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Renewables are considered a key tool for making progress 
towards United Nations Sustainable Development Goal 7, 
which entails universal access to affordable, reliable and mod-

ern energy1. Renewable energies can also help reduce global emis-
sions and hence mitigate climate change2. Decentralized renewable 
energy projects, based on solar photovoltaic (PV) systems, also 
have the potential to contribute to climate change adaptation, cli-
mate resilience, energy security and social justice1. However, the 
sensitivity of renewables to future weather variability is a source of 
uncertainty that may complicate energy planning and compromise 
investments in the energy sector.

Although PV power capacity is expected to dominate growth 
in the renewable capacity in the foreseeable future2, PV power out-
puts change with climate. For example, changes in the frequency of 
warm, cloudy weather can substantially alter PV energy yields. PV 
energy yields depend on the downwelling shortwave (SW) irradi-
ance (I), which is in turn modulated by aerosols3–7 and by clouds8,9. 
PV outputs are also affected by air temperature (T) (with cooler 
conditions generally improving PV cell performance and hotter 
conditions reducing it10,11) and by surface wind speed (v) (air flow 
typically cools the PV module12).

While climate change is likely to increase future energy demand13, 
it can also complicate projections of PV energy yields by changing 
I, v and T. Several studies have addressed this issue using global 
climate models (GCMs)14–16 or regional climate models (RCMs)17–

19. Here, we focus on the effects of unusual weather and climate 
extremes on PV power outputs. For example, the concurrence of 
high temperatures and overcast conditions during one or more 
consecutive days can reduce PV power outputs. Changes in the fre-
quency of these extremes can either reinforce or mitigate PV power 
intermittency, with implications for grid planning and operations.

By applying a widely used approach20,21 for assessing changes in 
the probability of occurrence of extreme events, we have assessed 
the progression and expected changes in the number of days with 
very low PV power outputs (defined according to the 10th per-
centile). Three metrics were used: the share of days with very 

low PV power outputs (PV10), the number of events of very low 
power outputs per season (PV10N) and the length in days of the 
longest event during a season (PV10D); we defined an event as a 
period of at least three consecutive days of very low power out-
puts. Additional comparisons involved computing the share of 
days with very high PV power outputs (PV90; defined according 
to the 90th percentile).

As a proxy of the PV power output, we used the PV potential 
(PVPOT), which is defined as the fraction of the power output gener-
ated under standard conditions that a PV module may exhibit in 
the field22–26. We computed daily PVPOT values using daily estimates 
of I, v and T rendered by seven GCMs from the Coupled Model 
Intercomparison Project 5 (CMIP5)27 (see Supplementary Table 1 
for the details). The daily PVPOT values ranged from relatively high 
values (often associated with cloudless conditions) to relatively low 
values (associated with warm and/or cloudy weather).

We considered very low (or very high) daily PV power outputs 
to be those falling below the 10th (or above the 90th) percentile of 
the probability density function (PDF) of the daily PVPOT anomalies 
(the departure of the daily PVPOT value from the daily base clima-
tology). GCM-based estimates of the daily PVPOT data computed 
over a base period of 30 years (1961–1990) allowed us to define a 
daily base climatology, from which the daily PVPOT anomalies were 
calculated.

Results
Climate change is expected to change average PV power out-
puts to only a minor to moderate extent under the Representative 
Concentration Pathway 4.5 (RCP4.5) scenario (that is, the RCP 
that stabilizes radiative forcing at 4.5 W m!2 in the year 2100)28.  
As shown in Fig. 1a, moderate changes (either positive or nega-
tive) are expected by mid-century in summer PVPOT estimates in 
parts of the Arabian Peninsula (!4%) and central Europe (+5%).  
The changes in PVPOT are less pronounced in other regions such as 
the Atacama Desert (+3%), southeastern Australia (!2%), eastern 
China and southeastern Asia (+2%), northwestern Africa (!2%), 
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the southwestern United States (!2%), the northeastern United 
States (+2%) and central Asia (!3%).

The PVPOT changes for summer are mostly driven by changes in 
SW irradiance (Fig. 1b), which are, in turn, influenced by clouds 
and aerosols. As warm conditions affect solar cell performance, the 
PVPOT estimates in Fig. 1a are also influenced by the expected rise in 
air temperature (Fig. 1c). Changes in cloud fraction (CF) (Fig. 1d), 
wind speed (Fig. 1e) and aerosol optical depth (AOD) (Fig. 1f) may 
either reinforce the effect of increasing temperatures or offset (and 
even outpace) this effect. The latter is the case for central Europe, 
where the PVPOT is expected to increase (+5%) by mid-century, 
mostly attributable to the expected drop in both aerosols7,16 and 
cloudiness29,30.

In agreement with prior efforts18,19,22, Fig. 1a also shows that mod-
erate changes in the PV solar potential (less than ±3%) are projected 
for most of Africa, except for eastern Africa (around Tanzania), 
where slightly greater reductions in summer PVPOT are projected. 
The PVPOT changes expected for the Sahel region (Fig. 1a) are not 
considered to be significant due to the uncertainty associated with 
the cloud estimates in that region31. Nevertheless, note that com-
parisons with prior efforts need to be taken with caution, given the 
different models used and the different reference period adopted.

As shown in Fig. 2a, PVPOT changes for winter are expected to 
occur nearly in the same direction as those expected for summer. 
However, the magnitude of the changes differs in some regions. For 
example, because the drop in clouds (Fig. 2d) and aerosols (Fig. 
2f) is projected to be less substantial in winter than in summer for 
central Europe, the corresponding PVPOT increases are projected 
to be less pronounced in winter than in summer. In contrast, and 
consistent with previous efforts23, PVPOT estimates in high-latitude 
regions in the Northern Hemisphere (Fig. 2a) are expected to drop 
more intensely in winter than in summer due to a sharp increase 
in cloudiness expected in these regions (Fig. 2d); indeed, CMIP5 
models project an increase in the CF over the Arctic Ocean and 
high-latitude land regions during this century, especially in the 

months and regions of greatest Arctic sea-ice loss32. Figures 1a and 2a  
show that changes in the average PVPOT estimates expected by 
mid-century under the RCP4.5 scenario range from minor to mod-
erate around the world. However, as shown below, these relatively 
modest changes mask important changes in the number of days 
with very low PV power outputs.

Summer days with very low PV power outputs (PV10) are 
expected to drop by about 50% in southern Europe by mid-century 
but could increase by more than 100% in the Arabian Peninsula 
over the same period, even under a moderate-emission scenario 
(RCP4.5). As shown in Fig. 3a, changes in PV10 estimates are 
also important in other regions of high solar PV energy potential; 
the share of very low PV output days in the southwestern United 
States is expected to increase by about 30% under the RCP4.5 sce-
nario, while PV10 estimates are expected to fall by about 30% in 
southern Germany under the same scenario. The changes are less 
pronounced (lower than ±20%) in southern Africa, southeastern 
Australia, northwestern Africa, eastern China, southeastern Asia 
and the Atacama Desert.

In mid-latitude regions, changes in PV10 estimates are pro-
jected to be less pronounced in winter than in summer. The oppo-
site is true for high-latitude regions. For example, PV10 estimates 
are expected to increase in the Arabian Peninsula by about 40% 
in winter (Fig. 3b) but could rise by more than 100% in summer 
(Fig. 3a). However, the increase in cloudiness projected in winter in 
high-latitude regions (Fig. 2d) is expected to lead to increments of 
more than +50% in PV10 estimates by mid-century in the Northern 
Hemisphere (Fig. 3b).

The changes in PV10N (Fig. 3c,d) and PV10D (Fig. 3e,f) are 
also considerably greater in summer than in winter, especially in 
low-latitude regions. As noted above, an event was defined as a 
period of three consecutive days with very low power outputs. 
While increases in PV10N (as well as in the number of days with 
very low PV power outputs) may boost PV power intermittency and 
affect the network stability33, increments in the longest event during 
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Fig. 1 | Future changes in solar potential for summer are on average moderate worldwide. a–f, Changes from 1961–1990 to 2036–2065 (RCP4.5) in the 
multimodel mean (MMM) of GCM-based summer estimates of PVPOT estimates (a), downwelling SW irradiance (b), surface ambient temperature (c), 
CF (d), surface wind speed (e) and AOD (f). The plots were made by assembling December–February (DJF) data for the Southern Hemisphere and June–
August (JJA) data for the Northern Hemisphere. Stippling indicates regions where the detected changes are considered to be significant. The plots were 
generated using Python’s Matplotlib library43.
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a season may also increase the need for enhanced energy storages 
and backup power34. As shown in Fig. 3c–f, the Arabian Peninsula 
and northeastern Africa may undergo more than two events every 
summer by mid-century (currently they have typically one per 
summer), and the longest of these events may last up to eight days 
(currently the longest event in summer typically lasts less than five 
days). Changes in PV10N and PV10D values are expected to be 
less striking for the rest of the world. However, the southwestern 
United States, southeastern Asia and northern India may undergo 
one or two events every summer by mid-century (currently they 
typically have one per summer), and the longest of these events may 
last up to four to six days (currently the longest event in summer 
typically lasts about three to four days). Changes for winter in low 
and mid-latitude regions exhibit similar regional features, but they 
are projected to be less striking. As a reference, Supplementary Fig. 
1 (summer) and Supplementary Fig. 2 (winter) show the PV10N 
and PV10D values computed over the base period (1961–1990) and 
over mid-century (2036–2065).

Note that although the changes shown in Fig. 3 are relative to a 
base period (1961–1990), changing the reference period to 1971–
2000, for example, does not change the main trends. Supplementary 
Fig. 3 shows the same results shown in Fig. 3 but computed by 
using 1971–2000 as the base period. Unsurprisingly, the results in 
Supplementary Fig. 3 exhibit the same regional features as those 
in Fig. 3. However, the changes in the PV10 metrics from the base 
period to mid-century in Supplementary Fig. 3 are slightly smaller 
than those shown in Fig. 3; this was expected because the base period 
in Supplementary Fig. 3 (1971–2000) is closer to mid-century than 
the base period in Fig. 3 (1961–1990).

Changes in the PV10 estimates (Fig. 3a,b) are consistent with 
the PVPOT changes projected by mid-century (Figs. 1a and 2a); 
important changes in PV10 estimates are associated with important 
changes in PVPOT estimates. This is the case for southern Europe, 
where a decrease of about 50% in the frequency of very low PV out-
put days (Fig. 3a) is expected to contribute to an increase in the 
PVPOT of about 5% by mid-century (Fig. 1a). It also occurs in the 
Arabian Peninsula, where a sharp increase of more than 100% in 

PV10 (Fig. 3a) is expected to contribute to a drop in the PVPOT of 
about 4% by mid-century (Fig. 1a).

Changes in the frequency of very low PV output days (Fig. 
3a,b) are also consistent with changes in PV90. The changes in 
PV90 estimates, both in summer (Supplementary Fig. 4a) and in 
winter (Supplementary Fig. 4b), generally mirror the changes in 
PV10 shown in Fig. 3a,b. For example, important increases in the 
frequency of very low PV output days, such as those expected by 
mid-century in the Arabian Peninsula (Fig. 3a), are associated with 
substantial decreases in the frequency of very high PV output days 
(Supplementary Fig. 4a). However, there are cases in which mod-
erate changes in PV10 correspond to substantial changes in PV90. 
For example, moderate increases in PV10 estimates expected by 
mid-century in northern India (Fig. 3b) are associated with sharp 
drops in PV90 estimates that can exceed 50% (Supplementary Fig. 
4b). These nonlinearities result from the skewed PDFs of the daily 
PVPOT anomalies (Supplementary Fig. 5), as the long left-hand tails 
of these PDFs can make PV10 less sensitive to changes in the disper-
sion of PV power outputs than PV90. The steep drop in PV90 esti-
mates expected by mid-century in northern India (Supplementary 
Fig. 4b) is strongly influenced by the considerable increase in the 
aerosol load projected in the region35.

Although changes in PV10 estimates (Fig. 3a,b) depend on 
several factors, the SW irradiance has a dominant effect. Figure 
4 shows the change in PV10 estimates attributable to changes in 
SW irradiance (Fig. 4a,b), temperature (Fig. 4c,d) and wind (Fig. 
4e,f). As shown in Fig. 4a,b, most of the changes in the frequency of 
very low PV output days result from changes in the SW irradiance 
(which are in turn driven by clouds and aerosols). For example, in 
good agreement with prior efforts7,8, we found that both cloudiness 
and aerosols are expected to decrease in southern Europe in sum-
mer (Fig. 1d,f), leading in turn to the sharp drop in the very low PV 
output days expected by mid-century in this region (Fig. 3a).

Changes in winter clouds (Fig. 2d) are the main driver of the 
severe PV10 increases expected in high-latitude regions in the 
Northern Hemisphere (Fig. 3b). Clouds are also involved in the 
changes expected in northeastern Africa and the Arabian Peninsula. 
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Fig. 2 | Future changes in solar potential for winter are only relevant at high latitudes. a–f, Changes from 1961–1990 to 2036–2065 (RCP4.5) in the MMM 
of GCM-based winter estimates of PVPOT estimates (a), downwelling SW irradiance (b), surface ambient temperature (c), CF (d), surface wind speed (e) 
and AOD (f). The plots were made by assembling JJA data for the Southern Hemisphere and DJF data for the Northern Hemisphere. Stippling indicates 
regions where the detected changes are considered to be significant. The plots were generated using Python’s Matplotlib library43.
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Although minor changes in the mean summer cloudiness are 
expected in these regions by mid-century (Fig. 1d), an increase of 
about 5% is projected by mid-century in the cloudiness variability 
(characterized by the s.d. of the daily CF) (Supplementary Fig. 6). 
This enhanced cloudiness variability explains most of the summer 
PV10 changes shown in Fig. 4a in the Arabian Peninsula.

The influence of temperature becomes important in extremely 
warm regions. For example, increases in extreme heat account for 
a great fraction of the changes expected in the PV10 estimates by 
mid-century in northeastern Africa and the Arabian Peninsula (Fig. 
4c). In these extremely warm regions36, heat waves are expected to 
increase by four to five times by mid-century under the RCP4.5 
scenario37. The increases in episodic extreme heat considerably 
reinforce the effect of the enhanced cloudiness variability, which 
in turn leads to nearly a doubling in summer PV10 estimates in 
northeastern Africa and in the Arabian Peninsula under the RCP4.5 
scenario (Fig. 3a). Supplementary Fig. 7 confirms that the sharpest 
drops in the summer PV power outputs expected by mid-century 
(in northeastern Africa and the Arabian Peninsula) result from the 
more frequent concurrence of high temperatures and clouds. The 
results shown in Supplementary Fig. 7 were computed by applying 
a widely used approach38 for assessing changes in the probability of 
occurrence of concurrent extremes (Methods). Compared with the 
influence of clouds and temperature, the influence of wind speed 
changes on the PV10 estimates is negligible (Fig. 4e,f).

As expected, the changes tend to be more pronounced under 
a high-emission scenario. Supplementary Figs. 8 and 9 depict the 
changes from 1961–1990 to 2036–2065 (RCP8.5) in PVPOT esti-
mates, air temperature, wind speed, SW irradiance, CF, AOD and 
PV10 estimates (summer and winter). These figures show that 
changes under the RCP8.5 scenario are more striking but are basi-
cally consistent with those projected under the RCP4.5 scenario.

Discussion
The mitigation of fossil fuel use and climate change requires a fast 
energy transition, within which solar PV power is expected to play 

a key role. However, a sustainable energy transition requires reliable 
planning to compensate for potential changes in climate regimes 
throughout the entire lifespan of the PV systems. Future climate 
may enhance the weather variability, increase the renewable power 
intermittency and thereby increase the need for energy storage and 
grid stabilization services. Understanding the response of the PV 
power outputs to changing climate regimes is crucial for an energy 
transition and in turn for sustainable development.

Prior efforts14–19 have addressed the influence of a changing cli-
mate on future PV power outputs, finding that climate change is 
expected to lead to relatively modest changes in average PV energy 
yields. However, these prior efforts have not generally accounted for 
the influence on PV power outputs of the enhanced weather vari-
ability (associated with the future climate in vast parts of the world). 
Although our results confirm that the average PV energy yields are 
expected to change to only a minor to moderate extent (under the 
RCP4.5 scenario), they highlight the fact that these relatively mod-
est changes mask substantial shifts in the number of days with very 
low PV power outputs.

Future climate will change the frequency of weather conditions 
that lead to very low PV power outputs. These changes are a source 
of uncertainty that may complicate energy planning and compromise 
investments in the energy sector in the near future. While a drop 
in cloudiness, for example, may improve the network reliability, an 
increase in warm or cloudy conditions may boost very low PV power 
outputs during short periods of time, affecting the network stability.

We have shown that substantial increases in the frequency of 
weather conditions that lead to very low PV power outputs are 
expected in large regions of the world by mid-century. Generally 
driven by more clouds, conditions leading to poorer PV power out-
puts can be reinforced in some low-latitude regions by increasingly 
extreme temperatures. This is case in the Arabian Peninsula and in 
northeastern Africa, where, due to the more frequent concurrence 
of high temperatures and clouds, summer days with very low PV 
power outputs are expected to double by mid-century. However, we 
also show that in some other regions, the frequency of conditions 
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Fig. 3 | Changes in PV power intermittency for summer are expected to be stronger in Europe and the Arabian Peninsula. a–f, Changes from 1961–1990 to 
2036–2065 (RCP4.5) in PV10 (a,b), PV10N (c,d) and PV10D (e,f). The plots corresponding to summer (a,c,e) were made by assembling DJF data for the 
Southern Hemisphere and JJA data for the Northern Hemisphere, while the plots corresponding to winter (b,d,f) were made by assembling JJA data for the 
Southern Hemisphere and DJF data for the Northern Hemisphere. Stippling indicates regions where the detected changes are considered to be significant. 
The plots were generated using Python’s Matplotlib library43.
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that lead to very low PV power outputs is expected to fall. This is 
the case in southern Europe, where, attributable to a decrease in 
clouds and aerosols, summer days with very low PV power out-
puts are expected to drop by half by mid-century, even under a 
moderate-emission scenario.

The enhanced weather variability associated with the future cli-
mate is generally omitted from current estimates of PV power out-
puts. This omission may compromise the economic sustainability 
of PV projects. Increases in the number of days with very low PV 
power outputs may boost PV power intermittency, making it harder 
to maintain the production/consumption balance within an electri-
cal grid. In particular, substantial increases in the longest event of 
very low power outputs could affect production costs (because of 
the need for enhanced energy storage for providing backup power 
as well as grid stabilization services during these longer events).

Although productivity losses attributable to the enhanced 
weather variability could probably be overcome by technical 
improvements16,33,34 in most regions, our results present useful data 
for policymakers and energy planners to compensate for the effects 
of future weather.

Methods
PVPOT is defined as the fraction of the power output under standard conditions that 
a PV module may exhibit in the field22–26:

PVPOT ! PR
I

ISTC
; "1#

where ISTC is the SW irradiance applied to the module under standard test 
conditions (1,000 W m!2), I is the SW irradiance impinging on the PV modules in 
the field and PR is the so-called performance ratio, which accounts for the effect of 
the cell temperature (TCell) on its efficiency. According to prior efforts23, PR can be 
calculated as

PR ! 1" ! TCell " TSTC# $; #2$

where TSTC is the cell temperature under standard test conditions (25 °C) and ! 
can be taken as equal to 0.005 °C!1 in the case of monocrystalline silicon cells39,40. 

According to equation (2), a cell temperature higher than 25 °C leads to a poorer 
performance ratio; TCell depends on T and v. According to prior efforts12,23, TCell can 
be calculated as

TCell ! c1 " c2T " c3I # c4v; $3%

where c1 = 4.3 °C, c2 = 0.943, c3 = 0.028 °C W!1 m2 and c4 = 1.528 °C m!1 s. According 
to equation (3), wind favours cooling of the PV module, leading to a lower cell 
temperature and in turn to a higher performance ratio.

The actual values of TCell and PR may be slightly different from those computed 
by using equations (2) and (3). These differences will increase (or decrease) the 
PVPOT estimate by a certain proportion; however, since this proportion will affect 
the PVPOT similarly during both the base period and the future period, it has a 
minor effect on the relative change expected in the PVPOT.

Although I, v and T change during the day, following prior efforts15,23, here 
we have used daily estimates rendered by GCMs for computing daily estimates 
of the PVPOT. Accordingly, in equation (3), I was taken as equal to daily estimates 
of the downwelling SW irradiance, v was taken as equal to daily estimates of the 
surface wind speed and T was taken as equal to daily estimates of the mean surface 
temperature. In this study, we used daily estimates of I, v and T rendered by seven 
GCMs from CMIP5 (ref. 27) (see Supplementary Table 1 for the details). Although 
tens of CMIP5 models exist, only a fraction of them have daily estimates of the 
variables of interest. From those with daily data available, we selected models from 
different providers/institutes (to ensure a fair distribution and representativeness). 
We checked the coherence and consistency of the GCM-based estimates over the 
period 1981–2000 by taking the ERA-Interim reanalysis41 as a reference.

The daily GCM estimates of I, v and T allowed us to compute the daily PVPOT 
values by applying equations (1) through (3). For computing PVPOT estimates 
after 2005, we used GCM simulations according to two scenarios: RCP4.5 and 
RCP8.5 (ref. 28).

Following the methodology widely used for assessing changes in the probability 
of occurrence of extreme events20,21, we used a 15-day rolling window of the PVPOT 
data over a base period of 30 years (1961–1990) to form datasets of 450 values for 
each day. The rolling window provides a more robust PDF for the reference period, 
giving less weight to outliers on a particular day. At each location (or grid point of a 
climate model), the dataset mean defined a daily base climatology, from which the 
daily PVPOT anomalies could in turn be calculated.

The histogram or the corresponding PDF of the daily PVPOT anomalies (the 
departure of the daily PVPOT value from the daily base climatology) allowed us  
to compute:

PVM: the average of the daily PVPOT anomalies. By definition, the PVM 
estimate is equal to zero over the base period, but, as we have shown in this study, 
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Fig. 4 | Changes in the PV power intermittency are mainly driven by changes in the frequency of cloudy days. Attribution of changes from 1961–1990 
to 2036–2065 (RCP4.5) in PV10. a–f, PV10 changes were computed considering changes in the downwelling SW irradiance only (a,b), in the surface 
ambient temperature only (c,d) and in the surface wind speed only (e,f). The plots corresponding to summer (a,c,e) were made by assembling DJF data 
for the Southern Hemisphere and JJA data for the Northern Hemisphere, while the plots corresponding to winter (b,d,f) were made by assembling JJA 
data for the Southern Hemisphere and DJF data for the Northern Hemisphere. Stippling indicates regions where the detected changes are considered to be 
significant. The plots were generated using Python’s Matplotlib library43.
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PVM values computed over a certain period in the future may be notably different 
due to changes in climate (temperature, wind speed and cloudiness).

SD: the standard deviation of the daily PVPOT anomalies. Comparing SD 
values computed over different periods allowed us in turn to assess changes in the 
variability of the PVPOT anomalies.

PV10: the share of very low daily PVPOT values (that is, the fraction of days 
falling below the 10th percentile of the PVPOT anomaly distribution over the 
base period). The PV10 estimates stand for the share of very low daily PV power 
outputs, which can be associated with high temperatures or low SW irradiances 
(caused by clouds and aerosols). By definition, PV10 is equal to 0.10 over the 
base period, but, as we have shown in this study, PV10 estimates computed over a 
certain period in the future may be notably different due to changes in the climate 
(temperature, wind speed and irradiance).

PV10N: the number of events of very low power outputs per season. Each event 
is a period of at least three consecutive days of very low power outputs (defined 
according to the 10th percentile).

PV10D: the length in days of the longest event during a season.
PV90: the share of very high daily PVPOT values (that is, the fraction of days 

falling above of the 90th percentile of the PVPOT anomaly distribution over the 
base period). The PV90 estimates stand for the share of very high daily PV power 
outputs, which can be associated with low temperatures or high SW irradiances 
(under cloudless and clean conditions). By definition, PV90 is equal to 0.10 over 
the base period, but, as we have shown in this study, PV90 estimates computed 
over a certain period in the future may differ considerably.

In this study, the projections for each grid point are based on the MMM of 
PV10, PV10N, PV10D and PV90 values, computed separately for each GCM. The 
projections for regions of high solar PV energy potential (the Atacama Desert, 
southern Europe, the Arabian Peninsula and so on) are based on regional averages 
computed over the grid points indicated by the red boxes in Supplementary Fig. 10.

As an example, Supplementary Fig. 5 shows the PDFs of the daily summer PVPOT 
anomalies over the base period 1961–1990 (blue PDFs) and the period 2036–2065 
(green PDFs for RCP 4.5; red PDFs for RCP8.5) for several regions. Each value used 
to construct the PDFs in Supplementary Fig. 5 corresponds to a regional average 
(computed over the grid points within the red boxes shown in Supplementary Fig. 
10). The dotted vertical lines in the PDFs in Supplementary Fig. 5 indicate the 10th 
percentile of the PVPOT anomaly distribution corresponding to the base period. 
Comparing the areas under the PDF curves (from the left to the dotted vertical 
lines) in Supplementary Fig. 5 allowed us to assess the changes from 1961–1990 to 
2036–2065 in summer PV10. The PV10 estimates for each period are indicated in 
the upper left corner of each panel in Supplementary Fig. 5. These PV estimates 
allowed us to build up Fig. 3a and Supplementary Fig. 9a. For example, as indicated 
in the upper left corner of Supplementary Fig. 5b, the PV10 estimates computed 
from GCM simulations under the RCP4.5 scenario are expected to drop by about 
50% (from 0.10 in 1961–1990 to about 0.05 in 2036–2065) in southern Europe.

Changes in both PV10 and PV90 estimates arise from changes in the PDFs 
shown in Supplementary Fig. 5 (that is, changes in the PVM or the SD of the 
PDFs). As shown in Supplementary Fig. 5, the regions that exhibit the greatest 
changes in PV10 and PV90 estimates also exhibit the greatest changes in the SD. 
For example, under the RCP4.5 scenario, the SD computed from GCM simulations 
is expected to drop about 6% (from 0.97 in 1961–1990 to 0.91 in 2036–2065) in 
southern Europe (Supplementary Fig. 5b), while the SD is expected to rise by about 
8% by mid-century (from 0.96 and 0.98 in 1961–1990 to 1.03 and 1.06 in 2036–
2065) in the Arabian Peninsula (Supplementary Fig. 5c) and in the southwestern 
United States (Supplementary Fig. 5d), respectively.

Our projections may be affected by the selection of ensembles and models. 
Although several ensemble members are available for some models, PVPOT 
anomalies were computed by using daily estimates rendered by the first ensemble 
member of each model. This approach aimed to avoid assigning more weight 
to one model over the other. Nevertheless, we explored the effect of a different 
selection by comparing PV10 estimates computed over the period 2036–2065 
by using simulations rendered by different ensemble members. We did not find 
important differences, which suggests that the selection of a specific ensemble 
member did not substantially affect our outcomes.

We also explored the effects of selecting different models on our results. 
In particular, we compared changes from 1961–1990 to 2036–2065 in the 
PV10 estimates computed under the RCP4.5 scenario by using seven GCMs. 
Supplementary Figs. 11 and 12 show the spread of PV10 changes from different 
models computed under the RCP4.5 and RCP8.5 scenarios, respectively. Although 
there are notable intermodel differences in the magnitude of the PV10 changes, 
the models roughly agree on the direction of the changes. For example, all models 
show decreases in PV10 estimates in southern Europe by mid-century, while also 
showing increases in PV10 estimates in the Arabian Peninsula. The intermodel 
differences were characterized by computing the multimodel standard deviation of 
decadal PV10 estimates (Supplementary Figs. 11 and 12).

PV10 changes result from changes in wind speed, air temperature and SW 
irradiance. To disentangle the influence of changes in I, v and T on the PV10 
changes, we built up two datasets of the daily PVPOT estimates. The first dataset 
was based on daily PVPOT estimates computed by using daily estimates of I, v and T 
rendered by historical simulations over the period 1961–1990. The second dataset 

was based on daily PVPOT estimates computed by taking projections of a certain 
variable (I, for example) over the period 2036–2065 (RCP4.5), while taking the 
same values used in the historical simulations over the period 1961–1990 for the 
remaining variables. The change in the MMM of the PV10 estimates between these 
two ensembles allowed us to assess the influence of the changes in I (Fig. 4a,b). 
To assess the influence of temperature (Fig. 4c,d) and wind speed (Fig. 4e,f), we 
repeated the same procedure (that is, building up a second dataset by using future 
projections for the parameter of interest while taking the same values used in the 
historical simulations for the remaining variables).

The method described above for computing PV10 was also applied for 
sequentially computing the share of days with very high temperature (T90, 
according to the 90th percentile), the share of days with very high CF (CF90, 
according to the 90th percentile) and the share of days with very low surface 
irradiance (I10, according to the 10th percentile). The thresholds defined by 
either the 10th or the 90th percentile (of T, CF and I) allowed us, according to 
the methodology described by Sutanto et al.38, to create binary maps by assigning 
each grid cell to 0 if no extreme occurs on a given day or 1 if a very high value of 
temperature (defined according to the 90th percentile), for example, occurs on 
that given day. Similar binary maps were created for the days that exhibited very 
high CFs (also defined according to the 90th percentile) and very low irradiances 
(defined according to the 10th percentile). These maps enabled us to assess the 
number of summer days per year with concurrent extremes: very high temperature 
and heavy clouds (see the first row in Supplementary Fig. 7) or very high 
temperature, heavy clouds and very low irradiance, simultaneously (see the second 
row in Supplementary Fig. 7). The maps in Supplementary Fig. 7 (computed for 
two periods: 1961–1990 and 2036–2065, RCP4.5) confirm that the sharpest drops 
in the summer PV power outputs expected by mid-century (in northeastern Africa 
and the Arabian Peninsula) result from the more frequent concurrence of high 
temperatures and clouds (both above their corresponding 90th percentiles).

Note that the plots corresponding to summer in this Article were made 
by assembling data computed separately over the period DJF in the Southern 
Hemisphere and over the period JJA in the Northern Hemisphere. Accordingly, 
the plots corresponding to winter were made by assembling data computed 
separately over the period DJF in the Northern Hemisphere and over the period 
JJA in the Southern Hemisphere. This approach allowed us to better show the 
effects of unusual weather on the PVPOT (which mainly occur in summer for both 
hemispheres).

Finally, stippling in the plots indicates regions where the detected changes are 
significant. The adopted significance criteria are based on Field et al.42; stippling 
indicates regions where at least 85% of the models in the cluster (or MMM) agree 
on the sign of the anomaly and therefore represents features that are robust in 
the cluster composite. Stippling also indicates regions where the MMM change is 
greater than one multimodel standard deviation.

Data availability
The data that support the findings of this study are available from the 
corresponding author upon request. The data from the GCMs were obtained from 
the World Climate Research Programme’s Working Group for CMIP5 (https://
esgf-node.llnl.gov/).

Code availability
The code generated during the current study is available from the corresponding 
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