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Europe is at the forefront of renewable deployment and this has dramatically
increased the weather sensitivity of the continent's power systems. Despite the
importance of weather to energy systems, and widespread interest from both
academia and industry, the meteorological drivers of European power systems
remain difficult to identify and are poorly understood. The present study presents a new and generally applicable approach, targeted circulation types
(TCTs). In contrast to standard meteorological weather-regime or circulationtyping schemes, TCTs convolve the weather sensitivity of an impacted system
of interest (in this case, the electricity system) with the intrinsic structures of
the atmospheric circulation to identify its meteorological drivers. A new 38 year
reconstruction of daily electricity demand and renewable supply across Europe
is used to identify the winter large-scale circulation patterns of most interest to
the European electricity grid. TCTs provide greater explanatory power for
power system variability and extremes compared with standard meteorological
typing. Two new pairs of atmospheric patterns are highlighted, both of which
have marked and extensive impacts on the European power system. The first
pair resembles the meridional surface pressure dipole of the North Atlantic
Oscillation (NAO), but shifted eastward into Europe and noticeably strengthened, while the second pair is weaker and corresponds to surface pressure
anomalies over Central Southern and Eastern Europe. While these gross qualitative patterns are robust features of the present European power systems, the
detailed circulation structures are strongly affected by the amount and location
of renewables installed.
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1 | INTRODUCTION
A global transition to low-carbon energy sources is
underway in an attempt to meet Paris Agreement targets,
and the rapid decarbonization of electricity systems is
widely seen as a key enabling step (Rogelj et al., 2015).
Europe sits at the forefront of this transition, with the
region being one of the world's biggest energy consumers
and greenhouse gas emitters (Liobikiene and Butkus,
2017), but also having some of the best resources and
most ambitious targets for renewable power penetration
(Resch et al., 2008). A key feature of many renewables
(such as wind, solar and hydro generation), however, is
that they are meteorologically sensitive and increase the
exposure of the entire power system to variations in
weather and climate in a highly non-localized manner
(Bloomfield et al., 2016, 2018; Wohland et al., 2017; Collins et al., 2018; Zeyringer et al., 2018; van der Wiel et al.,
2019b). It is therefore important to identify and understand the large-scale meteorological drivers associated
with structured fluctuations in both demand and renewable generation both to anticipate periods of over- and
under-supply and to plan future deployment.
There have been many attempts to classify European
meteorological variability through sets of synoptic-scale
(about 1,000 km) weather patterns on daily time scales.
Such techniques are often referred to as “circulation
types” or “weather regimes” and began from subjective
catalogues such as Grosswetterlagen (Baur, 1949), though
recently it has become popular to calculate objective circulation types using techniques such as k-means clustering (e.g. Neal et al., 2016). A particular method based on
winter geopotential height anomalies in the midtroposphere and leading to four winter Euro-Atlantic
weather patterns (Michelangeli et al., 1995; Cassou, 2008)
has attracted widespread interest in weather research and
the energy industry. The four patterns are typically
referred to as the positive and negative phases of the
North Atlantic Oscillation (NAO), the Atlantic Ridge and
Scandinavian Blocking, though this naming convention
is somewhat subjective. Each weather pattern can be
associated with a set of surface meteorological impacts
(e.g. anomalous temperature and wind speeds; van der
Wiel et al., 2019a).
Research in the energy–meteorology community has
focused on identifying power system responses to these
existing weather-based classification schemes. The NAO
is the best studied pattern for Europe with demonstrated
connections to electricity demand (Ely et al., 2013;
Thornton et al., 2017; Bloomfield et al., 2018), wind
power (Brayshaw et al., 2011; Zubiate et al., 2016;
Cradden et al., 2017; Bloomfield et al., 2018) and solar
power (Colantuono et al., 2014) across various European
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countries. Physically this is consistent with the NAO's
association with the shifting path of extra-tropical
cyclones travelling across the North Atlantic (Hurrell
et al., 2003): NAO+ (the positive phase of the NAO) generally results in warm, wet and windy conditions over
Northern Europe and leads to reduced demand and
increased wind power generation (Ely et al., 2013;
Cradden et al., 2017; Bloomfield et al., 2018; Ravestein
et al., 2018), while Southern Europe experiences belowaverage wind speeds and, therefore, wind power generation (Jerez et al., 2013; Zubiate et al., 2016). In NAO−
(the negative phase of the NAO), the situation is broadly
reversed. Other studies confirm more generally that socalled blocked conditions (such as Scandinavian Blocking
and Greenland Blocking, or NAO−) are associated with
above-average demand and below-average wind and solar
generation in Central and Northern Europe (Grams
et al., 2017; van der Wiel et al., 2019a). More zonal flow
conditions (such as NAO+) lead to above-average wind
generation in Central–Northern Europe and belowaverage generation in Southern Europe (Grams et al.,
2017). In each case, however, it must be emphasized that
this link is probabilistic rather than deterministic: exceptions from these general patterns can occur in individual
cases.
An expected limitation of traditional weather classifications for studying weather impacts on human and
environmental systems, however, is that weather classifications are typically based on atmospheric circulation
(often geopotential height anomalies in the midtroposphere or mean sea level pressure—MSLP) rather
than
relevant
aspects
of
surface
climate
(e.g. temperatures and wind speeds in particular locations) or their consequent impacts on a system of interest.
Thus, while weather classifications can be used to summarize efficiently the variations in atmospheric circulation, there is no reason to assume that the circulation
types identified must correspond to the atmospheric circulation patterns of the greatest consequence for a particular region or system. Previous studies have shown, for
example, that the weather pattern driving a key power
system property, peak “demand net wind” in Great Britain depend intimately on the characteristics of the power
system itself. In this case, the amount of wind power
capacity installed is particularly important (Bloomfield
et al., 2018). Consider also the winter NAO: while the
NAO is indeed a dominant atmospheric circulation pattern affecting European climate, it has little consequence
for wind power resources over northern France as this
region lies between regions where there are strong associations of the NAO with surface winds (Zubiate et al.,
2016). From these examples, it is clear that the patterns
of atmospheric variability driving the largest impact on
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the power system are not necessarily identical to intrinsic
patterns of atmospheric circulation types; instead, they
are a complicated convolution of the atmosphere's variability with the power system's weather sensitivities.
Extrapolating these essentially local considerations to
a geographically extended European power system containing many different weather sensitivities together, it is
clear that the atmospheric patterns that best explain its
response to weather fluctuations cannot necessarily be
assumed to be merely identical to the atmosphere's own
preferred circulation types. Instead, they will be a convolution of the atmospheric circulation with the pattern of
weather sensitivity of the power system itself.
A new approach to weather typing is presented that
directly identifies the most relevant winter atmospheric
circulation patterns for the European power system. This
is referred to as targeted circulation types (TCTs), thereby
avoiding the word “regime” due to its implications of
well-defined discrete internal states. Whereas traditional
weather patterns are derived from statistical analysis of
purely meteorological fields (e.g. geopotential height or
MSLP), TCTs are instead derived from the power system's
weather response (in this case, meteorological data which
have first been transformed into estimates of national
demand, wind and solar generation across Europe). As
will be discussed, TCTs require choices to be made concerning which aspects of the power system behaviour are
of most relevance but, once defined, provide a natural
framework for estimating the most significant weather
drivers of interest affecting a geographically extended
infrastructure system with complicated meteorological
sensitivities. While the application and insights presented
here are discussed in terms of the European power system, the TCTs methodology is fully general (and no more
complicated than existing weather typing methods) such
that TCTs could be readily defined for any relevant
human or environmental system affected by weather in a
similar way.
The paper is structured as follows. The present paper
first introduces a new data set for studying the European
power system response to winter weather (Sections 2.1–
2.3). These build upon well-established methods and are
used to construct a self-consistent, multi-decadal record
of renewable generation and electricity demand by
country across the European region. Section 2.4 briefly
recaps the widely used weather typing approach of
“Michelangeli–Cassou” patterns (MCPs); and Section 2.5
extends this into the new TCT approach. The results of
the TCT analysis are presented in three parts. Sections 3
and 4 contrast the new TCTs with the traditional MCPs
in terms of their impact on demand; while Section 5 demonstrates how the changing nature of the power system
due to renewable integration affects the atmospheric
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circulation patterns of most interest for quantification
and prediction. A practical application of the TCT
approach in a climate service for energy context is discussed in Section 6; conclusions are presented in
Section 7.

2 | DATA AND M ETHODS
A central feature of TCTs is that they are constructed
from data sets corresponding to the impact of weather on
a system of interest rather than the raw meteorological
data itself, with multi-decadal data sets being required for
robust pattern identification. Unfortunately, for many
aspects of critical infrastructure direct observations of the
system itself are short, sparse and/or inhomogeneous. As
a result, it has become common to produce “reconstructions” of weather-sensitive aspects using meteorological
reanalyses (e.g. in electricity and telecommunications;
Ely et al., 2013; Cannon et al., 2015, Staffell and
Pfenninger, 2016; Troccoli et al., 2018; Brayshaw et al.,
2019). Here, the ERA5 reanalysis (Hersbach, 2018) spanning the period 1980–2018 is used to generate a new and
self-consistent reconstruction of daily European power
system data (national total electricity demand, wind
power generation and solar power generation for each of
28 European countries), as well as for deriving the
associated MCP and TCT circulation types. The following
subsections briefly summarize each aspect of this individually. The corresponding data sets produced are available
from the Reading Research and Data Repository (https://
doi.org/10.17864/1947.227). For brevity, the methods
used in this reconstruction are described concisely in this
section with full details available in Supporting Information File S1.
The power system structure for the national-aggregate
models is based on data from the ENTSOe (2019) transparency platform and the commercially available
windpower.net (2019) database. The bulk of the analysis
presented assumes a power system baseline equivalent to
2017, unless noted, though a series of sensitivity experiments with differing renewables capacities are also
referred to, with full details in Supporting Information
File S1.

2.1 | Electricity demand model
Temperature is well established as the primary weather
driver of electricity demand with very cold or very warm
temperatures driving increases in demand corresponding
to heating and cooling, respectively (Taylor and Buizza,
2003). To quantify this, a multiple linear regression
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model of demand is constructed separately for each country. Each model contains parameters corresponding to
both heating and cooling degree-days, as well as confounding human behavioural factors (day of the week,
long-term socioeconomic trends). Each model is trained
on two years of observed “daily total load” data
(2016–2017) from the ENTSOe transparency platform
and validated on 2018. Note that in some countries the
total load data may include a contribution from embedded renewable generation, which should be noted in the
interpretation of results. This approach is very similar to
that used in previous studies (Bloomfield et al., 2016,
2018) and validates well against observations on daily
timescales with R2 > 0.86 for all countries, and an average root mean square error (RMSE) of 7% of the nationalaggregate demand in all cases. For full details of the
regression co-efficients and corresponding skill scores,
see Supporting Information File S1.
After the model parameters have been estimated, they
are applied retrospectively to the full reanalysis period,
but the parameters representing human behaviours are
neglected to highlight better the weather-driven components (e.g. the day-of-the-week and socioeconomic trends
are neglected). The resulting time series can therefore be
interpreted as the demand that would have been expected
on each weather-day in the period 1980–2018, with no
day-of-the-week effects and the prevailing socioeconomic
conditions of 2017.

2.2 | Wind power model
The wind power is modelled physically using 100 m wind
speeds from ERA5, extending Lledo et al. (2019) and follows on from previous studies (Cannon et al., 2015).
The gross characteristics of near-surface wind have
been well studied in the wind energy community and
authoritative data sets, such as the high-resolution Global
Wind Atlas (2019), and are widely used in practical windresource assessment. Though not a focus of the present
work, ERA5's near-surface wind speeds over land areas
tend to be somewhat lower than many other estimates,
leading to potentially profound differences in wind power
estimates due to the highly nonlinear nature of the windpower curve (see Supporting Information File S1). An
additive bias correction is therefore applied to each individual ERA5 grid point to adjust the long-term mean
wind speed to match the corresponding value from the
Global Wind Atlas.
The bias-corrected ERA5 100 m wind speeds are then
used to estimate the wind power capacity factor at each
grid point using one of three different power curves. The
three curves correspond to typical turbines in each
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standardized wind power classification ranges (low,
medium and high wind-speed regions; IEC, 2005) and
the selection is made based on the long-term mean wind
speed at each grid box. Finally, national aggregate wind
power generation is calculated by weighting each grid
box by the amount of wind power installed there. The
resulting daily generation estimates capture the weatherdriven variability of the wind power generation well
(average R2 = 0.92, average RMSE = 10%). For full details
of skill scores, see Supporting Information File S1.

2.3 | Solar photovoltaic (PV) model
The solar PV model follows the empirical formulation of
Evans and Florschuetz (1977), but with substantial adaptation to newer solar PV technologies operating at the
country scale. The meteorological inputs are grid point
temperature and incoming surface solar irradiance, from
which national solar power generation is calculated
assuming that each country's solar PV capacity is uniformly distributed over its land area (unlike wind power,
good information on the within-country distribution of
solar capacity is not available). At the daily level, all
countries have an R2 of approximately 0.93 and RMSE of
3%, confirming that the model captures the overall
behaviour of the national solar power generation well.
For full details of the skill scores, see Supporting Information File S1.
The solar PV model is presented here for completeness in recognition of the growing volume of solar PV
capacity across Europe. Corresponding analysis including
solar PV is presented in Supporting Information File S1.
However, at 2017 installed capacity levels, solar PV is
found to have only modest qualitative impacts on the
analysis. For simplicity, the remainder of the text therefore focuses on the impact of demand and wind power
alone unless explicitly noted.

2.4 | Classification of “Michelangeli–
Cassou” patterns (MCPs)
MCPs have been computed following the method of
Cassou (2008). In this method each day's gridded meteorological data from November to March for the period
1980–2018 is assigned to one of the four North Atlantic
weather regimes (see Section 3 for the regime patterns).
The meteorological field used for the assignment is areaweighted, daily-mean, 500 hPa geopotential height (Z500)
anomalies from ERA5 over the domain 90  W–30  E,
20  N–80  N. Rather than performing the k-means clustering on the Z500 anomalies, the clustering is performed
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in empirical-orthogonal function (EOF) phase space to
speed up the computation significantly (Wilks, 2011, has
a mathematical description of the EOF analysis). The first
14 EOFs are retained, corresponding to 89% of the total
variance. The principal component time series associated
with the 14 EOFs is then used as the co-ordinates of a
reduced phase space on which the k-mean clustering
algorithm is performed to obtain four centroids, and it
assigns each day to one of the four centroids (the method
of Michelangeli et al., 1995, is used to determine the optimal number of clusters). The k-means clustering algorithm separates the data into a predefined number of
groups in such a way that each observation belongs to the
nearest cluster (in this case, the sum of the squared
Euclidean distances from the centroid) with the within
cluster variances being minimized (Wilks, 2011, has further details). Following convention, the four weather
regimes are referred to as the positive and negative
phases of the NAO, the Atlantic Ridge and Scandinavian
Blocking, and are consistent with the patterns found in
other studies (Cassou, 2008; van der Wiel et al., 2019a).

2.5 | Classification of TCTs
TCTs are constructed analogously to the MCPs using the
k-means clustering algorithm. However, in this case, the
inputs are daily time series of national power system
indicators (e.g. national demand or residual load) for
each of 28 European countries. The same time period is
used for analysis as for the MCPs, November–March
from 1980 to 2018. Performing k-means clustering on
these 28 time series is significantly less computationally
demanding than for the gridded Z500 anomalies in the
MCP methodology. However, in order to match the MCP
methodology closely, the first 14 EOFs of the 28 time
series are taken and the clustering is performed in this
reduced phase space (though tests confirm that for this
application the patterns produced are insensitive to omitting this data reduction step; data not shown). The MCP
centroid clusters (presented in Section 3) correspond to
gridded maps of Z500 anomalies. Whereas, for the TCT
method, the cluster centroids correspond to a map of the
28 country-aggregate time series anomalies (see Section 4
for examples). Four clusters are typically found to be a
good representation of the resulting data sets (again, following the method of Michelangeli et al., 1995, to determine the optimal number of clusters) and, therefore,
four clusters are used for consistency and convenience
throughout.
An important consideration in TCTs is that they are
sensitive to the nature of the weather sensitivity of the
human or environmental system being considered. The
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input variable to the TCT analysis has important implications for how the resulting patterns should be interpreted. At the simplest level, the choice of power system
variable is of paramount importance in determining the
patterns that will be produced. In Section 4, the focus will
be on using TCTs to understand weather variations in
national demand. The role of renewables in changing the
weather sensitivity of the power system is then investigated in Section 5 by comparing the demand-only TCTs
with residual-load TCTs, where “residual load” corresponds to the remaining demand once the contribution
from renewables has been deducted and can be interpreted as the amount of generation required from traditional generators. Two sets of residual-load TCTs are
considered: one with the present-day level of wind capacity and another with three times the present installed
wind capacity. For corresponding analysis including solar
PV, see Supporting Information File S1.
A more subtle issue in TCT design, however, is associated with the marked differences in the size of individual
national power systems. Consider, for example, a set of
TCTs based on raw national demand across Europe
(Figure 1a–d). The patterns are dominated by a small
number of countries, typically those with the greatest
demand (France, Germany and the United Kingdom
(UK)). For some applications, this may be the most relevant way to define a set of Europe-wide TCTs as the associated weather patterns are associated with the largest
absolute demand fluctuations. Alternative definitions are,
however, possible and it is reasonable to expect that a, say,
1 GW, demand change in a country with a large power
system (e.g. France or UK) is less remarkable (and, therefore, easier to manage) than a similar size anomaly for a
much smaller power system such as Slovakia or Hungary.
In the present study, the focus is on power system
balancing across the European power system region recognizing that different actors have responsibility for different subdomains within the overall region. A scaleagnostic approach to weather impacts on national power
systems is therefore taken. Each power system variable
(i.e. demand or residual load) is normalized before the
calculation of the TCTs as follows. A locally estimated
scatterplot smoothing (LOESS) filter (with a one month
window) is first applied to each national energy variable's
annual climatology to calculate a smoothed annual climatology. This is then removed to calculate the timevarying anomaly for each year. Each country's anomaly
time series is then divided by its own standard deviation
(SD) climatology (separately for each day of the year). A
value of +1 in the resulting time series therefore indicates
a +1 SD departure above the norm for that day of the
year for that country, such that the normalized values
can be interpreted as corresponding to the magnitude of
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TCT A

(b)

TCT B

(c)

TCT C

(d)

TCT D

Normalized demand

Raw demand

(a)

(e)

(f)

(g)

(h)

FIGURE 1

Targeted circulation type (TCT) patterns based on daily national aggregate demand across Europe (November–March):
(a–d) TCTs constructed using raw demand data from each country; (e–h) TCTs constructed using demand data that have first been
normalized by the size of each country's power system. The colour scale is defined in normalized demand units (i.e. +1 indicates a +1
standard deviation departure above the climatological norm for a given country)

the relative local impact on each power system. As shown
in Figure 1e–h, the resulting TCTs are similar but not
identical to the TCTs calculated on raw national demand
data (particularly patterns 1 and 2), but with a much
more diverse spread of countries are involved.

3 | IMPACT OF S TAN D ARD
WEATHER TYPES ON EUROPEAN
POWER SYSTEMS
In the subsequent sections, the power system impacts of
the well-known MCPs are contrasted with the new TCT
equivalents. First, a brief review is presented concerning
the impact of the standard MCP weather types on the
European surface climate (temperature, wind speed) and
key power system metrics (demand, residual load), as
summarized in Figure 2.
The first column of Figure 2 corresponds to the socalled NAO− pattern, as well as to a strong meridional
pressure anomaly dipole in the North Atlantic
(Figure 2i), consistent with a weakening of the westerly
flow (Figure 2q) and colder temperatures (Figure 2m) in
parts of Northwestern Europe. The region of lower than
normal winter temperatures is consistent with stronger
than normal demand (between +0.5 and +1 SD in Northern Europe and Great Britain; Figure 2a). The area of
anomalously cold temperatures is, however, confined to
the northern edges of the domain, and the demand over
most of Europe is near normal (e.g. France, Germany,

Spain, Poland and Italy). A similar pattern is observed for
residual load (Figure 2e), because, in general, the wind
speed anomalies complement the temperature anomalies
(both acting to increase residual load through increased
demand or decreased wind power). Interestingly, Ireland,
Denmark and Latvia, where one would expect the impact
of NAO− on demand (temperature; Figure 2m) and wind
power (wind speed; Figure 2q) to exacerbate each other,
appear as positive demand anomalies, but not as positive
residual load anomalies. This is consistent with the “signal” of the NAO− on the demand and residual load being
relatively modest compared with the range of meteorological conditions present for days clustered within the
NAO− type.
In contrast to the NAO−, for the NAO+ pattern
(Figure 2, second column), the gross sense of the meridional MSLP dipole over the North Atlantic is reversed
(Figure 2j), and the centres of action shifted eastward
towards Europe. Broadly speaking, the NAO+ pattern is
characterized by the opposite response to the NAO− in
temperature and wind speed over Europe, with warmer
and windier conditions in the north and slightly less
windy in the south (Figure 2n, r). The temperature
response is most extensive over the European land mass
(including large parts of France, Germany, Austria, Slovakia and so on). As a result, the NAO+ is associated
with weaker demand across a wider area of Central
Europe (from France to Poland). Interestingly, the UK,
Ireland and Scandinavian countries where the temperature anomalies are strongest shown near-normal demand
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2

Surface response to each of the four standard “Michelangeli–Cassou” patterns (MCPs) for weather regimes (columns),
expressed as anomalies with respect to climatology (November–March). Row 1 shows normalized demand; row 2 shows normalized residual
load (demand minus wind power). The colour bar units for rows 1 and 2 correspond to SD of each country's anomaly time series (see
Figure 1 and the discussion in Section 2.5). Rows 3 to 5 show mean sea level pressure (MSLP) (hPa), 2 m temperature (K) and 10 m wind
speed (ms−1), respectively

FIGURE 2

(compare Figure 2b with n). The overall pattern of
demand anomalies is typically exacerbated by the inclusion of wind power (Figure 2f).
The Scandinavian Blocking and Atlantic Ridge circulation types are shown in the third and fourth columns of
Figure 2, respectively. The former is characterized by a

high-pressure centre near Denmark (Figure 2k, typically
associated with strengthening the climatological westerly
winds to the north and weakening to the south; data not
shown), and the latter by a zonal pressure anomaly
dipole (Figure 2l) associated with anomalously northerly
winds around the North Sea region. The imprint of both
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patterns can be seen in both surface temperature and
wind speed, though the corresponding anomalies over
land are rather weak (Figure 2o, p, s and t). As such, neither pattern produces significant large-scale responses in
either demand or residual load (Figure 2c, d, g and h).
This is, perhaps, somewhat surprizing given the welldocumented role of, for example, Scandinavian blocking
in extreme weather (and associated power demand) over
the UK and Western Europe (e.g. Brayshaw et al., 2012;
Thornton et al., 2017, 2019) and highlights the danger of
compositing of many similar but subtly different individual circulations into a single weather type in terms of
understanding their impact (e.g. individual meteorological events assigned to a particular weather type may look
very different to each other and the canonical “average”

Blocked (BL)

weather pattern for the type; see also van der Wiel et al.,
2019a).
Several conclusions can be drawn from this brief
review of MCPs applied to the European power system.
In general, the strongest surface climate impacts associated with the MCPs are not co-located with the most sensitive regions of the European power system. For
example, the NAO patterns produce the strongest wind
speed anomalies in the mid-Atlantic, rather than over
sites where wind farms are located. Moreover, while evidence from previous studies indicates a key role for these
general types of weather phenomena (NAO, blocking) in
driving the European power system, it seems that the
MCP clusters fail to provide an adequate representation
of this. In consequence, the magnitude of the composite
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F I G U R E 3 Surface response to each of the four targeted circulation types (TCTs) (columns) constructed using normalized demand,
expressed as anomalies with respect to climatology (November–March). Row 1 shows normalized demand (units correspond to SD of each
country's anomaly time series; see Figure 1 and the discussion in Section 2.5). Rows 2–5 show mean sea level pressure (MSLP) (hPa), 2 m
temperature (K) and 10 m wind speed (ms−1), respectively
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TABLE 1

9

Days allocated to each pattern-type combination from November to March 1980–2018

Circulation type

TCT-D blocked (19%)

TCT-D zonal (32%)

TCT-D EuHi (21%)

TCT-D EuTr (28%)

Total

MCP NAO− (19%)

346

241

384

125

1,096

MCP NAO+ (32%)

76

1,062

203

458

1,799

MCP ScBL (28%)

401

315

225

644

1,585

MCP AR (21%)

261

231

355

373

1,220

Total

1,084

1,849

1,167

1,600

5,700

Notes: Rows indicate the standard “Michelangeli–Cassou” patterns (MCPs); columns indicate targeted circulation types (TCTs) calculated using normalized
demand.
AR: Atlantic Ridge; EuHi: European High; EuTr: European Trough; NAO: North Atlantic Oscillation; ScBL: Scandinavian blocking.

demand and residual load responses to the standard MCP
approach to weather typing is weak (in no case the
anomalies exceed 1 SD), suggesting that their explanatory
power for understanding and predicting weather impacts
on European power is rather limited.

• The Atlantic Ridge MCP appears to have no direct TCT
equivalent and Atlantic Ridge days are split almost
evenly over the TCTs (table 1, penultimate row).

4 | T C T s A N D EU R O P E A N PO W E R
DEMAND

4.1 | Blocked

Figure 3 shows the TCTs based on the November–March
normalized demand anomalies and Table 1 indicates how
the days classified into TCT patterns compare with traditional MCP analysis. For convenience and in analogy
with the MCP names, the four TCT patterns produced are
referred to as Blocked (BL), Zonal (ZL), European High
(EuHi), and European Trough (EuTr), respectively.
An initial comparison of the TCT circulation patterns
(i.e. MSLP anomalies) with the MCP circulation patterns
(compare Figure 3e–h with Figure 2i–l) suggests many elements of qualitative similarity. For example, a meridional
pressure dipole is prominent in the first two columns of
either method (i.e. NAO−/NAO+ or ZL/BL) and there is a
relatively strong leading diagonal (top left to bottom right)
in Table 1. This similarity is expected given that the TCT
method depends on the atmospheric circulation insofar as
the same underlying meteorological data used in MCP
analysis are also used to estimate the power system variable (demand) and the associated TCT clustering. It is,
however, clear that the transformation of raw weather into
its power system impact modifies the pattern set substantially, both qualitatively and quantitatively. In particular:
• The TCT patterns are more pair-wise symmetric than
the MCPs (i.e. BL is broadly the opposite of ZL, also
for EuHi versus EuTr; Figure 3).
• The TCT patterns appear to blend elements of the
MCPs (e.g. the BL TCT appears to be a mixture of the
MCPs for NAO− and Scandinavian Blocking, compare
Figure 3e with Figure 2i, k; and also see the “Zonal”
column of Table1).

The TCT patterns are each briefly discussed below.

The MSLP composite for the BL TCT (Figure 3e) has similarities to both the NAO−, Scandinavian Blocking and
Atlantic ridge MCPs, though none is a direct equivalent
(compare Figure 3 with Figure 2 (row 3); and see table 1).
In the BL TCT, stronger positive normalized demand
anomalies are seen over Central Europe than those associated with any individual MCP. This is consistent with a
stronger negative temperature anomaly over a much
larger region of continental Europe than any MCP.

4.2 | Zonal
Figure 3 (column 2) shows the ZL TCT has a close resemblance to the NAO+ MCP (see also column 2 of table 1)
and results in negative normalized demand anomalies
over Central Europe. Though the TCT pattern closely
resembles the MCP NAO+, however, the demand anomalies in the TCT pattern cover a larger area of Europe
than those seen in the NAO+ MCP (Figure 2b). This is
consistent with the TCT having a stronger temperature
signature than the closest corresponding MCP.

4.3 | European high
The pattern associated with the EuHi TCT (Figure 3g)
resembles the inverse of the EuTr TCT (Figure 3h) when
the MSLP and temperature composites are compared,
with inverse impacts seen on demand. The MSLP anomalies associated with the TCT pattern resembles a blend of
two MCPs (NAO+ and Scandinavian Blocking; cf.
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Figure 3g with Figure 2j, k; also see Michelangeli–Cassou
1, column 4) despite the European impact of these two
MCPs usually being considered as rather distinct.

4.4 | European trough
The EuTr TCT, like the BL TCT, also has some similarities to the NAO− MCP as they both relate to a change in
the meridional pressure gradient over Europe, though
the centres of action are very different (cf. Figure 3h with
Figure 2). A dipole structure of normalized demand and
temperature anomalies is seen in EuTr with centres over
Northwestern Europe and the Eastern Mediterranean.
The temperature composite associated with EuTr is similar to the NAO−, though the increase in temperatures in

Blocked (BL)

Zonal (ZL)

Southeastern Europe is stronger (and the decrease in
temperatures in Northwestern Europe weaker) than the
NAO− MCP.
This analysis demonstrates that although the standard
MCPs are associated with impacts on European power
demand, they are far from the best method for identifying
the atmospheric circulation patterns to which demand is
sensitive. In contrast, the new TCT approach constructs a
set of patterns with a significantly stronger connection to
the property of interest, and, therefore, more explanatory
power. In this case, the TCTs can be viewed as two distinct
MSLP pattern structures each with a positive and negative
phase and are associated with markedly different surface
temperature impacts specifically targeted over the
European landmass (rather than surrounding oceans as
seen in MCP). Interestingly, one of the MCPs (the so-

European high (EuHi)

European Trough (EuTr)
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As for Figure 3, but for the targeted circulation types (TCTs) constructed using normalized residual load (demand minus
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called Atlantic Ridge) does not feature at all in the
corresponding set of TCT patterns, indicating that it has
minimal relevance for European demand variability.
A key issue with TCTs, however, is that they are
expected to change as the power system evolves over time
(i.e. as the power system's weather sensitivity changes
due to the introduction of renewables). It is interesting to
note that the composites for all four TCT patterns presented in this section (Figure 3) have only modest 10 m
wind speed anomalies (Figure 3m–p). This is perhaps to
be expected as this set of TCT patterns is derived from
the normalized national demand data, which, in the present study, depend only on temperature (see Section 2.1
and Supporting Information File S1). The influence of
including wind power on the nature of the TCT patterns
is therefore discussed in the next section.

5 | I M PA C T O F R E N E W A B LE S
TCTs, by design, reflect the weather sensitivity of the system or property that is being impacted upon by the atmospheric circulation. Thus, as renewable power
technologies are integrated into the power system, the
TCTs (and, by extension, the weather patterns of most
interest) also change. Figure 4 shows the set of TCTs calculated using normalized national residual load based on
the present-day distribution of wind power capacity
(as discussed above, for simplicity only demand minus
wind power is considered rather than including solar PV;
results including solar PV are presented in Supporting
Information File S1). Contrasting this set of TCTs with
the previous TCTs derived from demand data alone
(Figure 3) shows how the present-day level of wind
power capacity has affected the overall large-scale meteorological sensitivity of the European power system.
There are clear similarities between the circulation patterns associated with residual-load and demand-only TCTs
(cf. Figure 4e–h with Figure 3e–h), and days tend to
appear in the same pattern cluster (see the strong leading
diagonal from top-left to bottom-right in 2). The naming
convention used for the demand-only TCTs (BL, ZL, EuHi,
TABLE 2

EuTr) is therefore retained. There are, however, important
differences in the patterns produced: nearly 40% of days
are reclassified between the demand- and residual-load
TCT sets and the corresponding MSLP patterns are subtly
modified (Figure 5) consistent with significant changes in
the surface temperature and, in particular, the surface
wind (compare Figure 4i–p with Figure 3i–p). The changes
in each of the TCT patterns are discussed below.

5.1 | Blocked
The MSLP composite is similar in structure to the equivalent demand-only TCT pattern (compare Figure 4e with
Figure 3e; the difference is shown in Figure 5a), with
approximately 85% of days in the demand-only BL TCT
cluster remaining in the corresponding residual-load
TCT cluster. The residual-load TCT is, however, stronger
in magnitude with an eastward-shifted centre of action
extending the pattern more strongly into Europe, consistent with several demand-only TCT EuHi and EuTr days
reassigned into the new BL TCT (see Table 2). These differences are consistent with the climatological midlatitude westerly winds from the Atlantic being further
weakened compared with the demand-only BL TCT and,
in consequence, greatly weakened surface winds in a
zonal band over Ireland, Great Britain and the North Sea,
extending into Denmark, northern France and Germany
(compare Figure 4m with Figure 3m)—all of which feature substantial installations of wind power capacity. The
temperature anomaly associated with the residual-load
BL TCT is, by contrast, weaker than the corresponding
demand-only TCT (compare Figure 4i and Figure 3i),
consistent with temperature playing a less dominant role
in determining the structure of residual-load TCTs.

5.2 | Zonal
As with the BL TCT, the ZL TCT shares many similarities
between the residual-load and demand-only TCTs (cf.
Figure 4f with Figure 3f; the difference is shown in

Days allocated to each pattern-type combination

TCT pattern

Demand BL (19%)

Demand ZL (32%)

Demand EuHi (21%)

Demand EuTr (28%)

Total

RL BL (27%)

941

10

225

390

1,566

RL ZL (22%)

0

1,057

77

143

1,277

RL EuHi (25%)

54

457

736

159

1,406

RL EuTr (26%)

89

325

129

908

1,451

Total

1,084

1,849

1,600

1,167

5,700

Notes: Rows indicate the targeted circulation types (TCTs) using normalized residual load; columns indicate TCTs calculated using normalized demand.
BL: Blocked; ZL: Zonal; EuHi: European High; EuTr: European Trough; RL: residual load.
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F I G U R E 5 Difference in the surface climate response between the targeted circulation types (TCTs) defined on normalized residual
load compared with demand (columns). Rows 1–3 show mean sea level pressure (MSLP) (hPa), 2 m temperature (K) and 10 m wind speed
(ms−1), respectively. Note that the colour scale has changed from previous figures

Figure 5b), though the pattern is again strengthened and
shifted eastward in the residual-load case. Consistent
with this, the surface temperature anomaly associated
with the residual-load TCT is weakened and the wind
speed anomaly strengthened (cf. Figure 4j and Figure 4n
against the corresponding panels in Figure 3).

5.3 | European High and European
Trough
For brevity, it is noted that the differences in patterns
EuHi and EuTr between the residual-load and demandonly TCTs are consistent with those noted for the BL and
ZL TCTs above (compare Figure 4, columns 3 and 4, with
Figure 3, columns 3 and 4). As before, the pressure patterns are modified by the change of TCT analysis variable
(though the nature of this modification is more subtle
than for the BL and ZL TCTs), leading to a strengthening
of the surface wind speed anomalies at the expense of
temperature.
Two further TCT analyses are performed using
residual-load corresponding to (1) demand minus the
sum of wind and solar; and (2) demand minus wind

power, but with treble the present-day installed wind
capacities. The inclusion of these additional power system ingredients into the TCT variable is found to have a
modest impact on the resulting pattern classification (see
Supporting Information File S1). This lack of sensitivity
is attributed to the relatively modest change each
increase in installed capacity makes to the overall sensitivity of the residual load to weather drivers. This is illustrated below for the case of wind.
Figure 6a–c shows the extent to which daily-total
residual load is correlated to surface temperature and
wind speed as a function of the wind capacity installed in
a selection of countries (Germany, France and Spain; the
installed capacity is scaled assuming a constant geographical distribution of wind farms within each country). Each country's demand has a different sensitivity to
2 m temperature (this can be seen by the varying magnitudes of the regression coefficients in Table S1 in
Supporting Information File S1). This differing temperature sensitivity represents the contrasting construction of
energy systems across Europe, with countries including a
larger proportion of domestic heating (e.g. France) having the largest sensitivities to temperature. In such countries the temperature sensitivity is still prevalent even
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F I G U R E 6 Correlation of the November–March normalized daily residual load with daily 2 m temperature (solid) and daily 10 m wind
speed (dashed) across a range of installed wind capacities, showing (a) Germany, (b) France and (c) Spain. In each case, the 2017 installed
wind power capacity is indicated by a vertical dotted line. (d) The SD of daily wind power compared with the SD of demand when each
country's wind power capacity is rescaled to the critical point such that the daily residual load is equally dependent on 10 m wind and 2 m
temperature (i.e. Wcritσ cf versus σ demand; see the main text for a discussion). Each point represents a country; the 1:1 line is shown. (e) The
critical point for wind power capacity by country (bars) and the current installed capacity for each country (turbine symbols; as recorded by
thewindpower.net database in 2017)
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with substantial amounts of installed wind power generation (Figure 6b). Note that in some countries the total
load data may include a contribution from embedded
renewable generation, which should be noted in the
interpretation of results.
In each country shown in Figure 6, there is a transition point for installed wind power capacity which, once
exceeded, the residual load correlate more strongly with
wind rather than temperature (where the two curves
intersect, hereafter referred to as Wcrit). Wcrit is different
for different countries (< 5–10 GW for Germany and
Spain, but closer to 45–50 GW for France; Figure 6a–c;
see also the bars in Figure 6e), but can be intuitively estimated through a simpler heuristic. As shown in
Figure 6d, for almost all countries the transition Wcrit
occurs approximately the point at which day-to-day variations in wind power are comparable in magnitude with
day-to-day variations in demand, that is:
W crit ≈

σ demand
,
σ cf

ð1Þ

where σ demand and σ cf denote the SD of daily demand and
daily wind power capacity factor, respectively.
For installed capacity W ≲ Wcrit the weather sensitivity of the residual load (and, by extension, the overall
power system) changes rather rapidly with installed wind
power capacity (increasing sensitivity to wind, reducing
the sensitivity temperature). However, for W  Wcrit the
weather sensitivity is relatively uniform consistent. As
shown in Figure 6e, eight (of 28) countries studied are
already in this W  Wcrit regime (particularly those with
the highest installed wind power capacities), with a further six near the transition point (W ≈ Wcrit). This is
therefore consistent with the marginal impact of trebling
the existing wind power capacity distribution having
minimal effect on the weather drivers of residual load
and, hence, the gross characteristics of the TCTs produced (as those countries where most of this additional
capacity is installed are already well above Wcrit).
TCT patterns are by construction sensitive to the
choice of variable used and the inclusion of renewables
has already changed the nature of the day-to-day weather
sensitivity of the European power system: from a predominantly temperature-sensitive behaviour (demand
only TCTs) to a mixed temperature-and-wind-sensitive
system (residual load TCTs). It is, however, likely that
further installations of wind power will not dramatically
change these gross weather sensitivities unless they are
sited in a way which is fundamentally different to the
present wind power capacity distribution (as might be
the case if, for example, strategies to minimize day-to-day
variations in renewable supply are taken up; Santos-

Alamillos et al., 2017). From a meteorological perspective, the changes introduced by wind integration are
subtle, principally associated with changes in the magnitude and position of the meridional pressure dipole (and,
hence, surface westerlies associated with the mid-latitude
eddy-driven jet), but there is a significant reassignment of
days between TCT clusters. This emphasizes the importance of the careful selection of the variable on which
TCTs are based, with profound consequences for the
strength of the impact on the target system.

6 | A P P L I C A TI O N TO C L I M A T E
SERVICES FOR ENERGY
Weather typing is a technology that has been applied in
many different situations, from power system design
(Grams et al., 2017; van der Wiel et al., 2019a) to forecasting (Ferranti et al., 2015; Neal et al., 2016). A typical
framework for these applications is determining the
probability of an event of interest occurring (e.g. above
normal demand) given information describing the prevailing weather type. TCTs offer a new approach to weather
typing, so assuming that TCT occurrence can be accurately estimated (e.g. from an numerical weather prediction or climate model projection), it is valuable to discuss
briefly how such information might be useful from the
perspective of a user-based application rather than
merely an academic tool for process understanding.
Figure 7 provides a user-based perspective of TCTs:
the probability of finding demand in the upper climatological tercile given a prevailing weather type. As can
clearly be seen, the standard MCPs provide only modest
shifts in the probability of above-normal demand: typically 10–20% chance in NAO+ (Figure 7b) and 50–70%
chance in NAO− (Figure 7a) against a climatological
expectation of 33% (the other MCPs have even less
effect). Moreover, the geographical impact of the strongest MCP signals is very limited (e.g. restricted to Norway, Sweden, Finland and Denmark in NAO−, though a
wider region experiences a weaker signal). By contrast,
each of the TCTs has a strong and geographically extensive impact over most of Europe, particularly for the BL
and ZL TCTs. For example, the BL TCT has > 80–90%
chance of producing demand in the upper tercile over
most of Central Europe (Figure 7e), while for the ZL
TCT, the corresponding probability is < 10% (Figure 7f).
Even the weaker TCT patterns (i.e. EuHi and EuTr) have
significant explanatory power over Southeastern Europe
(e.g. Greece, Bulgaria, Romania) (Figure 7g).
Figure 8 takes this further to consider the tails of the
distribution: the probability of finding demand in the
upper 10% of the climatological distribution (the so-called
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P90 value). As before, explanatory power using the standard MCPs is available but limited: high demand levels
are three times less likely than the climatological expectation in NAO+ (P < 3% over much of Europe) and about
three times more likely in some regions during NAO−
(P > 25% for Great Britain, Ireland, Denmark, Norway
and Sweden). By contrast, the TCTs have a strong link to
demand anomalies across almost all of Europe (P > 30%
in the Blocked TCT for a zonal band from France to
Romania, P < 3% for almost the whole of Europe for the
Zonal TCT, and more complex but equally strong
responses for the EuHi and EuTr TCTs).
A selection of other probability levels and variables
(residual load) are presented in Supporting Information File S1.
In summary, the TCTs provide a much stronger and
more convincing link between the synoptic or large-scale
atmospheric circulation and its impacts relevant to power
system stakeholders, with potentially significant benefits
for improving predictions and simulations of power system
impacts. The ability correctly to simulate and project onto
TCTs in numerical weather predictions and climate model
projections will be addressed in subsequent papers.

7 | C ON C L U S I ON S
Power systems across the world are going through a period
of extreme and rapid change as they shift from carbonintensive to low-carbon technologies. Renewable energy,
particularly wind and solar, have already become a key
part of the generation in many areas of Europe, and
improved understanding of the underlying large-scale
meteorological variability that cause fluctuations both
demand and renewable supply is therefore essential. Previous studies of the meteorological impact on the power system have typically begun from a perspective of weather
typing: defining circulation patterns based purely on meteorological properties such as geopotential height. While
such schemes are powerful tools, they neglect important
considerations concerning the weather sensitivity of the
power system itself. A new approach referred to as
targeted circulation typing (TCT) is therefore presented
and compared with a widely used weather-typing
approach. In the present study, the TCT method is applied
to normalized indices of nationally aggregated demand
and residual load (demand net renewables) derived from
the ERA5 reanalysis and spanning 28 European countries.
It is, however, emphasized that the technique itself is readily applicable to other geographically extended systems
with complicated meteorological sensitivities. This work
could also easily be extended to identify TCTs for the summer. Once a set of TCTs has been identified using
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observed impact data, they could be used with climate
model simulations in order to understand potential future
changes in the frequency of occurrence and resulting
impacts of the patterns.
The circulation patterns revealed by the TCT analysis
convolve the structures of day-to-day meteorological variability with the sensitivity of the European power system
to weather. As such, they share important similarities
with the standard weather patterns, but also significant
differences in the location, magnitude and type of circulation structures revealed. This indicates that, although
standard weather patterns are associated with impacts on
the European power system, they are far from the optimal method for detecting or representing meteorological
impacts on the power system. Weather patterns in general (and “Michelangeli–Cassou” patterns (MCPs) in particular) often have limited surface impacts in the region
of interest. For example, in the North Atlantic Oscillation
(NAO) MCPs, the impact on the European power system
is limited as the strongest wind anomalies typically occur
over the North Atlantic, while temperature anomalies are
restricted to the far north. This situation is even more
marked in the Atlantic Ridge MCP, which appears to
have almost no impact on European power.
In contrast to the standard weather types, the TCTs
reveal two pairs of circulation patterns that are highly relevant to a pan-European power system. The first pair
resembles the meridional dipole of the NAO, but in a symmetric sense (positive and negative phases, compared with
the asymmetric NAO+ and NAO− patterns in the MCP
method), and are referred to as “Zonal” and “Blocked”.
Compared with the standard NAO MCPs, the pressure
dipole is shifted eastward into Europe and strengthened
(particularly when the role of wind generation is
included): both are consistent with a more extensive surface temperature and surface wind signature, covering
most of Central Europe (and, in particular, the heavily
developed wind-generating regions over Ireland, Great
Britain, the North Sea and northern Germany). Although
not discussed in detail, this corresponds to a strengthening
or weakening of the climatological wintertime westerly
wind (advecting relatively mild maritime air into the continent), such that a weakening of the westerly wind leads
to anomalously high residual load experienced over most
of Europe simultaneously. The second pair of TCTs,
referred to as “European High” and “European Trough”,
are weaker in their influence, but are again symmetric
with anomalously high (or low) MSLP over Central Southern/Eastern Europe, corresponding to a northeast–
southwest residual load dipole over Europe.
TCTs are by design sensitive to the variable used in
their construction (here, normalized national demand or
residual load), and an egalitarian view has been applied
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(power system anomalies are inversely weighted by the
scale of the power system in which they occur). Through
their use, however, it is demonstrated that the inclusion
of renewables has already changed the nature of the dayto-day weather sensitivity of the European power system
from a predominantly demand-oriented (and, therefore,
temperature-sensitive) system to a mixed temperatureand-wind-sensitive system. It is suggested, however, that
further installations of wind power are unlikely qualitatively to change these weather sensitivities further unless
they are sited in a way that is fundamentally different to
the present wind power capacity distribution
(as suggested by Santos-Alamillos et al., 2017, as a strategy, for example, to maximize the output from renewables or minimize their meteorological volatility).
Significant increases in solar photovoltaic (PV) may,
however, lead to more significant changes in TCT structure as solar PV have not yet reached sufficiently high
penetration levels to influence the gross meteorological
sensitivity at this national pan-European level. From a
user perspective, the TCTs offer considerably more
explanatory power than standard weather patterns for
estimating national demand or residual load over most of
Europe: if the prevailing TCT is known, then there is an
extremely strong connection to the probability of high
demand or residual load over much of Europe.
The TCT approach, here applied to the European power
system, is applicable to other geographically extended
human and environmental systems with complicated meteorological sensitivities, for example, agricultural or energy
commodities and water resources. TCTs therefore present
new opportunities for developing a deeper understanding of
meteorological impacts and may provide opportunities for
enhanced predictive skill across a range of applications such
as energy and trade in agricultural or energy commodities.
ACK NO WLE DGE MEN TS
This work was conducted as part of the sub-seasonal to
seasonal forecasting for energy (S2S4E) project, which
was funded by the European Union's Horizon 2020
Research and Innovation Programme (grant agreement
number 776787). Thanks to Llorenc Lledo for discussions
about wind power modelling, Veronica Torralba and
Robert Lee for discussions on calculating weather
regimes; and Irene Cionni for discussions on the development of the solar power model.
ORCID
Hannah C. Bloomfield https://orcid.org/0000-00025616-1503
David J. Brayshaw https://orcid.org/0000-0002-39274362

17

Andrew J. Charlton-Perez
8179-6220

https://orcid.org/0000-0001-

RE FER EN CES
Baur, F. (1949) Musterbeispiele europäscher Großwetterlagen.
Einfährung in die Großwetterkunde (H. Flohn). Zeitschrift
Naturforschung Teil A, 4, 79.
Bloomfield, H.C., Brayshaw, D.J., Shaffrey, L.C., Coker, P.J. and
Thornton, H.E. (2016) Quantifying the increasing sensitivity of
power systems to climate variability. Environmental Research
Letters, 11, 124025.
Bloomfield, H.C., Brayshaw, D.J., Shaffrey, L.C., Coker, P.J. and
Thornton, H.E. (2018) The changing sensitivity of power systems to meteorological drivers: a case study of Great Britain.
Environmental Research Letters, 13, 054028.
Brayshaw, D., Dent, C. and Zachary, S. (2012) Wind generation's
contribution to supporting peak electricity demand: meteorological insights. Proceedings of the Institution of Mechanical
Engineers, Part O: Journal of Risk and Reliability, 226, 44–50.
Brayshaw, D.J., Halford, A., Smith, S. and Jensen, K. (2019) Quantifying the potential for improved management of weather risk
using subseasonal forecasting: the case of UK telecommunications infrastructure. Meteorological Applications. (in press)
https://doi.org/10.1002/met.1849
Brayshaw, D.J., Troccoli, A., Fordham, R. and Methven, J. (2011)
The impact of large scale atmospheric circulation patterns on
wind power generation and its potential predictability: a case
study over the UK. Renewable Energy, 36, 2087–2096.
Cannon, D.J., Brayshaw, D.J., Methven, J., Coker, P.J. and
Lenaghan, D. (2015) Using reanalysis data to quantify extreme
wind power generation statistics: a 33 year case study in Great
Britain. Renewable Energy, 75, 767–778.
Cassou, C. (2008) Intraseasonal interaction between the Madden–
Julian Oscillation and the North Atlantic Oscillation. Nature,
455, 523–527.
Colantuono, G., Wang, Y., Hannah, E. and Erdelyi, R. (2014) Signature of the North Atlantic Oscillation on British solar radiation
availability and PV potential: the winter zonal seesaw. Solar
Energy, 107, 210–219.
Collins, S., Deane, P., Gallachoir, B., Pfenninger, S. and Staffell, I.
(2018) Impacts of inter-annual wind and solar variations on the
european power system. Joule, 2, 2076–2090.
Cradden, L.C., MCPDermott, F., Zubiate, L., Sweeney, C. and
O'Malley, M. (2017) A 34-year simulation of wind generation
potential for Ireland and the impact of large-scale atmospheric
pressure patterns. Renewable Energy, 106, 165–176.
Ely, C., Brayshaw, D., Methven, J., Cox, J. and Pearce, O. (2013)
Implications of the North Atlantic Oscillation for a UK–Norway
Renewable Power System. Energy Policy, 62, 1420–1427.
ENTSOE. (2019) ENTSOe transparency platform. Available at:
https://transparency.entsoe.eu [Accessed 1st August 2019].
Evans, D.L. and Florschuetz, L.W. (1977) Cost studies on terrestrial
photovoltaic power systems with sunlight concentration. Solar
Energy, 19, 255–262.
Ferranti, L., Corti, S. and Janousek, M. (2015) Flow-dependent verification of the ECMWF ensemble over the Euro-Atlantic sector.
Quarterly Journal of the Royal Meteorological Society, 141,
916–924.

18

Global Wind Atlas. (2019) The Global Wind Atlas. Available at:
https://globalwindatlas.info [Accessed 1st March 2019].
Grams, C.M., Beerli, R., Pfenninger, S., Staffell, I. and Wernli, H.
(2017) Balancing Europes wind-power output through spatial
deployment informed by weather regimes. Nature Climate
Change, 7, 557–562.
Hersbach, H. (2018) Operational global reanalysis: progress, future
directions and synergies with NWP. European Centre for
Medium Range Weather Forecasts. Report number: 27.
Hurrell, J.W., Kushnir, Y., Otterson, G. and Visbeck, M. (2003) An
overview of the North Atlantic Oscillation. Journal of Climate,
134, 263–273.
IEC. (2005) International Standard IEC 61400-1, 3rd edition. Geneva,
Switzerland: International Electrotechnical Commission.
Jerez, S., Trigo, R., Apergis, E., Bhattacharyya, C., Bierkens, H.
and Bilgin, M. (2013) Time-scale and extent at which largescale circulation modes determine the wind and solar potential in the Iberian Peninsula. Environmental Research Letters,
8, 004035.
Liobikiene, G. and Butkus, M. (2017) The European Union possibilities to achieve targets of Europe 2020 and Paris agreement climate policy. Renewable Energy, 106, 298–309.
Lledo, L., Torralba, V., Soret, A., Ramon, J. and Doblas-Reyes, F.J.
(2019) Seasonal forecasts of wind power generation. Renewable
Energy, 143, 91–100.
Michelangeli, P., Vautard, R. and Legras, B. (1995) Weather
regimes: recurrence and quasi stationarity. Journal of the Atmospheric Sciences, 52, 1237–1256.
Neal, R., Fereday, D., Crocker, R. and Comer, R.E. (2016) A flexible
approach to defining weather patterns and their application in
weather forecasting over Europe. Meteorological Applications,
23, 389–400.
Ravestein, P., van der Schrier, G., Haarsma, R., Scheele, R. and
van den Broek, M. (2018) Vulnerability of European intermittent renewable energy supply to climate change and climate
variability. Renewable and Sustainable Energy Reviews, 97,
497–508.
Resch, G., Held, A., Faber, T., Panzer, C., Toro, F. and Haas, R.
(2008) Potentials and prospects for renewable energies at global
scale. Energy Policy, 36, 4048–4056.
Rogelj, J., Luderer, G., Pietzcker, R.C., Kriegler, E., Schaeffer, M.,
Krey, V. and Riahi, K. (2015) Energy system transformations
for limiting end-of-century warming to below 1.5 C. Nature Climate Change, 5, 519–527.
Santos-Alamillos, F.J., Brayshaw, D.J., Methven, J., Thomaidis, N.S.,
Ruiz-Arias, J.A. and Pozo-Vazquez, D. (2017) Exploring the meteorological potential for planning a high performance European
electricity super-grid: optimal power capacity distribution among
countries. Environmental Research Letters, 12, 114030.
Staffell, I. and Pfenninger, S. (2016) Using bias-corrected reanalysis
to simulate current and future wind power output. Energy, 114,
1224–1239.
Taylor, J.W. and Buizza, R. (2003) Using weather ensemble predictions in electricity demand forecasting. International Journal of
Forecasting, 19, 57–70.
Thornton, H.E., Scaife, A.A., Hoskins, B.J. and Brayshaw, D.J.
(2017) The relationship between wind power, electricity

BLOOMFIELD ET AL.

demand and winter weather patterns in Great Britain. Environmental Research Letters, 12, 064017.
Thornton, H.E., Scaife, A., Hoskins, B., Brayshaw, D., Smith, D.,
Dunstone, N., Stringer, N. and Bett, P.E. (2019) Skilful seasonal
prediction of winter gas demand. Environmental Research Letters, 14, 024009.
Troccoli, A., Goodess, C., Jones, P., Penny, L., Dorling, S.,
Harpham, C., Dubus, L., Parey, S., Claudel, S., Khong, D.-H.,
Bett, P.E., Thornton, H., Ranchin, T., Wald, L., SaintDrenan, Y.-M., De Felice, M., Brayshaw, D., Suckling, E.,
Percy, B. and Blower, J. (2018) Creating a proof-of-concept climate service to assess future renewable energy mixes in
Europe: an overview of the C3S ECEM project. Advances in Science and Research, 15, 191–205.
van der Wiel, K., Bloomfield, H.C., Lee, R.W., Stoop, L.P.,
Blackport, R., Screen, J.A. and Selten, F.M. (2019a) The influence of weather regimes on European renewable energy production and demand. Environmental Research Letters, 14,
094010.
van der Wiel, K., Stoop, L.P., Van Zuijlen, B.R.H., Blackport, R.,
Van den Broek, M.A. and Selten, F.M. (2019b) Meteorological
conditions leading to extreme low variable renewable energy
production and extreme high energy shortfall. Renewable and
Sustainable Energy Reviews, 111, 261–275.
Wilks, D.S. (2011) Statistical Methods in the Atmospheric Sciences,
Vol. 100. London: Academic Press.
Windpower.net. (2019) Thewindpower.net database. Available at:
https://www.thewindpower.net [Accessed 1st March 2017].
Wohland, J., Reyers, M., Weber, J. and Witthaut, D. (2017) More
homogeneous wind conditions under strong climate change
decrease the potential for inter-state balancing of electricity in
Europe. Earth System Dynamics, 8, 1047–1060.
Zeyringer, M., Price, J., Fais, B., Li, P. and Sharp, E. (2018) Designing low-carbon power systems for Great Britain in 2050 that are
robust to the spatiotemporal and inter-annual variability of
weather. Nature Energy, 3, 395–403.
Zubiate, L., MCPDermott, F., Sweeney, C. and O'Malley, M. (2016)
Spatial variability in winter NAO wind speed relationships in
western Europe linked to concomitant states of the East Atlantic and Scandinavian patterns. Quarterly Journal of the Royal
Meteorological Society, 143, 552–562.

SU PP O R TI N G I N F O RMA TI O N
Additional supporting information may be found online
in the Supporting Information section at the end of this
article.
How to cite this article: Bloomfield HC,
Brayshaw DJ, Charlton-Perez AJ. Characterizing
the winter meteorological drivers of the European
electricity system using targeted circulation types.
Meteorol Appl. 2019;1–18. https://doi.org/10.1002/
met.1858

