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Abstract 6 

Information of probable change in a regional climate system can play an important role in 7 

the government’s policies. The present study investigates the climate variations over the 8 

Sistan-and-Baluchestan Province, the second biggest province of Iran with scarce direct 9 

observations, in basis of surface air temperature and precipitation. To this aim, three 10 

datasets of (I) in-situ data, (II) gridded data from Climatic Research Unit (CRU, in 1979-11 

2020), and (III) outputs of historical runs (during 1979-2020) and simulations under the 12 

SSP5-8.5 and SSP3-7.0 scenarios (in 2021-2050) of twenty-seven Global Climate Models 13 

(GCMs) from the latest Coupled Model Intercomparison Project (CMIP6) were utilized. 14 

The climatic analysis was conducted in three steps of (I) evaluation of models' 15 

performance comparing with CRU data in 1979-2020, (II) rank the models based on 16 

Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) in Multi-Criteria 17 

Decision Making (MCDM) technique including eight metrics and (III) analysis of 18 

performance of the high-ranked models for 2021-2050. Results showed that CMIP6-GCMs 19 

generated lower satisfactory and consistency in simulating precipitation than temperature. 20 

The three models of CESM2-WACCM-FV2, MPI-ESM1-2-LR and IITM-ESM (MPI-21 

ESM1-2-LR and UKESM1-0-LL and ACCESS-CM2) outperformed the others in 22 

simulating temperature (precipitation), while the MIROC6 (MIROC-ES2L) model 23 

performed the weakest. The MPI-ESM1-2-LR, UKESM1-0-LL and ACCESS-CM2 24 

models achieved the highest rank for the both climate variables. Regarding the high-ranked 25 

models, analysis of the CMIP6-GCMs for 2021-2050 showed that the increase of 2.5-3.4 26 

(2.2-3.1) K for the maximum temperature in SSP5-8.5 (SSP3-7.0) scenario is probable. 27 

Both scenarios showed an increasing (decreasing) trend for temperature (precipitation) in 28 
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the future. Conclusively, the considered area will experience a remarkable increase in 1 

temperature and significant decrease in precipitation amount. It should be noted that the 2 

results from the global models will be exacerbated by any mistake in policy making. 3 

Keywords: Climate change, Precipitation, Surface air temperature, Sistan-and-Baluchestan 4 

Province, CMIP6-GCMs, historical run, SSP5-8.5, SSP3-7.0 5 

1. Introduction 6 

One of the key issues of concern at present is climate change, because of its relation to human 7 

survival, agriculture, food security, ecosystems, and social economy (Donnelly et al., 2017; 8 

Quispe-Ccalluari et al. 2018; Christidis et al. 2019; Huang et al. 2019; Liu et al. 2019; Wen et al. 9 

2019; Ahmed et al. 2021). Climate change has visibly raised climate extremes, challenged 10 

human society and resulted in dramatic increases in international migration (Kaczan et al. 2020; 11 

Sharafati  et al. 2020; Beine et al. 2021), which can double the consequences of climate change. 12 

Precipitation and drought extremes highly influence the fields of transportation and water 13 

resource management, especially in a region with vast landmass and complex terrain (Barry et al. 14 

2018; Cardoso Pereira et al. 2020; Lun et al. 2021; Samantaray et al. 2021). Sensitivity of water 15 

resources and agriculture systems to the climate change (Xu et al. 2015) clarifies the essence of 16 

assessment of climate change effects on a regional scale (Zamani et al. 2019). Concerning the 17 

significant effect of climate change on water resource variables (Duan and Mei 2014) and also 18 

the increase of about 0.85 ℃ in temperature in recent decades (Zhao et al., 2020), it is imperative 19 

to simulate climate variables, especially in developing countries with complex topography such 20 

as multi-climate country of Iran.  21 

One of the most important tools for understanding climate and quantitative prediction is 22 

Global Circulation Models (GCMs). Koutroulis et al. (2016) found high accuracy performance of 23 

GCMs in climate projection. The Coupled Model Intercomparison Project (CMIP) was 24 

established by the World Climate Research Programme to make easier comparisons across 25 

different models (Eyring et al. 2016; Baker and Huang 2014). The added value of CMIP6 26 

models, comparing to the previous version of CMIP models, can be found as (a) including socio-27 

economic pathways in CMIP6 scenarios, (b) acting in coordination with CMIP5 scenarios 28 
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premises (O’Neill et al. 2014), and (c) CMIP6 updates due to its focusing on biases, processes, 1 

and feeds of climate models for the development and support of the inter-comparison model 2 

(Heinze et al. 2019). Higher horizontal resolutions and considering more complicated processes 3 

in CMIP6 models, comparing with CMIP5 models, led to better performance of CMIP6 (Lun et 4 

al. 2021). Based on Jiang et al. (2016) findings, topography affects the simulations of GCMs, 5 

especially for precipitation, and GCMs perform differently in different regions. This implies that 6 

GCMs' simulations should be assessed for each area. Hence, a great deal of researches has been 7 

conducted to investigate the ability of CMIP6-GCMs in various parts of the world. For example, 8 

Gao et al. (2018) and Lun et al. (2021) assessed the GCMs performance for precipitation and 9 

temperature from CMIP5 to CMIP6 over the Tibetan Plateau and found better performance of 10 

CMIP6 than CMIP5. Xin et al. (2020) compared CMIP6 and CMIP5 simulations of precipitation 11 

in China and the East-Asian summer monsoon and concluded that CMIP6 models had improved 12 

the skill scores in climatological patterns relative to previous models of the CMIP5 because of 13 

the smallest biases of sea surface temperature in CMIP6 models. Luo et al. (2021) addressed the 14 

capability of CMIP6 models in simulating extreme precipitation in China and reached the higher 15 

skill of CMIP6 in simulating the frequency distribution of daily precipitation intensity and 16 

extreme precipitation amount. In their research, CMIP6 models' ability was not the same for the 17 

whole of the China. They also found that the bias still existed in simulating consecutive dry days. 18 

Ngoma et al. (2021) employed 15 CMIP6-GCMs and found the best performance in GFDL-19 

ESM4 model for rainfall over the Uganda during 1981–2014. GCMs have been also used for 20 

climate analysis in Iran. In the west and southwest of Iran, Zamani and Berndtsson (2019) 21 

examined twenty CMIP5 GCMs and reached different best and weakest climate models in 22 

different parts of the selected area. Katiraie-Boroujerdy et al. (2019) examined the ability of five 23 

CMIP5 GCMs for simulating precipitation over Iran and ranked them. Miri et al. (2021) used 24 

four CMIP5 GCMs to study the temperature variability in the future decades (2015–2059) and 25 

found them in parallel with the temporal variations of temperature in the present period and 26 

reached the highest temperature variability in winter and somehow in the autumn, mostly in the 27 

mountainous areas of Iran. They also predicted that in most parts of Iran, the air temperature 28 

would have an increasing tendency in future decades in all four seasons of the year. Zarrin and 29 

Dadashi Roudbari (2020), using three CMIP6-GCMs, predicted the average temperature 30 
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anomaly of more than 2 ℃ in 9 months of the year, and less than 2 ℃ in January, November and 1 

December for the next century. They also showed that the highest monthly temperature change 2 

rate was observed in the cold period of the year in the mountainous regions. In addition, Zarrin 3 

and Dadashi-Roudbari (2021a) studied five CMIP6-GCMs to project future precipitation changes 4 

in Iran and found that the present bias in the region affected by Asian summer monsoon is about 5 

10%. Hong et al. (2021) assessed the future projections of precipitation based on twenty-four 6 

CMIP6-GCMs and showed that heavy rainfall will be more prominent in the western and 7 

southwestern parts of Iran by 2100. In contrast, Zarrin and Dasdashi-Rodbari (2021b), based on 8 

the five CMIP6-GCMs of GFDL-ESM4, IPSL-CM6A-LR, MPI-ESM1-2-HR, MRI-ESM2-0 and 9 

UKESM1-0-LL, found that the consecutive dry days in Iran will increase by a maximum of 26.4 10 

days under the SSP5-8.5 scenario for the Lake Urmia, located in the northwest of Iran in the 11 

period 2061-2100, while the consecutive wet days will decrease there. In spite of the 12 

improvement of the CMIP6 models comparing with the previous versions of CMIP models, but 13 

the above paradox proves Zamani et al. (2020) findings who believed that it is necessary to 14 

assess CMIP6-GCMs performance in simulating the present and past climate in each region 15 

using some reference data. In this way, GCM’s capability and precision will be determined 16 

(Pörtner et al. 2019) and the uncertainty of their simulation for different climate variables will be 17 

appeared (Lun et al. 2021).  18 

Sparsity of meteorological stations, especially in areas with complex topography, makes 19 

gridded-observational dataset as the other solution to observational weather and climate data. In 20 

addition, availability and accessibility of these datasets together with their good spatial coverage 21 

and high spatial and temporal resolution covering several decades make them as a metric for 22 

assessment of historical simulations of climate models to evaluate their skills and certainty for 23 

future projection.  24 

The Sistan-and-Baluchestan Province, located in the southeast of Iran with the sparsity of 25 

stations and limited time duration for data recording, has been affected increasingly by the 26 

extreme events (tropical cyclones, extreme precipitation and drought) due to climate change. 27 

Lack of research studies in perspective of climate change in this area, especially based on GCMs; 28 

prevents to give a definite reason for climate change in this province. The extensive province of 29 
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Sistan-and-Baluchestan has climate diversity. The five factors of atmospheric humidity, 1 

precipitation, temperature, sunlight, wind and thunder influence the climate characteristics in this 2 

province, respectively (Saligeh et al. 2008). Proximity to Oman Coasts plays a dominant role in 3 

more humid and cloudy weather in the south of the province, while windy-dusty weather is the 4 

major characteristic of the northern and eastern part of the province. Distance from 5 

Mediterranean cyclone trajectory and dominance of subtropical high-pressure systems (Raziei et 6 

al. 2007) made the northern and central parts of this province more prone to drought. Zare 7 

Abianeh et al. (2015) showed that Sistan-and-Baluchestan Province has experienced frequent, 8 

intense and medium droughts in annual and seasonal time scales. Podineh et al. (2015) expressed 9 

that complex topography in Sistan-and-Baluchestan Province led to little improvement in 10 

precipitation estimation. Recently, policymakers have engaged in developing adaptation 11 

alternatives for Sistan-and-Baluchestan Province. Therefore, determining its main climate 12 

features and projecting the probable climate change over this area in the future is of great 13 

significance.   14 

The main goal of this research is to investigate climatology, long-term trend and inter-15 

annual variability in terms of surface air temperature and precipitation over the Sistan-and-16 

Baluchestan Province, based on CMIP6-GCMs and Multi-Criteria Decision Making (MCDM) 17 

technique. The principal aim of this research is to reach the probable change of climate for the 18 

three next decades in this area. Following, this paper represents the study area, data and methods 19 

in section 2. Results of CMIP6-GCMs performance evaluation (from 1979 to 2050 in two time 20 

slices of 1979-2020 and 2021-2050) will be described in section 3. Finally, the conclusion will 21 

be presented in section 4.  22 

2. Materials and Methods 23 

2.1. Study area 24 

The province of Sistan-and-Baluchestan as the second largest province of Iran with strategic 25 

commercial and transit position is already experiencing consecutive droughts and floods which 26 

lead to socio-economic effects. For example, agriculture and horticulture (especially tropical 27 

fruits) of this area have been affected. It is noteworthy that in some parts of this province, people 28 
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have to travel about 4 Km to get drinking water. The only ocean port of Iran, Chabahar Port, is in 1 

this province. The Chabahar Port is the only place that has experienced the three extreme events 2 

of tropical cyclone (Tropical Cyclone Gonu (in June 2007), Phet (in May and June 2010) and 3 

Shaheen (in September and October 2021)). Pegahfar (2021) showed that the number of 4 

intensified tropical cyclone forming over the northwest of Indian Ocean might increase in the 5 

future. This implies that this region is vulnerable to be affected by tropical cyclone. Recently, 6 

after ten years, forming a new tropical cyclone naming Shaheen proved this hypothesis. Because 7 

more than half of the population of this province is rural and nomadic, significant parts of rivers' 8 

area, rangeland and wetlands in this province have been violated. In addition, excessive 9 

abstraction of groundwater has caused land subsidence and fissures. This led to large-scale 10 

consolidation (from a Persian-language article in a local journal). Therefore, decrease of water 11 

sinking into the ground and its absorption in the aquifers increases the probability of floods in 12 

this region containing remote villages. The consequence of these man-made damages may 13 

intensify the climate change in this area. For a strategic governmental decision, information 14 

about climate variability of temperature and precipitation in this area will be extremely valuable. 15 

The selected area, Sistan-and-Baluchestan Province, has been depicted in Figure 1, which 16 

is limited from 58 to 64°E and from 25 to 32°N. It has a complex topography of low coastal area 17 

in the south to peaks of around 2000 m above sea level in the northern part. However, the 18 

tropical-arid weather is dominant in the most part of this province, but it includes multi-climate 19 

regions of mountainous, forested and swampy areas in some places. Complexity of the terrain, 20 

scarce of the cities, and the sparsity of in-situ observations make this area as a challenging region 21 

for climate research. Hence, this area provides a great opportunity for climate research and 22 

evaluation of twenty-seven CMIP6-GCMs performance.  23 

2.2. Data 24 

In this study, two meteorological parameters of surface air temperature and precipitation have 25 

been investigated from the perspective of climate change over the southeast of Iran. To this aim, 26 

three datasets have been used, including (I) in-situ observational data, (2) gridded observational 27 

data from the Climatic Research Unit (CRU), and (3) outputs of CMIP6-GCMs. Each dataset has 28 

been described separately as below.  29 
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2.2.1. In-situ data 1 

Here, measured surface air temperature and precipitation data from thirteen weather stations in 2 

the selected province have been used. The principal features of each station have been listed in 3 

Table 1. All stations work until the end of January 2020. Location of the stations has been 4 

depicted in Figure 1. The incorporated stations recorded 3-hourly surface air temperature and 6-5 

hourly precipitation. All data were objected to quality control filters by Iran Meteorological 6 

Organization. All stations started measuring meteorological variables at the beginning of the 7 

month, so data in all days of months were available.  8 

2.2.2. CRU data 9 

Sparse in-situ data led to use gridded observational dataset as the other estimate. To this aim, 10 

near surface air temperature and precipitation data from CRU Time-Series (TS) version 4.05 11 

have been used (https://crudata.uea.ac.uk/cru/data/). The CRU datasets, containing station-based 12 

gridded data, have been widely utilized to correct reanalysis data sets (Weedon et al. 2014; Li et 13 

al. 2020). Here, monthly mean of surface air temperature and precipitation from the CRU dataset 14 

with 0.5-degree resolution in 1970-2020 period have been used.  15 

2.2.3. CMIP6 GCM models 16 

The simulated surface air temperature and precipitation using GCMs extracted from CMIP6, 17 

under the high end climate scenario of the shared socio-economic pathway (SSP5-8.5) and the 18 

mid-range scenario (SSP3-7.0) from 2021 to 2050 and using historical runs (during 1979-2020), 19 

have been used in this research. To extend the period of historical runs to 2020, data from the 20 

first six years of the related models from the SSP5-8.5 scenario have been used (similar to Doyle 21 

2020). The name and description of the models for each parameter have been listed in Table 2.  22 

2.3. Methodology 23 

Here, eight performance indicators have been used to evaluate the CMIP6-GCMs ability in 24 

estimating surface air temperature and precipitation over the Sistan-and-Baluchestan Province. 25 

Ranking the models' performance has been done using multi-criteria decision making method 26 

(MDCM) technique. The metrics and applied MCDM method have been described as below, 27 

respectively.  28 
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2.3.1. Evaluation metrics 1 

Eight indicators of Bhattacharya Distance (BD), Fourth Root Mean Quadrupled Error 2 

(R4MS4E), Kling-Gupta Efficiency (KGE, Gupta et al., 2009), Mean Absolute Error (MAE), 3 

Nash Sutcliffe Efficiency (NSE, Nash and Sutcliffe, 1970), Root Mean Square Error (RMSE), 4 

Skill Score (SS) and Symmetric Uncertainty (SU) have been considered as performance 5 

indicators. These error metrics have been used in the previous studies (BD: Anil et al. 2021; 6 

R4MS4E: Dehghani et al. 2014; KGE: Nashwan and Shahid, 2020; MAE: Collados-Lara et al. 7 

2018; NSE: Ghalami et al. 2021; R2M: Khadka et al. 2021; SS: Keellings 2016 and SU: Homsi 8 

et al. 2020). The expression of these error indicators have been tabulated in Table 3. 9 

2.3.2 MCDM technique  10 

In this research, the Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) 11 

has been used as the MCDM technique. This has been used in numerous research to rank the 12 

CMIP models (e.g. Li et al 2019; Nashwan and Shahid 2020; Song et al. 2021; Kamruzzaman et 13 

al. 2021). In this technique, the best alternative is determined based on the shortest distance to 14 

ideal and longest distance to anti-ideal solutions. To this aim, a payoff matrix has been 15 

generated. The performance criteria represent columns and CMIP6-GCMs form the rows of the 16 

payoff matrix. To limit the payoff matrix values in a range between zero and one, the payoff 17 

matrix has been normalized using sum normalization. Hence, the normalized values in each 18 

column show the probability. The allocation of weights to each element of the normalized payoff 19 

matrix has been employed using the entropy method. The entropy method measures the 20 

uncertainty in the context of probability theory; smaller the entropy more the information 21 

quantity. This method is an objective weighting method based on the equations as below: 22 

𝐸𝑗 = − (1𝑛) ∑ 𝑁𝑖𝑗  𝑙𝑜𝑔𝑒(𝑁𝑖𝑗)𝑛𝑗=1 ,                                                                                  (1-1) 23 

 𝑑𝑗 = 1 − 𝐸𝑗 ,                                                                                                                (1-2) 24 

𝑤𝑗 = 𝑑𝑗∑ 𝑑𝑗𝐽𝑗=1 ,                                                                                                                 (1-3) 25 
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where, 𝑁 represents the normalized payoff matrix and the index of 𝑖𝑗 refers to the element in the 1 𝑖th row and 𝑗th column. The number of performance evaluation metrics is 𝑛. Entropy, divergence 2 

and weight of the jth metrics is shown by 𝐸𝑗, 𝑑𝑗  and 𝑤𝑗, respectively. Due to the logarithmic 3 

transformation in Eq.1-1, it is necessary to avoid negative and zero values. This issue has been 4 

solved via subtracting the values from one (e.g. tabulating 1-KGE instead of KGE in the payoff 5 

matrix). To unify all ideal solution to zero value, the above modification has been applied to SU 6 

metric. A List of modified metrics has been shown in Table 3. The distance from the ideal and 7 

anti-ideal solutions (𝐷𝑆+ and 𝐷𝑆−) for each row have been calculated as below: 8 

𝐷𝑆𝑖+ =  √∑ (𝑉𝑖𝑗 − 𝐼𝑗)2𝐽𝑗=1 ,                                                                                                  (2-1) 9 

𝐷𝑆𝑖− = √∑ (𝑉𝑖𝑗 − 𝐴𝐼𝑗)2𝐽𝑗=1 ,                                                                                                  (2-2) 10 

𝑅𝐶𝑖 = 𝐷𝑆𝑖−𝐷𝑆𝑖−+𝐷𝑆𝑖+,                                                                                                                    (2-3) 11 

where the 𝑉 shows the weighted and normalized payoff matrix, 𝐼𝑗 is the ideal value for the jth 12 

column, 𝐴𝐼𝑗  represent the anti-ideal value for the jth column and 𝑅𝐶𝑖 is the relative closeness for 13 

each performance indicators.  14 

3. Results and Discussion 15 

In this research, climate of Sistan-and-Baluchestan Province has been assessed using two climate 16 

variables of surface air temperature and precipitation. Low number of meteorological stations in 17 

this province, led to use the CRU gridded data, which needs to be verified using in-situ data. 18 

Therefore, after clarifying the accuracy of CRU data, they will be used to evaluate twenty-seven 19 

CMIP6-GCMs’ performance from historical runs over the selected area during 1979-2020. In the 20 

evaluation process, eight metrics and TOPSIS MCDM method will be used and the three high-21 

ranked models will be determined. Then, behavior of twenty-seven CMIP5 GCMs simulations 22 

under SSP5-8.5 and SSP3-7.0 scenarios for the three future decades (2021-2050) will be 23 

investigated. Finally, the behavior of climatic variables over Sistand-and-Baluchestan Province 24 

in future will be presented. The results have been presented as below. 25 
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3.1. CRU data  1 

3.1.1. Verification 2 

The bias values for surface air temperature and precipitation between in-situ data and CRU data 3 

at the weather stations have been listed in Table 4. The cold bias values using CRU data are clear 4 

for 12 stations, with the mean bias value of -1.78 K. The maximum cold bias value of around -5 5 

K occurred at Mirjaveh and Rask stations with a short data record, while this reduced to 0.17 K 6 

and -0.09 K for Chabahar and Zabol stations with long-record data. In the precipitation term, the 7 

CRU data produced about 0.19 wet bias over the area. These indicate that the CRU data had a 8 

negligible error over the area and can be used for evaluation purpose.  9 

3.1.2. Horizontal distributions  10 

The averaged distribution of monthly surface air temperature (Figure 2a) and precipitation 11 

(Figure 2b) obtained from CRU during 1979-2020 have been calculated. A cold and wet center 12 

in the upper part of the area is evident. The latitudinal distributions of monthly surface air 13 

temperature and precipitation for 12 months during 1979-2020 have been depicted in Figures 2b 14 

and 2d. This Figure shows the warm season duration (from the middle of May to the end of July) 15 

for the whole considered latitudes, while the cold season is only seen in the latitudes upper than 16 

27 °N. The considered area experienced the precipitation more than 10 mm/month only at around 17 

four months.  18 

3.2. CMIP6-GCMs  19 

Performance of twenty-seven CMIP6-GCMs has been evaluated using model outputs under 20 

historical experiment and CRU data for the two considered climate variables in the period 1979-21 

2020. The behavior of these variables for the three future decades will be investigated using 22 

twenty-seven CMIP6-GCMs outputs under SSP5-8.5 and SSP3-7.0 scenarios with highlighting 23 

the three high-ranked models determined in the evaluation process. The results have been 24 

presented as below. 25 

 26 
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3.2.1. Evaluation of CMIP6-GCMs historical simulations 1 

a. Temperature 2 

Table 5 shows the list of coefficients obtained from linear fitting (ax+b) on the monthly surface 3 

air temperature and precipitation time series during 1979-2020 from twenty-seven CMIP6-4 

GCMs historical runs and also CRU data (the last row). All CMIP6-GCMs have reached the 5 

increasing trend (-0.002 < a < 0.005) for temperature. The related increasing trend found in CRU 6 

data shows the slope of 0.004 and an intercept of 294.8 K (21.8 ℃). Distribution and probability 7 

of density of monthly temperature from the models and those from the CRU data have been 8 

visualized in Figure 3. Most of CMIP6-GCMs have simulated the lower median values of 9 

monthly temperature than the CRU data. The smallest density values are seen around the 10 

minimum values. All models and CRU data show negatively skew in temperature distribution. 11 

For more detail, annual mean of surface air temperature anomalies has been also analyzed. 12 

Figure 4 indicates that in spite of increasing trend in all CMIP6-GCMs historical simulations, the 13 

distribution variability of surface air temperature was not the same and varied from 0.01 K to 14 

0.06 K, while that was 0.05 K for CRU data set. The UKESM1-0-LL, CanESM5-CanOE,  15 

ACCESS-CM2, CESM2-WACCM-FV2 and TaiESM1 models have simulated the most inter-16 

decadal variability of the surface air temperature and the MIROC6 and CNRM-CM6-1 and 17 

CAMS-CSM1-0 models produced the least variability. All CMIP6-GCMs, same as CRU data, 18 

have produced negative anomalies for the surface air temperature at the beginning of the studied 19 

period and reached the positive values at the end of that. Twenty-two CMIP6-GCMs produced 20 

slower increasing trend (slope < 0.05) than CRU data set. The level plot of annual temperature 21 

averaged over the studied area from twenty-seven CMIP6-GCMs and CRU data have been 22 

presented in Figure 5. This figure shows the temporal change of surface air temperature during 23 

the evaluation period. The weak performance of MIROC6 and CNRM-CM6-1 models for the 24 

whole of the period is evident in this figure. The IPSL-CM6A-LR, KACE-1-0-G and MCM-UA-25 

1-0 models also performed poorly at the beginning of the studied period.  26 

The discrepancy of horizontal distributions between surface air temperature from the twenty-27 

seven CMIP6-GCMs historical outputs and CRU data has been prepared in Figure 6. These 28 
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horizontal distributions show the maximum cold bias of -4 K and maximum warm bias of 10 K. 1 

Most of the models produced a dipole pattern, a warm region in the east and a cold region in the 2 

west with various extensions. The largest warm bias has been achieved using MIROC6 model, 3 

while IPSL-CM6A-LR and KACE-1-0-G models generated the largest cold bias.  4 

For an easier comparison between twenty-seven CMIP6-GCMs outputs and CRU gridded 5 

data, the Taylor diagram (Taylor et al. 2012) has been prepared. Figure 7a demonstrates that in 6 

the historical simulations the FGOALS-g3, MPI-ESM1-2-LR,  KACE-1-0-G and IITM-ESM 7 

models have produced the smallest RMSE (<1.6 K) and STD~8 K for the monthly temperature 8 

averaged over the Sistan-and-Baluchestan Province. All CMIP6-GCMs generated monthly 9 

temperature in an acceptable consistency with CRU data (correlation coefficient > 0.95). It is 10 

notable that the results from TaiESM1 and UKESM1-0-LL models could not be fitted in Taylor 11 

diagram due to RMSE=2.39 and 1.87, r = 0.97 and 0.97, and σ= 9.2 and 8.34, respectively. To 12 

cope this issue, the performance of twenty-seven CMIP6-GCMS has been ranked using eight 13 

performance indicators in TOPSIS MCDM technique (Figure 7b). The three models with the 14 

highest degree of accuracy in surface air temperature are CESM2-WACCM-FV2, MPI-ESM1-2-15 

LR and IITM-ESM models, respectively. The two lowest values of performance have been 16 

produced using MCM-UA-1-0 and MIROC6 models.  17 

b. Precipitation 18 

Table 5 indicates that the historical simulations of CMIP6-GCMs do not show a similar behavior 19 

for precipitation. Similar to CRU data, fifteen models reached the decreasing trend for 20 

precipitation, while the remaining twelve models showed the positive incline. The maximum 21 

value of monthly precipitation simulated by the models varies from 48.250 to 259.77 mm/month, 22 

while CRU data did not exceed 63.71 mm/month over the area. The violin plots of monthly 23 

precipitation simulated by the historical runs of CMIP6-GCMs and that from CRU data have 24 

been plotted in Figure 8. All batches have been positively skewed. The density traces, simulated 25 

by different CMIP6-GCMs, are not the same as those obtained from CRU, especially for values 26 

less than 10 mm/month. Figure 8 also demonstrates the various extreme values of monthly 27 

precipitation for the selected area. The MIROC6 model generated the largest error. To evaluate 28 

the simulated trends, time series of the regional annual monthly precipitation from twenty-seven 29 
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CMIP6-GCMs and CRU data have been depicted in Figure 9. Historical simulations of the 1 

models produced annual variability of 1.91 mm (in the MPI-ESM1-2-LR model) to 7.52 mm (in 2 

the MIROC-ES2L model), while CRU data showed 3.05 mm variability. The 3 

decreasing/increasing trends of annual precipitation are evident in this figure. The level types of 4 

annual precipitation from CMIP6-GCMs and CRU data have been depicted in Figure 10. 5 

Compared with results obtained for surface air temperature, the CMIP6-GCMs produced lower 6 

satisfactory in precipitation. For more details, the difference between the horizontal distribution 7 

of monthly precipitation between historical runs of CMIP6-GCMs and the CRU dataset has been 8 

calculated. Figure 11 shows that dry and wet bias varies from -6 to 20 mm/month. ACCESS-9 

CM2, CanESM5-CanOE, KACE-1-0-G, MPI-ESM1-2-LR, TaiESM1 and UKESM1-0-LL 10 

models simulated dry bias (<6 mm/month) over the whole of the terrain, while BCC-CSM2-MR, 11 

CESM2, CESM2-WACCM-FV2, CMCC-CM2-SR5, three CNRM*, FGOALS*, GFDL-ESM4, 12 

MCM-UA-1-0, MIROC*, MRI-ESM2-0 and NorESM2-MM models produced wet bias (up to 20 13 

mm per month) over the selected area. The other seven models generated a combined pattern of 14 

positive and negative bias for precipitation.  15 

The Taylor diagram depicted in Figure 12a analyzes the performances statistically. It 16 

illustrates that the consistency between monthly precipitation from CRU and historical runs of 17 

CMIP6-GCMs is lower than 0.5. The historical simulations of MPI-ESM1-2-LR, ACCESS-CM2 18 

and IITM-ESM models have produced monthly precipitation with the smallest RMSE values (~ 19 

13 mm per month). Results of the TaiESM1 and UKESM1-0-LL models could not be included in 20 

this diagram, due to their 𝜎 = 9.64 and 7.67, RMSE = 14.9 and 13.07 and r = 0.95 and 0.20 21 

values, respectively. TOPSIS MCDM technique with eight metrics was utilized to achieve a 22 

comprehensive understanding of the performance of the models and rank them. Figure 12b 23 

shows that the MPI-ESM1-2-LR, UKESM1-0-LL (however, with the wrong trend for annual 24 

values) and ACCESS-CM2 models performed the best, while the MIROC6 and MCM-UA-1-0 25 

models did the worst, respectively. The rank of the CMIP6-GCMs' performance in simulating 26 

surface air temperature and precipitation and their final rank have been tabulated in Table 6. The 27 

highest rank values belong to MPI-ESM1-2-LR, UKESM1-0-LL and ACCESS-CM2 models.  28 
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3.2.2. SSP5-8.5 and SSP3-7.0 scenarios  1 

The results obtained using SSP5-8.5 and SSP3-7.0 runs of the twenty-seven CMIP6-GCMs for 2 

the two parameters of surface air temperature and precipitation during 2021-2050 have been 3 

presented as below. 4 

a. Temperature 5 

Figure 13a and 13b shows the violin plot of simulated monthly surface air temperature. Similar 6 

to those obtained for the historical runs, a negative skewness with the lowest probability of the 7 

minimum values is evident for most models. A few models show the symmetric distribution. 8 

Simulated minimum and maximum values from the three high-ranked models (based on the 9 

results from the evaluation of the historical experiments) have been distinguished in Figure 13. 10 

These models predicted 2.5-3.4 (2.2-3.1) degrees increase in the maximum of surface 11 

temperature under SSP5-8.5 (SSP3-7.0) scenario, comparing with the CRU data in 1979-2020. 12 

The predicted minimum values also vary from -1.3 to 1.8 (from -0.1 to 1.3) under SSP5-8.5 13 

(SSP3-7.0) scenario. MIROC6 and MCM-UA-1-0 models predicted highest maximum and the 14 

lowest minimum values of surface air temperature for the three next decades.    15 

Trend of annual mean of surface air temperature under SSP5-8.5 and SSP3-7.0 scenarios 16 

have been calculated and plotted in Figure 14a and 14b, respectively. This figure shows that all 17 

CMIP6-GCMs predicted an increasing trend for temperature in the studied province. The 18 

positive values of the simulated slopes vary from 0.03 to 0.08. In addition, the predicted 𝜎 values 19 

have been ranged in 0.48-0.93 (0.52-0.82) degrees in SSP5-8.5 (SSP3-7.0) scenario. The Slope 20 

and intercept of linear lines fitted to the temperature from both scenarios have been listed in 21 

Table 7. This table indicates that under both scenarios, the three high-ranked CMIP6-GCMs 22 

show the increasing trend for surface air temperature. Averaged horizontal distributions of 23 

simulated monthly surface air temperature have been shown in Figure 15 (16) for SSP5-8.5 24 

(SSP3-7.0) scenario. Intrusion of warm air from the southwest of the province to the southeast of 25 

that has been appeared in the most outputs with various extensions and values. For the lesser 26 

latitudes, performance of MPI-ESM1-2-LR and UKESM1-0-LL models and relatively outputs 27 

from the ACCESS-CM2 model are similar. However, for the higher latitudes, a little difference 28 

in distribution is seen.   29 
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b. Precipitation 1 

Variability of the averaged value of monthly precipitation produced by twenty-seven CMIP6-2 

GCMs under both scenarios during 2021-2050 has been shown in Figures 17a and 17b. Decrease 3 

of maximum values of monthly precipitation from the three highest-ranked models under SSP5-4 

8.5 scenario is evident (figure 17a). Figure 17b shows that the maximum values of monthly 5 

precipitation of the mentioned models under SSP3-7.0 scenario will increase. However, the 6 

twenty-seven CMIP6-GCMs have not shown similar trends for the annual precipitation under the 7 

both scenarios (Figures 18a and b), but the three highest-ranked models predicted a decreasing 8 

trend with 0.001<slope<4.66 and 2.06<𝜎<4.66. Detailed characteristics of the linear fitted lines 9 

can be found in Table 7. 10 

Figure 19 shows that under SSP5-8.5 scenario, the ACCESS-CM2 model predicted 11 

precipitation less than 12 mm/month over the southwest of the area and less than 8 mm/month 12 

for the other parts, while the MPI-ESM1-2-LR and UKESM1-0-LL models generated 13 

precipitation less than 8 mm/month. Under the SSP3-7.0 scenario, ACCESS-CM2 model 14 

simulated around 8 mm/month for the whole of the terrain and the MPI-ESM1-2-LR and 15 

UKESM1-0-LL models predicted this maximum value only for a limited area (Figure 20). 16 

Finally, the decrease of the precipitation amount is evident for the three future decades.  17 

4. Summary and conclusions  18 

Here, long-term variations of surface air temperature and precipitation for the Sistan-and-19 

Baluchestan Province were analyzed to reach their probable behavior in the three next decades. 20 

To this aim, observational data measured at thirteen weather stations, CRU gridded data, and 21 

outputs of twenty-seven CMIP6-GCMs (under historical runs, SSP5-8.5 and SSP3-7.0 scenarios) 22 

were used. The climatic analysis of the two climatic factors was conducted in three steps.  23 

At the first step, CRU gridded data were compared with the in-situ data for the 24 

retrospective period 1979-2020, based on the recording duration in each weather station. The 25 

calculated bias values showed that the CRU data had sufficient accuracy to be used for the 26 

evaluation process. 27 
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In the second step, performance of the twenty-seven CMIP6-GCMs was evaluated 1 

comparing with the CRU data during 1979-2020. In the evaluation process, time series of annual 2 

values of the anomalies, long-term trends, horizontal distributions, probability density and   3 

visualization of the annual values all from the CRU data and CMIP6-GCMs were prepared and 4 

compared. The findings for surface air temperature and precipitation have been listed as below: 5 

(a) The results demonstrated the increasing trend for temperature both in the historical run 6 

of the twenty-seven CMIP6-GCMs and CRU data, however with different variability 7 

and slope values. The discrepancy of horizontal distributions between CRU data and 8 

most of CMIP6-GCMs showed a 10-degree warm bias (-4-degree cold bias) in the 9 

eastern-half (central west). Since the statistical metrics of RMSE, r and 𝝈 values for two 10 

models could not be fitted in the Taylor diagram, the effective and widely applied multi-11 

objective decision method of TOPSIS (from the MCDM technique) was used to 12 

comprehensively evaluate the CMIP6-GCMs performance. Therefore, eight performance 13 

indicators of BD, R4MS4E, KGE, MAE, NSE, RMSE, SS and SU were applied. The 14 

findings indicated that the three models of CESM2-WACCM-FV2, MPI-ESM1-2-LR 15 

and IITM-ESM surpassed the others in simulating temperature, while the models of 16 

MIROC6 and MCM-UA-1-0 generated the worst performance.  17 

(b) Twelve models of the selected CMIP6-GCMs failed in producing decreasing trends of 18 

precipitation, while the CRU data showed a decreasing trend. Moreover, most of 19 

CMIP6-GCMs overestimated the horizontal distribution of precipitation over the area. 20 

Based on the TOPSIS-MCDM technique the three models of MPI-ESM1-2-LR, 21 

UKESM1-0-LL and ACCESS-CM2 outperformed the others in simulating precipitation 22 

over the area, while the MIROC-ES2L and MCM-UA-1-0 models exhibited the weakest 23 

performance.  24 

The three models of MPI-ESM1-2-LR, UKESM1-0-LL and ACCESS-CM2 achieved the 25 

highest rank for the both climate variables of surface air temperature and precipitation. It is 26 

noticeable that these three models had the resolution of 250 km. It is noteworthy that 27 

Zamani1and Berndtsson (2019) found that the MIROC-ESM (BCC-CSM1.1) from CMIP5 28 

had the maximum relative closeness to the ideal solution for the Zard River basin 29 
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(Bakhtegan basin) in the west of Iran during 1976 to 2005. Katiraie-Boroujerdy et al. 1 

(2019) introduced the CCSM4 (from CMIP5) with the highest correlation coefficients and 2 

lowest RMSE for the mean annual precipitation over the whole of Iran. Miri et al. (2021) 3 

showed the historical temperatures estimated by all CMIP5 models were highly correlated 4 

with the observed temperatures all over Iran from 1987 to 2014. In their research, the 5 

highest accuracy was found in the mountainous areas of the western part during, while the 6 

accuracy decreased in the coastal areas of southern and northern Iran due to the complex 7 

topographical structure of the other effective local features that had not been incorporated 8 

in the models. This finding clearly proves the importance of the study in the coastal and 9 

southern parts of Iran. 10 

In the third step, the outputs of the CMIP6-GCMs, under SSP5-8.5 and SSP3-7.0 scenarios 11 

were investigated for the next three decades (2021-2050). With respect to the three high-ranked 12 

models from the evaluation process (in the second step), both scenarios predicted that the 13 

probability of occurrence of the lowest temperature, recorded during 1979-2020, would decrease. 14 

In addition, the maximum temperature will increase about 2.5-3.4 (2.2-3.1) degree under SSP5-15 

8.5 (SSP3-7.0) scenario, compared with the values in the historical experiment and CRU data. 16 

Both scenarios, predicted an increasing trend for the annual temperature. In spite of the different 17 

behavior of CMIP6-GCMs in predicting precipitation trends for 2021-2050, the three high-18 

ranked models showed decreasing trends. Meanwhile, the MPI-ESM1-2-LR and UKESM1-0-LL 19 

models showed a sharper decline. The results of the three highest-ranked models under the two 20 

scenarios, as increasing (decreasing) trend of temperature (precipitation), were similar.  21 

Conclusively, this research comprehensively investigated the performance of twenty-seven 22 

CMIP6-GCMs and showed that the climate change in the shape of increase of surface air 23 

temperature and decrease of precipitation amount over the Sistan-and-Baluchestan Province 24 

would be expected for the next three decades (2021-2050). It is noteworthy that the results 25 

obtained during this research only reflect the changes predicted in the models in global scale, 26 

while the role of environment in regional and local scale and more importantly the impact of 27 

policies adopted, which are able to intensify these findings, also should be also considered. This 28 

means that the selected area is prone to experience a high degree of climate change (more severe 29 
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than before) and needs precise policymaking. Therefore, the provided information from the 1 

present work can be applied in governmental policies for decision making in economic-social 2 

structures, ecology protection, agricultural production and public health, especially in risk 3 

management for food security and water resource. Therefore, more exact policies and precise 4 

planning are needed for such a strategic area and ignoring this issue for this province with a 5 

significant nomadic population and the only international port of Iran will cause irreparable 6 

damage leading to human migration.  7 
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Figures

Figure 1

The map of Iran (left) and Sistan-and-Baluchestan Province with elevation from the sea (right). The
stations have been indicated in brown dots.  



Figure 2

Latitude/longitude distribution of the averaged surface air temperature (K) in (a) and precipitation
(mm/month) in (b) during 1979-2020 from CRU data. The Latitudinal distribution of monthly averaged
value of surface air temperature and precipitation for 12 months during 1979-2020 using CRU data have
been depriced in (c) and (d). 



Figure 3

Violin plot of monthly surface air temperature (K) from the historical experiment of CMIP6-GCMs during
1979-2020 and from CRU data set. Since the horizontal axis is arranged alphabetically, results of CRU
data have been highlighted with a red arrow. The median values have been depicted in white circles and
the thick black lines show the limit of the �rst and third quartiles. 



Figure 4

Time series of annual mean of surface air temperature anomalies in twenty-seven CMIP6-GCMs
simulations using historical experiment (1979-2020) and the observation (CRU data set). The blue line
shows the trend. Standard deviation and the slope of the �tted linear line have been depicted in each
subplot.



Figure 5

Annual surface temperature over the area from twenty-seven CMIP6-GCMs historical experiment and CRU
data set during 1979-2020.



Figure 6

Latitude/longitude distribution of monthly surface air temperature (K) from CMIP6-GCMs (using historical
experiment, 1979-2020) minus the values of the CRU data set. The violin, black and blue lines show
Sistan-and-Baluchestan Province boundary, country boundary and the northern coast of Oman Sea,
respectively.



Figure 7

The Taylor diagram of the monthly temperature (K) averaged over the selected area during 1979-2020
using CRU data (Obs) and historical experiment of twenty-seven CMIP6 GCMs.due to their The right
subplot is the zoom of the left one. Results of the twenty-sixth and twenty-seventh CMIP6-GCMs could
not be �tted to this diagram, σ values (9.2 and 8.34), RMSE (2.39 and 1.87) and r (0.97 and 0.97) values,
respectively. Rank of CMIP6-GCMs accuracy in determining the surface temperature over the Sistan-and-
Baluchestan comparing with the CRU data during 1979-2020 (b).

Figure 8



Violin plot of monthly precipitation (mm) from CMIP6-GCMs using historical experiment during 1979-
2020 and those from CRU data set. Since the horizontal axis is arranged alphabetically, results of the CRU
data set have been highlighted in a red-dotted rectangle.

Figure 9

Annual precipitation over the area from twenty-seven CMIP6-GCMs historical experiment and CRU data
set during 1979-2020.

Figure 10

Time series of annual precipitation anomalies (mm/month) in twenty-seven CMIP6-GCMs simulations
using historical experiment (1979-2020) and the observation (CRU data set). The blue line shows the
trend. Standard deviation and the slope of the �tted linear line have been depicted in each subplot. 

Figure 11

Latitude/longitude distribution of precipitation (mm/month) from CMIP6-GCMs (using historical
experiment, 1979-2020) minus the values of the CRU data set. The violin, black and blue lines show



Sistan-and-Baluchestan Province boundary, country boundary and the northern coast of Oman Sea,
respectively. 

Figure 12

The Taylor diagram for monthly precipitation (mm) averaged over the selected area during 1979-2020
using CRU data and historical experiment of CMIP6-GCMs (a). Results of the twenty-sixth and twenty-
seventh CMIP6-GCMs couldn’t be �ted to this diagram, due to their STD (9.64 and 7.67), RMSE (14.9 and
13. 07) and CC (0.95 and 0.20) values, respectively. The rank of CMIP6-GCMs accuary in determining the
precipitation over the Sistan-and-Baluchestan comparing with the CRU data during 1979-2020 (b).

Figure 13

Violin plot of monthly surface air temperature (K) from CMIP6-GCMs using SSP5-8.5 scenario (a) and
SSp3-7.0 (b) experiment during 2021-2050. 



Figure 14

Time series for the annual mean of anomaly of surface air temperature in twenty-seven GCMs of CMIP6
using SSP5-8.5 (a) and SSP3-7.0 (b) scenarios (2021-2050). The blue lines show the trends. Standard
deviation and the slope of the �tted linear line have been depicted in each subplot.



Figure 15

Horizontal distribution of monthly surface air temperature (K) averaged in the period 2021-2050 using
CMIP6-GCMs outputs under SSP5-8.5 scenario. The violin, black and blue lines show Sistan-and-
Baluchestan Province boundary, country boundary and the northern Coast of Oman Sea, respectively. 

Figure 16

Horizontal distribution of monthly surface air temperature (K) averaged in the period 2021-2050 using
CMIP6-GCMs outputs under SSP5-8.5 scenario. The violin, black and blue lines show Sistan-and-
Baluchestan Province boundary, country boundary and the northern coast of Oman Sea, respectively.  

Figure 17

Violin plot of monthly precipitation (mm) from CMIP6-GCMs using SSP5-8.5 (a) and SSP3-7.0 (b)
experiments during 2021-2050.



Figure 18

Time series of annual mean of precipitation anomaly in twenty-seven GCMs of CMIP6 simulations using
SSP5-8.5 (a) and SSP3-7.0 (b) scenarios (2021-2050). The blue lines show the trends. Standard deviation
and the slope of the �tted linear line have been depicted in each subplot.

Figure 19



Horizontal distribution of monthly precipitation (mm) averaged in the period 2021-2050 using CMIP6-
GCMs outputs with SSP5-8.5 experiment. The violin, black and blue lines show Sistan-and-Baluchestan
Province boundary, country boundary and the northern coast of Oman Sea, respectively. 

Figure 20

Horizontal distribution of monthly precipitation (mm) averaged in the period 2021-2050 using CMIP6-
GCMs outputs with SSP3-7.0 experiment. The violin, black and blue lines show Sistan-and-Baluchestan
Province boundary, country boundary and the northern coast of Oman Sea, respectively. 


