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Abstract— Assessing the effects of climate change is a key component of the sustainable
management of water resources and food security. In this paper, general circulation models
(GCM) were evaluated using historical information for Birjand synoptic station, Iran.
Modeling was performed using 35 models of the Fifth Climate Change Report for 27
historical periods. The results showed that longer annual periods are the most suitable
periods for hydrological simulation when data are available. Therefore, the periods of
1960-1990 may be the most appropriate periods due to the adaptation to the observation
data. To estimate rainfall, periods with more years showed a more accurate forecast of the
future. Moreover, the results showed more changes in the RCP 8.5 scenario than in the
RCP 4.5 scenario. According to the comparison of models, the NorESM1-M model with a
root mean square error (RMSE) of 0.091 and the GISS-E2-R model with a low percent
bias (PBIAS) can be an appropriate model for estimating rainfall.
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1. Introduction

The practical activities for considering the climate change and drought effects on
agriculture and water resources are recently increasing in the world (Karasakal
et al., 2020a, 2020b; Tao et al., 2021; Wang et al., 2021; Xu et al., 2021; Zhang
etal., 2021). Climate change can affect various aspects of communities, including
sustainable water management (Huang et al., 2021), environmental protection
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(Rjoub et al., 2021; Oladipupo et al., 2022), energy supply (Odugbesan and
Rjoub, 2020; Hou et al., 2021; Adebayo et al., 2021a, 2021b, 2022), economic
growth (Lin et al., 2021), ecological footprint (4hmed et al., 2021), and food
security (Gholamin and Khayatnezhad, 2020, 2021).

As the Middle East is located in the arid region of the world, it has a lot of
problems to deal with due to the limitation of the water resources in the region,
the increasing demand for water due to the increase of urbanization, and the
intensifying global warming (Li et al., 2021b; Ma et al., 2021; Sun and
Khayatnezhad, 2021; Zhu et al., 2021). Global warming, changes in spatial and
temporal precipitation patterns, as well as changes in the prediction of these
changes are likely to occur in the next century (Godage et al., 2021).
Temperatures, which have risen about 0.6 °C since 1860, are projected to rise
from 2 to 4 °C until 2100 compared to the period from 1850 to 1950 (IPCC, 2007,
Zhang et al., 2019; Zhao et al., 2021; Chen et al., 2022).

Climate change effects on natural ecosystems are one of the most critical
consequences (Wang et al., 2022). It causes a change in the production and
services of these resources and, ultimately, the benefits derived from them.
Changes in the quality and quantity of water resources, the condition of forests
and pastures, green space, wildlife, aquatic animals, etc. can be mentioned (Ren
and Khayatnezhad, 2021).

Regarding the requirement for this vital substance in all human activities,
one of the main concerns of experts in different science fields due to climate
change 1s the effects on water resources (Fung et al., 2010). Any change in these
variables can affect natural ecosystems' yield rate and structure since the variables
of precipitation, temperature, and solar radiation are the most critical inputs of
natural ecosystems, especially watersheds (Tangonyire, 2019; Mahmood et al.,
2019; Li et al., 2021a; Yin et al., 2022a). Undoubtedly, the available water in a
watershed 1s the most sensitive and vital factor in the economic, social,
environmental processes, which is affected by climate change. Therefore,
investigating climate change effect on this vital substance has particular
importance.

Atmospheric general circulation models (AOGCM) simulate the climatic
system of Earth's evolution at any given time, including atmospheric, ocean, ice,
sea, land, and atmospheric conditions (D ’Agata et al., 2020; Rahman and Islam,
2020; Kong, 2020; Yin et al., 2022b; Quan et al., 2022). To create and modify
complex terrestrial climate variables, atmospheric circulation models describe
how these components interact with each model. Therefore, they are known as a
vital instrument to stimulate climate change and estimate the future (Mogano and
Mokoele, 2019; Nourani et al., 2019; Afshar et al., 2021; Guo et al., 2021; Sun et
al., 2021).

Due to comparing climate change models, Gregory et al. (2001) compared
ten models of the Third Climate Change Report, and Samadi et al. (2010)
compared 11 models of the Fourth Climate Change Report. Kamal and Massah
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Boani (2012) compared the impact of uncertainties of seven TAR models (Third
Climate Change Report) including the CCSR, CGCM2, CSIRO-MKZ2,
ECHAM4, GFDL-R30, HadCM3, NCAR-DOE PCM models and nine selected
models from AR4 (Fourth Climate Change Report) including the CCSM3,
CGCM3, CSIRO Mk3, GFDL CM2.1, GISS ER, HadCM3, ECHAMS, MIROC-
med, PCM models under A2 release scenario on the runoff of Qarah su Basin in
2040-2069. Their results showed that using AR4 models with more management
of uncertainty leads to more practical results than using TAR models.

The choice of the appropriate historical period affects climate change results
and the importance of the type of selected GCM model. In the Fourth Climate
Change Report, historical and future period data were presented simultaneously
(Yaghoobzadeh et al., 2017). For this reason, researchers such as Mousavi et al.
(2016) used the 1980-2010 period to determine climate change effects by
presenting the data of the Fifth Climate Change report. Based on their results, the
separation of historical periods from future ones, the elective historical period
should preferably be chosen by the 2005 year period. Choosing a historical period
and the future one is very essential for climate change research. Choosing a
historical period is very essential in choosing a future period. Despite global
warming and rising temperatures, the historical period closer to the present shows
more temperature changes than in the years before 2000, and these effects of
temperature changes affect the goal of each researcher. On the other hand, in
downscaling methods such as LARS-WG, and in particular the coefficient of
variation of the coefficient of change factor, the number of historical and future
periods should be as uniform as possible, which makes the need to consider
periods with the appropriate number of years more obvious.

No specific research has been done so far on choosing a suitable historical
period for assessing the future climate change effects. Hence, for the stations with
more extended metering periods, it is always essential to choose a suitable
historical period that responds well to future changes. Due to the Fourth Climate
Change Report, the 1960—1990 period was selected as an appropriate period by
the Intergovernmental Panel on Climate Change (IPCC), and the 1970-2000
period after the 1960—1990 period can be selected as an appropriate period (IPCC,
2007). According to the Fourth Climate Change Report, some researchers have
chosen these periods as the appropriate historical period in their research. For
example, the 1961-1990 period was used as a suitable period for many researchers
to evaluate the variables of precipitation, and minimum and maximum
temperature (A/vankar et al., 2016; Parracho et al., 2016; Nourani et al., 2020;
Oseke et al., 2021; Nabipour et al., 2020; Sibuea et al., 2021). Considering the
fifth report, the 1986-2005 period was also discussed, and future changes
compared to this period were examined. However, the 1970-2000 period was
used as a training period (IPCC, 2013).

Each researcher has used a specific historical period in his research so that
no suitable answer can be found for why he chose this period. Shen et al. (2018)
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used the 1971-2000 historical period, and Zhang et al. (2018) used the 1961—
1990 period to evaluate the effect of climate change effect on hydrological
characteristics in future periods. Selecting the appropriate historical period also
depends on appropriate data availability from the synoptic stations, which may
be forced to use shorter periods due to a lack of data. Due to the synoptic data
existence since 1992, Weinberger et al. (2017) used the 1992-2002 period to
estimate temperatures in ten regions of the United States. However, in case of
available data, choosing a 30-year-long period is better than other elective
periods. Sobhani et al. (2017) used the 1970-1999 and the 1961-1990 periods to
estimate precipitation and temperature variables in the future, respectively. Given
the availability of the Fifth Reporting Period for all models up to 2005, choosing
the post-2005 historical period for the Fifth Report data is fraught with errors, and
researchers should use the early years of the future for the years after 2005.
Kouhestani et al. (2016) used the long period of 1948-2014 as a historical period.

Selecting the AOGCM model and the appropriate historical period can
express the results with -ranging changes. We tried to select the appropriate
model from almost all CMIP5 models (Fifth Climate Change Report) to estimate
precipitation parameters in the future period, and limit values, relative error
percentages and meteorological parameters’ uncertainty were calculated for all
models and periods as well.

2. Material and methods

Precipitation values for 35 GCM models of the fifth report and 27 selected
historical periods of Birjand synoptic station data were evaluated to select
appropriate GCM models and historical periods for climate change research. The
city of Birjand is located in eastern Iran and has an arid and semi-arid climate
with an average rainfall of 170 mm per year (Fig. /).
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Fig. 1. Location of the study area.
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In order to conduct this research, historical precipitation data of GCM
models were first obtained from the IPCC site in the Fifth Climate Change
Report. After collecting report data on meteorological variables resulting from
GCM models that are monthly for Birjand, the selected periods were determined
using the estimated months and years of the models and compared with the results
of observation station periods using error estimation methods. Tables 1 and 2
present the Fifth Climate Change Report's models and the selected periods used

in this study, respectively.

Table 1. The models of the fifth climate change report presented in this research

ACCESS1 1.25°
x1.87°
ACCESS1.3 1.25° x1.87°
BCC-CSM1.1 2.8°%x2.8°
BCC-CSM1-M  2.8°x2.8°
BNU-ESM 2.8°x2.8°
CanESM2 2.8°x2.8°
CCSM4 1°x 1°
CESMI1-BGC 1ox1°
CESMI1-CAMS 0.94° x1.25°
CMCC-CMS 3.71° x3.75°
CNRM-CM5 1.4° x 1.4°
CSIRO Mk3.6 1.8°x 1.8°
EC-EARTH 1.121° x1.125°
FGOALS 2.8°x2.8°
FIO-ESM 2.8°%x2.8°
GFDL-ESM2M
GFDL CM3 2°x 2.5°
GFDL-ESM2G 2°x 2°
GISS-E2-H-CC 2°x 2.5°
GISS-ES-R 2°x2.5°
GISS-E2-R-CC 2°x2.5°
HadGEM2-ES  1.25°x 1.875°

HADGEM2-CC 1.25°x1.875°

INM-CM4.0 1.5° % 2°
IPSL-CMS5A-
LR
IPSL-CMS5A-
MR
IPSL-CM5B-
LR

2°x 4°

Commonwealth Scientific and Industrial Research Organization,
Australia

Commonwealth Scientific and Industrial Research Organization,
Australia

Beijing Climate Center, China Meteorological Administration, China
Beijing Climate Center, China Meteorological Administration, China
College of Global Change and Earth System Science, Beijing Normal
University, China

Canadian Centre for Climate Modeling and Analysis, Canada

NCAR, University Corporation for Atmospheric Research, United
States

National Science Foundation, United States

National Science Foundation, United States

Centro Euro-Mediterraneo per I Cambiamenti Clamatici, Italy

Centre National de Recherches Météorologiques and Centre Européen
de Recherché et Formation Avancées en Calcul Scientifique, France
Commonwealth Scientific and Industrial Research Organization with
Queensland Climate Change Center of Excellence, Australia
EC-EARTH Consortium, Europe

First Institute of Oceanography, China

NOAA/Geophysical Fluid Dynamic Laboratory, United States
NOAA/Geophysical Fluid Dynamic Laboratory, United States

NASA Goddard Institute for Space Studies, United States

NASA Goddard Institute for Space Studies, United States

NASA Goddard Institute for Space Studies, United States

Met Office Hadley Centre, United Kingdom

Met Office Hadley Centre, United Kingdom

Institute of Numerical Mathematics, Russian Academy of Sciences,
Russia

Laboratoire de Météorologie Dynamique and L'Institut Pierre-Simon
Laplace, France

Laboratoire de Météorologie Dynamique and L'Institut Pierre-Simon
Laplace, France

Laboratoire de Météorologie Dynamique and L'Institut Pierre-Simon
Laplace, France
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Table 1. Continued

MIROCS 1.4°x1.4°  Atmosphere and Ocean Research Institute, National Institute for
Environmental Studies, and Japan Agency for Marine-Earth Science and
Technology, Japan

MIROC-ESM 39% 3° Atmosphere and Ocean Research Institute, National Institute for

Environmental Studies, and Japan Agency for Marine-Earth Science and

Technology, Japan

Atmosphere and Ocean Research Institute, National Institute for

ngI{IE(E/IC-ESM— Environmental Studies, and Japan Agency for Marine-Earth Science and
Technology, Japan

MPI-ESM-LR 1.8°x1.8°  Max Planck Institute for Meteorology, Germany

MPI-ESM-MR Max Planck Institute for Meteorology, Germany

MRI-CGCM3 1ox 1° Meteorological Research Institute, Japan Meteorological Agency, Japan

NorESM1-M 29% 2° Norwegian Climate Centre, Norway

3. Downscaling

In this research, using bias correction and spatial disaggregation (BCSD) method,
downscaling process is performed. In the BCSD technique, biases are removed
using the quantitative mapping method. This kind of method is compared the
simulated climate values and observed values at specific points in the statistical
distribution. It can adjust the simulated values to match the observed values well.
The adjustment amount is recorded and applied well to future simulations. Then,
adjusted simulations are downscaled to a finer-resolution spatial scale utilizing a
linear interpolation method. The downscaling method calculates the values
among adjusted data points to match smaller-scale resolution using surrounding
data point values and linear relationships on the distance among large- and small-
scale historical data point locations (Jafarzadeh et al., 2018). The monthly
precipitation value of GCMs were obtained for historical periods from 1960 to
2005 and future periods from 2020 to 2100 from the CMIP5 Climate and
Hydrology Projections website downscaled by the BCSD approach (Schwalm et
al., 2013). The monthly precipitation values were extracted for 4 points
surrounding the studied station.

4. Performance criteria

By testing the downscaled outputs of GCM against historical precipitation, the
best GCMs performance among historical periods for a study area was identified.
To evaluate the accuracy of methods, the following seven criteria were used root
mean square error (RMSE, Eq.(1)), mean absolute error (MAE, Eq.(2)), relative
error percentage (RD, Eq.(3)), average relative error of months of the year
(MRDM, Eq.(4)), relative average error of month per year (RDMM, Eq.(5)),
percent of bias (PBIAS, Eq.(6)), RMSE-observations standard deviation ratio

252



(PSR, Eq.(7)), and Nash—Sutcliffe formula(NS, Eq.(8)) (Lalehzari and
Boroomand-Nasab, 2017; Fang et al., 2021; Chen et al., 2021; Miao et al., 2022;
Xu et al., 2022).

The seven criteria are formulated as follows:

n obs_,.sim
RMSE = [H=Cl )7 (1)
n
n obs_,.sim
MAE = Bz x?7 - ’ 2)
n
obs_,.sim
RD = [F—5—|, 3)
n x0bs _,Sim
n l—ng‘zLS l—mean|
MRDM = Lmean (4)
n
n 12
2 (2RD)),
RDMM == “n , (5)
n obs_y,sim
PBIAS = =100 X ) (6)
Tl_1X_0bS
Z?z (Xiobs_Xisim)z
RSR = —%F_ _ Jot . (7)
STDEV ops \/Z?=1(Xi0bs_xio—br§lean)2
n . 2
NS =1— Yi=1(Xi—Xobs) (8)

Z?=1(xobs_xobs)2

where x$™ are the predicted values by GCM models, x??S are the measured
sim

values at the synoptic station, x;_7,.,n 1S the average of predicted values by GCM

models among the months of year, X225 .. is the average of measured values at

the synoptic station among the months of year, RD; is the relative error of the
month in question, # is the number of models used in the research, and J is the
number of the months of year.
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5. Results

Since the selection of the future period in research strongly depends on the choice of
the historical period, as in the methods of dynamic downscaling, the number of years
of the historical period and the future period must be the same. Therefore, the
requirement for choosing the right period is even more important for the historical
period. Thus, 27 historical periods were selected for each of the 35 GCM models
from long-term periods such as 1960-2005 to short-term ones such as 1995-2005.
According to Table 2, the long-term historical periods such as 1960-2005 and 1960—
2000 have a lower percentage of RMSE and MAE error compared to other periods,
and the 1965—-1990 historical period is among the periods with less than 30 years
being in a good agreement with the precipitation data from the synoptic station.
According to the PBIAS coefficient, which indicates the overestimation or
underestimation of the observed value, the periods with less years produced higher
overestimation. However, the period 1960—1990 that had lower PBIAS coefficient
and RSR could be used as a suitable period. Also, in the Fifth Climate Change
Report, the [IPCC has selected the period 1985-2005 as the appropriate historical
period. The period 1985-2005 can be a very good period to choose as a historical
period due to the low relative error rate and PBIAS. Since the two periods of 1960—
1985 and 1990-2005 have a lower PBIAS coefficient due to underestimation and
overestimation compared to observed data, using only one error coefficient cannot
indicate good results from that period and these periods had higher RSR coefficient
compared to other periods. Table 3 shows more data matching the model and
synoptic station in a longer historical period. Shorter historical periods such as 1970—
1990 compared to 1975-2005 period had a lower error. The 1960—-1995, 1960-2005
and 1960-2000 periods had lower relative error rates. There were periods such as
1960—-1980, which had a lower average relative error of month (4.131), but they had
a higher average of relative error (142.334). Therefore, both percentages of relative
error must be considered.

Table 2. Percentage of error of different selected historical periods compared to the
observation period

period Years RSR PBIAS RDMM MRDM MAE RMSE
number
1960-1999 40 0.032 4.104 34233 4.306 0.019  0.064
1965-2004 40 0.035 3.202 36.768  3.488 0.015  0.068
1960-1989 30 0.058 2.548 33.969  4.021 0.012  0.087
1970-1999 30 0.101 8.462 43137 8381 0.033  0.113
1975-2004 30 0.086 6.393 40973 6.673 0.017  0.136
1965-1989 25 0.056 3.803 37914  3.855 0.018  0.085
1975-1999 25 0.118 9.686 44.445  9.188 0.011  0.049
1980-2004 25 0.135 3.766 44.820  4.348 0.048  0.171
1970-1989 20 0.086 5.135 41639  6.638 0.025  0.107
1980-1999 20 0.199 9.93 48213 9.640 0.036  0.162
1985-2004 20 0.195 2.034 47682 3877 -0.030 0.0l
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The results of climate change effects could be different due to multiple kinds
of models. Table 3 presents the models which bear the most similarity to the
historical period or the lowest error percentage to daily precipitation data from
the synoptic stations. According to this table, the NorESM1-M model was more
consistent with the observational data than to other AOGCM models with the
lowest RMSE value (RMSE = 0.091) and PBIAS value (PBIAS = 1.401). The
GISS-E2-R model with low PBIAS value can be suitable model for precipitation
research. The appropriate model can be selected based on the purpose and
importance of research topic in the future.

Table 3. Determining the best model of the fifth report from comparing Birjand station
data with precipitation data of climate change models

number Model R? NS MAE RMSE
1 NorESMI-M 0.971 0.959 0.007 0.091
2 HADGEM2-CC 0.981 0950 0.023 0.095
3 GFDL-ESM2G 0.974 0.941 0.015 0.098
4 GFDL-ESM2M 0.962 0.937 0.015 0.102
5 GISS-E2-R 0.955 0.937 0.008 0.106
6 MPI-ESM-LR 0.962 0.931 0.014 0.106
7 CANESM2 0.968 0.933 0.017 0.107
8 BNU-ESM 0.966 0.928 0.009 0.108
9 CSIROMK3.6 0.974 0.925 0.025 0.109
10 IPSL-CMS5A 0.955 0.921 0.005 0.139
11 CANESM2 0.961 0.923 -0.024 0.140
12 MPI-ESM-LR 0.955 0.921 -0.016 0.140
13 CMCC-CM 0.973 0.922 -0.056 0.141
14 CNRM-CM5 0.966 0916 -0.016 0.142
15 MRI-CGCM3 0.940 0.918 -0.024 0.143
16 GISS-E2-R-CC 0.951 0913 -0.016 0.147
17 CESMI1-CAMS 0.961 0.899 -0.054 0.156
18 inmcm4 0.959 0.904 -0.013 0.156
19 GISS-E2-H-CC 0.939 0.903 -0.035 0.157
20 BCC-CSM1-M 0.966 0.899 -0.040 0.159
21  CESMI1-BGC 0.947 0.896 -0.007 0.160
22 MIROCS 0.958 0.895 -0.043 0.163
23 IPSL-CM5B 0.954 0.891 -0.031 0.164
24  GFDL-CM3-PR 0.942 0.882 -0.038 0.170
25 MIROC-ESM 0.934 0.867 -0.057 0.172
26 FGOALS 0.948 0.883 -0.038 0.172
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Table 3. Continued

number Model R? NS MAE RMSE
27 FIO-ESM 0.920 0.872 -0.005 0.174
28 CCSM4 0.963 0.883 -0.078 0.174
29 IPSL 0.949 0.878 -0.050 0.176
30 ACCESSI1 0.932 0.874 -0.009 0.176
31 1(\:/11{111135\)4C—ESM— 0.952 0.878 -0.025 0.182
32 HADCM3 0.905 0.964 -0.018 0.183
33 BCC-CSM1-1 0911 0.838 -0.037 0.198
34 HADGEM?2 0910 0.837 -0.007 0.201
31 EA&%&C-ESM- 0.952 0.878 -0.025 0.182
32 HADCM3 0.905 0.964 -0.018 0.183
33 BCC-CSM1-1 0911 0.838 -0.037 0.198
34 HADGEM?2 0910 0.837 -0.007 0.201

Fig. 2 shows the growth ratio from the future periods to the historical period
for two scenarios of RCP 4.5 and RCP 8.5 in different AOGCM models. This
figure shows that different models had different precipitation estimations in
future periods than to the historical period. For the RCP 4.5 scenario, CESM1-
CAMS5 and ACCESS1-3 models showed the largest changes, and the IPSL model
the lowest changes in the estimation of the precipitation changes for the next
period. For the RCP 8.5 scenario, CANEM?2 and CESM1-CAMS5 models showed
the most changes, and IPSL-CMS5A-LR and FGOALS-S2 models showed the
lowest changes. Model changes for future periods in the RCP 4.5 scenario
reached a maximum of 1.1 in the value of the growth ratio in the historical period,
while these changes in the RCP 8.5 scenario in some models reached 1.45 in the
historical period in some models.
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Fig. 2. Precipitation ratios of future periods to historical period for the RCP 4.5 (upper
panel) and RCP 8.5 (lower panel) scenarios for different AOGCM models.

There are many differences between historical periods with different time
intervals. There was a significant difference due to rainfall by choosing different
historical periods with several time series in the future. Considering a historical
period with more number of years leads to a decrease in the annual rainfall over
time. Until 2100 AD, the annual amount of precipitation values for different
historical periods vary from 165 mm for 20-year-long periods to 158 mm for the
25- and 30-year-long periods (Fig. 3). These changes in the RCP 8.5 scenario
ranged from 163 to 151 mm. More accurate forecast in the future will be expected
with lower historical periods by several years. For example, the historical period
with 25 and 30 years easily indicate changes in the precipitation up to 2100 AD.
The overall results showed more changes in the RCP 8.5 scenario than in the RCP
4.5 scenario. Scenario RCP 8.5 showed changes of about 153 mm, while scenario
RCP 4.5 showed 158 mm. Farzaneh et al. (2012) and Singh et al. (2019) showed
that in the 1951-2100 period, there was a high variation in precipitation.
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Fig. 3. The effect of the length of the historical period on annual precipitation changes
2100 AD for the RCP 4.5 (left) and RCP 8.5 (right) scenarios.

Fig. 4 shows the changes in future periods compared to the historical
periods. These graphs show the effect of selecting incorrect of the historical
period on changes in future periods. According to the Fig. 4, the historical periods
1980-2000 and 1985-2005 have the lowest changes in RCP 4.5 and RCP 8.5
scenarios compared to periods with the other 20 years. In the case of the 25-year-
long historical periods and the RCP 4.5 scenario, the changes in the future period
of precipitation value compared to the historical period 1975-2000 periods was
lower than other historical periods, while the RCP 8.5 scenario for the 1980-2005
period had the lowest changes in precipitation value than other periods. For
precipitation changes in the future periods with 30 years, the changes in the
historical period 1975-2005 were lower than the other two periods (30 years) for
RCP 4.5 and RCP 8.5 scenarios. The changes of RCP 4.5 scenario were also less
than the RCP 8.5 scenario which shows more certainty of the results of this
scenario. Regarding changes in the next 40-year-long periods, the 1960—-2000
historical period had a smaller range of changes than the 1965-2005 period, and
it might be due to the increased rainfall in the period of 2005 compared to the
period of 2000. Also, these graphs show that the range of changes distant future
years for all graphs has been less than in near future. It shows a decrease in
precipitation in the late 21st century for the studied region.
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Fig. 4 Changes in the ratio of the annual rainfall in the future periods (2020-2039: A, 2040-
2059: B, 2060-2079: C, 2080-2099: D, 2025-2049: E, 2050-2074: F, 2075-2099: G, 2010-
2039: H, 2040-2069: 1, 2070-2099: J, 2020-2059: K, 2060-2099: L) to the historical period
(1970-1990: 1, 1980-2000: 2, 1985-2005: 3,1965-1990: 4, 1975-2000: 5, 1980-2005: 6,
1960-1990: 7, 1970-2000: 8, 1975-2005: 9, 1960-2000: 10, 1965-2005) for the scenario

RCP4.5 (left) and RCPS.5 (right).
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Fig. 5 shows the range of annual rainfall changes in different GCM models
from 2020 to 2100 AD for the two scenarios (RCP 4.5 and RCP 8.5). The results of
scenario RCP 4.5 showed that MPI-ESM-MR and HADGEM models had the lowest
range of precipitation changes by 2100. Both models had estimated precipitation
about 160 mm by 2100. Most models had rainfall estimation of about 170 mm.
Among the models, FIO-ESM, FGOALS-G2, and MIROC-ESM-CHEM models
had a rainfall estimation of about 130 mm, and BNU-ESM and MRI-CGCM3
models estimated a rainfall from 190 to 200 mm for the studied station by 2100. The
results of scenario 8.5 showed that IPSL-CM5B-LR and CANESM2 models would
have the lowest and highest precipitation changes by 2100, respectively. CANESM2
and FGOALS-G2 models had the highest (about 265 mm) and the lowest
(85 mm per year) annual rainfall estimations, respectively. The results of rainfall
changes in scenario RCP 8.5 showed that all models estimated an average of about
150 mm from rainfall per year up to 2100 AD.

220 4 300 -

oy

Precipitation (mm)

Precipitation (mm)
g

Fig. 5. Box diagrams of precipitation changes of GCM models during the years 2020 to
2100 AD for the scenario RCP4.5 (left) and RCP8.5 (right).

6. Conclusion

Selecting the suitable climate models and historical periods for predicting the
future rainfall variations compared to the previous periods could be an important
analysis technique. This may be due to different GCM models and historical
periods and their impact on research results. Therefore, a comparison was made
between 35 GCM models and 27 selected historical periods from long-term
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period's 1ike1960-2005 to short-term ones like the 1995-2005 period. The results
showed that long-term historical periods such as 1960-2005 and 1960-2000 have
lower RMSE and MAE error rates than other periods. Furthermore, the historical
period 1965-1990 was among periods under 30 years and it was in good
agreement with the precipitation data from the synoptic stations. Periods with less
years were overestimated. Nevertheless, the 1960—1990 period had lower PBIAS
and RSR coefficients than that could be used as a suitable period. The proposed
period of 1985-2005 from the IPCC can also be a suitable period to choose as a
historical period considering the low relative error rate and PBIAS. The results
showed that with longer historical period, there was more agreement between
model precipitation data and synoptic stations. The results of climate change
effects could be varied based on the different models. The NorESM1-M model
was more consistent with the observational data than other AOGCM models with
the lowest RMSE and PBIAS values. The GISS-E2-R model with low PBIAS
value can be a suitable model for rainfall estimation. Depending on the purpose
and importance of research topic in the future, a suitable model should be
selected. Different models had several estimates of precipitation in the future
periods compared to the historical period. In the RCP 4.5 scenario, CESM1-
CAMS5 and ACCESSI1-3 models had the biggest changes and IPSL models had
the lowest estimate for precipitation changes for the future periods. For the RCP
8.5 scenario, CANEM?2 and CESM1-CAMS models had the biggest changes, and
[PSL-CMS5A-LR and FGOALS-S2 models had the smallest changes. Model
changes for the future periods in the RCP 4.5 scenario have reached a maximum
of 1/1 of the historical periods, while these ratios have reached 1.45 in the RCP
8.5 scenario in some models.
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