Bridging the gap between climate models and impact studies:
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Studies on climate change impacts are essential for identifying vulnerabilities and developing adaptation options. However, such
studies depend crucially on the availability of reliable climate data. In this study, we introduce the climatological database called
FORESEE (Open Database for Climate Change Related Impact Studies in Central Europe), which was developed to support the
research of and adaptation to climate change in Central and Eastern Europe: the region where knowledge of possible climate
change effects is inadequate. A questionnaire-based survey was used to specify database structure and content. FORESEE contains the seamless combination of gridded daily observation-based data (1951–2013) built on the E-OBS and CRU TS datasets,
and a collection of climate projections (2014–2100). The future climate is represented by bias-corrected meteorological data from
10 regional climate models (RCMs), driven by the A1B emission scenario. These latter data were developed within the frame of
the ENSEMBLES FP6 project. Although FORESEE only covers a limited area of Central and Eastern Europe, the methodology of
database development, the applied bias correction techniques, and the data dissemination method, can serve as a blueprint for
similar initiatives.
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Introduction
Recently, a growing body of studies has been
published on the impacts of climate change on ecosystems and societies, in response to increasing interest
in the anticipated economic development and options
for adaptation. Such knowledge supports policymakers, diverse stakeholder groups, and individuals in mitigating the adverse effects, and taking advantage of
the positive effects, of the changing climate (IPCC,
2007).
The utilization of climate model results is currently
the most feasible way to estimate future meteorological

conditions (Calanca and Semenov, 2012; IPCC, 2013).
State-of-the-art impact analyses use ensembles of climate projections to gain an insight into the uncertainty
of projections (Baigorria et al., 2008; Cook et al.,
€nsson and Ba
€rring, 2011; Supit et al., 2012;
2010; Jo
Carter, 2013).
General circulation models (GCMs) are run at coarse
spatial resolution, so they are unable to capture subgrid cell processes induced, for example, by regional
topography, which is often required for regional
impact studies. For this reason, downscaling methods
are applied to provide climate data in higher resolution
than that of GCMs (Wood et al., 2004; Castro et al.,
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2005). In the case of dynamic downscaling, outputs of
which are used in the current study, regional climate
models (RCMs) are run using the initial and boundary
conditions provided by GCMs (Giorgi, 1990) to generate higher resolution meteorological ﬁelds. The RCMs
are used to simulate smaller scale atmospheric processes, owing to their higher resolution topography
and physics (Wang et al., 2004).
Direct use of RCM data is limited by systematic
errors inherently present in the simulated variables as
a result of uncertainties in the parameterization and
model structure (Varis et al., 2004; Christensen et al.,
2008). Such data may be unusable for impact studies
which, typically, need unbiased climate data, as the
models are sensitive to biases in the driving meteorological data (Baigorria et al., 2007; Teutschbein and
Seibert, 2010; Calanca and Semenov, 2012). The
assumption that systematic errors in the past are
propagated equally to the future (Maraun, 2012)
allows for using various bias correction methods (Ines
and Hansen, 2006; Li et al., 2010; Piani et al., 2010;
White and Toumi, 2013). Reliable, observation-based
datasets, covering a sufﬁciently long time period are,
however, required to remove the biases.
The climate in Central Europe is projected to face
substantial changes (e.g. Seneviratne et al., 2006), with
adverse effects on natural resources, ecosystems, and
societies. Transitional economies covering large parts of
this region often generate concern about the sustainability of current management practices, owing to possible ampliﬁcation of the vulnerability to climate change.
Central and Eastern Europe were found to be surrounded by three of the most prominent climate change
hot spots in the world (Giorgi, 2006). The importance of
European ecosystems (Nabuurs et al., 1997) and their
vulnerability also calls for extending the currently insufﬁcient knowledge of climate change impacts.
Despite the growing recognition of need for impact
studies, the availability of suitable meteorological data
is limited in many regions, and their quality often does
not meet the criteria of impact studies; e.g. considering
spatial and temporal resolution. This situation holds
true for Central Europe which means that impact studies are often hampered by the insufﬁcient data availability. For these reasons, in this paper we introduce a
new meteorological database called FORESEE (Open
Database for Climate Change Related Impact Studies
in Central Europe) that aims to support studies on climate change impacts in Central Europe. The main
motivation for the construction FORESEE was to bridge
the gap between the raw results of climate models and
the end-users of climate projections, as such a link is,
by experience, often not straightforward and proper.
The main objectives of the paper are as follows:

–
–

to survey the needs of potential database users
on the content and structure, retrieval, and preprocessing of climate data driving diverse models
to document the development of the FORESEE
database containing daily observation-based
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–
–

data and bias-corrected RCM results, covering
the period 1951–2100
to document the applied bias correction technique
to document the availability options of FORESEE.

1. Data production methods

1.1. Geographical coverage of the database
FORESEE covers Bosnia and Herzegovina, Croatia, the
Czech Republic, Hungary, Slovakia, Slovenia, and parts
of Albania, Austria, Bulgaria, Germany, Italy, Kosovo,
Moldova, Montenegro, Poland, Romania, Ukraine, and
Serbia (Figure 1). The total area covered by FORESEE
is about 1 270 000 km2. The region includes the
entire Carpathian Mountains and large part of the
Danube catchment, which have been recently receiving increased attention in EU coordinated actions, such
as the Carpathian EcoRegion Initiative (http://
www.carpates.org) and the Danube Strategy (http://
www.danube-region.eu).

1.2. Survey of users’ needs
To make FORESEE really supportive of climate change
research in Central Europe, a questionnaire surveying
users’ needs from climate data was circulated within
the Central European scientiﬁc community. Hydrologists, foresters, ecologists, climatologists, all of them
experienced in climate change research, were questioned primarily.
Five questions addressed the type of applied meteorological variables commonly used in impact studies,
and their temporal and spatial resolution. Another two
questions addressed users’ knowledge of climate
model results, the need for addressing the uncertainty
related to climate modelling through the inclusion of
more than one model, and the awareness of the effect
and need of bias correction. Finally, suitable ﬁle formats and software used for manipulating the climate
data, and problems experienced when accessing
meteorological datasets were addressed.
The 42 returned questionnaires indicated that basic
daily meteorological data – i.e. maximum and minimum temperature and precipitation – are most commonly required by the users. Interest in hourly data
was only marginal, while interest in all resolutions
from daily to 30-year long averages was very frequent. Therefore, provision of daily data, which can
be further aggregated, seems necessary. The responders were interested both in gridded data, allowing for
spatial modelling, and for single-point localized data.
This suggests that preparation of gridded data, which
may be further restricted to speciﬁc locations, should
meet users’ needs. The responders indicated interest
in the highest possible resolution data which are optimal for regional studies. Voting for the length of time
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Figure 1. Target area of the FORESEE database (the location of the individual grid cells is also shown).

period for which the data are provided was quite balanced, indicating the need for the provision of as long
a time series as possible; the responders denoted
interest in both past and future climate data. Demand
for RCM-GCM combinations varied among the
responders, who basically pointed out the intention to
use more than two models in their research. The
group interested in one model only was, however, also
large. This implies the need for the construction of a
larger number of models, with guidance for selecting
an appropriate subset or a single model.
Surprisingly, 20% of the answers indicated a lack of
awareness about the limitations and applicability of
raw climate model results (without bias correction
applied), and about the potential effects of applying
bias correction on the results of impact studies. As
limitations of using raw model outputs are generally
well recognized, the provision of corrected climate
data with detailed documentation of the correction
procedure and its effects seem to be an optimal
choice.
Forty-two per cent of responders indicated that they
can only handle ASCII ﬁles (MS Excel-compatible text),
so they are unable to read formats such as NetCDF
and HDF, which are commonly used for storing climate
data. The most obvious problem reported in relation
to the acquisition of climate data was general data
availability, low spatial resolution and the lack of metadata. Appendix S1 provides the complete statistics
about the survey.

1.3. Observed meteorology in the
FORESEE
Past climate within FORESEE is based on the E-OBS
dataset (Haylock et al., 2008), which contains

observation-based gridded datasets in ~25 9 25 km
horizontal resolution, in daily time steps for the
period 1951–2013, and the CRU TS 1.2 dataset
(Climatic Research Unit, University of East Anglia, UK;
Mitchell et al., 2004), which contains monthly data
in 1/6 9 1/6° horizontal resolution for the period
1901–2000.
Currently, E-OBS has 10 versions. E-OBS covers the
whole Europe, although the density of meteorological
stations used for the construction of this dataset varies
(Klok and Klein Tank, 2008). In the latest version
of the FORESEE database (v2.0) the most up-to-date
E-OBS version was used (v10).
It was found that the CRU TS 1.2 dataset contains
very accurate meteorological data on a monthly scale,
thus we sought for options for improving the E-OBS

data using the CRU TS 1.2. For example, Szabo
(2008) compared different data sources (ECA, ERA40,
CRU TS 2.1 and CRU TS 1.2) with the Hungarian,
high-resolution meteorological observations (the so (2008) showed that
called HUGRID dataset). Szabo
long-term averages of CRU TS 1.2 had the best ﬁt to
HUGRID. To support the adjustment of E-OBS by CRU
TS 1.2, we performed additional evaluation of the
accuracy of both E-OBS and CRU TS datasets, using
the CarpatClim dataset (http://www.carpatclim-eu.org/;
Szalai et al., 2013). The CarpatClim is a daily meteorological dataset for the Carpathian Region, based on
a large number of observed meteorological data and a
state-of-the-art interpolation technique, so it could
represent a reasonable control data in the accuracy
evaluation. (Note that as CarpatClim only covers about
38% of the FORESEE domain, it is not an adequate
substitute for E-OBS or CRU TS 1.2 datasets.) A better
match of the CRU TS 1.2 with the CarpatClim than
with the E-OBS (see Appendix S2 for details) lends
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support to the correction of daily E-OBS using monthly
CRU TS 1.2 data.
Hence, for the construction of FORESEE, the E-OBS
monthly means were forced to match the CRU TS 1.2
monthly means. As CRU TS 1.2 data were not available for the period 2001–2013, average correction factors for the period 1951–2000 were applied.

1.4. Model selection and post-processing of
raw climate data
For the construction of FORESEE we used high resolution RCM results disseminated within the frame of the
ENSEMBLES EU project (Van der Linden and Mitchell,
2009). About 31 model output sets are available for
download at the ENSEMBLES database. The model
selection was performed using the following logic. We
selected all output sets which are available for the period 1951–2100, driven by the A1B scenario (the A1B
greenhouse gas emission scenario represents a balanced emphasis on all energy sources responsible for
greenhouse gas emission (IPCC, 2000); note that at
the ENSEMBLES data portal 30 models are driven by
the A1B greenhouse gas scenario out of the 31 transient model results. Of the 30 models 23 model output
sets fulﬁl the criteria of sufﬁciently high spatial resolution (25 9 25 km), but only 14 output sets cover the
entire 1951–2100 period, thus we only focused on this
latter subset. We neglected two output sets because
they used the same GCM-RCM combination as another
one but with high- and low-sensitivity RCM settings.
From the remaining 12 models one was not available
at the website and another one contains too many
data gaps at the end of the simulation period, which
prevented us from the proper use of the output. The
remaining ten models formed the basis for the construction of the FORESEE database (Table 1).
Although the selected 10 RCM outputs have been
created within the same EU project, there are speciﬁc
differences between the disseminated datasets. Some
models use a 360-day calendar, some of them use
standard calendar which contains leap years. To
prepare the data for additional impact modelling

purposes all RCM results were converted to a 365-day
calendar. In case of the standard calendar in leap
years 31 December was removed from the database.
The rationale behind removing the last day of the year
was that during winter removal of a single day in
every 4 years cannot have signiﬁcant effect on hydrology, plant growth, human health, and other processes.
When a climate model used a 360-day calendar additional days had to be created in case of January,
March, May, July, August, October, and December. For
these days we calculated the average of the previous
and following days’ temperatures, and dry days were
inserted into the precipitation time series. In case of
February some days had to be removed. In a few
cases the last year (2100) was missing from the datasets, in this case year 2099 have been duplicated.
After the temporal standardization, the RCMs were
interpolated to a uniform 1/6 9 1/6° horizontal resolution grid, using an inverse distance interpolation technique (the resulting grid is equivalent with the CRU TS
1.2 grid). FORESEE is available on this 1/6 9 1/6°
grid, where the resolution represents a compromise
between the highest possible resolution versus database size (trade-off between quality and applicability
of the dataset).
As direct use of GCM and RCM data has been found
to be inadequate, bias correction seems inevitable to
produce realistic meteorological data driving the impact
models. Considering the 10 selected RCMs, comparison
of climate maps based on observations and the
uncorrected model output clearly reveals the need for
bias correction (Appendix S3). It is also well recognized
that the number of wet days tends to be overestimated
in the raw output of climate models (Mearns et al.,
1990; Goddard et al., 2001; Gutowski et al., 2003;
Dosio and Paruolo, 2011; Themeßl et al., 2012).
Assuming that systematic errors are stable in time
(Maraun, 2012), the correction factors determined by
the comparison of observations and model results
(1951–2013) were used for the correction of model
results for the future (2014–2100). The period 1951–
2013 was used as the basis of the correction. We
applied a bias correction based on the cumulative

Table 1. List of the regional climate models used in the database.

Model ID

Model name
(RCM-GCM)

Developing
institute

1
2
3
4
5
6
7
8
9
10

ALADIN-ARPEGE
CLM-HadCM3Q0
HadRM3Q0-HadCM3Q0
HIRHAM5-ARPEGE
HIRHAM5-ECHAM5
RACMO2-ECHAM5
RCA-ECHAM5
RCA-HadCM3Q0
RegCM3-ECHAM5
REMO-ECHAM5

National Centre for Meteorological Research (CNRM)
€rich (ETHZ)
Swiss Federal Institute of Technology Zu
Hadley Centre for Climate Prediction and Research (HC)
Danish Meteorological Institute (DMI)
Danish Meteorological Institute (DMI)
Royal Netherlands Meteorological Institute (KNMI)
Sweden’s Meteorological and Hydrological Institute (SMHI)
Sweden’s Meteorological and Hydrological Institute (SMHI)
The Abdus Salam International Centre for Theoretical Physics (ICTP)
Max-Planck-Institute for Meteorology (MPI)

RCM, regional climate models; GCM, general circulation models
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distribution function (CDF) ﬁtting technique (also
known as quantile mapping/ﬁtting or histogram equalization), at monthly time intervals (Ines and Hansen,
2006) for each grid point in the target area.
As temperature and precipitation possess different
statistical properties, speciﬁc bias correction techniques had to be applied (Hansen et al., 2006). In the
case of precipitation, both the amounts and frequency
of precipitation were corrected. In the case of temperature, the correction was based on additive shifting,
while correction factors for precipitation amounts were
based on the multiplication. In the next section we
describe the utilized precipitation correction method in
detail (temperature correction is similar to the second
phase of the precipitation amount correction).

1.5. Detailed description of the applied bias
correction method in case of the
precipitation
1.5.1. Precipitation frequency correction
Precipitation frequency correction is based on the
m
)
comparison of the monthly number of simulated (Nwd
o
and observed (Nwd ) wet days (i.e. when the daily precipitation amount is greater than or equal to 0.1 mm):
o
Nwd

¼

k
X


Wio ;

where

Wio

¼

i¼1

1; xio  0:1 mm
0; xio \0:1 mm


ð1Þ

for i ¼ 1; k;

m
¼
Nwd

k
X


Wim ; where Wim ¼

i¼1

1; xim  0:1mm
0; xim \0:1mm


ð2Þ

for i ¼ 1; k;
where k means the number of the days which belong
to the given month for the whole 1951–2013 period,
xio and xim are the observed and the simulated precipitation time series (respectively) for a given month; wio
and wim are the daily indicators of the rainfall events.

If the model simulates more wet days than the
m
o
observed (Nwd
[ Nwd
), wet days are removed starting
from the smallest precipitation amount. If the model
simulates fewer wet days than the observation
m
o
\Nwd
), rainfall events are generated artiﬁcially. In
(Nwd
this way, additional days with precipitation are created
in random fashion within a month. Precipitation amounts
take on a random value between 0.1 mm and the 90th
percentile of the simulated dataset. To determine the
correction factors (fcorr), the number of observed wet
days is divided by the number of simulated wet days:
fcorr ¼

o
Nwd
m :
Nwd

ð3Þ

The correction factors are calculated monthly for
each grid point. The monthly number of wet days in
the future (2014–2100) is scaled by the correction
factor (fcorr) which is calculated on the basis of the
period 1951–2013.

1.5.2. Precipitation amount correction
After the frequency correction, the precipitation amount
correction was performed using CDF ﬁtting technique
(Figure 2; note that the same technique was used for
temperature correction). The p-quantile (qp) is a precipitation value which the random variable will be at, or
below, with probability p/1000 (p = 1, 2, . . ., 1000)
(1000 partitions were used to split the [0,1] probability
interval, this partition ensure the required continuity
but keeps the computing demand in acceptable level).
n
qp ¼ inf X 2 R :

o
p
 FðXÞ ;
1000

ð4Þ

where F(X) is the CDF of the precipitation (x):
FðXÞ ¼ pðx  XÞ:

ð5Þ

Quantile functions (or inverse cumulative density
functions) using 1000 partitions were determined
based on the observed and the simulated (and already

Figure 2. Demonstration of the monthly cumulative distribution ﬁtting (CDF) technique for one pixel. Fo(x) and Fm(x) show the
cumulative distribution functions, qp,o and qp,m mean the p-quantiles for the observed and the modelled daily precipitation
amount. The left ﬁgure shows the calculation of the correction factor (acorr,p) for each p/1000 probability (p means the serial
number of the probability values). The right ﬁgure shows the correction of a given precipitation amount (x) using the associated
acorr,p0 correction factor.
ª 2015 The Authors.
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(a1)

(a2)

(b1)

(b2)

Figure 3. The q–q plots for HIRHAM5-ECHAM5 model (the
quantile values based on the modelled (x-axis) and the
observed (y-axis) precipitation rates) before (a/1, b/1) and
after (a/2, b/2) the bias correction procedure in case of
removal (a/1, February) and generation of wet days (b/1,
August). After the correction the quantiles of the datasets
are approximately the same, ﬁt to the identity function
(ﬁgures on the right side).

frequency corrected) precipitation data for the given
month and pixel (Figure 2).
The correction factors acorr,p (p = 1, 2, . . ., 1000) are
the quotients of the p-quantiles based on the simulated
and observed precipitation, and so form an 1000 elements array. In order to correct a precipitation value
(x), the closest p-quantile was determined from the
1000 elements quantile function (p0 ). The associated
‘serial number’ (p0 ) of the correction factor (acorr,p0 ) was
selected and used as a scale factor (Figure 2, right hand
side, xcorr is the corrected value of x).
The precipitation correction for the future works the
same way. The closest quantile has to be found and
then scaled by the relevant number of correction
factor created based on the comparison in the past.
Figure 3 shows the quantile–quantile function
diagrams (q–q plot) based on the observed and the
simulated datasets by the HIRHAM5-ECHAM5 model
before the correction. The q–q plots shows all the
days for a given month in the period 1951–2013, for a
given pixel. The upper left ﬁgure shows when the
model simulates too many wet days (February) and
the bottom left ﬁgure shows when it simulates fewer
wet days (August). After the correction the quantiles
of the datasets are approximately the same (ﬁgures
on the right-hand side).

1.5.3. Effect of bias correction on the
precipitation time series
The applied precipitation bias correction method is
expected to modify the statistical properties of the
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precipitation time series, which needs further consideration. An important question is whether the variance
of precipitation is affected by the correction, and if it
does, to what extent? Additionally, as FORESEE consists of observations for the past (not bias-corrected
RCM data), and bias-corrected RCM data for the
future, consistency of these two components in terms
of frequency of wet days needs to be preserved.
Standard deviation of simulated precipitation was
compared to observations with and without the bias
correction for the 1961–1990 time period. The results
indicated that precipitation variance (more precisely,
square root of variance) became closer to the
observed variance after the bias correction. Appendix
S4 demonstrates the effect of bias correction on the
standard deviation of simulated data in graphical form
for each model.
Frequency of wet days was calculated both for the
past and future based on the uncorrected and corrected RCM data. Appendix S5 shows the comparison
of number of wet days for the FORESEE domain
according to the different GCM-RCM combinations and
the observations. The results demonstrate that the
applied bias correction method improved the consistency between observations and projections in terms
of frequency of wet days.

2. Results – structure and dissemination of
the FORESEE
FORESEE data are primarily available in NetCDF format, which was designated to contain both data and
metadata in an easily accessible format (http://
www.unidata.ucar.edu/). The total size of the database is about 22 GB. Once a request has been sent
out through the FORESEE website (http://nimbus.elte.hu/FORESEE), the requested ﬁles (one ﬁle per
model per variable) are made available for download
from the site. The dataset is also available via Zenodo
(http://zenodo.org/record/9614?ln=en; doi: 10.5281/
zenodo.9614).
Questionnaire responses indicated that NetCDF format is not usable for most responders, and MS Excelcompatible data (i.e. pure text retrieval of data) were
indicated as the most suitable. To meet this demand,
the web service technology was used to enable easy
access to data for the users.
The REST style web service (Fielding and Taylor,
2002) of FORESEE database is provided by the ‘ecos’
server of the Centre for Ecological Research of the
Hungarian Academy of Sciences, catalogued in ‘BiodiversityCatalogue’ – The Biodiversity Sciences Web Services Registry for discovering, registering, annotating,
and monitoring biodiversity web services (http://
www.biodiversitycatalogue.org) powered by BioCatalogue (Bhagat et al., 2010). This service provides tailored access to the database at http://nimbus.elte.hu/
FORESEE/map_query/index.html. A query has to be
formulated according to the geographical location,
requested meteorology variables, time interval in years
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(from 1951 to 2100), and selection of RCM, if time
range is over the observational period. The service
ﬁnds the corresponding FORESEE grid cell and serves
the requested dataset in comma separated ASCII text
format. The base URL of the service is ‘http://ecos.okologia.mta.hu:5000/foresee’, the REST endpoint is
‘/ﬁnd’ (GET method). Parameters can be set as an
example to ‘/18.63854,47.37291/1,1,0/1951,2100/aladin’ –/latitude and longitude in decimal degrees/set
daily maximum and minimum temperatures, precipitation on or off/the requested time interval in years
and/short name of the RCM.
The GIS-based webpage has two main parts: the
online map and the menu with operations. One can
set up retrieval options in the ‘ﬁlter’ menu point.
Downloading is possible for one given location for a
given period between 1951 and 2100 for one, two or
three meteorological variable(s) on daily time step. If
the end-year of the retrieval is after 2013, climate
model selection is also needed. The location could set
using the online map by directly clicking on the location of interest, or set by providing longitude/latitude
coordinates, or it can also be chosen by typing a settlement name under the ‘ﬁnd city/location’ menu
point. The FORESEE grid layer helps to understand
the geographical coverage of the downloaded time
series. Note that in the present version of the GIS tool
interpolation is not implemented, which means that
for a given grid cell the same dataset is retrieved
which is assigned to the centre point of the grid cell.

3. Discussion

3.1. Added value of the FORESEE
The reliability of information acquired within various
studies on climate change impacts depends on a number of factors, including availability and quality of driving climate data (Maurer et al., 2007), which may
represent an important source of uncertainty (Olesen
et al., 2007). The effect of climate data quality, spatial
resolution, or completeness on simulation outputs is,
however, poorly understood, even though it may limit
the interpretability and question the validity of some
ﬁndings. To address these issues, we developed the
FORESEE database which provides uniﬁed meteorological data based on observations and an ensemble of
RCMs, seamlessly covering a large part of Central Europe. The importance of FORESEE for this region is
highlighted by the remarkably limited options for the
use of national meteorological data, owing to diverse
legal regulations and restrictions in all Central European countries. For these reasons, the use of freely
available gridded datasets is becoming a frequent
practice in this region, although lower quality and
accuracy of such data in comparison with data from
national meteorological networks is well recognized.
Hence, the availability of the presented database may
support the regional research of climate change
impacts, which is presently inadequate to anticipate
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climate change threats (e.g. Seneviratne et al., 2006;
sny et al., 2011).
Hla
On the basis of the questionnaire-based survey the
designation of FORESEE was an important step
towards database development, potentially strengthening database’s effect on climate change research in
the FORESEE region. Although the representativeness
of the responders’ sample in the returned questionnaires is unknown, this feedback helped to shape
some parts of the database.
A seamless combination of observations with an
ensemble of climate model results creates an
improved modelling environment in comparison with,
for example, the original ENSEMBLES database.
Though the effect and need of bias correction was
found to be largely unrecognized among the questionnaire responders, we saw the provision of bias-corrected data as necessary, since the uncorrected data
are often beyond the scope of permissible inputs to
impact models. For example, Ines and Hansen (2006)
found that the coupled correction of amounts and the
frequency of precipitation had a positive effect on crop
simulations, which were much more reliable as compared with those run with uncorrected data. This
method was also applied successfully by Baigorria
et al. (2007) to simulate crop production. The need
for the inclusion of bias-corrected data in FORESEE is
also promoted by the more or less lacking skills of
users to perform such correction. In particular, the
correction of daily precipitation data may pose difﬁculties because both amounts and frequency need to be
que
, 2007; Dosio and Paruolo, 2011;
corrected (De
Calanca and Semenov, 2012).
The scientiﬁc workﬂow concept is a new and emerging paradigm for the support of research in general
(Goble and De Roure, 2009), and speciﬁcally in biodiversity informatics (Hardisty et al., 2013). A workﬂow
can apply online web services, manage large, distributed data sources, and perform demanding computations within a simple framework. The development of
web services and the creation of workﬂows is a major
task within the frame of the BioVeL project (http://
www.biovel.eu). The construction of the GIS tool is
the ﬁrst major step to satisfy the needs of the endusers for climate projections in Central Europe.

3.2. Limitations and future developments
Currently, FORESEE contains only climate projections
based on the A1B emission scenario, which covers
approximately the central part of plausible realizations
of the future climate (in terms of warming). Therefore,
impact studies which will utilize the FORESEE data will
consider only a limited portion of the variability in
anticipated responses. At the same time, options for
the exploration of effects of various CO2 trajectories
on ecosystems are also limited. For this reason, the
inclusion of additional simulations, driven by emission
scenarios other than A1B, is an important part of
future developments. FORESEE is intended to be
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extended with RCM results based on the new IPCC
greenhouse gas emission scenarios, the so-called representative concentration pathways (RCPs; Moss
et al., 2008).
Another limitation of the current version of FORESEE is related to the applied bias correction method,
which cannot retain intervariable dependencies within
the RCM outputs (mainly as a result of artiﬁcial introduction and removal of wet days). As there is a functional relationship between air temperature and
precipitation, the applied technique may violate the
consistency between these meteorological elements.
This fact should be kept in mind during the utilization
of the dataset. Similarly, as the bias correction method
alters the temporal correlation of the daily precipitation time series, the consecutive number of wet days,
the length of dry periods, and other statistics related
to precipitation are modiﬁed. This artifact might be
important in some impact studies.
Therefore, methods which allow to retain the
intervariable dependencies – e.g. the so-called linear
correction (White and Toumi, 2013) – are expected to
be implemented. Another option is to use alternative
bias correction methods for RCM post-processing, e.g.
the so-called ‘change factor’ method (Ho et al.,
2012).
Currently, FORESEE contains only basic meteorological data (minimum, maximum temperature and precipitation), however, the need for additional variables,
such as water vapour pressure, relative humidity, solar
irradiation or daylight temperature, may arise. Indeed,
some variables can be derived from the currently
available data. For example, the MT-CLIM (Mountain
Microclimate Simulation Model; Hungerford et al.,
1989; Thornton and Running, 1999) was found to be
an adequate (validated) tool for estimating the daytime temperature and global radiation (which are
often needed for crop or biogeochemical modelling).
The generated values proved to be consistent with
measured temperature and precipitation data (Glassy
and Running, 1994; Thornton and Running, 1999;
Thornton et al., 2000). MT-CLIM uses the observed
relationship between daily temperature range and
atmospheric transmittance for the estimation of solar
radiation (Thornton and Running, 1999; Fodor and
Mika, 2011). As the changing climate might alter this
relationship, adjustment of the MT-CLIM internal
model parameters might be necessary to avoid biased
radiation estimations (tendency of the model parameters can be estimated based on the raw climate model
results). In any case, by using MT-CLIM the intervariable dependencies are retained, what stresses their
potential value for further research. The MT-CLIM-generated data are expected to be included in FORESEE,
to provide additional daily meteorological variables.

4. Concluding remarks
FORESEE strives to ﬁll a gap in climate data availability
in the Central European region and, at the same time,
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to present the concept of climatic database with a
strong focus on users rather than on the conventional
principles of climatic databases. The Central European
region may beneﬁt from such a database, as climate
data availability has been recognized for a long time
as having many weaknesses with regard to regional
climate change research. The accessibility of an
ensemble of climate change scenarios, and the developed web services and GIS tools makes such data
available for a broad community of non-climatologists,
and in general, to experts who have not been able to
access the climate data in obviously available formats.
This fact may enhance the value and reliability of
impact studies and consequently accelerate the transfer of scientiﬁc knowledge to management of natural
resources.
We believe that such a database may act as a
bridge between climate modelling groups and scientists dealing with climate change impact studies. We
encourage other research groups to create similar
databases to support the wider scientiﬁc community in
the research of the currently changing environment.
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