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Summary
WP4 interfaces the results from long climate integrations in WP2 and WP3, uncertainty analysis in
WP5 and impact modelling requirements of WPs 6, 7, 8, 12, 13 and 14. As part of this processes an
investigation of user requirement has been performed. For this purpose a “user requirement form”
has been devised. Results of this user questionnaire have been analysed. The far majority of the
requests concern daily data on temperature (daily mean, minimum and maximum), precipitation,
longwave and shortwave radiation and humidity (absolute and relative). Some users also requested
information on surface winds, pressure (mean sea level as well as surface pressure). A minority of
the user also needed other types information, like snow depth, or derived statistics (like number of
heatwaves, number of frost days, number of consecutive dry days, changes in extremes
precipitation).
There are two modelling streams in IMPACT2C: one based on regional climate model simulations
at 25 km resolution from the ENSEMBLES project (the so-called “Fast-track”), and one based on
EURO-CORDEX simulations at 12 km resolution (the so-called “Slow-track”). To facilitate the use
of the data, all modelling data has been provided to the user community in a common data format
(common grid, and time calendar, common meta data).
Systematic errors in the climate models lead to biases in the outcome of model simulations. Many
applications (e.g. impact models) require data that is corrected for these model biases, in particular
if the impact model is non-linearly dependent on the meteorological input. This is for instance the
case if the system is very dependent on whether or not a certain threshold is exceeded for a specific
variable. Therefore, large efforts have been made on creating a data set that is corrected for
systematic biases. After this correction indeed the modelled distribution and the observed one
match very well over most part of Europe (see e.g. Figure 3-7 of this document). Bias correction
could only be done for variables for which long term gridded observations are available. For
temperature (mean, minimum and maximum) we use E-OBS, for radiation we used WFDEI
(WATCH forcing data Era-interim, which is a blend between observations and model results). A
small effort has been put on correction of surface wind biases for wind power estimates.
The drawback of bias correction is that it may lead to loss of consistency between meteorological
variables. E.g., bias correction of temperature implies a correction of absolute humidity or relative
humidity or both in order to retain physical consistency. Based on physical arguments, we have
chosen to adjust the absolute humidity, and provided this corrected field to the users.
A large data base of processed model results as detailed above has been created, containing 5
processed model results for ENSEMBLES, and 11 processed model results for EURO-CORDEX
model results. For each model simulation 23 model fields (corrected as well as uncorrected) have
been provided for EURO-CORDEX model results and 18 fields for ENSEMBLES model results.
From these processed model data 11 climate change indices have been computed, covering
heatwaves, cold spells, and heavy precipitation. In addition, we investigated changes in surface
humidity which is an indicator of potential changes in the intensity of heavy showers.

1 Introduction
This report describes the work performed in WP4. In this work-package tailoring of climate data
from the available model simulations has been performed. The work consists of 5 major parts:
1. Assessment of user requirements
2. Fast track: basic bias correction of the ENSEMBLES regional climate model simulations
3. Slow track: bias correction of EURO-CORDEX simulations
4. Climate changes indices
5. Advanced statistics, correction and estimates of extremes.
These 5 parts are done in 3 separate tasks. Task 4.1 deals with the user survey. Task 4.2 deals with
the ENSEMBLES based simulation, and derived indices from these simulations (point 2 and part of
4). Task 4.3 deals with the slow track EURO-CORDEX simulations, bias correction and climate
change indices (3 and 4). Finally, task 4.3 also deals with advanced statistics and corrections, for
instance concerning correction of wind, estimate of changes in extreme rainfall intensity.

2 User requirements
2.1

User Survey

In order to bridge the gap between the climate modeling (WP 2-4) and the impact research (WP 6-8,
12-14) communities within the IMPACT2C project, a user survey has been initiated. Impact models
require different meteorological input to estimate the consequences of climate change. Some
models require continuous time series, some demand just aggregated data, and others use climate
change signals only. Also, as the impact community is very diverse in this project, the choices for
meteorological variables and derived indices might vary strongly.
The survey is also thought to initiate the discussion about climate input for partners with minor
experience with climate data at an early stage of the project.
In the IMPACT2C project, WP4 produces downscaled and bias corrected meteorological variables
from climate models, as, e.g., daily mean 2m temperature, daily precipitation sum, or daily global
radiation. Based on the downscaled and bias corrected meteorological variables, indices of climate
change are derived and delivered to the project partners. In order to successfully realize the
IMPACT2C project, it is essential to make the access to selected bias-corrected and downscaled
regional climate models as easy as possible and to tailor meteorological data and indices following
the needs of impact research. The aim of task 4.1 within WP4 is to clarify these data needs of the
impact modeling groups.
In addition, this survey serves as a requirement specification for WP 2-4, which helps to provide
suitable input for impact modeling. Also, in WP5, a subset of mandatory climate simulations is
selected for forcing of impact models (Mendlik and Gobiet, submitted). Those climate simulations

should represent the full multi-model spread, which is based on the climate change characteristics
of the relevant meteorological variables defined in this survey.

2.2

Climate Model and Impact Model Interface

In the IMPACT2C project, WP4 is responsible for the interface of the climate modelling groups and
the impact modelling groups. A major task is the error-correction and the statistical downscaling of
mandatory regional climate models. Its application to the first set of pre-defined basic
meteorological variables is done in a fast track approach, whereas additional variables are processed
in the slow track. In addition, derived indices from the basic and extended set of variables are
calculated.
The error-correction of mandatory climate simulations defined in task 5.1 is performed, using the EOBS dataset (version 5, Haylock et al., 2008). E-OBS can be regarded as the state-of-the-art
European gridded observational dataset on daily basis and was developed within ENSEMBLES and
provides daily precipitation and mean, minimum and maximum temperature for entire Europe on
four different grids. The 0.25-degree regular lat-lon grid is used in IMPACT2C. The four
parameters available in E-OBS are daily mean, minimum, and maximum temperature and
precipitation sum. This defines the basic set of meteorological variables for the fast track approach.
Based on these variables, several indices are calculated (Examples of such indices are: Maximum
daily precipitation per year, growing season length, maximum number of consecutive dry days per
year, and any other parameter that can be derived from daily mean/max/min temperature and daily
precipitation sum.). In addition, variables and indices which are demanded by the users via this user
survey are processed. The result of this exercise is the definition of an extended list of
meteorological variables and their needed spatial and temporal scales and of derived indices.

2.3

User Survey – Analysis

These are the results from user surveys returned by February 10th 2012. We term “user” as being an
institution or research group responsible for a certain task within IMPACT2C. So if we received
more than one answer from one group within a task, we regarded it as one answer only. The number
of returned user surveys according to that definition is n=14.
Following institutions within tasks gave response:
•

•
•

•

•
•

•

•
•

WP6 (Lead: WU):
◦ Task 6.1 (WU, JRC)
◦ Task 6.3 (TUC)
◦ Task 6.4 (JRC)
◦ Task 6.5 (SOTON) (impact sea level rise on Europe)
◦ Task 6.6 (JRC)
WP7 (Lead: IIASA):
◦ Task 7.1 (IIASA)
WP8 (Lead: CNRS-IPSL):
◦ Task 8.1 (CNRS-IPSL, PIK)
◦ Task 8.2 (CNRS-IPSL, WHO)
WP9 (Lead: JR):
◦ Task 9.1 (PIK, JR)
◦ Task 9.2 (JR)
◦ Task 9.3 (JR)
WP10 (Lead: IIASA): input referred to task 7.1
WP11 (Lead: PWA):
◦ Task 11.2 (TUC)
◦ Task 11.3 (SOTON) probably focusing on impacts and adaptation on port cities
WP12: African case study (Lead: ENEA)
◦ Task 12.2 (SMHI)
◦ Task 12.3 (SMHI, ENEA, PIK)
◦ Task 12.4 (SMHI)
WP13: Bangladesh case study (Lead: WU)
◦ Task ? (SOTON) SLR impacts and adaptations on SLR
WP14: Maldives case study (Lead: SOTON)
◦ Task ? (SOTON) SLR impacts and adaptations on SLR

As some tasks in this project have completely different needs than others, we summarized tasks
according to following categories:

a) European impact studies (WP6-7, 9-11 and task 8.2 regarding health effects of climate
change excluding those of air pollution): All impact studies within the European domain.
8 answers received.
b) European impacts on sea level rise (WP6, task 6.5): This regards only the input of
partner SOTON. Their data needs are different than for usual impact models. 1 answer
received.
c) European simulations of air quality and impacts on subsequent health effects
(WP8): This Work package on air quality needs own user-tailored data. 1 answer
received.
d) African impact studies (WP12): All impact studies within the African domain. 3
answers received.
e) Bangladeshi and Maldivian impacts on sea level rise (WP13,14): This regards only
the input of partner SOTON, as this was the only response within these work packages.
1 answer received.

2.4

Questionnaire

We have summarized the user survey into following seven questions:
1.
2.
3.
4.
5.
6.
7.

Describe your study domain & spatial resolution of data.
What meteorological variables would you like to use?
Do you use specific derived indices?
Do you have available observational data of the needed meteorological variables?
Do you need time series?
What meteorological events is your model most sensitive to?
What kind of data format can you handle? Can you read NetCDF data?

2.5

Answers

1. Describe your study domain & spatial resolution of data.
a) European impact studies (n=8):
- gridded, 25 – 50 km (6x)
- gridded, 5 km (1x)
- stations data (2x)
- district level and national data (for health)
b) European impacts on sea level rise (n=1):
- based on a 5deg x 5deg global time series
c) European simulations of air quality and impacts on subsequent health effects (n=1):
- gridded, 25-50 km
d) African impact studies (n=3):
- basin Niger River in West Africa. Size: 2.1 million km2, area-averaged based on
hydrological dividers; Median spatial resolution: 450 km2.
- basins of the rivers Niger and Nile; Gridded data 0,5° x 0,5°, but a higher resolution
would be better
- West- , East- , south Africa; Africa RiskView runs on a 10Km x 10Km grid (due to
the spatial resolution of the satellite based rainfall estimate adopted as the routine
input)
e) Bangladeshi and Maldivian impacts on sea level rise (n=1): (no answer to question 1)

2. What meteorological variables would you like to use?
a) European impact studies (n=8):
- Precipitation (8x)
- Mean daily temperature (6x)
- Maximum daily temperature (5x)
- Minimum daily temperature (5x)
- Wind speed (4x)
- Monthly wind weather statistics (1x)
- Relative humidity (3x)
- Minimum daily relative humidity (1x)
- Specific humidity (1x)
- Potential evaporation (2x)
- Longwave radiation down (2x)
- Shortwave radiation down (2x)
- Natural snow depth (1x)
- Distinction whether rain or snow can be used if available (1x)
- Number of rain days (1x)
- Cloud cover (1x)
- Daily sunshine duration (1x)
- Pressure (1x)
- Dewpoint temperature (1x)
- Surface albedo (1x)
b) European impacts on sea level rise (n=1):
- Sea-level rise (on global level)
- Global temperature
c) European simulations of air quality and impacts on subsequent health effects (n=1):
- Daily precipitation (3x)
- Daily mean temperature (2x)
- Max. daily temperature (2x)
- Min. daily temperature (2x)
- Potential evapotranspiration based on Penman-Monteith
- Mean daily rel. Humidity
- Global radiation
- Wind speed

d) African impact studies (n=3):
- Basin Niger River in West Africa. Size: 2.1 million km2, area-averaged based on
hydrological dividers; Median spatial resolution: 450 km2.

-

Basins of the rivers Niger and Nile; Gridded data 0,5° x 0,5°, but a higher resolution
would be better
West- , East- , south Africa; Africa RiskView runs on a 10Km x 10Km grid (due to
the spatial resolution of the satellite based rainfall estimate adopted as the routine
input)

e) Bangladeshi and Maldivian impacts on sea level rise (n=1):
- Sea level rise
- Global temperature
- Surface temp
- Sea surface temperature
- Cyclones – occurrence, increase?
- Change in extreme water levels
- Long period swell waves from the Antarctic
- pH (may just be qualitative). Derived using the method of Bernie et al which
involves pattern scaling using the spatial pattern from HadCM3L
- Precipitation (may just be qualitative)

3. Do you use specific derived indices?
a) European impact studies (n=8):
- (2x) Tourist Climatic Index,
o Based on: tasMax, tasMean, minimum relative humidity, relative humidity,
precipitation, daily sunshine duration, mean wind speed
- Maximum apparent temperature
o Air temperature, dew point temperature
- Heatwaves
o Based on: tasMin, maximum apparent temperature
o Based on: air temperature, dew point temperature, wind velocity, total cloud
amount, cloud amount with low-level/medium-level clouds, cloud types of
the levels low, middle and high extremes
- PET computed after Priestley-Taylor
- Average and standard deviation of daily precipitation
- 3-day, 5-day and 7-day maximum precipitation
- Seasonal (average and cumulated) precipitation (DJF-MAM-JJA-SON)
- Average and standard deviation of daily mean, max and min temperature
- Seasonal and monthly max, mean, and min temperatures
- Daily temperature range (also seasonal)
- Depth of maximum snow cover (mm SWE)
- Monthly mean depth of natural snow [cm]
- Artificial snow depth
- Number of days with at least 1 cm depth of natural snow [days/month]
- Number of days with at least 30 cm depth of natural snow [days/month]
- Number of frost days
- Number of wet days
- Number of consecutive dry days
- Number of tropical nights
- Number of summer days
b) European impacts on sea level rise (n=1):
- No
c) European simulations of air quality and impacts on subsequent health effects (n=1):
- Results of air quality simulations that are used for health impact of air quality
changes: daily concentrations of Ozone, PM2.5 and PM10, and the daily maximum
8h-average O3
d) African impact studies (n=3):
- Penman-Monteith Potential Evapotranspiration
e) Bangladeshi and Maldivian impacts on sea level rise (n=1):

-

Sea level rise (global)
pH (Maledives)
Cyclone frequency (Bangladesh)
Extreme water levels (Maledives)
Long period swell waves from the Antarctic (Maledives)

4. Do you have available observational data of the needed meteorological variables?
a) European impact studies (n=8):
- (6x) No observational data of appropriate temporal and spatial scale
- (2x) E-OBS
- (1x) For 0.5° usually CRU data are used (TS2.1 or 3.0); 1901—2006.
b) European impacts on sea level rise (n=1):
- No, but global relative SLR data (e.g. from tide gauges) is available online.
c) European simulations of air quality and impacts on subsequent health effects (n=1):
- No
d) African impact studies (n=3):
- (3x) Yes.
o (1x) Station data
o (2x) ERA-INTERIM (1979-2011), ERA40, WATCH (1958-2001)
o (1x) RFE1.0 & RFE 2.0 satellite rainfall estimates (1995-2011)
e) Bangladeshi and Maldivian impacts on sea level rise (n=1):
- No, but global relative SLR data (e.g. from tide gauges) is available on line.
- Potentially requested precipitation data from the Maldivean partners

5. Do you need time series?
a) European impact studies (n=8):
- (4x) Continuous time series, daily
- (4x) Continuous time series, monthly
- (1x) Climatic means (annual, monthly, weekly) - depends also on the availability of
the health data
b) European impacts on sea level rise (n=1):
- Time series every five years from 1995 – 2100.
c) European simulations of air quality and impacts on subsequent health effects (n=1):
- Continuous time series, hourly or 3-hourly
d) African impact studies (n=3):
- Continuous daily time series, but time slices sufficient (3x)
e) Bangladeshi and Maldivian impacts on sea level rise (n=1):
- Time series every five years from 1995 – 2100.

6. What meteorological events is your model most sensitive to?
a) European impact studies (n=8):
- Temperature extremes (4x)
- Mean precipitation (3x)
- Precipitation extremes (2x)
- Precipitation sequence (2x)
- Duration of droughts (2x)
- Mean temperature (1x)
b) European impacts on sea level rise (n=1):
- Sea-level rise
c) European simulations of air quality and impacts on subsequent health effects (n=1):
- Stagnant episodes (weak wind, low boundary layer)
- Episodes with high radiation in summer for photochemistry
- The heat wave of 2003 was an extreme case of air pollution. Other wintertime
episodes are important for PM pollution build up
d) African impact studies (n=3):
- Agricultural drought
- Annual rainfall
- Large impacts produced by simultaneous occurrence of rainfall deficit and high
evaporation
- Very sensitive to the correlation of precipitation and global radiation
- High impact event is caused by heavy precipitations in a big area within the basin
during a longer period, e.g. several days.
e) Bangladeshi and Maldivian impacts on sea level rise (n=1):
- Sea-level rise

7. What meteorological events is your model most sensitive to?
a) European impact studies (n=8):
- (7x) NetCDF is fine, (but prefer a file size of less than 1.2 GB (1x))
b) European impacts on sea level rise (n=1):
- Cannot read NetCDF
c) European simulations of air quality and impacts on subsequent health effects (n=1):
- NetCDF is fine
d) African impact studies (n=3):
- (3x) NetCDF is fine
e) Bangladeshi and Maldivian impacts on sea level rise (n=1):
- Cannot read NetCDF
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3 Fast track: standard bias correction of ENSEMBLES
simulations
3.1

Introduction

For the fast track of the IMPACT2C project the entire regional climate simulations from the
ENSEMBLES project (http://ensemblesrt3.dmi.dk) have been examined with regard to different
climate change signals over Europe (task in WP5). Climate simulations with similar CCSs
characteristics have been grouped and one model of each group has been selected. This leads to the
five climate simulations shown in Table 3-1.
The scenario (future) climate simulations cover a 100 (99) years period from 2001– 2100 (2099).
For evaluation and calibration purposes historical (past) climate simulations are relevant too. The
historical period covers 40 years, from 1961–2000.
Institute-RCM

Driving GCM

DMI-HIRHAM
SMHI-RCA
METO-HadRMQ0
CNTM-RM5.1
MPI-REMO

BCM
HadCM3Q3
HadCM3Q0
ARPEGE
ECHAM5

2 C warming
period
2038–2067
2033–2062
2021–2050
2029–2058
2034–2063

Table 3‐1. List of selected mandatory model simulations based on ensembles.

The objective of Task 4.2 in IMPACT2C is to error-correct climate data using established methods.
Climate simulations usually contain systematic errors compared to observations, which need to be
removed before the output can be used in impact models. These systematic errors derive from
inadequate parameterizations of physical processes, coarse resolution, orography, spatial smoothing
and structural errors in the models. To improve the climate model output the systematic errors will
be removed. An empirical-statistical technique, called quantile mapping (QM) (Themeßl et al.
2011; Themeßl et al. 2012; Wilcke et al. 2013) has been used to bias-correct standard
meteorological variables of all mandatory climate simulations (Table 3-1). This report gives an
overview on the correction process and an evaluation of the corrected climate model data.
As calibration of the correction process the version v5.0 of ENSEMBLES daily gridded
observational
data-set
called
E-OBS
(Haylock
et
al.
2008)
(http://eca.knmi.nl/download/ensembles/download.php) was used. E-OBS lies on a 0.25 deg.
regular grid over Europe and covers the 35 years period, from 1965–2000.

3.1.1 Method
In order to correct for errors of the RCM simulations, Themeßl et al. (2011) proposed an approach,
combining dynamical downscaling with observations. Our implementation of QM uses observations
of the gridded observational data-set E-OBS (Section 1.2). QM adapts modelled time series by
adjusting the modelled to the observed empirical cumulative frequency distributions (ECDFs). The
correction is done on the 25 km grid of E-OBS and on daily scale. Themeßl et al. (2012) showed the
successful application on gridded data in the Alpine region for temperature and precipitation, for a
detailed description see Wilcke et al. (2013). For the IMPACT2C project a period of 35 years
(1965–2000) was chosen for calibrating the ECDFs, and with the derived correction factors 140
years (1961–2100 (2099)) of simulated climate has been error-corrected.

3.1.2 Evaluation
In a first evaluation step a split sample test was performed to show the bias before and after error
correction for past periods independent of the calibration period. Here the original calibration period
(1965–2000) is divided in halves. For the split sample test we calibrated with a 23 years period
(1961–1987) and corrected a 22 years period (1988–2000), and vice versa. Furthermore the climate
change signal (CCS) of each model (see Section 1.1) and each variable is viewed.
Here we seasonally regard mean model biases, averaged over sub-regions in Europe (Christensen
and Christensen, 2007). As reference, the E-OBS dataset is used. As mentioned in the beginning of
this section, a split sample test has been performed to evaluate the bias in a period unknown to the
calibration period. Here the correction function is calibrated in the past (1965–1987) and applied to
a separate period in the past (1988–2000).

Figure 3‐1. Mean bias of precipitation over Rockel boxes for corrected DMI‐HIRHAMBCM with calibration period 1965–1987
applied to 1988–2000.

Figure 3‐2. Mean bias of precipitation over Rockel boxes for raw DMI‐HIRHAM‐BCM for the period 1988–2000.

Comparing the biases averaged over Rockel boxes (Christensen and Christensen, 2007) of raw and
corrected models shows good results for precipitation (see Figures 3-1and 3-2 for DMI-HIRHAMBCM exemplarily). The bias is reduced for all regions. For temperature one faces the issue of nonstationary errors over time (Maraun, 2012;Wilcke et al., 2013). That means, if the error of a
temperature value behaves different in the future, the correction cannot reduce the bias to zero.
However, the errors are still drastically reduced, compared to the uncorrected simulations. Figures
3-3 and 3-4 shows this exemplarily for the SMHI-RCA-HadCM3Q3 simulation. This issue occurs
also for minimum and maximum temperature (not shown). Even though the non-stationarity is
visible in the split sample test, the impacts of the non-stationarity of the bias on the +2 °C periods
are not predictable as the observed future is unknown. Cases of less non-stationarity, like for the
DMI-HIRHAM-BCM simulation, shows a strong improvement of the bias after error-correction
(compare Figures 3-5 and 3-6).

Figure 3‐3. Mean bias of Tmean over Rockel boxes for corrected SMHI‐RCA‐HadCM3Q3 with calibration period 1965–1987
applied to 1988–2000.

Figure 3‐4. Mean bias of Tmean over Rockel boxes for raw SMHI‐RCA‐HadCM3Q3 for the period 1988–2000.

Figure 3‐5. Mean bias of Tmean over Rockel boxes for corrected DMI‐HIRHAM‐BCM with calibration period 1965–1987 applied to
1988–2000.

Figure 3‐6. Mean bias of Tmean over Rockel boxes for raw DMI‐HIRHAM‐BCM for the period 1988–2000.

Figure 3‐7. PDF skill score for daily precipitation amounts in summer (JJA) in the CNRM‐ARPEGE simulation, before (left) and
after bias correction (right).

As a final check on the bias correction we compute the PDF based skill score (Kjellstrom et al.
2010). This skill score essential measures the correspondence between the PDF (probability density
function) of daily mean precipitation or temperature derived from observations (in this case E-OBS)
and that derived from the modeling results. It is a broad band measure, which is not specifically
designed for the extremes of the distribution which have low probabilities. Figure 3-7 shows the
results for summer precipitation of one of the model simulations. Summer precipitation has
typically low skill scores before bias correction. It is shown that after bias correction almost perfect
score are obtained over large parts of Europe, except for small areas along the Mediterranean Sea.

3.1.3 Climate change signal
As the project is about a future climate with 2 °C global warming, the climate change signal, CCS,
is calculated like:
CCS = T2C-Tref
where T2C is the mean temperature for the 30-years period around the year when 2 °C global
warming is reached in each model, and Tref is the mean temperature for the reference period, 1971–
2000. The CCS is calculated for Tmin, Tmax in the same way.
The future periods depend on the model run as the selected climate simulations reach the 2 °C
global warming in different years (see Table 3-1). E.g. the DMI-HIRHAM-BCM simulation reaches
2 °C in year 2052 which is wrapped in the 30-years period from 2038 to 2067.
The CCS of multi-model mean for corrected and uncorrected mean temperature is shown in Figure
3-8 and for precipitation in Figure 3-9. The CCS of temperature is clearly positive even after errorcorrection. In winter the multi-model mean shows a northward gradient, which means a more
positive change over Scandinavia. In summer the gradient is reversed towards the south of Europe.
It is argued that the presence of biases for present-day climate could also lead to biases in the
climate change response (CCS) (Christensen et al., 2008; Boberg et al., 2010; Dosio et al., 2012;
Gobiet et al., 2013). Bias correction could therefore also lead to a better representation of CCS too.
In general, however, the bias correction for temperature only slightly affects the CCS. Largest
differences are seen in Scandinavia in winter (in general bias correction reduces the CCS) and
southern Europe in summer (with enhanced CCS in a number of areas). The CCS of precipitation is
hardly changed by the error-correction, which is shown in Figure 3-9. Here the known tendency of
more precipitation for the northern part of Europe and less precipitation for the southern part is
visible (e.g. Giorgi and Coppola, 2007). The signal’s threshold line shifts with the season between
northern Germany in summer and south of the Alps in winter (Figure 3-9)

Figure 3‐8. Average response of the “fast track” models for winter (upper) and summer (lower), before (left) and after (right)
bias correction. Shown is the mean temperature response in degrees.

Figure 3‐9. Average response of the “fast track” models for winter (upper) and summer (lower), before (left) and after (right)
bias correction. Shown is the mean precipitation response in fractional change.
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4 Slow track: processing EURO-CORDEX simulations
4.1

Re-gridding and data filling

This stream of bias correction deals with the new EURO-CORDEX simulations using the RCP
emissions scenarios. A number of CORDEX model runs (EUR-11 domain) is selected for the
Impact2C “Slow Track” dataset, of which an overview can be found in Table 4-1 below.
To facilitate the usage of this dataset among a wider group of users the output is remapped to a
regular latitude-longitude domain. To be specific, a sub-domain of the E-OBS (version 9) 0.25
degrees regular grid is used: 261 grid-points spanning longitudes 25.00 °W to 40.25°E and 156
grid-points spanning in the latitudinal direction 33.00 °N to 72.00 °N.
Besides this remapping, years consisting of 360 days (the HadGEM driven runs) are converted to
normal years; see below. This first set is known as the ’REGRIDDED’ dataset. Available variables

are: tas (daily mean temperature), tasmin (daily minimum temperature), tasmax (daily maximum
temperature), pr (precipitation), ps (surface pressure), psl (mean sea level pressure), huss (absolute
humidity), hurs (relative humidity), sfcWind (10 m surface wind), rsds (downward shortwave
radiation at the surface), rlds (downward long wave radiation), rsus (upward shortwave radiation),
rlus (upward longwave radiation), rss (net shortwave radiation), rls (net longwave radiation). Next,
a ’CORRECTED’ set is available where model fields are (bias) corrected with observations. This
’CORRECTED’ set is extended with tdps (dew point temperature) and huss (absolute humidity).

RCM
CSC-REMO2009
IPSL-WRF331F
KNMI-RACMO22E
SMHI-RCA4
SMHI-RCA4

Driving GCM
MPI-ESM-LR
IPSL-CM5A-MR
EC-EARTH
EC-EARTH
HadGEM2-ES

RCPs
2.6, 4.5, 8.5
4.5
4.5, 8.5
2.6, 4.5, 8.5
4.5, 8.5

Table 4‐1. EURO‐CORDEX simulations used in IMPACT2C.

Data set name
Basic re-gridded set
Basic (bias)corrected set
Extended re-gridded set
Derived corrected set

Acronym
BRS
BCS
ERS
ECS

Variables
tas, tasmax, tasmin, pr, rsds, rlds
tas, tasmax, tasmin, pr, rsds, rlds
ps, psl, huss, hurs, sfcWind, rsus, rlus, rss, rls
tdps, huss

Table 4‐2. Listing of processed output variables.

The HadGEM driven model output is based on model years of 360 days. Next to the re-gridding and
correction steps, model output of these RCM’s has been converted to the standard (Gregorian)
calendar with 365 or 366 days. In this calendar conversion process, data of the day before is
duplicated to the five or six missing days. Days that are considered missing in the 360 day calendar:
the 31th of May, July, August, October and December. In leap years also the 31th of March

4.2

Bias correction of temperature and precipitation

Temperature and precipitation are corrected using the quantile mapping approach described in the
previous section.

4.3

Correction of humidity values

When bias correcting temperature data one creates an inconsistency between absolute humidity,
relative humidity and temperature. This has been corrected in the “derived corrected set”. We
assume that the relative humidity data is correct, and correct the data for absolute humidity (and
dew point temperature, which is actually a measure of absolute humidity). The reason for not
correcting the relative humidity data is that this would imply large changes in the surface latent heat
fluxes (as the surface heat flux is to first order proportional to the relative humidity), and this would
mean that the surface energy budget is largely changed. In case of unchanged relative humidity
changes the implied changes in latent heat fluxes are relatively small.
Dew point temperatures are regenerated from the corrected (and re-gridded) temperatures and
the (re-gridded) relative humidity. To be precise, the Arden Buck equation is used to calculate
the dew points:

where a = 6.1121, b = 18.678, c = 257.14 and d = 234.5 (where the temperatures in the formulas are
in degrees Celsius), and RH is the relative humidity (in %).
Specific humidities are also calculated with the Arden Buck equation, this time expressed in
terms of saturated water vapour pressure (Pa):

Combined with the relative humidity will result in local water vapour pressure:

Specific humidity is then calculated by:

where p is surface pressure (all pressures in Pascal).

4.4

Bias correction of radiation

Bias-correction of radiation was included in the work plan of WP4 due to the results of the report on
requested meteorological data and climate change indicators from impact modelling community
(see Section 2).
We used the quantile mapping method as described in Themessl et al. (2011; 2012) and Wilcke et
al. (2013). As a reference data set, we took the WATCH Forcing Data based on ERA-Interim
(WFDEI, http://www.eu-watch.org/data_availability, Weedon et al., 2010; Weedon et al., 2011).
The 3-hourly values of WFDEI were averaged to daily values. Subsequently, both the climate
projection and the reference data were bi-linearly interpolated to the E-OBS 0.25deg grid (Haylock
et al. 2008), which was the target grid for all bias-correction done in IMPACT2C WP4. The biascorrection was then applied to the data series on the E-OBS grid, using the period 1979-2005 as a
reference period. The reference period covers the longest possible period between the start of the
WFDEI time series and the end of the historical period in the climate model runs in 2005.
The biases in the uncorrected climate model data were generally larger for shortwave (rsds) than
longwave (rlds) radiation, and we therefore focus the presentation of the results on rsds. In absolute
terms, the biases in rsds are smaller than ±50 W/m2 over large parts of the model domain, but could
be as high as 100 W/m2 in some areas (Figure 4-1). Such biases are likely to be linked to biases in
cloud cover (Samuelsson et al., 2011). The bias-correction, as expected, effectively removed the
bias in the reference period.
Changes of rlds for the period when +2K is reached are between 0 to +5 W/m2 (not shown). For
rsds the changes are generally in the order of -10 to +10 W/m2 (Figure 4-2) which is smaller than
the biases in the reference period. The climate change signal of the bias-corrected projection and the
uncorrected climate models are nearly identical (not shown).

Figure 4‐1 Bias (in W/m2) in mean summer (JJA) shortwave radiation (rsds) of the 5 GCM‐RCMs employed in the IMPACT2C
slowtrack, with respect to the WFDEI reference data. Biases of uncorrected (left subpanels) and corrected (right subpanels)
climate model data over the whole reference period are shown for each model.

Figure 4‐2 Climate change signal in summer mean shortwave radiation in W/m2 for the period when +2K is reached relative to
the reference period 1971‐2000.

References:
Haylock, M. R., Hofstra, N., Klein Tank, A. M. G., Klok, E. J., Jones, P. D., New, M.. (2008). A European
Daily High-Resolution Gridded Data Set of Surface Temperature and Precipitation for 1950–2006.
Journal of Geophysical Research, 113 (D20), doi:10.1029/2008JD010201.
Samuelsson, P., Jones, C. G., Willén, U., Ullerstig, A., Gollvik, S., Hansson, U., Jansson, C., Kjellström, E.,
Nikulin, G., Wyser, K. (2011). The Rossby Centre Regional Climate model RCA3: model description and
performance. Tellus A, 63(1), 4–23. doi:10.1111/j.1600-0870.2010.00478.x
Themeßl, M.J., Gobiet, A., Leuprecht, A. (2011). Empirical-Statistical Downscaling and Error Correction of
Daily Precipitation from Regional Climate Models. International Journal of Climatology, 31 (10), 1530–
1544. doi:10.1002/joc.2168.
Themeßl, M.J., Gobiet, A., and Georg Heinrich, G. (2012). Empirical-Statistical Downscaling and Error
Correction of Regional Climate Models and Its Impact on the Climate Change Signal. Climatic Change,
112 (2), 449–468. doi:10.1007/s10584-011-0224-4.

Weedon, G. P., Gomes, S., Viterbo, P., Österle, H., Adam, J. C., Bellouin, N., Boucher, O., Best, M. (2010).
The WATCH forcing data 1958-2001: A meteorological forcing data set for land surface- and
hydrological models, http://www.eu-watch.org/publications/technical-reports.
Weedon, G. P., S. Gomes, P. Viterbo, W. J. Shuttleworth, E. Blyth, H. Österle, J. C. Adam, N. Bellouin, O.
Boucher, M. Best. (2011). Creation of the WATCH Forcing Data and Its Use to Assess Global and
Regional Reference Crop Evaporation over Land during the Twentieth Century, Journal of
Hydrometeorology, 12 (5), 823–848. doi:10.1175/ 2011JHM1369.1.
Wilcke, R.A.I., Mendlik, T., Gobiet, A. (2013). Multi-Variable Error Correction of Regional Climate
Models. Climatic Change, 120 (4), 871–887. doi:10.1007/s10584-013-0845-x.

5 Changes in climate indices
The climate indices were calculated using the guidance of ETCCDE/CRD
(http://etccdi.pacificclimate.org/list_27_indices.shtml) for a number of temperature and
precipitation extremes listed below in Table 5-1
Indices
FD, Number of frost days
SU, Number of summer days
TR, Number of tropical nights
GSL, Growing season length

WSDI, Warm spell duration index

CSDI, Cold spell duration index

Definition
Annual count of days when TN (daily minimum temperature) < 0°C. Let
TNijbe daily minimum temperature on day i in year j. Count the number of
days where: TNij < 0°C.
Annual count of days when TX (daily maximum temperature) > 25°C. Let
TXij be daily maximum temperature on day i in year j. Count the number of
days where: TXij > 25°C
Annual count of days when TN (daily minimum temperature) > 20°C. Let
TNijbe daily minimum temperature on day i in year j. Count the number of
days where: TNij > 20°C
Annual (1st Jan to 31st Dec in Northern Hemisphere (NH), 1st July to 30th
June in Southern Hemisphere (SH)) count between first span of at least 6
days with daily mean temperature TG>5°C and first span after July 1st (Jan
1st in SH) of 6 days with TG<5°C. Let TGij be daily mean temperature on
day i in year j. Count the number of days between the first occurrence of at
least 6 consecutive days with:
TGij > 5°C and the first occurrence after 1st July (1st Jan. in SH) of at least
6 consecutive days with: TGij < 5°C.
Annual count of days with at least 6 consecutive days when TX > 90th
percentile
Let TXij be the daily maximum temperature on day i in period j and let
TXin90 be the calendar day 90th percentile centred on a 5-day window for
the base period 1961-1990. Then the number of days per period is summed
where, in intervals of at least 6 consecutive days: TXij > TXin90.
Annual count of days with at least 6 consecutive days when TN < 10th
percentile. Let TNij be the daily maximum temperature on day i in period j
and let TNin10 be the calendar day 10th percentile centred on a 5-day
window for the base period 1961-1990. Then the number of days per period
is summed where, in intervals of at least 6 consecutive days: TNij <
TNin10.

R99pTOT

Annual total PRCP when RR > 99p: Let RRwj be the daily precipitation
amount on a wet day w (RR ≥ 1.0mm) in period i and let RRwn99 be the
99th percentile of precipitation on wet days in the 1961-1990 period. If W
represents the number of wet days in the period, then

PRCPTOT

Annual total precipitation in wet days: Let RRij be the daily precipitation
amount on day i in period j. If I represents the number of days in j, then

Table 5‐1

5.1

Additional indices

Heavy precipitation is the intensity of the heavy precipitation events defined as
the 95th percentile of daily precipitation (only days with precipitation > 1 mm/day
are considered).
Dry spells are defined as periods of at least 5 consecutive days with daily precipitation below 1mm.
The 95th percentile of the length of all identified dry spells is considered in this analysis and
referred to as ‘extended dry spells’.
Heat waves are defined in two different ways, but always for the May to September season. In the
analysis the change in number of heat waves is considered:
 as periods of more than 3 consecutive days exceeding the 99th percentile of the daily
maximum temperature of the May to September season of the control period (1971-2000)
 and, following the WMO definition, as periods of more than 5 consecutive days with daily
maximum temperature exceeding the mean maximum temperature of the May to September
season for the control period (1971-2000) by at least 5°C.
5.2

Examples

Here the mean number of frost days for the different targets 1.5°C for RCP2.6 and 2°C for RCP4.5
are presented:

Figure 5‐1. Mean number of frost change and changes herein derived from the two RCP2.6 simulations

Figure 5‐2. As previous figure, but now for RCP4.5.

Finally, we show the changes in number 95th percentile of the length of dry spells and the number of
heat waves derived from the RCP4.5 simulations in Figure 5-3 and Figure 5-4.

Figure 5‐3

Figure 5‐4

6 Advanced bias correction and advanced statistics and
indices
6.1

Bias correction of wind

Near-surface winds play an important role in the climate system by modulating exchanges between
the surface and the atmosphere and then their respective water and energy budget. In addition, they
represent both a source of destruction, through infrastructure and forestry damages, coastal erosion
and a source of energy for the human society. Therefore, a realistic representation of near-surface
layer winds by climate models along with assessment of their future changes is critical for climate
and impact studies. This motivates the evaluation and bias correction of near-surface wind speeds.
This has been undertaken here for regional climate models over Europe with the particular purpose
of assessing climate change impacts on wind energy.

6.1.1 Reference observational dataset
Since surface winds are highly variable in time and space, their evaluation and bias correction in
regional climate simulations require the use of high-resolution observational datasets. Such wind
datasets are not available over many extended areas, especially over land. Over ocean, satellite
measurements allow for a full sea surface coverage but with a maximum twice daily frequency.
Over land, measurements are mainly in-situ; they are very local, unequally distributed over space
and subject to instruments deficiencies and changes. Reanalysis products can provide a full
coverage but with a coarse resolution and they exhibit shortcomings in representing surface winds
(e.g. Pryor et al 2009).
For the purpose of evaluating and correcting wind output from ENSEMBLES simulations, we have
built a gridded climatological dataset of observed 10m wind speed at the ENSEMBLES 25km
spatial resolution that covers the whole sea-land European domain, using over sea QuickSCAT
satellite dataset over the year 2000 (Ruti et al 2008) and over land the ISDLite database over the
period 1981-2000 (Smith et al 2011). The chosen grid is the RCA model grid from the SMHI
institute. The QuikSCAT dataset consists of a 50km-gridded daily 10m wind speed product. The
wind climatology at each ocean cell of the grid model is calculated as the climatology of the four
surrounding satellite grid points over the year 2000, which is the only full year overlapping the
historical period simulated by the models. The ISD-Lite database collects hourly measurements,
mainly taken at a 10m elevation, from various sources including mostly airports. A subset of ~1000
stations, shown on Figure 6-1a, has been selected over the European domain, meeting the following
criteria: the station altitude has to be lower than 1000m and the recorded time series have to be
representative enough of the 1981-2000 period (i.e. at least 25% of existing records per day, 16
days per month and 15 years out of 20 for each month). The wind climatology at each land cell of

the model grid is calculated as the 1981-2000 climatology of the five closest stations. The resulting
10m wind speed climatology map is shown in Figure 6-1b.

Figure 6‐1 a) Spatial distribution of the 1012 stations selected from the ISD‐Lite database. b) Observed near‐surface wind
speed climatology, computed from QuikSCAT satellite data over ocean and from ISD‐Lite in‐situ measurements over
land.

6.1.2 Evaluation of regional climate simulations
We evaluated the five historical ENSEMBLES simulations which are mandatory for the
IMPACT2C project fast track (see section 3). For this purpose, all simulations have been re-gridded
to the common RCA model grid (SMHI institute). Differences between modeled and observed
mean wind speeds are shown in Figure 6-2. The Taylor plots in Figure 6-3 allow for synthesizing
and quantifying the ability of the models to reproduce the spatial variability of surface wind speeds
both in terms of pattern and magnitude, over land and over ocean. Figure 6-2 shows that overall,
models have the tendency to overestimate wind speed over the continental areas (by ~20% on
average over the ensemble) and to underestimate it over ocean (by ~ -10%). Figure 6-3 shows that
modeled fields exhibit higher correlation with observed fields over ocean (from 0.6 to almost 0.9)
than over land (0.5-0.6), certainly due to more complex topography over land. The magnitude of
spatial variability is reasonably reproduced by most models over land as well as over ocean and
underestimated by ~30% for one or two models.

Figure 6‐2 . Mean biases in 10m wind speed simulated by the five ENSEMBLES Global Climate Model (GCM)‐Regional
Climate Model (RCM) pairs selected for the fast track of the IMPACT2C project . They are estimated as the model mean
wind speed minus the observed mean wind speed shown in Figure 1‐b. Model biases are estimated over the year 2000
above ocean and over 1981‐2000 above land.

a)

b)

Figure 6‐3 Taylor plot comparing the spatial patterns of modeled and observed 10m wind speed for the five mandatory
ENSEMBLES simulations over land. The wind field is averaged over the 1981‐2000 period. b) Same as a) but for the wind
field over ocean, averaged over the year 2000.

We also evaluated the five historical mandatory state-of-the-art simulations selected from the
EURO-CORDEX ensemble for the slow track of the IMPACT2C project (see Deliverable
D.2.1.1.b). These simulations are available at the 50km and 12km resolutions. The 50km resolution
of the QuikSCAT dataset along with the scarcity of station data over many land locations does not
allow for a wind evaluation at the 12km scale. Therefore we carried out the evaluation of
EUROCORDEX simulations at the coarsest 50km resolution. We built a climatology map at the
50km resolution following the same methodology as described in the above section. The wind
climatology over ocean is calculated in this case over the 2000-2004 period because the
EUROCORDEX historical experiments ends in 2005 instead of 2000 for ENSEMBLES, which
allows a longer overlap period between models and observations. Figure 6-4 shows that the
tendency of models to overestimate wind speed over land that characterizes most ENSEMBLES
simulations is also found for EUROCORDEX simulations. By contrast, the wind underestimation
over ocean is much less obvious in the EUROCORDEX simulations than in the ENSEMBLES
ones, which may be due to the shorter calibration period in the later (only one year in ENSEMBLES
against five years for EUROCORDEX). Over ocean, most models are characterized by high
correlation with observation (0.9) and a realistic magnitude of spatial variability while over land,
correlation is around 0.5-0.6 and the variability magnitude is reasonable (Figure 6-5). No obvious
improvement from ENSEMBLES to EURO-CORDEX generation in the surface wind
representation is highlighted.

Figure 6‐4 Same as Figure 6‐2 for the 5 EUROCORDEX 0.11° simulations, selected for the slow track of the IMPACT2C
project. The biases are assessed over the 0.44° EUROCORDEX grid, over the period 1981‐2000 over land and over the
2000‐2004 period over ocean.

Figure 6‐5 . Same as Figure 6‐3 but for the five mandatory EUROCORDEX simulations.

6.1.3 Bias correction
Biases in the representation of near-surface winds can affect the assessment of wind-related impacts
and their future evolution. Applying a bias correction to data may be required to refine results and
increase confidence in them or at least allow to evaluate the influence of biases on the impact
assessment.
We performed a bias correction for ENSEMBLES simulations only because the available wind
observations do not provide enough high-resolution information to allow for correcting highresolution (12km) EUROCORDEX simulations.
The method used here to remove wind biases is the so-called Cumulative Distribution Functiontransform (CDF-t) method (Michelangeli et al 2009, Vrac et al 2012). This method is based on a
quantile matching method (e.g. Déqué et al 2007), which drives the modeled wind Cumulative
Distribution Function (CDF) towards the observed CDF. In addition to a standard quantile matching
method, the CDF-t method accounts for the future changes in the distribution,i.e. it combines a first
transformation which "translates" the historical model CDF into the observed CDF with a second
transformation which "translates" the future CDF into the historical one. The correction is applied at
each ocean and land grid points over the whole Europe for historical and future periods. The
transformations are calibrated against QuikSCAT data over the 2000 year over ocean grid points
and against ISDLite data over the 1981-2000 period over land; the present and future Probability
Density Functions are computed from the wind daily time series. The correction is carried out for
the four seasons separately.
Note that we did not perform a cross-validation using two control periods, which would be required
to fully validate the quality of the corrected dataset. Over ocean in particular, this was not possible
because of the short available common period between models and observations.

6.1.4 Data exploitation
This corrected 10m wind speed dataset has been used in the framework of the task 2 of the WP6 for
the assessment of a +2°C global warming impact on wind energy. Wind energy indeed directly
relates to the cube of the wind speed in the surface layer. As some caveats may be associated with
this corrected dataset (uncertainties related to observational datasets, areas with low density of land
observations, no cross-validation, short calibration period over ocean) and because we cannot
guarantee that the effect of such bias correction on climate change is adequate for future, this
dataset is primarily aimed at investigating the influence of model wind biases on the assessment of
climate change impacts on wind energy. Figure 6-6 shows an example of obtained results.
Correcting biases using the CDF-t method does not have a critical influence on assessed impacts on
wind energy.

Figure 6‐6 Multi‐model ensemble mean changes in wind power potential projected for the +2°C future period with
respect to the recent 1971‐2000 period (in%): a) calculated from corrected 10m wind speed and b) calculated from
uncorrected 10m wind speed. Grid points where changes are considered as robust (model sign agreement and 95% level
significance) are marked with black dots.
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6.2

Assessment of extreme precipitation events in high-resolution climate
model runs

A comprehensive analysis of extreme short-term precipitation intensities in climate projections has
been performed. From 10 regional projections – including three different GCMs, three different
RCMs, three different IPCC emission scenarios and three different spatial resolutions – time series
with 30-min intensities were extracted from grid cells in Sweden, with focus on regions surrounding
urban areas in southern Sweden. Extreme value analyses were performed, based on annual maxima
of different duration (between 30 min and 1 day) during different 30-year time periods (1981-2010,
2011-2040, 2041-2070, 2071-2100). By fitting the GEV distribution to the annual maxima, the 10year precipitation intensity was calculated and used to assess the future changes of short-term
extremes.
Most regional projections in the ensemble used are based on the global projection generated by
ECHAM5, initialisation member nr. 3 (denoted “mpi_echam5-r3” in IMPACT2C). As this
projection reaches a 2°C warming (compared with the pre-industrial era) around year 2050, we
focus mainly on results for the period 2041-2070. Overall, the results suggests an ~15% increase of
the 10-year intensity related to very short durations (≤ 1 h) in southern Sweden until the middle of
the century. For duration 24 h the increase is ~10%; between 1 and 24 h the increase changes
regularly.
As changes in short-term precipitation extremes are particularly relevant in urban environments,
where flooding is generally caused by local heavy showers and thunderstorms, a more detailed
assessment of the climate projections have been performed in the Stockholm region. In one study,
the impact of RCM type was investigated by analysing three regional projections only differing in
the RCM used (global projection mpi_echam5-r3). Until the middle of the century, the change of
the 10-year intensity varied between no change and ~20% increase depending on RCM used. No
consistent dependency on duration was found. In another study, the impact of RCM resolution was
investigated by analyzing three regional projections (mpi_echam5-r3 downscaled by RCA3) at
resolutions 50 km, 25 km and 12 km. Figure 6-7 indicates a much larger future increase of the 10year intensity in the 25-km projection than in the 50-km and 12-km projections (in this case the
change is until the end of the century, corresponding to global temperature rise of ~3.5°C in
projection mpi_echam5-r3). In the 50-km and 25-km projections the increase decreases with
increasing duration (there is even a decrease suggested for the 24-h duration in the 50 km
projection), but in the 12-km projection there is no clear dependency on duration. In summary, it is
clear that both RCM type and resolution can have a large impact on the estimated future changes of
short-term precipitation extremes and that these aspects thus should be included in projection
ensembles.
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Figure 6‐7 The change from 1981‐2010 to 2071‐2100 in the 10‐year precipitation intensity in Stockholm, based on global projection
mpi_echam5‐r3 downscaled by RCA3 set up at three different spatial resolutions (50 km, 25 km, 12 km).

6.3

Change in mesoscale convective systems and rainfall intensity

Mesoscale convective systems are responsible for many severe weather situations, like heavy rain,
lightning, hail, wind-gusts. Mesoscale convective systems are organized convective clouds
extending at least 100 km in one direction. Convective clouds are triggered by vertical instability of
the atmosphere, and are characterized by strong vertical motions at small scales. Here, we focus
mainly on the intense rainfall falling from these systems, but we remark that many of the convective
phenomena may respond in a similar manner to climate change as they are linked to similar
convective cloud systems.
At present, the horizontal resolution of regional climate model simulations is not sufficient to
resolve the dynamics of convective clouds. Even at the very high resolution of 11 km that is used
for the EURO-CORDEX integrations much of the convective dynamics is unresolved. In addition,
regional climate models typically use a simplification in the dynamical description of the
atmosphere, the so-called hydrostatic approximation, that suppresses the dynamics of convective
clouds. Therefore, regional climate models, like many weather prediction models, use simplified
schemes to represent convective clouds and associated rain, called parameterizations. While
parameterizations do a reasonable job in representing convection, there are obvious shortcoming in
particular related to the timing, location and severity of the convective rain. In general, convective
rain from parameterization appears to occur to early during the day, are too strongly coupled to the
surface, and do underestimate rainfall from the most extreme events. As an example, the observed

increase in hourly extreme precipitation with surface humidity is not captured well in regional
climate models for the high humidity values (Lenderink & van Meijgaard 2010).
We therefore rely here not on precipitation from the EURO-CORDEX models, but use two
alternative approaches to estimate how heavy convective precipitation could change in the future.
Both approaches supply additional information about possible changes, but should not be
considered to provide definite answers. The first approach uses the observed relation between
precipitation intensity and near surface humidity (as measured by the dew point temperature). The
second method used short term simulations with a mesoscale atmospheric model.
More moisture in the air means a larger potential for intense precipitation. It is the increase in
moisture of the air underlies our confidence in predicted increases in precipitation extremes in the
future climate. As a measure of surface humidity we take the dew point temperature measured near
the surface. The dew point temperature is defined as the temperature to which the air has to be
cooled to reach saturation, and is a measure of the absolute humidity of the air. Each degree of dew
point temperature rise implies an increase of 6 to 7 % of moisture, following from the ClausiusClapeyron relation (which is based on hard physical principles).
Thus, it makes sense to consider changes in surface humidity. Indeed, observations of hourly
precipitation extremes show clear dependencies on surface humidity. In many cases changes in
rainfall intensity are larger than the changes in humidity, thus exceeding the prediction set by the
Clausius-Clapeyron relation (super CC scaling). Observations of hourly precipitation extremes for
the Netherlands as well as for Hong Kong show a dependency of 12-14 % per degree dew point
temperature rise (Lenderink et al. 2011; Lenderink & Meijgaard 2008). Results from Germany also
show super CC scaling (Berg et al. 2013).
Figure 6-8 shows the changes derived in dew point temperature derived from the model of the “fast
track” simulations (i.e. based on the ENSEMBLES) and the “slow track” simulations (i.e. based on
CORDEX). Results are averaged over 5 model simulations for the ENSEMBLES stream (upper
panels) and 7 simulations for the CORDEX stream (lower panels). All changes have been derived
for the 2 degrees warming period typically at the middle of the 21st century compared to the
reference period 1971-2000. Since approximately 0.5 °C of the warming occurred before 19712000, the change in global mean temperature between the future and the reference period is
approximately 1.5 degree. If relative humidity changes are small, than approximately the same rise
of 1.5 °C in dew point temperature is expected. We consider both the mean change in dew point
temperature derived for summer, as well as the change in dew point temperature on wet days in
summer.
Overall dew point temperature increase over the whole of Europe. In central Europe the increase is
close to or below 1.5 °C. In Northern Europe and over the mountainous areas, like the Alps and
Pyrenean larger changes up to 3 °C are obtained. The fast track simulations generally predict lower
increases in dew point temperature.

Figure 6-9 shows an estimate of the change in extreme convective rainfall intensity derived from
changes in dew point temperature. This has been done by using a dependency of 14 % per degree
temperature rise, which is the dependency that can be inferred from measurements (Loriaux 2013).
This change has been maxed for dew point temperatures over 23 °C, as suggested by measurements.
The CORDEX based simulation, on average, predict a higher change in rainfall intensity. However,
we note runs with the SMHI RCA model are overrepresented in the average (4 out of 7) of the
“slow track” results. Also EC-Earth as a driving GCM is overrepresented, again with 4 out of 7
runs. Both of these appear to be relatively wet (compared to the overall results) in summer. On the
other hand, in the fast track model results a number that display a very strong drying feedback in
summer are present. Thus, we think that the results of the fast and slow track in Figure 6-9 provide
a reasonable lower and upper boundary of the changes in intensity predicted with this method.
In Figure 6-9 there are two estimate belonging to each modeling stream. The upper panels show
results derived from the average dew point temperature change, the lower panels from the dew point
temperature change on wet days. In physical terms the latter is better as the humidity on wet days is
obviously better connected to rain intensity, and this has been confirmed with observations
(Lenderink et al. 2011). However, there is a catch here. Models are often biased to rain with too
humid conditions and are too sensitive to decreases in relative humidity (Lenderink & van
Meijgaard 2010). This will cause a too strong reduction of rain days in response to the drying in
climate change simulation, but at the same time this constrains the change in humidity on wet days.
Therefore, we also consider the mean dew point temperature change, and associated rainfall
intensity change.

Figure 6‐8. Changes in dew point temperature derived from the “fast track” simulation (upper panels) and the “slow track
simulation” (lower panels). Results are for the summer mean changes (left) and summer mean changes on wet‐days (right).

Figure 6‐9. Changes in intensity of convective rain derived from changes in dew point temperature. Results are for summer from
the “fast track” and “slow track” simulations.

Finally, we note that the method only predicts change in the amount of moisture available to
convective storm, including a measure of the expected intensity change.
Another method we employed to determine how mesoscale convective systems may change under
global warming is by using perturbation experiments with an atmospheric mesoscale model. A
mesoscale model runs at much higher resolution than a regional climate model, and does not use the
simplifications (parameterizations and hydrostatic dynamics) that are employed in regional climate
modesl. In this case we ran the mesoscale model HARMONIE for 12 cases under present-day
climate conditions, and 2 degrees warmer conditions. The selection of 12 cases has been based on
severe weather situations in the Netherlands. They include cases with high rain intensity, severe
wind gust, and an episode of 1 day with heavy showers.
Results for one case, the case with a prolonged period of 10 hours with heavy showers which
brought 130 mm of rain in the eastern part of the Netherlands, are shown in Figure 6-10. Besides

results for the reference simulation (a), also results of a two degree warmer climate (b,d) and a two
degrees colder climate (c) are shown. The two degree warmer climate are constructed by using two
different perturbations. The first is a uniform warming both horizontally as well as vertically of 2
degrees, and is indicated by “plus 2”. Surface temperatures and SSTs are also adjusted by 2 degrees.
Relative humidity values are kept constant, so that the absolute humidity increases following the
Clausius-Clapeyron relation. The perturbation is applied to both initial conditions as well as the
boundary forcing file. The second perturbation is similar, but uses a perturbation in temperature and
relative humidity that is derived from regional climate model simulations. These changes are taken
from RACMO simulations at the period of 2 degrees global warming. This perturbation is labeled
“plus climate”. Details of these perturbations are described in (Attema et al. 2014).

Figure 6‐10. Two day precipitation sum (mm) during the “Hupsel” events at 26/27th August 2010 as simulation by HARMONIE. a:
precipitation sum from the control simulation, reflecting present‐day climate conditions, b (c) simulation with a 2 degrees
warmer (colder) atmosphere assuming unchanged relative humidity, and d) future simulation using changes in temperature and
relative humidity derived from a climate model simulation under 2 degrees global warming.

It is clear that increases temperatures, and in concert increased values of absolute humidity, lead
increases in rainfall. For the case shown in Figure 6-10 rainfall amount increase from 130 mm to

160-180 mm for the “plus 2” and “plus climate” integrations. Likewise, the colder simulation leads
to less rain.
To investigate how representative this case is, we derived changes in rainfall statistics from the 12
cases. This has been done by pooling all daily rainfall data from all grid-boxes within the model
domain of approximately 500 x 500 km2, with the exclusion of the grid-boxes close to the boundary
of the domain. This data is sorted, and different percentiles are computed from the sorted data.
These are shown in Figure 6-11, where we used probability of exceedance along the x-axis (a
probability of exceedance of 0.01 is equivalent with the 99th percentile).
It is clear shown that daily precipitation extremes increase with temperature at a rate close to or
exceeding the Clausius-Clapeyron relation. The data in the tail of the distribution supports changes
in the range of 7 to 12 % per degree, with the majority supporting a value close to the upper range
of 12 % per degree.

Figure 6‐11. Distribution of 1‐day precipitation sum derived from 12 convective cases in under present‐day climate conditions
(black), as well as warmer (red and pink) and colder (blue) climate conditions derived from Harmonie results. For guidance the
grey band (and brown lines) represent changes (with respect to the reference) according to (up to) 7 % (and 12 %) per degree.

Likewise, we also considered change in rainfall intensity at (sub)hourly time scale. There we also
found similar results, with the majority of the data supporting a dependency of precipitation
extremes exceeding the prediction of the Clausius-Clapeyron relation.
Thus, results of the mesoscale model gives broad support for change in summer time convective
rainfall intensity exceeding the projections of regional climate models, including those in the “fast”

and “slow” track. This is by no means a definite answer as the model runs provided here are short
term (not climate) integrations. However, the results clearly suggest that we should take these
higher sensitivities into account when planning for a 2 degrees warming world.
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7 Appendix: User Survey - Template

Appendix: Questionaire IMPACT2C user requirements
This questionnaire is part of WP4 and should bridge the gap between the climate modeling groups
(WP 2 & 3) and the impact research groups (WP 6-8, 12-14) in IMPACT2C. Its aim is to clarify
what data is needed for climate impact studies in order to efficiently start impact analysis as soon as
possible.

Work Package:
Task:

Short Name of Case study:
Region:

Name of Institute:
Name of Contact Person:
Email:

Briefly describe the study for which the climate information is needed:

1. Information on climate scenario data produced by WP4
WP4 will produce downscaled and bias corrected basic meteorological variables from climate
models (e.g., daily mean 2m temperature, daily precipitation sum, ...). To perform bias correction
observed data is required and therefore bias correction is restricted to variables for which
observations are available. Based on these downscaled and bias corrected basic meteorological
variables, indices of climate change will be derived and delivered to the project partners in addition
to the basic variables.
The purpose of this survey is to determine which basic meteorological variables and which derived
indices are needed for the impact studies in the IMPACT2C project.

1.1 Basic meteorological variables
Using observed data, climate model output will be downscaled and bias corrected divided into two
tracks.

a) Fast track
To have available a standard set of bias corrected meteorological variables at an early stage of the
project, the first step will be the provision of 25km gridded datasets over Europe. Therefore climate
models will be bias corrected using the E-OBS v5.0 dataset.
The model output will be delivered until March 2012 (M6) and will contain following
meteorological variables (according to the available variables in E-OBS):
 daily mean temperature
 daily minimum temperature
 daily maximum temperature
 daily precipitation sum

b) Slow track
In principle any parameter which is modeled and observed can be downscaled and bias corrected. If
more specific variables are needed than provided by the fast track (either other meteorological
variables or at other spatial/temporal resolution), the downscaling and bias correction methods will
(when feasible within the limits of this project) be adapted to the user needs. To this end the user
delivers the observed data sets. In order to be useful, observational data should cover a period of
about 20 years or longer and has to be quality controlled.

1.2 Derived indices

a) Fast track
Derived indices from variables of the fast track meteorological variables (1.1.a) will be defined
based on the results of this survey and will then be available until end 2012 (M12 – M15).
Examples of such indices are: Maximum daily precipitation per year, growing season length,
maximum number of consecutive dry days per year, and any other parameter that can be derived
from daily mean/max/min temperature and daily precipitation sum.

b) Slow track
More complicated derived indices (based on other meteorological than available from 1.1.a) will be
defined based on the results of this survey and made available when possible.

2. Questionnaire
Spatial information
1. Describe your study domain and its size.

2. Do you use gridded data, station data, or area averaged data? When gridded, what is the
spatial resolution you used so far?

Basic meteorological variables
3. What meteorological variables do you currently use? If you use potential evaporation, please
specify which formula you used.

4. What meteorological variables would you like to use in IMPACT2C?

5. Is your model using time series, or e.g., climatic means or climate change signals?

6. If you use time series, do you need continuous time series from present to future or are time
slices (e.g. 30y present and 30y future time series) sufficient? Which resolution in time do
you need (e.g. monthly or daily)?

7. Do you have available observational data of the needed meteorological variables at the
appropriate temporal and spatial resolution? Please describe what you use, and also for
which time period you have these data

Derived indices A
8. Do you use specific derived indices? Please specify in detail. If it is unclear which indices
you will use, please continue at “Derived indices B”.1

Derived indices B
These questions provide us with background information on your use of meteorological data. They
are in particular important if you do not have a clear answer to Q8 (Derived indices A).
9. What meteorological events is your model most sensitive too (mean temperature,
temperature extremes, wind extremes, mean wind, extensive periods of no rain, etc.)?

10. Do you think that the cross correlation of different meteorological variables is an important
issue for your application, e.g. the simultaneous occurrence of a temperature & precipitation
extreme. Describe in detail.

11. Is your model sensitive to certain threshold, e.g. days above a certain temperature?

1

Indices derived from daily mean/max/min temperature and daily precipitation sum will be provided in the fast track
approach, other indices will be handled within the slow track.

12. Describe an event in the past with the highest impact. Or is the model more sensitive to the
average behavior (e.g. wind in wind power, or a heating index) rather than to extreme
events?

13. Did you specifically look at the role of natural climate variability on your model output, for
instance by comparing two periods which each other?

Additional information
14. What kind of data format can you handle? Can you read NetCDF data?

15. Do you already have experience with climate change impact simulations? Describe what
you used (climate model data, if so bias corrected or not, change indicators imposed on
present-day climate (i.e. a delta change technique)).

16. Additional notes:

