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Abstract— In the present study, four global climate models MRI-ESM2-0, IPSL-CM6A-
LR, CanESM5, and GFDL-ESM4 from the set of CMIP6 models are assessed to select the 
best model and determine the effects of climate change on temperature and precipitation 
parameters under three shared socioeconomic pathway scenarios (SSP1-2.6, SSP2-4.5, and 
SSP5-8.5) for the base period (1988–2017) and a future period (2020–2049) in the 
Samalghan basin. Statistical measures such as mean absolute error, root mean square error, 
mean bias error are applied to test the models, and the correlation coefficient is used to 
compare the results of the historical period of the models with the observational data of the 
selected stations. Taking the obtained results into account, the global climatic model IPSL-
CM6A-LR is chosen to study the trend of temperature and precipitation changes in the 
future period under scenarios. The results of this study indicate an increasing trend of the 
average annual precipitation in the desied period compared to the base period for the SSP1-
2.6 and SSP2-4.5 scenarios at all stations. Also, it increases in the SSP5-8.5 scenario for 
all stations except Besh Ghardash, Hesegah and Darkesh stations. The predictions of 
temperature show an increase in the minimum and maximum temperature values under all 
scenarios compared to the base period. 
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1. Introduction 

The growth of industrial societies and increasing use of fossil fuels in recent years 
have led to an increase in the greenhouse gases, global warming, and melting of 
polar glaciers (IPCC, 2013). Climate change is one of the major threats of the 21st 
century. Long-term change in global average annual temperature indicates that 
global warming has significant effects on terrestrial ecosystems. They have lasting 
impacts on hydrological, agricultural, and drought cycles (Dai, 2011). Therefore, 
the assessment of the average temperature changes at the regional level as well as 
understanding how this parameter and its related indicators such as heat stress 
change at different time scales are important to implement informed decisions on 
economic development and climate action plans (CAP). The phenomenon of 
global warming is occurring according to numerous conducted studies of climate 
researchers around the world. Various climatic parameters such as temperature 
and precipitation are significantly changing in different parts of the world (Azari 
et al., 2016). Climate change is a well-documented phenomenon that is 
characterized by changes in climate patterns and is likely to persist (de Oliveira 
et al., 2019). These changes, as mentioned, can have significant impacts on 
climatic parameters, and ultimately these changes can affect other components of 
a system, such as water and soil resources. This issue, therefore, highlights the 
importance of assessing the trend of changes in parameters such as temperature 
and precipitation to make well-educated management decisions for the future. 
One of the major sources for studying the future climate is mainly the output of 
atmospheric circulation models. These models are widely used to monitor and 
predict past and future climate changes (He et al., 2019) and assess regional risk 
(Khan et al., 2020), and they can be downscaled by climate-regional techniques 
and models for a specific area. The output data of the Coupled Model 
Intercomparison Project Phase 6 (CMIP6) have recently been released (Eyring et 
al., 2016). Previous models (e.g., CMIP3 and CMIP5) have been extensively 
evaluated and applied in several studies (Maxino et al., 2008; McAfee et al., 2011; 
Rupp et al., 2013; Jiang et al., 2015; Bozkurt et al., 2018; Almagro et al., 2020). 

The results of precipitation evaluation of previous models have indicated that 
the GCM outputs may significantly overestimate or underestimate the observed 
precipitation in different seasons (Johnson et al., 2011; Gouda et al., 2018; Liu et 
al., 2014). Several researchers (Jia et al., 2019; Li et al., 2013; Su et al., 2013) 
analyzed a couple of CMIP5 models and obtained the same result regarding the 
overestimation of precipitation. Jia et al (2019) evaluated 33 atmospheric 
circulation models from the fifth report series at the Tibetan Plateau, and found 
that all models overestimate the precipitation, especially in spring and summer. 

Also, the performance of the models may also be significantly affected by 
the topographic features (Ashiq et al., 2010). For instance, Lv et al. (2020) 
revealed that CMIP5 model simulations overestimate and underestimate 
precipitation in northern and southern China, respectively. 
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The output of the Coupled Model Intercomparison Project Phase 6 (CMIP6) 
are a new phase of climate models. Indeed, these models are GCMs, which have 
been using new scenarios (SSPs) since 2015, with a new set of concentration, 
emission specifications, and land cover scenarios (Gidden et al., 2019) to simulate 
the future climate of the Earth. In this phase, the combination of greenhouse gas 
forcing and socioeconomic trajectories has been employed for the scenarios 
(Riahi et al., 2017). The results of recent regional evaluation studies have shown 
that CMIP6 models have improved and perform better than the previous models 
(Rivera and Arnould, 2020; Gusain et al., 2020). The objectives of this study are 
as follows: 

(i) Investigating the future changes in temperature and precipitation in the 
Samalghan basin located in North Khorasan province by using CMIP6 
models. 

(ii) Evaluating the impact of climate change on these variables in three emission 
scenarios SSP1-2.6, SSP2-4.5, and SSP5-8.5. 
The prediction of precipitation and temperature changes in future gives a 

proper understanding of the status of water resources in this basin and the effects 
of climate change on these resources in the future. Moreover, the right decisions 
can be made in this basin for optimal management of water resources according 
to these changes. 

2. Material and methods 

2.1. Study area 

The Samalghan basin is located in the Atrak catchment in North Khorasan 
province with an area of 1120 km2. This basin includes 321 km2 mountainous 
area, and the rest are plains and aquifers. Its geographical coordinates are 37°24’– 
37°29’ E and 56°37’– 56°59’ N. The highest and lowest points from the sea level 
are 2511 and 511 m, respectively. The geographical location of the Samalghan 
basin in the Atrak catchment area in North Khorasan province is shown in Fig. 1. 
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2.2. Method 

In the present study, daily data are gathered from nine stations including eight 
precipitation and evaporation stations (Darkesh, Shirabad, Inche Olya, Darbande 
Samalghan, Besh Ghardash, Darbande Sankhast, Hesegah, and Resalat) and one 
synoptic station (Bojnourd) during the statistical period 1988–2017. Fig. 1 shows 
the location of the studied stations. The existing models and conducted research 
on the climate of the region are assessed to determine the trend of climate change 
(Yazdandoost et al., 2021). After a comprehensive assessment, four global 
climatic models including MRI-ESM2-0, IPSL-CM6A-LR, CanESM5, and 
GFDL-ESM4 were selected from the set of CMIP6 models. Their specifications 
are presented in Table 1. Then, historical temperature and precipitation data of 
these models for the base period of 30 years (1988–2017) were prepared to test 
the accuracy of these models for the study area. For this purpose, the average 
monthly values of 30-year data of the models are compared with the average 
monthly values of observational data. Mean absolute error (MAE), root mean 
square error (RMSE), mean bias error (MBE), and correlation coefficient (r) are 
applied for comparative analysis. These statistics are computed using Eqs. (1) to 
(4). 
 
 

Fig. 1. Geographical location and meteorological stations of the study area. 
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 𝑀𝐴𝐸 = ∑ |ைି|సభ  , (1) 
 

 𝑅𝑀𝑆𝐸 = ට∑ (ைି)మసభ   , (2) 
 
 𝑀𝐵𝐸 = ∑ ைିసభ  , (3) 
 
 𝑟 = ∑ (ைିைത)(ିത)సభට∑ (ைିைത)మ ∑ (ିത)మసభసభ  , (4) 

 
where Oi represents the observational data values, Pi represents the predicted 
values by the model, i and n represent the month, and the number of months, 
respectively. 
 
 
 

Table 1. List of the four CMIP6 models, utilized in the present study 

Horizontal resolution 
Country Institute Model 

Latitude Longtitude 

2.81° 2.81° Canada Canadian Centre for Climate Modeling and 
Analysis CanESM5 

1° 1.25° USA NOAA Geophysical Fluid Dynamics 
Laboratory GFDL-ESM4 

1.25° 2.5° France Institute Pierre Simon Laplace IPSL-
CM6A-LR   

1.125° 1.125° Japan Meteorological Research Institute MRI-ESM2-0 
  

 
 
 
The shared socioeconomic pathways (SSPs) scenarios are parts of a new 

framework for global change to provide integrated analyses of climate impacts, 
vulnerabilities, and adaptation policies (Frame et al., 2018). These scenarios 
enable the users organize assessments of the challenges associated with adaptation 
policies and possible future adjustment (Riahi et al., 2017). The SSP scenarios are 
defined based on the five fundamental approaches of sustainable development, 
regional competition, inequality, growth in fossil fuels, and development based 
on intermediate policies (O'Neill et al., 2017; Rogelj et al., 2018; Estoque et al., 
2020). These scenarios were placed in 5 categories which are known as SSP1 to 
SSP5. The assumptions of SSP1 include sustainable consumption, low population 
growth, increased energy efficiency, faster replacement of renewable energies, 
and more global cooperation. SSP2 assumptions represent intermediate 
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conditions, where the socioeconomic development is in sync with the usual 
conditions. The world of SSP5 is an advanced yet fossil-fueled world, where 
energy-intensive lifestyles are used. 

The SSP1-2.6, SSP2-4.5, and SSP5-8.5 scenarios were selected from the 
available scenarios for two reasons: 

1. Optimistic, intermediate, and pessimistic scenarios are used in the context of 
climate change vulnerabilities and their subsequent responses (Warnatzsch 
and Reay, 2019).  

2. Scenario assumptions of SSP1-2.6 are very close to RCP2.6, SSP2-4.5 to 
RCP4.5, and SSP5-8.5 to RCP8.5, which comparison is possible with 
CMIP5 studies based on the results of this model.  

2.3. Downscaling 

Having large-scale computational cells is the main limitations of using the output 
of atmosphere-ocean general circulation models (AOGCM) as these cells are 
incompatible with hydrological models in terms of temporal and spatial accuracy. 
There are various methods to increase the temporal and spatial accuracy of the 
output of these models, which are termed downscaling. In the present study, the 
proportional downscaling method has been used to eliminate this limitation. In 
this method, monthly ratios are usually obtained for historical data series. 
Therefore, climate change scenarios are first created for temperature and 
precipitation. Then, the values of "difference" for temperature (Eq.(5)) and "ratio" 
for precipitation (Eq.(6)) are computed for the long-term average values of each 
month in the next period 2020–2049 to determine the climate change scenario in 
each model. The base simulation period is determined by the same model (base 
period 1988–2017) for each cell of the computational network (Jones and Hulme, 
1996). 
 
 ∆𝑇୧ = ൫𝑇തீெ,ி், − 𝑇തீெ,௦,൯, (5) 
 

 ∆𝑃 = (𝑃തீ ெ,ி், 𝑃തீ ெ,௦,൘ ) , (6) 

 
which ∆𝑇 and ∆𝑃 indicate the climate change scenario associated with 
temperature and precipitation, respectively, for the long-term average values of 
30 years per month, and 𝑇തீெ,ி், denotes the 30-year average of temperature 
simulated by AOGCM in the future period for each month, 𝑇തீெ,௦, is the 30-
year average temperature simulated by AOGCM in the same period as the 
observational period for each month. Similarly, precipitation follows the same 
equation and definition of indices. After determining the climate change 
scenarios, the change factor method is used to apply proportional downscaling of 
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the data (Tabor and Williams, 2010; Minville et al., 2008). In the change factor 
method, the climate change scenarios are added to the observational values to 
determine the time series of the climate scenario in the future. 

3. Results and discussion 

3.1. Performance assessment of global climate models 

To evaluate the performance of global climate models of MRI-ESM2-0, IPSL-
CM6A-LR, CanESM5, and GFDL-ESM4 in generating temperature and 
precipitation data, the historical data series of these models are monthly compared 
with observational data of the base period for selected stations in the basin, and 
then statistical measures are determined. The results obtained from the 
performance of the models at these nine stations are presented in Tables 2 and 3. 
In general, the results obtained from the statistical measures indicate a relatively 
good performance of these models in the study area. Selecting the optimal models 
is based on their performance in the basin, therefore, the global climate model of 
the IPSL-CM6A-LR is used to assess the trend of temperature and precipitation 
changes in the future period under scenarios SSP1-2.6, SSP2-4.5, and SSP5-8.5 
according to results. 
 
 
 

Table 2. Values of the statistical measures in the base period for the precipitation variable at 
the selected stations 

Station Model MAE RMSE MBE r 

Inche Olya 

MRI-ESM2-0 0.57 0.66 -0.48 0.89 
IPSL-CM6A-LR 0.34 0.43 -0.27 0.94 

CanESM5 0.47 0.54 0.47 0.86 
GFDL-ESM4 0.61 0.73 -0.42 0.84 

Resalat 

MRI-ESM2-0 0.42 0.48 -0.32 0.91 
IPSL-CM6A-LR 0.20 0.24 -0.11 0.96 

CanESM5 0.63 0.75 0.63 0.82 
GFDL-ESM4 0.57 0.65 -0.26 0.75 

 Besh 
Ghardash 

MRI-ESM2-0 0.58 0.65 -0.49 0.90 
IPSL-CM6A-LR 0.35 0.41 -0.27 0.94 

CanESM5 0.46 0.56 0.46 0.75 
GFDL-ESM4 0.64 0.79 -0.42 0.70 

 Bojnourd 
Synoptic 

MRI-ESM2-0 0.59 0.69 -0.56 0.93 
IPSL-CM6A-LR 0.36 0.45 -0.34 0.95 

CanESM5 0.39 0.50 0.39 0.78 
GFDL-ESM4 0.66 0.81 -0.49 0.74 
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Table 2. Continued 

Station Model MAE RMSE MBE r 

Hesegah 

MRI-ESM2-0 0.38 0.46 -0.25 0.86 
IPSL-CM6A-LR 0.20 0.26 -0.03 0.92 

CanESM5 0.71 0.84 0.71 0.81 
GFDL-ESM4 0.48 0.56 -0.18 0.82 

Darbande 
Samalghan 

MRI-ESM2-0 0.48 0.54 -0.38 0.90 
IPSL-CM6A-LR 0.25 0.31 -0.16 0.95 

CanESM5 0.58 0.68 0.58 0.79 
GFDL-ESM4 0.56 0.68 -0.31 0.77 

Darbande 
Sankhast 

MRI-ESM2-0 0.61 0.72 -0.59 0.88 
IPSL-CM6A-LR 0.39 0.46 -0.37 0.95 

CanESM5 0.38 0.50 0.36 0.81 
GFDL-ESM4 0.63 0.81 -0.52 0.75 

Shirabad 

MRI-ESM2-0 0.31 0.37 -0.19 0.93 
IPSL-CM6A-LR 0.16 0.18 0.02 0.97 

CanESM5 0.76 0.89 0.76 0.83 
GFDL-ESM4 0.51 0.58 -0.13 0.78 

 Darkesh 

MRI-ESM2-0 0.31 0.34 0.05 0.89 
IPSL-CM6A-LR 0.27 0.35 0.27 0.95 

CanESM5 1.00 1.19 1.00 0.80 
GFDL-ESM4 0.50 0.60 0.12 0.75 

 
 
 
 
 
 

Table 3. Values of the statistical measures in the base period for the minimum and maximum 
temperature variables 

Minimum 
temperature

Station Model MAE RMSE MBE r 

Resalat 

MRI-ESM2-0 3.09 3.79 -3.09 0.99 
IPSL-CM6A-LR 1.79 2.34 -1.49 0.99 

CanESM5 5.27 5.86 -1.36 0.77 
GFDL-ESM4 4.25 4.94 -2.79 0.84 

Bojnourd 
Synoptic 

MRI-ESM2-0 2.69 3.12 -2.69 0.99 
IPSL-CM6A-LR 1.68 1.92 -1.09 0.99 

CanESM5 5.08 5.57 -0.96 0.79 
GFDL-ESM4 4.22 4.73 -2.40 0.85 
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Table 3. Continued 

Maximum 
temperature 

Station Model MAE RMSE MBE r 

Resalat 

MRI-ESM2-0 5.31 5.54   5.31 0.99 
IPSL-CM6A-LR 3.84 4.28   1.50 0.99 

CanESM5 8.62 10.19 -5.96 0.73 
GFDL-ESM4 5.15 5.65 -0.21 0.83 

Bojnourd 
Synoptic 

MRI-ESM2-0 3.42 5.57 -1.12 0.99 
IPSL-CM6A-LR 2.71 3.15   2.69 0.99 

CanESM5 9.82 11.74 -8.58 0.75 
GFDL-ESM4 5.56 6.16 -2.83 0.84 

 

 

3.2. The assessment of LARS-WG6 model performance in simulating basin 
temperature and precipitation 

LARS-WG model is one of the most famous models for generating random 
weather data and is used to generate minimum and maximum temperature, 
precipitation and radiation daily in current and future climate conditions. This 
model is more useful than other programs due to the repetition of calculations, 
less need for input data and simplicity and efficiency (Kilsby et al., 2007). Also, 
despite the less complexity of the simulation process and input and output data, 
has a high ability to predict climate change (Semenov and Stratonovich, 2010). 
Additionally, the Long Ashton Research Station Weather Generator, version 6 
(LARS-WG6) was used to dawnscale the precipitation and temperature data of the 
AOGCMs. Data generation by the LARS-WG6 model is performed in three stages: 
calibration, assessment, and meteorological data generation for the future period. 
The results of statistical analysis and assessment criteria show that the highest error 
is associated with precipitation modeling. However, the minimum and maximum 
temperature parameters have been modeled with high accuracy, which is consistent 
with the results of other studies (Hassan et al., 2014; Huang et al., 2011; Liu et al., 
2011). Also, the results indicate that the LARS-WG6 model is perfectly capable of 
simulating the parameters of precipitation, minimum temperature and maximum 
temperature of the studied stations (Table 4). Validation of the efficiency of the 
model by root mean square error, mean absolute error, mean bias error, and 
correlation coefficient between observational data and model output in the period 
(1988–2017) displays that the LARS-WG6 model has the ability to model the 
climate of the previous period of the study basin. 
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Table 4. The assessment results of LARS-WG6 downscaling model in 1988–2017 

r MBE  RMSE  MAE  Station Parameter 
0.96  -0.32  3.18  2.51  Inche Olya

Precipitation 

0.99  1.09  2.86  2.00  Resalat 
0.98  0.61  2.37  1.68 Besh Ghardash
1.00  -1.79  2.52  2.09  Bojnourd Synoptic
0.99  -1.63  2.89  2.29  Hesegah
0.97  0.63  3.63  2.97  Darbande Samalghan
0.98  0.30  3.03  2.21  Darbande Sankhast
0.99  -2.73  3.51  2.81  Shirabad
0.99  -0.48  3.51  2.72  Darkesh 
1.00  0.00  0.19  0.17  Resalat Minimum 

temperature 1.00  0.13  0.20  0.16  Bojnourd Synoptic
1.00  0.03  0.26  0.21  Resalat Maximum 

temperature 1.00  0.03  0.22  0.17  Bojnourd Synoptic

 

3.3. Basin climate change assessment for the 2020–2049 period in the LARS-
WG6 model 

The global climatic model IPSL-CM6A-LR under three scenarios (the optimistic 
SSP1-2.6, intermediate SSP2-4.5, and very pessimistic SSP5-8.5) are considered 
for the period 2020–2049 in the study area based on the results obtained from the 
performance of global climatic models in simulating climatic variables of 
temperature and precipitation on the Samalghan basin and the studied stations. 
Taking the capability of the LARS-WG6 model into account, the output of the 
IPSL-CM6A-LR model is downscaled under the relevant scenarios, and the 
desired parameters are predicted and compared with their values in the period 
1988–2017 (Figs. 2 and 3). 

The assessment of Fig. 2 indicates that the average monthly precipitation in 
all scenarios increases in July, August, and September in all stations, whereas 
different results are observed in other months under these scenarios. The average 
annual precipitation in the desired period is increased compared to the base period 
for the two scenarios SSP1-2.6 and SSP2-4.5. Nonetheless, the average annual 
precipitation has a decreasing trend in the SSP5-8.5 scenario for Besh Ghardash, 
Hesegah, and Darakesh, and it has an increasing trend in other stations (Table 5). 
It should be noted, that the increase in precipitation under the three scenarios 
SSP1-2.6, SSP2-4.5, and SSP5-8.5 in the future period in some stations can be 
mainly due to different assumptions. In general, the increase in temperature in 
mountainous areas is mainly due to the rise in humidity which increases 
precipitation, therefore, it is likely that increased temperature has caused 
precipitation growth in the mountainous area of the Samalghan basin. 
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Besh Ghardash station   

 
Darbande Samalghan station 

 
Darbande Sankhast station  

 
Darkesh station 

 
Hesegah station   

 
Inche Olya station 

 
Shirabad station 

 
Resalat station 

 

 

Fig. 2. Changes in the average monthly 
precipitation under different scenarios for the 
2020–2049 and the base period 

 
                             Bojnourd Synoptic station 
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Table 5. The average annual precipitation in the base period and under different scenarios (mm) 

Station / Scenario SSP1-2.6 SSP2-4.5 SSP5-8.5 Historical 

Inche Olya 266.97 269.35 246.56 244.52 

Resalat 335.38 335.38 306.29 241.98 

Besh Ghardash 253.73 257.81 236.65 241.98 

Bojnourd Synoptic 237.62 239.62 217.20 215.89 

Hesegah 356.29 359.73 326.54 331.24 

Darbande Samalghan 316.59 317.90 285.96 284.12 

Darbande Sankhast 236.36 238.46 218.27 205.79 

Shirabad 449.56 448.01 411.18 349.85 

Darkesh 474.97 481.76 435.89 438.45 

 
The average minimum temperature of different months in the period 2020–

2049 has increased compared to the base period, however, this increase varies in 
different months and under various scenarios (Fig. 3). The highest increase occurs 
in September under the SSP5-8.5 scenario which are 1.69 °C and 1.62 °C for 
Bojnourd synoptic and Resalat stations, respectively. The lowest increase values, 
however, are 0.07 °C and 0.23 °C in February under the SSP1-2.6 and SSP2-4.5 
scenarios, respectively for Resalat station. The lowest increase values are 0° C 
and 0.33 °C in January under two scenarios (SSP1-2.6 and SSP2-4.5), 
respectively, for Bojnourd synoptic station (Table 6). During this period, the 
values of average annual minimum temperature are 6.91 °C and 6.51 °C for 
Bojnourd synoptic and Resalat stations in the base period, respectively. Moreover, 
the average annual minimum temperature in Resalat station will increase by 10%, 
12%, and 13% under scenarios SSP1-2.6, SSP2-4.5, and SSP5-8.5, respectively. 
Similarly, the average annual minimum temperature in Bojnourd synoptic station 
will increase by 11%, 14%, and 15% under scenarios SSP1-2.6, SSP2-4.5, and 
SSP5-8.5, respectively. 

 

  
Bojnourd synoptic station        Resalat station 

Fig. 3. The average minimum temperature changes under different scenarios (2020-2049) 
and the base period. 
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Table 6. The minimum monthly temperature changes in the period 2020–2049 compared to 
the base period in °C  

Dec Nov Oct Sep Aug Jul Jun May Apr Mar Feb Jan ScenarioStation

0.91 1.04 0.60 1.18 0.62 0.70 0.69 0.94 0.47 0.50 0.38 0.00 SSP1-2.6 
Bojnourd 
Synoptic 1.10 0.81 0.77 1.45 0.95 0.99 1.02 0.86 0.79 0.61 0.52 0.33 SSP2-4.5 

0.43 0.91 0.87 1.69 1.06 1.12 0.96 1.17 1.22 0.98 0.52 0.00 SSP5-8.5 

0.93 0.99 1.05 1.10 0.68 0.96 0.65 0.90 0.61 0.57 0.07 0.30 SSP1-2.6 

Resalat 1.13 0.75 1.22 1.37 1.01 1.26 0.96 0.82 0.92 0.69 0.23 0.64 SSP2-4.5 

0.48 0.86 1.32 1.62 1.12 1.39 0.93 1.13 1.35 1.03 0.22 0.19 SSP5-8.5 
 

 
 
 
 

The value of the average maximum temperature has increased in different 
months under all scenarios compared to the base period, however, this increase 
varies in different months and under various scenarios (Fig. 4). The highest 
increase values are 2.38 °C and 1.86 °C for Bojnourd synoptic and Resalat 
stations, respectively, in April, under the SSP5-8.5 scenario. The lowest 
increase values, however, are 0.14 °C in January under the SSP1-2.6 scenario 
and 0.17 °C in February under the SSP2-4.5 scenario for Resalat station. 
Similarly, for Bojnourd synoptic station, the lowest increase values are 0.16 °C 
and 0.18 °C under two scenarios SSP1-2.6 and SSP2-4.5, respectively in 
February (Table 7). In this period, the average annual maximum temperature 
in Bojnourd synoptic and Resalat stations are 20.03 °C and 22.65 °C in the base 
period, respectively.  The average annual maximum temperature will increase 
4%, 4%, and 5% under scenarios SSP1-2.6, SSP2-4.5, and SSP5-8.5, 
respectively, for Bojnourd synoptic station. Similarly, for Resalat station, this 
increase will be 3%, 4%, and 4% under scenarios SSP1-2.6, SSP2-4.5, and 
SSP5-8.5, respectively. The results of this study are mainly consistent with 
previous studies on climate change in Iran in terms of temperature variability 
in the future (Soltani et al., 2016; Fallah-Gholhari et al., 2019). The results 
showed that temperature data had a better correlation with observational data 
(compared to precipitation data), which represents that temperature has a 
normal probability distribution, is less variable than that of the precipitation. 
However, precipitation is a discrete component and can be affected by various 
factors. Therefore, unlike temperature, precipitation does not have a pattern of 
significant changes in the study area, which is consistent with the results of 
studies by Almazroui et al. (2017), Su et al. (2016), and Tan et al. (2017).  
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Bojnourd synoptic station  Resalat station 

 
 

 

 
Table 7. Maximum temperature changes in the period 2020–2049 compared to the base period 
in ° C 

Dec  Nov  Oct  Sep  Aug  Jul  Jun  May Apr  Mar Feb  Jan  Scenario Station 

0.901.42 0.94 0.69 0.48 0.73 0.68 1.01 1.22 0.48 0.16 0.25 SSP1-2.6Bojnourd 
synoptic 

 
1.27 0.87 0.93 0.77 0.71 1.03 0.91 0.70 1.73 0.45 0.18 0.45 SSP2-4.5 
0.37 1.14 1.00 1.03 0.66 1.08 0.73 1.19 2.38 1.18 0.40 0.12 SSP5-8.5 
0.33 1.43 1.17 0.71 0.30 0.60 0.90 1.19 0.71 0.56 0.16 0.14 SSP1-2.6 

Resalat  0.70 0.95 1.15 0.78 0.54 0.90 1.14 0.87 1.21 0.53 0.17 0.34 SSP2-4.5 
0 1.14 1.23 1.06 0.48 0.95 0.95 1.37 1.86 1.27 0.39 0.01 SSP5-8.5 

 
 
 

4. Conclusions 

In the present study, models of the Coupled Model Intercomparison Project Phase 6 
(CMIP6) are applied to assess changes in climate parameters in arid regions, 
which are more sensitive to climate change. Nowadays, the importance of 
determining the appropriate model that can make future predictions increases with 
the growth of research on climate change. The results showed that temperature 
data had a better correlation with observational data, and precipitation is a discrete 
component. Therefore, unlike temperature, precipitation does not have a pattern 
of significant changes in the study area. Precipitation will increase in the future 
period of 2020–2049 under three scenarios (SSP1-2.6, SSP2-4.5, and SSP5-8.5) 
in July, August, and September at all stations according to the results. This 
increase can be due to increased humidity caused by rising temperatures in the 
mountainous areas under the three scenarios SSP1-2.6, SSP2-4.5, and SSP5-8.5 

Fig. 4. The average maximum temperature changes under different scenarios for the 
2020–2049 and the base period. 
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in the future period at some stations. In general, the average precipitation will 
decrease as we move towards the final years of the future period in all scenarios, 
and this decrease occurs more in the SSP5-8.5 scenario than in the other two 
scenarios. Moreover, the temperature trend in the future period has increased 
under all scenarios compared to the base period. The highest temperature increase 
is in September under the SSP5-8.5 scenario, while the lowest temperature 
increase is in February and January under the SSP1-2.6 and SSP2-4.5 scenarios 
for Bojnourd synoptic and Resalat stations, respectively. Also, the highest 
maximum temperature increase occurs in April under the SSP5-8.5 scenario and 
the lowest maximum temperature increase occurs in January under the SSP1-2.6 
scenario and in February under the SSP2-4.5 scenario for Resalat station. 
Similarly, it occurs in February under the SSP1-2.6 and SSP2-4.5 scenarios for 
Bojnourd synoptic station. The results of this study recommend considering 
temperature variability in water resources management, especially in agricultural 
section to avoid the possible negative effects of climate change in the region.  
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