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Overview 

This milestone presents work on developing statistical methods to reduce the number of ensemble
members of climate model data. This work is part of CLIPC Work Package 6 (WP6),  which aims to
provide  transformed  climate  data  products  to  facilitate  the  usage  outside  the  climate  science
community. 

Method 

Based  on  the  model  selection  method  of  Mendlik  and  Gobiet  (2015)  an  improved  variant  was
developed  (Wilcke  and  Bärring,  2016).  Figure  1  shows  the  selection  process  for  climate  model
ensembles. The procedure is divided into five steps: 1) identify user requirements (climate variables,
climate indices, study regions, seasons, …) that form the basis for the input variables; 2) transform the
input variables into orthogonal (uncorrelated) variables for the next steps; 3) calculate the optimum
number of clusters (average silhouette widths) as recommendation for the impact modeller; 4) use
hierarchical  clustering to group the simulations; and finally 5) select the simulation closest  to each
group's mean as the most representative ensemble member.

Figure  1. Scheme of  the selection process from climate model  output
(orange)  and  climate  model  ensemble  (blue)  via  the  hierarchical
clustering to the selection (Fig. 2 in Wilcke and Bärring, 2016).

The method and its implementation is general enough to be applied to a wide range of datasets.



Overview of the R implementation 

The scripts created  for the model's  selection process for both CORDEX and CMPI5 simulations are
implemented in R. The input files required to run the programs are simple tabular files (for instance csv
format).  For the case of  Wilcke and Bärring  (2016)  they created one file  for  the climate variables
(precipitation, mean air temperature, wind speed, …) and one for the climate indices  (frost days index,
wet day frequency, …). The climate change signals are calculated for each grid cell and then they are
integrated into 6 sub-regions and 4 seasons. The total number of variables for that study were 176. In
the input files, as well as the climate signals for each climate variables and indices, there is information
about the study period, institute, model, resolution, etc.

The R scripts needed are two, one defining all the functions and tools used to implement the method
and the other with the code itself. The main structure of the code is, first to call the input files and the
functions R script, and all  the variables involved; second the Principal Component Analysis (PCA) is
applied using the prcomp R tool; third the hierarchical clustering method is applied using the hclust R
tool. Once the clustering method is applied plots using silhouettes analysis tool, tree structure and
also bi-plots are created to help visualise the cluster's distribution. For the final members selection
the mean of each cluster needs to be calculated and the member with the minimum distance to the
mean can be selected as the final member to represent the cluster. Further details and specifications
of the R implementation will be elaborated in collaboration with  WP3.

Application to CMIP5 data

The next goal within the WP6 is to apply the sub-sampling  method to CMIP5 data; to achieve that we
start  considering  one  climate  indicator,  cold  waves,  to  test  the  sub-sampling  approach.  There  are
different steps taken listed below,

1. Simulation's selection (no grid pre-selection); see Appendix 1 for the final list of simulations.

2. Climate indicator definition: cold wave defined with three criteria.

3. Application of the three criteria to the simulation's selection.

4. Application of the sub-sampling to the methodology to the simulations: Hierarchical clustering
algorithm based on Mendlik and Gobiet (2015)

CMIP5 available simulations

The first step was to gather all the CMIP5 simulations that had daily data available from the variables
tas (daily mean air near-surface temperature),  tasmin (daily minimum near-surface air temperature)
and  tasmax ( daily minimum near-surface air temperature) under the future IPCC scenario RCP 8.5,
which corresponds to  a rising  radiative forcing  pathway leading to  8.5 Ẇ  m-2.  The studied future
period goes from 2071 to 2100. To standardise the search we selected the same ensemble member
for each simulation, that is r1i1p1. We also focus on the winter time period, and as a start we selected
the months from November to March (NDJFM) to get the full range of possible cold waves in the
European region.

As mentioned above, no grid pre-selection or interpolation are made before hand, as the aim of this
work is to test how the CMIP5 simulations predict future cold waves after applying the cold wave
criteria for each simulation without any more assumptions. The list of CMIP5 simulations selected are
shown in Appendix A.



Cold waves definitions

The definition of cold wave used in this study comes from the past work done as par of the French ANR
SECIF  (L'Agence  nationale  de  la  recherche Vers  des  services  climatiques  aux  industries  françaises)
project, where specific climate indicators were developed for the electricity and gas sectors (Source:
http://secif.ipsl.fr/images/SECIF/documents/Communication/fiche_invulnerable/VDF-EN.pdf).  From all
the all the different cold waves definitions that exist based on the different criteria used it was decided
to use the Cold  Wave Duration Index (CSDI),  which is  part  of  the core  set  of  27  extreme indices
recommend by the Expert Team on Climate Change Detection and Indices (ETCCDI) (Sillmann, et al.
2013). This follows the study carried out by Jézéquel (2014) as part of her master's thesis, where she
compared the influence of choosing different definition of climate indicators for the case of cold waves.
The  definition  of  cold  wave  under  the  CSDI  index  comprises  three  criteria:  criterion  on  the
temperature, criterion on the duration and criterion on the geographical extend. The three criteria are
applied for each grid cell. 

1. Intensity:  the  daily  minimum temperature  should  be below the seasonal  tenth  percentile
(Q10).

2. Duration: the cold spell should last at least six consecutive days.

3. Extent: the affected area by the cold spell should be at least 20 percent of the total studied
area. 

Application of the cold wave criteria to the CMIP5 members

To apply the three cold wave criteria to the CMIP5 simulations a Fortran script is modified for this
purpose. First an ocean mask is applied to each simulation, as since no pre-grid selection is applied,
each simulation presents its own ocean mask according to its grid size. The temperature anomalies
and climatologies are also applied for each simulations.  For the third criterion, it  is  interesting to
discuss whether the total Area (Europe) is  going to be divided in small  regions an then apply the
criterion to each sub-region separately. For example following the Intergovernmental Panel on Climate
Change-Work Package (IPCC-WG2) Managing the Risks of Extreme Events and Disasters to Advance
Climate Change Adaptation (SREX) region map or the sub-regions map used by  Mendlik and Gobiet
(2015) (Map source: http://ipcc-wg2.gov/SREX/images/uploads/SREX_Fig3-1.jpg). 

Once the cold wave criteria are applied to each simulation we obtain the following parameters per grid
cell

• Time: day when the cold spell begins

• ntt_day: number of days that the cold spell last

• anom_moy: mean temperature anomaly for each cold spell

• anom_max: maximum temperature anomaly for each cold spell

• area_moy: mean area affected by the cold spell during each event

• area_max: maxim area affected by the cold spell during each event

http://secif.ipsl.fr/images/SECIF/documents/Communication/fiche_invulnerable/VDF-EN.pdf
http://ipcc-wg2.gov/SREX/images/uploads/SREX_Fig3-1.jpg


Sub-sampling method: Hierarchical clustering algorithm 

The next step is to apply the sub-sampling method to the output obtained from the cold wave criteria.
The method selected is based on Mendlik and Gobiet (2015). We start with 31 simulations and for one
of each we have three vectors (three cold wave criteria). The idea is to reduce the ensemble to three
members that could represent the spread of all the simulations. 

Mendlik and Gobiet (2015) divide the study into three parts: the first one is the Principal Component
Analysis (PCAs) in order to identify patterns of climate change. In our case we only have one climate
variable,  tas,  therefore  this  is  not  needed  a  priori.  However  as  the  three  cold  wave  criteria  are
dependent on each other, it could be interesting to apply the PCAs analysis to produce independent
vectors.  The  second  step  of  the  study  is  to  apply  the  hierarchical  clustering  algorithm  using  the
euclidean distance definition. The script used in that study is available and it is written in R language,
therefore we will modify their script for our case study of cold waves. Finally the third step they follow
is the model selection, they look at the first three PCAs to sample the models. It is not decided yet how
we are going to approach the sampling of the simulations. Wilcke and Bärring (2016) further developed
this  approach to include an objective procedure for  guidance as how many clusters to  select,  and
further a method for picking which members to represent each cluster.

Application to CORDEX data 

The method has been applied on multiple theoretical and practical impact studies using raw as well as
bias  adjusted  climate  data.  In  Wilcke  and  Bärring  (2016)  sensitivity  experiments  were  carried  out
regarding regions, seasons, climate change periods, variables, indices, and bias correction.

An example is shown in Figure 2 for a study on spruce bark beetles in northern Europe. Here, the
selection is based on bias adjusted mean and maximal temperature and two derived climate indices of
the 0.44 degree EURO-CORDEX ensemble. A further sensitivity study will investigate the effect of using
impact model output as basis for model selection. This will give insides on how well the pre-selected
sub-ensemble  suits  the  impact  study  regarding  the  coverage  of  climate  change  signals  within  the
regional climate model ensemble.

Figure  2.  Clustering  and  selection  of  EURO-CORDEX  ensemble  using  bias  corrected  mean  and
maximum  temperature  and  some  derived  climate  indices  for  a  study  on  spruce  bark  beetles.
Clustering shown as a) hierarchy and b) bi-plot with bold simulation names indicating the selection.



The method has recently been applied to bias-corrected CORDEX data in an study of possible 
agricultural impacts of projected climate changes (Pulatov et al., 2016).
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Appendix A 

Institute ID Model 
1
2

CSIRO-BOM ACCESS1.0
ACCESS1.3

3
4 BCC BCC-CSM1.1

BCC-CSM1.1-m
5 GCESS BNU-ESM
6 NCAR CCSM4
7
8

NSF-DOE-NCAR CESM1-BGC
CESM1-CAM5

9
10
11

CMCC
CMCC-CESM
CMCC-CM
CMCC-CMS

12 CNRM-CERFACS CNRM-CM5

13 CSIRO-QCCCE CSIRO-Mk3.6.0

14
15
16

NOAA GFDL
GFDL-CM3
GFDL-ESM2G
GFDL-ESM2M

17
NIMR-KMA

HadGEM2-AO

28
19

MOHC HadGEM2-CC
HadGEM2-ES

20 INM INM-CM4

21
22
23

IPSL
IPSL-CM5A-LR 
IPSL-CM5A-MR 
IPSL-CM5B-LR

24
25
26

MIROC
MIROC-ESM
MIROC-ESM-CHEM
MIROC5

27
28 MPI-M

MPI-ESM-MR 
MPI-ESM-LR

29
30 MRI

MRI-CGCM3
MRI-ESM1

31 NCC NorESM1-M

Table  1.  List  of  CMIP5  simulations  selected  for  this  work,
showing the name of the institute in the second column and the
Model acronym in the third column
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