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Abstract

Climate change projections were evaluated over both the whole Iran and six zones having different precipitation regimes
considering the CORDEX South Asia dataset, for assessing space—time distribution of drought occurrences in the future
period 2070-2099 under RCP4.5 scenario. Initially, the performances of eight available CORDEX South Asia Regional
Climate Models (RCMs) were assessed for the baseline period 1970-2005 through the GPCC v.7 precipitation dataset and
the CFSR temperature dataset, which were previously selected as the most reliable within a set of five global datasets com-
pared to 41 available synoptic stations. Though the CCLM RCM driven by the MPI-ESM-LR General Circulation Model
is in general the most suitable for temperature and, together with the REMO 2009 RCM also driven by MPI-ESM-LR, for
precipitation, their performances do not overwhelm other models for every season and zone in which Iranian territory was
divided according to a principal component analysis approach. Hence, a weighting approach was tested and adopted to take
into account useful information from every RCM in each of the six zones. The models resulting more reliable compared to
current climate show a strong precipitation decrease. Weighted average predicts an overall yearly precipitation decrease of
about 20%. Temperature projections provide a mean annual increase of 2.4 °C. Future drought scenarios were depicted by
means of the self-calibrating version of the Palmer drought severity index (SC-PDSI) model. Weighted average predicts a
sharp drying that can be configured as a real shift in mean climate conditions, drastically affecting water resources of the
country.

Keywords Palmer Drought Severity Index (PDSI) - Principal components analysis (PCA) - RCMs weighting - RCP4.5 -
CCLM - REMO - GPCC v.7 dataset - CFSR dataset

1 Introduction

The Fifth Assessment Report (ARS) of the Intergovern-
mental Panel on Climate Change (IPCC 2013) confirms the
Electronic supplementary material The online version of this concerns about reduction of water resources availability in
article (https://doi.org/10.1007/s00382-018-4171-x) contains a large region extending from Southern Europe to the whole
supplementary material, which is available to authorized users. Middle East. In order to better assess the extent and intensity

of that projected decrease, several actions are needed, among
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assessment over Iran. They used the Canadian Global Cou-
pled Model (CGCM 3.1) with a coarse spatial resolution
(roughly 2.8°) and, considering the A1B, B1 and A2 GHG
emission scenarios (Nakicenovic et al. 2000), found in gen-
eral an exacerbation of climate conditions with respect to
the baseline period 1980-2002 both in the 2013-2039 and
2073-2099 time slices, with more rainfall over wet regions
of the country and less rainfall over dry regions (the latter
mainly located in the South-East of the country). After this
study, several others followed, mainly focused on specific
regions of the country. Using the same GCM and scenarios
of Abbaspour et al. (2009), Hashemi et al. (2015) applied a
coupled modeling approach to assess climate change impacts
on groundwater recharge and management in a Southern
arid area, finding no significant differences between pre-
sent and future recharge for all scenarios. The same GCM
and scenarios were used also by Naderi and Raeisi (2016),
who focused on a study area with an arid to semiarid cli-
mate located in South-Central Iran and applied a statistical
downscaling approach, finding temperature increase and
annual precipitation decrease during the period 2015-2095.
Etemadi et al. (2016) also applied a statistical approach to
downscale outputs from two GCMs in an arid South-East
coastal region under the A1B scenario, in order to assess
climate change impact on the spatial pattern of mangrove
ecosystems. Sayari et al. (2013) used some drought indi-
ces for assessing climate change impacts under A2 and B2
scenarios in a North-Eastern basin of the country. Adopting
a statistical downscaling of HadCM3 outputs, they found
a slight increase of average precipitation, but also higher
drought frequency associated with global warming along
the twenty-first century. Emam et al. (2015), instead, focused
on a North-Western catchment. They also used statistical
downscaling with four GCMs under A1B, B1 and A2 sce-
narios, finding a likely decrease of annual precipitation and
increase in temperature in the mid-twenty-first century, lead-
ing to a substantial reduction in groundwater recharge. Azari
et al. (2016) found an increase in annual streamflow for a
catchment located in North Iran under A1Fi, B1 and A2
scenarios for 2040-2069. Finally, a dynamical downscaling
approach was applied by Solaymani and Gosain (2015) over
a basin in the south-west of the country, finding a consider-
able reduction in water yield mainly in the summer period,
due to the increase in average temperature and decrease in
precipitation.

To the knowledge of the authors, so far only Kouhestani
et al. (2016) published a study on GCMs outputs from the
newest version of the Fifth Assessment Report (AR5) spe-
cifically focused on wide Iranian areas. They performed an
analysis over one of the main basins in central Iran using
fifteen GCMs from CMIP5 multi-model ensemble regridded
at 2.5°x2.5°, finding a reduction of precipitation in most
of the basin both at near-term (2015-2050) and long-term
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(2015-2100), considering both RCP2.6, RCP4.5 and RCP8.5
radiative forcing scenarios (Moss et al. 2010).

In order to aid climate change impact and adaptation stud-
ies within the timeline of the ARS and beyond, the Coor-
dinated Regional Downscaling Experiment (CORDEX)
program (Giorgi et al. 2009) was established, providing a
common experiment protocol for generating large ensembles
of climate projections based on regional climate downscal-
ing techniques over regions worldwide. So far, CORDEX is
the biggest effort of the scientific community for enabling
the transfer of know-how across regional settings (Giorgi
and Gutowsky 2016).

More than one CORDEX domain contains the whole
territory of Iran. The most adequate for studying climate
change projections are Region 6 (South Asia) and Region
13 (Middle East North Africa—MENA), where Iran is well
within the domains borders. Concerning the MENA-COR-
DEX Program, so far the main published outputs relates to
parameterization issues (Bucchignani et al. 2016a, b; Almaz-
roui et al. 2016; Almazroui 2016; Zittis et al. 2014), even
though RCPs scenarios simulations are becoming increas-
ingly available. However, Terink et al. (2013) already per-
formed climate change projections for the MENA region
before the MENA-CORDEX domain was established, using
climate data from the CMIP3 model ensemble and the A1B
scenario. They found especially for central and eastern Iran
large precipitation decreases (up to 20%) up to 2050. Con-
cerning CORDEX South Asia, together with publications
involved with parameterization issues or performance evalu-
ation (especially concerning summer monsoon features, e.g.,
Raju et al. 2015; Ghimire et al. 2015), some climate pro-
jections results are becoming available and are related also
to hydrological impact (Li et al. 2016; Pechlivanidis et al.
2016), but they focus especially on the Indian subcontinent.
Even though their work still refers mainly to India, Dash
et al. (2015) provided some information about projected sea-
sonal mean summer (from June to September) monsoon also
for the adjoining regions, using the regional model RegCM4
(Giorgi et al. 2012). For Iran, some precipitation increase
is projected in the southern coast under both RCP4.5 and
RCP8.5 scenarios from the near (2010-2039) to the far
(2070-2099) future.

The Phase | CORDEX RegCM hyper-Matrix (CREMA;
Giorgi 2014) provides a series of experiments over dif-
ferent CORDEX domains, among which the South Asia
domain, performed by the network of RegCM users world-
wide. In the framework of the CREMA experiment, some
results specifically concerning average temperature and
precipitation changes in Iran can be inferred from Cop-
pola et al. (2014). Considering RegCM simulations for
the period 2070-2099 with respect to 19762005 refer-
ence period, a rather homogeneous mean annual ensemble
temperature increase of up to 6 °C under RCP8.5 scenario
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was found. Detected precipitation changes were much less
uniform, but generally, under RCP8.5 scenario a slight
increase was predicted. Giorgi et al. (2014), on the other
side, predicted under the same RCP scenario and for the
same time period a generally high increase in the maxi-
mum number of consecutive dry days (up to 75 in central
Iran). However, in their results some spatial inconsisten-
cies appear because Iran was subdivided among different
CREMA domains, and the Iranian areas depending on the
Mediterranean domain were much drier than the others.

In the present study, the simulations performed over
South Asia Region were chosen for assessing climate
change scenarios in Iran, leaving out for future develop-
ments a similar analysis with the CORDEX simulations
over the MENA region. The main objective is to address
the need for downscaling information to a resolution fit-
ting to the regional scale and to provide projections of
climate change impact on monthly precipitation, temper-
ature and drought conditions assessed through the self-
calibrating version of the Palmer Drought Severity Index
(SC-PDSI; Palmer 1965; Wells et al. 2004). To this aim,
eight Regional Climate Models (RCMs) available from the
CORDEX South-Asia experiment were used for dynamical
downscaling, assessing both their performance with the
baseline period 1970-2005 and their projections for the
future period 2070-2099 under RCP4.5 scenario. Specifi-
cally, the paper is organized with three sections besides
this Introduction. Section 2 is subdivided in several sub-
sections and describes the procedures for selecting the
most trustworthy monthly temperature and precipitation
datasets to be used as references for the investigation of
the reliability of CORDEX South-Asia RCMs, outlines
the RCMs used and their properties, depicts the weighting
scheme selected for combining the model ensemble output
in order to retain as much information as possible, even by
the least performing models, and provides methodological
details about the use of the SC-PDSI for future scenarios;
Sect. 3 shows the main results concerning analysis and
reanalysis datasets reliability, RCMs performances with
the baseline period and climate change projections; finally,
in Sect. 4 conclusions of the paper are drafted.

Table 1 Details of datasets applied in this study

2 Study area, data and analysis methods
2.1 Observational, analysis and reanalysis datasets

The high spatial and temporal variability of precipitation over
Iran, the shortness of climatological records at most stations,
the sparse distribution of stations with the longest records
across the country and 3-5 years delays in publishing the
updated data by the Iranian Meteorological Organization are
the most important limitations for studying drought monitor-
ing in Iran (Raziei et al. 2011). A contribution to the solution
of this problem may be given by global gridded analysis and
reanalysis datasets. Therefore, monthly temperature and pre-
cipitation data investigated in this study were obtained from
three sources: (1) Observation records of synoptic stations,
(2) Global high resolution gridded analysis datasets and (3)
Global high resolution gridded reanalysis datasets.

Raw precipitation and temperature data were achieved
from monthly observations recorded at 41 synoptic sta-
tions whose historical records cover the period 1970-2005
(Table S1 in supplementary material). Among the global
high resolution analysis datasets, Global Precipitation Cli-
matology Centre (GPCC) Full Data Product Version 7 (Sch-
neider et al. 2015) and Climatic Research Unit Time-Series
(CRU-TS) Version 3.23 (Harris et al. 2014) datasets were
selected for this study. In addition, among the global atmos-
pheric reanalysis datasets, European Centre for Medium-
Range Weather Forecasts (ECMWF) ERA-Interim (Dee
et al. 2011), ECMWF Atmospheric Reanalysis of the twen-
tieth Century (ERA-20C; Poli et al. 2016) and the National
Centers for Environmental Prediction (NCEP) Climate Fore-
cast System Reanalysis (CFSR; Saha et al. 2010) datasets
were used. Except GPCC v.7 dataset, which provides only
precipitation data, the other datasets contain both precipita-
tion and temperature data. More details about all datasets
are provided in Table 1, while Fig. 1 shows the location of
the synoptic stations, and grid points of the analysis and rea-
nalysis datasets over Iran. For compatibility of all datasets,
a spatial resolution of 0.5°x0.5° latitude by longitude was
chosen for both monthly temperature and precipitation vari-
ables. Except the ERA-Interim and CFSR datasets, which

Dataset type Dataset name Spatial coverage Temporal coverage Variable
Analysis GPCC v.7 179.75W-179.75E, 89.75S-89.75N 1901-2013 Precipitation
CRU-TS v. 3.23 179.75W-179.75E, 89.75S—-89.75N, all 1901-2014 Precipitation, temperature
land areas (excluding Antarctica)
Reanalysis ERA-Interim 180W-180E, 90S—-90N 1979-2013 Precipitation, temperature
ERA-20C 180W-180E, 90S-90N 1900-2010 Precipitation, temperature
CFSR 180W-180E, 90S-90N 1979-2011 Precipitation, temperature
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Fig.1 Location and topogra-

phy of Iran (left) and synoptic
stations and grid points of the
analysis and reanalysis datasets
over Iran (right)
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are available from 1979 to 2005, the evaluation period for
other datasets covers the years from 1970 to 2005.

Statistical comparisons were performed for each syn-
optic station with the closest grid point of each dataset to
the station coordinates. The period covered by GPCC v.7,
CRU-TS v.3.23 and ERA-20C was 1970-2005, while it was
1979-2005 for ERA-Interim and CFSR. Agreement between
the long term average of monthly precipitation and tempera-
ture provided by the synoptic stations and each dataset was
evaluated by means of scatter plots. Also, different perfor-
mance indicators including correlation coefficient, root mean
square error (RMSE) and bias were used for evaluating sea-
sonal precipitation and temperature gridded datasets.

2.2 Principal component analysis

With the aim of assessing the reliability of the analysis and
reanalysis datasets of monthly precipitation over specific
climatic regions of Iran, a precipitation-based regionaliza-
tion was performed using the Principal Component Analysis
(PCA; Rencher 1998) with varimax rotation. The varimax
orthogonal rotation, as a commonly used rotational method
for meteorological map typing, was used for rotating a prede-
termined number of PCs toward simple structure. The num-
ber of components retained for rotation were determined by
means of the Scree test (Cattel 1966) and the North rule of
thumb (North et al. 1982). The interpretation given by North
et al. (1982) is that ... if a group of true eigenvalues (1) lie
within one or two d4 [eigenvalue standard error] of each
other then they form an ‘effectively degenerate multiplex’,
and sample eigenvectors are a random mixture of the true
eigenvectors”. The first guess of eigenvalues standard error
can be estimated by the Lawley’s formula (Lawley 1956):

5~ x(%)as )
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where N is the sample size and 4 is an eigenvalue.

Once the eigenvalues, 4,, have been computed, the spac-
ing between them, 1, ;-4;, is calculated. Using Eq. (1),
an estimate of the standard error is determined and those
eigenvalues which lie within confidence intervals of error
are noted.

The retained components were rotated using varimax
method to find better localized spatial patterns of variabil-
ity. Following Raziei (2017), the maximum loading value
approach was then used for precipitation regionalization.
This approach is based on assigning each station (grid point)
to a component upon which it loads most highly. The Kol-
mogorov—Smirnov (K-S) test was used for testing the homo-
geneity of the identified zones. The evaluation of the most
reliable analysis/reanalysis dataset reproductions was finally
performed for each zone.

2.3 CORDEX South Asia regional climate model
experiments

The investigation of the reliability of CORDEX South-Asia
RCMs against observed data was performed using grid-
based comparison of the selected analysis/reanalysis data-
sets of precipitation and temperature with gridded CORDEX
South-Asia RCMs data.

In this study, we applied the simulations from eight
CORDEX South Asia RCMs experiments at 0.44° resolu-
tion which are different combinations of six GCMs and four
RCMs (namely CCAM, McGregor and Dix 2001; REMO
2009; Rechid et al. 2009; RCA4; Samuelsson et al. 2011;
CCLM4; Dobler and Ahrens 2008). Table 2 shows the list
of CORDEX South Asia RCMs experiments (updated infor-
mation about CORDEX-South Asia Datasets is available at
http://cccr.tropmet.res.in/home/ftp_data.jsp). In the first
five experiments, the same RCM (i.e. CCAM) was run with
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Table 2 List of CORDEX South Asia regional climate model (RCM) experiments

Experiment Driving GCM RCM Contributing institute

abbreviation

AC-CCAM ACCESS1.0 CCAM CSIRO Marine and Atmospheric Research, Melbourne, Australia

CC-CCAM CCSM4

CN-CCAM CNRM-CM5

MP-CCAM MPI-ESM-LR

NO-CCAM NorESM-M

MP-REMO MPI-ESM-LR REMO 2009 Climate Service Center, Hamburg, Germany

EC-RCA4 EC-EARTH RCA4 Rossy Centre, Swedish Meteorological and Hydrological Institute (SMHI), Sweden
MP-CCLM MPI-ESM-LR CCLM4 Institute for Atmospheric and Environmental Sciences (IAES), Goethe University,

Frankfurt am Main (GUF), Germany

boundary forcing from five different GCMs. In the cases
of the three experiments MP-CCAM, MP-REMO and MP-
CCLM, three different RCMs were run with the boundary
forcing from the same GCM (i.e. MPI-ESM-LR). Therefore,
this study focuses on differences among the results of several
combinations of GCMs and RCMs, representing a signifi-
cant source of uncertainty. Nevertheless, it is noteworthy to
highlight that also other sources of uncertainty should be
taken into account in order to provide a more comprehen-
sive picture, such as, e.g., the effects of different physical
parameterizations (Juneng et al. 2016; Ngo-Duc et al. 2017).

After regridding the datasets to the same domain and res-
olution (0.5°x0.5° latitude by longitude), the reliability of
CORDEX South Asia RCMs was evaluated against the most
reliable analysis/reanalysis dataset for the historical period
from 1970 to 2005. Visual evaluation of long-term average
of simulated monthly precipitation/temperatures against the
most reliable analysis/reanalysis dataset was initially per-
formed using scatter plots. Then, at the seasonal scale, per-
formance indicators (correlation coefficient, RMSE, bias)
were used for comparing precipitation/temperature of each
CORDEX South Asia RCM with the most reliable analy-
sis/reanalysis dataset. In addition, monthly precipitation/
temperature regimes from the CORDEX South Asia RCMs
dataset in each climatic zone were compared with their cor-
responding values from the most reliable analysis/reanalysis
dataset.

2.4 Weighting procedure and climate change
impact analysis

In the perspective of future climate assessment, a way to
reduce the uncertainty of the modeling ensemble when
dealing with numerous climate change projections can be
a weighting approach, where the weighting is based on
single models performances (Christensen et al. 2010). Sev-
eral methods are available (e.g. Giorgi and Mearns 2002;
Réisdnen et al. 2010; Riisdnen and Ylhdiisi 2012; Boé and

Terray 2015), some of which were also applied in Iran
(Rahmani and Zarghami 2013; Zareian et al. 2015). In this
study, for computing the ensemble mean values of the RCMs
simulations, in addition to simple averaging of them, the
robust yet simple model-weighting approach proposed by
Coppola et al. (2010) was applied. This approach is based
on five performance indicators:

& = R(PRCManrid) ()
82 = R(Trcyr Tyria) 3)
83 = 6(Py,y)/RMSE(P) 4)
84 = O'(Tgﬂd)/RMSE(T) 3)

|R(Pgrid’ Tgrid) - R(PRCM’ TRCM) |
8s - 3 (6)

where P and T represent seasonally averaged precipitation
and temperature, respectively; subscripts gey and 44 rep-
resent CORDEX South Asia RCM and the most reliable
analysis/reanalysis dataset, respectively; R is the spatial
correlation coefficient between observed and simulated
mean values calculated for each season and over a region
of interest; RMSE represents the Root Mean Square Error;
and o is a measure of the interannual variability of the
observed mesoscale signal. To obtain o, the mean values
were first calculated at each grid point for every season of
each year of the selected time period. This time series of
seasonal values was then used to compute the interannual
standard deviation at each grid point, which was then aver-
aged over all the grid points in the domain of interest to
yield 6. g5 is the spatial correlation between precipitation
and temperature. Note that the performance indicators are
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all normalized to yield non-dimensional values between 0O
and 1 and also, each performance indicator was calculated
separately for the 4 seasons: December—January—February
(DJF), March—April-May (MAM), June—July—August (JJA)
and September—October—November (SON). The joint time
period of the most reliable analysis/reanalysis datasets of
precipitation and temperature within historical period was
considered for computing the performance indicators. The
weight for each RCM is given by:

wi=g! xgl xgl x g x g’ (7

where w; is the weight for ith RCM, and the exponents j can
be used to differentiate impacts of the performance indi-
cators. From these weights, the weighted mean value of a
variable (temperature or precipitation) obtained from the
ensemble of models is given by:

Zi w;X;

X= S ®)

where X is the value of the variable (temperature or precipi-
tation) for RCM i.

In order to explore the best combinations of performance
indicators, following Coppola et al. (2010) we tested five
cases of different combinations of g,—gs as described in
Table 3. In Combination 1, all the g,—g5 functions are used,;
in Combination 2, the function g5 is removed; and in Com-
bination 3, functions g; and g, provide more contribution
to the weight than the others. In Combination 4 and 5, only
precipitation-based or temperature-based performance indi-
cators are applied. Performance of the different combina-
tions was investigated through a statistical comparison of
the seasonal time series of weighted means of the variables
with those of the most reliable analysis/reanalysis datasets.

Concerning climate change impact analysis, the selected
future projections of precipitation and temperature in COR-
DEX South Asia RCMs are based on RCP4.5 scenario and
cover the period from 2070 to 2099. The comparison of
future precipitation and temperature projections with the his-
torical period was performed through calculating the ratios
(differences) of precipitation (temperature) projections vs.
their historical values at seasonal and annual time scales.

Table 3 Different performance
indicators combination

Performance indi-
cators combination

Number

g1 XZXg3X gy Xes
21X Xg3Xgy
2" x g x g x gy
g21Xg;

2X8y

I o S
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All comparisons were performed for both the whole Iran
and each zone separately. Moreover, weights of RCMs from
the selected (i.e. the more performing) combination of per-
formance indicators were applied to calculate the weighted
averages of future projections for the analyzed variable (tem-
perature or precipitation).

2.5 The self-calibrating Palmer Drought Severity
Index

In order to compare future drought events with the histori-
cal period, drought was quantified with the SC-PDSI forced
with weighted averages of monthly precipitation and tem-
perature data. SC-PDSI automatically calibrates the behavior
of the index at any location by replacing empirical constants
in the index computation with dynamically calculated val-
ues (Wells et al. 2004). The PDSI bucket model uses the
Thornthwaite algorithm (Thornthwaite 1948) for potential
evapotranspiration, which is solely a function of air tempera-
ture, therefore implicitly assumes a uniform surface (Van der
Schrier et al. 2011).

The historical period was considered as the reference
period for calibrating the SC-PDSI parameters. Water-hold-
ing capacity data was obtained from a soil texture—based
water-holding-capacity map produced by Webb et al. (2000).
The SC-PDSI values for the future time slice (2070-2099)
were calculated based on the future projections of precipi-
tation and temperature from the eight available RCMs of
CORDEX South Asia. The evaluation of historical vs. future
SC-PDSI values was performed by comparing the spatial
pattern of long term SC-PDSI average over Iran and inves-
tigating the projected changes in the SC-PDSI histogram.

3 Results
3.1 Datasets evaluation results

Figure 2 shows the values of the long term monthly mean
precipitation of the grid points from the analysis and reanal-
ysis datasets against those observed at the closest synoptic
stations, while Fig. 3 shows similar plots for temperature.
Points distribution on the scatter plots, slope and intercept of
the regression lines together with the coefficient of determi-
nation (R?) indicate that GPCC v.7 dataset presents the best
estimation of long term monthly mean precipitation (Fig. 2),
while CFSR dataset represents better monthly temperature
(even though it has to be noted that in the temperature com-
parison, unlike precipitation, statistical measures are not
very different among the four datasets).

Efficiency of analysis/reanalysis datasets in estimating
the mean seasonal precipitation and temperature was evalu-
ated also by calculating correlation coefficient, root mean
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square error (RMSE) and bias (Tables 4, 5). Table 4 shows
the superiority of GPCC v.7 for seasonal precipitation, with
JJA having the highest consistency with the observations
(r=0.95, RMSE =0.20, bias =0.00). Concerning tempera-
ture, strong correlations (higher than 0.9) between gridded
and station data (Table 5) suggest that all datasets capture
the spatial pattern of temperature fairly well. However,
the bias values of CFSR in winter, spring and autumn are
very small in comparison with the other three datasets and,
despite the higher summer bias of CFSR in comparison
with CRU TS v.3.23 and ERA-20C, its RMSE is by far the
lowest. Altogether, the CFSR dataset was selected as the
most reliable dataset for temperature, based on its higher
efficiency in simulating both the long term monthly and sea-
sonal temperature.

In order to capture the patterns of variability of monthly
precipitation and temperature at different stations/grid
points, the PCA was applied to the simulated and observed
monthly precipitation and temperature data. The spatial pat-
terns of loadings were obtained by interpolating the load-
ing values using inverse distance weighting (IDW) method.
Because of unavailability of ERA-Interim and CFSR

Table 4 Correlation coefficient,

Dataset Correlation coefficient RMSE (mm/day) Bias (mm/day)
root mean square errors
and bias between seasonal DIF MAM JJA SON DIF MAM JJA SON DIF MAM JJA  SON
precipitation at 41 stations with
corresponding values of the GPCC v.7 091 093 095 094 0.58 032 020 093 -002 0.10 0.00 —0.17
closest grid points from analysis CRUTS v.3.23 051 075 0.06 029 124 055 063 213 —-039 —-0.01 —0.10 —0.61
and reanalysis datasets ERA-20C 071 079 0.62 079 1.06 051 051 1.64 —038 —0.08 —0.15 —0.48
ERA-Interim  0.76 0.80 0.50 0.84 0.90 0.53 054 132 -024 0.09 021 -0.13
CFSR 0.64 066 071 0.80 1.14 078 041 144 0.5 0.13 —-0.09 —0.31
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Table 5 Correlation coefficient,

. Dataset Correlation coefficient RMSE (°C) Bias (°C)

root mean square errors and bias
between seasonal temperature at DIF MAM JJA SON DIJF MAM JJA SON DIF MAM IJIA SON
41 stations with corresponding
values of the closest grid points CRUTS v.3.23 099 093 080 094 1.12 2.08 2.68 1.80 031 043 039 043
from analysis and reanalysis ERA-20C 097 093 085 093 231 223 248 188 —-153 -030 031 -0.01
datasets ERA-interim  0.97 095 091 096 1.54 208 215 172 046 049 072 1.03

CFSR 097 097 093 096 155 150 1.86 1.46 0.06 0.08 —-0.40 -0.02

datasets for the period 1970-1978, the PCA method for
observations was also performed for the period 1979-2005
in addition to 1970-2005. However, since no significant dif-
ferences in the percentages of the explained variance, rotated
PC score time series and loading patterns were observed,
results of PCA method for observations are reported only
for the period 1970-2005. In the case of precipitation, five
components were selected as the final number of compo-
nents to retain for varimax rotation for observations. Instead,
six components for GPCC v.7, CRU TS v3.23 and ERA-
Interim, four for ERA-20C and five for CFSR were retained,
respectively. Table 6 shows the percentages of the variance
explained by the selected PCs for the observed and the grid-
ded datasets of precipitation. Rotated loadings patterns of
monthly precipitation for observed, analysis and reanalysis
datasets are shown in Fig. 4. It must be noted that loadings
represent the correlation between observation time series
and associated PC scores.

Comparison of the rotated loading patterns of observed
and simulated monthly precipitation reveals that rotated
loading patterns of GPCC v.7 agree more with observed.
Specifically, the GPCC v.7 is the only dataset that captures
well the pattern of the rotated loading of Caspian Sea coastal
areas.

Correlation coefficients between rotated PC time series
of observed and simulated monthly precipitation are listed
in Table 7. Correlation values related to the loadings of
analysis/reanalysis datasets that in Fig. 4 were associated to
specific observation loadings are shown in bold (e.g. PC1
for observations and PC4 for GPCC v.7). Table 7 highlights
that altogether, rotated PC scores of GPCC v.7 data are in
good agreement with those of observed precipitation data.

Furthermore, it was found that both the first and fifth PCs
of GPCC v.7 are correlated with the fourth PC of observa-
tions. Thus, the fourth rotated loading pattern of observa-
tions was identified with two different PCs in GPCC v.7.
This difference can be related to the simultaneous effects of
the Sudan thermal lows and Mediterranean frontal systems
in this region, which was not detected by the available low-
density station network.

Results of PCA method for monthly temperature revealed
that the percentages of the total variance explained by the
first PC for CRU TS v.3.23, ERA-Interim, ERA-20C, CFSR
and observations are 98.49, 98.34, 98.35,98.12 and 97.21%
respectively. Therefore, the first PC explains almost all the
variance of monthly temperature data. The first rotated load-
ing of the observed and monthly temperature is character-
ized by high positive values (close to 1) all over Iran (not
shown).

The rotated loading patterns can be used for estab-
lishing a regional zoning. This exercise was already per-
formed for Iran by several authors (Domroes et al. 1998;
Dinpashoh et al. 2004; Modarres and Sarhadi 2011; Sar-
madi and Shokoohi 2015; Raziei et al. 2012; Raziei 2017).
Because of the similarity of spatial and temporal patterns
of temperature in all stations/grid points, zoning process
was performed only based on precipitation. Even though,
based on observations, five spatial zones were found (this
is consistent with the findings of Raziei et al. 2012 and;
Raziei 2017), precipitation regionalization based on GPCC
v.7 identifies six spatial zones (Fig. 5), dividing the fourth
zone found with observations in two further zones. Thus,
since following analysis is not based on observations, but
on the most reliable analysis/reanalysis precipitation and

Table 6 Percentages of

. ¢ PC Observations  GPCC v.7 CRU-TS v.3.23 ERA-Interim ERA-20C CFSR

the explained variances of

un-rotated (UR) and varimax UR R UR UR R UR R UR R UR R

rotated (R) PCs for observed,

analysis and reanalysis datasets PC1 46.16 21.00 56.40 2234 59.17 1590 4820 15.07 64.51 2622 5843 18.41

of monthly precipitation PC2 1043 17.63 11.04 1447 1073 1694 1384 1421 12.86 20.12 942 18.79
PC3 7.87 831 435 1132 403 1525 6.61 1286 4.68 21.67 4.18 11.76
PC4 4.17 1445 384 1557 3.64 10.16 508 1346 4.09 18.13 4.10 16.63
PC5 318 1042 240 1391 269 1367 4.12 16.05 2.60 13.14
PC6 2.16 258 249 1084 297 9.17
Total 71.81 71.81 80.19 80.19 8276 82.76 80.82 80.82 86.14 86.14 78.72 78.72
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Fig.4 Rotated loadings of
monthly precipitation for
observed, analysis and reanaly-
sis datasets
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temperature datasets, we fixed six zones. The numbering of
the zones in Fig. 5 is identical with the GPCC v.7 loadings
numbers. Each zone is representative of a different precipi-
tation regime.

In order to allow a visual comparison of the seasonal
pattern of observed precipitation in each climate zone with
GPCC v.7, the percentage of annual precipitation for each
month was derived from long term observed and reproduced
monthly precipitation and averaged over all the stations (or
closest grid points) associated with each zone. In addition,
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statistical comparison of observed and reproduced seasonal
precipitation time series was performed using several per-
formance indicators. The results, highlighting for each zone
reasonable results, are shown in supplementary material
(Figure S1 and Table S2).

3.2 RCMs performance with the baseline period

RCMs performance results are based on simulations per-
formed at the resolution available for our study in the
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Table 7 Correlation coefficients
between the rotated PCs

Observation

for observed, analysis and PC PC1 PC2 PC3 PC4 PC5
reanalysis datasets of monthly
precipitation GPCC v.7 PC1 0.24 -0.15 0.01 0.53 0.40
PC2 —-0.09 0.93 0.11 0.12 0.01
PC3 0.06 0.03 —-0.01 —0.05 0.80
PC4 0.90 0.15 0.08 -0.13 —-0.09
PC5 0.08 0.08 -0.10 0.70 -0.11
PC6 0.07 -0.07 0.67 —-0.01 —-0.01
CRU TS v.3.23 PC1 0.13 0.03 0.00 0.68 —-0.08
PC2 -0.02 0.92 0.04 0.12 —-0.06
PC3 0.18 0.01 0.07 —-0.05 0.81
PC4 0.80 0.12 0.16 —-0.15 -0.11
PC5 0.37 —-0.13 —-0.01 0.34 0.11
PC6 —0.06 0.05 -0.15 0.42 0.34
ERA-Interim PC1 0.05 0.13 —-0.01 —-0.01 0.26
PC2 0.08 —-0.07 0.06 0.17 0.01
PC3 0.06 0.36 0.02 0.17 0.01
PC4 0.33 0.00 0.05 0.03 0.08
PC5 0.13 0.03 —-0.01 0.13 0.28
PC6 0.10 0.25 -0.10 0.18 0.07
ERA-20C PC1 0.13 0.03 —-0.07 0.72 0.09
PC2 0.14 0.83 0.18 0.13 —-0.03
PC3 0.10 —-0.03 0.06 0.06 0.78
PC4 0.75 —-0.04 0.01 0.03 0.06
CFSR PC1 0.09 0.09 -0.02 0.07 0.32
PC2 0.18 0.47 0.03 0.18 0.07
PC3 0.11 —-0.06 0.03 0.21 0.02
PC4 0.40 —-0.07 0.09 0.04 0.14
PC5 0.04 0.12 -0.14 0.18 0.16

Correlation coefficients between rotated PCs associated to the same zones (Fig. 4) are shown in bold

Legend
Zone

. s
L

Fig.5 The homogenous climate zones of Iran derived from principal
component analysis of monthly precipitation

CORDEX South Asia dataset, i.e. 0.44° that is higher than
0.5° resolution of the GPCC dataset used for comparison
with observations. For some CORDEX domains, resolutions

@ Springer

up to 0.11° are available, however higher resolution does
not necessarily mean greater accuracy. Improving resolu-
tion from 0.44° to 0.22° in the MENA domain, Bucchig-
nani et al. (2016a) found modest enhancements, ascrib-
ing their results mainly to the inadequacy of some of the
physical schemes adopted. Also Kotlarski et al. (2014) in
their EURO-CORDEX standard evaluation paper did not
find relevant improvements refining resolution from 0.44°
to 0.22°. To the contrary, Prein et al. (2016) using more
detailed observational datasets found consistent improve-
ments, in terms of both reduction of seasonal biases and sea-
sonal mean spatial patterns of (especially high) precipitation.
However, all these analyses were performed with hindcast
simulations (mainly forced by ERA-Interim reanalysis), i.e.
without evaluating the relative weight of both errors induced
by reduced resolution and GCMs simulations. Using EURO-
CORDEX data for climate change projections in the Alps,
Smiatek et al. (2016) found that, despite the higher model
resolution with respect to previous experiments, simulations
with a resolution of 0.11° still revealed substantial biases in
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the complex Alpine terrain. Based on previous experience,
it is therefore expected that 0.44° resolution can provide
a sufficiently accurate picture of the main climate change
features in an area as large as Iran.

The first evaluation of the CORDEX South Asia RCMs
performance with the baseline period 1970-2005 con-
cerned the pixel-by-pixel comparison with the observa-
tional datasets of the long-term average values of the vari-
ables needed for PDSI calculation. Figures 6 and 7 show
the scatter plots of the RCMs vs. respectively GPCC v.7
monthly precipitation and CFSR monthly average temper-
ature, divided by season. Specifically, Fig. 6 shows that
the most suitable RCMs are MP-REMO and MP-CCLM
followed by EC-RCA4, while all the CCAM simulations
perform worse. All RCMs underestimate GPCC v.7 val-
ues, even though summer and autumn precipitation in
general are overestimated. Table 8 shows detailed values
of the correlation coefficient, RMSE and bias for each
model aggregated by season (we preferred to show sea-
sonally aggregated rather than monthly results for the sake
of conciseness and clarity, achieving no significant loss
of information). Focusing on the MPI-ESM-LR-driven
RCMs, significant differences were observed between

. . . 12
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REMO, CCLM and, mainly, CCAM, highlighting the role
of the structural uncertainty of the RCMs in dynamical
downscaling. An analogous comparison between the host
GCM and GPCC v.7 monthly precipitation (regridded at
the GCM resolution, i.e., about 1.87°) is also shown in
both Fig. 6 (bottom-right graph) and Table 8, highlighting
the added value that can be provided by the RCM experi-
ments in terms not only of spatial resolution but also of
accuracy. The most fitting model in winter and spring is
MP-REMO, even though for these seasons MP-CCLM pro-
vides lower biases. The latter model is the best in summer
and autumn, even though in this latter season the lowest
bias is provided by MP-REMO.

Comparisons of the temperature variable, which is much
less subject to internal variability than precipitation (Hing-
ray and Said 2014; Fatichi et al. 2016), led to much more
reliable results for all RCMs. Figure 7 shows that the slopes
of the scatterplots are in the range 0.90-1.01. The main
difference is the scattering around the 1:1 line. Again, the
CCAM simulations provide worse results. Detailed statis-
tics by season and model (Table 9) show that the most per-
forming model is MP-CCLM for almost each statistic and
season. Interestingly, CCAM models always overestimate
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Fig.7 Comparison of grid points long term average of monthly temperature (1979-2005) from CFSR dataset with corresponding values from

CORDEX datasets

Table 8 Correlation coefficient, root mean square error and bias between seasonal precipitation of CORDEX datasets and GPCC v.7 for the

period 1970-2005

Dataset Correlation coefficient RMSE (mm/day) Bias (mm/day)
DJF MAM  JIA SON DJF MAM  JIA SON DJF MAM JJA SON

AC-CCAM 0.367 0.637 0.010  0.648 1.069 0.797 0.392 0.576 —0.647 —-0.650 0.225 0.332
CC-CCAM 0.449 0.657 0.141 0.666 1.036 0.836 0.443 0.560 —0.684 —0.696 0.308 0.320
CN-CCAM 0410 0.627 0.113 0.706 1.077 0.819 0.440  0.505 —-0.726 —-0.674 0.292 0.278
MP-CCAM 0.405 0.669 0.022 0.672 1.040  0.764 0.395 0.473 —0.635 —-0.624 0.231 0.196
NO-CCAM 0.459 0.650 0.135 0.674 1.044  0.795 0.416  0.568 —-0.702 —0.652 0.278 0.336
MP-REMO 0.836 0.916 0.792 0.725 0.691 0.382 0.227 0.391 —0.497 —0.283 0.118 0.009
EC-RCA4 0.636 0.639 0.626 0.638 0.965 0.818 0.551 0.454 —0.704 —-0.034 0.204 —0.089
MP-CCLM 0.740 0.849 0.905 0.914 0.700  0.396 0.230 0.257 —0.402 0.005 0.021 0.113
MPI-ESM-LR  0.561 0.774 0.834  0.726 0.883 0.468 0.181 0.474 —0.566 —0.238 —0.035 —0.156

Bold values are the best by season for the CORDEX datasets. In the last row of the Table also performance statistics of MPI-ESM-LR are pro-
vided for comparison
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Table 9 Correlation coefficient, root mean square error and bias between seasonal temperature of CORDEX datasets and CFSR for the period
1979-2005

Dataset Correlation coefficient RMSE (°C) Bias (°C)

DIF MAM JJA SON DIF MAM JJA SON DIJF MAM JJA SON

AC-CCAM 0.927 0.915 0.844 0.926 2.669 3.024 3.796 2.477 1.569 1.746 2.660 1.356

CC-CCAM 0.927 0.916 0.846 0.926 2.609 2.990 3.706 2.559 1.457 1.712 2.548 1.525
CN-CCAM 0.926 0.916 0.841 0.927 2.832 3.080 3.877 2.534 1.831 1.860 2.755 1.493
MP-CCAM 0.926 0.910 0.786 0.915 2.832 2.939 4.098 2.568 1.831 1.472 2.637 1.437

NO-CCAM 0.927 0.918 0.849 0.927 2.789 3.048 3.673 2.557 1.767 1.835 2.530 1.512
MP-REMO 0.983 0.986 0.951 0.975 1.591 2.085 2.408 2.716 -0.453 -1.732 -1.752 —2.468
EC-RCA4 0.986 0.984 0.957 0.977 2.522 2918 2.657 3.087 -2.330 —2.702 -2.210 -2.892
MP-CCLM 0.984 0.987 0.971 0.982 1.164 1.048 1.279 1.001 —0.463 —0.426 0.092 -0.283

Bold values are the best by season

observational datasets (even by more than 2 °C in summer)  though respecting observed regime, systematically under-
while the others underestimate to different extents. estimate observations. Furthermore, precipitation regime in
Overall results achieved for Iran were also evaluated in ~ the dry zone 3 is not reasonably estimated by any RCM. In
the six zones identified through the PCA method (Fig. 5),  terms of absolute precipitation values, performance statistics
in order to verify if the overall performances of the models ~ (Table S3 in supplementary material) show that MP-CCLM
were reproduced also locally. and MP-REMO are in general the most suitable datasets
Figure 8, showing the comparison of average monthly  for all zones, even though in the dry zone 3 also EC-RCA4
percentage precipitation values from CORDEX datasets with ~ provides good results, especially in terms of bias.
GPCC v.7 dataset, highlights that in several cases RCMs are As expected, CORDEX datasets match temperature
not even able to reproduce the precipitation regime. Spe-  regimes much better than precipitation (Fig. 9). RCMs
cifically, CCAM simulations generally underestimate winter ~ results for the six zones generally confirm the general behav-
regime and overestimate summer regime in zones 1, 3, 4 ior, with overestimations from CCAM models (up to almost
and 5, while in zone 2 they anticipate observed regime by 3 °C in zone 4) and slighter underestimations from other
about 1 month. In the wettest zone 6, MP-CCLM and EC- models. Even though quite high performances are achieved
RCA4 overestimate spring regime, while CCAM models, with many RCMs (Table S4 in supplementary material), the

Fig.8 Comparison of aver- 30 30 30
age precipitation regime (as Zone 1 Zone 2 Zone 3
percentage of annual precipita-
tion) from CORDEX datasets

with corresponding values from
GPCC v.7 dataset for each zone
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Fig. 9 Comparison of average temperature regime from CORDEX datasets with corresponding values from CFSR dataset for each zone

lowest yearly bias (and in general the best seasonal statistics)
is provided by MP-CCLM in all zones.

3.3 RCMs weighting

Comparisons with observational datasets showed that gen-
erally MP-CCLM and, secondarily, MP-REMO concerning
precipitation, provide the best results. However, statisti-
cal indices indicate that their performances are not always
dominating and especially for zone 6 other models could add
some useful information. For this reason, the model-weight-
ing approach proposed by Coppola et al. (2010) was applied
twice. In the first case, all the eight CORDEX South Asia
datasets were considered (hereafter Weighted Average 1), in
the second case only the three most performing non-CCAM
models were used (hereafter Weighted Average 2). In both
cases, the first step in the analysis consisted in assessing the
reliability of each of the five different weighting methods
listed in Table 3, also with respect to a simple unweighted
mean. To this aim, both weighted and unweighted seasonal
ensembles were compared to the observational gridded data-
sets. Table 10 shows quite clearly that the first performance
indicators combination (i.e. g; X g, X g3X g4X g5, hereafter
Case 1) with Weighted Average 2 provides the most accu-
rate statistical indices for seasonal precipitation over Iran.
Weighted Average 2—Case 1 maintains in general its good
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performances also considering the zones individually, except
zone 6 (Tables S5 and S6, Supplementary material). In this
latter zone, the best performances are generally provided
by Weighted Average 1—Case 1, highlighting the useful-
ness of the CCAM RCMs for a comprehensive analysis of
climate change impact in the whole country. Therefore, in
the next Sect. 3.4 about climate change projection results,
the weighted average considered will be Weighted Average
2—Case 1 but, referring to zone 6, also outcomes provided
by Weighted Average 1—Case 1 will be reported.

For the sake of completeness, Table 11 and Tables S7 and
S8 (Supplementary Material) show results of the weighting
procedure concerning temperature. Indications provided by
the statistical indices for this variable are not so clear and uni-
vocal as for precipitation but, since the performances of the
CORDEX datasets with temperature are generally much higher
than with precipitation, information given by the analysis per-
formed over the latter variable was considered prevailing.

Focusing on Table 10, it is noteworthy that, while for both
Weighted Average 1 and Weighted Average 2 Case 1-4 do
not differ too much each other, they provide always better
results than the unweighted case. With Weighted Average
1, the unweighted case is particularly biased by the inaccu-
rate performances of the five CCAM simulations. However,
selection of RCMs to include in the weighting procedure
is at least as important as the weighting procedure itself:
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Table 10 Correlation coefficient, root mean square error and bias between unweighted and weighted seasonal precipitation of CORDEX datasets
and GPCC v.7 for the period 1970-2005

Dataset Correlation coefficient RMSE (mm/day) Bias (mm/day)
DIJF MAM JJA SON  DJF MAM JJA SON  DIJF MAM JJA SON
Unweighted Avg. 1 0.633 0830 0.593 0.776 0914 0.561 0.292 0404 -0.625 -—0.451 0.210 0.187
Weighted Avg. 1—Case 1 0.743  0.889  0.905 0.869 0.809 0423 0.192 0.304 —-0.566 —0.325 0.112 0112
Weigh ted Avg. 1—Case  0.722  0.884 0900 0.856 0.832 0429 0.188 0320 -0.579 -0.328 0.113 0.121

2

Weighted Avg. 1—Case 3  0.707 0.879  0.886 0.843 0.848 0447 0.182 0333 -0.588 —-0.347 0.116 0.130
Weighted Avg. 1—Case 4 0.707 0.895 0.818 0.836 0.846 0465 0.176 0336 -0587 —0.375 0.107 0.124
Weighted Avg. 1—Case 5 0.650 0.788  0.764 0.777 0903 0.544 0294 0401 -0.621 —0.398 0.218 0.181
Unweighted Avg. 2 0.806 0.856 0.861 0.857 0.742 0397 0257 0304 -0.537 -0.104 0.114 0.011
Weighted Avg. 2—Case 1 0.813 0908  0.918 0914 0.712 0302 0208 0247 -0.504 —0.124 0.082 0.028
Weighted Avg. 2—Case 2 0.812  0.909 0915 0905 0.715 0299 0201 0259 -0507 -0.125 0.080 0.026
Weighted Avg. 2—Case 3 0.812 0906 0913 0900 0.717 0.305 0200 0264 -0510 -0.121 0.081 0.024
Weighted Avg. 2—Case 4 0.813 0908 0905 0901 0.717 0.302 0.190 0262 -0511 -0.127 0.076 0.021
Weighted Avg. 2—Case 5 0.806  0.857 0.862 0.859 0.739 0.394 0.269 0303 -0533 -0.103 0.118 0.016

Unweighted and Weighted Avg. 1 derive from 8 datasets, Unweighted and Weighted Avg. 2 from the 3 non-CCAM datasets. Italic values are the

best by season for each of the two cases, bold values are the absolute best by season

Bold italic values are the absolute best by season

Table 11 Correlation coefficient, root mean square error and bias between unweighted and weighted seasonal temperature of CORDEX datasets

and CFSR for the period 1979-2005

Dataset Correlation coefficient RMSE (°C) Bias (°C)
DIJF MAM JJIA SON DIJF MAM JJA SON DIJF MAM JJA SON

Unweighted Avg. 1 0964 0961 0927 0959 1.660 1.727 2218 1471 0.629 0.471 1.158 0.210
Weighted Avg. 1—Case 1 0.980 0.981 0974 0.977 1251 1.206 1240 1.502 0.063 -0.181 -0451 -1.001
Weighted Avg. 1—Case 2 0.979 0.981 0.974 0975 1.236 1211 1.231  1.402 0226 —-0.145 —-0.425 -0.823
Weighted Avg. 1—Case 3 0977 0978 0973 0974 1310 1271 1.213 1342 0331 -0.038 -0.265 -0.674
Weighted Avg. 1—Case 4 0.969 0974 0968 0970 1489 1.382 1313 1.514 0.324 -0.032 -0.253 -0.853
Weighted Avg. 1—Case 5 0.974 0969 0.941 0964 1413 1539 1906 1.381 0.511 0.347 0.863 0.198

Unweighted Avg. 2 0991 0991 0.979 0985 1495 1.832 1.656 2077 -—-1130 -1.620 —-1.290 —1.881
Weighted Avg. 2—Case 1 0988 0.990 0978 0985 1473 1.665 1493 2092 -0931 -1.394 -1.057 -1.873
Weighted Avg. 2—Case 2 0.989 0.990 0978 0985 1443 1.640 1479 2076 —-0919 —-1374 —1.041 —1.867
Weighted Avg. 2—Case 3 0989 0.990 0.978 0985 1446 1.660 1483 2.067 -0.945 —-1400 —-1.047 —-1.862
Weighted Avg. 2—Case 4 0989 0.990 0977 0985 1458 1.687 1.561 2171 —-0.950 —-1425 —1.128 —1.963
Weighted Avg. 2—Case 5 0991 0.991 0979 0.986 1470 1.778 1.584 1976 —1.089 —1.565 —1.204 —1.781

Bold values are the best by season. Unweighted and Weighted Avg. 1 derive from 8 datasets, Unweighted and Weighted Avg. 2 from the 3 non-
CCAM datasets. Italic values are the best by season for each of the two cases, bold values are the absolute best by season

Bold italic values are the absolute best by season

Unweighted Average 2 is always comparable or even better
than all combinations of Weighted Average 1.

Figure 10 highlights the level of improvement achieved
adopting a weighting approach (Case 1) in precipitation
simulations with both Weighted Averages 1 and 2. With
Weighted Average 1, especially in zones 1, 4 and 5 winter
underestimates and summer overestimates are partially cor-
rected, while the benefit is somehow less marked in the other
zones. With Weighted Average 2, the added value of the

weighting approach is mostly not evident. Zone 6 is the only
where Weighted Average 1 performs better than Weighted
Average 2. Differences between different weighted averages
or between weighted and unweighted averages are much less
evident if temperatures are considered. Weighted (Case 1)
and unweighted average curves in Fig. 11 are often overlap-
ping and quite fitting to CFSR dataset. Performance statistics
(Table 11 and Tables S7 and S8) show that no particular
combination clearly prevails over the others.
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Fig. 10 Comparison of average
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Since Case 1 weighted ensemble was selected for climate
change projections (Sect. 3.4), it is interesting to go into
details describing single weights of each RCM. Figure 12
provides an overall picture of the influence of each model
to the weighted ensemble by season. Significant effects of
MP-CCLM and MP-REMO are very clear, while CCAM
models and EC-RCA4 weights are closer. Specifically, con-
sidering all the eight models (Weighted Average 1) highest
impacts (weight greater than 40%) of CCLM are provided
on JJA in zones 2, 4, 5 and 6 (highest value of 54%), and on
DJF and SON in zone 6. MP-REMO weights more than 40%
on DJF and zone 3, on JJA and zone 5 and on MAM and
zone 6 (highest value of 53%). CCAM models weights are
never greater than 11%. EC-RCA4 shows in general only a
slightly better performance, but in the dry zone 3 it provides
the highest weights both in JJA and SON, with the highest
value of 58%. Considering the weighting procedure with only
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the three non-CCAM models (Weighted Average 2), highest
impacts of CCLM (weight greater than 50%) are found in
zones 2 (JJA and SON), 3 (MAM), 4 (JJA), 5 (MAM) and 6
(all seasons but MAM, with the highest value of 68% in win-
ter). MP-REMO weights more than 50% in zones 2 (MAM),
3 (DJF) and 6 (MAM, highest value of 65%), while EC-
RCA4 only in zone 3 (SON, highest value of 63%). It should
be noted that, even though models impacts are described here
in percentage, the sum of the weights is always different if
either zonal or seasonal values are added together.

It is noteworthy that the weighted ensemble provides ‘rea-
soned’ average results accounting for all available datasets,
but it does not ensure necessarily the best statistical perfor-
mances. Comparing MP-REMO and MP-CCLM performance
indices for precipitation (Table 8) with those calculated with
Weighted Average 2—Case 1 (Table 10), often the best val-
ues are not provided by the ensemble simulation. A similar
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Fig. 12 Weight values for the eight models and all seasons for Case 1

behavior can be observed considering individually the six
zones (Tables S3 and S6). The same is also for temperature,
considering both the whole Iran (Tables 9, 11) and the indi-
vidual zones (Tables S4 and S8). Hence, weighted ensemble
should be considered as ‘a way to reduce the unwanted uncer-
tainty in climate model projections’ (Christensen et al. 2010)
rather than a reference simulation providing optimal perfor-
mances. Due to the numerous and varied uncertainty sources,
climate prediction must be addressed in a probabilistic sense
(e.g., Giorgi 2010), and several efforts are being made for
reducing model structural uncertainty through different meth-
ods (e.g., Das Bhowmik et al. 2017). Figure 13 provides an

02 03 04 05 06 07 08 09 1

overall picture of the weighted approach contribution to the
issue of uncertainty reduction in this study showing altogether
the seasonal averages of precipitation based on the GPCC
v.7 observational dataset, the non-CCAM models unweighted
and weighted (Case 1) averages and the MP-CCLM and MP-
REMO datasets. Such as highlighted by the performance sta-
tistics, unweighted and weighted averages are rather similar
and often show an intermediate behavior between MP-CCLM
and MP-REMO. Of course, they also include, to different
extents, contributions from the third RCM. The weighted
average shows improved performances when altogether the
‘parent’ models have both positive and negative differences
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Fig. 13 Long term seasonal DJF
average of precipitation based
on GPCC v.7, unweighted and
weighted average (Case 1) of
the three non-CORDEX RCMs,
MP-CCLM and MP-REMO for
the period 1970-2005
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with the observational dataset (e.g. Caspian coast/zone 6 in
spring). Instead, if one model already provides very good per-
formances (e.g. MP-REMO along the Zagros Chain/zone 4
in winter), the weighted average biases more or less slightly
its results, being affected by the other less performing mod-
els. For the sake of completeness, the evaluation of climate
change projections in the next Section will show results from
all RCMs, focusing especially on MP-REMO and MP-CCLM,
together with the weighted and unweighted averages.

3.4 Climate change projections

Hereafter, unless otherwise specified, weighted and
unweighted averages refer to Weighted Average 2, involv-
ing the three non-CCAM models, and Case 1.

Figures 14 and 15 show respectively the seasonal pre-
cipitation and temperature change maps achieved with
MP-CCLM, MP-REMO and the weighted and unweighted
averages for the future period 2070-2099 with respect to
the historical period 1970-2005. Mean annual and seasonal
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results for the whole Iran and the six zones are summarized
in Figs. 16, 17, 18, where also all the other RCMs are shown.

Concerning precipitation, Fig. 14 shows that different
increase and decrease patterns can coexist in the same sea-
son and model, even though a general reduction trend can
be identified. Considering the weighted average, a yearly
reduction of —20.1% in the period 2070-2099 with respect
to the period 1970-2005 is projected for the whole coun-
try (Fig. 16a), seasonally distributed with —15.1, —32.0,
—29.6 and —5.3%, respectively in winter, spring, sum-
mer and autumn (Fig. 17). All zones show a net yearly
reduction (from — 11.7% in zone 3 up to —23.2% in zone
1), even though specific seasonal behaviors were found.
Particularly, a strong spring reduction in all areas was
achieved, more pronounced along the southern regions
(—42.5, —49.7 and —36.7%, respectively in zones 1, 3
and 4), while in autumn positive increases are projected in
zones 1, 3 and 5, with higher values in the dry southeast-
ern regions (+44.7% in zone 3). For the rainiest zone 6 a
yearly reduction of —20.5% was found (but — 15.8% with
Weighted Average 1), and seasonal reductions of —0.9%
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Fig. 14 Maps of the ratio of average seasonal precipitation for future period (2070-2099) vs. historical period (1970-2005) based on MP-
CCLM, MP-REMO, weighted and unweighted average of the three non-CCAM RCMs

in DJF, —22.1% in MAM, —44.1% in JJA and — 14.8%
in SON (+2.6, —21.1, —42.6 and — 4.6% with Weighted
Average 1, respectively).

With respect to the weighted average, the unweighted
average projects a slightly wetter climate, mainly because
of the lower impact of MP-CCAM, but overall results are
rather similar (maximum difference of 4% in zone 5). The
yearly decrease projected by the unweighted average in
the country is — 18.9%, varying from —29.3% in spring to
—3.3% in autumn.

Concerning single models (Figs. 16a, 17), the five
CCAM models project mean yearly precipitation increase
for both the whole country (ranging from + 3.9% with MP-
CCAM to +38.1% with AC-CCAM) and the single zones.
On the other side, MP-REMO, EC-RCA4 and MP-CCLM
all project yearly precipitation reduction both in the whole
country (—12.4, —11.2 and —31.0%, respectively) and in
the six zones, with the only exception of southeastern zone
3 with MP-REMO (especially due to the autumn increase).

MP-CCLM projects by far the driest future climate around
the whole country, with the most relevant reductions in
zones 1 (—44.4%), 3, 4 and 5, and for all seasons (from
—19.7% in autumn to —42.3% in spring, considering the
whole country). Such as highlighted with the baseline
period, the structural uncertainty determined by the RCM
is noteworthy, since MP-CCLM, MP-REMO and MP-
CCAM share the same driving GCM and RCP scenario.

The weighted approach certainly does not solve all com-
plex problems related to projections uncertainty. Besides
limitations related to the strong background assumptions
(e.g., that the ensemble used provides a sufficient descrip-
tion of the uncertainty; Réisdnen and Ylhaisi 2012), it has
been argued that the weighting itself represents a source of
uncertainty (Coppola et al. 2010; Christensen et al. 2010).
However, the approach allowed in this case to deal with an
ensemble of models providing not univocal climate change
projections, accounting for the performances achieved
with the baseline period.
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Fig. 15 Maps of the difference of average seasonal temperature for future period (2070-2099) vs. historical period (1979-2005) based on MP-
CCLM, MP-REMO, weighted and unweighted average of the three non-CCAM RCMs
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Fig. 16 Ratio (difference) of average annual precipitation (temperature) for future period (2070-2099) vs. historical period (1970-2005) pro-
vided by the 8 RCMs and weighted and unweighted averages
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Fig. 17 Ratio of average
seasonal precipitation for
future period (2070-2099) vs.
historical period (1970-2005)
provided by the 8 RCMs and
weighted and unweighted aver-
ages
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With respect to previous overall climate change analyses
in Iran, precipitation results show some significant differ-
ences. In particular, their change pattern is opposite to that
showed by Abbaspour et al. (2009), who under different
SRES scenarios projected main reductions in the southeast-
ern regions, where we found the lower decrease with the
weighted approach. However, results of Abbaspour et al.
(2009) derive from older models with a coarser resolution.
Global annual maps derived from the CREMA experiment
by Coppola et al. (2014) with RegCM under RCP8.5 sce-
nario also showed a non-homogeneous pattern over Iran,
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but with a slightly prevailing increase (while more marked
increase and decrease were showed, respectively, for DJF
and JJA). Such as referred in the Introduction, some incon-
sistencies appear in these results. Finally, the multi-GCM-
model analysis performed by Kouhestani et al. (2016) over
a large basin in Central Iran confirmed, even though using
a lower spatial resolution than that adopted in this study,
a general reduction under all RCP scenarios. A compari-
son carried out in this study between precipitation change
projected by both MP-REMO and MP-CCLM (Fig. 14)
and their host GCM (Fig. 19) proves a consistent decrease
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of rainfall between GCM and RCMs. Yearly precipitation
reduction in the whole country projected by MP-ESM-LR
is — 18.2%, and also seasonal reductions are in between the
two RCMs projections. Nevertheless, the comparison of the
results achieved in this study with previous literature sug-
gests that further research is necessary to shed even more
light on future precipitation projections uncertainty.

The temperature projections ensemble is more easily inter-
pretable than precipitation, since all models agree in predict-
ing rising temperatures under RCP4.5 scenario, even though
with different ranges. Figure 15 shows that in general higher
increases are projected for mountain areas and in the warm-
est seasons. Highest increases up to 45 °C are predicted for
Zagros chain in spring and northwestern mountainous areas in
summer. The weighted average projects a mean annual increase
over Iran of +2.4 °C (Fig. 16b), distributed seasonally with
+1.8,+2.9, +2.6 and +2.4 °C, respectively in winter, spring,
summer and autumn (Fig. 18). Similar information is provided
by the unweighted average (annual increase of + 2.4 °C, dis-
tributed seasonally with + 1.8, +2.8, +2.7 and +2.4 °C). Con-
cerning single RCMs, MP-CCLM provides high temperature
increase (4 2.6 °C annually, distributed seasonally with +2.0,
+3.3, +2.5 and +2.6 °C). The highest annual increase with
the weighted average is projected in zone 4 (+2.5 °C), where
Zagros Mountains are located. Zone 4 is also the zone with
the lowest spread between minimum and maximum projected
values (1.0 °C, considering also CCAM models), together with
zone 2. The weighted average also projects the highest win-
ter (+2.0 °C) and spring (+3.1 °C) increase in zone 4, while
the highest summer increase was found in the northwestern
zone 2 (+2.8 °C) and the highest autumn increase in zone 1
(+2.5 °C). The lowest annual increase (+2.1 °C) and almost
all the lowest seasonal decreases were found in the wet zone
6 (same results achieved with the Weighted Average 1). Con-
sidering all models (including also CCAM models) and sea-
sons (Fig. 18), the absolute maximum increase (+4.2 °C) was
found with model AC-CCAM and zone 6 in summer, while
the minimum increase (+ 1.1 °C) with model MP-REMO and
zone 6 in winter.

Summarizing, information provided by all models is
rather homogeneous both yearly and seasonally, with differ-
ences seldom higher than 1 °C. Temperature increase seems
to be influenced by elevation. This issue would deserve a
more detailed investigation (such as performed, e.g., by Kot-
larski et al. 2012; and; Smiatek et al. 2016), but this analysis
goes beyond the objectives of the paper.

The combined effects of temperature increase and pre-
cipitation variation on future drought occurrences and
intensities was assessed calculating the SC-PDSI time
series over each of the 627 0.5°-resolution cells within the
Iranian borders. Figure 20 shows the maps of both histori-
cal and future periods average SC-PDSI over Iran. Due to
the significant projected changes, which turned out to be
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extremely relevant in some cells, the SC-PDSI range shown
in the figure extends far beyond the values traditionally used.
Even though all CCAM models project a general increase of
precipitation, only three of them (AC-CCAM, CC-CCAM
and CN-CCAM) predict a rather widespread increase of the
SC-PDSI (about 72% of the cells, with highest values in cen-
tral and southern areas). NO-CCAM shows an intermediate
behavior, with 58.5% cells becoming ‘wetter’ (mainly in the
southeastern zones), while MP-CCAM predicts only 16%
of wetter cells, mainly along the southern coast. The latter
model (which has the same driving GCM of MP-REMO and
MP-CCLM) shares with the non-CCAM models the sharp
decrease of SC-PDSI values along the northern regions, par-
ticularly over the wet Caspian coasts. EC-RCA4, MP-REMO
and MP-CCLM show an overall drying (relative areas of
wetter cells equal to 0.5, 3.2 and 0.0%, respectively), with
some small increase of SC-PDSI values only with MP-
REMO along the southeastern borders. In addition to Cas-
pian coasts, MP-REMO and MP-CCLM show some of the
strongest index reductions also in the western and (especially
with MP-CCLM) central regions. Also with MP-CCLM, less
intense drying in the southern coasts and southeastern bor-
ders is projected.

Of course, single models results affect both weighted and
unweighted maps, which again show comparable results to
each other. Both unweighted and weighted averages pro-
ject null relative areas with increasing SC-PDSI, and both
maintain the sharp SC-PDSI decrease along the Caspian
coasts (same results were achieved with Weighted Average
1—Case 1). Furthermore, they show the lowest SC-PDSI
values, besides the Caspian coasts, over the western moun-
tainous region (this result is affected by the projected high
temperature increase along the Zagros Chain) and in the
northeastern region. Again, the region with the lowest SC-
PDSI decrease is the southeastern.

The weighted average SC-PDSI maps point out a signifi-
cant projected reduction of water availability in some of the
rainiest zones of Iran. Results highlight the effects of the
relative changes in combined precipitation and temperature
regimes with respect to a baseline period and provide com-
plementary information to climate change studies based on
climatic classification approaches (e.g., Rahimi et al. 2013,
which used the De Martonne’s classification), where index
values are calculated without the need of any reference (i.e.
a baseline) period.

Figure 21, showing the frequency distribution of all the
monthly SC-PDSI values for all cells in the historical and
future periods, highlights that half of the models (namely, all
the MPI-ESM-LR-driven and all the non-CCAM) project a
negative shift of SC-PDSI values. According to the weighted
average map, this shift is stronger in some of the most rainy
regions (Caspian coast and Zagros Chain), and weaker in
currently dry regions (Southeast of the country). While
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Fig.20 Maps of the average SC-PDSI for historical (H) and future (F) periods based on the eight RCMs and the weighted and unweighted aver-

ages

CCAM models show an increase of the mean of the distribu-
tion never higher than 1 point, the other three models show a
reduction of more than 3 points (— 4.8 with MP-CCLM). In
addition, unweighted and weighted average mean reductions
were equal to —4.8 and —4.7 points, respectively. Second-
moment statistics (namely standard deviation) increased in
the future period for all models, generally from 1 to 2 points
(but +0.41 for the weighted average) meaning a higher cli-
mate variability, with some small wet periods comparable

to the historical period, but also with as many extremely dry
periods. Water resource management is always more chal-
lenging with higher climate variability.

Time and space variabilities of the weighted average over
the whole country both in the historical and future periods are
summarized in Fig. 22, where time evolution of the mean SC-
PDSI value is shown together with the monthly relative area
of each PDSI class. The figure clearly highlights the overall
climate shift towards a drier scenario. Mean values are almost
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Fig.21 Histogram of the monthly SC-PDSI for historical and future periods provided by the eight RCMs and the weighted and unweighted aver-
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Fig.22 Time series of the
weighted average SC-PDSI over
Iran and the monthly relative
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always in the class labeled “extreme drought” according to the
baseline period. The relative area falling in this class in the
future period is higher than 50% in 81% of the months, and
higher than 70% in 53% of the months. If the future scenario
projected by the weighted average will come true, drought
events currently classified as “extreme” will become “nor-
mal”, requiring highly effective solutions for water resources
management.

4 Conclusions
This paper presented a comprehensive study about pro-

jected climate change in Iran at the end of the twenty-
first century according to simulations carried out in the
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framework of the CORDEX South Asia experiment. Pre-
liminary evaluation of RCMs reliability in the baseline
period 1970-2005 with eight available models shows that
in general MP-CCLM is the most performing concerning
both temperature and, together with MP-REMO, precipita-
tion. However, MP-CCLM and MP-REMO performances
do not overwhelm the other models for every season and
zone in which Iranian territory was divided according to a
methodology based on PCA, hence a weighting approach
was adopted in order to take into account useful informa-
tion from each of the models. Some experiments were car-
ried out using either all the eight available models or only
the generally most performing three non-CCAM models.
These experiments showed that the selection of the RCMs
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to include in the weighting procedure can be even more
important than the weighting itself.

Weighted precipitation projections for the future period
show an overall decrease of 20% and particularly marked
reductions in spring and summer. This reduction is consist-
ent with the outcomes of MPI-ESM-LR, which is the host
GCM of the most performing RCMs analyzed. Tempera-
ture projections provide an overall mean annual increase of
2.4 °C, predicted by both weighted and unweighted averages.

Weighted future drought scenarios, depicted by means
of the SC-PDSI index accounting for both temperature and
precipitation variations, predict a sharp drying that can be
configured as a real shift in mean climate conditions, affect-
ing drastically the water resources of the country, especially
in the wetter areas like the Caspian coast.

Though considering a relatively high number of new
high-resolution climate change datasets, this study unavoid-
ably suffers from several and ‘typical’ weaknesses related at
least to: (1) the assumption that the model ensemble consid-
ered explains sufficiently the future uncertainty; (2) actual
reliability and limits of the weighting method, that were par-
tially investigated in this paper; (3) scenario uncertainty;
(4) structural uncertainty of both GCMs and RCMs (from
this point of view, the differences between MPI-ESM-LR-
driven RCMs provide useful insights); (5) simplified impact
on water resources availability determined by a ‘simple’
drought index; (6) spatial resolution of climate models and,
to a lesser extent, spatial resolution and reliability of obser-
vational analysis/reanalysis datasets.

Some of the drawbacks listed are being resolved. For
example, a big effort is going on for increasing resolution of
global hydrological modelling (Bierkens et al. 2015; Singh
et al. 2015), for a more detailed description of the impact on
water resources through interaction with hydrological mod-
els (e.g., Senatore et al. 2011; Ravazzani et al. 2015), for a
better description of surface hydrology-atmosphere inter-
actions in climate models (e.g., Gochis et al. 2013; Sena-
tore et al. 2015). Some other problems can be addressed by
increasing the number of GCMs and RCMs involved in the
analysis, while some others still need much investigation.
However, the permanent shift in climate conditions in Iran
achieved with the most reliable models in this study, with
much more drought periods that today would be classified
as extreme, clearly suggests to be prepared and work to
improve deeply current water resources management.
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