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1
1.1

Summary
Motivation

Warming of the Earth’s climate system, observed in recent decades as an increase
in the global average air and ocean temperatures, widespread melting of snow and
ice, and rising global average sea level, as well as that warming’s possible impacts
are described in the Fourth Assessment Report of the Intergovernmental Panel on
Climate Change (IPCC 2007). These results have been intensively discussed not only
within the scientiﬁc community but also by politicians, economists, and the general
public. Since climate change and extreme weather events impact upon many social
and economic activities, it is highly desirable to study the existing climate system
and its feedbacks as well as possible scenarios of future climate change. Knowledge
of natural hazards on the regional scale (e.g. extreme temperatures, extreme precipitation, and long-lasting droughts) and their possible future changes can help in
mitigating their impacts and designing appropriate adaptation measures.
The most widely used tools for simulating climate and future climate change scenarios on the regional and local scales are regional climate models (RCMs). Climate
models are mathematical models based on fundamental physical laws simpliﬁed by
physical approximations and mathematical discretization. Climate models use quantitative methods to simulate the mutual interactions of the atmosphere, oceans, land
surface, and ice cover. RCMs are driven by outputs from global climate models (general circulation models, GCMs), which, because of their coarser spatial resolution,
are not suﬃcient to capture regional details and local peculiarities.
However, RCM control simulations suﬀer from deﬁciencies in reproducing recent
climate conditions. Therefore it is necessary to identify the sources of these errors and
address them in the future development of the models. Although RCMs have been
shown to have biases in simulating surface variables, they nevertheless are widely
used by the scientiﬁc community for various impact studies. The main motivation of
this thesis is to contribute to evaluating the limitations of RCMs which could lead
to the improvement of climate modelling.
In particular, simulations of surface air temperature may depend on simulations
of such other climatological variables and processes as atmospheric circulation, cloud
amount, humidity, and atmospheric convection. It is thus particularly useful to identify the links between individual variables and their biases, which may bring insight
into physical processes that aﬀect model performance or that reveal potential common deﬁciencies. Since one of the key factors of climate in Europe is the large-scale
6
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atmospheric circulation, we decided to study whether temperature and precipitation
biases depend on the ability of RCMs to capture circulation characteristics and the
links between circulation and surface variables.

1.2

Structure of the thesis

This thesis comprises a collection of ﬁve papers dealing with validation of RCM
simulations within Central Europe. Four papers have already been published in peerreviewed international journals (one each in Journal of Geophysical Research and
Tellus A and two in Climate Dynamics), and the ﬁfth is currently under review. Each
paper comprises an individual section of the thesis and their ordering is chronological
according to how we arrived at the ﬁndings.
The ﬁrst paper (Section 2) illustrates and discusses problems with observed data
that are used for model validation and how the choice of reference dataset aﬀects
the conclusions of the RCMs’ performances. The second paper (Section 3) evaluates
daily maximum and minimum temperatures including their distributions, and indicates that some temperature biases may be related to deﬁciencies in the simulations
of large-scale atmospheric circulation. RCMs’ ability to simulate atmospheric circulation and the observed links between circulation and surface air temperatures are
examined in detail in the third paper (Section 4). This paper also compares performances of individual RCMs with respect to the driving data by analysing the results
for the driving data themselves. The fourth paper (Section 5) focuses on biases in
the diurnal temperature range within RCMs and their possible causes by examining
the links of the errors to the atmospheric circulation and cloud amount. The last
paper (Section 6) extends the thesis by investigating observed relationships between
atmospheric circulation and daily precipitation amounts over three regions within
the Czech Republic, and it examines how these links are reproduced by the RCMs.
All papers included in this thesis resulted from collaboration with my supervisor,
J. Kyselý. I am responsible for the calculations and the preparations of almost all
tables and ﬁgures. Although all texts emerged from mutual discussions and cooperation, the ﬁrst author of each paper was primarily responsible for the text. The two
studies of which I am not the ﬁrst author broaden and supplement the topic and
do not represent the main focus of the thesis. We are grateful to P. Štěpánek for
calculating and providing the gridded observed data.
In the remainder of this Summary section, I describe the studied RCMs and
observed data (Section 1.3), then synthesize and discuss the main results from the
validation of RCM outputs, the links between atmospheric circulation and surface
variables, and how the observed links are reproduced by RCMs (Section 1.4). Finally,
I conclude the main ﬁndings (Section 1.5).
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Data
Model simulations

The RCM outputs examined in this thesis were obtained from the Third Research
Theme (RT3) database of the European Sixth Framework Programme (EU-FP6) ENSEMBLES project (http://ensemblesrt3.dmi.dk; van der Linden and Mitchell 2009).
From the list of RCMs available within the project, I selected ﬁve RCMs: HIRHAM
(operated at the Danish Meteorological Institute), RACMO (Royal Netherlands Meteorological Institute), RegCM (Abdus Salam International Centre for Theoretical
Physics), REMO (Max-Planck Institute for Meteorology), and RCA (Swedish Meteorological and Hydrological Institute). These ﬁve RCMs represent the complete
set of models for which high-resolution simulations driven by both the ERA-40 reanalysis (Uppala et al. 2005) and the ECHAM5 GCM (Roeckner et al. 2006) were
available at the time I began the analysis. The models have spatial resolution of
about 25 km (0.22 ◦ ) and, with the exception of RegCM, they use the same grid. The
control period of 1961–1990 (1961–2000 in Section 6) is examined.
The RCM runs can be split into three groups: (1) runs driven by the ERA40 re-analysis, (2) runs driven by the ECHAM5 GCM, and (3) simulations of the
RCA RCM with diﬀerent driving data (ERA-40 re-analysis, as well as ECHAM5,
BCM [Furevik et al. 2004] and HadCM3 [Gordon et al. 2000] GCMs). This set of
simulations allows examination of those diﬀerences due to the choice of RCM and the
driving data: the boundary conditions from the re-analysis are regarded as ‘perfect’
and errors of these runs are interpreted as RCM errors, while runs driven by a GCM
allow for evaluating how an RCM modiﬁes the global model outputs. The GCM
runs, which are used as boundary conditions for the investigated RCM runs, also are
evaluated in order to estimate their inﬂuence on RCMs’ errors.

1.3.2

Gridded observed data

A European high-resolution gridded data set of daily surface temperatures and precipitation measurements, E-OBS (Haylock et al. 2008), was developed as part of
the ENSEMBLES project. The E-OBS data set was designed to provide the best
estimates of grid box averages rather than the point values in order to enable direct comparison with the RCMs. Since the data were gridded onto the same rotated
pole grid used in many recent RCM simulations for Europe (e.g. van der Linden
and Mitchell 2009, section 5), they are widely used for validating climate models
over Europe (Christensen et al. 2010; Kjellström et al. 2010; Lorenz and Jacob 2010;
Kjellström et al. 2011).
In Kyselý and Plavcová (2010; Section 2 of the thesis), we show that the E-OBS
temperature data set has signiﬁcant limitations. I compared E-OBS, which is interpolated from a relatively sparse network of stations available in the European Climate
Assessment and Dataset (ECA&D; Klein Tank et al. 2002) project, to a data set
gridded onto the same grid from a high-density network of stations (GriSt; Kyselý
and Plavcová 2010) across the Czech Republic. I found large diﬀerences between
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these two databases, and particularly in the daily minimum temperature (Fig. 2.2).
Diﬀerences become more pronounced toward the tails of the distribution (temperatures below the 10% quantile of daily minimum temperature are almost 2 ◦ C warmer
in E-OBS than in GriSt; Fig. 2.4). I compared both gridded databases with the simplest possible areal averages formed by averaging raw data from weather stations in
the studied regions (Fig. 2.1). I found that the diﬀerences between GriSt and the
station averages are minor relative to the diﬀerences between E-OBS and either of
the two temperature series (Figs. 2.2, 2.4 and 2.5). The GriSt data set is superior
due to the fact that a much denser station network provides the input data (268
stations with daily temperature measurements formed the input data set in GriSt
[Štěpánek et al. 2009, 2011], while only 13 stations were available in this area for
E-OBS; Fig. 2.1). Consequently, a much smaller search radius (which does not lead
to oversmoothing of data) may be applied in the spatial interpolation. Another factor inﬂuencing biases relates to the choice of stations available for interpolation and
their local inﬂuences in relation to speciﬁc microclimatic conditions at given sites.
Since the only station involved in the ECA&D project situated in a wide region
of Central Bohemia is Prague-Klementinum (Fig. 2.1), for example, the relatively
warm minimum temperatures in the city centre are overrepresented in the E-OBS
data (Figure 2.9).
It is obvious that biases of the E-OBS gridded data may substantially inﬂuence
the outcomes in evaluating of climate models, as shown for selected temperature
characteristics and RCM runs in Section 2.4 (Figs. 2.6 and 2.7, Table 2.6). For more
reliable validation of climate models against recent climate on a continental scale,
further increases in the amount and quality of station data available within ECA&D
and used in the E-OBS data set are essentially needed.
For all following calculations, I used the GriSt data set to represent the observations. I deﬁned three speciﬁc regions over the Czech Republic with respect to the
basic grids used in the gridded data and most of the RCMs (Central highland, Central
lowland and Eastern highland; Fig. 6.1). The regions diﬀer in many climatological
characteristics (see e.g. Kyselý 2010).

1.4
1.4.1

Summary of results
Validation of simulated temperature and precipitation
by RCMs

Evaluation of control RCM outputs demonstrates biases in simulated surface air
temperature and precipitation over the Czech Republic. Figures 3.2–3.4 show that
biases in the mean monthly minimum and maximum temperatures are as great as
+5.5 ◦ C and −4.5 ◦ C. Diﬀerences between simulated mean seasonal temperatures
and observed data are signiﬁcant in most RCMs throughout the year (Table 3.3).
The biases are generally larger in the simulated temperature extremes than in the
central parts of the temperature distributions. Similar results were reported for the
PRUDENCE RCMs by Kjellström et al. (2007) and Kyselý et al. (2008). The errors
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tend to be largest for those distribution tails that are particularly relevant for impacts, namely for cold extremes in winter (Fig. 3.8) and warm extremes in summer
(Fig. 3.9). The biases reach up to 5 ◦ C for the 20-year return values (Table 3.4) and
they diﬀer in sign among the RCMs.
All RCMs also underestimate diurnal temperature ranges in all seasons (Table 5.2). This bias is largest in summer and smallest in winter in most RCMs (Table 5.2). The maximum in the annual cycle of the diurnal temperature range is shifted
from August in the observed data to spring or early summer in all RCMs (Fig. 3.5).
Figure 6.4 shows that the RCMs overestimate the winter total precipitation
amount and number of wet days. In summer, the signs of the biases diﬀer among
RCMs (Fig. 6.4). The RCMs generally do not realistically reproduce the seasonality of the precipitation (as measured by the ratio between winter and summer total
amounts).

1.4.2

Simulation of atmospheric circulation

Daily atmospheric circulation characteristics are represented by three circulation indices introduced by Jenkinson and Collison (1977). Gridded mean sea level pressure
values at 16 grid points (shown in Fig. 3.13) centred over Central Europe were used
to calculate ﬂow direction, ﬂow strength and ﬂow vorticity by means of equations
given in Section 3.8. The same set of circulation indices was used in previous studies
for evaluating RCMs’ or GCMs’ simulation of atmospheric circulation and links to
surface temperature for the British Isles (Osborn et al. 1999; Turnpenny et al. 2002;
Blenkinsop et al. 2009). I ﬁnd that this characterization of large-scale circulation is
useful also in assessing the models over Central Europe, i.e. in an area where continental inﬂuences become more important than in Western Europe and the United
Kingdom. The circulation indices are also used to produce simple classiﬁcations consisting of 11 or 27 circulation types (Jones et al. 1993; Demuzere et al. 2009; Brisson
et al. 2011), as described in Sections 3.2.4 and 6.2.2.
I found that RCMs are able to qualitatively reproduce the observed frequency
distributions of the airﬂow indices and their seasonal changes, but the distributions
are signiﬁcantly diﬀerent from those derived from the ERA-40 re-analysis (Fig. 4.2).
This is true also for the runs driven by the ERA-40 re-analysis (i.e. by the ‘perfect’
boundary conditions). The most distorted atmospheric circulation is simulated in
HIRHAM driven by ECHAM5 and in RCA driven by BCM (Fig. 4.2). This is evident
also from the relative frequencies of circulation types (Table 3.5).
Flow direction is generally modelled much better during winter than summer,
and the largest diﬀerences among all RCM runs are in the simulations of easterly
and westerly ﬂows in summer (Fig. 4.2). In all seasons, and especially in summer,
the RCM runs driven by ECHAM5 underestimate the frequency of the easterly ﬂow.
Overestimation of westerly types at the expense of easterly types over Europe in
winter seems to be a rather general feature of climate models, as has been reported
by Blenkinsop et al. (2009) for all examined PRUDENCE RCMs, by Demuzere et
al. (2009) for ECHAM5 GCM, and by Kjellström et al. (2011) for several RCA
runs driven by diﬀerent GCMs (including ECHAM5). While in winter the RCA run
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driven by BCM is too zonal (strongly overestimating the south-westerly ﬂows in
comparison to re-analysis and also to the run driven by re-analysis; Fig. 4.2), the
northeast-southwest pressure gradient is less pronounced in summer in this RCA run
(as shown by Kjellström et al. 2011). That could explain the strong overestimation
of easterly ﬂows (Fig. 4.2).
Regarding ﬂow strength, all model runs driven by ECHAM5 underestimate the
frequency of weak ﬂow days as they prefer strong ﬂow days in all seasons (Fig. 4.2).
Overestimation of ﬂow strength seems to be a general feature for some RCMs
(HIRHAM, RegCM and REMO), since this occurs also in the runs driven by reanalysis (albeit to a lesser extent than for the runs driven by ECHAM5). Table 4.2
shows that most RCMs overestimate the frequency of very strong ﬂow days. In summer, the overestimation is obvious for all RCM and GCM runs.
The largest biases in simulating the ﬂow vorticity are found in summer, when
ECHAM5 and (as a likely consequence) the RCM runs driven by ECHAM5 simulate
more anticyclonic ﬂow, while the other GCMs (HadCM3 and BCM) as well as both
RCA runs driven by these GCMs simulate more cyclonic days at the expense of
anticyclonic days. Nevertheless, strong cyclonic vorticity is generally overestimated
by RCMs in all seasons (Table 4.2).
HIRHAM driven by ECHAM5 has a strong shift to more anticyclonic circulation
in summer. It is also characterized by the largest overestimation of very strong ﬂow
days (Table 4.2) and overestimation of the frequency of days with southerly and
south-westerly ﬂow throughout the year (Fig. 4.2).

1.4.3

Observed links between atmospheric circulation and
surface variables

I ﬁnd that a simple classiﬁcation scheme derived from the set of airﬂow indices is
useful for examining links between circulation and temperature in Central Europe.
Relatively strong relationships between circulation indices and surface air temperatures (Fig. 4.3) as well as precipitation characteristics (Fig. 6.3) were found in the
observed data. The links diﬀer by season and are usually stronger for daily temperature maxima than minima. Mean temperature anomalies on days falling into
individual index bins reach almost ± 4 ◦ C (Fig. 4.3).
In winter, westerly ﬂows and strong ﬂows are associated with positive temperature
anomalies while easterly ﬂows and weak ﬂows are associated with negative anomalies. This is true for both daily minimum and maximum temperatures (Figs. 3.14 and
4.3). In the remaining seasons, by contrast, the links between minimum temperature
and ﬂow direction/strength are marginal while there are strong links of mean anomalies of maximum temperature to the ﬂow direction and strength (positive/negative
anomalies for southerly/northerly ﬂows; the links to ﬂow strength are inverse relative
to those detected for winter; Figs. 3.14 and 4.3). Anticyclonic/cyclonic conditions are
associated with positive/negative maximum temperature anomalies during the entire year. The links between vorticity and daily minimum temperature tend to be
opposite to those for maximum temperature.
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Mean precipitation amounts are higher during cyclonic than anticyclonic ﬂows,
for stronger ﬂows, and during westerly ﬂows (in winter) and north-easterly ﬂows
(especially in summer) than for southerly ﬂows (Fig. 6.3). Probability of wet days is
greater for northerly ﬂows, cyclonic vorticity and strong ﬂows than for south-easterly
ﬂows, anticyclonic vorticity and weak ﬂow. Extreme precipitation events usually
occur during westerly types in winter and cyclonic and cyclonic-north-easterly types
in summer (Fig. 6.1 and Table 6.2).
These links to precipitation characteristics, however, diﬀer slightly for the three
regions studied in the Czech Republic (shown in Fig. 6.1). I ﬁnd that orography is
particularly important in inducing precipitation for ﬂows from the northeast quadrant, since the diﬀerences in mean precipitation amounts, probability of wet days
and rainy days between lowland and highland regions are greatest for these directions (Fig. 6.3). The results correspond to expectations (Section 6.2.2) and validate
the use of circulation indices and types for studying relationships to precipitation.

1.4.4

Reproduction of the links between atmospheric circulation and surface variables in RCMs

The ﬁndings of this thesis show that the high-resolution ENSEMBLES RCMs are
able to reproduce qualitatively the observed links between atmospheric circulation
and temperatures/precipitation, but some of the links tend to be over- or underestimated (Figs. 4.4 and 4.5, cf. Figs. 6.3 and 6.5). The RCMs suﬀer from deﬁciencies in
capturing several speciﬁc features in the links to precipitation characteristics, and in
particular the diﬀerences between the studied regions (Fig. 6.6). The models are also
able to represent the basic bivariate features in the sense that some links between a
circulation index and a temperature anomaly are aﬀected simultaneously by another
circulation index (Figs. 4.6 and 4.7).
Most RCM runs underestimate the relative warmth of winter strong ﬂow, overestimate the links between the temperature anomalies and vorticity in winter, and,
in contrast to observations, produce pronounced relationships to vorticity not only
for temperature maxima but also for minima in winter (Figs. 4.4 and 4.5). Furthermore, RCMs have diﬃculties to reproduce relatively larger mean precipitation for
south-westerly ﬂow (Fig. 6.6) and the magnitude of the link between precipitation
and vorticity (Table 6.4).
Some features of RCMs’ temperature and precipitation biases may be related
to deﬁciencies in the simulation of large-scale atmospheric circulation. If the links
between large-scale atmospheric circulation and surface variables are realistically
reproduced in a climate model, then biases in simulating temperature or total precipitation amounts could be related to biases of large-scale circulation itself. As
discussed in Section 3.4.2, comparison of errors in simulated circulation and surface temperatures yields insight into sources of the temperature biases in individual
RCMs.
Stronger ﬂow in RCMs and especially the direction of the ﬂow are important because of the speciﬁc characteristics of the advected air mass. Overestimated westerly
and zonal ﬂow in all RCMs driven by ECHAM5 (Tables 3.5 and 3.14) contribute to
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their warm bias because warm advection is associated with westerly ﬂow in winter
(i.e. mild and moist air is advected from the North Atlantic). The summer warm
bias in HIRHAM and RCA driven by BCM may be at least partially explained by
overestimation of the warmer southerly ﬂow at the expense of the northerly ﬂow
(Table 3.5). Some deﬁciencies in the simulation of atmospheric circulation probably contribute also to the underestimated diurnal temperature range in those RCMs
examined.
Overestimation of probability for wet days in winter, common to all RCMs, could
be related to overestimation of pure cyclonic types (linked to high probability of wet
days) at the expense of pure anticyclonic types (linked to low probability of wet
days; Figs. 6.2 and 6.5). Overestimations of ﬂow strength by HIRHAM and RegCM
driven by re-analysis (Fig. 6.2) could partly explain their overestimations of mean
precipitation amounts (which are largest among the RCMs; Fig. 6.4), since strong
ﬂows are linked to higher precipitation amounts (Fig. 6.5).

1.4.5

Role of driving data

Since I compare runs of the same RCMs driven by re-analysis and GCMs and analyse
the driving data as well, I can evaluate the inﬂuence of the boundary conditions.
Little attention has been devoted to this issue in previous studies.
The results indicate that some circulation biases propagate from the driving data
to the nested RCM simulations. This is demonstrated in Fig. 4.2: ECHAM5 and
all RCM runs driven by ECHAM5 underestimate the frequency of the easterly ﬂow
and underestimate/overestimate the frequency of weak/strong ﬂow days (related to
increased north-south pressure gradient over Europe in ECHAM5 as described by
Demuzere et al. 2009). Except for HIRHAM, all RCMs driven by ECHAM5 improve
on the driving GCM in simulating atmospheric circulation (Fig. 4.2).
The inﬂuence of driving data on circulation characteristics in a nested RCM differs for individual GCMs, as demonstrated by analysing a set of RCA simulations
with diﬀerent driving data. This shows that some RCA runs modify the circulation
from the driving data substantially, and mainly in summer (Fig. 4.2). This modiﬁcation does not, however, necessarily mean more realistic circulation produced by an
RCM, as demonstrated by HIRHAM driven by ECHAM5 and RCA driven by BCM
(Fig. 4.2). Both simulations produce circulation that deviates considerably from that
simulated in RCM’s run driven by re-analysis and in the driving GCM itself. This
probably illustrates complicated relations between physical processes and/or parameterizations in the RCM, and it deserves further investigation.
In winter, all investigated RCMs driven by ECHAM5 give very similar mean
monthly/seasonal temperatures (Figs 3.2 and 3.6) as well as shapes of the distribution
function (Fig. 3.8), whereas in the rest of the year the mean monthly temperatures
diﬀer considerably among the models (by more than 5 ◦ C in July; Fig. 3.2). Also the
run driven by the ERA-40 re-analysis (i.e. with ‘perfect’ boundary condition) is the
best model run as to the distribution of minimum temperature in winter (Fig. 3.8).
This suggests an important role of the driving data in governing surface temperature
distributions in the cold season.
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On the other hand, the runs of the same RCM with diﬀerent driving data diﬀer
in simulating temperatures more in the cold half-year than in the warm half-year
(Figs. 3.3 and 3.4; cf. Fig. 3.8 versus Fig. 3.9). We conclude that an RCM’s formulation and its inner conﬁguration and parameterization play much more important
roles in summer, whereas in winter RCM performance is closely linked to the driving
data.
The RCA RCM formulation seems to be important in representing the circulationto-temperature links in both warm and cold seasons, because diﬀerences in the links
among the RCA simulations are smaller and the links tend to be more realistic
compared to those of the driving GCMs (Fig. 4.4 and 4.5).
Figure 5.3 indicates that biases of diurnal temperature range in RCMs do not
propagate from the driving data, and diurnal temperature range in RCMs behaves
more or less independently of the driving GCM.

1.4.6

Underestimation of diurnal temperature range

Section 5.4 discusses possible causes for the underestimation of diurnal temperature range which is common to all those RCMs examined (Table 5.2). Very similar
characteristics of the biases and their links to circulation and cloud amount among
all RCMs suggest that the RCM formulations and parameterizations of land-surface
schemes and heat and moisture ﬂuxes between land and atmosphere suﬀer from
similar deﬁciencies.
I found that the underestimation of diurnal temperature range is more pronounced in summer (Table 5.2), on days with small cloud amount (Fig. 5.4) and
under anticyclonic circulation (Fig. 5.3). In summer as well as in spring and autumn,
the underestimation tends to be largest for the south-east to south ﬂow associated
with warm advection, while in winter it does not depend on ﬂow direction (Fig. 5.3).
Probably, deﬁciencies in simulation of heat and moisture ﬂuxes between land surface and the atmosphere, like too-strong mixing in the boundary layer, contribute to
the temperature biases in the RCMs. This is supported by the ﬁnding that the errors
in diurnal temperature range are largest in summer and on days with small cloud
amount. I ﬁnd that the model run (within pairs of runs of a given RCM driven by
ERA-40 and ECHAM5) with more precipitation has always a larger underestimation
of diurnal temperature range (Fig. 5.8). This suggests that with more precipitation,
soil moisture is increased, and the enhanced latent heat ﬂux (which cools the surface)
leads to reduced simulated daily surface air temperature maxima.
It should be also noted that poor simulation of diurnal temperature range, and
especially on clear-sky and anticyclonic days in summer, may have implications for
the credibility of surface air temperatures simulated in RCMs during heat waves.

1.4.7

Comprehensive evaluation of climate models

While many studies on model validation evaluate rather general statistical characteristics of temperature or precipitation, simulated surface variables depend on
such other climatological variables and processes as atmospheric circulation, cloud
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amount, humidity, and convection. There are relatively few studies of this type which
concentrate not only on validation of individual meteorological variables but also on
their relationships. The goal of this thesis is to demonstrate that such approach is
particularly useful and analysis of links between individual variables and their biases
brings insight into physical processes aﬀecting model performance and reveals potential common deﬁciencies in simulating atmospheric dynamics in current climate
models.
The results indicate that relatively good performance in some characteristics may
be due to compensating errors rather than to overall model perfection. For example,
although RegCM driven by re-analysis has the smallest bias of diurnal temperature
range within the ensemble (Table 5.2), and RegCM driven by ECHAM5 is the best
model with respect to the dependence of diurnal temperature range on cloudiness
(Fig. 5.4), the simulation of cloudiness itself is by far the poorest in this model
(Fig. 5.5). The results also show that only one RCM (REMO) captures reasonably
well both the warm and cold tails of the temperature distributions in Central Europe. When mean temperatures are considered, however, the results for REMO are
more biased (cf. Tables 3.3 and 3.4), thus indicating that the relatively good performance at the extremes is due to some compensating eﬀects that inﬂuence the
simulated temperature distributions. RegCM, which is found to be the best model
with respect to the simulated total summer precipitation (Section 6.4.1), also suﬀers
from overestimation of the number of wet days in summer and therefore does not
reproduce the intensity of precipitation. A similar conclusion applies to RCA. While
it is the only RCM to reproduce higher probability of wet days in summer than in
winter (Fig. 6.4), its high probability under strong anticyclonic conditions in summer is completely unrealistic (Table 6.4). These results also support the necessity to
study the models’ outputs comprehensively and not only the mean or total values of
climatic variables.
I found relatively strong relationships between circulation and temperatures/
precipitation (Figs. 4.3 and 6.3). If the links between large-scale atmospheric circulation and surface variables are realistically reproduced in a climate model, then
biases in simulating total precipitation amounts or temperature characteristics could
be related to biases in the large-scale circulation itself. Realistic reproduction of the
large-scale atmospheric circulation in control RCM and GCM simulations is very
important for the use of these models in constructing scenarios of possible future
climate.
I also show that the spread in the results of a single RCM is largely dependent
on the choice of driving GCMs. The skill of the models in capturing the atmospheric
circulation and the links between circulation and meteorological variables needs to
be examined more thoroughly in GCM and RCM evaluation studies, and the ﬁndings
may also be used to weight GCM/RCM data in constructing future climate change
scenarios.
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Conclusions

To summarize, the overarching point of this thesis is that comprehensive analysis
of temperature and precipitation characteristics and their links to other variables
(atmospheric circulation and total cloud amount in my case) yields a better physical
understanding of the meteorological processes and reproduction of these processes
in model simulations. Identifying the sources of the errors in simulated relationships
between circulation and surface variables is an important step in further improving
the models as well as towards enhancing the credibility of climate change scenarios
based on climate model simulations. Models that have large biases in reproducing the
circulation patterns and the links between meteorological variables in recent climate
will likely suﬀer from deﬁciencies also in projecting future climate change.
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Abstract The study compares daily maximum (Tmax ) and minimum (Tmin ) temperatures in two data sets interpolated from irregularly spaced meteorological stations to a regular grid: the European gridded data set (E-OBS), produced from a
relatively sparse network of stations available in the European Climate Assessment
and Dataset (ECA&D) project, and a data set gridded onto the same grid from a
high-density network of stations in the Czech Republic (GriSt). We show that large
diﬀerences exist between the two gridded data sets, particularly for Tmin . The errors
tend to be larger in tails of the distributions. In winter, temperatures below the 10%
quantile of Tmin , which is still far from the very tail of the distribution, are too warm
by almost 2 ◦ C in E-OBS on average. A large bias is found also for the diurnal temperature range. Comparison with simple average series from stations in two regions
reveals that diﬀerences between GriSt and the station averages are minor relative
to diﬀerences between E-OBS and either of the two data sets. The large deviations
between the two gridded data sets aﬀect conclusions concerning validation of temperature characteristics in regional climate model (RCM) simulations. The bias of
the E-OBS data set and limitations with respect to its applicability for evaluating
RCMs stem primarily from (1) insuﬃcient density of information from station observations used for the interpolation, including the fact that the stations available
may not be representative for a wider area, and (2) inconsistency between the radii
of the areal average values in high-resolution RCMs and E-OBS. Further increases
in the amount and quality of station data available within ECA&D and used in the
E-OBS data set are essentially needed for more reliable validation of climate models
against recent climate on a continental scale.
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Introduction

Gridded daily data of climatic variables, that is, data interpolated from irregularly
spaced meteorological stations to a regular grid, comprise a useful and straightforward tool for evaluating control climate model simulations. The recently created
European gridded data set (E-OBS) of daily maximum, mean, and minimum temperatures and precipitation amounts [Haylock et al., 2008] has been an important
advance, since the data became available on a continental scale and in high resolution. (Details on the E-OBS data set are given in section 2.2.2.) Because the data
are gridded onto several diﬀerent grids, including the rotated pole grid with resolution of 0.22 ◦ (around 25 km) used in many recent regional climate model (RCM)
simulations for Europe [e.g., van der Linden and Mitchell, 2009, section 5], they are
widely employed for validating climate models [Christensen et al., 2008; Jaeger and
Seneviratne, 2010; Suklitsch et al., 2010] and, owing to their even coverage of all European land areas, they are likely to be useful in other applications (e.g., the analysis
of trends and variability).
The present study compares the E-OBS data set, produced from a relatively
sparse network of stations over Europe available within the European Climate Assessment and Dataset (ECA&D) project [Klein Tank et al., 2002; Klok and Klein
Tank, 2008], with a data set gridded onto the same grid from a high-density network
of weather stations in the Czech Republic (central Europe; labeled GriSt). The two
data sets have very diﬀerent spatial coverage but both are directly applicable for
evaluating control climate model simulations, because they represent areal averages
rather than point values.
The paper is structured as follows. In section 2.2, the data (including control
RCM runs that are examined to demonstrate diﬀerences between the gridded data
sets) and methods used are introduced. Section 2.3 compares the two gridded data
sets and simple station averages in terms of various temperature characteristics, including low and high quantiles of distributions of daily maximum and minimum
temperatures and extremes. Diﬀerences between the two gridded data sets as they
manifest themselves in evaluation of control RCM simulations are presented in section 2.4. Discussion and conclusions follow in section 2.5.

2.2
2.2.1

Data and Methods
Data

Study Area
We decided to deﬁne two speciﬁc regions over the Czech Republic with respect to
the basic grids used in the gridded data sets and most of the RCMs: the central
lowland (CL) and central highland (CH) regions (Figure 2.1, top left). While the CL
region represents a lowland area (one of two main agricultural regions in the Czech
Republic), with average altitude of grid boxes in the E-OBS database of 257 m above
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Figure 2.1: Regions under study (CL, central lowland; CH, central highland) and
locations of the stations used in the StAVG data set (top left). Locations of stations involved in E-OBS (version 2.0) over Europe (bottom left) and in the Czech
Republic (13 stations, top right), in comparison to the high-density network used
for calculating GriSt (268 stations, bottom right). Altitudes of grid boxes are taken
from the E-OBS database and are the same in E-OBS and GriSt.
sea level (asl), the CH region is a highland area with mean altitude (in E-OBS) of
549 m asl. The two regions diﬀer in many climatological characteristics [see, e.g.,
Kyselý, 2010].
E-OBS Database
The European daily high-resolution gridded data set of surface maximum (Tmax ),
mean, and minimum (Tmin ) temperatures, E-OBS [Haylock et al., 2008], was developed as part of the EU-FP6 ENSEMBLES project, with the aim to use it for
validation of RCMs and for climate change studies. The data were interpolated from
the largest available pan-European data set of about 2300 stations involved in the
ECA&D project [Klok and Klein Tank, 2008]; E-OBS version 2.0 is examined in this
study. The exact number of stations varies over time and is larger for precipitation
than temperature [Haylock et al., 2008]. The station spatial coverage is uneven; areas with high density of stations include mainly the United Kingdom and parts of
western Europe, whereas low density is typical of the Iberian Peninsula, southeast-
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ern Europe, and northern Europe. In the Czech Republic, air temperatures at 13
stations were included in the ECA&D data set (Figure 2.1). Eleven of these have
data covering the entire examined period (1961–1990), and two have data starting in
1973 (http://eca.knmi.nl/dailydata/datadictionary.php). Note that such density of
stations is still larger compared to many other regions and countries such as Spain,
Poland, Romania, the Balkan countries, and Scandinavia (cf. Figure 2.1 and Haylock
et al. [2008]).
The E-OBS data set was designed to provide best estimates of grid box averages
rather than point values to enable direct comparison with RCMs. The daily data
were interpolated using a three-step methodology. First, monthly means were interpolated to a high-resolution 0.1 ◦ × 0.1 ◦ rotated pole grid using three-dimensional
thin-plate splines to deﬁne the underlying spatial trend of the data. The next step
was kriging the anomalies with regard to the monthly mean; for all days a single variogram was used. Elevation dependencies were incorporated by using external drift
kriging. For temperature, a radius of 500 km was used to select neighboring stations
for the variogram and interpolation. The ﬁnal result was created by applying the
interpolated anomaly to the interpolated monthly mean. The 0.1 ◦ points were used
to compute area-average values at the ﬁnal E-OBS grid resolutions (of about 50 and
25 km [Haylock et al., 2008]).
The data were gridded onto four diﬀerent grids. The grid examined in this study,
the 0.22 ◦ rotated pole grid, corresponds to the grid boxes in most examined RCMs
(section 2.2.1). This allows for a direct evaluation of the RCM data. The E-OBS
data set was originally produced to cover the period 1950–2006 [Haylock et al., 2008]
and later updated to 2008. We examine the data over 1961–1990, that is, the period
corresponding to the control runs of the RCMs. This period also represents the
interval in which the number of stations available for the interpolation was largest.
Gridded Observed Data (GriSt)
An alternative approach to obtaining gridded daily temperatures that are useful for
a direct comparison with RCMs is to interpolate data from a high-density station
network available for a speciﬁc region (the Czech Republic in the present study).
Daily air temperatures (Tmax and Tmin ) were gridded from the station network operated by the Czech Hydrometeorological Institute onto the same 0.22 ◦ rotated pole
grid as the E-OBS database, including the same altitudes of grid boxes. The method
applied for the interpolation was introduced by Kyselý et al. [2008], who evaluated
temperature extremes in control simulations of RCMs from the PRUDENCE project
[Christensen et al., 2007].
For calculation of the GriSt data, 268 stations with daily temperature measurements since 1961 formed the input data set (Figure 2.1; only 13 stations are part of
ECA&D). The input data were subject to thorough quality control and homogenization using the methodology described by Štěpánek et al. [2009]. With such an input
data set, several possible modiﬁcations to settings of the interpolation methodology
compared to the work of Kyselý et al. [2008] were tested, taking into account improvements in the input data set (more stations available) and the diﬀerence in the
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grid box size (the data were originally gridded to a resolution of around 50 km). The
grid point series of Tmax and Tmin were calculated by means of the inverse distance
weighting method [e.g., Isaaks and Srivastava, 1989] using data from all stations
within a distance of 20 km from a given grid point. If the number of stations within
the radius was smaller than six, more distant stations were added until the condition
of at least six stations for the interpolation was met. All stations which diﬀered by
more than 500 m in elevation from a given grid point were excluded from the interpolation. The mean and median distances of the most distant station were 28.8 and
26.9 km (averaged over all grid points), and the maximum number of stations used
for the interpolation was nine.
Before applying inverse distance weighting, the data at neighboring stations were
standardized with respect to the grid point altitude taken from the E-OBS data set,
in terms of a linear regression based on altitudes and daily temperatures for each
calendar month individually. For the weighted average using the inverse distances,
the power of 0.5 (square root) was found suitable because it represents spatially
smoothed data better than do higher powers (the setting is identical with that used
by Kyselý et al. [2008]). Because the input data set is a high-density one, the GriSt
data are constructed so that the grid box values are relatively local (the search radius
is small) but represent spatially smoothed data rather than point values (by using
the square root of distance in the inverse distance weighting method). A sensitivity
analysis shows that diﬀerences between results of diﬀerent interpolation methods applied to the high-density station network are small; settings like the radius and the
number of stations are more important than the method itself (P. Štěpánek et al.,
Interpolation techniques used for data quality control and calculation of technical series: An example of central European daily time series, submitted to Idojaras, 2010).
The GriSt data set was calculated for the period 1961–2007, and it is currently used
for evaluating RCMs and constructing climate change scenarios in central Europe
(e.g., within the EU-FP6 project CECILIA; see http://www.cecilia-eu.org/). Data
over the period 1961–1990 are examined in this study.
Since the GriSt data set is based on a much denser network than E-OBS, it is
expected to be subject to much smaller interpolation error [cf. Hofstra et al., 2010].
In this way, the GriSt data set is used throughout the paper as the reference data set
against which the other data sets are judged. If diﬀerences between the E-OBS data
set and the GriSt data set are minor, then the E-OBS gridded data are considered
to reasonably represent true area-average gridded values (cf. similar consideration in
the work of Hofstra et al. [2009]).
Station Average Data (StAVG)
The last data set representing observations, employed for a comparison with the two
gridded data sets, is formed by raw temperature data at meteorological stations.
Because each RCM’ grid value is a best-estimate average of the grid square, the
model data and point observations cannot be compared directly. Series of daily Tmax
and Tmin representative for the CL (CH) region were calculated simply by averaging
data from ﬁve (eight) high-quality weather stations with complete records over the
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period 1961–1990 located in the two regions (Figure 2.1, top left). These series are
labeled StAVG. The station data used in StAVG have been subjected to the same
quality-control procedure as data used for the calculation of the GriSt data set,
but the number of stations in StAVG is smaller than in GriSt. In both regions, we
avoid using stations located close to city centers, particularly those within the city
of Prague in the CL region (except for the Prague-Ruzyně station, located in the
airport at the outskirts of the city). The mean elevation of the weather stations in
the CL (CH) region diﬀer by only 12 (13) m from the mean elevation of the area in
E-OBS/GriSt (Table 2.1).
Table 2.1: Numbers of Grid Boxes/Stations and Their Mean Altitudes in the Two
Regions

HIRHAM
RACMO
RegCM
REMO
RCA
RCA ERA
E-OBS
GriSt
StAVG

Central Lowland
Number of Grid Altitude
Boxes/Stations (m asl)
18
264
18
264
16
315
18
264
18
261
18
261
18
257
18
257
5
245

Central Highland
Number of Grid Altitude
Boxes/Stations (m asl)
12
553
12
553
14
496
12
553
12
548
12
548
12
549
12
549
8
562

The main purpose in introducing the StAVG data set is to provide a comparison
of the GriSt and E-OBS gridded data with the simplest possible areal average, formed
by averaging data from weather stations located in a region without any interpolation
or weighting.
Regional Climate Models
The RCM output analyzed in this study was obtained from the ENSEMBLES project
database (http://ensembles-eu.metoﬃce.com). The list of models is given in Table 2.2. Five of the six RCM simulations were driven by the ECHAM5 global climate
model [Roeckner et al., 2003, 2006]; an additional run of the RCA model [Kjellström
et al., 2005] was driven by the ERA-40 reanalysis [Uppala et al., 2005]. All models
have spatial resolution of about 25 km (0.22 ◦ ), and they use the same grid except
for RegCM. The control period of 1961–1990 is examined. We make use of a relatively small set of available RCM runs from the ENSEMBLES project in this study,
because the aim is to illustrate dependence of the evaluation of climate models on
a data set used to represent observations, not to discuss models’ biases and their
sources in detail.
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Table 2.2: Summary of the RCMs Used in This Study
Institution
DMI (Danish Meteorological
Institute)
KNMI (Royal Netherlands
Meteorological Institute)
ICTP (Abdus Salam International
Centre for Theoretical Physics)
MPI (Max-Planck Institute)
SMHI (Swedish Meteorological
and Hydrological Institute)

2.2.2

RCM
HIRHAM

Driving model
ECHAM5

Reference
Christensen et al. (1996)

RACMO

ECHAM5

Lenderink et al. (2003)

RegCM

ECHAM5

Giorgi and Mearns (1999)

REMO
RCA
RCA ERA

ECHAM5
ECHAM5
ERA-40

Jacob (2001)
Kjellström et al. (2005)

Methods

The daily Tmax and Tmin series in grid boxes that fall within the selected regions
(Figure 2.1) were averaged for the two regions in individual RCMs, E-OBS and GriSt.
The numbers of grid boxes and their mean altitudes, likewise the number of stations
and their mean altitude in StAVG, are summarized in Table 2.1. Since RegCM has
a diﬀerent orientation of the spatial grid, the regions are slightly modiﬁed in this
model but the deviations are minor. Note that the mean elevation of grid boxes in
all RCMs except for RegCM and in both regions does not diﬀer by more than 7 m
from the mean elevation of the area in the E-OBS and GriSt databases; in RegCM,
the diﬀerences exceed 50 m and they are in the opposite direction in the two regions.
The basic comparison of the data sets (section 2.3.1) deals with mean monthly
and seasonal (December–February [DJF], March–May [MAM], June–August [JJA],
and September–November [SON]) Tmax and Tmin in the two regions over the period
1961–1990, as well as with the annual cycle of the diurnal temperature range. Differences in distribution functions and high and low quantiles of Tmax and Tmin are
evaluated in section 2.3.2, and extremes (20 and 50 year return values) are examined
in section 2.3.3. For the estimation of extremes of Tmax and Tmin , the generalized extreme value (GEV) distribution [Coles, 2001] was ﬁtted to samples of annual maxima
and minima using the method of L moments [Hosking, 1990].
Diﬀerences in the evaluation of the 5% quantile of Tmin and the diurnal temperature range (DTR) in RCMs against the two gridded data sets are examined in
section 2.4. Results for the whole area covered by the GriSt data are presented in
addition to the two regions.

2.3
2.3.1

Comparison of Temperature Characteristics
Between Data Sets of Observations
Basic Comparison of the Data Sets

Diﬀerences of mean monthly and seasonal temperatures between the two gridded
data sets are generally much larger for Tmin than for Tmax (Figure 2.2, Table 2.3). In
the case of Tmin , E-OBS is warmer than GriSt throughout the year and the diﬀerences
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Figure 2.2: Monthly means of daily maximum (Tmax ) and minimum (Tmin ) temperature and diurnal temperature range (DTR) in the E-OBS and StAVG data sets,
shown as anomalies from the GriSt data set, for the CL (left) and CH (right) regions
and the period 1961–1990. Shaded areas represent the 95% conﬁdence interval for
the GriSt monthly means estimated by bootstrapping (R = 10, 000).
are signiﬁcant at p = 0.01 according to the t test in all seasons in both regions. In the
CL region, the diﬀerences in Tmin are larger in autum (1.1 ◦ C) and winter (1.0 ◦ C)
than in spring (0.8 ◦ C) and summer (0.7 ◦ C); in the CH region, they are between
0.4 ◦ C and 0.6 ◦ C in all seasons. Smaller diﬀerences between the gridded data sets in
the CH region are probably related to the larger density of sites involved in E-OBS
in the central rather than the western part of the Czech Republic. For Tmax , the
diﬀerences are insigniﬁcant in both regions and they do not exceed 0.3 ◦ C in any
part of the year (Table 2.3).
The large overestimation of Tmin and prevailing slight underestimation of Tmax
in E-OBS in the CL region result in a substantial underestimation of the DTR
throughout the year (Figure 2.2): average DTR in E-OBS is lower by 0.7–1.3 ◦ C in
individual months, with the largest diﬀerences for the August–October period. The
underestimation of the DTR is smaller in the CH region but the bias is consistently
negative throughout the year as well (reaching 0.6 ◦ C in August–September). In all
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Table 2.3: Diﬀerences Between Mean Monthly and Seasonal Temperatures in the
E-OBS and GriSt Data Sets in the Two Regions Over 1961–1990.

Period

Mean
E-OBS

J
F
M
A
M
J
J
A
S
O
N
D
DJF
MAM
JJA
SON

−3.84
−2.49
0.31
3.83
8.15
11.39
12.81
12.62
9.80
5.85
1.73
−1.81
−2.72
4.10
12.29
5.79

J
F
M
A
M
J
J
A
S
O
N
D
DJF
MAM
JJA
SON

−5.97
−4.51
−1.50
2.34
6.73
9.84
11.23
11.09
8.21
4.09
−0.30
−4.02
−4.84
2.53
10.73
4.00

Tmin (◦ C)
Tmax (◦ C)
Mean
Mean Mean
GriSt E-OBS−GriSt E-OBS GriSt E-OBS−GriSt
Central Lowland
−4.99
1.15
0.99
0.77
0.23
−3.45
0.96
3.18
3.20
−0.02
−0.58
0.89
7.84
8.02
−0.18
3.02
0.81
13.51 13.72
−0.21
7.48
0.68
18.91 18.97
−0.06
10.75
0.64
22.06 22.10
−0.04
12.08
0.73
23.68 23.74
−0.06
11.78
0.85
23.27 23.53
−0.25
8.75
1.04
19.18 19.44
−0.27
4.67
1.19
13.67 13.71
−0.04
0.80
0.94
6.65
6.46
0.19
−2.71
0.89
2.62
2.45
0.16
−3.73
1.00
2.23
2.11
0.13
3.31
0.79
13.42 13.57
−0.15
11.54
0.74
23.01 23.13
−0.12
4.74
1.06
13.17 13.21
−0.04
Central Highland
−6.36
0.39
−0.56 −0.72
0.16
−4.89
0.39
1.64
1.52
0.12
−1.91
0.41
6.20
6.04
0.16
1.89
0.45
11.82 11.68
0.14
6.25
0.49
16.98 16.89
0.09
9.29
0.56
20.20 20.07
0.13
10.60
0.63
21.97 21.86
0.12
10.43
0.66
21.76 21.71
0.05
7.58
0.63
17.79 17.78
0.01
3.60
0.49
12.39 12.26
0.13
−0.64
0.35
5.11
4.84
0.27
−4.32
0.31
0.94
0.74
0.19
−5.20
0.36
0.64
0.48
0.16
2.08
0.45
11.66 11.53
0.13
10.12
0.61
21.32 21.23
0.10
3.52
0.49
11.77 11.63
0.14

Differences in the means significant at the 0.01 level according to the t test are shown in bold.
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months of the year in CL and in the warm half-year in CH, the average DTR in
E-OBS lies outside the 95% conﬁdence interval of the GriSt average monthly values
of DTR (Figure 2.2).
Figure 2.2 also shows a comparison of the two gridded data sets with simple
station averages (StAVG). For Tmin , diﬀerences between StAVG and GriSt are much
smaller than the diﬀerences between E-OBS and GriSt in all months and both regions. For Tmax , diﬀerences of StAVG and E-OBS from GriSt are comparable. DTR is
again much more realistically captured in StAVG than in E-OBS; in all months and
both regions, average DTR in the StAVG data set falls within the 95% conﬁdence
interval derived from GriSt.
Comparison of deviations of mean monthly temperatures in the E-OBS data set
and at individual weather stations in the two regions against the GriSt data set
(Figure 2.3) reveals that for Tmin in the CL region, diﬀerences between the E-OBS
and GriSt data are larger than diﬀerences between any single station and the GriSt
data. The spread of mean monthly temperatures among weather stations is very pronounced, mainly in the highland region (Figure 2.3, right), which is primarily due to
large diﬀerences in both altitude and microclimatic characteristics of the sites. Hence,
the choice of stations from a high-density data set that are made available within a
lower density data set (like ECA&D) substantially inﬂuences the interpolated data.
(This is discussed in more detail in section 2.5.)

2.3.2

Diﬀerences in Distribution Functions and Low and
High Quantiles of Daily Temperatures

Diﬀerences in monthly and seasonal means evaluated in the previous section do
not capture suﬃciently possible biases in the distributions of daily temperatures.
Figure 2.4 illustrates that the diﬀerences between E-OBS and GriSt are relatively
minor for Tmax in both seasons in the whole range of temperatures (1% to 99%
quantiles), except that the warm tail (high quantiles) is underestimated in E-OBS
in JJA. The plots are very diﬀerent for Tmin : the overestimation in E-OBS appears
for all quantiles in both seasons, and it is larger in the tails of the distribution. The
overestimation is particularly severe for the lower part of the distribution of Tmin in
DJF: the 1% to 5% quantiles are by 2.0–2.8 ◦C warmer in E-OBS than in GriSt, and
temperatures up to the lower quartile of the distribution are too warm in E-OBS by
more than 1.0 ◦ C. Averaged over all data below the 10% quantile of Tmin in DJF,
E-OBS has a warm bias of 2.1 ◦ C and 1.3 ◦ C in the CL and CH regions, respectively.
For the station average series (StAVG), diﬀerences from GriSt do not exceed 0.4 ◦ C
in the entire range of temperatures, including cold and warm tails, in both seasons,
and for both Tmax and Tmin . This comparison evinces that cold and warm tails of
the distributions of daily temperatures may be severely distorted in the E-OBS data
set, and these are generally more realistic in StAVG data than in E-OBS.
The diﬀerences in low and high quantiles of daily temperatures between the
E-OBS and GriSt data sets are manifested throughout the year (Figure 2.5). The
overestimation of the 5% quantile of Tmin in E-OBS is largest in winter (2.3 ◦ C in
January) but exceeds 0.6 ◦ C in all months in the CL region; the agreement with GriSt
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Figure 2.3: Comparison of deviations of mean monthly temperatures in the E-OBS
data set and at stations in the two regions against the GriSt data set, over the period
1961–1990.
is much better for StAVG (±0.3 ◦ C) than for E-OBS. Taking GriSt as the reference,
the root-mean-square error (RMSE) of the monthly values of the 5% quantile of
Tmin in the CL and CH regions is 1.37 ◦ C and 0.94 ◦ C in E-OBS while only 0.18 ◦ C
and 0.14 ◦ C in StAVG, respectively. Note that the 5% quantiles of Tmin in E-OBS
fall very far from the upper bound of the 95% conﬁdence interval estimated in the
GriSt data in most parts of the year for the CL region and in late summer and
early autumn also for the CH region (Figure 2.5, bottom). Although the diﬀerences
between E-OBS and GriSt are much smaller for the 95% quantile of Tmax (Figure 2.5,
top), StAVG tends to be closer to GriSt in some parts of the year also in this case,
and the upper tail of Tmax is too cold in the E-OBS data set mainly in the warm
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Figure 2.4: Diﬀerences of E-OBS and station average data (StAVG) with respect to
GriSt for quantiles of Tmax and Tmin in DJF and JJA in the central lowland region.
The 1% to 99% quantiles were calculated as empirical quantiles from the distribution
function.
season (with maximum bias of −0.6 ◦ C in August in the CL region). The RMSE of
the monthly values of the 95% quantile of Tmax is again smaller in StAVG (0.23 ◦ C
and 0.19 ◦ C in the CL and CH regions, respectively) than in E-OBS (0.29 ◦ C and
0.23 ◦ C).

2.3.3

Diﬀerences in Extremes of Tmax and Tmin

The diﬀerences between the two gridded data sets become particularly important for
tails of the temperature distributions and extremes. Table 2.4 compares temperatures
on 15 days with lowest Tmin and 15 days with highest Tmax (according to the GriSt
data set) over the period 1961–1990. The cold extremes are consistently too warm
in E-OBS, warmer by 2.8 ◦ C than in the GriSt data set on average. The opposite is
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Figure 2.5: Monthly (top) 95% quantile of Tmax and (bottom) 5% quantile of Tmin
in the E-OBS and StAVG data sets, shown as anomalies from the GriSt data set,
for the (left) CL and (right) CH regions and the period 1961–1990. Shaded areas
represent the 95% conﬁdence interval for the GriSt quantiles estimated using a block
bootstrapping (R = 10, 000) of daily temperatures, with the block length set to 3
days [cf. Moberg and Jones, 2005].
true for warm extremes, which are too cold in E-OBS, by 0.55 ◦ C on average. Note
also that the rank of the coldest and warmest days is not kept in the two data sets;
the agreement is again much better for Tmax than for Tmin .
The discrepancy between the gridded data sets grows toward the very tails of the
distributions, as summarized in Table 2.5 for 20 and 50 year return values of Tmin
and Tmax estimated using the GEV distribution. While diﬀerences between the GriSt
and StAVG data are within 0.5 ◦ C even at the 50 year return level for both Tmin and
Tmax and in both regions, the 50 year return values of Tmin are too warm by 3.2 ◦ C
(2.3 ◦ C) in E-OBS relative to GriSt in the CL (CH) region, and the 50 year return
values of Tmax are too cold by 0.7 ◦ C (0.8 ◦ C). This means that the severity of both
warm and cold extremes is substantially underestimated in E-OBS. Note that this
reduction in severity is not due to the fact that the E-OBS data represent areal (grid
box) averages rather than point values, because the GriSt data set is constructed in
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Table 2.4: Coldest Days in Tmin and Warmest Days in Tmax in the Central Lowland Region Over 1961–1990 According to the GriSt Data Set, and Corresponding
Temperatures in E-OBS
Date
9 Jan 1985
8 Jan 1985
14 Jan 1987
22 Dec 1969
7 Jan 1985
10 Jan 1985
12 Feb 1985
31 Jan 1987
13 Feb 1985
13 Jan 1987
7 Jan 1971
10 Jan 1968
5 Feb 1963
1 Feb 1987
21 Dec 1969

Tmin

Date
Tmax
17 Jul 1983
11 Jul 1984
18 Jul 1976
18 Jul 1983
1 Aug 1983
17 Aug 1974
17 Jul 1976
5 Aug 1990
16 Aug 1974
19 Aug 1976
24 Jul 1988
3 Aug 1963
25 Jul 1963
7 Aug 1971
4 Aug 1963

Coldest Days in Tmin
(E-OBS)(◦ C) Tmin (GriSt)(◦ C)
−22.15
−25.43
−22.90
−24.71
−22.47
−24.64
−20.57
−23.60
−21.13
−23.59
−19.95
−23.57
−21.52
−22.64
−17.96
−21.99
−19.71
−21.79
−20.78
−21.39
−17.64
−21.32
−17.65
−21.21
−16.49
−21.04
−17.70
−20.93
−18.16
−20.89
Warmest Days in Tmax
(E-OBS)(◦ C) Tmax (GriSt)(◦ C)
36.64
37.05
34.78
35.63
34.01
34.92
34.19
34.89
34.17
34.82
33.90
34.63
34.08
34.63
33.67
34.11
33.47
34.08
33.29
34.01
33.34
33.86
33.56
33.68
33.43
33.67
33.68
33.66
32.92
33.61

E-OBS−GriSt(◦ C)
3.28
1.81
2.17
3.03
2.46
3.62
1.12
4.03
2.08
0.61
3.68
3.56
4.55
3.23
2.73
E-OBS−GriSt(◦ C)
−0.41
−0.85
−0.91
−0.70
−0.65
−0.73
−0.55
−0.44
−0.61
−0.72
−0.52
−0.12
−0.24
0.02
−0.69
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Table 2.5: Twenty and 50 Year Return Levels (RLs) of Daily Tmin and Tmax Estimated
in the Two Regions From Data Over 1961–1990 in Diﬀerent Data Sets
Data Set
E-OBS
GriSt
StAVG
E-OBS
GriSt
StAVG

Tmin (◦ C)
20 Year RL 50 Year RL Data Set
Central Lowland
−21.06
−22.18
E-OBS
−24.02
−25.37
GriSt
−24.06
−25.35
StAVG
Central Highland
−21.78
−22.76
E-OBS
−23.89
−25.04
GriSt
−23.44
−24.58
StAVG

Tmax (◦ C)
20 Year RL 50 Year RL
35.02
35.56
35.86

35.67
36.38
36.71

33.22
33.82
33.82

34.18
34.98
34.94

a similar way. Rather, it relates to the fact that the data are oversmoothed due to
the low density of available station observations and the large radius within which
station data are involved in the interpolation [Haylock et al., 2008].

2.4

Evaluation of Control RCM Simulations
Against the GriSt and E-OBS Data Sets

The diﬀerences between the gridded data sets of observations also greatly inﬂuence
results of the evaluation of some temperature characteristics in climate models. Figure 2.6 depicts diﬀerences in the 5% quantile of Tmin in DJF between RCM control
simulations (1961–1990) and the GriSt (top) and E-OBS (bottom) data sets. The
general tendency to a warm bias in the RCMs is much more pronounced when GriSt
is used as the reference data set (Figure 2.6, top). The spatial pattern also changes:
while comparison against E-OBS (Figure 2.6, bottom) suggests larger positive bias in
the eastern part in some RCMs (HIRHAM, RegCM, RACMO), comparison against
GriSt shows a rather uniform tendency of all models to have larger positive bias
in the western (more maritime) than eastern (more continental) part of the area.
If the RCMs are evaluated against GriSt, RCA driven by ERA-40 performs best;
a tendency toward a slight warm bias (against GriSt; +0.78 ◦ C on average over the
area) is turned to a moderate cold bias (−0.69 ◦ C) if compared against E-OBS. The
REMO RCM is slightly better if validated against E-OBS in terms of the average
bias over the area (+0.58 ◦C), whereas it becomes clearly inferior when GriSt is used
as the reference (warm bias of 2.1 ◦ C; Figure 2.6). We emphasize that some errors in
the RCM simulations may emanate from biases in large-scale circulation statistics
from the driving ECHAM5 model; this idea is supported, for example, by a rather
general tendency of the RCMs to warm bias of Tmin in winter, which is reduced in
the RCA run driven by ERA-40.
The biases in other high and low quantiles of daily temperatures in the control
RCM simulations are summarized in Table 2.6 for the CL region. The magnitude of
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Figure 2.6: Diﬀerences in the 5% quantile of Tmin in DJF between control simulations of RCMs (1961–1990) and gridded observed data for (top) GriSt and (bottom)
E-OBS.
the bias is substantially inﬂuenced by the choice of the reference data set for Tmin ; the
diﬀerences are much smaller for Tmax . Amidst the simulations driven by ECHAM5,
REMO appears to perform best for both cold and warm tails of temperature. Note
that the RCA RCM gives a quite unrealistic upper tail of Tmax notwithstanding
whether it is driven by ECHAM5 or ERA-40.
Another temperature characteristic, the evaluation of which in the RCMs depends
to a large extent on the reference data set of observations, is the DTR. Spatial
patterns of the diﬀerences in DTR between the control RCM simulations and gridded
observed data are depicted for DJF in Figure 2.7 (for JJA, the deviations of E-OBS
from GriSt are even larger; cf. Figure 2.2). While comparison against GriSt shows
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Table 2.6: Diﬀerences in Low and High Quantiles of Daily Temperatures in Control RCM Simulations (1961–1990) Against the E-OBS and GriSt Data Sets in the
Central Lowland Regiona
Tmin DJF (◦ C)
Q1 (vs. E-OBS)
Q1 (vs. GriSt)
Q5 (vs. E-OBS)
Q5 (vs. GriSt)
HIRHAM
1.33
3.74
2.01
4.03
RACMO
1.48
3.90
2.20
4.23
RegCM
1.52
3.94
2.38
4.40
REMO
−2.30
0.12
0.53
2.56
RCA
2.55
4.96
3.43
5.46
−3.50
−1.09
−1.49
0.54
RCA ERA
Tmax JJA (◦ C)
Q95 (vs. E-OBS) Q95 (vs. GriSt) Q99 (vs. E-OBS) Q99 (vs. GriSt)
HIRHAM
3.32
3.03
3.77
3.70
RACMO
−0.80
−1.09
0.33
0.27
RegCM
−2.01
−2.30
−1.35
−1.41
REMO
−0.32
−0.61
0.41
0.35
RCA
−4.02
−4.31
−3.88
−3.95
RCA ERA
−3.48
−3.77
−3.30
−3.36
The RCM with the smallest bias (in absolute sense) in a given column is marked in bold.

that DTR is almost always underestimated (with bias exceeding −3 ◦ C in some grid
boxes in HIRHAM, REMO, and both RCA runs) and the underestimation tends to be
larger in the western than in the eastern regions, evaluation against E-OBS suggests
a relatively good reproduction of DTR (slight overestimation or underestimation
within 1 ◦ C), at least in some areas in the HIRHAM, RACMO, RegCM (all driven
by ECHAM5), and RCA (driven by ERA-40) RCMs, and the bias is generally much
less pronounced.
Mean monthly values of DTR in the control RCM simulations are compared
against the two gridded data sets in Figure 2.8. While comparison against GriSt
shows that DTR is underestimated in all RCMs throughout the year and that the
bias may reach 4 ◦ C in the warm season (in HIRHAM and both RCA runs, the bias
is larger than 3 ◦ C during whole summer), validation against E-OBS suggests that
the bias is close to zero or positive (DTR overestimated) in the cold season in some
RCMs (RACMO, RCA ERA) and the model error does not exceed 3 ◦ C in the warm
season and 1 ◦ C in winter for any investigated RCM. This example illustrates that
biases in some temperature characteristics may be substantially undervalued when
the control RCM simulations are compared against E-OBS.

2.5

Discussion and Conclusions

Some limitations in the E-OBS data set were examined and discussed by Hofstra et
al. [2009]. They focused on inhomogeneities in the gridded data, which propagate
from the station records; accuracy of estimates of interpolation uncertainty; and,
what is most relevant in the context of the present study, evaluation of inaccuracies arising through available station density by comparison of E-OBS with data
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Figure 2.7: Same as in Figure 2.6 but for the DTR.
developed within a denser station network. They found that errors in E-OBS are
generally more severe for precipitation than temperature. For daily Tmax and Tmin ,
the only available gridded data set derived from a dense station network was for the
United Kingdom and the 8 year period of 1995–2002. Diﬀerences between E-OBS
and the high-density data set were quite pronounced: they reported RMSE of daily
temperatures of 0.7−0.9 ◦ C, and an inconsistent bias over the United Kingdom, with
some indication of reduced DTR. (Areas too warm in Tmin were often too cold in
Tmax in the E-OBS data set.) With respect to the distribution function, they found
little dependence of the mean absolute error (around 0.5 ◦ C) on quantiles, with only
slightly larger errors for cold tails of Tmin and warm tails of Tmax than other parts
of the distributions. They conclude that (in E-OBS) “overall extreme temperature
events will be quite well represented”.
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Figure 2.8: Mean monthly DTR in RCMs evaluated against the GriSt and E-OBS
data sets for the period 1961–1990 in the CL region. Shaded areas show the 95%
conﬁdence intervals for the GriSt and E-OBS monthly means estimated by bootstrapping (R = 10,000).
The present analysis does not support this conclusion for the area of central
Europe. Large diﬀerences exist between the E-OBS data set and data gridded from
a high-density network of stations (GriSt), particularly in Tmin , and they become
more pronounced toward the tails of the distribution. Temperatures below the 10%
quantile of Tmin , which is still far from the very tail of the distribution and extremes,
are too warm by around 2 ◦ C in E-OBS in winter. A large bias in E-OBS is found
also for DTR (the sign of the bias agrees with that reported by Hofstra et al. [2009]).
For Tmax , the bias of which in E-OBS is much smaller, the errors are largest in the
upper tail of their distribution in summer (warm extremes are too cold). This may
again be an important limitation in some applications, including validation of the
frequency and severity of heat waves in climate models. The diﬀerences between the
gridded data sets propagate into the validation of RCM control climate simulations,
and evaluation of some characteristics crucially depends on what is considered the
reference data set of “observations” (i.e., area-averaged values for grid boxes) over
the control period (1961–1990).
Because interpolation typically occurs from much more distant stations in the
E-OBS than the high-density data set, this eﬀect results in oversmoothing of peaks
and troughs in the spatial patterns. Although this is much more important for precipitation than temperature, it also aﬀects, as demonstrated, daily temperatures to
a large extent. The inﬂuence of interpolation and station network density on the distributions of area-averaged temperatures in E-OBS was examined by Hofstra et al.
[2010] for ﬁve E-OBS grid boxes with a suﬃciently dense local station network. They
randomly sampled from the full station network within a grid box search radius (i.e.,
500 km for temperature) to create subnetworks of 4 to 250 stations; for each size,
100 random subsamples were created and the grid box areal averages were estimated
using the same approach as that used for E-OBS. When fewer stations have been
used for the interpolation, both temperature and precipitation are smoothed and the
smoothing is greatest for higher quantiles. Since the majority of E-OBS grid boxes
have between 4 and 15 stations available within the maximum search radius, a large

2.5. DISCUSSION AND CONCLUSIONS

38

part of the E-OBS gridded data are expected to be oversmoothed [Hofstra et al.,
2010]. This eﬀect is obviously manifested also in the area under study, in which the
density of sites available for E-OBS is close to the average one at the continental
scale.
Another factor that inﬂuences biases in the E-OBS data set is related to the
“choice” of the stations involved in the pan-European ECA&D data set: local inﬂuences related to speciﬁc microclimatic conditions at a given site (e.g., urban heat
island, and valley, slope, and summit eﬀects) may be spatially overrepresented. Urban stations (i.e., those located close to city centers and inﬂuenced by urban heat
islands and their intensiﬁcation) may introduce particularly large biases in data
interpolated from a sparse network. An example is the temperature series at the
Prague-Klementinum station, which is the only station involved in the ECA&D
project situated in a wide region of Central Bohemia (Figure 2.1). Although PragueKlementinum is known as one of the sites with the longest uninterrupted series of
daily temperature records in central Europe (dating back to 1775), the measurements are aﬀected by a number of local factors such as the location of the measuring
instruments within the Klementinum college building complex and its position in the
very center of the city. (More details on the station, including the urban heat island
changes during the 20th century, may be found in the work of Brázdil and Budíková
[1999]). The urban heat island eﬀect is more pronounced during winter and for Tmin ,
which seems to explain why the temperature biases of the E-OBS data in the CL
region are larger for Tmin . Figure 2.9 (bottom) illustrates how substantially mean
monthly Tmin and the 5% quantile of Tmin diﬀer at Prague-Klementinum and any
other station in the region throughout the year. Warm Tmin values in the city center
are obviously overrepresented in the E-OBS data. Note that, despite the heat island
eﬀect, the Prague-Klementinum station was involved, together with other stations
in the city of Prague, in the high-density network from which the GriSt data set
was interpolated (Figure 2.1). Owing to a much more complete sampling of station
data and a reasonably small search radius in the interpolation, however, the local
inﬂuences do not aﬀect the gridded temperatures over larger and more distant areas
in GriSt.
Because Tmin is more closely linked to local inﬂuences than Tmax [e.g., Jarvis and
Stuart, 2001], and the diﬀerences between the two gridded data sets are much larger
in Tmin than in Tmax , we hypothesize that the biases in the E-OBS data stem primarily from insuﬃcient sampling of daily temperatures in the relatively sparse station
network that is employed for the interpolation. The E-OBS interpolated data overestimate the representativeness of station observations and may propagate local eﬀects
very far from their sources (combined eﬀects of the relatively sparse station network
with a large radius of the area in which data are considered in the interpolation [500
km]; [Haylock et al., 2008]). Selecting smaller search radii might improve local detail,
but it would do so at the expense of providing fewer stations for variogram modeling
and interpolation in E-OBS. Because the interpolation methodology used in E-OBS
was selected after careful testing and comparing of methods [Hofstra et al., 2008],
the only remedy appears to be improvements in the amount and quality of data
available for the interpolation (see also later discussion). Note that the diﬀerences
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Figure 2.9: Comparison of (left) mean monthly temperatures and (right) the 95%
quantile of Tmax and 5% quantile of Tmin at Prague-Klementinum with other stations
in the CL region and E-OBS, shown as anomalies from the GriSt data set.
may also partly come from preprocessing of the data, particularly homogenization
(which has not been applied in E-OBS), but it is unlikely to be the main source of
the bias.
Simple station averages (StAVG) for the two examined regions lead to better
agreement with the GriSt data set in most temperature characteristics, especially in
those derived from Tmin . Note that StAVG was not adjusted in any way (for altitude
bias from the E-OBS/GriSt data set and/or uneven spatial coverage), so there is
space for further reﬁnements that may enhance the usefulness of station averages for
evaluating control RCM simulations, at least as a ﬁrst guess. They appear to be more
appropriate for this purpose than data gridded from a low-density station network
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like E-OBS. The bias of the E-OBS gridded data may substantially inﬂuence results
of the evaluation of climate models, as shown for selected temperature characteristics
in section 2.4.
Although the results are reported for a speciﬁc area for which the high-density
station network is available to the authors, the basic ﬁndings may be representative
at a larger scale. This is because the area under study is characterized by an approximately average density of stations in the ECA&D data set compared to other
parts of Europe (cf. Figure 2.1 and Haylock et al. [2008]), and it also has moderately
complex orography (interpolation quality is expected to be better in ﬂat regions and
further degrade in areas of complex terrain, e.g., mountains). Follow-up studies for
other parts of Europe are urgently required.
Because the E-OBS data set is “fundamentally limited by its underlying station
network” [Hofstra et al., 2009], much attention should be devoted to further improving the ECA&D station data. Insuﬃcient density of station data available over
most of Europe and small willingness of some participating institutions that operate
national weather services to provide high-quality daily data for the pan-European
data set are the main factors currently limiting applicability of the E-OBS gridded
data. One should also bear in mind that errors (and limitations) due to the insuﬃcient spatial density of stations in the E-OBS data are even much more severe for
precipitation than temperature [Hofstra et al., 2009].
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Abstract Reproduction of daily maximum and minimum temperatures, including tails of their distributions and links to large-scale circulation, is evaluated in
an ensemble of high-resolution regional climate model (RCM) simulations over the
Czech Republic. RCM data for recent climate (1961–1990) are validated against observed data gridded from a high-density station network. We ﬁnd large biases in
mean monthly temperatures and in seasonal extremes, which are signiﬁcant in most
RCMs throughout the year. The results suggest that an RCM’s formulation plays a
much more important role in summer, whereas in winter RCM performance is closely
linked to the driving GCM. Biases are usually larger for extremes than central parts
of temperature distributions, and RCMs tend to underestimate the severity of extremes in both seasons. Substantial underestimation of diurnal temperature range
throughout the year in all RCMs and a shift of maximum in its annual cycle suggest general errors in simulating climate processes aﬀecting the diﬀerence between
daytime and nighttime temperatures. Some features of the temperature biases in
RCMs are related to deﬁciencies in the simulation of atmospheric circulation, particularly too strong advection and overestimation of westerly ﬂow at the expense of
easterly ﬂow in most RCMs. The general biases in simulating anticyclonic, cyclonic
and straight ﬂow also contribute to the underestimated diurnal temperature range.

3.1

Introduction

The most widely used tools for simulating scenarios of climate change at regional
and local scales are regional climate models (RCMs) nested in global climate models
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(GCMs). Since RCM control outputs, usually evaluated for 1961–1990, suﬀer from
many deﬁciencies in the reproduction of observed climate conditions, it is necessary
to identify sources of these errors and address the deﬁciencies in further developing
the models. A number of papers dealing with validation of control RCM outputs have
demonstrated biases in surface air temperatures (over Europe e.g. Jacob et al., 2007;
Lenderink et al., 2007; Christensen et al., 2008; Kjellström et al., 2011). It is often
reported that the model errors are typically larger in tails of distributions (Kjellström
et al., 2007; Kyselý et al., 2008), which are particularly relevant for impacts on
ecosystems as well as society. The summary of advances in regional climate modelling
within the ENSEMBLES project (http://ensembleseu.metoﬃce.com/) are given in
van der Linden and Mitchell (2009), section 5: formulation of very-high-resolution
RCM ensembles for Europe.
Since one of the key determinants of climate in Europe is the large-scale atmospheric circulation, the temperature biases may depend on the ability of RCMs to
capture the circulation regimes and types (e.g. Sanchez-Gomez et al., 2009) and the
links between circulation and surface temperature (Turnpenny et al., 2002; Blenkinsop et al., 2009). Kjellström et al. (2011) found that temperature biases in RCA
simulations are to a large degree related to errors in how the driving GCMs simulate the large-scale circulation. So, if basic features of the links between circulation
patterns and surface temperatures are captured by the RCMs, the temperature biases may be related to errors in the atmospheric circulation rather than in the links
between circulation and temperature.
This paper focuses on evaluating recent climate (1961–1990) simulations of surface temperatures over the Czech Republic (Central Europe) and their links to largescale circulation in an ensemble of high-resolution RCMs. Within the ENSEMBLES
project, many RCM integrations over Europe with spatial resolution of around 25 km
were made available. The study examines combinations of runs that allow for investigating sources of temperature biases by comparing the same driving GCM in
combination with ﬁve diﬀerent RCMs, and a single RCM in combination with three
driving GCMs and the ERA-40 reanalysis (Uppala et al., 2005). The skill of the
RCMs in simulating atmospheric circulation, represented by classiﬁcation derived
from circulation indices (Barry and Carleton, 2001), is also evaluated and discussed
with respect to temperature errors.
The paper is structured as follows: the data and methods used are described in
Section 3.2, while analysis of models’ performance for various temperature characteristics and atmospheric circulation is presented in Section 3.3. Links between biases
in surface temperature and atmospheric circulation are examined in Section 3.4.
Discussion and conclusions follow in Sections 3.5 and 3.6.
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3.2.1

Data and methods
Regional climate models (RCMs)

The RCM output examined in this study was obtained from the RT3 database of
the EU-FP6 ENSEMBLES project (http://ensemblesrt3.dmi.dk/). The list of models and their acronyms is given in Table 3.1. The RCM simulations corresponding to
the control period of 1961–1990 are split into two parts: we investigate control simulations of ﬁve RCMs driven by the same GCM (ECHAM5; Roeckner et al., 2006)
and, separately, four runs of the RCA model (Kjellström et al., 2005) driven by three
diﬀerent GCMs (ECHAM5, BCM, and HadCM3) and the ERA-40 re-analysis (Uppala et al., 2005). This allows for examining diﬀerences between model simulations
due to the choices of RCM and driving GCM. All models have a spatial resolution
of about 25 km (0.22 ◦ ), and they use the same grid except for RegCM.
Table 3.1: Summary of the RCMs examined in this study and their acronyms
Institution
DMI (Danish Meteorological
Institute)
KNMI (Royal Netherlands
Meteorological Institute)
ICTP (Abdus Salam International
Centre for Theoretical Physics)
MPI (Max-Planck Institute)
SMHI (Swedish Meteorological
and Hydrological Institute)

3.2.2

RCM
HIRHAM

Driving GCM
ECHAM5

Reference
Christensen et al. (1996)

Acronym
hir ec3

RACMO

ECHAM5

Lenderink et al. (2003)

rac ec3

RegCM

ECHAM5

Giorgi et al. (2004)

rem ec3

REMO
RCA

ECHAM5
ECHAM5
BCM
HadCM3Q3
ERA-40

Jacob (2001)
Kjellström et al. (2005),
Samuelsson et al. (2011)

reo
rca
rca
rca
rca

ec3
ec3
bcm
hd3
ERA

Gridded observed data (GriSt))

Since each RCM grid box value is a best estimate average of the grid square, the
model data and point observations (stations) cannot be compared directly. In this
study, RCM daily maximum and minimum air temperatures (Tmax and Tmin) are
evaluated against gridded daily data (GriSt) interpolated from a high-density station network operated by the Czech Hydrometeorological Institute. The observations
were gridded onto the same 0.22 ◦ rotated pole grid that is common to all RCMs except for RegCM. The altitude of the grid boxes was taken from the high-resolution
European gridded data set (E-OBS, Haylock et al., 2008) and closely corresponds to
orography in most of the RCMs examined. We used the GriSt data set to represent
observations since a previous study showed that the E-OBS data are biased over
the Czech Republic, particularly for Tmin and in tails of temperature distributions
(Kyselý and Plavcová, 2010). The GriSt data set is superior due to a much denser
station network providing input data (268 stations with daily temperature measurements formed the input data set in GriSt, while only 13 stations were available in
this area for E-OBS), and consequently, much smaller search radius (which does not
lead to oversmoothing of data) may be applied in the interpolation.
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The interpolation method was introduced by Kyselý et al. (2008), who evaluated
temperature extremes in control simulations of RCMs from the PRUDENCE project,
and it is described in detail in Kyselý and Plavcová (2010). The quality control and
homogenization using the methodology described in Štěpánek et al. (2009) were
applied to the input station data. The grid point series of Tmax and Tmin were
calculated by the inverse distance weighting method (e.g. Isaaks and Srivastava,
1989) using data from all stations within a distance of 20 km from a given grid point;
if the number of stations within the radius was smaller than 6, more distant stations
were added until the condition of at least six stations for the interpolation was met.
Before applying inverse distance weighting, the data at neighbouring stations were
standardized with respect to the grid point altitude using a linear regression based
on altitudes and daily temperatures for each calendar month individually. For the
weighted average using the inverse distances, the power of 0.5 (square root) was
found suitable as it characterizes an ‘areal average’ for a grid point better than do
higher powers. Since the input data set is a high-density one, the GriSt data are
constructed so that the grid box values are relatively ‘local’ (the search radius is
small, particularly compared to E-OBS) but represent ‘areal averages’ rather than
point values.
The GriSt data set is evaluated in detail (against the E-OBS gridded data set
and station averages) in Kyselý and Plavcová (2010).

3.2.3

Method

For the evaluation of the RCMs, two speciﬁc regions in the Czech Republic were
deﬁned with respect to the basic grids used in the RCMs and the gridded observed
data set: Central Lowland (CL) and Central Highland (CH) regions (Fig. 3.1). While
the CL region represents a lowland area (one of two main agricultural regions in the
Czech Republic), with average altitude of grid boxes at 257 m a.s.l., the CH region is
a highland area with mean altitude of 549 m a.s.l. (both values refer to the gridded
observed data set). The two regions diﬀer in many climatological characteristics, see
for example, Kyselý (2010). Mean series of daily Tmax and Tmin were calculated
in individual RCMs and observed (GriSt) data by averaging data across grid boxes
that fall within each region. The numbers of grid boxes and their mean altitudes are
summarized in Table 3.2. Since RegCM has a diﬀerent orientation of the spatial grid,
the regions are slightly modiﬁed in this model but the diﬀerences are minor (except
that the RegCM model has generally less realistic orography and smaller diﬀerences
between lowland and higher elevated areas; see also Table 3.2). Note that the mean
elevations of grid boxes in all RCMs except for RegCM and in both regions do not
diﬀer by more than 7 m from the mean elevation of the area in the GriSt database.
In the case of RegCM, the diﬀerences exceed 50 m and are in opposite directions in
the two regions.
For estimating extremes (20-year return values) of Tmax and Tmin, the Generalized Extreme Value (GEV) distribution (Coles, 2001) was ﬁtted to samples of
annual maxima/minima using the method of L-moments (Hosking, 1990).
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Figure 3.1: Regions under study (Central Lowland, CL; Central Highland, CH).
Altitudes of grid boxes correspond to the observed data set (GriSt).
Table 3.2: Numbers of grid boxes/stations and their mean altitudes in the two regions
RCM run
hir ec3
rac ec3
rem ec3
reo ec3
rca ec3
rca bcm
rca hd3
rca ERA
GriSt

3.2.4

Central lowland (CL)
Number of grids Altitude [m a.s.l.]
18
264
18
264
16
315
18
264
18
261
18
261
18
261
18
261
18
257

Central highland (CH)
Number of grids Altitude [m a.s.l.]
12
553
12
553
14
496
12
553
12
548
12
548
12
548
12
548
12
549

Classiﬁcation of atmospheric circulation

Daily atmospheric circulation characteristics are represented by a classiﬁcation described in Barry and Carleton (2001) and derived from circulation indices (Jenkinson
and Collison, 1977). Flow direction (DIR), ﬂow strength (STR) and ﬂow vorticity
(VORT) were calculated from the gridded mean sea level pressure using equations
given in Blenkinsop et al. (2009), except that the grid cells in which the sea level
pressure data are considered were centred over Central Europe (15 ◦ E, 50 ◦ N) and the
coeﬃcients were adjusted to reﬂect the dependence of the grid box area on latitude.
The equations are summarized in the Appendix.
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DIR is divided into four quadrants (northeast 0–90 ◦ , southeast 90–180 ◦, southwest 180–270 ◦ and northwest 270–360 ◦ ). For STR and VORT < 6, the ﬂow is determined as unclassiﬁed (Barry and Carleton, 2001). For |VORT| < STR, the ﬂow
is straight; if STR ≤ |VORT| < 2 × STR, a hybrid direction/curvature type is
classiﬁed; and if |VORT| ≥ 2 × STR, the ﬂow is strongly cyclonic (VORT > 0) or
anticyclonic (VORT < 0).

3.3
3.3.1

Evaluation of RCM simulations
Evaluation of basic temperature characteristics in the
RCM simulations

Diﬀerences in monthly means of Tmax and Tmin between the control runs of RCMs
and the observed gridded data are shown separately for the RCMs driven by the
ECHAM5 GCM (Fig. 3.2), and the RCA RCM with various driving data (GCMs:
ECHAM5, BCM and HadCM3, and the ERA-40 re-analysis; Fig. 3.3).
While most of the models reproduce some characteristics of the annual cycle of
temperatures reasonably well in comparison to that obtained from GriSt, there are
many errors in the RCM simulations. Comparison of the left and right panels in
Figs 3.2 and 3.3 reveals that skills of the individual models are broadly independent
of the regions; the diﬀerences are much larger between Tmin and Tmax than between the CL and CH regions. The annual cycle of the bias in monthly means has a
similar pattern for Tmax and Tmin, except that Tmax tends to be underestimated
but Tmin overestimated in most parts of the year. The biases in mean monthly
temperatures reach up to +5.5 ◦ C for Tmin (in HIRHAM) and −4.5 ◦ C for Tmax
(in two runs of RCA). The shape of the annual cycle of the bias means that the
RCMs driven by ECHAM5 (Fig. 3.2) tend to have a ﬂatter annual cycle of Tmax
and Tmin and underestimate the diﬀerence between warm and cold season, except
for HIRHAM,which shows the opposite pattern.
The shaded areas in Figs 3.2 and 3.3 highlight the range of diﬀerences in mean
monthly temperatures among the RCMs. All investigated RCMs driven by ECHAM5
(Fig. 3.2) give Tmax and Tmin very similar in winter (diﬀerences between the ﬁve
RCMs around 1 ◦ C in December–February) whereas in the rest of the year, the
mean monthly temperatures diﬀer considerably (by more than 5 ◦ C in July) among
the models. A pattern almost opposite appears for a single-RCM driven by several
GCMs (Fig. 3.3): the runs of the RCA model diﬀer in simulations of temperatures
more in the cold half than warm half of the year.
The ﬁnding that the same driving data produce RCM simulations more similar
in winter than summer holds true for simulations of the same set of RCMs driven
by the ERA-40 re-analysis, too. Figure 3.4 shows that diﬀerences of mean monthly
temperatures between ﬁve examined RCMs driven by ERA-40 are also around 1 ◦ C
in winter, while they are surprisingly large (up to 4 ◦ C) in summer and autumn.
The biases reach up to ±3 ◦ C for some models despite the nearly perfect boundary
conditions, which illustrates that the errors of RCM simulations driven by ECHAM5
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Figure 3.2: Mean monthly temperatures in ﬁve RCMs driven by the ECHAM5 GCM,
shown as anomalies from the observed data (GriSt) for the period 1961–1990 in the
CL (left-hand side) and CH (right-hand side) regions. The shaded areas represent
the range of diﬀerences among the examined RCMs.
in summer (Fig. 3.2) cannot be attributed to the driving data only. The root-meansquare error of mean monthly temperatures, averaged over the ﬁve RCMs and two
regions, is only slightly larger for simulations driven by ECHAM5 (1.5 ◦ C for Tmax,
1.8 ◦ C for Tmin) than ERA-40 (1.1 ◦ C for Tmax, 1.3 ◦ C for Tmin). Hereafter, ‘error
of RCM’ is used to refer to a given RCM simulation notwithstanding whether it is
driven by a GCM or re-analysis.
The prevailing tendency of the RCMs towards too cold Tmax and too warm Tmin
is clearly manifested in a pronounced underestimation of the diurnal temperature
range (DTR; Fig. 3.5), which is found for all RCMs and in both regions throughout
the year. None of the examined RCMs reproduces the maximum in the annual cycle of
DTR that occurs in August; the maximum is shifted to May–July in the RCMs, and
even to April in the RCA runs driven by HadCM3 and ERA-40. This may indicate
errors in simulating the annual cycle of cloudiness, vertical heat transport or other
climate processes represented in RCM parametrizations (e.g. Lenderink et al., 2007;
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Kyselý et al., 2008) and aﬀecting the diﬀerence between daytime and nighttime
temperatures. All RCM-simulated mean monthly values of DTR lie outside the 95 %
conﬁdence intervals of the observed data except for RCA driven by HadCM3 in
February (Fig. 3.5).
Diﬀerences in mean seasonal temperatures in control RCM simulations (1961–
1990) against the observed data are signiﬁcant in most RCMs throughout the year
(Table 3.3). The model errors tend to be smallest and least signiﬁcant for Tmax in
MAM (which is in agreement with the result for ALADIN-Climate RCM across the
Balkan Peninsula; Kostopoulou et al., 2009), while for Tmin they are almost always
signiﬁcant. There is a rather general tendency towards too cold Tmax in MAM, JJA
and SON, as well as too warm Tmin throughout the year.
Spatial patterns of the model errors of mean winter and summer temperatures
over the Czech Republic are shown in Figs 3.6 and 3.7. The maps illustrate large
diﬀerences among the RCMs; the patterns as well as magnitude of the bias show
little consistency between seasons and variables. In DJF, all ﬁve models driven by
ECHAM5 show comparable performance and a similar bias: too warm Tmin, and

Figure 3.3: Same as in Fig. 3.2 but in four RCA simulations driven by diﬀerent GCMs
and the ERA-40 re-analysis.
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relatively good simulation of Tmax (slight warm bias). In JJA, diﬀerences between
the RCMs driven by ECHAM5 become much larger: while HIRHAM shows large
positive bias of Tmin (+4.5 ◦ C on average over the area), the average bias of Tmin
is less than 0.9 ◦ C in RACMO, RegCM and RCA.
Diﬀerences among the RCA runs are relatively minor in summer (too cold Tmax
and slightly too warm Tmin; Fig. 3.7). In winter, the diﬀerences become larger
(Fig. 3.6): the RCA run driven by HadCM3 simulates too cold Tmax/Tmin (by
−2.5 ◦ C/−1.9 ◦ C on average over the area) while the runs driven by ECHAM5 and
BCM produce warm biases (around +0.5 ◦ C for Tmax and +2.5 ◦ C for Tmin). This
again points to the role of the driving data, which impose strong control on the
RCM-simulated temperatures in winter; in summer, the RCM formulation becomes
more important.

Figure 3.4: Same as in Fig. 3.2 but in simulations driven by the ERA-40 re-analysis.
The acronyms used are analogous to those introduced in Table 3.1.
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Evaluation of distribution functions of daily temperatures

The quantile-quantile plots of Tmin in DJF (Fig. 3.8) show large distortions of the
distribution functions in the RCMs and particularly large biases in the lower part of
the distribution. Temperatures below the 10 % quantile are biased by around 3.4 ◦ C
in most RCMs. The bias is positive except for RCA driven by HadCM3, for which
the lower tail of Tmin in DJF is too cold. The ﬁve RCMs driven by ECHAM5
show remarkably similar errors, which obviously propagate to some extent from the
driving GCM. The four RCA simulations with diﬀerent driving models (bottom row
in Fig. 3.8) produce very diﬀerent distributions of Tmin if compared one to another.
The RCM simulation with the best performance is clearly RCA driven by the ERA40 re-analysis. This suggests that if the forcing of the RCM simulation by the driving

Figure 3.5: Mean diurnal temperature range (DTR) in ﬁve RCMs driven by the
ECHAM5 GCM (top panel) and in four RCA simulations driven by diﬀerent GCMs
and the ERA-40 re-analysis (bottom panel) in comparison to observed data (GriSt).
The shaded areas show the 95 % conﬁdence interval for the observed data estimated
by bootstrapping (R = 10000).
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Table 3.3: Evaluation of diﬀerences in mean seasonal Tmax and Tmin in control
RCM simulations (1961–1990) against the observed data (GriSt) in the two regions
RCM run
hir ec3
rac ec3
rem ec3
reo ec3
rca ec3
rca bcm
rca hd3
rca ERA

DJF (◦ C)
0.86
1.25
0.28
−0.28
0.40
−0.04
−2.96
−1.53

p-value
<0.01
<0.01
0.02
0.01
<0.01
0.70
<0.01
<0.01

RCM run
hir ec3
rac ec3
rem ec3
reo ec3
rca ec3
rca bcm
rca hd3
rca ERA

DJF (◦ C)
1.00
1.28
0.91
0.46
1.02
0.79
−2.23
−0.85

p-value
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01

RCM run
hir ec3
rac ec3
rem ec3
reo ec3
rca ec3
rca bcm
rca hd3
rca ERA

DJF (◦ C)
2.22
1.81
1.69
1.39
2.18
1.37
−2.71
−0.39

p-value
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01

RCM run
hir ec3
rac ec3
rem ec3
reo ec3
rca ec3
rca bcm
rca hd3
rca ERA

DJF (◦ C)
2.47
1.96
2.24
2.05
2.75
2.23
−2.03
0.29

p-value
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
0.04

a. Tmax
Central lowland (CL)
MAM (◦ C) p-value JJA (◦ C)
−0.01
0.96
1.26
−0.69
<0.01
−1.53
−2.91
<0.01
−3.28
−0.26
0.15
−1.27
−0.96
<0.01
−3.72
−0.27
0.11
−0.95
−2.31
<0.01
−3.10
−1.06
<0.01
−2.47
Central highland (CH)
MAM (◦ C) p-value JJA (◦ C)
−0.23
0.21
1.40
−0.47
<0.01
−1.07
−2.03
<0.01
−2.09
0.14
0.45
−0.85
−0.39
0.02
−3.27
0.14
0.39
−1.20
−1.90
<0.01
−2.83
−0.57
<0.01
−2.29
b. Tmin
Central lowland (CL)
MAM (◦ C) p-value JJA (◦ C)
3.13
<0.01
4.49
0.64
<0.01
0.34
−0.34
<0.01
−0.80
1.60
<0.01
1.19
1.76
<0.01
0.09
1.83
<0.01
1.78
−0.17
0.24
0.17
0.94
<0.01
0.58
Central highland (CH)
MAM (◦ C) p-value JJA (◦ C)
2.78
<0.01
4.37
0.88
<0.01
0.76
0.10
0.45
−0.08
1.63
<0.01
1.31
2.36
<0.01
0.92
2.65
<0.01
2.82
0.33
0.03
1.18
1.70
<0.01
1.54

p-value
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01

SON (◦ C)
0.82
−0.54
−2.02
−0.08
−1.65
−0.74
−3.37
−1.40

p-value
<0.01
<0.01
<0.01
0.65
<0.01
<0.01
<0.01
<0.01

p-value
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01

SON (◦ C)
0.64
−0.44
−1.49
0.28
−1.26
−0.43
−2.99
−1.07

p-value
<0.01
0.01
<0.01
0.11
<0.01
<0.01
<0.01
<0.01

p-value
<0.01
<0.01
<0.01
<0.01
0.20
<0.01
0.03
<0.01

SON (◦ C)
3.87
0.79
0.09
1.59
0.82
1.20
−1.18
0.38

p-value
<0.01
<0.01
0.46
<0.01
<0.01
<0.01
<0.01
<0.01

p-value
<0.01
<0.01
0.27
<0.01
<0.01
<0.01
<0.01
<0.01

SON (◦ C)
3.60
0.98
0.48
1.73
1.55
2.28
−0.36
1.20

p-value
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
0.01
<0.01

Notes: p-value stands for the level at which the difference between the means is significantly
different from zero according to the t-test. The differences in means significant at the 0.05 level
are highlighted in bold.

model is ‘correct’, the RCA RCM is able to provide quite realistic distribution of
Tmin in winter (note also much better simulations of mean monthly Tmin in RCMs
driven by re-analysis than in runs driven by GCMs in winter, Figs 3.2–4). The errors
in the other simulations of RCA are likely connected with errors in the driving GCM.
For Tmax in JJA (Fig. 3.9), all RCMs show a better skill for the lower part of
the distribution (cold tail) than the upper part (warm tail). The four RCA runs with
diﬀerent driving data display similar tendencies, and in particular a large negative
bias for the upper part of the distribution (for above-median Tmax). The only model
that has a positive bias of warm extremes is HIRHAM. In contrast to Tmin in
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DJF, none of the models, including the RCA driven by the re-analysis, produces a
temperature distribution close to the observed one for Tmax in JJA. It is noteworthy
that the errors in the RCA run driven by ERA-40 are quite similar to the errors in
the other runs of RCA driven by GCMs (Fig. 3.9). This highlights the important
role of the RCM formulation and parametrization schemes for surface temperatures
in summer (e.g. the soil scheme’s sensitivity to drying, Seneviratne et al., 2002).
Figure 3.10 illustrates that the model errors in the cold tail of Tmin (5 % quantile)
are typically larger in the cold than warm season while the opposite is true for the
warm tail of Tmax (95 % quantile). This means that the model errors tend to be
largest for those tails of the temperature distributions that are particularly relevant
for impacts, that is, cold extremes in winter and warm extremes in summer, which
may impose some limitations also on the credibility of their scenarios for future time
horizons and use of these scenarios in impact studies.

Figure 3.6: Diﬀerences in mean Tmax (top) and Tmin (bottom) between control
RCM simulations and observed data (GriSt) in DJF.
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Evaluation of low and high quantiles of daily temperatures and extremes

Since warm extremes in summer and cold extremes in winter are most closely associated with environmental and societal impacts of surface temperature conditions,
we focus on the reproduction of tails of the distributions of Tmax in summer and
Tmin in winter and the respective extremes in this section.
The models’ errors in 20-yr return values (estimated using the GEV distribution)
and low quantiles of Tmin in DJF and high quantiles of Tmax in JJA are summarized
in Table 3.4. For Tmax in JJA, two RCMs – RACMO and REMO – show a good skill
in reproducing the upper tail (the bias is smaller than 1 ◦ C in most characteristics).
The bias in RegCM is small only in the CH region while it becomes pronounced
in the CL region. This is related to a combination of the prevailing cold bias and
smoothed orography in the model (see Table 3.2), which has too high elevation of
the lowland region (and hence large cold bias) but too low elevation of the highland
region (and hence the cold bias is reduced). In the other RCMs, the typical bias in the

Figure 3.7: Fig. 3.7. Same as in Fig. 3.6 but for JJA.
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upper tail exceeds 3 ◦ C (in absolute value), and it is negative except for HIRHAM.
A remarkably large cold bias in the 20-yr return level of Tmax is found also for RCA
driven by the ERA-40 re-analysis (between 4 and 5 ◦ C). This is in accordance with
ﬁndings of Nikulin et al. (2010), who showed that the bias of the 20-yr return level
of Tmax in RCA driven by ERA-40 is larger and more signiﬁcant than the mean

Figure 3.8: Quantile-quantile plots of Tmin in DJF for RCM simulations against
observed data (GriSt) in the CL region. The 1 to 99 % quantiles (marked with crosses)
were calculated as empirical quantiles from the distribution function.

Figure 3.9: Same as in Fig. 3.8 but for Tmax in JJA.
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bias in six RCA runs driven by diﬀerent GCMs in Central Europe (in that study,
RCA runs with ∼50 km resolution were examined).
For Tmin in DJF, the lower tail is captured in the RCA driven by the ERA-40
re-analysis (Table 3.4). The small bias of the 1 % quantile and the 20-yr return value
of Tmin in REMO is due to compensating eﬀects of a warm bias in Tmin (which is
quite pronounced for the 5 % quantile up to around the median of the distribution;
cf. the upper right graph in Fig. 3.8) and a heavier lower tail of the distribution of
Tmin. Except for REMO, the errors in the lower tail of Tmin are pronounced in the
other RCMs driven by GCM data, and they are positive with the exception of the
RCA driven by HadCM3, which shows a large negative bias.
If warm and cold extremes are considered together, the only model reproducing
both the warm and cold tails of the temperature distributions is REMO (Table 3.4).

Figure 3.10: The 95 % quantile of Tmax (Q95, left-hand side) and the 5 % quantile
of Tmin (Q05, right-hand side) in ﬁve RCMs driven by the ECHAM5 GCM (top
panel) and four RCA simulations driven by diﬀerent GCMs and the ERA-40 reanalysis (bottom panel), shown as anomalies from the observed data (GriSt) for
the period 1961–1990 in the CL region. The shaded areas represent the range of
diﬀerences among the examined RCMs.
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Table 3.4: Diﬀerences in extremes (20-yr return values, r.v.) and low (1 % and 5 %)
and high (95 % and 99 %) quantiles of daily temperatures in control RCM simulations
(1961–1990) against the observed data (GriSt) in the two regions
Central lowland (CL)
RCM run
Tmin, DJF (◦ C)
Tmax, JJA
20-yr r.v.
Q01
Q05
Q95
Q99
hir ec3
3.38
3.74
4.03
3.03
3.70
rac ec3
4.28
3.90
4.23 −1.09
0.27
rem ec3
3.36
3.94
4.40 −2.30 −1.41
reo ec3
0.20
0.12
2.56 −0.61
0.35
rca ec3
5.66
4.96
5.46 −4.31 −3.95
rca bcm
1.43
2.59
2.72 −1.42 −1.37
rca hd3
−3.13 −3.59 −3.99 −3.84 −3.19
rca ERA
−0.37 −1.09
0.54 −3.77 −3.36
Central highland (CH)
RCM run
Tmin, DJF (◦ C)
Tmax, JJA
20-yr r.v.
Q01
Q05
Q95
Q99
hir ec3
1.71
2.06
3.47
2.92
3.77
rac ec3
1.41
2.03
3.09 −0.31
0.59
rem ec3
2.25
3.42
4.25 −0.86 −0.15
reo ec3
−0.43 −0.39
2.41 −0.15
0.39
rca ec3
2.47
3.33
5.09 −3.61 −3.56
rca bcm
2.03
2.11
3.12 −2.42 −2.70
rca hd3
−4.37 −4.24 −4.06 −3.99 −2.49
rca ERA
0.12
0.35
0.89 −3.55 −3.65

(◦ C)
20-yr r.v.
4.24
0.03
−1.86
0.05
−5.01
−2.87
−3.07
−4.12
(◦ C)
20-yr r.v.
3.38
−0.03
−0.45
−0.80
−4.45
−4.84
−3.20
−4.91

Note: Absolute values of the bias less than 2 ◦ C are marked in bold.

A rather general (although not uniform) tendency of the other RCMs is to underestimate the severity of extremes, that is, to have a warm bias for cold extremes while
a cold bias for warm extremes.

3.3.4

Atmospheric circulation simulated in RCMs

Frequencies of circulation types in the RCM simulations are compared in Table 3.5
with those derived from the ERA-40 reanalysis over 1961–1990. Although most of
the models capture at least some circulation characteristics, the diﬀerences among
the RCMs are large. This holds true even within the set of RCMs driven by the
same GCM (ECHAM5), in which one RCM – HIRHAM – develops circulation that
deviates from the other RCMs with the same driving data. HIRHAM has a much
larger frequency of southwesterly types at the expense of northwesterly types in both
seasons, and it has a smaller frequency of anticyclonic types and larger frequencies
of cyclonic types and straight ﬂow in winter (Table 3.5).
Rather general features of the models’ errors in circulation characteristics, common to all RCMs, are overestimated straight ﬂow in both seasons plus underes-

3.4. LINKS BETWEEN BIASES IN SURFACE TEMPERATURE AND
ATMOSPHERIC CIRCULATION

60

Table 3.5: Relative frequencies of circulation and directional types (in %) for classiﬁcation calculated from circulation indices (Barry and Carleton, 2001; Blenkinsop
et al., 2009) for the RCM simulations and the ERA-40 re-analysis over 1961–1990
DJF
ERA40
hir ec3
rac ec3
rem ec3
reo ec3
rca ec3
rca bcm
rca hd3
rca ERA
JJA
ERA40
hir ec3
rac ec3
rem ec3
reo ec3
rca ec3
rca bcm
rca hd3
rca ERA

Straight Cyclonic Anticyclonic Hybrid Uncl. NW SW
27.6
8.0
39.0
21.2
4.2
28.0 38.2
38.3
12.7
18.5
27.9
2.7
23.2 48.1
28.0
9.2
33.9
25.3
3.6
32.8 38.7
31.0
11.1
28.9
26.6
2.4
36.8 38.1
30.0
8.9
31.6
26.4
3.1
32.9 39.3
30.1
10.2
29.0
26.5
4.2
33.0 39.5
30.4
8.3
31.2
24.2
5.9
20.4 55.4
29.7
15.2
23.9
25.9
5.3
29.8 34.9
29.5
11.6
30.7
23.2
5.1
32.3 33.2
Straight Cyclonic Anticyclonic Hybrid Uncl. NW SW
30.9
7.2
13.0
22.1
26.8 27.9 27.1
40.5
3.8
17.6
27.8
10.3 27.2 52.8
36.4
6.3
13.9
24.8
18.6 37.8 26.9
44.0
4.5
14.0
23.6
13.9 42.5 31.6
39.4
7.4
13.1
25.4
14.7 39.2 29.7
40.4
6.6
13.0
25.2
14.7 41.7 30.3
33.2
16.5
4.2
21.1
25.0
9.4 11.8
34.7
10.3
10.1
22.1
22.7 22.4 27.0
31.8
8.7
11.7
23.0
24.9 31.4 24.9
Note: Details on the classification are given in Section 3.2.4.

SE
21.6
16.1
15.7
13.3
15.9
15.1
13.3
19.0
17.1
SE
19.4
12.4
12.6
9.4
11.7
10.1
41.2
26.2
15.8

NE
12.2
12.6
12.8
11.7
11.9
12.4
10.9
16.3
17.4
NE
25.5
7.5
22.7
16.6
19.3
17.9
37.6
24.4
27.9

timated anticyclonic and overestimated cyclonic types in winter (Table 3.5). Note
that the atmospheric ﬂow is completely distorted in the RCA driven by BCM in
summer, which makes results of this particular run somewhat suspicious: 79 % of
days have a ﬂow with the easterly component compared to 45 % in ERA-40, and
northwesterly and southwesterly ﬂows as well as anticyclonic types are 2–3 times
less frequent than in ERA-40. Westerly types (NW and SW considered together)
are overestimated in winter in all model runs except for RCA driven by HadCM and
ERA-40. The strong overestimation of westerly types at the expense of easterly types
over Europe in winter seems to be a rather general feature of climate models, as it
has been reported by Blenkinsop et al. (2009) for all examined PRUDENCE RCMs,
by Demuzere et al. (2009) for ECHAM5 GCM, and by Kjellström et al. (2011) for
several RCA runs driven by diﬀerent GCMs (including ECHAM5).

3.4
3.4.1

Links between biases in surface temperature
and atmospheric circulation
Relationship between circulation types and surface temperature

To illustrate the relationships between circulation types and surface temperatures,
the daily Tmax and Tmin values were converted into anomalies by subtracting their
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annual cycles over the baseline period of 1961–1990 (smoothed with 11-day running
means). Mean daily Tmax and Tmin anomalies on days falling into each circulation/directional type are shown for the observed data in Table 3.6, and they are
compared with those derived for RCMs in Fig. 3.11.

Figure 3.11: Mean daily Tmax and Tmin anomalies on days falling into individual
circulation types over 1961–1990 calculated for the CL region and airﬂow indices
from the ERA-40 sea level pressure data (triangles) and for eight RCMs (shown as
box plots). S, straight; C, cyclonic; A, anticyclonic; h, hybrid; NW, northwesterly;
SW, southwesterly; SE, southeasterly; NE, northeasterly ﬂow.
The inﬂuence of the direction from which the ﬂow is advected is large, particularly
for Tmax. In winter, a ﬂow with the easterly component (SE, NE) is generally linked
to cold temperature anomalies and a ﬂow with the westerly component (SW, NW)
to warm anomalies; in summer, the pattern is shifted by 90 ◦ and a ﬂow with the
northerly component (NW, NE) leads to cold anomalies and a southerly ﬂow (SW,
SE) to warm anomalies. Strongly cyclonic ﬂow is linked to cold Tmax anomalies in
both seasons and smaller cold/warm Tmin anomalies in winter/summer. Strongly
anticyclonic ﬂow is linked to warm Tmax anomalies in both seasons and cold Tmin
anomalies in summer. Average temperature anomalies associated with the hybrid
ﬂow are minor and insigniﬁcant, as expected (Table 3.6).
The observed links are reproduced reasonably well in the RCMs (Figs 3.11 and
3.12). Colours in Fig. 3.12 illustrate the mean temperature anomaly (with respect
to the mean annual cycle in a given RCM) linked to each circulation/directional
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type. In winter, an easterly ﬂow, cyclonic types and straight ﬂow are associated
with negative anomalies of Tmax while a southwesterly ﬂow and anticyclonic types
with positive anomalies in all RCMs (Figs 3.11 and 3.12). In summer, a northerly
ﬂow and cyclonic types are characterized by negative anomalies of Tmax while a
southerly ﬂow and anticyclonic types by positive anomalies in all RCMs. In general,
the circulation characteristics are much more closely linked to anomalies of Tmax
than Tmin for the observed data, especially in summer, and this is captured also in
the RCMs (Table 3.6, Fig. 3.11).

Figure 3.12: Overview of temperature anomalies (represented by colours) on days
falling into individual circulation types and biases in frequencies of circulation types,
for observed and RCMs data, in the CL region over 1961–1990. Total temperature
biases (in ◦ C) in given seasons and for given variables are shown in the right columns.
Relative frequencies of types (in %) for observed data (ERA-40) are shown in the ﬁrst
row of panels. Symbols + and − indicate the ratio between simulated and observed
frequencies of the types (see legend).
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Table 3.6: Mean daily Tmax and Tmin anomalies on days falling into individual
circulation types over 1961–1990
DJF
Tmax (◦ C)
Tmin (◦ C)
JJA
Tmax (◦ C)
Tmin (◦ C)

Straight
−0.4
0.0
Straight
−0.4*
0.0

Cyclonic
−1.1*
−0.4
Cyclonic
−2.3*
0.6*

Anticyclonic
0.7*
0.0
Anticyclonic
0.8*
−0.9*

Hybrid
−0.1
0.1
Hybrid
−0.1
−0.2

NW
1.6*
1.9*
NW
−2.5*
−0.6*

SW
1.0*
0.9*
SW
1.5*
0.1

SE
−2.2*
−2.4*
SE
3.1*
0.6*

NE
−3.2*
−3.1*
NE
−1.1*
0.1

Notes: The values were calculated for GriSt temperature data in the CL region and airflow indices
from the ERA-40 sea level pressure data. Symbol * denotes the anomalies significantly different
from zero at the 0.05 level; the critical values were estimated by block bootstrapping (R = 10000,
the same number and length of sequences of days falling into given types were resampled).

3.4.2

Inﬂuence of atmospheric circulation on temperature
biases in the RCMs

Comparing biases in temperature and circulation characteristics in the RCMs yields
some insight into sources of the errors in simulated surface temperatures, and it
shows that the largest temperature biases are usually linked to corresponding biases
in the simulation of large-scale circulation.
Winter (DJF)
A conspicuous common feature of most RCMs (all ﬁve runs driven by ECHAM5, as
well as the RCA run driven by BCM) is a warm bias (larger for Tmin than Tmax);
the RCA driven by HadCM3 clearly stands out as it has a large cold bias (Figs 3.6
and 3.8). All six model runs with the warm bias overestimate ﬂows with the westerly
component (NW, SW; Table 3.5) at the expense of ﬂows with the easterly component
(NE, SE). This points to a too strong inﬂuence of the Atlantic Ocean (an advection
of maritime, relatively warm air masses) on surface temperatures and reduced continental inﬂuences. Table 3.6 shows that ﬂow with the westerly (easterly) component
is linked to pronounced warm (cold) temperature anomalies in winter. The idea that
the circulation-related bias is important for winter temperatures is supported by the
fact that the only two RCM simulations with cold bias (the RCA runs driven by
HadCM3 and ERA-40) display the opposite pattern with overestimated northeasterly (cold) ﬂow at the expense of southwesterly (warm) ﬂow.
A general feature of all the RCMs is that they underestimate (overestimate)
the frequency of strongly anticyclonic (strongly cyclonic and straight) ﬂow in winter (Table 3.5). Underestimation of anticyclonic ﬂow (linked to warm anomalies of
Tmax, Fig. 3.12) and overestimation of cyclonic and straight ﬂows (linked to cold
anomalies of Tmax) support relatively colder Tmax in comparison to Tmin, since the
warm/cold eﬀect of strongly anticyclonic/cyclonic days is much larger on Tmax than
Tmin anomalies (cf. Table 3.6). This circulation-related bias is likely to contribute
to the underestimation of DTR that is universal for the examined RCMs.
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Figure 3.5 shows relatively smaller underestimation of the simulated DTR in
winter by RACMO in comparison to most other models. The underestimation of
DTR may be supported by overestimation of the frequencies of straight ﬂow (too
strong advection resulting in reduced Tmax), which is found in all RCMs except
RACMO (Table 3.5).
Summer (JJA)
Diﬀerences in atmospheric circulation among the RCMs are larger (Table 3.5) and the
relationship between errors in circulation and in surface temperatures is somewhat
less obvious in summer than winter.
Similarly to winter, all RCMs overestimate the straight ﬂow days (associated with
strong advection, Table 3.5), which may be one of the reasons for generally colder
Tmax in the RCMs and the underestimation of DTR (Fig. 3.5).
HIRHAM is the model with the largest warm bias in summer (Figs 3.6 and 3.12).
This may partly be explained by the noticeable overestimation of southwesterly ﬂow
associated with large positive temperature anomalies (Fig. 3.12): southwesterly ﬂow
is simulated on 53 % of summer days by HIRHAM in comparison to 27 % in the ERA40 data (and 12–32 % in the other RCM simulations; Table 3.5). The large warm bias
in the upper tail of Tmax (Fig. 3.9) and extremes (Table 3.4) in HIRHAM is obviously
related to this circulation bias with enhanced southwesterly ﬂow and warm advection.
The frequency of northeasterly ﬂow, associated with negative Tmax anomalies, is
for HIRHAM only about a quarter of that for ERA-40 re-analysis (Table 3.5). The
peculiarity of HIRHAM as to circulation statistics over Central Europe is surprising
also in comparison to similar characteristics in the other RCMs driven by ECHAM5.
This suggests that HIRHAM is the only RCM to considerably modify circulation
patterns relative to the driving GCM.
The RCA run driven by BCM is relatively warmer in comparison to the other
RCA runs in summer, which is also linked to its distorted circulation (see Section 3.3.4 and Table 3.5) and mainly pronounced overestimation (underestimation) of
the southeasterly (northwesterly) ﬂow that is generally connected with large positive
(negative) temperature anomalies in summer (Fig. 3.12).
The two examples (HIRHAM and RCA driven by BCM) point out the inﬂuence
of overestimating ﬂow with the southerly component on the bias of surface temperatures in the RCM simulations in summer. The frequency of northerly (cold) ﬂow
is enhanced at the expense of southerly (warm) ﬂow in most other RCMs in comparison to the re-analysis (Table 3.5), which suggests that the prevailing tendency
towards cold bias of Tmax (Figs 3.7 and 3.12) is linked to this circulation bias.
Note also that the relationship to circulation is much stronger for Tmax than Tmin
in summer (Table 3.6, Fig. 3.12; cf. similar ﬁndings in Blenkinsop et al., 2009, for
the United Kingdom). That is why the cold circulation-related bias is manifested
mainly for Tmax (Fig. 3.7) while Tmin (with prevailing warm bias) is related more
to land-atmosphere coupling and vertical moisture and energy ﬂuxes.
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Discussion
Role of the driving model

In winter, all investigated RCMs driven by ECHAM5 give mean monthly/seasonal
Tmax and Tmin (Figs 3.2 and 3.6) as well as shapes of the distribution function
(Fig. 3.8) that are very similar. This suggests an important role of the driving model
in governing surface temperature distributions in cold season. In summer, on the
other hand, the ﬁve RCM simulations driven by ECHAM5 diﬀer substantially in
all temperature characteristics. This is demonstrated for mean monthly temperature
also in simulations driven by re-analysis (Fig. 3.4). An opposite pattern is found
for runs of the RCA RCM with diﬀerent driving data: they vary in temperature
characteristics less in the warm than cold part of the year (cf. Fig. 3.8 versus Fig. 3.9).
In other words, the RCM formulation is more important in summer than in winter
while the opposite holds for the role of the driving GCM. This is in line with one’s
expectation as well as with other studies (e.g. Holtanová et al., 2010), but the given
ensemble of RCMs illustrates this pattern particularly well. The more important role
of driving data in winter than summer is supported by the fact that RCM circulation
characteristics are inﬂuenced by the driving data (GCM/re-analysis) more in winter
than summer; a larger spread in circulation characteristics among models in summer
has been reported by van Ulden et al. (2007) and Sanchez-Gomez et al. (2009) for
the PRUDENCE and ENSEMBLES RCMs.
The general tendency to produce distorted distributions of Tmin in all RCMs
driven by ECHAM5 in winter, with large overestimation in the lower parts of the
distributions (Fig. 3.8), is likely to originate in the driving data as well, since it is
reduced or disappears for RCA simulations other than the one driven by ECHAM5.
RCA driven by the ERA-40 re-analysis is the model run with the best performance
as to the distribution of Tmin in winter, which suggests that the RCA RCM is able
to provide quite realistic winter Tmin if the forcing by the driving model is correct.
Simulations of other RCMs driven by re-analysis also produce monthly Tmin in
winter close to observations. The errors in RCM simulations driven by GCM data in
winter seem to be closely connected with errors in the driving GCM. In summer, on
the other hand, the RCA run driven by re-analysis produces errors and distribution
of Tmax similar to those of the other RCA runs (Fig. 3.9). This highlights the
important role of an RCM (and its inner conﬁguration and parametrization) for
modelling surface temperatures in summer.

3.5.2

Temperature extremes

The examined RCMs suﬀer from generally larger errors in simulating temperature
extremes than central parts of the temperature distributions (cf. similar results reported for the PRUDENCE RCMs by Kjellström et al., 2007 and Kyselý et al.,
2008). We ﬁnd that the errors tend to be largest for those tails of the temperature
distributions that are particularly relevant for impacts (lower tails of Tmin in winter
and upper tails of Tmax in summer); similar results were reported by Jacob et al.

3.5. DISCUSSION

66

(2007) for the PRUDENCE RCMs. The biases reach up to 5 ◦ C (for the 20-yr return
values, Table 3.4) and they diﬀer by sign among the RCMs. As shown by Nikulin et
al. (2010), the biases of the 20-yr return temperatures in RCA runs are less significant and smaller in Central Europe compared, for example, to Scandinavia where
they reach up to 10 ◦ C and more. The large errors as well as large variability among
the models may limit the credibility of RCMs in simulating extreme temperature
events in future climate scenarios. Because some errors in the distribution functions
propagate from the driving GCM (Fig. 3.8 clearly reveals similar errors in the lower
tail of Tmin in all ﬁve RCMs driven by ECHAM5), it is also necessary to employ
RCMs with diﬀerent driving models and boundary conditions in constructing climate
change scenarios.
Our results show that only one RCM (REMO) captures reasonably well both
warm and cold tails of the temperature distributions in Central Europe. When mean
temperatures are considered, however, the results for REMO are more biased (cf.
Tables 3.3 and 3.4), so the relatively good performance for extremes is due to some
compensating eﬀects that inﬂuence the simulated temperature distributions.

3.5.3

Links between biases in temperature and atmospheric
circulation

Observed and GCM- or RCM-simulated relationships between surface air temperature and atmospheric circulation, described by circulation indices, have been examined mainly for the United Kingdom (Osborn et al., 1999; Turnpenny et al., 2002;
Blenkinsop et al., 2009). We ﬁnd that a simple classiﬁcation scheme derived from
the same set of indices characterizing ﬂow direction, strength and vorticity is useful
for examining links between circulation and temperature biases in climate model
simulations also in Central Europe, that is, in an area where continental inﬂuences
become more important relative to Western Europe and the United Kingdom. Comparing errors in circulation and surface temperatures yields insight into sources of
the temperature biases in individual RCMs.
The links to circulation diﬀer noticeably depending on season and for Tmax and
Tmin; they are generally much more pronounced for Tmax (Fig. 3.11). The examined
RCMs reproduce the observed relationships fairly well. Since some circulation types
are linked to large temperature anomalies, the deﬁciencies in simulating atmospheric
circulation in RCMs (cf. Table 3.5) produce biases in simulated surface temperature distributions. Stronger advection in RCMs and especially the direction of the
advected ﬂow play the most important roles. Warm advection is associated with
westerly ﬂow in winter (i.e. mild and moist air is advected from the North Atlantic).
Overestimated zonal ﬂow in all RCMs driven by ECHAM5 contributes to their warm
bias while the pronounced cold bias of the RCA run driven by HadCM3 is related to
underestimation of the zonal ﬂow and overestimation of the cold northeasterly ﬂow.
In summer, warm advection is associated with southerly ﬂow. That may at least
partly explain the warm bias in HIRHAM and RCA driven by BCM, since these
models overestimate the warmer southerly ﬂow at the expense of the northerly ﬂow.
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The deﬁciencies in simulating large-scale circulation (especially the overestimated
advection) could also partly explain the substantial underestimation of the DTR
found in all RCMs throughout the year. A shift of maximum in its annual cycle to
late spring–early summer suggests, however, that other errors in simulating climate
processes aﬀecting the diﬀerence between daytime and nighttime temperatures that
are rather general for the examined models play roles, and these need to be identiﬁed
for further development of the models in follow-up studies.

3.6

Conclusions

Evaluation of daily maximum (Tmax) and minimum (Tmin) temperatures in an
ensemble of high-resolution RCM simulations of recent climate against a data set
interpolated from a high-density station network in the Czech Republic shows large
biases in mean monthly and seasonal temperatures (reaching up to +5.5 ◦ C and
−4.5 ◦ C) as well as in tails of the distributions of daily temperatures. The biases are
usually larger for extremes than central parts of temperature distributions, and for
those tails of the distributions that are particularly relevant for impacts, that is, cold
extremes in winter and warm extremes in summer. Substantial underestimation of
DTR is detected in all RCMs throughout the year (reaching up to 4 ◦ C in summer
in some RCM runs), and the maximum of the annual cycle of DTR is shifted from
August to spring or early summer in all RCMs. Since we ﬁnd that (i) RCMs driven
by the same driving data give temperature biases very similar in winter (diﬀerences
among the ﬁve RCMs around 1 ◦ C) whereas in the rest of the year, the mean monthly
temperatures diﬀer considerably among the models (by more than 5 ◦ C in July), and
(ii) the runs of the same RCM with diﬀerent driving data diﬀer in simulation of
temperatures more in the cold half than warm half of the year, we infer that an
RCM’s formulation plays a much more important role in summer whereas in winter
the RCM performance is closely linked to the driving data.
Some features of the temperature biases of RCMs may be related to deﬁciencies
in the simulation of large-scale atmospheric circulation. The links of temperature
anomalies to circulation types diﬀer noticeably depending on season and for Tmax
and Tmin. We show that the observed relationships are reproduced quite well in the
examined RCMs, so an overestimation (underestimation) of circulation types that are
associated with signiﬁcant temperature anomalies may produce large temperature
biases. Potential sources of warm and cold biases of RCMs are too strong advection
and overestimation of westerly ﬂow at the expense of easterly ﬂow in most RCMs, and
wrong simulation of frequencies of days with anticyclonic, cyclonic and straight ﬂows.
Some deﬁciencies in the simulation of atmospheric circulation probably contribute
also to the underestimated DTR in the examined RCMs.
There are several open issues that deserve further investigation, for example, why
the HIRHAM RCM develops circulation that substantially deviates from all other
RCMs with the same driving data, and thus obviously considerably modiﬁes circulation patterns relative to the driving GCM. Future studies should also address in more
detail the contribution of the driving GCM data (including circulation patterns) to
the RCM errors.
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A realistic reproduction of the large-scale atmospheric circulation in control RCM
and GCM simulations is very important for the use of these models in constructing
scenarios of possible future climate. As shown by Kjellström et al. (2011), the spread
in the results of a single RCM (RCA) is largely dependent on the choice of GCMs,
that is, the choice of the driving data (and circulation patterns). The skill of the
models in capturing the atmospheric circulation and the links between circulation
and surface air temperature (as well as other meteorological variables) needs to be
examined more thoroughly in GCM and RCM evaluation studies, and the ﬁndings
may also be used to ‘weight’ GCM/RCM data in constructing future climate change
scenarios. Scenarios based on models with a considerably biased circulation in the
control climate (such as RCA driven by BCM in this study) should be given very
low weights since their climate is unrealistic, and this is likely to hold for future
projections as well.
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The airﬂow indices are calculated using MSLP in the grid points shown in Fig. 3.13.
Flow strength is the total net westerly w and southerly s ﬂow:
STR =

√

w 2 + s2 .

(3.1)

The westerly (zonal) component of the geostrophic surface wind is calculated as
the pressure gradient between 45 ◦ N and 55 ◦ N and represents the westerly ﬂow w:
w = 0.5 · (p[4] + p[5]) − 0.5 · (p[12] + p[13]).

(3.2)

s = 1.56 · (0.25 · (p[13] + 2 · p[9] + p[5])
− (0.25 · (p[12] + 2 · p[8] + p[4])) .

(3.3)

The southerly (meridional) component of the geostrophic surface wind represented by the pressure gradient between 10 ◦ E and 20 ◦ E is the southerly ﬂow s:

The constants used in these equations reﬂect the diﬀerent sizes of grid cells at each
latitude.
The direction of ﬂow DIR is calculated as
DIR = arctan

w
s

;

added 180 ◦ if s ≥ 0,

and 360 ◦ if s < 0 or w ≥ 0.

(3.4)
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Figure 3.13: Grid points used to construct the airﬂow indices for Central Europe.
The total shear vorticity VORT is the sum of the westerly and southerly vorticities:
VORT = zw + zs,

(3.5)

where zw corresponds to the diﬀerence of the westerly ﬂow between 40 ◦ N and
50 ◦ N and of that between 50 ◦ N and 60 ◦ N
zw =

1.08 · (0.5 · (p[1] + p[2]) − 0.5 · (p[8] + p[9]))
−0.94 · (0.5 · (p[8] + p[9]) − 0.5 · (p[15] + p[16])) .

(3.6)

And, zs is the diﬀerence of the southerly ﬂow between 30 ◦ E and 20 ◦ E and of that
between 10 ◦ E and 0 ◦ E
zw = 1.21 · (0.25 · (p[14] + 2 · p[10] + p[6])
−0.25 · (p[13] + 2 · p[9] + p[5])
−0.25 · (p[12] + 2 · p[8] + p[4])
+0.25 · (p[11] + 2 · p[7] + p[3])) .

(3.7)
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Corrigendum

Tellus, 2011, 63A, 1052-1054, doi:10.1111/j.1600-0870.2011.00540.x
PLAVCOVÁ E. and KYSELÝ J. Evaluation of daily temperatures in Central
Europe and their links to large-scale circulation in an ensemble of regional climate
models. Tellus 63A, 763-781.
Due to a computational error, circulation types classiﬁed using the comparison of
ﬂow strength and ﬂow vorticity in a given day (i.e. the straight, cyclonic, anticyclonic
and hybrid types) were determined incorrectly. Obviously, this error changes results
of the relative frequencies of these types over the studied period (part of Table 3.5)
and the mean temperature anomalies on days falling into the circulation types (parts
of Table 3.6 and Figs 3.11 and 3.12). Results for the directional types as well as the
evaluation of temperatures simulated in RCMs stay unchanged.
Table 3.7 shows that after the correction, there are more/fewer days with straight
ﬂow in winter/summer, fewer days with cyclonic and anticyclonic types in winter,
and an increase of anticyclonic types in summer in the ERA-40 data and all RCMs.
However, the general patterns that RCMs underestimate straight ﬂow in both seasons and underestimate/overestimate anticyclonic/cyclonic types in winter compared
to ERA-40 remain unchanged. Since relative comparisons of the frequencies in the
observed data and RCMs have been primarily discussed in the text, conclusions are
unchanged.
Table 3.7: Revisions in Table 3.5. Relative frequencies of circulation and directional
types (in %) for classiﬁcation calculated from circulation indices (Barry and Carleton,
2001; Blenkinsop et al., 2009) for the RCM simulations and the ERA-40 re-analysis
over 1961–1990. Details on the classiﬁcation are given in Section 3.2.4
DJF
ERA40
hir ec3
rac ec3
rem ec3
reo ec3
rca ec3
rca bcm
rca hd3
rca ERA
JJA
ERA40
hir ec3
rac ec3
rem ec3
reo ec3
rca ec3
rca bcm
rca hd3
rca ERA

Straight
36.9
45.8
36.4
40.2
39.2
38.5
40.9
37.9
39.0
Straight
21.4
28.0
27.9
32.2
29.8
30.6
27.5
25.9
24.5

Cyclonic
5.1
10.9
6.4
7.8
6.5
7.6
5.7
10.7
6.8
Cyclonic
8.7
4.9
7.1
5.8
7.6
6.9
17.4
13.2
8.0

Anticyclonic
25.8
9.1
22.6
17.1
21.2
19.2
14.7
14.1
19.8
Anticyclonic
19.9
24.4
21.3
21.6
19.6
20.1
7.0
16.6
19.1

Hybrid
27.9
31.4
30.9
32.5
30.1
30.5
32.9
32.0
29.2
Hybrid
23.2
32.4
25.2
26.4
28.3
27.7
23.1
21.6
23.6

Uncl.

NW

SW

SE

NE

Uncl.

NW

SW

SE

NE
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Table 3.8 and Figs 3.14–3.15, however, indicate that there are changes in mean
anomalies of Tmax and Tmin linked to these circulation types. The changes are in
magnitude and signiﬁcance of the anomaly, and in some cases in winter also in the
sign of the anomaly. The most important change is for anticyclonic types in winter,
when both mean Tmax and Tmin anomalies are signiﬁcantly negative (in contrast
to prior results when mean Tmax anomaly was positive). However, the pattern that
Tmax is relatively warmer in comparison to Tmin for anticyclonic types is still true.
So, all the discussions in the text that the underestimation of anticyclonic types
contributes to the underestimation of diurnal temperature range are valid for the
correct data, too.
Table 3.8: Revisions in Table 3.6. Mean daily Tmax and Tmin anomalies on days
falling into individual circulation types over 1961–1990. The values were calculated
for GriSt temperature data in the CL region and airﬂow indices from the ERA-40
sea level pressure data. Symbol * denotes the anomalies signiﬁcantly diﬀerent from
zero at the 0.05 level; the critical values were estimated by block bootstrapping
(R = 10,000, the same number and length of sequences of days falling into given
types were resampled)
DJF
Tmax (◦ C)
Tmin (◦ C)
JJA
Tmax (◦ C)
Tmin (◦ C)

Straight
0.3
0.6*
Straight
−1.3*
−0.1

Cyclonic
−0.6*
0.3
Cyclonic
−0.8*
1.3*

Anticyclonic
−1.0*
−1.7*
Anticyclonic
1.0*
−1.1*

Hybrid
0.7*
0.8*
Hybrid
−0.3
−0.0

NW

SW

SE

NE

NW

SW

SE

NE

In Discussion (Section 3.5.3), the ﬁnding that temperature-circulation links are
generally more pronounced for Tmax than Tmin stays true only for summer. No
changes are needed in the Abstract and Conclusions of the paper.
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Figure 3.14: Revised Fig. 3.11. Mean daily Tmax and Tmin anomalies on days falling
into individual circulation types over 1961–1990 calculated for the CL region and
airﬂow indices from the ERA-40 sea level pressure data (triangles) and for 8 RCMs
(shown as boxplots). S - straight, C - cyclonic, A - anticyclonic, h - hybrid, NW northwesterly, SW - southwesterly, SE - southeasterly, NE - northeasterly ﬂow.
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Figure 3.15: Revised Fig. 3.12. Overview of temperature anomalies (represented by
colours) on days falling into individual circulation types and biases in frequencies of
circulation types, for observed and RCMs data, in the CL region over 1961–1990.
Total temperature biases (in ◦ C) in given seasons and for given variables are shown
in the right columns. Relative frequencies of types (in %) for observed data (ERA-40)
are shown in the ﬁrst row of panels. Symbols + and − indicate the ratio between
simulated and observed frequencies of the types (see legend).
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Abstract The study examines simulation of atmospheric circulation, represented
by circulation indices (ﬂow direction, strength and vorticity), and links between circulation and daily surface air temperatures in regional climate models (RCMs) over
Central Europe. We explore control simulations of ﬁve high-resolution RCMs from
the ENSEMBLES project driven by re-analysis (ERA-40) and the same global climate model (ECHAM5 GCM) plus of one RCM (RCA) driven by diﬀerent GCMs.
The aims are to (1) identify errors in RCM-simulated distributions of circulation
indices in individual seasons, (2) identify errors in simulated temperatures under
particular circulation indices, and (3) compare performance of individual RCMs with
respect to the driving data. Although most of the RCMs qualitatively reﬂect observed
distributions of the airﬂow indices, each produces distributions signiﬁcantly diﬀerent from the observations. General biases include overestimation of the frequency of
strong ﬂow days and of strong cyclonic vorticity. Some circulation biases obviously
propagate from the driving data. ECHAM5 and all simulations driven by ECHAM5
underestimate frequency of easterly ﬂow, mainly in summer. Except for HIRHAM,
however, all RCMs driven by ECHAM5 improve on the driving GCM in simulating
atmospheric circulation. The inﬂuence on circulation characteristics in the nested
RCM diﬀers between GCMs, as demonstrated in a set of RCA simulations with different driving data. The driving data control on circulation in RCA is particularly
weak for the BCM GCM, in which case RCA substantially modiﬁes (but does not improve) the circulation from the driving data in both winter and summer. Those RCMs
77

4.1. INTRODUCTION

78

with the most distorted atmospheric circulation are HIRHAM driven by ECHAM5
and RCA driven by BCM. Relatively strong relationships between circulation indices
and surface air temperatures were found in the observed data for Central Europe.
The links diﬀer by season and are usually stronger for daily maxima than minima.
RCMs qualitatively reproduce these relationships. Eﬀects of the driving model biases
were found on RCMs’ performance in reproducing not only atmospheric circulation
but also the links to surface temperature. However, the RCM formulation appears
to be more important than the driving data in representing the latter. Diﬀerences
of the circulation-to-temperature links among the RCA simulations are smaller and
the links tend to be more realistic compared to the driving GCMs.
Keywords Regional climate models, Global climate models, Atmospheric circulation, Surface air temperature, ENSEMBLES, Central Europe

4.1

Introduction

Regional climate models (RCMs) driven by outputs of global climate models (GCMs)
are the most widely used tools for simulating regional climate change scenarios (IPCC
2007; van der Linden and Mitchell 2009). Since their control simulations (termed also
“hindcasts” if driven by data corresponding to observations) of surface air temperatures suﬀer from deﬁciencies in reproducing recent climate conditions (Christensen
et al. 2010; Lorenz and Jacob 2010; Kjellström et al. 2011), it is important to identify sources of these errors and address them in further developing the models, for
example by including improved parameterization of small-scale physics. Since the
temperature biases may depend on atmospheric circulation (Moberg and Jones 2004;
Kjellström et al. 2011; Plavcová and Kyselý 2011), this study focuses on the ability
of the climate models to simulate the large-scale atmospheric circulation and the
links between circulation and surface air temperatures.
Previous analysis by Sanchez-Gomez et al. (2009) showed that 13 RCM simulations from the ENSEMBLES project (Hewitt and Griggs 2004; van der Linden and
Mitchell 2009) reasonably well reproduce weather regimes behaviour over Europe in
terms of a composite pattern, mean frequency of occurrence, and persistence during the control period. The source of diﬀerences between the model simulations and
driving ERA-40 re-analysis (Uppala et al. 2005) is not only the internal variability
of RCMs but also the procedure for applying the lateral boundary conditions and
physical parameterizations related to each model. Since the large-scale ﬂow is weaker
in summer and there is less control exerted by the lateral boundary conditions, these
diﬀerences increase for all RCMs in summer (Sanchez-Gomez et al. 2009). The weaker
atmospheric circulation and increasing relevance of smaller-scale processes included
in RCMs produce also more important diﬀerences between an RCM run and its driving GCM mean pressure ﬁelds in summer compared to winter (Jacob et al. 2007).
Previous studies reported that an RCM generally improves on the driving GCM in
the simulation of atmospheric circulation and mean pressure ﬁelds (Turnpenny et
al. 2002; Jacob et al. 2007). However, RCMs inherit much of their circulation biases
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from their driving models, and especially in winter (van Ulden et al. 2007). Kjellström et al. (2011) investigated several runs of the RCA RCM (Samuelsson et al.
2011) and found that the GCM-forced simulation biases in temperature and pressure
are generally larger than in the run driven by the ERA-40 re-analysis.
This study concentrates on daily circulation indices derived from mean sea level
pressure, which are often used for simple representation of the basic airﬂow characteristics over a given location: ﬂow direction, strength and vorticity (Jenkinson and
Collison 1977). These circulation indices have been used to assess the relationships
between the atmospheric circulation and daily temperature of an individual GCM
(Osborn et al. 1999), RCM (Turnpenny et al. 2002), and six RCM runs from the
PRUDENCE project (Blenkinsop et al. 2009) over the British Isles. These studies
reported that although the investigated models qualitatively reproduce the observed
distributions of the indices (including the changing seasonal distributions), most
models produce distributions that are signiﬁcantly diﬀerent from the observations.
While the RCMs reproduce the general relationships between the atmospheric circulation and temperature, biases are noted particularly for extreme values of the
indices (Blenkinsop et al. 2009). An analysis by Turnpenny et al. (2002) indicates
marked improvement in reproduction of the relationships by an RCM (Hadley Centre’s HadRM2) in comparison to a GCM (HadCM2; Osborn et al. 1999). The links
between atmospheric circulation characterized by the circulation indices and precipitation were studied e.g. by Maraun et al. (2011) and Pfeiﬀer and Zängl (2011). The
circulation indices may also be used to produce a simple classiﬁcation of circulation
types, as used e.g. by Demuzere et al. (2009) over Western Europe and Plavcová and
Kyselý (2011) over Central Europe. The latter study shows that since some circulation types are linked to large temperature anomalies, the deﬁciencies in simulating
atmospheric circulation in RCMs may contribute to biases in simulated surface air
temperature.
There also have been eﬀorts to estimate and quantify temperature biases due
to the circulation biases. Van Ulden and van Oldenborgh (2006) examined relations
between variations in the atmospheric circulation and temperature in ﬁve GCMs
over Europe. They found that circulation-induced biases were modest (up to 2 ◦ C)
and generally smaller than temperature biases from other sources. Osborn et al.
(1999) found that a maximum of around 20% of daily temperature variability can
be captured by using the airﬂow indices, and this dramatically increases to 65%
when the inter-annual variability of seasonal means is considered. More variance is
also captured by considering the relationship between temperature and a pair of the
airﬂow indices simultaneously (Osborn et al. 1999).
This paper studies the ability of ﬁve RCMs from the ENSEMBLES project to
simulate the observed daily atmospheric circulation, represented by airﬂow indices,
and the links to the surface air temperature over Central Europe in control runs
(1961–1990). In order to examine the inﬂuence of the boundary conditions on the
models’ performance, runs driven by the ERA-40 re-analysis are compared to those
driven by GCMs, and the RCM outputs are also compared with the driving data.
The paper is structured as follows: the data and methods are described in Sect. 4.2.
Results concerning the reproduction of seasonal observed frequencies of circulation
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indices and the links between indices and temperatures are given in Sect. 4.3. Discussion and conclusions follow in Sects. 4.4 and 4.5.

4.2
4.2.1

Data
Regional climate models (RCMs)

The RCM simulations examined in this study were obtained from the RT3 database
of the EU-FP6 ENSEMBLES project (http://ensemblesrt3.dmi.dk/). We investigated 12 simulations of 5 RCMs over the control period of 1961–1990. The RCM
runs were split into three parts: (1) runs driven by the ERA-40 re-analysis (Uppala
et al. 2005), (2) runs driven by global climate model ECHAM5 (Roeckner et al.
2006), and (3) simulations of the RCA RCM with diﬀerent driving data (ERA-40
re-analysis, as well as ECHAM5, BCM [Furevik et al. 2004] and HadCM3 [Gordon et
al. 2000] GCMs). The 5 RCMs under study represented the complete set of models
for which high-resolution simulations driven by both ERA-40 and the same GCM
were available at the time we began the analysis.
This set of RCM simulations allows for examining diﬀerences due to the choice of
RCM and the driving data: the boundary conditions from re-analysis are regarded
as ‘perfect’ and errors of these runs are interpreted as RCM errors, while runs driven
by a GCM allow to evaluate how the RCM modiﬁes the global model outputs. The
list of models and the acronyms used are given in Table 4.1. All RCMs have a spatial
resolution of about 25 km (∼ 0.22◦ ), and they use the same grid except for RegCM.
The ECHAM5, BCM and HadCM3 GCMs, which are used as boundary conditions for the investigated RCM runs, are evaluated as well in order to estimate their
inﬂuence on RCMs’ errors.
Table 4.1: Summary of the examined ENSEMBLES RCM runs and their acronyms
Institution
DMI (Danish Meteorological
Institute)
KNMI (Royal Netherlands
Meteorological Institute)
ICTP (Abdus Salam International
Centre for Theoretical Physics)
MPI (Max-Planck Institute)
SMHI (Swedish Meteorological
and Hydrological Institute)

4.2.2

RCM
HIRHAM
RACMO
RegCM
REMO
RCA

Driving data
ERA-40
ECHAM5
ERA-40
ECHAM5
ERA-40
ECHAM5
ERA-40
ECHAM5
ERA-40
ECHAM5
BCM
HadCM3Q3

Reference
Christensen et al. (1996)
Lenderink et al. (2003)
Giorgi et al. (2004)
Jacob (2001)
Kjellström et al. (2005)
Samuelsson et al. (2011)

Acronym
hir ERA
hir ec3
rac ERA
rac ec3
rem ERA
rem ec3
reo ERA
reo ec3
rca ERA
rca ec3
rca bcm
rca hd3

Observed data

Daily observed air temperatures were taken from the gridded dataset (GriSt, Kyselý
and Plavcová 2010) interpolated from a high-density station network operated by
the Czech Hydrometeorological Institute onto the 0.22◦ rotated pole grid that is
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identical for most of the RCMs. The altitude of the grid points (Fig. 4.1) was taken
from the high-resolution European gridded dataset (E-OBS; Haylock et al. 2008)
and closely corresponds to the orography in most of the RCMs examined. We used
the GriSt data set to represent observations since a previous study showed that the
E-OBS data, often used for RCMs validation, is biased for temperature over the
Czech Republic (Kyselý and Plavcová 2010). The GriSt dataset is superior due to a
much denser station network providing input data and a much smaller search radius
applied in the interpolation.
Observed circulation indices were calculated from the ERA-40 re-analysis (see
Sect. 4.2.3).

Figure 4.1: Left: Sixteen grid points used to construct the airﬂow indices over Central
Europe (the equations are summarized in Appendix 4.1). Right: Eighteen grid cells
that deﬁne the region under study (the Central Lowland region) for the observed
and RCM temperatures (black border ). The altitude of the grid boxes is taken from
the observed (GriSt) temperature data set and closely corresponds to orography in
most of the RCMs examined. White borders show location of the single GCMs’ grid
boxes from which temperature data were used

4.2.3

Methods

In order to avoid random sampling variability at the grid scale and to obtain more
robust results, the links between atmospheric circulation and surface air temperature
were investigated for area-averaged temperatures in the Central Lowland region of
the Czech Republic (located approximately at 50 ◦ N and 15 ◦ E; Fig. 4.1). The region was deﬁned with respect to the basic grids used in the RCMs and the gridded
observed dataset. It is characterized by a relatively homogeneous climate and represents one of the two main agricultural regions in the Czech Republic. Mean series
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of daily Tmax and Tmin were calculated in individual RCMs and in the observed
data by averaging data over grid boxes within the region. There are 18 such grid
boxes in GriSt and all RCMs except RegCM (with 16 grid boxes). Since anomalies
of daily temperature from their mean annual cycle are examined, slight diﬀerences
in the mean elevation of the grid boxes in the RCMs and the GriSt database do not
introduce any bias.
The links between large-scale circulation and temperature in the driving GCMs
were analysed for comparison with the RCMs. Due to the sparse spatial resolution
(∼1.87 ◦ in ECHAM5, ∼2.8 ◦ in BCM, and 2.5 × 3.75 ◦ in HadCM3), daily temperature series in GCMs were taken from the nearest grid (located at 15 ◦ E and 49.43 ◦ N
in ECHAM5, 14.1 ◦ E and 48.8 ◦ N in BCM, and 15 ◦ E and 50 ◦ N in HadCM3), as
shown in Fig. 4.1. Temperatures from one grid box provide the best representation
of the region under study in GCMs’ data, since these correspond rather to spatial
averages than point values (Osborn and Hulme 1997) and the grid box area is comparable with (in ECHAM5) or larger than (in the other two GCMs) the Central
Lowland region over which the data in RCMs are spatially averaged (Fig. 4.1).
Daily atmospheric circulation characteristics are represented by the circulation
indices introduced by Jenkinson and Collison (1977). Grid-point mean sea level pressure (MSLP) values over the area from 40 ◦ N to 60 ◦ N and 0 ◦ E to 30 ◦ E (Fig. 4.1)
were used to calculate ﬂow direction (DIR), ﬂow strength (STR) and ﬂow vorticity
(VORT) using equations from Blenkinsop et al. (2009), except that the grid cells
in which the MSLP data are considered were centred over Central Europe (15 ◦ E,
50 ◦ N). The coeﬃcients were adjusted to reﬂect the dependence of the grid box area
on latitude. The equations are summarized in Appendix 4.1.
Since the GCMs grids do not include all the grid points used to calculate the
circulation indices, the value for each grid point in the left part of Fig. 4.1 was
interpolated from the four nearest grid points (one from each quadrant) in a GCM
and weighted by the inverse value of the distance. If the nearest model grid points
are located on the same line of longitude/latitude as the required grid point from
Fig. 4.1, only two grid points were used for interpolation. We checked and found
that there are only minor diﬀerences between the frequencies of circulation indices
calculated from interpolated grids and those calculated using the nearest grid points
from the model grid without any interpolation.
The control period of 1961–1990 is examined and the four standard climatological seasons are analysed separately (DJF stands for December–February; similarly
MAM, JJA and SON).

4.3
4.3.1

Results
Distributions of atmospheric circulation indices in
RCMs

Seasonal frequency distributions of the airﬂow indices DIR, STR and VORT are
shown separately for the RCM runs driven by ERA-40 and by ECHAM5, as well
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as for the RCA runs with diﬀerent driving data (Fig. 4.2). The distributions are
compared to those derived from the ERA-40 re-analysis (grey areas). For RCM runs
driven by GCMs we also show comparison to a distribution obtained from these
GCMs.
Most of the RCMs are able qualitatively to reproduce the observed distributions
of the airﬂow indices and their seasonal changes. However, comparison with the 95%
conﬁdence interval of ERA-40 indicates that all RCM distributions for each airﬂow

Figure 4.2: Winter (a), spring (b), summer (c) and autumn (d) frequency distributions of the three airﬂow indices for the period 1961–1990 in 5 RCMs driven by the
ERA-40 re-analysis (upper row ) and the ECHAM5 GCM (middle row ), as well as
in 4 RCA simulations with diﬀerent driving data (lower row ). The shaded/coloured
areas represent the 95% conﬁdence intervals of ERA-40/GCMs as described in Appendix 4.2. ec3/bcm/hd3 stands for ECHAM5/BCM/ HadCM3 GCM
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index diﬀer signiﬁcantly from ERA-40. The most distorted atmospheric circulation is
simulated in HIRHAM driven by ECHAM5 and RCA driven by BCM. The diﬀerences
between the HIRHAM run and driving ECHAM5 are extremely large, and HIRHAM
is the only RCM substantially deviating from the driving ECHAM5 circulation,
which holds true in all seasons. Large diﬀerences among the RCA runs with diﬀerent
driving data indicate a strong inﬂuence of the driving data on RCM performance.
The best RCA run in reproducing the observed distributions of circulation indices
is the run driven by re-analysis, while there are signiﬁcant diﬀerences in the runs
driven by GCMs.
DIR is generally modelled much better during winter than summer, and the
largest diﬀerences among all RCM runs are in the simulation of easterly and westerly ﬂows in summer. In all seasons, and especially in summer, the RCM runs driven
by ECHAM5 underestimate the frequency of the easterly ﬂow. It is obvious that
this characteristic propagates from the driving data since the same underestimation
occurs also in ECHAM5 distributions while the RCM runs driven by ERA-40 capture the frequency of summer easterly ﬂow days relatively well. The most realistic
simulation of DIR (with respect to the 95% conﬁdence interval and all seasons) is
by RACMO, which holds true for both runs driven by re-analysis and ECHAM5.
A comparison of the RCA runs shows large variations of simulated ﬂow directions:
The run driven by BCM is too zonal in winter (strongly overestimating the southwesterly ﬂows in comparison to re-analysis and also to the run driven by re-analysis);
in summer, the northeast-southwest pressure gradient is less pronounced (as shown
by Kjellström et al. 2011) in RCA driven by BCM and so there is a strong overestimation of easterly ﬂows. It is interesting to note that in summer, the simulated ﬂow
directions deviate from the driving data quite strongly in the RCA runs driven by
BCM and HadCM3.
Regarding STR, all model runs driven by ECHAM5 underestimate the frequency
of low STR days as they prefer strong ﬂow days in all seasons (Fig. 4.2). This is
again due to the generally too-strong ﬂow in the ECHAM5 GCM. Overestimation of
ﬂow strength seems to be a general feature for some RCMs (HIRHAM, RegCM and
REMO), however, since it occurs also in the runs driven by re-analysis (although to
a lesser extent than for the runs driven by ECHAM5). Table 4.2 shows that most
RCMs overestimate the frequency of very strong ﬂow days, which are deﬁned as days
with STR above the 95% quantile obtained from the ERA-40 distribution in a given
season. In summer, the overestimation is obvious for all RCM and GCM runs, and it
is generally larger for the RCM runs driven by ECHAM5, likely because the number
of very strong ﬂow days is clearly overestimated also by ECHAM5.
Vorticity is the circulation index with best agreement between RCM simulations
and observations, which holds true also for ECHAM5 (Fig. 4.2). However, strong
cyclonic vorticity (the frequency of days with VORT > 95% quantile obtained from
ERA-40) is generally overestimated in all RCMs and all seasons except the RCA run
driven by BCM (Table 4.2). The largest bias is found in summer, when ECHAM5 and
(probably therefore) the RCM runs driven by ECHAM5 simulate more anticyclonic
ﬂow, while the other GCMs (HadCM3 and BCM) as well as both RCA runs driven
by these GCMs simulate more cyclonic days at the expense of anticyclonic days.
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Table 4.2: Percentage of days in RCMs and GCMs with ﬂow strength > 95% quantile, vorticity < 5% quantile, and vorticity > 95% quantile of ERA-40 ﬂow indices
distributions in a given season

hir ERA
rac ERA
rem ERA
reo ERA
rca ERA
hir ec3
rac ec3
rem ec3
reo ec3
rca ec3
ECHAM5
rca bcm
bcm
rca hd3
hd3

DJF
MAM
STR VORT VORT STR
>95%
<5
>95% >95%
7.0
3.3
10.9
8.8
4.4
3.1
6.7
4.0
9.1
4.1
11.3
13.3
4.4
2.5
8.9
5.1
2.7
1.1
7.7
3.5
14.1
3.0
14.8
17.0
6.2
5.0
7.9
6.6
11.8
5.2
10.9
12.8
5.6
4.0
8.1
6.7
4.8
2.9
8.5
7.1
8.5
5.1
8.3
9.8
2.3
3.4
4.4
4.8
4.4
2.5
7.3
6.4
2.7
2.3
11.3
6.4
1.4
1.0
8.0
4.4

VORT VORT
<5% >95%
5.3
10.3
4.6
5.2
7.4
10.5
4.9
6.8
3.3
6.2
5.4
14.9
3.3
8.9
5.9
10.5
2.9
9.7
3.0
8.3
4.7
9.9
4.1
4.4
4.0
5.7
3.0
10.8
2.6
7.3

hir ERA
rac ERA
rem ERA
reo ERA
rca ERA
hir ec3
rac ec3
rem ec3
reo ec3
rca ec3
ECHAM5
rca bcm
bcm
rca hd3
hd3

JJA
SON
STR VORT VORT STR
>95%
<5
>95% >95%
13.3
4.1
9.9
7.1
5.4
2.5
6.1
4.3
11.7
4.5
8.6
8.5
7.7
3.0
9.2
4.7
5.8
2.9
7.0
2.7
30.7
24.6
5.8
19.2
11.2
9.0
5.8
5.9
19.7
12.5
5.9
10.7
13.6
9.2
6.9
5.2
12.8
9.6
6.1
5.2
23.4
12.1
7.2
7.8
10.1
0.9
14.9
2.3
6.4
0.0
8.6
3.8
7.4
3.4
9.7
2.4
16.1
2.1
20.0
2.0

VORT VORT
<5% >95%
4.8
7.5
3.5
5.2
5.8
7.7
3.3
6.8
1.8
5.5
6.9
9.4
4.0
6.9
5.5
8.5
3.7
8.5
3.3
8.6
5.0
8.6
2.0
4.7
1.4
7.1
2.2
7.1
1.2
8.4
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Most RCM simulations (except HIRHAM driven by ECHAM5 and RCA driven by
BCM) tend to improve on the driving GCM in simulating atmospheric circulation,
especially with respect to vorticity.
The strong shift to more anticyclonic circulation in summer is evident in HIRHAM
driven by ECHAM5, while in winter, spring and autumn this run has more cyclonic
days in comparison to both ERA-40 and ECHAM5. The HIRHAM run driven by
ECHAM5 is also characterized by the largest overestimation of very strong ﬂow days
(by a factor of 3–6 in comparison to ECHAM5 but substantially also relative to the
driving data; Table 4.2) and overestimation of the frequency of days with southerly
and southwesterly ﬂow throughout the year (Fig. 4.2). A possible hypothesis that
this run was driven by diﬀerent driving data is disproved since the daily values
of circulation indices are correlated with those obtained from the ECHAM5 run.
These correlations are weaker (between the HIRHAM run driven by ECHAM5 and
ECHAM5 itself), however, than are those between any other RCM run and its driving data, including HIRHAM driven by ERA-40. The correlation coeﬃcient of daily
values is 0.33 (0.52–0.67) for DIR, 0.50 (0.71–0.86) for STR, and 0.57 (0.78–0.92)
for VORT in HIRHAM driven by ECHAM5 (in all 9 remaining RCM runs driven by
ERA-40 and ECHAM5, respectively).
A comparison of correlations between the RCA runs and their driving data shows
that RCA responds diﬀerently to each driving data set in terms of the strength of the
link. The correlation is weakest for the RCA run driven by BCM: 0.38 (0.53–0.67) for
DIR, 0.58 (0.67–0.86) for STR, and 0.64 (0.79–0.92) for VORT (in all 3 remaining
RCA runs, respectively).

4.3.2

Relationships between circulation indices and temperature

Relationships in the observed data
Figure 4.3 shows dependence of mean daily maximum (Tmax), average (Tavg) and
minimum temperature (Tmin) anomalies upon circulation indices in the observed
data for Central Europe. Temperature values were converted into anomalies by subtracting their annual cycles smoothed with 11-day running means over the baseline
period of 1961–1990.
The dependence is especially strong for DIR, and it is usually stronger for Tmax
than Tmin. In winter, the westerly ﬂow is associated with positive temperature
anomalies (> 2.5 ◦ C) and the easterly ﬂow with negative anomalies (< −4 ◦ C).
This wintertime behaviour is similar for Tmax and Tmin. In summer and transition
seasons, by contrast, the link between Tmin and ﬂow direction is marginal while
the mean anomalies of Tmax for southerly and northerly ﬂow reach almost ± 4◦ C.
The inﬂuence of STR on temperature is most pronounced in winter, when strong
ﬂow produces positive temperature anomalies (which occur in autumn as well) and
weak ﬂow produces negative anomalies. In summer, the link of Tmax to STR is
reversed with respect to winter, and the link of Tmin to STR is insigniﬁcant. The
anticyclonic/cyclonic conditions are associated with positive/negative Tmax anoma-
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Figure 4.3: Mean daily observed temperature anomalies on days falling into each
index bin over the period 1961–1990. Calculations were made using the GriSt temperature data in the Central Lowland region and airﬂow indices from the ERA-40
data. DIR bin size: 18 ◦ ; STR bin size: 2 units with the ﬁnal bin open-ended; VORT
bin size: 6 units open-ended at both tails. To ensure representativeness, means are
only calculated for bins with samples of at least 15 days throughout the period.
Shaded areas represent the 95% conﬁdence interval for the observed Tavg estimated
by bootstrapping (10,000 samples). Green lines (marked AFI) represent relative seasonal frequency distributions of the ERA-40 airﬂow indices as given in Fig. 4.2
lies during the whole year. The links between VORT and Tmin tend to be opposite
to those for Tmax.
Relationships in RCM and GCM simulations
Figures 4.4 and 4.5 show that the RCMs generally capture the relationships between
circulation and mean Tmax and Tmin anomalies. Most of the RCMs are able to re-
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produce the seasonal changes in the links and also the diﬀerences between the links
for Tmax and Tmin. On the contrary, the GCMs (especially HadCM3 and BCM) are
less successful in reproducing the links between circulation indices and temperature.
One explanation for this is that climate models produce spatially averaged data, so
the pressure systems and temperature may be more smoothed in lower-resolution
GCMs compared to RCMs (and ECHAM5 [cf. Fig. 4.1]). However, this cannot explain, for example, the very diﬀerent dependence of Tmax on vorticity in HadCM3
in summer, which contradicts the observations as well as all other models.

Figure 4.4: Winter (a) and summer (b) mean daily temperature anomalies for Tmax
on days falling into each index bin over the period 1961–1990. The shaded/coloured
areas represent the 95% conﬁdence intervals of observed/GCMs links estimated by
bootstrapping (10,000 samples). See Fig. 4.3 caption for more details
Most RCM runs tend to underestimate the relative warmth of winter strong ﬂow,
which is true also for all GCMs, and to overestimate the links between temperature
anomalies and VORT in winter. The exception to the latter is seen in most simulations of the RCA RCM, which yield weaker links of Tmax and Tmin to VORT than
do other RCMs in both seasons. Most of the RCMs produce pronounced relationships to VORT not only for Tmax but also for Tmin in winter (anticyclonic–positive
temperature anomalies, cyclonic–negative temperature anomalies), although this is
not seen in the observed data. The RCA simulation driven by BCM fails to capture
the link between STR and Tmax in summer, although the frequency distribution of
this index is captured relatively well (Fig. 4.2) and the links are strong in driving
BCM (Fig. 4.4).
The RCM runs which suﬀer from the largest deﬁciencies in reproducing the
circulation-to-temperature links are identical with those runs having the largest
errors in simulating the atmospheric circulation. The worst results are found for
HIRHAM driven by ECHAM5 (Figs. 4.2, 4.4 and 4.5). This run tends to overesti-
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Figure 4.5: As in Fig. 4.4 but for Tmin
mate the magnitude of temperature anomalies for the given index value, especially
for DIR and VORT, and there is a pronounced relationship between Tmin and DIR
in summer (as well as in spring and autumn [not shown]), although no such links
appear in the observed data. Neither does HIRHAM driven by ECHAM5 follow the
observed diﬀerence between Tmax and Tmin in the links to VORT in summer.
The RCA runs with diﬀerent driving data usually improve on the driving GCM
as to how the circulation-to-temperature links are captured.
Bivariate consideration
The upper left panels of Figs. 4.6 and 4.7 show that some observed links between a
circulation index and a temperature anomaly are aﬀected simultaneously by another
circulation index. In winter, the strongest ﬂow comes predominantly from the west
quadrant, and it is generally linked to warm temperature anomalies (cf. Fig. 4.3).
All RCMs and GCMs reproduce this feature reasonably well (Fig. 4.6a). For weak
ﬂow, however, the link between westerly ﬂow and positive temperature anomaly disappears: cold days with temperature anomalies below the lower quartile occur under
weak westerly ﬂow in the observed data as well as in climate models. In summer
(Fig. 4.6b), the links between northerly ﬂow (NW, N) and negative temperature
anomalies tend to be more pronounced for strong than for weak ﬂow days in RCMs
driven by ERA-40 and ECHAM5, while no such pattern is found in the observed
data. This implies too-strong cold advection in RCMs. High summer temperatures
(anomalies above the upper quartile) occur for a wide range of ﬂow directions in the
observed data in summer (Fig. 4.6b), which is in agreement with an important role of
radiative processes (in addition to advection) on positive temperature anomalies in
warm season (Kyselý 2008), and individual RCMs diﬀer substantially from one another as to ﬂow directions for which temperature anomalies above the upper quartile
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are most frequent. Note that the shape and location of the lines reﬂect the links between temperature and circulation but also how the models distort the atmospheric
circulation.

Figure 4.6: Frequency distribution of winter (a) and summer (b) ﬂow strength and
ﬂow direction indices value-pairs: for all days in a season (black dotted line, intervals of 20 counts), and for days with mean daily temperature anomaly lower/higher
than the lower/upper quartile of their empirical distributions in a given season
(blue/red line, intervals of 10 counts). Each index is divided into 10 equal-sized
bins, making 100 bins in total. obs stands for the observed data, ec3/bcm/hd3 for
ECHAM5/BCM/HadCM3 GCM
Figure 4.7a shows that the inﬂuence of the direction from which the air mass
is transported is more dominant than the VORT value in winter, and that most
RCM simulations provide a picture consistent with the observations. Westerly ﬂow
is associated with the advection of maritime air from the Atlantic Ocean to Central
Europe, which is relatively warm in winter, particularly when the ﬂow is anticyclonic.
Strongly cyclonic ﬂow in winter is linked to negative temperature anomalies, at
least partly because most strongly cyclonic days are characterized by easterly ﬂow
with advection of cold continental air. On the other hand, temperature anomalies
for anticyclonic vorticity depend rather strongly on STR in winter when high STR
anticyclonic ﬂow is generally linked to warm anomalies while low STR anticyclonic
ﬂow is linked to negative anomalies, and all RCMs and GCMs again reproduce this
pattern (Fig. 4.7b). Mean pressure ﬁelds for these two groups of events in the observed
data (Fig. 4.8) indicate the reason for this diﬀerence: a cooling, which frequently
occurs during anticyclonic situations in winter (caused mainly by negative radiation
balance under cloud-free conditions), is reduced by the advection of relatively warm
south-westerly air mass during strong ﬂow days.
Since ECHAM5 simulates summer atmospheric circulation signiﬁcantly diﬀerent from the observations (cf. Fig. 4.2), the frequency distributions in Fig. 4.6 diﬀer
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strongly in summer (unlike in winter) in ECHAM5 as well as ECHAM5-driven RCMs
from ERA-40 (and from ERA-40 driven RCMs). It is obvious that the RCM runs
driven by this GCM pattern replicate some of the biases of the driving data. This is
especially notable if the runs driven by re-analysis and ECHAM5 are compared. Figure 4.6 also illustrates very large diﬀerences between the driving GCMs (ECHAM5,
BCM and HadCM3) as to the distributions of circulation indices for warm and cold
days in summer (right). These diﬀerences become less important in winter (left). This

Figure 4.7: As in Fig. 4.6 but for vorticity and ﬂow direction (a) and ﬂow strength
and vorticity (b) in winter

Figure 4.8: Mean surface pressure ﬁeld on days with given combinations of strength
ﬂow (STR) and vorticity (VORT) in observed data in winter
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is consistent with the ﬁndings that the GCMs’ atmospheric circulation is much less
realistic in summer (Fig. 4.2) and that circulation exerts less control on temperature
anomalies in summer than winter.

4.4
4.4.1

Discussion
Frequency distributions of circulation indices

The same set of circulation indices as used in our study was used in previous studies
evaluating RCMs’ or GCMs’ performance in relation to atmospheric circulation and
links to surface temperature for the British Isles (Osborn et al. 1999; Turnpenny et
al. 2002; Blenkinsop et al. 2009). We ﬁnd that this characterization of large-scale circulation is useful also for assessing the capability of the models over Central Europe,
i.e. in an area where continental inﬂuences become more important in comparison
with Western Europe and the United Kingdom. Comparing observed frequency distributions of airﬂow indices obtained for Central Europe with those for the British
Isles (Blenkinsop et al. 2009) demonstrates that most characteristics are quite similar
for the two regions.
Most ﬁndings concerning RCMs’ relatively good skill in reproducing the atmospheric circulation and links to temperature are analogous in the present study and
in Blenkinsop et al. (2009). However, Blenkinsop et al. (2009) showed that most of
the examined RCMs (from the PRUDENCE project) tend to underestimate the frequency of high STR days while an opposite pattern is found in our study, with strong
ﬂow days generally being overestimated throughout the year. Moreover, the bias of
most models toward more cyclonic days at the expense of anticyclonic days over the
British Isles (Blenkinsop et al. 2009) is not found over Central Europe. The diﬀerences may be related either to a diﬀerent set of RCMs (and driving data) or diﬀerent
geographical areas with varied climates, and these should be further investigated in
detail.
Dependence on driving data
Since the present study compares runs of the same RCMs driven by re-analysis and
ECHAM5 (and also runs of the RCA RCM with diﬀerent driving data), and it analyses the driving data as well, we can evaluate the inﬂuence of the boundary conditions.
Little attention has been devoted to these comparisons in previous studies. Flocas et
al. (2011) have inter-compared three RCM/GCM couples. Although they compared
two RCMs as driven by the same GCM, however, two diﬀerent ensemble members
of the GCM were used and so the driving data were not identical as in our study.
We found that the ECHAM5 GCM biases strongly inﬂuence RCMs’ performance
with respect to reproducing the atmospheric circulation. This is especially apparent
in summer, when ECHAM5 is not capable of reproducing the circulation patterns
(van Ulden and van Oldenborgh 2006; Demuzere et al. 2009). The biases propagate
to the RCM simulations: all RCM runs driven by ECHAM5, similarly to ECHAM5
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itself, underestimate the frequency of the easterly ﬂow (related to increased northsouth pressure gradient over Europe in ECHAM5 as described by Demuzere et al.
2009) and overestimate the number of anticyclonic days. The ﬂow strength is overestimated by ECHAM5 and in all runs driven by this GCM throughout the year.
For the other two RCA runs with diﬀerent GCMs (BCM and HadCM3) as driving
data, frequency distributions of circulation indices (mainly DIR) substantially diﬀer
from the driving GCM in summer (and for RCA driven by BCM also in winter).
This result diﬀers from the ﬁndings for ECHAM5-driven RCM simulations, in which
the distributions of circulation indices are more similar between the driving data and
an RCM (including RCA) in both seasons. This suggests that diﬀerent GCMs may
have diﬀerent inﬂuence on circulation characteristics in the nested RCM and that
an RCM may modify the circulation from the driving data substantially, mainly in
summer. However, this modiﬁcation does not necessarily mean more realistic circulation produced by an RCM: distributions of ﬂow directions are far less realistic in
RCA driven by BCM than in BCM itself in winter, and they are unrealistic in both
models in summer (Fig. 4.2). Particularly the sharp overestimation of the westerly
ﬂow in winter in RCA driven by BCM is somewhat suspicious, as a similar feature
is not found in the driving GCM, and it probably points to a nonlinear behaviour of
the RCM.
Biases in the HIRHAM run driven by ECHAM5
As reported in Sect. 4.3.1, the HIRHAM RCM with ECHAM5 boundary conditions
produces atmospheric circulation that deviates considerably from that simulated in
all other RCMs driven by the same data, as well as in HIRHAM driven by reanalysis and in the driving GCM itself. A coarser-resolution HIRHAM run driven
by ECHAM5 (from the PRUDENCE project; resolution 50 km) does not diﬀer signiﬁcantly from the other RCMs in its ability to reproduce the frequencies of the
circulation indices over the British Isles (Blenkinsop et al. 2009). The peculiarity of
the high-resolution HIRHAM driven by ECHAM5 over Central Europe deserves further investigation, and it probably illustrates complicated relations between physical
processes and/or parameterizations in the RCM. Another explanation could be that
there was a systematic external error (e.g. incorrect input data) which occurred just
for this model run. However, comparison of correlations between circulation indices
in the RCMs and in the driving data (Sect. 4.3.1) does not suggest this to be the
case.
Characteristics of individual RCMs
For some RCMs, there are typical characteristics that occur for all runs with diﬀerent driving data. For example, both runs of RACMO tend to underestimate STR
in comparison to their driving data in all seasons. On the contrary, both runs of
HIRHAM and RegCM (except for RegCM driven by ECHAM5 in summer) tend
to overestimate the number of high STR days in comparison to their driving data.
HIRHAM and RegCM also overestimate the frequency of cyclonic days during win-
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ter and spring compared to the driving data. RACMO, and to lesser extent REMO,
demonstrate strongest inﬂuence of the driving data on their performance in winter.
Contrary to this, in spring and autumn the runs driven by re-analysis and GCM are
quite similar in these two models, and there is more similarity between given RCM’s
runs with diﬀerent driving data than between any one of those runs and its driving
data. RACMO and REMO also tend to overestimate easterly ﬂow in comparison
to the driving data in summer. However, most RCM runs (except HIRHAM driven
by ECHAM5 and RCA driven by BCM) improve on the driving GCM in the simulation of atmospheric circulation, and that is in agreement with previous ﬁndings
(Turnpenny et al. 2002; Jacob et al. 2007).

4.4.2

Relationships between circulation indices and temperature

Strong and statistically signiﬁcant relationships between circulation indices and surface air temperatures were found in the observed data for Central Europe. Mean
temperature anomalies reach up to ± 4 ◦ C; the links diﬀer by season and they are
usually stronger for maximum than minimum temperatures. Analogous relationships
between circulation indices and temperatures were found by Blenkinsop et al. (2009)
for the central England region. However, the links diﬀer in magnitude: the anomalies
are generally larger in Central Europe, which reﬂects a more continental climate with
larger diﬀerences between warm and cold days. Some diﬀerences were found for the
inﬂuence of VORT on temperature in winter and autumn, but qualitatively the links
are mostly similar.
Dependence on driving data
The inﬂuence of the driving data on circulation-to-temperature links in RCMs is obvious for ECHAM5-driven simulations, and particularly in summer, since the diﬀerences in circulation and its links to temperature between observations and ECHAM5
are less pronounced in winter. The fact that the RCMs inherit much of the characteristics from their driving models is seen especially when the temperature anomalies
are considered with respect to pairs of circulation indices. In this case, the results differ less among all runs driven by the same data (ERA-40 or ECHAM5) than between
the runs of a single RCM (cf. Figs. 4.6 and 4.7).
On the contrary, there are larger diﬀerences in the circulation-to-temperature
links between an RCA run and its driving data than among the RCA simulations.
Although the driving BCM and HadCM3 GCMs suﬀer from large deﬁciencies in
reproducing the links between circulation indices and temperature, the RCA RCM
modiﬁes and generally improves on the driving data in capturing the links in both
seasons, especially with respect to vorticity. The links are surprisingly similar among
all RCA runs in comparison to large diﬀerences among their driving data. The RCM
formulation seems to be more important than the driving data in representing the
circulation-to-temperature links in both warm and cold season.
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Biases in the HIRHAM run driven by ECHAM5
The RCM run which suﬀers from the largest deﬁciencies in the circulation-to-temperature links is HIRHAM driven by ECHAM5. Since this run simulates distorted
atmospheric circulation and frequencies of some circulation types are low, however,
some biases in the links between circulation indices and temperatures do not necessarily contribute signiﬁcantly to the total temperature bias. For example, the eﬀect
of a signiﬁcant overestimation of negative temperature anomalies of northerly ﬂow
days on total temperature bias is reduced due to the low frequency of such ﬂow
in the model simulation. On the other hand, although some errors may oﬀset each
other and may not inﬂuence average climatic characteristics signiﬁcantly, temporal
structure of daily series would be distorted even in this case, and high-impact events
such as spells of large positive or negative temperature anomalies cannot be captured
realistically.
Biases in HadCM3
In contrast to our results, the HadCM3 GCM was found to be able to produce
quite realistic distributions of circulation indices and the links between circulation
and temperature over the United Kingdom (Osborn et al. 1999). This suggests that
the biases found (mainly inability to capture the links between both minimum and
maximum temperature anomalies and vorticity) are related to some deﬁciencies in
reproducing climatic conditions that may be speciﬁc for a more continental climate
of Central Europe, characterized by a weaker inﬂuence of the Atlantic Ocean. The
main drawbacks in reproducing the circulation-to-temperature links are rectiﬁed in
the nested RCA simulation.
Characteristics of individual RCMs
Contrary to the simulation of atmospheric circulation, for which all RCM runs driven
by ECHAM5 (except for HIRHAM) improve on the driving GCM, there is no noticeable improvement in the links between temperature and circulation in HIRHAM
and RegCM, and no general pattern is found amongst the RCMs. RACMO and
RegCM give stronger links of Tmax and Tmin to VORT in winter than seen in the
driving data, while RCA (driven by ECHAM5 and HadCM3) provides weaker links.
Some models simulate diﬀerent links between Tmin and VORT when compared to
observations (HIRHAM, RegCM and RACMO in winter).
The RCA RCM improves considerably the links between all three indices and
temperature compared to HadCM3, especially for Tmax, and it tends to improve
the links also compared to BCM and ECHAM5, as discussed above. However, RCA
tends to underestimate the observed dependence of the Tmax anomalies on ﬂow
direction in both seasons, and diﬀerences among the RCA simulations with diﬀerent
driving data are marginal (unlike diﬀerences among the driving data themselves,
which are very pronounced mainly in summer).
Since REMO and ECHAM5 use physical parameterization schemes which are
more in agreement with one another than those in other RCM-GCM pairs, there is
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a more pronounced physical consistency. This might be the reason for quite similar simulated links between temperature and circulation in REMO and ECHAM5
(Figs. 4.4 and 4.5).

4.5

Conclusions

The ability to reproduce daily atmospheric circulation and the links to surface air
temperatures was studied over Central Europe in simulations of ﬁve RCMs from
the ENSEMBLES project. The inﬂuence of the boundary conditions on the models’
performance was examined, as runs driven by the ERA-40 re-analysis were compared
to those driven by a GCM, and the RCM outputs were also compared with the driving
data.
The main conclusions can be summarized as follows:
• RCMs are able qualitatively to reproduce the observed frequency distributions
of the airﬂow indices and their seasonal changes, but the distributions are
signiﬁcantly diﬀerent from those from the re-analysis. This holds true also for
the runs driven by the ‘perfect’ boundary conditions (the ERA-40 re-analysis).
• Most RCMs overestimate the frequency of very strong ﬂow days and overestimate strong cyclonic vorticity.
• Some circulation biases propagate from the driving data to the nested RCM
simulations: ECHAM5 and all RCM runs driven by ECHAM5 underestimate
the frequency of the easterly ﬂow – especially in summer – and they underestimate/overestimate the frequency of weak/strong ﬂow days.
• Except for HIRHAM, all RCMs driven by ECHAM5 improve on the driving
GCM in simulating atmospheric circulation.
• The inﬂuence on circulation characteristics in a nested RCM diﬀers for individual GCMs, as demonstrated by the analysis of a set of RCA simulations with
diﬀerent driving data. The driving data control on atmospheric circulation in
RCA is particularly weak for the BCM GCM, in which case RCA substantially
modiﬁes (but does not improve) the circulation from the driving data in both
winter and summer.
• Relatively strong relationships between circulation indices and surface air temperatures were found in the observed data in Central Europe. The links diﬀer
in individual seasons and are usually more pronounced for Tmax than Tmin.
• RCMs are able to reproduce qualitatively the links between atmospheric circulation and temperatures, but some tend to be over- or underestimated in comparison to those observed. Most RCM runs underestimate the relative warmth
of winter strong ﬂow, overestimate the links between the temperature anomalies and VORT in winter, and, in contrast to observations, produce pronounced
relationships to VORT not only for Tmax but also for Tmin in winter.
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• Some links between a circulation index and a temperature anomaly are aﬀected
simultaneously by another circulation index. The models are able to represent
these basic bivariate features.
• Diﬀerences in the circulation-to-temperature links among the RCA simulations
are smaller and the links tend to be more realistic compared to the driving
GCMs, which suggests that the RCM formulation is more important than the
driving data in representing the circulation-to-temperature links. This holds
true in both warm and cold season.
• HIRHAM driven by ECHAM5 and RCA driven by BCM suﬀer from the largest
deﬁciencies in reproducing both atmospheric circulation and the circulation-totemperature links.
The ability of climate models to capture large-scale atmospheric circulation is
important also for the reproduction of surface air temperatures and other climatic
variables. Because the relationships between circulation and temperatures are relatively strong, biases in the large-scale circulation contribute to the total temperature biases of the model. This should be a motivation for more detailed validation
of climate models and needs to be considered when evaluating scenarios of possible
future climate change and their credibility. There are relatively few studies of this
type which concentrate not only on validation of individual meteorological variables
(temperature, pressure, etc.) but also their relationships. This approach may bring
additional insight regarding models’ deﬁciencies in simulating atmospheric dynamics
and links of surface climate to synoptic-scale patterns, and if RCMs and GCMs are
compared, this allows for better disaggregating the added value of the nested RCM
simulation, by identifying under which conditions and in which ways the RCM is able
to improve on the driving GCM (in addition to providing regional details). Models
which have large biases in reproducing the circulation patterns and the links between
meteorological variables in recent climate will likely suﬀer from deﬁciencies also in
projections of future climate change. Identifying errors in simulated atmospheric circulation and relationships between circulation and surface variables is an important
step in further improving the models as well as toward enhancing the credibility of
climate change scenarios based on climate model simulations.
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4.6
4.6.1

Appendices
Appendix 1: Circulation indices

The airﬂow indices are calculated using MSLP in the grid points shown in Fig. 4.1
(left).
Flow strength is the total net westerly w and southerly s ﬂow:
STR =

√

w 2 + s2 .

(4.1)

The westerly (zonal) component of the geostrophic surface wind is calculated as
the pressure gradient between 45 ◦ N and 55 ◦ N and represents the westerly ﬂow w:
w = 0.5 · (p[4] + p[5]) − 0.5 · (p[12] + p[13]).

(4.2)

s = 1.56 · (0.25 · (p[13] + 2 · p[9] + p[5])
− (0.25 · (p[12] + 2 · p[8] + p[4])) .

(4.3)

The southerly (meridional) component of the geostrophic surface wind represented by the pressure gradient between 10 ◦ E and 20 ◦ E is the southerly ﬂow s:

The direction of ﬂow DIR is calculated as

w

(4.4)
s
added 180 ◦ if s ≥ 0, and 360 ◦ if s < 0 or w ≥ 0.
The total shear vorticity VORT is the sum of the westerly and southerly vorticities:
DIR = arctan

VORT = zw + zs,

(4.5)

where zw corresponds to the diﬀerence of the westerly ﬂow between 40 ◦ N and
50 N and of that between 50 ◦ N and 60 ◦ N
◦

zw =

1.08 · (0.5 · (p[1] + p[2]) − 0.5 · (p[8] + p[9]))
−0.94 · (0.5 · (p[8] + p[9]) − 0.5 · (p[15] + p[16])) ,

(4.6)

and zs is the diﬀerence of the southerly ﬂow between 30 ◦ E and 20 ◦ E and of that
between 10 ◦ E and 0 ◦ E
zw = 1.21 · (0.25 · (p[14] + 2 · p[10] + p[6])
−0.25 · (p[13] + 2 · p[9] + p[5])
−0.25 · (p[12] + 2 · p[8] + p[4])
+0.25 · (p[11] + 2 · p[7] + p[3])) .

(4.7)

The constants used in these equations reﬂect the diﬀerent sizes of grid cells at each
latitude.
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Appendix 2: Conﬁdence intervals

The 95% conﬁdence interval in Fig. 4.2 is calculated using the formula described by
Wilks (1995):
r
p (1 − p)
CI = p ± zα/2 ·
,
(4.8)
n
where p is the sample proportion (best estimate of the binomial event probability),
α/2 stands for the 2.5% quantile of the normal distribution, and n is the sample size.
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Biases in the diurnal temperature range
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Abstract The study examines how regional climate models (RCMs) reproduce
the diurnal temperature range (DTR) in their control simulations over Central Europe. We evaluate 30-year runs driven by perfect boundary conditions (the ERA40
reanalysis, 1961–1990) and a global climate model (ECHAM5) of an ensemble of
RCMs with 25-km resolution from the ENSEMBLES project. The RCMs’ performance is compared against the dataset gridded from a high-density stations network.
We ﬁnd that all RCMs underestimate DTR in all seasons, notwithstanding whether
driven by ERA40 or ECHAM5. Underestimation is largest in summer and smallest
in winter in most RCMs. The relationship of the models’ errors to indices of atmospheric circulation and cloud cover is discussed to reveal possible causes of the biases.
In all seasons and all simulations driven by ERA40 and ECHAM5, underestimation
of DTR is larger under anticyclonic circulation and becomes smaller or negligible
for cyclonic circulation. In summer and transition seasons, underestimation tends to
be largest for the southeast to south ﬂow associated with warm advection, while in
winter it does not depend on ﬂow direction. We show that the biases in DTR, which
seem common to all examined RCMs, are also related to cloud cover simulation.
However, there is no general tendency to overestimate total cloud amount under
anticyclonic conditions in the RCMs, which suggests the large negative bias in DTR
for anticyclonic circulation cannot be explained by a bias in cloudiness. Errors in
simulating heat and moisture ﬂuxes between land surface and atmosphere probably
contribute to the biases in DTR as well.
Keywords Regional climate models, ENSEMBLES, Diurnal temperature range,
Atmospheric circulation, Cloud cover, Central Europe
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Introduction

Regional climate models (RCMs) are widely used for simulating climate change scenarios at the regional and local scale. As some deﬁciencies are manifested in their
simulations of recent climate, however, it is important to identify sources of these
errors and to address them in further developing the models. It is particularly useful
to identify links between individual variables and their biases, e.g. with respect to
dependence of errors on atmospheric circulation, soil moisture characteristics, cloud
amount, etc. Such studies focusing on links of surface climate characteristics to atmospheric circulation and/or other variables may bring insight into physical processes
aﬀecting model’s performance or reveal potential common deﬁciencies if an ensemble
of climate model simulations is examined.
The present study deals with the evaluation of diurnal temperature range (DTR)
in Central Europe in an ensemble of 10 simulations of 5 RCMs from the ENSEMBLES project (van der Linden and Mitchell 2009; Boberg et al. 2009). Some previous
studies have shown biases in the reproduction of DTR in climate models: Samuelsson et al. (2011) found large underestimation of DTR over Northern Europe in the
SMHI-Rossby Centre RCA3 RCM driven by the ERA40 reanalysis; the underestimation was largest in summer, and they linked the bias to errors in soil heat ﬂux.
Underestimation of DTR was also reported in the CLM RCM over Europe by Brockhaus et al. (2008) and in 3 limited-area models (MM5, COAMPS, and HIRLAM)
over the central part of the US by Steeneveld et al. (2008). On the other hand, Pfeiffer and Zangl (2010) found relatively good simulation of the diurnal cycle of surface
temperature in the Alpine region in the MM5 model driven by ERA40, with minor
discrepancies in the afternoon (too low daily maxima throughout the year).
In global climate models (GCMs), the concern in the simulation (and underestimation) of DTR dates back to at least the mid-1990s (Kukla et al. 1995; Watterson
1997). The underestimation of DTR was reported in more recent GCM simulations
as well, e.g. in ECHAM4 at the global scale (Dietmuller et al. 2008). Zhou et al.
(2010) evaluated whether GCMs reproduce observed declines in DTR over land areas since the 1950s when forced by anthropogenic and natural factors. While models
generally reproduce the decreasing trend in DTR, they underestimate its magnitude. Zhou et al. (2010) hypothesize that the discrepancies between the observed
and simulated trends in DTR point to eﬀects of anthropogenic forcing and surface
and boundary layer processes that are not realistically captured in the models, and
which are connected to changes in cloud cover, precipitation, and soil moisture. Wild
(2009) focused on how decadal evolution of DTR, with strong decrease between the
1950s and 1980s and a levelling oﬀ thereafter, is captured in the CMIP3 GCMs. They
reached a similar conclusion that the GCMs underestimate the decadal variations in
DTR but attributed the underestimation to a lack of decadal variations in surface
shortwave radiation in the models.
This overview shows that biases in the simulation of DTR in climate models
have been reported in recent studies, and most of these point to a tendency towards
underestimating DTR (and its long-term variations) in climate model simulations. A
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large ensemble of high-resolution RCM outputs, made available within the EU-FP6
ENSEMBLES project (http://www.ensembles-eu.org/), provides the opportunity to
evaluate DTR in an up-to-date set of RCMs and to address the dependence of the
models’ performance on their driving data, as well as to evaluate links between
biases in DTR and atmospheric circulation (which have rarely been studied) and
other climate variables (such as cloud amount, to which DTR is closely linked; Dai
et al. 1999; Jackson and Forster 2010).
We focus on a relatively small area in Central Europe (∼11,000 km2 ) in this
study, since RCMs are designed to simulate climate characteristics in regional detail
and should be evaluated for speciﬁc regions, and, most importantly, because highquality gridded observed data are available for this region (GriSt, Sect. 5.2.4) while
the pan-European database (E-OBS; Haylock et al. 2008) was found to suﬀer from
relatively large biases of mean monthly and seasonal DTR due to insuﬃcient density
of stations used for interpolation. These biases exceed 1 ◦ C in Central Europe (Kyselý
and Plavcová 2010), and therefore the recent version of E-OBS (2.0) does not seem
suitable for evaluation of DTR in climate models.
The paper is structured as follows: The data (RCMs, driving GCM and observations) and methods are described in Sect. 5.2. The simulation of DTR in recent
climate (1961–1990) is evaluated against observations in Sect. 5.3.1, and the links
to atmospheric circulation and total cloud amount are examined in Sects. 5.3.2 and
5.3.3. Discussion and conclusions follow in Sect. 5.4.

5.2
5.2.1

Data and methods
Area under study

Performance of climate models is evaluated in the Central Lowland region of the
Czech Republic, centred approximately at 50 ◦ N and 15 ◦ E (Fig. 5.1). The region
is a homogeneous lowland area, with average altitude of grid points at 257 m a.s.l.,
representing one of two main agricultural regions in the Czech Republic. The climatic
homogeneity of the area is manifested, among other things, in small temperature
diﬀerences within the region: the standard deviation of the mean annual temperature
(over 1961–1990) across the grid points is 0.43 ◦ C in the observed data, and between
0.32 and 0.48 ◦ C in the examined RCMs. Series of daily maximum (Tmax) and
minimum (Tmin) temperatures (from which DTR was obtained) were calculated, in
individual RCMs and observed data, by averaging data across grid points that fall
within the region. The number of grid points in the region in most RCMs was 18
(Fig. 5.1).

5.2.2

Regional climate models (RCMs)

The RCM simulations examined are taken from the RT3 database of the EU-FP6
ENSEMBLES project (http://ensemblesrt3.dmi.dk/). We investigate simulations of
5 RCMs (Table 5.1) driven by ERA40 reanalysis (Uppala et al. 2005) and ECHAM5
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Figure 5.1: Grid points used to construct the airﬂow indices over Central Europe.
Black boxes mark grid cells that deﬁne the region under study for the observed and
RCM data. The Central Lowland region is shown in the right plot as represented
in the observed/RCM data (bold border ), together with the location of the single
gridbox used in ECHAM5 (thin border, with centre marked by cross). Locations of
two stations with data on total cloud amount are also shown (stars)
Table 5.1: Summary of the examined RCM simulations and their acronyms
Institution
DMI (Danish Meteorological
Institute)
KNMI (Royal Netherlands
Meteorological Institute)
ICTP (Abdus Salam International
Centre for Theoretical Physics)
MPI (Max-Planck Institute)
SMHI (Swedish Meteorological
and Hydrological Institute)

RCM
HIRHAM
RACMO
RegCM
REMO
RCA

Driving data
ECHAM5
ERA40
ECHAM5
ERA40
ECHAM5
ERA40
ECHAM5
ERA40
ECHAM5
ERA40

Reference
Christensen et al. (1996)
Lenderink et al. (2003)
Giorgi et al. (2004)
Jacob (2001)
Kjellström et al. (2005)
Samuelsson et al. (2011)

Acronym
hir ec3
hir ERA
rac ec3
rac ERA
rem ec3
rem ERA
reo ec3
reo ERA
rca ec3
rca ERA

GCM (Roeckner et al. 2006). This allows for examining diﬀerences between model
simulations due to the choice of RCM and of driving data: the boundary conditions
from reanalysis are regarded as ‘perfect’ and errors of these runs are interpreted
as RCM errors, while runs driven by a GCM allow the evaluation of how an RCM
modiﬁes the GCM output. In both cases, control runs corresponding to 1961–1990
are examined. All RCMs have a spatial resolution of about 25 km (0.22 ◦ ), and they
use the same grid except for RegCM. Since RegCM has a diﬀerent orientation of the
spatial grid, the delineation of the region under study is slightly modiﬁed for this
model but the diﬀerence is minor.
Variables that are analysed in the RCM outputs are daily mean sea level pressure
(MSLP; used for calculating circulation indices, Sect. 5.2.5), daily maximum and
minimum temperature (for calculating DTR), daily mean total cloud amount (TCA)
and precipitation. TCA is not available in the RegCM run driven by ERA40.
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Driving data (ERA40 reanalysis, ECHAM5 GCM)

The ECHAM5 coupled GCM and the ERA40 reanalysis, which are used as boundary
conditions for the RCM runs, are evaluated in order to assess their inﬂuence on the
RCMs’ biases. The examined ECHAM5 simulation is run 3 from the ENSEMBLES
stream 1 experiment (Niehörster et al. 2008), which is the run used to provide boundary conditions for all examined ECHAM5-driven RCM simulations. The resolution
of the ECHAM5 atmospheric model is about 1.87 ◦ in both latitude and longitude
while ERA40 data have a resolution of 2.5 ◦ .
In both ECHAM5 and ERA40, daily MSLP is used to calculate circulation indices
(Sect. 5.2.5); the indices from ERA40 are considered as observations. In ECHAM5,
in addition, DTR and TCA are also investigated. Daily temperature and TCA series
in ECHAM5 were, due to the coarse spatial resolution, taken from the nearest grid
point located at 15 ◦ E and 49.43 ◦ N (Fig. 5.1).

5.2.4

Observed data (GriSt, stations-TCA)

DTR in climate model data is evaluated against DTR calculated from gridded daily
Tmax and Tmin dataset (GriSt; Kyselý and Plavcová 2010). The GriSt data were
interpolated from a high-density station network onto the 0.22 ◦ rotated pole grid
that is common to most RCMs. The altitude of the grid points was taken from the
high-resolution European gridded dataset (E-OBS; Haylock et al. 2008) and closely
corresponds to the orography in most of the RCMs examined. We use the GriSt
dataset to represent observations since a previous study showed that the E-OBS
data are biased over the Czech Republic, particularly for Tmin and in tails of temperature distributions (Kyselý and Plavcová 2010), which limits their applicability
for evaluating DTR in climate models. The GriSt dataset is superior due to a much
denser station network providing input data (Štěpánek et al. 2009, 2011), and, consequently, a much smaller search radius (which does not lead to an oversmoothing of
data) may be applied in the interpolation. The dataset is presented in detail and evaluated against the E-OBS gridded data and station averages in Kyselý and Plavcová
(2010).
For mean daily TCA, data were available from two stations in the Central Lowland region with complete records over 1961–1990 (Prague-Ruzyně, Hradec Králové;
Fig. 5.1), and their average is used to represent the observed TCA.

5.2.5

Circulation indices

Basic characteristics of daily atmospheric circulation are represented by circulation
indices originating from Jenkinson and Collison (1977) and widely used in climate
studies, mainly over the UK (e.g. Blenkinsop et al. 2009). The indices describe ﬂow
direction (DIR), strength (STR) and vorticity (VORT), and they are calculated from
gridded daily MSLP data in terms of equations given in Appendix. The grid cells
in which MSLP is considered were centred over 15 ◦ E and 50 ◦ N (Fig. 5.1) and the
coeﬃcients reﬂecting the dependence of the grid cell area on latitude were adjusted
for Central Europe (Plavcová and Kyselý 2011).

108

5.3. RESULTS

5.3
5.3.1

Results
Evaluation of DTR in climate models

Diﬀerences in mean seasonal DTR in control climate model simulations (corresponding to the 1961–1990 period) from the observed data are summarized in Table 5.2. All
RCMs, notwithstanding whether they were driven by ERA40 or ECHAM5, as well as
the ECHAM5 GCM itself, show underestimation of DTR in all seasons. The underestimation is signiﬁcant in all cases except for RegCM driven by ERA40 in winter.
In all simulations, the bias is larger (in absolute value) in summer than winter. The
underestimation of DTR in spring and summer is largest in ECHAM5, and probably
as some errors partly propagate from the driving data, it is usually larger in RCM
runs driven by ECHAM5 than ERA40 (but this is not the case for HIRHAM in summer). In all-year data, the magnitude of the DTR underestimation is independent of
the driving data for HIRHAM; it is 0.6–0.7 ◦ C larger in ECHAM5-driven simulations
for RACMO, REMO and RCA; and it is 1.6 ◦ C larger in ECHAM5-driven simulation
for RegCM.
Table 5.2: Diﬀerences in mean seasonal DTR in climate models (control simulations
corresponding to 1961–1990) and observed data.
Model
hir ERA
rac ERA
rem ERA
reo ERA
rca ERA
hir ec3
rac ec3
rem ec3
reo ec3
rca ec3
ECHAM5

DJF (◦ C)
−1.1
−0.5
−0.1 $
−0.9
−1.1
−1.4
−0.6
−1.4
−1.7
−1.8
−1.4

MAM (◦ C)
−2.9
−0.7
−0.8
−1.2
−2.0
−3.1
−1.3
−2.6
−1.9
−2.7
−3.8

JJA (◦ C)
−3.9
−1.0
−0.2
−1.6
−3.0
−3.2
−1.9
−2.5
−2.5
−3.8
−4.0

SON (◦ C)
−3.0
−0.6
−0.8
−1.0
−1.8
−3.1
−1.3
−2.1
−1.7
−2.5
−2.8

year (◦ C)
−2.7
−0.7
−0.5
−1.2
−2.0
−2.7
−1.3
−2.1
−1.9
−2.7
−3.0

Symbol $ denotes that the difference between means is not significantly different from zero
according to the t test at P = 0.05. Values ≤ −2.5 ◦ C are in boldface

5.3.2

Links between the simulation of DTR and atmospheric
circulation

In order to reveal possible causes of the DTR biases in climate models, links between
DTR and characteristics of atmospheric circulation (indices describing ﬂow direction,
strength and vorticity) are evaluated in this section. The investigation of links to total
cloud amount follows in Sect. 5.3.3.
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Figure 5.2 shows that the RCMs reproduce basic features of DTR’s dependence
on circulation indices and their seasonal changes reasonably well. The dependence
of DTR on the ﬂow indices is most pronounced in summer, qualitatively similar but
weaker in transition seasons, and almost disappears in winter; most RCMs simulate
this pattern. Figure 5.2 also reveals that the underestimation of DTR usually occurs
in the whole range of values of the ﬂow indices.

Figure 5.2: Comparison of dependence of the diurnal temperature range (DTR) on
circulation indices in observed data, RCMs, and ECHAM5 in individual seasons
(rows). Left: RCMs driven by ERA40 reanalysis. Right: ECHAM5 and RCMs driven
by ECHAM5. Data are split into bins of circulation indices (DIR bin size: 18 ◦ ; STR
bin size: 2 units with the ﬁnal bin open-ended; VORT bin size: 6 units open-ended
at both tails). To ensure representativeness, means are only calculated for bins with
samples of at least 15 days throughout the 30-years period. Shaded areas represent
the 95% CI for the observed/ECHAM5 data estimated by bootstrapping (10,000
realizations)
More insight is obtained when dependence of the bias in DTR on circulation indices is plotted (Fig. 5.3). In all seasons and in all RCM simulations driven by ERA40
and ECHAM5, the underestimation of DTR is larger under anticyclonic circulation
(negative vorticity) and becomes smaller or negligible for cyclonic circulation. This
is particularly obvious in summer. Table 5.3 summarizes that in all seasons and all
RCM simulations (except for RegCM driven by ECHAM5), the underestimation of
DTR is larger for anticyclonic than cyclonic vorticity. This pattern holds true for the
runs driven by both ERA40 and ECHAM5. It does not originate in the driving data
in the case of ECHAM5-driven simulations since a clearly diﬀerent pattern is found
for the ECHAM5 GCM, which yields larger underestimation of DTR under cyclonic
vorticity in all seasons (by as much as 1.2-1.3 ◦ C in spring and summer; Table 5.3).
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Figure 5.3: Same as in Fig. 5.2 but for anomalies from the observed data
Table 5.3: Bias of DTR in climate models (control simulations corresponding to
1961–1990) in dependence on vorticity in individual seasons.
Model
hir ERA
rac ERA
rem ERA
reo ERA
rca ERA
hir ec3
rac ec3
rem ec3
reo ec3
rca ec3
ECHAM5

DJF
A
−1.8
−0.8
−0.3
−1.4
−1.4
−1.9
−0.8
−1.3
−2.0
−2.1
−1.3

(◦ C)
C
−0.8
−0.4
0.1 $
−0.5
−0.9
−1.1
−0.5
−1.3
−1.4
−1.7
−1.4

MAM
A
−3.3
−1.0
−1.3
−1.5
−2.3
−3.2
−1.2
−2.3
−2.0
−2.9
−2.9

(◦ C)
C
−2.2
−0.4
−0.4
−0.8
−1.2
−2.6
−1.1
−2.6
−1.4
−2.2
−4.1

JJA
A
−4.4
−1.5
−1.2
−2.2
−3.5
−3.9
−2.0
−2.4
−3.0
−4.4
−3.2

(◦ C)
C
−3.2
−0.5
0.6
−0.9
−2.7
−2.7
−1.7
−2.4
−2.0
−3.3
−4.5

SON
A
−3.7
−1.1
−1.3
−1.0
−2.1
−3.3
−1.5
−2.1
−1.8
−2.7
−2.2

(◦ C)
C
−2.1
0.0 $
−0.5
−0.8
−1.1
−2.4
−0.9
−1.7
−1.5
−1.8
−3.1

A (C) stands for anticyclonic (cyclonic) days, defined as 25 % of days with the largest negative
(largest positive) vorticity in a given season. Symbol $ denotes that the difference between means
in the model and observed data is not significantly different from zero according to the t test at
P = 0.05. Values ≤ 2.5 ◦ C are in boldface

In summer as well as in transition seasons, the underestimation of DTR tends to
be largest for the southeast and south ﬂow associated with warm advection, while
in winter it does not depend clearly on ﬂow direction (Fig. 5.3). With respect to
the dependence of the DTR bias on ﬂow strength, the negative bias is larger for
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high-strength ﬂow in winter. In the other seasons, meanwhile, the results do not
show robust features as they diﬀer for individual RCMs and/or in dependence on
the driving data.
Except for HIRHAM, the DTR underestimation is larger for simulations driven
by ECHAM5 than ERA40 (cf. Sect 5.3.1), but the basic characteristics of the dependence of the DTR bias on ﬂow direction and vorticity are similar for all pairs
of simulations. The reduction of the DTR bias on cyclonic days is slightly less pronounced in the RCMs driven by ECHAM5.

5.3.3

Links between the simulation of DTR and cloud cover

Total cloud amount (TCA) is a climatic characteristic that is closely linked to DTR
in the observed data (Dai et al. 1999; Jackson and Forster 2010). Clouds can reduce
DTR by 25-50 % compared with clear-sky conditions over most land areas (Dai et
al. 1999), as they eﬃciently reduce daily maxima by reﬂecting the sunlight and
enhance daily minima by increasing downward longwave radiation. The eﬀects of
other variables such as water vapour content, precipitation, and wind speed on DTR
are of secondary importance relative to clouds (Dai et al. 1999).
In all seasons, DTR is larger under small TCA values, and declines with increasing
TCA (Fig. 5.4). The sign of DTR’s dependence on TCA is captured in all RCMs, but
the dependence is too weak in all RCM simulations and all seasons. This means that
while the DTR is reasonably simulated on overcast days, it is severely underestimated
under clear-sky conditions as well as on days with TCA up to at least 0.5 (Fig. 5.4).
We note that the dependence of DTR on TCA is particularly weak in HIRHAM
in which DTR is almost independent of TCA, notwithstanding whether boundary
conditions from ERA40 or ECHAM5 are used.
Both too low daily maxima (Tmax) and too high daily minima (Tmin) on days
with TCA ≤ 0.5 (Table 5.4) contribute to the negative bias of DTR. Tmin on these
days is too high in nearly all RCM simulations in all seasons; for 5 RCM-season pairs,
the bias exceeds +4 ◦ C. The opposite pattern is found for Tmax, which tends to be
generally too low, except for winter (when TCA is more closely linked to Tmin than
Tmax; cf. Lobell et al. 2007). We note that the percentage of small-TCA days (deﬁned
as days with TCA ≤ 0.5) in the observed data is about 39 % (18 %) in summer
(winter), and most RCMs overestimate the percentage of small-TCA days compared
to observations in all seasons (Fig. 5.5). This means that the bias in daily temperature
characteristics on this particular subset of days considerably contributes to the total
bias of modelled Tmax and Tmin calculated as climatological characteristics over
all days in basic RCM-evaluation studies. In most RCMs, the lower bias of DTR on
cloudy days (with TCA < 0.5) is due to a better simulation of both Tmin and Tmax
(not shown); the improvement tends to be slightly more important for Tmin in winter
while Tmax in the other seasons. In some cases, however, the lower bias of DTR on
cloudy days is due to compensating large errors in Tmax and Tmin (for example,
both Tmax and Tmin on days with TCA > 0.5 are substantially overestimated in
HIRHAM driven by ECHAM5).
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Figure 5.4: Dependence of the diurnal temperature range (DTR) on total cloud
amount (TCA) in observed data and RCMs. Left 4 panels: RCMs driven by
ERA40 reanalysis. Right 4 panels: RCMs driven by ECHAM5. TCA in RegCM
driven by ERA40 is not available. Shaded areas represent the 95% CI for the observed/ECHAM5 data estimated by bootstrapping (10,000 realizations)

Figure 5.5: Distributions of total cloud amount (TCA) in observed data and RCMs
in winter (left) and summer (right). The step-like dependence for the observed data
appears because TCA is measured in tenths and the daily mean values are averaged
over 3 observations (7, 14, 21 local time) and 2 stations, so the values are discrete
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Table 5.4: Biases of mean seasonal daily minimum (Tmin) and maximum (Tmax)
temperatures in climate models on days with TCA ≤ 0.5.
Model

hir ERA
rac ERA
rem ERA
reo ERA
rca ERA
hir ec3
rac ec3
rem ec3
reo ec3
rca ec3
ECHAM5

DJF
Tmin
1.8*
1.2*
–
2.7*
1.1*
4.7*
2.9*
2.7*
4.3*
4.1*
−0.9*

(◦ C)
Tmax
−1.6 *
−0.5
–
0.1
−1.6*
1.0*
1.4*
1.6*
1.0*
0.3
−2.2*

MAM (◦ C)
Tmin Tmax
1.9* −3.8*
0.7* −0.9*
–
–
3.0*
0.3
1.2* −2.8 *
3.9* −2.1*
1.2* −0.9*
0.2
−0.7
2.9*
−0.4
2.0* −2.8*
0.2
−2.4*

JJA
Tmin
2.8*
1.5*
–
3.0*
0.5*
5.5*
0.5*
0.0
1.5*
0.1
−0.8*

(◦ C)
Tmax
−3.8*
−0.8*
–
−0.5*
−4.2*
−0.3
−2.3*
−0.8*
−2.4*
−5.2*
−4.5 *

SON
Tmin
2.3*
0.8*
–
2.8*
0.3
5.0*
1.0*
0.1
2.2*
0.4
−1.2*

(◦ C)
Tmax
−3.6*
−0.7*
–
0.0
−3.3*
−0.9*
−1.4*
−1.1
−0.9*
−4.0*
−3.9*

Symbol ∗ denotes a difference between means in the model and observed data significantly
different from zero according to the t test at P = 0.05. TCA is not available for RegCM driven by
ERA40. Biases > 1.0 ◦ C (< −1.0 ◦ C) are indicated in bold and italics

Similar insight is acquired when mean DTR on the 25 % of days with smallest
TCA and 25 % of days with largest TCA are compared (which leads to the same
fraction of days being compared in any dataset; Fig. 5.6). While in the observed
data DTR is by almost 8 ◦ C (4 ◦ C) larger on days with small TCA compared to
days with large TCA in summer (winter), the diﬀerences become much smaller in
all RCM simulations in both seasons. Again, this is particularly the case of both
HIRHAM runs in which the diﬀerences between low- and high-TCA days are less
than 1.3 ◦ C in both summer and winter. Figure 5.6 also shows that the model errors
occur mainly on days with TCA below the lower quartile while the performance is
reasonably good on days with TCA above the upper quartile.
Note that due to biases inherent to the simulation of TCA, the samples of the
25 % of days with the largest TCA diﬀer considerably in their climatological TCA
characteristics among the individual RCM simulations, and in some cases they include also days with TCA as low as ∼0.6 while in others they are more or less
conﬁned to days with TCA ∼1.0. Similar diﬀerences amongst the RCMs are found
for the samples of small-TCA days. This is illustrated in Fig. 5.5,which shows that
the distributions of TCA are severely distorted in some RCM simulations, and especially so in HIRHAM (which substantially overestimates frequency of days with
small TCA) and RegCM (with an opposite tendency).
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Figure 5.6: Mean diurnal temperature range (DTR) on the 25% days with the smallest (left) and largest (middle) total cloud amount (TCA) in observed data and RCMs.
Diﬀerence between the two samples is plotted in the right column. Top: winter (DJF),
bottom: summer (JJA)

5.4

Discussion and conclusions

The evaluation of the diurnal temperature range (DTR) in control simulations with
the ENSEMBLES RCMs over Central Europe shows that the models suﬀer from
relatively large biases that are to some extent general for the examined RCMs, and
they are linked to atmospheric circulation as well as cloudiness in the models.
The main features of the errors in the simulation of DTR are as follow:
• The DTR biases comprise a general characteristic of all RCMs: DTR is underestimated in all RCM simulations in all seasons.
• The DTR biases depend relatively little on boundary conditions of the RCM
simulations and are of the same sign for runs driven by ERA40 and ECHAM5,
although they tend to be larger for the latter.
• The underestimation of DTR is largest in summer and smallest in winter in
most RCMs.
• The underestimation of DTR is larger under anticyclonic circulation and becomes smaller or negligible for cyclonic circulation in all seasons and all RCM
simulations (except RegCM driven by ECHAM5).
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• In summer as well as spring and autumn, the underestimation of DTR tends
to be largest for the southeast to south ﬂow associated with warm advection,
while in winter it does not depend on ﬂow direction.
• The DTR biases are related to cloud cover: the underestimation of DTR is
much more pronounced on days with small cloud amount.
• Basic characteristics of the model errors in DTR, including links to circulation
and cloud amount, seem to be common to all examined RCMs.
The mutual links between DTR, cloud cover, and atmospheric circulation deserve
particular attention. Figure 5.7 shows that for the southeast to south ﬂow (associated
with the largest underestimation of DTR in summer and transition seasons) cloud
cover tends to be least underestimated or even overestimated in the RCMs, leading to
reduced (enhanced) daily temperature maxima (minima). This may explain why the
underestimation of DTR is particularly large under this ﬂow direction. However, this
requires further investigation to reveal which processes lead to too much cloudiness
being simulated in Central Europe under warm advection from the south quadrant
in the warm season.
On the other hand, no general tendency to overestimate total cloud amount under
anticyclonic conditions is found in the RCMs (Fig. 5.7), except for RegCM driven by

Figure 5.7: Comparison of dependence of mean diﬀerences of simulated total cloud
amount (TCA) from the observed data on circulation indices in RCMs and ECHAM5
in individual seasons (rows). Left: RCMs driven by ERA40 reanalysis. Right:
ECHAM5 and RCMs driven by ECHAM5. To ensure representativeness, means are
only calculated for bins with samples of at least 15 days throughout the 30-years period. Shaded areas represent the 95% CI for the observed/ECHAM5 data estimated
by bootstrapping (10,000 realizations)
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ECHAM5, in which distribution of cloudiness is completely unrealistic (cf. Fig. 5.5).
This suggests that the large negative bias of DTR for anticyclonic circulation cannot
be explained by a bias in cloudiness.
The example of RegCM also demonstrates that a good validation result does not
always indicate a perfection of the model: although RegCM driven by reanalysis has
the smallest bias of DTR within the ensemble (Table 5.2), and RegCM driven by
ECHAM5 is the best model with respect to the dependence of DTR on cloudiness
(Fig. 5.4), the simulation of cloudiness itself is by far worst in this model (Fig. 5.5).
Relatively good performance in some characteristics (such as DTR in this case) may
be indicative of diﬀerent errors cancelling each other.
Errors in the simulation of heat and moisture ﬂuxes between land surface and
the atmosphere probably contribute to the temperature errors in the RCMs. The
underestimation of daily maxima may be related to too-strong mixing in the boundary layer, which transports too much heat from the surface and lower parts of the
atmosphere (cf. Pfeiﬀer and Zangl 2010). This mechanism is likely to play its most
important role in summer and under clear-sky conditions when surface heating and
near-surface vertical temperature gradients are largest. That would be consistent
with the ﬁnding that the DTR errors in the RCMs are largest in summer and on
days with small cloud amount. Samuelsson et al. (2011) reported underestimation of
DTR over Northern Europe as the primary bias of the RCA3 simulation (driven by
ERA40). The underestimation was larger in summer than winter, which also agrees
with the present study. Those authors have shown that the introduction of an organic soil component (which has a lower heat transfer coeﬃcient than mineral soil)
reduced the error signiﬁcantly, so the underestimation of DTR was to some extent
related to overestimation of ground heat ﬂux.
The hypothesis that the underestimation of DTR in the RCM simulations is related to soil properties and too much heat being transported from the surface is
supported by results presented in Fig. 5.8. For all pairs of single-RCM simulations
(driven by ERA40 and ECHAM5) and in all seasons, except for RegCM in spring, we
ﬁnd that the model run with more precipitation has always a larger underestimation
of DTR. Although the links between clouds, precipitation, soil moisture, heat transport, and surface air temperatures are complex, and the dependence does not hold
for the ensemble of RCMs as a whole but only for the pairs of single-RCM simulations, this suggests that with more precipitation, soil moisture is increased, and the
enhanced latent heat ﬂux (which cools the surface) leads, consistently amongst the
RCMs, to reduced daily surface air temperature maxima and hence smaller DTR.
Overestimated soil moisture may contribute to the general bias towards reduced daily
maxima and DTR in the RCMs. We note that soil moisture is available for 3 of the
investigated RCMs only, which does not allow performing a similar analysis for the
examined ensemble with soil moisture data directly.
For ECHAM5 GCM, used as the driving model, underestimation of DTR is found
as well but its characteristics with respect to the links to other variables diﬀer from
those in the RCM simulations. In contrast to RCMs, the DTR bias in ECHAM5 is
much larger under cyclonic than anticyclonic ﬂow in summer and transition seasons.
This conﬁrms that the DTR bias in RCMs does not propagate from the driving
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Figure 5.8: Dependence of the bias in the diurnal temperature range (DTR) on total
seasonal precipitation amount (PREC) in individual RCM simulations and seasons
data, and DTR in RCMs behaves more or less independently of the driving GCM.
Very similar characteristics of the DTR bias in all 5 RCMs suggest that the RCM
formulations and parameterizations of land-surface schemes and heat and moisture
ﬂuxes between land and atmosphere suﬀer from similar deﬁciencies. The study points
to a necessity to evaluate links between individual variables in climate models in order
to obtain insight into possible drawbacks in the formulations of the models and the
parameterizations used.
Similar studies evaluating the performance of an ensemble of RCMs as to DTR
and its links to other climatic variables are essentially needed in other European
regions where high-quality gridded datasets are available to represent observations,
in order to ﬁnd spatial pattern and/or latitudinal dependence of the reported general
tendencies and links, and whether they hold true at the continental scale. This should
in turn motivate improvements in next-generation RCMs.
Last but not least, poor simulation of DTR especially on anticyclonic and clearsky days in the warm season may have implications for the credibility of surface
air temperatures simulated during summer heat waves in the current RCMs. Daily
maxima tend to be too low while daily minima too high on such days, by several

118

5.5. APPENDIX

degrees Celsius in some models. As the model errors inﬂuence also climate change
simulations, heat wave characteristics in climate change scenarios produced by current RCMs should be interpreted with a view to the limited ability of those models
to reproduce basic properties of the diurnal temperature cycle (and related climatic
processes), especially on warm and sunny days in summer. For use in climate change
impact studies, distributions of daily temperatures for future time slices need to be
adjusted, and this adjustment should be conditioned on variables such as ﬂow indices
and/or cloud cover.
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5.5

Appendix

The airﬂow indices are calculated using MSLP in grid points shown in Fig. 5.1.
The westerly (zonal) component of the geostrophic surface wind is calculated as
the pressure gradient between 45 ◦ N and 55 ◦ N and represents the westerly ﬂow w:
w = 0.5 · (p[4] + p[5]) − 0.5 · (p[12] + p[13]).

(5.1)

s = 1.56 · (0.25 · (p[13] + 2 · p[9] + p[5])
− (0.25 · (p[12] + 2 · p[8] + p[4])) .

(5.2)

The southerly (meridional) component of the geostrophic surface wind represented by the pressure gradient between 10 ◦ E and 20 ◦ E is the southerly ﬂow s:

The resultant total ﬂow strength is
STR =

√

w 2 + s2 .

(5.3)

The direction of ﬂow DIR is calculated as
w

(5.4)
s
added 180 ◦ if s ≥ 0, and 360 ◦ if s < 0 or w ≥ 0.
The total shear vorticity VORT is the sum of the westerly and southerly vorticity:
DIR = arctan

VORT = zw + zs,

(5.5)

where zw corresponds to the diﬀerence of the westerly ﬂow between 40 ◦ N and
50 N and of that between 50 ◦ N and 60 ◦ N
◦
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zw =

1.08 · (0.5 · (p[1] + p[2]) − 0.5 · (p[8] + p[9]))
−0.94 · (0.5 · (p[8] + p[9]) − 0.5 · (p[15] + p[16])) ,
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(5.6)

and zs is the diﬀerence of the southerly ﬂow between 30 ◦ E and 20 ◦ E and of that
between 10 ◦ E and 0 ◦ E
zw = 1.21 · (0.25 · (p[14] + 2 · p[10] + p[6])
−0.25 · (p[13] + 2 · p[9] + p[5])
−0.25 · (p[12] + 2 · p[8] + p[4])
+0.25 · (p[11] + 2 · p[7] + p[3])) .

(5.7)

Constants used in these equations reﬂect diﬀering sizes of grid cells at each latitude. DIR is expressed in degrees, while STR and VORT have units of hPa per
10 ◦ latitude at 50 ◦ N.
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Abstract The study investigates relationships between large-scale atmospheric
circulation (represented by circulation indices and 27 circulation types derived from
gridded mean sea level pressure) and daily precipitation amounts for the 1961–2000
period over three regions in the Czech Republic (Central Europe) with diﬀerent
precipitation regimes. We examine how ENSEMBLES regional climate model (RCM)
simulations driven by re-analysis reproduce the observed links and capture diﬀerences
in the links between given regions (lowlands vs. highlands) and seasons. We study
the links of circulation to (i) mean precipitation over the regions, (ii) probability of
wet days, and (iii) probability of extreme daily precipitation (exceeding threshold
deﬁned by a high quantile of precipitation distribution in a given season).
We ﬁnd quite strong links in the observed data between atmospheric circulation
and these precipitation characteristics. The links are generally more pronounced for
highland than lowland regions. More wet days and higher precipitation amounts are
found for cyclonic and stronger ﬂows, and for westerly and north-easterly ﬂows. The
RCMs are generally able to capture basic features of the links. They nevertheless have
diﬃculties to reproduce some more speciﬁc features and diﬀerences in the links between the regions. Results also suggest that good performance in some precipitation
characteristics may be due to compensating errors rather than model’s perfection.
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6.1

Introduction

Heavy precipitation events as well as total precipitation amounts and their distribution in time and space aﬀect many human social and economic activities. Floods
originating from heavy and/or long-lasting rains cause not only great material and
environmental damage, but they can result also in loss of lives (Jonkman 2005; Vinet
2008). At the same time, agriculture is very sensitive to drought (Wilhelmi and Wilhite 2002; Ciais et al. 2005). Knowledge on a regional scale of these natural hazards
and their possible future changes can help in mitigating their impacts and designing
appropriate adaptation measures.
The most widely used tools for simulating climate and future climate change
scenarios at the regional and local scales are regional climate models (RCMs). Since
these have been shown to suﬀer from biases in simulating recent climate (Christensen
et al. 2008; Boberg et al. 2010; Kjellström et al. 2010; Holtanová et al. 2012), it is important to identify sources of these errors and to address them in further developing
the models. While many studies on model validation evaluate rather general statistical characteristics of precipitation, such as mean total amount, mean or variability
of a speciﬁc quantity, and their spatial patterns (e.g. Randall et al. 2007; Dosio and
Paruolo 2011), simulation of precipitation may depend on simulation of other climatological variables and processes such as atmospheric circulation, cloud amount,
humidity, and convection. It is particularly useful, therefore, to identify links between
individual variables and their biases which may bring insight into physical processes
aﬀecting a given model’s performance or reveal potential common deﬁciencies.
In this study, we investigate links between large-scale atmospheric circulation
and precipitation over three regions in the Czech Republic (Central Europe) for the
1961–2000 period. The regions are deﬁned so that they represent areas with diﬀerent
precipitation regimes (see Section 6.2.2). Atmospheric circulation is represented by
three circulation indices (ﬂow direction, strength and vorticity) and 27 circulation
types (Section 6.2.2). For each circulation type/index bin value, we investigate mean
precipitation amounts, probability of wet days and probability of extreme precipitation. The observed links are compared with those in ﬁve high-resolution RCMs from
the ENSEMBLES project (van der Linden and Mitchell 2009) driven by re-analysis
for the same 1961–2000 period. We also discuss whether some biases in the simulation
of total seasonal precipitation amounts could be explained by biases in circulation.
If the links between large-scale atmospheric circulation and precipitation are realistically reproduced in a climate model, biases in simulation of total precipitation
amounts could be attributed to biases of large-scale circulation itself.
The paper is structured as follows: The data (observations and RCMs) and methods (including deﬁnition of regions and characteristics of atmospheric circulation
and precipitation) are described in Section 6.2. Results for the observed data are described in Section 6.3 and those for the RCM simulations in Section 6.4. Discussion
and conclusions follow in Sections 6.5 and 6.6.
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Data and methods
Data

Observed data
Daily precipitation and daily mean sea level pressure data are analysed over the
1961–2000 period in winter (December–February, DJF) and summer (June–August,
JJA) seasons.
Observed precipitation data are taken from the gridded dataset interpolated from
a high-density station network operated by the Czech Hydrometeorological Institute.
Before further processing, measured values were subject to quality control, homogenization and ﬁlling of gaps (Štěpánek et al. 2009). Series for a given grid point were
interpolated from all stations with distance less than 20 km; if the number of selected
stations was lower than 10, further stations were added until the required number
was reached (note that the mean minimum distance within the rain gauge network is
only 7 km). Stations were excluded from interpolation if the diﬀerence from the grid
point altitude exceeded 500 m. Prior to interpolation, data were standardized to the
grid point altitude by means of linear regression of daily precipitation against altitude. The interpolation was carried out using weighted average with weight 1/d0.5 ,
where the power 0.5 served for creation of area-aggregated rather than point-speciﬁc
data, which makes comparison between observed and model data more straightforward (Štěpánek et al. 2011). The grid and altitude of the grid points was taken from
the high-resolution European gridded dataset (E-OBS; Haylock et al. 2008) and they
correspond closely to the orography in most examined RCMs. A similar procedure
was applied in producing high-resolution gridded temperature data for the region
(cf. Kyselý et al. 2008; Kyselý and Plavcová 2010).
Data from the ERA-40 re-analysis (Uppala et al. 2005) are used as the observed
pressure data.
RCM data
An ensemble of ﬁve high-resolution (∼ 25 km) RCMs from the ENSEMBLES project
(van der Linden and Mitchell 2009) is explored. The RCMs are driven by re-analysis
(ERA-40), which is regarded as perfect boundary condition and avoids biases caused
by potentially biased global climate model boundary conditions. Simulations corresponding to the 1961–2000 period are examined. The list of the RCMs and references
to further details are given in Table 6.1.

6.2.2

Methods

Regions under study
We investigate links between precipitation and atmospheric circulation for daily
(area-averaged in most cases) precipitation amounts in three regions in the Czech
Republic (Fig. 6.1) with diﬀerent precipitation regimes: Central Lowland (CL, 18
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Table 6.1: Summary of the examined ENSEMBLES regional climate models
Institution
DMI (Danish Meteorological Institute)
KNMI (Royal Netherlands
Meteorological Institute)
ICTP (Abdus Salam International
Centre for Theoretical Physics)
MPI (Max-Planck Institute)
SMHI (Swedish Meteorological and
Hydrological Institute)

RCM
HIRHAM
RACMO

Reference
Christensen et al. (1996)
Lenderink et al. (2003)

RegCM

Giorgi and Mearns (1999)

REMO
RCA

Jacob (2001)
Kjellström et al. (2005)
Samuelsson et al. (2011)

Figure 6.1: Left: Sixteen grid points used to construct the airﬂow indices over Central Europe (more details in Plavcová and Kyselý 2012). Right: Grid cells that deﬁne
the regions under study (Central Lowland, CL; Southern Highland, SH; and Eastern
Highland, EH). The altitudes of the grid boxes are taken from the observed precipitation data set and closely correspond to the orography in most of the RCMs
examined
grid points), Southern Highland (SH, 7 grid points) and Eastern Highland (EH, 7
grid points). The regions are deﬁned with respect to the grids of the models and the
observed data, and they reﬂect spatial diﬀerences in geographical and climatological
characteristics, which relate also to complex orography. The CL region represents one
of two main agricultural areas in the Czech Republic, with mean altitude for grid
points of 257 m a.s.l. (Fig. 6.1) and mean annual precipitation amount of 578 mm (for
1961–2000). The latter two regions represent mountain ranges with diﬀerent windward precipitation eﬀects and diﬀerent synoptic patterns manifested in heavy precipitation events: The SH region (790 m a.s.l., 835 mm/year) is exposed to predominant
westerly/south-westerly ﬂow, while the EH region (597 m a.s.l., 826 mm/year) is particularly aﬀected by cloud belts associated with low pressure systems over Central
Europe, often of Mediterranean origin (e.g. Hanslian et al. 2000), producing precipitation mainly for the northerly and easterly ﬂow. The two highland regions diﬀer

6.2. DATA AND METHODS

126

also in their ratios between summer and winter precipitation, which is 1.57 in the
SH region and 1.72 in the EH region.
Characteristics of atmospheric circulation
Atmospheric circulation is represented by circulation indices (ﬂow direction, strength,
and vorticity; Jenkinson and Collison 1977; Blenkinsop et al. 2009) derived from
gridded mean sea level pressure at 16 grid points shown in Fig. 6.1 by means of
equations given in Plavcová and Kyselý (2012). The circulation indices are also used
to produce a simple classiﬁcation of 27 circulation types (for more detail, refer to
Jones et al. 1993; Demuzere et al. 2009): strongly cyclonic (C) and anticyclonic (A)
types, 8 directional types (divided into 8 quadrants: N, NE, E, SE, S, SW, W, NW),
16 hybrid types (combinations of directional and cyclonic/anticyclonic types, i.e. CN,
AN, CNE, ANE, etc.) and unclassiﬁed (U) days.
In the ﬁrst step, we classify days over the studied period (1961–2000) into bins
of circulation indices (direction bin size: 18 ◦ ; strength bin size: 2 units; vorticity
bin size: 6 units) and 27 circulation types. To ensure representativeness, results are
plotted in ﬁgures only for bins and types with samples of at least 15 days throughout
the 40-year period. Winter and summer frequency distributions of the airﬂow indices
and circulation types are shown in Fig. 6.2. Westerly ﬂow predominates over Central
Europe, especially in winter.

Figure 6.2: Winter and summer frequency distributions of the 3 airﬂow indices and
27 circulation types for the period 1961–2000 in the ERA-40 re-analysis (black) and
5 RCMs. The shaded areas on the left plots represent the 95% conﬁdence intervals
of ERA-40 as described in Plavcová and Kyselý (2012)
The ability of the RCMs to reproduce large-scale atmospheric circulation represented by ﬂow direction, strength and vorticity over Central Europe is discussed in
detail in Plavcová and Kyselý (2012). The RCMs are able qualitatively to reproduce
the observed distributions of the airﬂow indices and types as well as their seasonal
changes (Fig. 6.2). However, comparison with the 95% conﬁdence interval of ERA-40
indicates that all RCM distributions for each airﬂow index diﬀer signiﬁcantly from
ERA-40. For more detail on atmospheric circulation characteristics in the RCMs, see
Plavcová and Kyselý (2012).
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Precipitation characteristics
The following precipitation characteristics are analysed (based on area-averaged precipitation in each region, if not speciﬁed otherwise): (i) mean precipitation amounts,
(ii) probability of wet days (deﬁned as days with precipitation higher than 0.3 mm;
the threshold is the same as in Brisson et al. [2011]), and (iii) probability of extreme
precipitation (deﬁned as grid box daily precipitation higher than the 99th quantile
in at least one grid over the region). This deﬁnition of “extreme precipitation” allows
also for inclusion of more localized storms that do not aﬀect the whole region. Separately for the three regions (CL, SH, EH; Fig. 6.1), the precipitation characteristics
are evaluated for each circulation type and circulation index bin.
Two indices deﬁned by Goodess and Jones (2002) are used to study the precipitation variability: First, the normalized relative occurrence of wet days (or extreme
precipitation) per circulation types is used to identify types with signiﬁcantly larger
probability of wet days (or extreme precipitation) than the probability inclusive of
all days. The index for wet days is deﬁned as
−1

NwetCT
NwetT OT
PCT =
·
,
(6.1)
NCT
NT OT
where NwetCT is the total number of wet days within a circulation type, NCT is the
total number of days within a circulation type, NwetT OT is the total number of wet
days, and NT OT is the total number of days (all variables refer to either winter or
summer). For extreme precipitation, an analogous formula is used. Another index
is the normalized relative daily intensity of precipitation and shows whether the
intensity of precipitation on wet days is, for a given type, larger than the average
intensity over all wet days. The index is deﬁned as

−1
T ARCT
T ART OT
ICT =
·
,
(6.2)
NwetCT
NwetT OT
where T ARCT is the total accumulated precipitation during wet days within a circulation type, NwetCT is the total number of wet days within a circulation type,
T ART OT is the total accumulated precipitation during wet days, and NwetT OT is
the total number of wet days (all variables refer to either winter or summer). The
statistical signiﬁcance of these ratios was estimated by block bootstrapping (R =
1,000; cf. Kyselý 2007).

6.3
6.3.1

Links between precipitation and circulation in
the observed data
Atmospheric circulation and mean precipitation

Figure 6.3 shows quite strong links between atmospheric circulation and mean precipitation amounts in the observed data. There are pronounced links in summer between
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vorticity and precipitation, with much higher mean precipitation amounts during cyclonic than anticyclonic ﬂow days. This link is important also in winter but is much
smaller. In summer, most precipitation is linked to convection and development of
convection is supported under cyclonic conditions. Stronger ﬂows produce larger precipitation amounts in both seasons, mainly in highland regions. This is likely linked
to advection of moist air masses and enhanced windward eﬀects. Generally larger
mean precipitation amounts occur for westerly ﬂows (especially in winter) and northeasterly ﬂows (especially in summer in the highlands) while these are smallest for
the southerly ﬂow. Higher precipitation amounts during westerly ﬂow are related
to the Atlantic inﬂuence, which, with respect to precipitation, is more important in
winter. Larger amounts of precipitation in summer linked to the north-easterly ﬂow
are related mainly to cloud belts associated with low pressure systems over Central
and Eastern Europe. All these links are more pronounced for the highlands (the SH
and EH regions), where orography ampliﬁes eﬀects of circulation on precipitation.

6.3.2

Atmospheric circulation and probability of wet days

Probability of wet days, deﬁned as days when area-averaged precipitation amount in
a given region is greater than 0.3 mm (cf. Brisson et al. 2011; results for the threshold
of 0.5 mm are very similar), is higher in summer than in winter and in the highlands
than in the lowland region (Fig. 6.4).
Links between atmospheric circulation and wet days in the observed data (Fig. 6.3b)
are more pronounced than are those for mean precipitation (Fig. 6.3a). The relationships are analogous in both seasons. The link to ﬂow direction is stronger in winter
and for the highlands: northerly ﬂow is most conducive to wet days while southerly
and south-easterly ﬂow are least conducive. Orography is particularly important in
inducing precipitation for ﬂow from the northeast quadrant, where diﬀerences between the lowland and highland regions are largest. The link to vorticity is very
strong in both winter and summer, with probability of wet days exceeding 0.8 for
strongly cyclonic days in both seasons and all three regions. Probability of wet days
also increases with ﬂow strength.
The types which are linked to signiﬁcantly larger probability of wet days than
the average probability across all days in a season are compared among regions
in Table 6.2 (left part). Generally, these are the westerly and northerly types, the
cyclonic types, and for the EH region also the easterly types. For most of these types
the probability of wet days is 1.5 to 2 times greater than the climatological average.
Table 6.3 lists those types with signiﬁcantly larger daily intensity of precipitation
during wet days than the mean intensity over the entire season. It is evident that
all these types are also types with higher probability of wet days (cf. Table 6.2).
Therefore, we can refer to them as “rainy” types. During rainy types, both probability
of wet days and intensity of precipitation are signiﬁcantly greater than on days taken
as a whole.
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a)

b)

c)

Figure 6.3: Winter and summer mean precipitation amounts (a), probability of wet
days (> 3 mm) (b), and probability of extreme (> 99th quantile) precipitation (c) on
days falling into each index bin in the observed data over 1961–2000. Line markers
represent the three regions in the Czech Republic
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Table 6.2: Normalized relative occurrence of wet days (left) and extreme precipitation
(right) per circulation types in the observed data for three regions. Only values
signiﬁcantly greater than 1 (p=0.05, estimated by block bootstrapping, R=1,000)
are shown
DJF wet days
DJF extreme precipitation
CL
SH
EH
CL
SH
EH
N
1.30
1.49 1.62
NE
1.45 1.63
E
1.15
SW
1.64
1.54 1.38 2.46
3.39
1.82
1.80 1.58 3.47
4.91
3.85
W
1.94
1.68 1.65 2.45
2.62
NW
C
1.55
1.52 1.33
CN
2.14
1.90 1.71
CNE
1.43
1.79 1.67
CE
1.60 1.52
CSW
1.84
1.90 1.59
CW
2.14
1.90 1.71
CNW 1.99
1.83 1.71
AN
1.56
AW
1.56
1.38 1.41
ANW
1.18
JJA wet days
JJA extreme precipitation
CL
SH
EH
CL
SH
EH
N
1.19
1.46
SW
1.66
1.54 1.36 3.03
W
1.61
1.48 1.41
NW
1.38
1.26 1.43
C
1.62
1.50 1.54 3.70
4.04
3.59
CN
1.32
1.49 1.35
7.62
CNE
1.48
1.45 1.50 2.89
5.70
4.55
CS
1.84
1.66
CSW
1.61
1.66 1.48
CW
1.41 1.69
CNW 1.62
1.52 1.49
ASW
1.28
AW
1.20
1.20
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Figure 6.4: Mean winter and summer precipitation amounts (bars) and probability
of wet days (crosses) in the observed data and RCMs over 1961–2000
Table 6.3: Normalized relative daily intensity of precipitation during wet days per
circulation types in the observed data in three regions of Central Europe. Only values
signiﬁcantly greater than 1 (p=0.05, estimated by block bootstrapping, R=1,000) are
shown
DJF
JJA
CL SH EH CL SH EH
N
1.37
SW
1.25 1.47 1.35 1.56 1.36 1.32
W
1.40 1.87 1.68
NW 1.16 1.19 1.44
C
1.61 1.53 1.58
CN
1.50
2.59
CNE
1.54 1.66 1.76
1.61
CW

6.3.3

Atmospheric circulation and probability of extreme
precipitation

Extreme precipitation events are deﬁned as days with grid box precipitation higher
than the 99th quantile in at least one grid over a region. Note that the overall
probability is higher in the CL region in comparison to the EH and SH regions, since
there are more grid points in the CL region (Fig. 6.1).
Figure 6.3c shows that the probability of extreme precipitation is high especially
for strong ﬂow days, strong cyclonic ﬂow and westerly (in winter) and north-easterly
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(in the EH region) ﬂow days. These features are analogous to the links between
circulation and mean precipitation (Fig. 6.3a).
Extreme precipitation events are typically linked to only certain circulation types,
while during many other types extreme precipitation never occurs. The right part
of Table 6.2 shows those types for which the occurrence of extreme precipitation is
signiﬁcantly higher than average. In winter, the relative occurrence is largest for the
pure westerly types in all regions. Table 6.2 also conﬁrms diﬀerences in the climatological characteristics among the regions studied. While the second most important
direction linked to extreme precipitation is south-westerly in SH, it is north-westerly
in EH. In summer, signiﬁcantly high probability of extreme precipitation events is
found for the pure cyclonic and CNE types in all regions and for CN types in the EH
region. A comparison with Table 6.3 shows that all signiﬁcantly higher probabilities
of extreme precipitation fall into the rainy types.

6.4

6.4.1

Simulation of precipitation in regional climate
models and reproduction of the links to circulation
Validation of total seasonal precipitation amounts

Figure 6.4 shows that the RCMs suﬀer from biases in simulating mean winter and
summer total precipitation amounts. In winter, all RCMs except REMO in the highlands simulate more precipitation in all three regions in comparison to observations.
In summer, the sign of the biases diﬀers among the RCMs. RCA overestimates precipitation amounts in all regions, RACMO underestimates them in the CL and EH
regions, HIRHAM ampliﬁes diﬀerences between lowland and highland regions, while
REMO does not capture diﬀerences between lowland and highland regions at all.
The best RCM with respect to simulated summer precipitation amounts is clearly
RegCM (Fig. 6.4).

6.4.2

Atmospheric circulation and mean precipitation in RCMs

The RCMs are able to capture some of the basic features found in the observed data
when similar relationships as in Fig. 6.3 are plotted for each RCM (not shown) and
for ensemble mean (Fig. 6.5). The links are also more pronounced for the highlands
(except REMO, cf. Fig. 6.4 showing that REMO does not diﬀerentiate between
the lowland and highland regions as to total precipitation amounts). In agreement
with the observed data, the RCMs simulate more precipitation during cyclonic than
anticyclonic ﬂow days and during stronger ﬂows in both seasons.
The RCMs have diﬃculties, however, to capture some more speciﬁc features.
The upper panels of Fig. 6.6 show unrealistic links to direction in summer simulated
by some RCMs which reproduce neither the local peak of precipitation for southwesterly ﬂow evident in the observed data (OBS) nor the much greater precipitation
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a)

b)

c)

Figure 6.5: As in Fig. 6.3, but for ensemble mean of the 5 RCM simulations
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linked to northerly ﬂow in the EH region than in the other two regions (the diﬀerences
tend to be smaller in the RCMs). The middle panels of Fig. 6.6 illustrate that the
link between the CN type and enhanced mean precipitation in the EH region is to
some extent reproduced in some RCMs (HIRHAM, RegCM) even as it is completely
missing in REMO. Note that results are plotted only for circulation types with
samples of at least 15 days, to ensure representativeness.

Figure 6.6: Links of mean precipitation amounts to ﬂow direction (a) and cyclonicdirectional types (b) in summer, and of probability of wet days to ﬂow direction (c)
in winter in the observed data (OBS) and 5 RCMs

6.4.3

Atmospheric circulation and probability of wet days
in RCMs

Figure 6.4 illustrates that the RCMs generally suﬀer from large biases in reproducing the number of wet days. All RCMs (except REMO in the EH region) simulate
many more wet days in winter compared to observations (Fig. 6.4). Although the
RCMs typically overestimate the winter precipitation amounts, the mean intensity of
precipitation during wet days is overestimated by some RCMs while underestimated
by others. RCA is the only RCM which reproduces the feature that the probability
of wet days is higher in summer than in winter. At the same time, however, RCA
most overestimates the summer precipitation amount (Fig. 6.4). REMO does not
even capture that more wet days are observed in the highlands (Fig. 6.4), which is
again linked to unrealistic reproduction of precipitation regimes in the highlands.
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As shown for the RCM ensemble means in Fig. 6.5, those RCMs examined are
generally able to capture the observed links (increased probability of wet days for
westerly and north-easterly ﬂows, cyclonic vorticity, and strong ﬂow; reduced probability of wet days for southerly ﬂow, anticyclonic ﬂow days, and low ﬂow strength).
Figure 6.6 shows a comparison of the links between ﬂow direction and probability
of wet days for the observed data and the RCMs in winter, with a shift to higher
values of probability evident in most RCMs. Some RCMs do not capture the lower
probability of wet days for north-easterly ﬂow in the lowland region compared to the
highlands (Fig. 6.6). The strong link to vorticity in the observed data (Fig. 6.5) is
also modiﬁed by the RCMs. The probability of wet days in winter is overestimated
for both strong anticyclonic and cyclonic ﬂow days by all RCMs except REMO (Table 6.4). Except for RCA, since the overestimation is greater for strong cyclonic ﬂow
in all RCMs, they also amplify the diﬀerences between probabilities of wet days for
strong cyclonic and anticyclonic ﬂow days in winter (REMO most). By contrast, in
summer, RegCM and RCA simulate many more wet days among strong anticyclonic
days (Table 6.4), and that is why the diﬀerences between strong cyclonic and anticyclonic days are signiﬁcantly smaller than in the observed data. More than 50%
wet days under strong anticyclonic conditions in summer in RCA suggest that daily
precipitation is quite unrealistic in this RCM.
Table 6.4: Probability of wet days for 2% of days with strongest anticyclonic (A)
and cyclonic (C) ﬂow, and their diﬀerences. Probabilities are averaged over the three
regions under study. Values signiﬁcantly diﬀerent from the observed value (at the
0.05 level, estimated by bootstrapping) are marked with *
PROB
OBS
HIRHAM
RACMO
RegCM
REMO
RCA

A
0.22
0.31*
0.27
0.28
0.12*
0.38*

DJF
C
0.85
0.96*
0.97*
0.99*
0.95*
0.96*

C−A
0.63
0.65
0.70*
0.71*
0.84*
0.58

JJA
A
C
C−A
0.18 0.92 0.74
0.18 0.93 0.76
0.09* 0.88 0.79
0.42* 0.92 0.50*
0.12* 0.90 0.77
0.52* 0.97* 0.45*

Table 6.5 compares the “rainy” types (types during which the mean intensity of
precipitation on wet days is signiﬁcantly greater than the intensity on all wet days,
see Section 6.3.2) for the observed data and the RCMs. The results stand for the
whole area under study (the precipitation data were averaged over all three regions).
In agreement with observations, all RCMs classify the westerly, north-westerly and
cyclonic-westerly (except RCA) types as “rainy” types in winter, as well as pure
cyclonic, CN and CNE types in summer. General biases of the models seem to be
to overestimate relative intensity of precipitation during cyclonic and CNW types in
winter, and for the latter type also in summer.
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Table 6.5: Comparison of normalized relative daily intensity of precipitation during
wet days per circulation types for the observed data and RCMs. Daily precipitation
amounts are averaged over the three regions. Only values signiﬁcantly greater than
1 (p=0.05, estimated by block bootstrapping, R=1,000) are shown
DJF
OBS
HIRHAM
RACMO
RegCM
REMO
RCA
JJA
OBS
HIRHAM
RACMO
RegCM
REMO
RCA

6.4.4

N

N

SW
1.46
1.20
1.34

1.47
SW
1.49

W
1.80
1.80
1.84
1.62
1.41
1.63
W

NW
1.35
1.43
1.34
1.44
1.23
1.45
NW

1.21
1.15

1.23

1.31

1.35

C
1.21
1.51
1.20
1.28
1.16
C
1.66
1.73
1.50
1.73
1.47
1.70

CN
1.18

CNE

CE

1.31
1.37
1.20
1.18
CN
1.46
2.06
1.69
2.18
1.51
1.71

CSE

CSW

1.67

2.01

CSE

CSW

CW

3.52

1.58
1.63

1.03
CNE
1.76
1.63
1.46
1.28
1.77
1.34

CE

1.82

CW
1.39
1.55
1.47
1.88
1.64

CNW
1.75
1.27
1.66
1.52
1.60
CNW
1.54
2.09
1.44
1.54

Atmospheric circulation and probability of extreme
precipitation in RCMs

The RCMs reproduce very low probability of extreme precipitation for strong anticyclonic ﬂows in both seasons and high probability for cyclonic and strong ﬂows (cf.
parts c of Figs. 6.3 and 6.5). There are diﬀerences in the magnitudes of these links,
however, and these are overestimated in the ensemble mean. Again, the RCMs tend
to underestimate the diﬀerences between regions. For example, the higher probability of extreme precipitation for north-easterly ﬂows in winter is observed only in
the EH region, while the ensemble mean shows that the RCMs simulate extreme
precipitation during north-easterly ﬂows also in the other two regions.
Table 6.6 indicates some general biases of the models: They link extreme precipitation in the EH region to the pure cyclonic type in winter, too, which is not
signiﬁcant in the observed data. In summer, there are only three types that are linked
to signiﬁcantly higher probability of extreme precipitation in the observed data: the
pure cyclonic, CN and CNE types. Although the RCMs are in agreement with observed data with respect to the types, the magnitude of increase in the probability
diﬀers among the models (it is typically underestimated).

6.5

Discussion

There have been a few studies on links between atmospheric circulation and precipitation making use of similar approaches. Maraun et al. (2011) used airﬂow strength,
direction and vorticity as predictors in a statistical model for the generalized extreme
value distribution of monthly precipitation maxima in observational rain gauge data
in the United Kingdom. They found that airﬂow explains a signiﬁcant fraction of
the variability on sub annual to decadal time scales. In a follow-up study, Maraun
et al. (2012) calibrated the same statistical model against 14 RCMs and showed
that the RCMs adequately simulate moderately extreme precipitation and the inﬂu-
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Table 6.6: Normalized relative occurrence of extreme precipitation per circulation
types in the Eastern Highland (EH) region. Only ratios signiﬁcantly greater than 1
at the 0.05 level (estimated by block bootstrapping, R=1,000) are shown
DJF
OBS
HIRHAM
RACMO
RegCM
REMO
RCA
JJA
OBS
HIRHAM
RACMO
RegCM
REMO
RCA

N

N

2.99

W
3.85
2.31
2.81
2.63

W

NW
C
2.62
2.13 2.35
3.97
1.87
2.14 3.10
2.57 2.06
NW
C
3.59
3.65
2.75
2.45
2.96
3.86

CN

CNE

CSE

CNW

6.69
3.68
5.60
CN CNE
7.62 4.55
8.83 4.53
4.30 3.68
5.76
3.39 3.37
3.10

CSE

CNW

7.56

ence of airﬂow strength and vorticity on precipitation extremes, but they suﬀer from
under-representing the inﬂuence of airﬂow direction.
In our study, we ﬁnd the airﬂow indices useful for studying the links to mean precipitation amounts and probability of wet days in Central Europe, where continental
inﬂuences are stronger and the role of local land-atmosphere interactions is more
important. There are quite strong links of precipitation to ﬂow direction, strength
and vorticity in the observed data. We show that the high-resolution ENSEMBLES
RCMs driven by re-analysis generally reproduce these links, although they suﬀer
from deﬁciencies in capturing some speciﬁc features, and especially the diﬀerences
among the regions studied.
Brisson et al. (2011) investigated the relations between atmospheric circulation
and precipitation occurrence and intensity for station data in Belgium and deﬁned
wet circulation types that are responsible for an overwhelming majority of total precipitation amount. While they used the same classiﬁcation as we do (Section 6.2.2),
they re-grouped the hybrid types with a weight of 0.5 into the corresponding directional and strong cyclonic/anticyclonic types such that they investigated only 11
types. We ﬁnd it useful in Central Europe to examine the links between precipitation
and all 27 types, since there are pronounced diﬀerences among the directional and
hybrid types. As visible in Tables 6.2 and 6.3, for example, the relative occurrences
of extreme precipitation and relative daily intensity of precipitation are signiﬁcantly
greater for cyclonic-directional types only and not for types with anticyclonic vorticity, but this would be smoothed by such re-grouping. A disadvantage of this approach
is that frequencies of some types are too low to obtain robust results. As observed
for Belgium (Brisson et al. 2011), in Central Europe, too, the probability of wet
days is greater for the cyclonic and northerly to westerly types. Figure 6.3, however,
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indicates that the probability of wet days is high also for the cyclonic-easterly types,
especially in the highlands. This illustrates that in Central Europe there are additional important precipitation-inducing eﬀects not associated with the advection of
maritime air mass from the Atlantic Ocean.
Diﬀerent links for the regions
Diﬀerences in links between large-scale atmospheric circulation and precipitation
characteristics are found in the observed data for the three regions studied. This
conﬁrms that there are diﬀerent synoptic climatological patterns aﬀecting the precipitation regimes – also for the two highland regions about 300 km distant from
each other (Fig. 6.1). We ﬁnd that orography is particularly important in inducing
precipitation for ﬂow from the northeast quadrant, since diﬀerences in mean precipitation amounts, probability of wet days and rainy days between lowland and
highland regions are greatest for these directions. Our results are in agreement with
expectations (Section 6.2.2) and endorse the use of circulation indices and types for
studying relationships to surface meteorological variables.
The RCMs often do not capture diﬀerences of the links between the regions,
especially diﬀerences between lowland and highland areas. This could indicate that
the RCM outputs are more useful and realistic at a scale larger than several grid
boxes (which form the regions in the present study).
(Un)realistic orography vs. precipitation in highlands
We ﬁnd that the ability of an RCM to reproduce diﬀerences in precipitation amounts
between lowland and highland regions (Section 6.3.1, Fig. 6.4) does not reﬂect the
model’s representation of orography. While most RCMs, including REMO (which
produces lower precipitation amounts in the highland regions) and HIRHAM (which
ampliﬁes diﬀerences between the lowland and highland regions, Fig. 6.4), use quite
realistic orography (almost the same as in the observed gridded database), the only
model with over-smoothed orography is RegCM. RegCM nevertheless captures differences in precipitation characteristics between the regions best among the RCMs.
The diﬀerences in orography are shown in Fig. 6.7 where the representation of grid altitudes is compared for the observed data, RegCM and REMO (note that HIRHAM,
RACMO and RCA grid altitudes diﬀer only slightly from those used in REMO and
the observed data).
This could indicate that the RCMs generally have problems in reproducing realistically some characteristic features of the links between atmospheric ﬂow, precipitation and altitude such as windward precipitation eﬀects and rain shadows.
Especially in areas with complex orography, these eﬀects play a dominant role in
determining precipitation amounts. The examined RCMs obviously warrant further
improvements towards more realistically reproducing the links between orography
and precipitation.
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Figure 6.7: Representation of orography over the Czech Republic in the observed
data and in the RegCM and REMO RCMs
Overestimation of wet days
All RCMs overestimate total precipitation in winter, and some of them also in summer (Fig. 6.4). They also overestimate the number of wet days in winter (Fig. 6.4).
A comparison of observed and simulated daily intensity of precipitation (total precipitation amount divided by the number of wet days) shows no general tendency
among the RCMs, since some RCMs overestimate the mean intensity while others
underestimate it.
RegCM, which is found to be the best model with respect to simulated total
summer precipitation (Section 6.4.1), also suﬀers from overestimation of the number
of wet days in summer and so it does not reproduce the intensity of precipitation.
Thus, while simulating the total summer amounts well, RegCM does not simulate
the precipitation regimes realistically. A similar conclusion applies to RCA, which is
the only RCM that reproduces higher probability of wet days in summer than winter
but its high probability under strong anticyclonic conditions in summer is completely
unrealistic. Good performance for some characteristics may be due to compensating
errors rather than a model’s perfection. These results also support the necessity to
study the models’ outputs comprehensively and not only the mean or total values of
climatic variables.
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Biases in precipitation due to biases in circulation
If the links between large-scale atmospheric circulation and precipitation are realistically reproduced in a climate model, then biases in simulation of total precipitation
amounts could be related to biases of large-scale circulation itself.
HIRHAM and RegCM (driven by re-analysis), for example, simulate more strong
ﬂow days in winter (Fig. 6.2), and their overestimation of ﬂow strength is largest
among the RCMs. Strong ﬂows are linked to higher precipitation amounts (Fig. 6.5).
Therefore, the overestimation of ﬂow strength by these RCMs could partly explain
their overestimations of mean precipitation amounts, which are largest among the
RCMs. Another example is RACMO’s underestimation of westerly types at the expense of easterly types in summer (Fig. 6.2). Easterly types are linked to lower
precipitation amounts than westerly types (Fig. 6.5). Thus, the combination of these
characteristics could cause the overestimated total summer precipitation amounts in
RACMO in the CL and EH regions. The overestimation of probability of wet days
in winter, common to all RCMs, could be related to overestimation of pure cyclonic
types (linked to high probability of wet days) at the expense of pure anticyclonic
types (linked to low probability of wet days, Figs. 6.2 and 6.5). Similarly, Pfeiﬀer and
Zängl (2011) explain the large overestimation of mean monthly precipitation sums in
the Alpine region in the RCM simulation driven by the ECHAM5 GCM with respect
to the simulation of the same RCM driven by the ERA-40 re-analysis by diﬀerences
in the large-scale circulation provided by the driving data sets.

6.6

Conclusions

As a ﬁrst step, we investigated the links between large-scale atmospheric circulation
(represented by circulation indices and types) and precipitation characteristics in
the observed data for three regions in Central Europe. The main conclusions can be
summarized as follows:
• Mean precipitation amounts are higher during cyclonic than anticyclonic ﬂows,
for stronger ﬂows, and during westerly ﬂows (in winter) and north-easterly ﬂows
(especially in summer) than for southerly ﬂows.
• Probability of wet days is larger for northerly ﬂows, cyclonic ﬂows and strong
ﬂows than for south-easterly ﬂows and anticyclonic vorticity.
• The relationships are analogous in winter and summer, only diﬀering in magnitude.
• Most of the links are more pronounced for highlands. Those diﬀerences are
largest for the north-easterly ﬂows, during which the mean precipitation amount
and probability of wet days are considerably less in the lowland than highland
regions.
• With respect to mean intensity of precipitation during wet days and probability
of wet days, we deﬁne the “rainy” types: In winter, south-westerly, westerly
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and north-westerly types are the rainy types for all regions, while in summer,
besides south-westerly types, rainy types include also the pure cyclonic and
cyclonic-north-easterly types.
• Extreme precipitation events usually occur during westerly types in winter and
cyclonic and cyclonic-north-easterly types in summer.
The second part of the study discusses validation of simulated precipitation characteristics and reproduction of the observed relationships to circulation by ﬁve regional climate model simulations driven by re-analysis. Generally:
• All RCMs overestimate the winter total precipitation amount and number of
wet days. In summer, the signs of the biases diﬀer among the RCMs. The RCMs
generally do not reproduce the seasonality of precipitation (ratio between winter and summer total amounts) realistically.
• The RCMs are able to capture some of the basic features of the links between
the circulation indices/types and mean precipitation, probability of wet days
and probability of extreme precipitation events. Nevertheless, they have difﬁculties to reproduce some more speciﬁc features (e.g. relatively larger mean
precipitation for south-westerly ﬂow, the magnitude of the link between precipitation and vorticity).
• The RCMs tend to underestimate the diﬀerences in the links for lowland and
highland regions (e.g. the lower probability of wet days for the north-easterly
ﬂows in the Central Lowland region is not captured).
• The rainy types, detected in the observed data, are also reproduced in the
RCMs. However, all RCMs simulate as rainy types also the pure cyclonic (in
winter) and cyclonic-north-easterly types.
In summary, when not just precipitation characteristics but also their links to
other variables (atmospheric circulation in our case) are studied, this approach allows
a better physical understanding of the meteorological processes and reproduction
of these processes in model simulations. Identifying sources of errors in simulated
relationships between circulation and surface variables is an important step in further
improving the models as well as towards enhancing the credibility of climate change
scenarios based on climate model simulations.
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List of abbreviations

Anticyclonic
Above sea level
Bergen Climate Model
Cyclonic
Central and Eastern Europe Climate Change Impact and Vulnerability Assessment
CI
Conﬁdence interval
CL
Central lowland
CH
Central highland
DIR
Flow direction
DJF
Winter season, December–February
DTR
Diurnal temperature range
E-OBS
Daily gridded observational dataset in Europe
ECA&D
European Climate Assessment & Dataset project
ECHAM5
Max-Planck Institute for Meteorology General circulation
model, 5th generation
EH
Eastern highland
ENSEMBLES
ENSEMBLE-based Predictions of Climate Changes and their
Impacts
ERA-40, ERA40 European Centre for Medium-Range Weather Forecasts reanalysis
EU-FP6
European Sixth Framework Programme
GCM
Global climate model, General circulation model
GEV
Generalized extreme value
GriSt
Gridded data set from high-density network of weather stations in the Czech Republic
HadCM3
Hadley Centre Coupled Model, version 3
HadRM2
Hadley Centre Regional Model, version 2
HIRHAM
Danish Meteorological Institute regional atmospheric climate
model
IPCC
Intergovernmental Panel on Climate Change
JJA
Summer season, June–August
A
asl, a.s.l.
BCM
C
CECILIA
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146
MAM
MSLP
OBS, obs
PREC
PRUDENCE
RACMO
RCA
RCM
RegCM
REMO
RL
r.v.
RT3
SON
StAVG
STR
TCA
Tmax, Tmax
Tmin, Tmin
UK
U, Uncl.
VORT

Spring season, March–May
Mean sea level pressure
Observed data
Precipitation amount
Prediction of Regional scenarios and Uncertainties for Deﬁning EuropeaN Climate change risks and Eﬀects
Royal Netherlands Meteorological Institute regional atmospheric climate model
Rossby Centre Atmospheric Model
Regional climate model
Regional climate model
Max-Planck Institute for Meteorology regional climate model
Return level
Return value
Research theme 3
Autumn season, September–November
Station average data
Flow strength
Total cloud amount
Maximum temperature
Minimum temperature
United Kingdom
Unclassiﬁed
Flow vorticity

