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Using projections of surface solar radiation and temperature from 23 CMIP5 global climate models for
two climate change scenarios (RCP4.5 & 8.5) we quantify the average change in PV electricity production
expected in the years 2060e2080 compared to the present (2007e2027). We upsample daily radiation
data to hourly resolution with a sinusoidal diurnal cycle model and split it into direct and diffuse radiation with the semi-empirical BRL model as input to a PV electricity generation model. Locally, changes
in PV potential from 6% to þ3% in annual and 25% to þ10% in monthly means are shown. These
projections are combined with a PV deployment scenario and show countries beneﬁtting from increased
PV yields include Spain, France, Italy and Germany. We also calculate uncertainties when calculating PV
yield with input data at daily or lower resolution, demonstrating that our method to derive synthetic
hourly proﬁles should be of use for other researchers using input data with low temporal resolution. We
conclude that PV is an attractive and no-regrets investment in Europe irrespective of future climate
change, and can continue to play a key role in energy system decarbonisation.
© 2019 Elsevier Ltd. All rights reserved.
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1. Introduction
Over the last decade, solar power has become an essential
technology in the realisation of a sustainable energy system in
Europe. Installed electricity generation capacity of solar photovoltaic (PV) grew from 5 up to 101 GWp, with investments made
primarily in Germany, Italy and the United Kingdom [13,14]. Driven
ultimately by increasing concern about the potential effects of
anthropogenic climate change, the proximate cause of this rapid
deployment is a dramatic decline in the cost of PV systems [27,36].
However, even with large scale deployment of PV, other renewable
energy technologies, and increased efforts in Greenhouse Gas
(GHG) mitigation, the repercussions of decades of GHG emissions
cannot be averted. In other words, the world is already committed
to a certain degree of climate change.
Climate change will very likely cause temperatures in Europe to
increase in the future [31]. Increasing temperatures will lead to
changes in precipitation patterns and associated cloud ﬁelds.
Together with changes in atmospheric aerosol composition, surface
irradiance will also be affected. These two variables, irradiance and
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temperature, are directly responsible for the amount of electric
power a solar PV panel can produce. Hence PV electricity generation will be indirectly inﬂuenced by climate change. The rise in
temperature should lead to an almost linear decrease in efﬁciency

of PV panels, due to an almost constant sensitivity of 0.5% C1
[25]. The quantiﬁcation of effects from changes in irradiance,
however, are not straightforward. First, the response of PV electricity output to changes in irradiance is non-linear, especially at
low intensities. Second, for tilted panels, due to geometric reasons,
the effect of irradiance changes depends on the ratio between
direct and diffuse radiation. Changes in cloud cover and atmospheric aerosol composition will affect this ratio as well. This dependency of PV power on environmental factors introduces a
potentially large uncertainty for investment, so a better quantiﬁcation of these effects may help to promote investments in future
PV power plants. Additionally, the intra-annual distribution of energy yield is of great interest as it aids in the planning of storage
solutions for the variable electricity generation of PV systems.
Here we aim to answer the question of how future changes in
climate will affect the potential of PV power plants in Europe, what
roles individual environmental variables (irradiance and temperature) play and how the future European energy system could be
affected by these changes. A previous study by Wild et al. [35],

136

J. Müller et al. / Energy 171 (2019) 135e148

List of symbols

kd

Fraction of diffuse horizontal irradiance from the
!
total horizontal irradiance

Variables

b
ε

hrel
j
aP
aS
AST
dt
h
Ih
Idif ;h
Idif ;p
Idir;h
Idir;p
Itot;h
Itot;p



Solar altitude [ ]

Plane incidence angle [ ]
Instantaneous efﬁciency of a panel relative to
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Persistent index used in BRL model

Panel azimuth [ ]

Solar azimuth angle [ ]
Apparent solar time
Number of hours between sunrise and sunset
Hour at which instantaneous irradiance value Ih is
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Instantaneous irradiance value
Diffuse horizontal irradiance [W m2]
Diffuse irradiance on the panel [W m2]
Direct horizontal irradiance [W m2]
Direct irradiance on the panel [W m2]
Total horizontal irradiance (Idir;h þ Idif ;h ) [W m2]
Total irradiance on the panel (Idir;p þ Idif ;p ) [W m2]

based on the methodology by Crook et al. [7] set out with a similar
goal, also focusing on future trends in PV electricity generation
potential relying on annual and seasonal climate projection data
from Climate Model Intercomparison Project Phase 5 (CMIP5). The
present study is based on data from the CMIP5 as well. Up to 23
Global Climate Models (GCMs) for Representative Concentration
Pathways (RCPs) 4.5 and 8.5 each were used. RCPs describe
different possible future climates depending on anthropogenic
emission scenarios. They are characterised by the magnitude of
radiative forcing in W m2 reached by 2100, which is represented
by the number in their name. The spread of these models can be
regarded as the uncertainty of the input data for the predictions in
this study. We use the variables for surface downwelling all-sky
shortwave radiation, which simulates realistic surface irradiances,
including inﬂuences through cloud cover and atmospheric
composition as well as the near-surface air temperature. The CMIP5
data is input in the PV electricity generation model Global Solar
Energy Estimator (GSEE) which calculates the energy output of a
solar panel on an hourly basis [29]. The present study uses CMIP5
data with daily resolution, compared to annual and seasonal mean
values used in Ref. [35]. This allows us to examine changes in PV
yields at a monthly mean resolution and to assess the stability and
ﬂuctuations in energy yield throughout the year. In addition, GSEE
is a more advanced model for the calculation of the electric power
output, which factors in direct and diffuse radiation as well as
temperature. Jerez et al. [24] used the EURO-CORDEX regional
climate model ensemble for a similar analysis, however the PV
model used in that study lacks the inclusion of the diffuse radiation
into the calculations as well. Based on an unpublished analysis with
GSEE we found that for tilted panels it is highly relevant to
distinguish between the direct and diffuse radiation. Also [24] uses
ﬁve Regional Climate Models (RCMs) as a data source, while we
calculate climate change impact based on 23 GCMs from the CMIP5.
Additional local studies [4,28] found a slight increase in solar resources in the future in Greece and in the south of the UK. Pangea
et al. [28] based their analysis on ﬁve RCMs while [4] used probabilistic climate change projections from the UKCP09 model. Gaetani
et al. [17] examined data from ECHAM5-HAM climate model to
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Daily atmospheric clearness index
Hourly atmospheric clearness index
Sunrise hour
Sunset hour

Panel tilt [ ]

Ambient temperature [ C]

CMIP5 variables
rsds
Surface downwelling shortwave radiation or all-sky
shortwave radiation [W m2]
rsdscs
Surface downwelling shortwave radiation assuming
clear sky or clear-sky shortwave radiation [W m2]

tas
Near-surface air temperature [ C]
Constants
A
Surface albedo (¼ 0:3 )
GSTC
Ambient temperature at standart test
conditions(¼ 1000 W m2)
TSTC
Ambient temperature at standart test conditions ( ¼
25+ )

estimate the near future change in productivity of PV energy in
Europe and Africa.
The remainder of this paper proceeds as follows. After discussing the methods, including the setup of how CMIP5 data can be
processed with GSEE, we present results showing the changes to
potential energy yield from PV panels across Europe. In addition,
we show sensitivity analyses based on the differing effect of temperature and irradiance, the role of cloudiness and atmospheric
composition, temporal resolution of input data and the method
used to upsample to hourly data. Finally, not every country will
experience the same PV sector development. In order to illustrate
which parts of Europe may be most affected by climate change
induced PV productivity changes, we pair projections of PV electricity generation potential with a scenario of how the European
energy system may evolve.
2. Data and methods
Our PV projections rely on a PV electricity generation model
(Sect. 2.1) [29] that feeds on climate model data (Sect. 2.2) which
has been appropriately pre-processed (Sect. 2.3) and adapted to
scenarios of future development of PV installations (Sect. 2.4). The
pre-processing bridges the gap between what data is typically
available and what data is actually needed as input for the PV
electricity generation model. Its performance is estimated based on
comprehensive historical reanalysis data (Sect. 2.5).
2.1. GSEE PV electricity generation model
To simulate the electricity output at a given location we use the
PV electricity generation model called Global Solar Energy Estimator (GSEE) [29]. It uses three environmental parameters: total
horizontal irradiance (Itot;h , sum of direct and diffuse radiation),
fraction of diffuse irradiance from the total horizontal irradiance
(kd ), and ambient temperature (Tamb ), as well as several panelspeciﬁc parameters (coordinates, tilt and azimuth angles, peak
generation capacity, panel tracking mode) as input variables to
calculate the PV electricity output on an hourly basis. These three
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environmental parameters must be available in hourly resolution.
An assessment of the performance of GSEE can be found in Ref. [29].
GSEE computes the electric power output in two steps. First, the
model calculates the direct Idir;p and diffuse Idif ;p irradiance on the
panel from the total horizontal irradiance (Itot;h ) and the diffuse
fraction (Eqs. (1) and (2)), while taking the panel's orientation
(panel tilt t, panel azimuth aP ) and the sun's position (solar altitude
b, solar azimuth angle aS ) into account [29], with ε being the panel
incidence angle (Eq. (3)) and A the surface albedo ð ¼ 0:3Þ.

Itot;p ¼ Idir;p þ Idif ;p ;

Idif ;p ¼ Idif ;h 

Idir;p ¼

Idir;h  cosðεÞ
 ;

cos p2  aS

137

[1,25], and also decreases with increasing irradiance G, once the
latter exceeds 200e300 W m2. In contrast to ambient temperature, the sensitivity towards the in-panel irradiance is regarded as
non-linear (Fig. 1a), with maximum efﬁciency at approximately 
400 W m2. However, the non-linearity mainly affects hrel for an
irradiance up to the maximum. Above this level, hrel decreases
linearly, however with a shallow slope. Hence the non-linearity of
GSEE mainly affects days with low irradiance, which predominantly
occur in winter months throughout the whole day and during the
sunrise and sunset period on all days of the year.

(1)
2.2. CMIP5 climate model data


 1  cosðtÞ
1 þ cosðtÞ
þ A  Idir;h þ Idif ;h 
2
2
(2)

ε ¼ arccosðsinðbÞ  cosðtÞ þ cosðbÞ  sinðtÞ þ cosðaP  aS ÞÞ
(3)
Second, the incoming irradiance on the panel Itot;p , i.e. the sum
of direct and diffuse in-panel irradiance, is transformed to electrical
power with a relative PV performance model by Huld et al. [20].
This model calculates the instantaneous efﬁciency (hrel ) relative to
the efﬁciency at Standard Test Conditions (STC), which are deﬁned
as TSTC ¼ 25+ C (standard cell temperature), Itot;pSTC ¼ 1000 W m2
(standard horizontal solar irradiance) and 45 (solar irradiance
angle), for which the power output is known. The performance
model takes the ambient temperature, the heating the panel experiences through incoming radiation and several coefﬁcients
depending on the chosen panel technology into account. In this
study the values for Crystalline Silicon (c-Si) were used since it is
the most common semiconducting material used for PV systems.
The sensitivity of PV electricity production to irradiance and
ambient temperature, as modelled by GSEE, is illustrated in Fig. 1.
As can be seen (Fig. 1b), the relative efﬁciency decreases linearly
with
increasing
ambient
temperature
by

approximately 0.46% C1, similar to values found in literature

We use CMIP5 for the prediction of future climate. In terms of
climate change scenarios, RCP4.5 and RCP8.5 were considered, with
RCP8.5 being the strongest climate change scenario. For the processing with the PV generation model, two variables of CMIP5 were
required: surface downwelling shortwave radiation or all-sky
shortwave radiation (rsds) and near-surface air temperature (tas).
rsds aims to simulate realistic surface irradiances and thus includes
effects of cloud cover and atmospheric composition on the
magnitude of the surface radiation. This choice in variables resulted
in a total number of 28 and 31 climate models available for RCP4.5
and RCP8.5, respectively.
Two 20-year time spans were examined for both RCP scenarios,
to compare present and future PV potential. The ﬁrst time span
covers 2007e2027, forming a present reference period, while the
second time span covers the future period from 2060 to 2080. The
studied area is a rectangle covering Europe, spanning from 10 to
42 E and 30 e65 N. The CMIP5 data were available in monthly
and daily temporal resolution. Both were used in the subsequent
analysis to ﬁnd a suitable setup to process the CMIP5 data with
GSEE.
In order to reach a consistent set of climate model scenarios to
compare, not all model outputs available in CMIP5 were used, some
had to be excluded. Several of the mentioned 28 to 31 climate
models (BCC-CMS1-1 and BCC-CMS1-1-m, IPSL-CM5A-LR and IPSLCM5A-MR, MPI-ESM-LR and MPI-ESM-Mr) have multiple versions,
the only difference being the spatial resolution (LR: low resolution,

Fig. 1. GSEE sensitivity towards ambient in-panel irradiance and temperature. (a): Absolute hrel depending on Tamb for different levels of irradiance. Typical horizontal irradiances
on clear days lie between 300 and 500 W m2/600e1000 W m2 in winter/summer and between 50 and 150 W m2/100e300 W m2 on cloudy, foggy days. (b): Absolute hrel
(straight lines) and vhrel =vTamb [%W1m2] (dotted lines) as a function of ambient temperature (Tamb ) for different in-panel irradiances (Itot;p ) [W m2]. Note that hrel is 1.0 at standard
test conditions, i.e. 25 C module temperature, but module temperature is always higher than ambient temperature due to the module heating coefﬁcient, so efﬁciency is < 1.0
through most of the ﬁgure [20].
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MR or -m: moderate resolution; [3,11]). For IPSL-CM5A and MPIESM the similarities between their versions with different resolution was shown by Ref. [26]. In order to avoid a bias towards these
models, of each model only the version with the higher resolution
was included in subsequent simulations. Knutti et al. [26] also show
a strong similarity between MIROC-ESM and MIROC-ESM-CHEM, as
they are essentially the same model except that MIROC-ESM-CHEM
includes an atmospheric chemistry model [34]. GFDL-ESM2G and
GFDL-ESM2M are also very similar, varying in the use of a different
physical ocean component only [9]. Additionally, due to an inconsistency between the monthly and daily mean data, the models
BNU-ESM and CCSM4 were omitted (See supplementary material).
Hence 21 and 23 climate models (Table 1) for RCP4.5 and 8.5,
respectively, were left for the estimation of future PV electricity
yield. Projections for rsds and tas can be found in the
supplementary material.

Table 1
CMIP5 models providing daily mean data. Listed are models that provide both
variables rsds and tas in daily resolution for the RCPs 4.5 and 8.5. Also depicted is
their spatial resolution (in  latitude (lat) and  longitude (lon)) as well as the
responsible modelling groups and countries [12].
Modelling group (Country)

CISRO-BOM (Australia)
BCC (China)
CCCMA (Canada)
CMCC (Italy)

CNRM-CERFACS (France)
CISRO (Australia)
NOAA GFDL
(USA)
NIMR/KMA
INM (Russia)
MOHC (United Kingdom)
IPSL (France)
MIROC (Japan)
MPI-M (Germany)
MRI (Japan)
NCC (Norway)

Name

ACCESS1.0
ACCESS1.3
BCC-CMS1-1-m
CanESM2
CMCC-CESM
CMCC-CM
CMCC-CMS
CNRM-CM5
CISRO-Mk3.6.0
GFDL-CM3
GFDL-ESM2G
HadGEM2-AO
INM-CM4
HadGEM2-CC
HadGEM2-ES
IPSL-CM5A-MR
IPSL-CM5B-LR
MIROC-ESM-CHEM
MIROC5
MPI-ESM-MR
MRI-CGCM3
MRI-ESM1
NorESM1-M

Atmospheric Grid

RCP

lat

lon

4.5

8.5

1.25
1.25
1.125
2.7906
3.4431
0.7484
3.7111
1.4008
1.8653
2
2.0225
1.25
1.5
1.25
1.25
1.2676
1.8947
2.7906
1.4008
1.8653
1.12148
1.12148
1.8947

1.875
1.875
1.125
2.8125
3.75
0.75
3.75
1.40625
1.875
2.5
2
1.875
2
1.875
1.875
2.5
3.75
2.8125
1.40625
1.875
1.125
1.125
2.5
















































To disentangle the effect of changes in cloudiness or aerosol
composition on the total irradiance we use monthly data on clearsky shortwave radiation (rsdscs) in addition to rsds and tas. The
change in rsdscs between the present and the future time period
was regarded as the change in rsds caused by alterations in atmospheric composition and the difference between rsdscs and rsds as
the change in the amount of radiation clouds absorb or scatter.
With this data we estimate the fraction of changes in rsds due to
changes in cloud properties.
According to Wild et al. [35] the CMIP5 models are mostly
consistent in the sign of projected change in terms of rsds and tas
over the most part of Europe. Generally, the robustness and uncertainties of the CMIP5 dataset is discussed by Ref. [26].
2.3. Processing CMIP5 data with GSEE
The processing chain from CMIP5 model data to GSEE modelled
PV electricity output is schematically given in Fig. 2. It shows that
GSEE calculates PV electricity output on an hourly basis and thus
requires its input variables (total horizontal irradiance, diffuse
fraction, temperature) to be in hourly resolution as well. However,
CMIP5 models and most observational records only provide daily
means of radiation and temperature data, which are insufﬁcient for
accurate PV electricity simulations. A PV panel's angle of incidence
strongly depends on the time of day, which directly affects the
amount of direct radiation reaching the panel. Additionally, the
diffuse fraction is closely related to the solar altitude angle and thus
the hour of the day. These two facts, together with the non-linearity
of the PV system, make the use of at least hourly resolution data for
irradiance a necessity for accurate calculations of daily PV electricity output. For this study we derive hourly irradiance values
with an artiﬁcial diurnal cycle following a sinusoidal function,
depending only on the total horizontal incoming irradiance (Itot;h ),
and sunrise (Sr ) and sunset hours (Ss ) (Eq. (4)). This diurnal cycle
produces a ﬁrst-order approximation of the course of total irradiance on a clear-sky day. To calculate PV output with monthly mean
data, the model is run once for a day in the middle of the month,
serving as a representative for the whole month.

p
 I
tot;h p
 ðh  Sr Þ 
;
Ih ¼ sin
dt
2dt

dt ¼ Ss  Sr

(4)

The CMIP5 data does not include diffuse irradiance or diffuse
fraction as a variable. Solely the sum of direct and diffuse radiation,
surface downwelling shortwave radiation (rsds), which equals the

Fig. 2. Schematic showing the structure of how the CMIP5 data and GSEE model are coupled. All code is available as a submodule of GSEE (https://pypi.org/project/gsee/).
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total horizontal irradiance required by GSEE, is available. Thus it
was necessary to estimate the diffuse fraction from the total horizontal irradiance with a semiempirical model, the Boland-RidleyLauret (BRL) model [30]. Several other models to estimate the
diffuse fraction exist. All of them make use of the hourly (kt ) and
daily (Kt ) atmospheric clearness indices [8], which are calculated
following the equations from Ref. [10]. The BRL model is superior
for two reasons. First, it uses additional parameters (AST apparent
solar time; as solar elevation; j persistence index) to the hourly and
daily clearness index to calculate the diffuse fraction kd . Second, it is
regarded as a globally applicable model [30] and has empirically
proven to be among the best models to estimate diffuse fraction
[32].
For ambient temperature it was sufﬁcient to use the daily mean
value across all hours of the day. This did not introduce signiﬁcant
enough error to justify the computational overhead caused by the
implementation of an additional diurnal temperature cycle. The
uncertainty of this approach to use daily data, compared to the
optimal case where hourly data is available, is presented in Sect.
3.3.
For each of the climate models, output for rsds and tas was
processed with GSEE for both a present (2007e2027) and future
(2060e2080) time period as well as both RCP scenarios 4.5 and 8.5.
To deal with the different spatial resolutions of the models, the
resulting datasets on PV electricity generation potential were
remapped bilinearly to a common grid of 29  30 cells over Europe
with a resolution of 1.25  1.875 . This grid is the same as used by
ACCESS1.0 and 1.3 and is of an average resolution when compared
with the bulk of models. All calculations simulate one single panel
per grid cell with an azimuth of 180 (southwards), capacity of
1 kW (maximum possible output) and no tracking enabled. The tilt
angle was calculated individually for each latitude, following a
linear regression (Eq. (5)).

tilt ¼ 0:35396  lat þ 16:84775

(5)

This relationship is derived from estimates for optimal tilt angles for 54 stations in Europe [23] and serves as an estimate for
optimal tilt in this study. There are several other simple tilt anglelatitude relations used as rule of thumb by solar energy system
installers [37], thus this slightly more sophisticated relationship
(Eq. (5)) should serve as an adequate estimate of PV systems
installed in reality. All resulting PV projections were analysed
individually and the ensemble mean taken to summarise the results. The resulting code is published as a submodule to GSEE
(https://pypi.org/project/gsee/).
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countries.
The energy system scenario provides information on the net
generation capacity of PV, the gross electricity generation of the
whole energy system and the share of electricity produced from PV
for the present and up to the year 2050. Together with the projections of PV electricity generation potential in this study, this
allowed us to estimate the impact climate change may have on
these future European energy systems. For each country the climate
change impact was calculated by averaging each grid cell whose
centre is located in the corresponding country's borders. This
impact multiplied with the country's share of potential future PV
production provides information on how different European
countries with their individual electricity generation mix may be
affected by climate change.
2.5. CM-SAF SARAH and MERRA-2 historical weather data
To develop the method (Sect. 2.3) for the processing of CMIP5
data with the GSEE we use surface incoming shortwave radiation
(sis) and direct normalised irradiance (dni) from the satellite based
SARAH and temperature at 2 m above displacement height (t2m)
from the MERRA-2 dataset for the years 2011e2015 in hourly resolution and spatial resolutions of 0:05+  0:05+ and 0:5+  0:66+ ,
respectively. We use a subsample of both datasets consisting of
locations distributed across Europe in the form of a 2+  2+ grid.
This results in 163 homogeneously distributed, land-based sample
locations in Europe. For all locations the fraction of incoming horizontal diffuse radiation was calculated with dni and sis, from
SARAH, and the sun's local zenith angle for the entire time period of
2011e2015 in hourly resolution. The locations were used to
determine the uncertainty introduced depending on the choice of
temporal resolution of the initial radiation and temperature data as
well as the method of upsampling of CMIP5-based daily radiation
data to hourly values. As both SARAH and MERRA-2 are available in
hourly resolution and together deliver both temperature and irradiance, they fulﬁl the input requirements for GSEE model.
3. Results
We ﬁrst turn to projected changes in potential PV electricity
production (Sect. 3.1), which we then combine with a scenario of
future PV installations (Sect. 3.2). Uncertainties associated with the
necessary pre-processing of the CMIP5 data are quantiﬁed (Sect.
3.3) and the relative importance of changes in temperature and
irradiance (Sect. 3.4) as well as potential physical causes (Sect. 3.5)
are examined. We show only ﬁgures based on RCP8.5. Results for
RCP4.5 are in the supplementary material.

2.4. European energy scenario
3.1. PV projections
Results from the methods presented up to this point were used
to determine the future PV electricity generation potential in
Europe. Of course these results only matter for regions where PV
systems do or will exist. Currently, there are large differences in the
national electricity generation mix of different European countries
as well as in electricity demand. Such differences will likely still be
present in the future European energy system. Therefore, the
impact of climate change will affect each country differently. In
order to demonstrate these individual impacts, we use the European Commission's reference 2050 energy scenario and determined how climate change (prescribed by RCP8.5) would affect the
PV electricity generation component of this scenario. The scenario
cannot be considered a forecast, but rather as a trend projection. It
is guided by the legally binding GHG and Renewable Energy
Sources (RES) targets of the EU and assumes all policies up to 2014
to be implemented [5]. Scenario data are available for all EU-27

We show the total yearly production of the present
(2007e2027) time period based on CMIP5 data and GSEE in Fig. 3a.
In the future (2060e2080) time period, results show that PV electricity production is changed by the percentage shown in Fig. 3b,
ranging from 6% to 3%. The region of strong increase follows
roughly European land masses, up to about 55 N in the west but
only up to about 45 N in the east. Beside the magnitude of change,
the possibility of changes in variability is of interest. In regions
which will potentially rely heavily on solar power in the future, a
change in variability would affect the extent to which solutions to
balance variability, such as storage, are required. In Fig. 3c we show
the ensemble mean of the relative change between the present and
future in intra-annual variance (i.e. seasonal) over the entire 20year time period, based on the calculated daily means of PV potential. Two distinct regions of interest are identiﬁable. The ﬁrst is
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Fig. 3. Results for present yearly total PV potential and future relative change and variance compared to the present under the RCP8.5 climate change scenario. Maps show the
ensemble mean of the CMIP5 models of the total PV potential (a) for the present (2007e2027), (b) relative difference in yearly sum of produced power, and (c) intra-annual
(seasonal) variance between the present (2007e2027) and future (2060e2080) time periods.

Europe above 40 N with a hot spot in southern Germany, where an
increase in variance over the whole year is expected. The second
region is below 40 N, where variance decreases in general. In both
directions the change in variance lies in the range of up to ± 20%.
This means the peaks in production throughout the year will drift
further apart or together for the regions with increased or

decreased intra-annual variance, respectively.
Since PV electricity production (and electricity consumption)
are strongly dependent on season, it is worthwhile to examine the
change patterns of Fig. 3b and c on a monthly mean scale, shown in
Figs. 4 and 5. Fig. 4 shows the multi-year average relative change in
PV potential between the present and future time periods on a

Fig. 4. Projection of monthly relative change in PV potential under scenario RCP8.5 compared to the present. Maps show the average relative increase or decrease in potential PV
electricity production. They are composed of the ensemble mean of all CMIP5 models for which we calculated the difference of the monthly multi-year average between the present
(2007e2027) and future (2060e2080) time periods individually. Positive/negative values indicate an increase/decrease of PV electricity output in the future.
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Fig. 5. Changes in multi-year monthly variance in PV electricity generation compared to the present. The maps show the ensemble mean of the CMIP5 models of the relative
difference in multi-year monthly variance between the present (2007e2027) and future (2060e2080) time periods for RCP8.5, i.e., the variance for each month was calculated
separately. The variance is calculated over both time spans with monthly mean data of PV electricity generation.

monthly basis. The largest relative change is observed in northeastern Europe (Russia, Scandinavia, the Baltic states, and
Finland) during winter months (30%). Central Europe also experiences a reduction of PV potential in winter, however only in the
range of 10%, while in the south-eastern Mediterranean we
observe an increase in PV potential. The largest positive changes
can be found in central and south-eastern Europe, during the
summer and especially in the autumn months (þ10%). While the
large negative changes in relative terms in north-eastern Europe
may seem to suggest that the PV potential reduction is larger there,
in absolute numbers the changes are on a similar level as elsewhere
in Europe. However, at high latitudes, where the absolute PV potential is small particularly in winter, this results in a higher relative
change.
Examining the variability in monthly means in Fig. 5, it is
evident that in central Europe the variance between seasons will
decrease in winter and summer and increase in the transitional
months of autumn and spring. Around the British Isles, variance
increases in the summer months. It also increases in some parts of
the Mediterranean in December and January. The strongest
decrease in variance can be found along the northern coast of the
Mediterranean in July and August.
In order to test the robustness of the observed shifts in the mean
of the PV potential, we perform a two-sided t-test with a signiﬁcance level of 0.05, comparing the PV potential of the two time
periods for RCP8.5 with a null hypothesis of equal means. The test
was done separately for each month with the calculated daily mean
of PV potential. Fig. 6 shows the results of this test. The blue and red
areas show the grid points where a majority of CMIP5 models
(fraction of models > 0.5) show a signiﬁcant decrease and increase

in PV potential, respectively. The darker the colour, the larger the
fraction of models that show the same or lower level of signiﬁcance.
We observe both signiﬁcant increases as well as decreases in PV
potential throughout the year. The t-test shows that the negative
changes in winter months, especially in the Scandinavian and Baltic
states as well as Belarus and Russia, are of statistical signiﬁcance.
Signiﬁcant positive changes are observed in the regions north and
east of the eastern Mediterranean basin in winter and in northern
Spain, France and central Europe in summer. Spring and autumn
show a transition period between the states of winter and summer,
with only few and scattered regions of signiﬁcant change. This is
consistent with the results from Ref. [16], which showed that the
probability that changes in radiation are solely due to internal
variability is very low.
3.2. Impact on future energy system
We have shown the impact of climate change on PV electricity
generation potential in Europe. Of course, this impact is of no interest if no PV infrastructure exists to be affected. Fig. 7 shows how
the future European energy system speciﬁed by the European
Commission's reference 2050 energy scenario [15] may be affected
by climate change, both as relative change of country-wide PV
generation and as absolute effect on a country's total electricity
generation. Over the whole of central a southern Europe, we see
increased electricity yields. This is primarily because PV systems in
countries including Spain, France, Italy and Germany are expected
to yield additional electricity. These are also the countries where
most of Europe's future PV capacity is expected to be. Even though
our results show a signiﬁcant reduction in PV electricity generation

142

J. Müller et al. / Energy 171 (2019) 135e148

Fig. 6. Regions with statistically signiﬁcant change in PV power production for RCP8.5. Maps highlight the locations where the majority of the CMIP5 climate models show an
increase or decrease in the potential PV electricity production with a signiﬁcance level below 5% in a two-sided t-test. The values indicate the fraction of models that agree on this
signiﬁcance, while positive or negative values stand for a signiﬁcant increase or decrease, respectively. The signiﬁcance was tested with daily data for each month, comparing the
present (2007e2027) and future (2060e2080) time periods.

Fig. 7. Absolute (a) and relative (b) impact of climate change on the EU PV installation projection. The maps show (a) absolute in GWh and (b) relative impact of climate change
(with RCP8.5) on the PV electricity generation projections for the European Commission's 2050 reference scenario [15]. Countries shaded in black are those where no data on
installed PV capacity are available.

potential in the northern regions of Europe, these regions are not
expected to deploy large PV ﬂeets, so the effect of this reduction on
the European energy system as a whole is small. Instead, Europe as
a whole may gain up to 6.52 TWh/yr of additional electricity

generation from PV, solely through the effects of climate change. By
taking the projections for on average cost of gross electricity generation and average price of electricity in ﬁnal demand sectors for each
country from Ref. [15], this would result in an additional proﬁt of
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581 million per year for PV system operators Europe-wide.
3.3. Sensitivity to time resolution and upsampling methods
The GSEE model takes hourly values of radiation, diffuse fraction, as well as temperature as input (see Sect. 2.1). Data at that
resolution are, however, not always available. For example, model
or observational data may come only as monthly mean values.
Consequently, assumptions have to be made on how to relate the
available data to the hourly data required by GSEE. In the following
we quantify the uncertainty range of the PV potential depending on
the temporal resolution of the input data to GSEE and the targeted
resolution of PV potential. To this end, we started from hourly radiation and temperature data from SARAH and MERRA-2, which we
re-aggregated into daily, monthly, seasonal, and annual data.
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Results from running GSEE on the original hourly data served as our
benchmark, against which we compared the results from simulations with GSEE and the re-aggregated data. The resulting deviations are aggregated over the 163 individual geographical
locations considered (Sect. 2.5) while being divided into northern
and southern European locations at 50 N. Finally, we show that a
sinusoidal diurnal cycle (as described in Sect. 2.1) is clearly superior
to uniformly distributing the radiation over the day. All ﬁgures
show the relative deviation as well as the absolute deviations
normalised by the yearly average in PV production.
Fig. 8 shows the mean deviations and uncertainties introduced
by calculating monthly PV potential with monthly or daily mean
data compared to the output from hourly radiation and temperature data. PV yield from monthly data was calculated by assigning
the monthly mean to the central day of the month, simulating this

Fig. 8. Error bars showing the relative (a) and absolute (b) deviation of monthly PV production data based on the temporal resolution of the input data (rsds, tas in monthly or daily
resolution) and the latitude (northern or southern Europe) compared to the benchmark PV production calculated from hourly data. The absolute deviation is normalised by the
yearly average in PV production. The dot represents the average deviation and the bars enclose one standard deviation in both directions. Blue shows the deviation and uncertainty
for northern locations (above 50 N) and monthly initial data, light-blue for northern locations and daily data, red for southern locations and monthly data and light-red for
southern and daily data, respectively. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the Web version of this article.)
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day with GSEE and considering the result as the average monthly
PV yield. From Fig. 8 we can conclude that using input data in
monthly mean resolution generally underestimates PV yield,
especially in the winter months and northern locations, yet in absolute terms, the deviation in winter and summer are similar.
Additionally the uncertainty of the deviation is larger for calculations based on monthly mean data and locations in the north.
The results when using monthly input data can be strongly
improved with the use of characteristic probability density functions for each month, describing the probability with which a day
with a certain amount of radiation occurs (see example

distributions in Fig. 9). With this additional information, using
monthly data performs very similarly to the use of daily mean data
(thus not included in Fig. 8. However, these probability density
functions depend on local climate conditions and their shape likely
varies substantially from region to region. Even at a given location,
they may change through time due to internal variability or
changes in climatology, possibly caused by climate change. Thus,
the use of daily data is still superior as the internal distribution of
radiation across the days of a month is included by deﬁnition.
Tables 2 and 3 show results of the same type as Fig. 8, if seasonal
or annual PV electricity generation data should be achieved. Annual

Fig. 9. Examples of monthly characteristic probability density functions of daily radiation values based on SARAH data, describing the probability of a day with a certain amount of
radiation (x-axis) to occur (probability density functions for all months shown in supplementary material).

Table 2
Mean relative and absolute deviation and uncertainty for seasonal PV production data based on the temporal resolution of the input data (rsds, tas in seasonal, monthly or daily
resolution) compared to PV production calculated from hourly data. The absolute error is normalised by the yearly average in PV production. Values are noted in percent as
mean ±s (standard deviation). Values are categorised in northern (above 50 N) and southern (below 50 N) locations.
Units: %

North:
Spring
Summer
Autumn
Winter
South:
Spring
Summer
Autumn
Winter

Seasonal input data

Monthly input data

Daily input data

relative

absolute normalised

relative

absolute normalised

relative

absolute normalised

4.38 ± 3.35
6.80 ± 2.93
3.19 ± 8.69
21.47 ± 19.30

6.20 ± 4.94
11.38 ± 5.77
2.66 ± 5.97
5.15 ± 3.24

4.12 ± 2.67
3.69 ± 2.67
10.27 ± 5.79
31.96 ± 11.19

5.80
6.27
6.48
8.06

0.01 ± 1.67
2.91 ± 1.89
2.93 ± 3.16
10.33 ± 11.15

0.10 ± 2.39
4.93 ± 3.57
2.29 ± 2.40
1.95 ± 1.54

0.37 ± 2.13
2.90 ± 0.85
8.74 ± 5.98
3.44 ± 10.65

0.34 ± 2.49
3.91 ± 1.26
7.70 ± 5.33
0.25 ± 6.50

0.49 ± 1.65
0.24 ± 0.74
1.21 ± 4.85
10.76 ± 8.19

0.56 ± 1.88
0.35 ± 1.04
1.32 ± 4.20
5.07 ± 4.14

2.00 ± 0.75
0.57 ± 0.63
6.46 ± 1.54
3.56 ± 3.34

2.32 ± 0.91
0.82 ± 0.90
5.71 ± 1.66
2.33 ± 2.21

±
±
±
±

3.96
4.97
3.25
2.59

Table 3
Mean relative and absolute deviation and uncertainty for annual PV production data based on the temporal resolution of the input data (rsds, tas in annual, seasonal, monthly
or daily resolution) compared to PV production calculated from hourly data. The absolute error is normalised by the yearly average in PV production. Values are noted in
percent as mean±s (standard deviation). Values are categorised in northern (above 50 N) and southern (below 50 N) locations.
Units: %
relative and
absolute normalised

North:
South:

annual

seasonal

monthly

daily

16.29 ± 7.80
10.25 ± 2.99

0.84 ± 9.67
3.35 ± 6.52

7.10 ± 2.56
1.06 ± 2.34

1.19 ± 2.02
2.42 ± 1.02

Table 4
Comparison of results with similar studies. The Table 4 compares the approximate results from Crook et al. [7], Wild et al. [35] and Jerez et al. [24] to the results attained in this
study. Data was inferred from the ﬁgures reported in the respective papers and divided into several regions. The years in the column title show the year or timespan for which
the data is given. The numbers show the percentage change in future average PV power output in those regions relative to the present as reported by these studies.
Regions

Crook et al. 2080 [%]

Wild et al. 2070 [%]

Jerez et al. 2070e2099 [%]

This study 2060e2080 [%]

Spain
France
Germany
Central Europe
South-eastern Europe
North-eastern Europe
Northern Europe

2e6
2e6
4e8
2e8
4e8
0e4
2 - 2

1.6e4.3
1.6e3.2
0.5e3.2
0e3.2
2.7e4.3
0
0e0.5

5 - 5
5 - 0
10 - 0
10e5
5 - 0
10e5
15e10

0.5e3
1e3
0.5e2.5
0.5 - 2
1.5e3
4 - 0
3 - 0
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PV yield was calculated by simulating one day each in GSEE at the
beginning of the 2nd and 4th quarter upsampled with a sinusoidal
diurnal radiation cycle and averaging the result to represent the
annual mean. Since the absolute values are normalised by the
yearly mean in production, they equal the relative deviations in this
case. Seasonal PV yields were calculated in the same manner as
yields from monthly mean data, however with the representative
day selected from the centre of each season instead of each month.
Monthly data is again based on one central representative day.
From Table 3 we conclude that when targeting an annual resolution
of output data from northern locations, at least seasonal input data
should be used. However, monthly input data lead to an additional
reduction in the uncertainty of the results. Targeting seasonal data
(Table 2) is more complex. Depending on the season the deviations
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and uncertainties vary strongly. For example, in winter, seasonal
and monthly input data strongly underestimate the PV yield, with
high uncertainties, while in spring and summer, monthly input
data may sufﬁce for adequate prediction of seasonal PV yield.
In Fig. 10 the deviations and uncertainties introduced by using
two approaches of how the sum of radiation can be distributed
among the hours of the day is shown. In addition to the sinusoidal
distribution of radiation used in this study a simpler method was
evaluated. It distributes the sum of radiation uniformly among the
hours between sunrise and sunset of each day. As expected, the
method to sinusoidally distribute radiation introduces less uncertainty throughout the year when compared to the reference. For the
largest part, this can be explained by trigonometry and the nonlinear response of a PV electricity output to irradiance as

Fig. 10. Error bars showing the relative (a) and absolute (b) deviation of monthly PV production data based on the method of upsampling rsds to hourly values compared to PV
production calculated from initially hourly data. The absolute error is normalised by the yearly average in PV production. The dot represents the average deviation and the bars
enclose one standard deviation in both directions. Blue shows the deviation and uncertainty for northern locations (above 50 N) and uniformly, light blue for northern locations
and sinusoidally, red for southern locations and uniformly and light red for southern and sinusoidally distributed radiation, respectively. For visibility reasons (a) does not show the
whole error bar for January, November, December for North-uniform, however the ﬁgure is also represented as a table in the supplementary material. (For interpretation of the
references to colour in this ﬁgure legend, the reader is referred to the Web version of this article.)
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modelled by GSEE. Since almost all PV panels are tilted, the energy
input into a panel depends on the angle of incidence (i.e., how
much radiation hits the surface of a panel). Because the angle of
incidence changes throughout the day, PV electricity output depends on the hour at which the radiation reaches the panel. The
error is generally larger in winter, which is mainly caused by the
overall lower absolute PV electricity production. Because of its large
impact on accuracy, the simple sinusoidal diurnal cycle model was
considered a mandatory addition to the CMIP5-GSEE setup used.
3.4. Sensitivity to temperature and irradiance
The estimated changes in PV electricity generation in the future
are the product of changes in irradiance and temperature. Fig. 11a
and b shows the resulting PV potential from a run with GSEE where
only one of the two climatological variables (either rsds or tas) was
taken from the future (2060e2080) period, while the other was left
at the state of the present period (2007e2027). This shows how
strongly the two variables contribute to the change in PV potential
between the present and the future. Generally, the majority of
climate change impact on PV potential is caused by changes in
irradiance, while an increase in temperature reduces PV electricity
output with a magnitude of 1e2%. On the one hand, in central
Europe and the south-eastern Mediterranean during late summer
and winter, respectively, the increase of temperature leads to a
dampening of higher generation induced by the increase in radiation. On the other hand, in the northern regions, the reduction in PV
generation induced by the radiation decrease is reinforced by the
simultaneous negative effect of rising temperatures.
As GSEE is characterised by a nearly linear relationship between
ambient temperature and relative efﬁciency, the temperature increase caused by climate change affects PV yield (relatively) homogeneously and proportionally to the temperature change. In
contrast, due to the non-linearity of the relationship between
irradiance and relative efﬁciency, i.e. the disproportionately low
relative PV efﬁciency at low levels of irradiance, a region

characterised by a decrease in irradiance experiences an even
stronger decrease in PV potential.
3.5. Changes in cloud cover and atmospheric composition
The change in irradiance in the future can be further split into
changes caused by a shift in extinction through clouds and changes
in atmospheric composition. Fig. 12a shows the fraction of overall
change in irradiance between the present and future time period
caused by changes in cloud effects (difference between rsds and
rsdscs). It follows that the remaining change in irradiance is due to
changes in the composition of the atmosphere (aerosols, water
vapour, greenhouse gases). Across almost all of Europe, changes in
clouds are responsible for the majority of change in rsds. Especially
around central Europe during the warmer half of the year the
fraction goes up to 80%. These two effects, the changes in cloudiness
and atmospheric composition, together explain almost all of the
change in rsds from present to future. When summed up over all of
Europe, they predict rsds with an average relative error of þ1.92%
and a standard deviation of the error of 2.08%.
4. Discussion and conclusion
We use daily radiation and temperature data from 23 CMIP5
climate models and two emission scenarios (RCP4.5 and 8.5) to
estimate monthly PV potential for a present (2007e2027) and
future (2060e2080) time period in Europe. We present several
options on how monthly or daily climate model data can be processed with an hourly PV electricity generation model and provide
information on data requirements, in terms of resolution, to achieve accurate results for the electric power output of a PV panel
with input data at less than hourly resolution. Comparing the
present and future time periods, for a scenario of strong climate
change (RCP8.5), we show a signiﬁcant increase in PV electricity
generation potential around central Europe in summer and a
decrease in northern regions in winter. The change in PV potential

Fig. 11. Impact of rsds and tas on the monthly change in PV potential: The map shows the ensemble means of the change in monthly PV potential between the present (2007e2027)
and future (2060e2080) time periods (RCP8.5) induced by changes in rsds (a) and tas (b), respectively.
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Fig. 12. Fraction of change in rsds caused by changes in clouds (a) and atmospheric composition (b) from the present (2007e2027) to the future (2060e2080) time period.

ranges from 30% to þ10% and is statistically signiﬁcant based on a
two-sided t-test. Changes in winter, however, are not as severe
since total PV yields in winter in the north are very low. The major
share of PV potential change can be attributed to projected changes
in irradiance, which in turn are caused for the most part by alterations in cloud characteristics. To put these results into perspective,
we analyse how installed PV generation capacities expected by the
European Commission's 2050 baseline scenario could be affected.
We observe a positive impact for most European countries with
only minor negative impacts in northern countries. This is due to
the fact that the regions of increasing PV potential coincide with
regions where the strongest growth in PV capacity is expected. This
net effect over all European regions could translate into additional
proﬁts for PV system operators of 580 million per year through
additional electricity sales. The negative economic impacts of
climate change are of course projected to be orders of magnitude
higher under an RCP8.5 scenario [6].
A comparison with other studies on this subject [7,24,35] shows
mixed agreement (Tab. 4). Wild et al. [35] expect a positive trend in
PV power output in Spain, France and south-eastern Europe on the
order of 0.01e0.08%, which corresponds to a change of 0.5e4.3% in
2070. The pattern and magnitude of positive trend is similar to the
results in this study, which can be expected, as both studies are
based on CMIP5 data with RCP8.5. However, the negative change in
northern and north-eastern Europe is not visible as a signiﬁcant
annual trend in Ref. [35]. This could be because they only evaluated
trends up to 2049, rather than 2080 as in this study, and that the
trend therefore did not yet have time to exit signal noise and enter
signiﬁcance.
Crook et al. [7] calculated the relative change of PV power in
2080 and received a similar pattern for positive change in PV potential, however with overall higher values for Spain, France, Germany central and south-eastern Europe. Crook et al. [7] also
predicts a slight positive (0e4%) development in north-eastern
Europe, contradicting our results (-4 - 0%). However, they only
use a single model (HadGEM1 from CMIP3) with the SRES A1B

emission scenario, which is one of the precursor scenarios of the
RCPs. RCP8.5 and SRES A1B are of similar nature up to 2050, but
then diverge. The emissions in SRES A1B decrease in the second half
of the century, while for RCP8.5 they continue to increase and show
a stronger similarity to SRES A1FI [21,33].
The results from Ref. [24] using the EURO-CORDEX RCMs differ
from the results of this study. Jerez et al. [24] arrive at an almost
uniform decrease of PV potential, except for some southern regions,
where no signiﬁcant change is projected. However, these large
differences can be explained by the ﬁndings of [2]. That study
compares projections for Surface Solar Radiation (SSR) in CMIP5
GCMs and EURO-CORDEX RCMs. The main factor responsible for
the difference between the two appears to be different behaviour of
cloud cover in global and regional climate models. In GCMs cloud
cover shows a decrease throughout the next century, while RCMs
project that it remains stable. RCMs even show a negative change in
SSR in many places. This is explained with an increase of atmospheric absorption, which is also present in GCMs. However, in
GCMs it does not manage to outweigh the effect of decreased cloud
cover.
In our study we do not include future PV technology improvements, i.e. we assume that future PV technology has the same
performance characteristics as today's. However, over the past
decade the efﬁciencies of PV cell types and materials has increased
on average by 0.17% per year (for crystalline silicon cells) [18]. This
trend will likely continue in the future [22], so that energy yields
from PV systems will be higher in 2060e2080 than today.
In light of our study, an increase in efﬁciency translates into
higher absolute gains or losses potentially caused by climate
change, while percentage losses would remain the same. Looking at
regions with negative climate change impact, it is possible that
higher cell efﬁciencies make up for some of the potential losses in
absolute energy yield, when comparing a present with lower efﬁciencies to a future with higher efﬁciencies. In addition, it is also
possible that future PV technologies have different performance
characteristics with respect to their irradiance or temperature
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response curves. Overall, however, we can expect a non-linear
response of PV systems to irradiance to remain. Irrespective of PV
technology, the question of how climatological factors and changes
may impact PV power yield remains when planning concrete investments in this ﬁeld.
Based on our study, we can expect overall potential PV yields in
Europe to increase, although variability between countries is substantial. Countries where strong growth in the PV sector is expected, namely central and southern Europe, coincide with regions
of increased PV yield caused by climate change. Hence investments
in PV infrastructure in these regions will most likely produce more
electricity in the future than today as some degree of climate
change will affect Europe irrespective of mitigation actions taken
now. Further investments in the PV sector in southern and central
Europe should be seen as a no-regrets option, whereas in northern
countries, under strong climate change, future PV installations may
see some reduction in return on investment. However, we should
note that the cost of PV are likely to fall further over the next decades as well [19]. Overall, our results suggest that investment into
PV across Europe remains an attractive and no-regrets option
irrespective of the degree of climate change in this century. If we
consider that two key uncertainties not considered in our analysis,
future PV cost and future PV efﬁciency, both most likely point towards improvements (higher efﬁciencies and lower costs, [19]),
then this point is strengthened even further: in Europe, PV electricity generation is a no-regrets investment irrespective of climate
change.
Appendix A. Supplementary data
Supplementary data to this article can be found online at
https://doi.org/10.1016/j.energy.2018.12.139.
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