0.00 0.00/0.00 0.00/0.00 0.00/0.00 0.00/0.00
hist-rcp85 0.00/0.00 0.00/0.00 0.00/0.00 0.00/0.00 0.00/0.00 0.00/0.00

rcp26-rcp45 0.04/0.03 0.00/0.00 0.03/0.05 N.A 0.00/0.00 N.A
rcp26-rcp85 0.00/0.00 0.00/0.00 0.00/0.00 N.A 0.00/0.00 N.A
rcp45-rcp85 0.00/0.00 0.00/0.00 0.00/0.00 0.00/0.00 0.00/0.00 0.00/0.00
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Figure S25: Evolution of the normalized wind power production, solar power produc-
tion and electric consumption as a function of model year for HIRHAM5-EC-EARTH.
The historical period covers 1996–2006 (black), and the future scenarios RCP2.6
(green), RCP4.5 (blue) and RCP8.5 (red) cover the years 2006–2100. The averages of
the annual values are indicated with fully drawn lines, and the corresponding ranges
of the one sigma standard deviation are shown with shaded areas. All key metrics
are unit less as described in the methods section.
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Table S8: Welch t-statistic p-values of the key-metrics for the different climate scenarios within each
climate model. p-values in front of "/" are evaluated by table lookup while values after "/" are
evaluated by bootstrapping. Shaded p-values indicate values below the significance level of 5%. 0.00
indicates values smaller than 10−4.

HIRHAM5
EC-EARTH

RCA4
EC-EARTH

RCA4
HadGEM2-ES

RACMO22E
EC-EARTH

RACMO22E
HadGEM2-ES

CCLM4
MPI-ESM-LR

Dispatchable electricity

hist-rcp26 0.07/0.06 0.16/0.10 0.02/0.00 N.A 0.78/0.75 N.A
hist-rcp45 0.38/0.38 0.06/0.04 0.25/0.27 0.16/0.21 0.29/0.35 0.23/0.19
hist-rcp85 0.01/0.01 0.00/0.01 0.00/0.00 0.80/0.83 0.93/0.89 0.61/0.60

rcp26-rcp45 0.44/0.48 0.74/0.67 0.32/0.33 N.A 0.19/0.23 N.A
rcp26-rcp85 0.51/0.60 0.10/0.11 0.20/0.20 N.A 0.72/0.75 N.A
rcp45-rcp85 0.18/0.11 0.13/0.08 0.05/0.04 0.24/0.21 0.33/0.36 0.12/0.14

Benefit of transmission

hist-rcp26 0.04/0.05 0.70/0.60 0.86/0.86 N.A 0.73/0.76 N.A
hist-rcp45 0.43/0.40 0.27/0.25 0.81/0.75 0.31/0.34 0.35/0.37 0.56/0.57
hist-rcp85 0.02/0.04 0.01/0.00 0.12/0.08 0.69/0.61 0.33/0.27 0.01/0.02

rcp26-rcp45 0.29/0.28 0.19/0.19 0.93/0.93 N.A 0.53/0.50 N.A
rcp26-rcp85 0.83/0.78 0.01/0.01 0.15/0.10 N.A 0.53/0.49 N.A
rcp45-rcp85 0.20/0.20 0.08/0.03 0.24/0.24 0.50/0.39 0.92/0.93 0.00/0.00

Benefit of Storage

hist-rcp26 0.00/0.00 0.58/0.64 0.00/0.01 N.A 0.51/0.51 N.A
hist-rcp45 0.80/0.84 0.01/0.02 0.00/0.00 0.00/0.00 0.05/0.08 0.00/0.00
hist-rcp85 0.30/0.32 0.00/0.00 0.00/0.00 0.00/0.00 0.00/0.01 0.00/0.00

rcp26-rcp45 0.00/0.00 0.02/0.00 0.06/0.05 N.A 0.23/0.29 N.A
rcp26-rcp85 0.03/0.04 0.00/0.00 0.00/0.00 N.A 0.02/0.04 N.A
rcp45-rcp85 0.26/0.26 0.01/0.01 0.03/0.03 0.05/0.05 0.37/0.30 0.00/0.00

Dispatchable Capacity

hist-rcp26 0.21/0.21 0.41/0.33 0.08/0.12 N.A 0.62/0.67 N.A
hist-rcp45 0.73/0.72 0.86/0.88 0.89/0.87 0.27/0.27 0.21/0.22 0.89/0.90
hist-rcp85 0.61/0.58 0.27/0.22 0.08/0.07 0.73/0.68 0.35/0.30 0.38/0.38

rcp26-rcp45 0.10/0.05 0.39/0.48 0.07/0.09 N.A 0.32/0.21 N.A
rcp26-rcp85 0.38/0.34 0.72/0.77 0.96/0.96 N.A 0.56/0.61 N.A
rcp45-rcp85 0.36/0.33 0.25/0.30 0.07/0.09 0.10/0.10 0.66/0.71 0.40/0.39

Short-term variability

hist-rcp26 0.00/0.00 0.30/0.26 0.15/0.14 N.A 0.78/0.82 N.A
hist-rcp45 0.67/0.67 0.54/0.59 0.98/0.97 0.81/0.83 0.10/0.12 0.35/0.27
hist-rcp85 0.02/0.02 0.44/0.37 0.15/0.17 0.08/0.06 0.21/0.22 0.03/0.03

rcp26-rcp45 0.01/0.00 0.59/0.67 0.16/0.13 N.A 0.20/0.24 N.A
rcp26-rcp85 0.21/0.19 0.84/0.81 0.95/0.96 N.A 0.39/0.35 N.A
rcp45-rcp85 0.11/0.16 0.78/0.85 0.17/0.17 0.17/0.17 0.52/0.60 0.01/0.01
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Figure S26: Evolution of the key metrics as a function of model year for the climate model HIRHAM5-
EC-EARTH. The historical period covers 1996–2006 (black) and the future scenarios RCP2.6 (green),
RCP4.5 (blue) and RCP8.5 (red) covers the years 2006–2100. The 20 year averages of the annual values
are indicated with fully drawn lines, and the corresponding ranges of the one sigma standard deviation
are shown with shaded areas. All key metrics are unitless as described in the methods section.
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Figure S27: Evolution of the key metrics as a function of model year for the climate model RCA4-EC-
EARTH. The historical period covers 1996–2006 (black) and the future scenarios RCP2.6 (green), RCP4.5
(blue) and RCP8.5 (red) covers the years 2006–2100. The 20 year averages of the annual values are
indicated with fully drawn lines, and the corresponding ranges of the one sigma standard deviation
are shown with shaded areas. All key metrics are unitless as described in the methods section.
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Figure S28: Evolution of the key metrics as a function of model year for the climate model RCA4-
HadGEM2-ES. The historical period covers 1996–2006 (black) and the future scenarios RCP2.6 (green),
RCP4.5 (blue) and RCP8.5 (red) covers the years 2006–2100. The 20 year averages of the annual values
are indicated with fully drawn lines, and the corresponding ranges of the one sigma standard deviation
are shown with shaded areas. All key metrics are unitless as described in the methods section.
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Figure S29: Evolution of the key metrics as a function of model year for the climate model RACMO22E-
EC-EARTH. The historical period covers 1996–2006 (black) and the future scenarios RCP2.6 (green),
RCP4.5 (blue) and RCP8.5 (red) covers the years 2006–2100. The 20 year averages of the annual values
are indicated with fully drawn lines, and the corresponding ranges of the one sigma standard deviation
are shown with shaded areas. All key metrics are unitless as described in the methods section.
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Figure S30: Evolution of the key metrics as a function of model year for the climate model RACMO22E-
HadGEM2-ES. The historical period covers 1996–2006 (black) and the future scenarios RCP2.6 (green),
RCP4.5 (blue) and RCP8.5 (red) covers the years 2006–2100. The 20 year averages of the annual values
are indicated with fully drawn lines, and the corresponding ranges of the one sigma standard deviation
are shown with shaded areas. All key metrics are unitless as described in the methods section.
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Figure S31: Evolution of the key metrics as a function of model year for the climate model CCL4-
MPI-ESM-LR. The historical period covers 1996–2006 (black) and the future scenarios RCP2.6 (green),
RCP4.5 (blue) and RCP8.5 (red) covers the years 2006–2100. The 20 year averages of the annual values
are indicated with fully drawn lines, and the corresponding ranges of the one sigma standard deviation
are shown with shaded areas. All key metrics are unitless as described in the methods section.
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