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Abstract 13 

In a changing climate, drought indices as well as drought definitions need to be revisited, 14 

because some statistical properties, such as long-term mean, of climate series may change 15 

over time. The study aims to develop a Non-stationary Standardized Precipitation 16 

Evapotranspiration Index (NSPEI) for reliable and robust quantification of drought 17 

characteristics in a changing environment. The proposed indicator is based on a non- 18 

stationary log-logistic probability distribution, assuming the location parameter of the 19 

distribution is a multivariable function of time and climate indices, as covariates. The optimal 20 

non-stationary model was obtained using a forward selection method in the framework of 21 

Generalized Additive Models in Location, Scale and Shape (GAMLSS) algorithm. The Non- 22 

stationary and Stationary forms of SPEI (i.e. NSPEI and SSPEI) were calculated using the 23 

monthly precipitation and temperature data of 32 weather stations in Iran for the common 24 

period of 1964-2014. The results showed that almost at all the stations studied, the non- 25 

stationary log-logistic distributions outperformed the stationary one. Both drought indicators 26 

SSPEI and NSPEI significantly differed in terms of spatial and temporal variations of drought 27 

characteristics. While SSPEI identified the long-term and continuous drought/wet events, 28 
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NSPEI revealed the short-term and frequent drought/wet periods at almost all the stations of 29 

interest. Finally, it was revealed that NSPEI, compared to SSPEI, was a more reliable and 30 

robust indicator of drought duration and drought termination in vegetation cover during the 31 

severest drought period (the 2008 drought), and therefore, was suggested as a suitable 32 

drought index to quantify drought impact on vegetation cover in Iran.   33 

Keywords: Drought; Non-stationary; SPEI; NSPEI; GAMLSS; Iran.  34 

1. Introduction 35 

Drought, as a recurrent and normal feature of climate, affects economy, society, and 36 

environment across the globe (Wilhite 2000). Historical evidence shows that Iran has 37 

suffered from the long-term and devastating droughts during few centuries ago. For instance, 38 

the intensive famines during 1870-1872 and 1917-1919 which occurred due to drought 39 

occurrences, endangered water and food security throughout the country, and destroyed half 40 

of the population (De Planhol 2012). Bazrafshan et al. (2017) specified that during 1894- 41 

2010, Iran (with average annual precipitation of 254 mm) had experienced 23 drought events, 42 

ranging from 1 to 10 years. The 2008-2010 and 1998-2002 droughts, with total precipitation 43 

deficits of 176.1 and 180.4 mm, respectively, were identified as the most severe and 44 

extensive drought events. As reported by OFDA/CRED (2015), drought was ranked first 45 

among all natural hazards in Iran based on the number of people affected during 1900-2015. 46 

Drought is conventionally defined as a temporary period of moisture deficit relative to 47 

the long-term average at a given location (Mishra and Singh 2010, Paulo and Pereira 2006, 48 

Van Loon 2015). This simple definition, however, cannot be used in the regional studies of 49 

drought. To this end, drought indices are used. Using standardization of moisture 50 

deficiencies, drought indices enable us to compare different locations based on their drought 51 

characteristics (such as severity and duration) (Şen 2015). These indices have been used to 52 

monitor meteorological, agricultural, and hydrological droughts (Wilhite and Glantz 1985). 53 
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The origin of all droughts starts from lack of precipitation (meteorological drought). It 54 

gradually spreads to the other sectors in the form of deficiency in soil moisture (agricultural 55 

drought) and reduction of surface water and groundwater resources (hydrological drought) 56 

(Bhardwaj et al. 2020, Huang et al. 2017, Van Lanen 2006). Therefore, the accurate 57 

monitoring of meteorological drought would be very important in predicting agricultural and 58 

hydrological droughts. In this research, meteorological drought is considered.  59 

Precipitation and evapotranspiration are the two main variables of meteorological 60 

drought indices (Beguería et al. 2014, Tirivarombo et al. 2018, Vicente-Serrano et al. 2010). 61 

In the energy-limited areas such as humid and rainy areas of northern Iran, precipitation alone 62 

is sufficient to monitor meteorological drought. In the water-limited areas such as the hyper 63 

arid and semi-arid regions of Iran, in addition to precipitation, atmospheric evaporative 64 

demand (AED) also plays a crucial role and need to be taken into account for effective 65 

drought monitoring and management (Bazrafshan 2017). 66 

During the last two decades, the Standardized Precipitation Index (SPI), developed by 67 

McKee et al. (1993), have been widely used for assessing the temporal and spatial variations 68 

of meteorological droughts across the globe. The first feature of SPI is that it is 69 

dimensionless, which allows the index to be comparable in different geographical locations. 70 

The other feature of SPI is its ability to be calculated on multiple timescales (short-term, 71 

medium-term, and long-term) that provide a projection of the drought occurrence in soil, 72 

surface water and groundwater resources (Mishra and Singh, 2011). The SPI substantially fits 73 

the appropriate probability distribution (e.g. Gamma) to a series of cumulative precipitation at 74 

a given timescale, and then, transforming the probability of any cumulative precipitation 75 

value to the standard normal variate (called SPI) (Guenang and Kamga 2014, WMO 2012). 76 

The mathematical algorithm governing this index became so popular that several drought 77 

indices (both univariate and multivariate) were developed based on the same mathematical 78 
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algorithm (Bateni et al. 2018, Bazrafshan et al. 2014, Vicente-Serrano et al. 2010). One of the 79 

drought indices that follows the mathematical algorithm of SPI is the Standardized 80 

Precipitation Evapotranspiration index (SPEI) (Vicente-Serrano et al. 2010). Instead of the 81 

precipitation deficiency with respect to the long-term average, SPEI is calculated based on 82 

the precipitation shortage with respect to AED at multiple timescales. Also, instead of a 83 

stationary Gamma distribution, it uses a stationary three-parameter log-logistic distribution 84 

(Beguería et al. 2014, Hernandez and Uddameri 2014, Vicente-Serrano et al. 2010). SPEI has 85 

all the benefits of SPI. A feature that makes SPEI superior to SPI is that it can incorporate the 86 

effect of global warming into the severity of drought. This effect appeared in the initial 87 

version of SPEI, in which monthly mean temperature was used to calculate AED from the 88 

Thornthwaite method (Thornthwaite 1948). The issue of selecting the appropriate method for 89 

calculating AED can be crucial in the SPEI computation, because the method of calculating 90 

AED may significantly affect the SPEI results. For example, Zarei and Mahmoudi (2020) 91 

examined the effect of different methods of calculating AED on the SPEI calculations at a 92 

number of meteorological stations in Iran. Using some statistical tests and metrics, they 93 

indicated that there were no significant differences between the SPEIs calculated by the 94 

method Thornthwaite (1948) and those calculated by the FAO Penman-Monteith reference 95 

method (Allen et al. 1998). Mavromatis (2007) also showed that the use of simple and 96 

complex methods to calculate AED in a drought index such as Palmer Drought Severity 97 

Drought Index (PDSI) produced similar results.  98 

Climate change, in the most optimistic case, will change the average of climatic 99 

elements such as precipitation and air temperature (IPCC 2014), and this change in the 100 

average would not be consistent with the existing definitions of droughts. Therefore, 101 

definition of drought in a changing climate needs to be revisited. The main effects of future 102 

climate change are the regional increase/decrease of precipitation and the global increase in 103 
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air temperature (IPCC 2014). Under stationary climatic conditions and assuming low 104 

variability of other climatic factors such as air temperature, the traditional SPI is capable of 105 

representing the effect of precipitation variations on drought (Russo et al. 2013). Under non- 106 

stationarity of precipitation data, the development of a Non-stationary SPI (NSPI) for drought 107 

assessment has been proposed (Li et al. 2015, Rashid and Beecham 2019, Wang et al. 2015). 108 

Although the NSPI considers the precipitation changes in a changing climate, it, like the SPI, 109 

is unable to demonstrate the effect of global warming on drought characteristics (Asadi Zarch 110 

et al. 2015). In such condition, as stated earlier, the SPEI may be a suitable option. However, 111 

SPEI calculations are also reliable under assumption of climate stationarity.  112 

Incorporating the environmental changes in the context of drought indices is an 113 

important issue which is not regarded in the traditional drought indices (Li et al. 2015). So 114 

far, efforts have been made to develop drought indices under climate non-stationarity. 115 

According to literature, the first study in this context was carried out by Russo et al. (2013). 116 

They believed that the effect of climate change signals on climate variables for the periods 117 

longer than 30 years is significant, and therefore, the results of drought indices such as SPI 118 

would not be reliable due to the changes in the statistical parameters (especially, location 119 

parameter) of Gamma distribution for those long periods. To overcome this issue, they 120 

developed a non-stationary Gamma distribution in the SPI structure and called the new index 121 

as the Standardized non-stationary Precipitation Index (SnsPI). Wang et al. (2015) proposed a 122 

time-dependent Standardized Precipitation Index (SPIt) in the Luanhe River Basin, China. 123 

Non-stationarity in SPIt was modeled by fitting a Gamma distribution with a time-dependent 124 

location parameter to the summer precipitation data. Non-stationary models were introduced 125 

as polynomial regression functions with the degrees less than or equal to 3 of time within the 126 

Generalized Additive Models in Location, Scale and Shape (GAMLSS) framework. The 127 

optimal non-stationary model was selected by minimizing the Akaike Information Criterion 128 
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(AIC) (Akaike 1974) and the Schwarz Bayesian Criterion (SBC) (Schwarz 1978). The results 129 

showed that in most situations, the non-stationary Gamma distribution has a better fit to the 130 

precipitation series compared to its stationary form; therefore, SPIt was introduced as a more 131 

reliable and robust drought index than SPI in the study river basin. Bazrafshan and Hejabi 132 

(2018) developed a Non-stationary Reconnaissance Drought Index (NRDI) for drought 133 

monitoring in a changing climate in Iran. They considered the location parameter of the log- 134 

normal probability distribution as a polynomial regression function of time. Both stationary 135 

and non-stationary forms of log-normal distribution were fitted to the series of the 136 

precipitation to evapotranspiration ratio at different timescales. Results showed that, in most 137 

stations, the non-stationary log-normal distribution was able to simulate the monotonic 138 

downward trend identified by the Mann-Kendall test, and outperformed the stationary one. 139 

One of the important limitations of time-dependent drought indices such as SnsPI, SPIt, 140 

and NRDI is that the assumption of the linear relationship of distribution parameters with 141 

time is not always true in the future behavior of climate data, because this linear relationship 142 

may be part of a larger cycle which are not manifest in current data (Li et al. 2015). 143 

Furthermore, the time-dependent non-stationary models cannot accurately represent the 144 

variability in distribution parameters (Serinaldi and Kilsby 2015). To resolve this issue, the 145 

climate signals such as ENSO and NAO were proposed as the explanatory variables (or 146 

covariates) in some studies, as follow. Li et al. (2015) developed a Non-stationary 147 

Standardized Precipitation Index (NSPI) in the Luanhe River Basin, China. They used a 148 

number of large-scale climate indices, as covariates, to estimate the location parameter of 149 

Gamma distribution on the basis of three groups of models (i.e. stationary, time-dependent 150 

non-stationary, and the climate index-dependent non-stationary). They concluded that the 151 

climate index-dependent non-stationary models outperformed the other two groups; hence, 152 

the time-dependent models proposed in the study of Wang et al. (2015) were not suitable for 153 
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drought assessment in the same basin. Also, due to the fact that the non-stationary models use 154 

the lagged values of climate indices, the variability of the distribution parameters over time is 155 

maintained in the NSPI calculations. Additionally, the NSPI was able to simulate well the 156 

historical droughts of the basin as well as their spatiotemporal characteristics. Wang et al. 157 

(2020) presented a Non-stationary Standardized Streamflow Index (NSSI) in the Luanhe 158 

River Basin of China. The NSSI considers the non-stationarities caused by both the climatic 159 

and anthropogenic effects on the river flow. The climatic effects were incorporated into the 160 

framework of non-stationary models using the climate indices (i.e. teleconnections) and the 161 

anthropogenic effects using the Soil and Water Assessment Tools (SWAT) model. Results 162 

showed that NSSI describes the temporal and spatial variability of the river flow better than 163 

the Standardized Streamflow Index (SSI). Kang and Jiang (2019) offered a standardized 164 

streamflow index for monitoring hydrological drought under the environmental change 165 

conditions of China's Yangtze River. The statistical tests did not confirm the stationary 166 

assumption of the streamflow data. Therefore, the two covariates, time and modified 167 

reservoir index, were applied to model the non-stationarity in the streamflow data. They 168 

concluded that the modified reservoir index incorporated in the non-stationary model 169 

reported more severe droughts than the stationary one. However, the time-dependent non- 170 

stationary model underestimated the risk of drought events. Rashid and Beecham (2019) 171 

developed a Non-stationary Standardized Precipitation Index (NSPI) within the GAMLSS 172 

algorithm for drought monitoring in South Australia. They used climate signals as covariates 173 

to model the non-stationarity in precipitation data. The results showed the superiority of the 174 

non-stationary models to the stationary model in representing drought characteristics. They 175 

concluded that the recurrence period of the drought events of larger than any amount of 176 

drought severity and duration estimated by NSPI was significantly different from those of the 177 

Stationary Standardized Precipitation Index (SSPI). 178 
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As mentioned earlier, in a changing environment where either both precipitation and 179 

AED variables or one of them are non-stationary, the drought assessment and the statistical 180 

analyses based on the stationary assumption of data would not be reliable. Therefore, in the 181 

continuation and progression of the previous studies, there will be a need to develop the non- 182 

stationary form of SPEI for more robust and reliable monitoring of meteorological drought in 183 

a changing climate. The purpose of this study is to propose a Non-stationary Standardized 184 

Evapotranspiration Precipitation Index (NSPEI) under changing climate conditions in Iran. 185 

Non-stationary modeling of climate variables is carried out using the covariates, namely, time 186 

and the teleconnections, such as ENSO and NAO, affecting the climate of Iran. Both 187 

stationary and non-stationary indices are compared in terms of several temporal and spatial 188 

drought characteristics. Finally, the temporal variations of vegetation cover and both 189 

stationary and non-stationary drought indices were evaluated during the severest drought 190 

period (the 2008 drought) in Iran, in order to introduce a suitable drought index to monitor 191 

drought impact on vegetation cover.    192 

2. Materials and Methods 193 

2.1. Study Area: Geographical Characteristics, Climate, and Teleconnections 194 

Geographically, Iran is located in West Asia in the range of 63°– 44° East longitude and 29°– 195 

35° North latitude. Most of Iran's climate is arid (64%) and semi-arid (20%), due to its 196 

location in the subtropical high-pressure subsidence zone. In addition, about 16% of its area 197 

is Mediterranean to very humid (Khalili 1997). The main controllers of Iran's climate are: 198 

latitude, altitude, and distance from the seas and oceans. The latitudinal expanse of Iran, in 199 

fact, directly affects the solar radiation and temperature regimes of its different regions. The 200 

Alborz Mountains in the north and the Zagros Mountains in the west of the country act as 201 

walls that prevent moisture from reaching the central parts of the country, and as a result, 202 

create two very dry and hot deserts, Kavir and Lut, in those regions. Iran's climate is also 203 
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influenced by the near (Caspian Sea, the Persian Gulf and Oman Sea) and distant (Black Sea, 204 

Mediterranean Sea, Indian Ocean, Atlantic Ocean, and the Red Sea) water bodies (Khalili and 205 

Rahimi 2018). The main sources of precipitation in Iran are the low pressures (mainly 206 

Mediterranean) that influence the spatial and temporal distribution of precipitation directly 207 

during seven months of the year from mid-October to mid-March (Khalili and Rahimi 2014). 208 

Siberian’s high pressure also plays an important role in the precipitation occurrence on the 209 

southern shores of the Caspian Sea in November and December. Precipitation amount 210 

decreases from the west to the east and from the north to the south of the country. The long- 211 

term average annual precipitation in Iran is 254 mm, which varies between 13 mm and 2003 212 

mm across the country. The long-term average temperature in the country varies between 213 

1.6℃ (at the elevation of 3000m) to 28℃ (on the southern coast) (Khalili 1997, Khalili and 214 

Rahimi 2018). Generally, climate change is expected to make the country warmer and drier in 215 

the future (Bazrafshan 2017, Rahimi et al. 2013, Vaghefi et al. 2019). 216 

There are a large number of studies that connect large-scale atmospheric–oceanic 217 

phenomena (i.e. teleconnections) to the occurrence of droughts/floods in different parts of the 218 

country in different seasons of the year. Research in this context suggests that four 219 

teleconnections, namely El Niño–Southern Oscillation (ENSO), North Atlantic Oscillation 220 

(NAO), Arctic Oscillation (AO), and North Caspian Sea Pattern (NCP), have major effects on 221 

climate variability in Iran, as discussed below: 222 

i. ENSO: In the majority of the country, autumn precipitation increases during the 223 

positive phase of ENSO (i.e. El Niño), and winter and summer precipitation decreases. 224 

In addition, a severe La Niña (the negative phase of ENSO) intensify the probability of 225 

dry conditions in autumn and the probability of wet condition in winter and summer 226 

(Golian et al. 2015, Nazemosadat and Cordery 2000, Nazemosadat and Ghasemi 2004).  227 
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ii. NAO: The strong NAO is associated with high precipitation and low temperature in 228 

winter in most region of Iran (Moradi 2004).  229 

iii. AO: Air temperature in winter is negatively associated with AO in most parts of Iran. 230 

This means that the positive (negative) air temperature anomalies are correlated with 231 

the negative (positive) AO phases (Ghasemi and Khalili 2006).  232 

iv. NCP: NCP’s positive (negative) phase accords with the increase (decrease) in Iran’s 233 

winter precipitation. The colder (warmer) than normal winter temperature in Iran is 234 

consistent with the positive (negative) phase of NCP (Ghasemi and Khalili 2008). 235 

2.2. Data 236 

In this study, three different datasets were used:  237 

i. Local-scale climate data, measuring at weather stations, were employed to calculate 238 

drought indices. The monthly precipitation and air temperature data recorded at 32 239 

weather stations (Fig. 1) in Iran cover a common period from 1964 to 2014. The data 240 

were procured from IR of Iran Meteorological Organization (IRIMO). Preliminary 241 

assessments of the data showed that 18 out of 32 stations had no missing values during 242 

the record period. Missing data of a given station (i.e. the base station) were filled using 243 

a regression equation between the base station and a neighboring station of complete 244 

data that was strongly correlated with the base station (Sattari et al. 2017).  245 

ii. Large-scale climate indices (teleconnections), occurring at far distances over oceans, 246 

were used as covariates within the non-stationary models. The monthly data of ENSO, 247 

NAO, and AO were downloaded from the webpage of NOAA 248 

(https://www.ncdc.noaa.gov/teleconnections/) and those of NCP from the webpage of 249 

CRU (https://crudata.uea.ac.uk/cru/data/ncp/ncp.dat). 250 

iii. Normalized Difference Vegetation Index (NDVI) data, being the product of NOAA 251 

Global Inventory Monitoring and Modeling System (GIMMS), version 3g.v1, were 252 
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used to monitor the drought occurrence in vegetation cover. The temporal resolution of 253 

the product is twice a month (each 15 days) with a 0.083° by 0.083° spatial grid 254 

resolution. The data covered the period of July 1981 to December 2015 (Pinzon and 255 

Tucker 2014), and are available from the webpage 256 

(https://ecocast.arc.nasa.gov/data/pub/gimms/3g.v1).  257 

2.3. Methods 258 

2.3.1. Standardized Precipitation Evapotranspiration Index (SPEI) 259 

The Standardized Precipitation Evapotranspiration Index (SPEI), as a climatic drought index, 260 

was proposed by Vicente-Serrano et al. (2010). Calculation of SPEI includes several steps, as 261 

follow: 262 

i. Calculation of a simple climatic water balance according to the following equation: 263 𝐷𝐷𝑖𝑖 = 𝑃𝑃𝑖𝑖 − 𝐴𝐴𝐴𝐴𝐷𝐷𝑖𝑖                                                                                                         (1)  264 

where 𝐷𝐷𝑖𝑖 is the difference between precipitation (𝑃𝑃𝑖𝑖) and atmospheric evaporative 265 

demand (𝐴𝐴𝐴𝐴𝐷𝐷𝑖𝑖) in the month number 𝑖𝑖 in the time series (𝑖𝑖 = 1 indicates the first data of time 266 

series and 𝑖𝑖 = 𝑛𝑛 is the last data of time series). As justified in the Introduction section, the 267 

method of Thornthwaite (1948) was used to calculate AED in this study. In addition, the 268 

method requires only monthly mean air temperature data, which is easily accessible from 269 

many weather stations across the study area. 270 

ii. Selection of timescale: In this research, SPEI was calculated at 12-month timescale due 271 

to the management of Iran's water resources on the water-year scale (i.e. from October 272 

of the current year to September of next year) (Raziei et al. 2008). Likewise, the 12- 273 

month timescale is the most prevailing precipitation cycle across the world (Byun and 274 

Wilhite 1999). 275 

iii. Moving aggregation of consecutive 𝐷𝐷-values at a given timescale: 276 𝑥𝑥𝑡𝑡,𝑘𝑘 = ∑ 𝐷𝐷𝑖𝑖𝑡𝑡𝑖𝑖=𝑡𝑡−𝑘𝑘+1             𝑓𝑓𝑓𝑓𝑓𝑓  𝑡𝑡 ≥ 𝑘𝑘                                                                        (2) 277 
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where 𝑥𝑥𝑡𝑡,𝑘𝑘 is the cumulative 𝐷𝐷-values of the 𝑘𝑘-month timescale (here 𝑘𝑘 = 12) at the time 𝑡𝑡 278 

(𝑡𝑡 = 1, 2, … ,𝑛𝑛) and is called the 𝑥𝑥-series, hereafter.  279 

iv. Fitting a suitable probability distribution function to the 𝑥𝑥-series. According to the 280 

studies of Vicente-Serrano et al. (2010), the three-parameter log-logistic distribution 281 

has the flexibility to fit appropriately the 𝑥𝑥-series worldwide, with assuming the 282 

temporal stationarity of the series. The mathematical form of the probability density 283 

function of the above-mentioned distribution is expressed as below: 284 

𝑓𝑓(𝑥𝑥) =
𝛽𝛽𝛼𝛼 (

𝑥𝑥−𝛾𝛾𝛼𝛼 )𝛽𝛽−1 �1 + �𝑥𝑥−𝛾𝛾𝛼𝛼 �𝛽𝛽�−2                                                                              (3) 285 

where 𝛼𝛼, 𝛽𝛽 and 𝛾𝛾 are the parameters of scale, shape and location of the distribution, 286 

respectively, and 𝑥𝑥 is the cumulative series of 𝐷𝐷-values at a given timescale. The parameters 287 

of this function are obtained using the L-moment method (Hosking, 1990) from the following 288 

equations: 289 𝛽𝛽 =
2𝑤𝑤1−𝑤𝑤06𝑤𝑤1−𝑤𝑤0−6𝑤𝑤2                                                                                                             (4) 290 

𝛼𝛼 =
(𝑤𝑤0−2𝑤𝑤1)𝛽𝛽𝛤𝛤(1+1𝛽𝛽)𝛤𝛤(1−1𝛽𝛽)

                                                                                                            (5) 291 

𝛾𝛾 = 𝑤𝑤0 − 𝛼𝛼𝛼𝛼(1 +
1𝛽𝛽)𝛼𝛼(1 − 1𝛽𝛽)                                                                                      (6) 292 

where 𝛼𝛼(. ) is the Gamma function and 𝑤𝑤0, 𝑤𝑤1 and 𝑤𝑤2 are the probability weighting moments 293 

calculating from the following equation: 294 𝑤𝑤𝑠𝑠 =
1𝑛𝑛∑ (1 − 𝐹𝐹𝑚𝑚)𝑠𝑠𝐷𝐷𝑚𝑚𝑛𝑛𝑚𝑚=1                                                                                              (7) 295 

where 𝐹𝐹 is the empirical distribution function, 𝑛𝑛 is the total number of data, 𝑚𝑚 is the rank of 296 

data in the ascending order, and 𝑠𝑠 is the moment order, and here it is considered zero, 1, and 297 

2 to calculate the terms 𝑤𝑤0, 𝑤𝑤1 and 𝑤𝑤2, respectively, in Eq. (4-6). The value of 𝐹𝐹 is calculated 298 

from the empirical function (Hosking 1990), as below: 299 𝐹𝐹𝑚𝑚 =
𝑚𝑚−0.35𝑛𝑛                                                                                                                       (8) 300 
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The log-logistic cumulative distribution function of 𝑥𝑥 is defined by the expression: 301 

 𝐹𝐹(𝑥𝑥) = �1 + (
𝛼𝛼𝑥𝑥−𝛾𝛾)𝛽𝛽�−1                                                                                                   (9) 302 

v. Calculation of SPEI: The cumulative probability of any value of 𝑥𝑥 (i.e. 𝐹𝐹(𝑥𝑥)) is 303 

transformed to the standard normal variate (with mean zero and variance one), so- 304 

called SPEI. Using the approximation of Abramowitz and Stegun (1965), the 305 

cumulative probability is transformed to the standard normal variate (i.e. the SPEI 306 

equation), as follows: 307 𝑆𝑆𝑃𝑃𝐴𝐴𝑆𝑆 = 𝑊𝑊 − 𝐶𝐶0+𝐶𝐶1𝑊𝑊+𝐶𝐶2𝑊𝑊21+𝑑𝑑1𝑊𝑊+𝑑𝑑2𝑊𝑊2+𝑑𝑑3𝑊𝑊3                                                                                      (10) 308 

in which, 309 𝑊𝑊 = �−2 𝑙𝑙𝑛𝑛(𝑃𝑃) 𝑓𝑓𝑓𝑓𝑓𝑓 𝑃𝑃 ≤ 0.5                                                                                   (11) 310 

and 𝑃𝑃 = 1 − 𝐹𝐹(𝑥𝑥). If 𝑃𝑃 > 0.5, 1 − 𝑃𝑃 is substituted for 𝑃𝑃 in Eq. (11). The constants in the 311 

SPEI equation are: 312 𝐶𝐶0 = 2.515517, 𝐶𝐶1 = 0.802853, 𝐶𝐶2 = 0.010328 313 𝑑𝑑1 = 1.432788, 𝑑𝑑2 = 0.189269, 𝑑𝑑3 =0.001308 314 

Since the traditional SPEI is calculated under stationary condition; henceforth, we call 315 

it the Stationary SPEI (SSPEI). The SSPEI classification is described in Table 1. The 316 

negative values of SSPEI demonstrate the dry periods (droughts) and the positive values of 317 

SSPEI imply the wet periods. 318 

2.3.2. Non-stationary SPEI (NSPEI) 319 

The methodology of Non-stationary Standardized Precipitation Evapotranspiration Index 320 

(NSPEI) is presented in Fig. 2. While the SSPEI assumes all parameters of the log-logistic 321 

distribution fitted to the 𝑥𝑥-series (the cumulative 𝐷𝐷-values) are constant (stationary), the 322 

NSPEI fits an optimal non-stationary model to the series. The non-stationary statistical model 323 

assumes that one or more parameters of the log-logistic parameter vary as a function of some 324 
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external covariates. The external covariates selected in this study are the time variable and the 325 

climate indices influencing the precipitation and air temperature in Iran, namely ENSO, 326 

NAO, AO, and NCP (Alizadeh-Choobari et al. 2018, Dezfuli et al. 2010, Ghasemi and 327 

Khalili 2006, 2008). Many researchers believe that climate change, in most probable case, 328 

changes the average of climate variables in the regional or global scale (Cheng and 329 

AghaKouchak 2014, Kwon and Lall 2016, Li et al. 2015, Russo et al. 2013, Wang et al. 330 

2015). The non-stationary models used in the study assume that the location parameter of 331 

log-logistic distribution is a multivariable function of the covariates as below: 332 𝛾𝛾(𝑡𝑡) = 𝑎𝑎0 + 𝑎𝑎1𝑡𝑡 + 𝑏𝑏1𝐶𝐶1(𝑡𝑡 − 𝑙𝑙) + ⋯+ 𝑏𝑏𝑚𝑚𝐶𝐶𝑚𝑚(𝑡𝑡 − 𝑙𝑙)                                                  (12) 333 

where 𝛾𝛾(𝑡𝑡) is the location parameter at time 𝑡𝑡, 𝑎𝑎0 is the intercept, 𝑏𝑏1, … , 𝑏𝑏𝑚𝑚 are the regression 334 

coefficients, 𝐶𝐶1(𝑡𝑡 − 𝑙𝑙), … ,𝐶𝐶𝑚𝑚(𝑡𝑡 − 𝑙𝑙) are the climate indices at time 𝑡𝑡 − 𝑙𝑙 in which 𝑙𝑙 is the lag- 335 

times 0, 1, … , 12 months. The other parameters of the log-logistic distribution are assumed to 336 

be constant. The optimal combination of the variables in Eq. (12) for each month of the year 337 

at 12-month timescale is selected using the forward selection method in the framework of 338 

Generalized Additive Models in Location, Scale and Shape (GAMLSS) algorithm (Rigby and 339 

Stasinopoulos 2005). In this study, GAMLSS is applied to model a non-stationary log- 340 

logistic distribution using a (semi) parametric relationship between the location parameter 341 𝛾𝛾(𝑡𝑡) and each combination of the covariates through the monotonic link function (𝑔𝑔(. )), as 342 

below: 343 𝑔𝑔(𝛾𝛾) = 𝑋𝑋𝛼𝛼 + ∑ 𝑍𝑍𝑗𝑗(𝛽𝛽𝑗𝑗)
𝐽𝐽𝑗𝑗=1                                                                                           (13) 344 

where 𝛼𝛼 is a parameter vector of size 𝐽𝐽, 𝑋𝑋 is a fixed, known design vector of size 𝐽𝐽, 𝛽𝛽𝑗𝑗  is a 345 

vector of random effects parameters having normal distribution, 𝑍𝑍𝑗𝑗  is a non-parametric 346 

additive function of 𝛽𝛽𝑗𝑗. All parameters are estimated using the maximum (penalized) 347 

likelihood estimator (Stasinopoulos et al. 2008). 348 
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Eq. (13) is evaluated for different combinations from 1 to 5 variables corresponding to 349 

the five covariates used in this study. The best non-stationary model is one with the least AIC 350 

value (AICmin). If the differences between the AIC of the best model and the AICs of some 351 

of the remaining ones are less than 2, the optimal model is that with a number of covariates 352 

lower than the best one (Burnham and Anderson 2002). It is worth noting that, with the 353 

support of the GAMLSS package incorporated into the R software, the computation 354 

processes for evaluation of the non-stationary models were accomplished (Stasinopoulos et 355 

al. 2008).    356 

In order to calculate NSPEI, the cumulative probability corresponding to any values of 357 

the 𝑥𝑥-series is estimated from the non-stationary log-logistic distribution, and then, is 358 

transformed inversely to the standard normal variate (here called NSPEI). Classification of 359 

the NSPEI is like the SSPEI, as shown in Table 1. The NSPEI values less than zero imply the 360 

dry conditions (droughts) and those equal to or more than zero indicate the wet conditions.  361 

2.3.3 Vegetation Condition Index  362 

The Vegetation Condition Index (VCI), which was firstly proposed by Kogan (1995), is a 363 

NDVI-based remote sensing drought index which is computed using the following formula: 364 𝑉𝑉𝐶𝐶𝑆𝑆 =
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁−𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚−𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚 × 100                                                                                            (14) 365 

where 𝑁𝑁𝐷𝐷𝑉𝑉𝑆𝑆 is the smoothed monthly NDVI, and 𝑁𝑁𝐷𝐷𝑉𝑉𝑆𝑆𝑚𝑚𝑖𝑖𝑛𝑛 and 𝑁𝑁𝐷𝐷𝑉𝑉𝑆𝑆𝑚𝑚𝑚𝑚𝑥𝑥 are the multi-year 366 

minimum and maximum NDVI values, respectively, in each grid cell in each month of the 367 

year. VCI ranges from 0% to 100%, showing extremely unfavorable to optimal conditions of 368 

vegetation. Unlike the NDVI which represents the compound effect of weather and ecology 369 

in drought monitoring, the VCI is able to separate the ecology component from the NDVI 370 

data and to quantify only the effect of meteorological droughts on vegetation (Rahimzadeh 371 

Bajgiran et al. 2008, Shamsipour et al. 2008). 372 
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In this study, the VCI was calculated from the NDVI averaged over a 3×3 window, 373 

including the nine pixels around the position of each weather station (Rahimzadeh Bajgiran et 374 

al. 2008). Then, a 12-month moving average method, like the SSPEI and NSPEI, was applied 375 

to the VCI series. A drought event in vegetation happens when the VCI be less than 40% 376 

(Ghaleb et al. 2015). Temporal variations in vegetation over the study area were assessed in 377 

association with SSPEI and NSPEI to determine the necessity of incorporating the non- 378 

stationary framework into the SPEI calculations. 379 

2.3.4 The Orientation and Magnitude of Trend  380 

A nonparametric Mann-Kendall (MK) statistical test (Kendall 1970, Mann 1945) is employed 381 

to evaluate the trend orientation in P, AED, and x-series at all stations of interest. Considering 382 

the serially independent data 𝑢𝑢𝑖𝑖 , 𝑖𝑖 = 1, 2, . . . ,𝑛𝑛, in which 𝑛𝑛 is the length of data, the MK test 383 

statistic 𝑍𝑍 is defined as: 384 

𝑍𝑍 = ⎩⎪⎨
⎪⎧ 𝑆𝑆−1�𝑁𝑁𝑚𝑚𝑉𝑉(𝑆𝑆)

     , 𝑆𝑆 > 0

0,                  𝑆𝑆 = 0𝑆𝑆+1�𝑁𝑁𝑚𝑚𝑉𝑉(𝑆𝑆)
    ,   𝑆𝑆 < 0

                                                                                                 (15) 385 

where 𝑆𝑆 is sum of the sign function values according to the following formula: 386 𝑆𝑆 = ∑ ∑ 𝑠𝑠𝑔𝑔𝑛𝑛(𝑢𝑢𝑖𝑖 − 𝑢𝑢𝑗𝑗)𝑛𝑛𝑗𝑗=𝑖𝑖+1𝑛𝑛−1𝑖𝑖=1                                                                                      (16) 387 

and  𝑉𝑉𝑎𝑎𝑓𝑓(𝑆𝑆) is the variance of 𝑆𝑆 which is defined as: 388 𝑉𝑉𝑎𝑎𝑓𝑓(𝑆𝑆) =
118 [𝑛𝑛(𝑛𝑛 − 1)(2𝑛𝑛 + 5) − ∑ 𝑡𝑡𝑝𝑝(𝑡𝑡𝑝𝑝 − 1)(2𝑡𝑡𝑝𝑝 + 5)]

𝑔𝑔𝑝𝑝−1                                    (17) 389 

where 𝑔𝑔 is the number of tied groups and 𝑡𝑡𝑝𝑝 is the number of observations in the 𝑝𝑝th group. 390 

The no trend hypothesis is rejected if |𝑍𝑍| > 𝑍𝑍1−𝛼𝛼/2 in which 𝑍𝑍1−𝛼𝛼/2 follows the standard 391 

normal variate at the significance level of α. A positive (negative) significant value of 𝑍𝑍 392 

indicates an upward (downward) monotonic trend. Note that the lag-1 autocorrelations in data 393 

series were removed prior the data to be further analyzed for trend detection, according to the 394 

approaches presented in Hamed and Ramachandra Rao (1998) and Yue et al. (2002).  395 
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In addition to the orientation of trend, the magnitude of the trend in data series is 396 

estimated using the Sen’s slope estimator (Sen 1968). The median of slopes (𝑏𝑏) for any two 397 

time points of data is determined by the following equation: 398 𝑏𝑏 = 𝑀𝑀𝑀𝑀𝑑𝑑𝑖𝑖𝑎𝑎𝑛𝑛 �𝑢𝑢𝑗𝑗−𝑢𝑢𝑚𝑚𝑗𝑗−𝑖𝑖 �     ,     1 ≤ 𝑖𝑖 < 𝑗𝑗 ≤ 𝑛𝑛                                                                        (18) 399 

3. Results and Discussions 400 

3.1. Trend Analysis  401 

Table 3 shows the orientation and magnitude of trends in precipitation (P), atmospheric 402 

evaporative demand (AED), and P-AED (i.e. D). As shown in this table, using the MK test, 403 

59.4% and 6.3% of the stations detected the significant negative and positive trends, 404 

respectively, in precipitation data at the 5% significance level. The MK test revealed more 405 

significant positive trends (50.0% of stations) than negative trends (40.6% of stations) in 406 

AED. While some stations (e.g. Ahvaz, Birjand, and Gorgan) experienced a downward trend 407 

in both P and AED, some other stations (e.g. Esfahan and Tehran-Mehrabad) indicated an 408 

upward trend in both of the above variables. In several stations, the trend orientation in P was 409 

opposite to that in AED (for example, at Bandar Anzali, while P showed a downward trend, 410 

AED indicated an upward trend). The magnitude of the trend across the studied stations 411 

ranged from -2.78 (Gorgan) to 1.07 (Esfahan) mm/decade for P, and from -3.32 (Shahrekord) 412 

to 9.15 (Abadan) mm/decade for AED.  413 

With respect to P and AED as the two components of D, the magnitude of trends for 414 

both variables determines the direction of the temporal trend in D. According to Table 3, the 415 

trend magnitude of AED in most stations are larger than those of P; thus, the direction and 416 

slope of the trend in D is predicted to be more determined by AED than by P. This is 417 

supported by the strong correlation between the trend magnitudes in D vs. the trend 418 

magnitudes in AED compared to the trend magnitudes in D vs. the trend magnitudes in P, as 419 
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seen in Fig. 3. It can therefore be said with great confidence that a downward (upward) trend 420 

in AED leads to an upward (downward) trend in D. Referring to Table 3, it can be found that 421 

the MK test reported significant positive and negative trends in 18.7% and 59.4% of the 422 

stations, respectively. These findings indicate that the water deficit has intensified with time 423 

in more than half of the stations of interest. In addition, at most stations, the D series are non- 424 

stationary, and thus the development of a drought index that is consistent with changing 425 

climate is necessary.    426 

3.2. Teleconnection between the x-Series and Climate Indices  427 

Fig. 3 displays the boxplot of the Spearman correlation coefficients between the 12-month 428 

aggregated D-values (i.e. the 𝑥𝑥-series) and each of the four selected climate indices (ENSO, 429 

AO, NCP, and NAO) used in this study for the 0- to 12-month lag-times. As can be seen in 430 

the figure, while the 𝑥𝑥-series has negative correlations with ENSO, its correlations with the 431 

other three climate indices are mostly positive. The 𝑥𝑥-series have significant correlations with 432 

ENSO in more than half of the stations for the 0- to 1-month lag-times and, with the lag-times 433 

increasing to 12 months, the correlations become non-significant. In a number of stations, 434 

correlations of x-series with AO, NCP, and NAO are significant for the lag-times longer than 435 

five months, shorter than eight months, and 0-1 and longer than seven months, respectively. 436 

The results showed the relative significance of ENSO, compared to the other three indices, in 437 

describing the behavior of the x-series at the stations of interest.  438 

3.3. Selection of the Optimal Non-stationary Models 439 

Table 4 shows the step-by-step forward selection of the covariates (namely t, ENSO, AO, 440 

NCP, and NAO) for estimation of the location parameter of log-logistic distribution at the 441 

stations of interest for the 12-month sub-period of October-September. The selection process 442 

for suitable variables was carried out in five consecutive steps, according to Eq. (12). The 443 

variables were chosen for their significance in estimating the location parameter; the most 444 
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important variable in the first position and the other variables occupy the second to fifth 445 

position. In this selection method, five non-stationary models with a combination of 1 to 5 446 

variables were constructed to estimate the location parameter at the studied stations. For 447 

example, as shown in Table 4, at Abadan station, according to the AIC values in the steps (1)- 448 

(5), the bivariate model with covariates 𝑡𝑡 and 𝑁𝑁𝐶𝐶𝑃𝑃(𝑡𝑡 − 5) has the lowest AIC value and is 449 

considered as the best non-stationary model to estimate the location parameter. However, the 450 

univariate model in step (1), which has only the 𝑡𝑡-covariate, has been selected as the optimal 451 

model because the difference between the AIC of the optimal model and that of the best 452 

model is not significant and the number of variables used in the optimal model is less than the 453 

best model. Also, the selected optimal model has AIC=720 that is less than the AIC of the 454 

stationary model (743.3). The non-stationary optimal models outperformed the stationary 455 

model at almost all stations except Kerman station. This result is valid for all other sub- 456 

periods, in addition to the sub-period of October-September.  457 

Table 5 shows the mathematical formulae of the optimal non-stationary models to 458 

estimate the location parameter of log-logistic distribution at the studied stations for the 12- 459 

month sub-period of October-September. As mentioned above, a time-dependent model is 460 

sufficient to model the non-stationarity of the location parameter at Abadan station (#1). If 461 

time is a strong covariate in the model, it should also be verified by the non-parametric 462 

Mann-Kendall (MK) test. As can be seen in Table 5, the MK statistic at this station is 463 

significant at the 99% confidence level. The negative slope of t in the optimal model (𝛾𝛾𝑡𝑡 = 464 

2949.7− 10.9𝑡𝑡) and the negative value of the MK statistic, both of which suggest a clear 465 

downward trend in the 𝑥𝑥-series at the station. As a general rule, it may be concluded that the 466 

larger the MK statistic, the stronger the effect of time covariate on non-stationarity in the 467 

location parameter (Bazrafshan and Hejabi 2018). 468 



20 

 

Fig. 5  compares the number of times that the five covariates were used in the optimal 469 

non-stationary models across the studied stations. ENSO had the highest frequency, and 470 

frequencies of NCP, t, NAO, and AO, were ranked in the next positions, respectively. Notice 471 

that the importance of t in the optimal non-stationary models was higher than NAO and AO. 472 

This result confirmed the findings of the other researchers (Golian et al. 2015, Nazemosadat 473 

and Cordery 2000, Nazemosadat and Ghasemi 2004) who emphasized the importance of 474 

ENSO on the precipitation pattern over Iran. 475 

3.4. Comparison of SSPEI and NSPEI  476 

3.4.1. Temporal Variations  477 

The two drought indices SSPEI and NSPEI were calculated on a 12-month timescale at all 478 

stations of interest. The temporal behaviors of these two indices for the sample stations in the 479 

arid (Yazd), semi-arid (Tabriz), Mediterranean (Gorgan), and per-humid (Bandar Anzali) 480 

climates were compared, as shown in Fig. 6. According to the figure, there was a slight 481 

difference between the time series of SSPEI and NSPEI in the extreme climates (arid and 482 

very humid). In the other hand, there was not much coincidence between the two indices in 483 

the semi-arid and Mediterranean climates. Especially in Tabriz station (with semi-arid 484 

climate), this difference was large in the final and early parts of the record period relative to 485 

the middle part. The large difference between the results of the two indices at Tabriz station 486 

and to some extent, at Gorgan station, seems to be attributed to the central role of covariates 487 

in non-stationary models. Focusing on Tabriz station reveals that time covariate was the most 488 

important factor responsible for non-stationarity in all 12 sub-periods models. At Gorgan 489 

station, however, the time covariate had a key role in the models of three out of 12 sub- 490 

periods. In the other two stations (Bandar Anzali and Yazd), the time covariate was not 491 

included in the optimal non-stationary models and the climatic indices have not had much 492 

effect on the changes in the location parameter.  493 
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In-depth analyzes of the results of other stations showed (figure not presented) 494 

wherever the covariates had a clear impact on P and AED (the two components needed for 495 

the calculation of the indices), there was a substantial difference between SSPEI and NSPEI. 496 

As a result, the difference between the time series of SSPEI and NSPEI had no association 497 

with the stations’ climate in the study area.  498 

3.4.2. Assessment of Drought Severity and Duration  499 

Temporal variations of drought/wet events in terms of duration and severity (for the drought 500 

index < 0) have been compared between SSPEI and NSPEI, as shown in Fig. 7 for all chosen 501 

stations during 1964 – 2014. On the basis of SSPEI, the figure clearly shows the occurrence 502 

of a wet period during the first half of 1990s and a drought period during 1998–2014 (except 503 

2004) at about all stations of interest. However, according to NSPEI, the long-term drought 504 

period of 1998-2014 has been broken into several minor droughts and wet periods, especially 505 

after 2004. For the decades before 1990s, although a dominant pattern of drought/wet period 506 

is not seen in the figure, the drought events in the first decade of record period (about 1964– 507 

1974) and the wet events in the second and third decades (about 1975–1990) are more 508 

common. Therefore, two key points from the figure may be inferred: 1) NSPEI modifies the 509 

severity of drought events, especially the long-term drought period 1998–2014, and 2) NSPEI 510 

breaks the long-term drought/wet periods into several short-term periods. For example, at 511 

Abadan station (the station shown with the number 1), while SSPEI identifies a 17-year 512 

(1964–1980) wet period, NSPEI breaks this continuous wet period into several minor 513 

droughts and wet periods.  514 

The drought severity-duration (S-D) relationships related to the two indices SSEPI and 515 

NSPEI at four stations representing arid, semi-arid, Mediterranean, and very humid climates 516 

and across the studied stations are presented in Fig. 8. According to the figure, moving from 517 

the arid climate (Fig. 8a) to per-humid (Fig. 8d), both the severity and duration of droughts 518 
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decrease. In addition, the slopes of the S-D relationships are reduced. In other words, for a 519 

given drought duration, the severity of drought in arid climates is higher than that in semi- 520 

arid, Mediterranean, and per-humid climates. 521 

Comparison between SSPEI and NSPEI shows that the slope of S-D equations in the 522 

Yazd, Tabriz and Bandar Anzali stations for NSPEI is slightly larger than SSPEI, which is 523 

not statistically significant. In most stations, the slope of the S-D relationships for NSPEI is 524 

greater than SSPEI. Fig. 8e is drawn on the basis of all drought durations and severities 525 

obtained from all stations of interest. This figure shows that the slope of the S-D relationship 526 

for NSPEI is slightly larger than SSPEI. However, a comparison of the S-D values in the 527 

same figure shows that SSPEI reports more severe and prolonged droughts than NSPEI over 528 

the record period. 529 

3.4.3. Frequency Analysis of Drought Classes 530 

Fig. 9 shows the frequency of different drought and wet period classes for the two indices 531 

SSPEI and NSPEI in the sample stations representing different climates of Iran. As per this 532 

figure, there is a slight difference between SSPEI and NSPEI in terms of the frequency of 533 

drought/wet period classes in arid (Fig. 9a) and per-humid (Fig. 9d) climates, but in semi-arid 534 

(Fig. 9b) and Mediterranean (Fig. 9c) climates, these differences are quite obvious in some 535 

classes. For example, in the semi-arid station of Tabriz (Fig. 9b), the frequencies of severe 536 

and extreme classes (mild and moderate classes) of drought for NSPEI are higher (lower) 537 

than those for SSPEI, but in the Mediterranean station of Gorgan (Fig. 9c) the results are 538 

exactly in reverse (i.e. frequencies of severe and extreme classes (mild to moderate classes) 539 

of drought for NSPEI are lower (higher) than those for SSPEI). On the basis of the mean 540 

values and standard deviations of frequencies for each class obtained from the total studied 541 

stations (Fig. 9e), the frequency of extreme drought for NSPEI is higher than SSPEI. 542 
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However, the frequencies for mild, medium and severe drought classes of SSPEI are higher 543 

than those of NSPEI. 544 

3.4.4. Spatiotemporal Analysis of Drought and Wet Events 545 

The average, minimum, and maximum time series of SSPEI and NSPEI are displayed in Fig. 546 

10, which are calculated across the studied stations based on the water-year (October- 547 

September) data. As shown in the figure, both indices have an upward trend from1964-1993 548 

and a downward trend from 1994 onwards, with a more decreasing slope for SSPEI 549 

compared to NSPEI. While SSPEI identifies several drought periods including 1964-1966, 550 

1969-1970, 1972-1973, 1988-1990, 1998-2003, and 2005-2014, NSPEI detects 1964-1966, 551 

1969-1970, 1972, 1976-77, 1983, 1988-1990, 1998-2003, 2005, 2007-2008, and 2013 as 552 

drought periods. The similar drought periods were also reported in Bazrafshan’s et al. (2017), 553 

based on the Iran precipitation data over the past hundred years. The important point is that 554 

the long-term drought period of 2005-2014 identified by SSPEI has been broken by NSPEI 555 

into three smaller drought periods, namely 2005, 2007-2008, and 2013. Fig. 10 also 556 

represents the percentage of the country drought-affected area in different months during the 557 

period of 1964-2014. The figure shows that percentage of drought-prone areas has increased 558 

during drought periods.   559 

Fig. 11 displays the spatiotemporal distribution of SSPEI and NSPEI over Iran during 560 

the water years (October-September) of 1964/65-2013/14. As shown in the figure, the 561 

difference between SSPEI and NSPEI in some years is relatively high. Focusing on drought 562 

events, NSPEI monitored more intensive and extensive droughts than SSPEI, especially in 563 

1965/66, 1969/70, and 1972/73. However, in 1998/99, 1999/2000, 2007/08, and 2010/11, the 564 

intensity and extent of droughts monitored by SSPEI is higher than NSPEI. Among them, the 565 

two water years 1998/99 and 2010/11 are significantly different in terms of the zonation maps 566 

of SSPEI and NSPEI. In 1998/99, while about the whole country suffers from drought hazard 567 
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based on SSPEI, the eastern half of the country experiences the above-normal conditions 568 

according to the NSPEI results. Considering the 2010/11, the difference between the maps of 569 

SSPEI and NSPEI is higher than 1998/99. On the basis of SSPEI, almost all regions of the 570 

country are affected by drought in 2010/11 while NSPEI monitored the above-normal 571 

conditions in the majority of the country in the same year.    572 

3.4.5. The Vegetation Response to the Drought Indicators 573 

Applicability of remote sensing data (such as NDVI and VCI) for drought monitoring in Iran 574 

has been considered by several researchers (Rahimzadeh Bajgiran et al. 2008, Shamsipour et 575 

al. 2008). The results of the studies conducted in Iran showed that the temporal and spatial 576 

characteristics of drought could be detected and mapped using the indices derived from 577 

the satellite images.  578 

In this study, the response of vegetation cover to the severest drought (the 2008 579 

drought) monitored by SSPEI (as the base/traditional drought index) was investigated and 580 

compared to NSPEI. The monthly averages of VCI, SSPEI, and NSPEI throughout the 581 

studied stations were calculated for the period of September 2007 to November 2009, as 582 

displayed in Fig. 12. As shown in the figure, VCI identified a dry period in vegetation from 583 

May 2008 to March 2009, with the lowest value 16% in November 2008. The ground-based 584 

drought indices (SSPEI and NSPEI) simultaneously discerned a dry period beginning from 585 

February 2008, about three months prior that the satellite-based drought index (VCI) reports 586 

it. Although the two indicators were almost identical in terms of identifying the onset of the 587 

2008 drought, they differed with regard to the characteristics such as the length of the drought 588 

period, the intensity and time of the drought peak, and the termination of the drought event. 589 

Especially in respect of the latter case, SSPEI does not seem to reach the above normal 590 

condition even several months after the drought termination identified by NSPEI and VCI. 591 

After the drought termination, both VCI and NSPEI remain above the normal condition, but 592 
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SSPEI is still below the normal condition. On the other hand, in November 2008, when VCI 593 

is in its lowest value, NSPEI detects a moisture signal which is very stronger than that of 594 

SSPEI. Four months later, VCI returns to normal in response to the signal. Thus, one can 595 

conclude the superiority of NSPEI, as a better indicator of vegetation response to 596 

meteorological drought than SSPEI, and the necessity for the development of non-stationary 597 

indicators for reliable and robust estimation of drought events.    598 

4. Conclusion 599 

In this study, a Non-stationary Standardized Precipitation Evapotranspiration Index (NSPEI) 600 

was developed for reliable and robust monitoring of meteorological drought characteristics in 601 

a changing environment. The NSPEI introduces a non-stationary, instead of stationary, log- 602 

logistic probability distribution in the mathematical structure of traditional SPEI (i.e. SSPEI). 603 

A non-stationary distribution assumes that its location parameter is a multivariate function of 604 

external covariates including time and several climate indices. The optimal non-stationary 605 

function was determined using a forward selection method in the framework of Generalized 606 

Additive Models in Location, Scale and Shape (GAMLSS) algorithm. The NSPEI was 607 

constructed at 32 weather stations across Iran for the period of 1964-2014. The proposed 608 

NSPEI was compared to SSPEI from different aspects. The key findings of this study are: 609 

- Due to the significant decreasing trends in precipitation (P) and the significant 610 

increasing trends in atmospheric evaporative demand (AED) at most stations of 611 

interest, the water stress has intensified in Iran during last four decades up until 2014. 612 

- The non-stationary log-logistic distribution fitted the water deficits/surpluses series 613 

(i.e. the P minus AED series) better than the stationary log-logistic distribution at 614 

almost all chosen stations. 615 

- The location parameter of non-stationary log-logistic distribution mostly influenced 616 

by the two teleconnections ENSO and NCP. The time covariate had a more relative 617 
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importance than the other two teleconnections (i.e. NAO and AO) in simulating the 618 

temporal variations of location parameter. 619 

- Existing the significant temporal trends in the P minus AED series led to the major 620 

differences between the NSPEI and SSPEI series at several stations. However, 621 

fluctuations of the two indicators were almost the same at those stations.   622 

- The SSPEI monitored the drought events with durations and severities larger than 623 

those identified by NSPEI. Also, the long-term drought periods (e.g. the 1998/99- 624 

2013/14 droughts except 2004/05) quantified by SSPEI, were broken into the several 625 

discrete drought periods when using NSPEI.  626 

- NSPEI identified the frequency of the extreme drought and wet events greater than 627 

SSPEI across the studied stations. 628 

- There were clear differences between SSPEI and NSPEI in terms of the spatial maps 629 

of drought/wet events during the record period of 1964-2014. 630 

- During the severest 2008 drought, the temporal variations of the average vegetation 631 

cover (quantified by average VCI) over the studied stations were closely related to 632 

those of the average NSPEI than the average SSPEI. NSPEI successfully identified 633 

the 2008 drought characteristics in vegetation cover in terms of both the drought 634 

duration and termination. 635 
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Tables: 854 

Table 1. Geographic and climatic characteristics of the chosen weather stations. 855 

#. Station’s name 
Longitude  

(degree) 

Latitude 

(degree) 

Elevation  

(m) 

Long-term Annual Mean of 

Climate 
Precipitation 

(mm) 

Air Temperature 

(ºC) 

1. Abadan 48.25 30.37 6.6 152.2 25.6 Arid 

2. Ahwaz  48.67 31.33 22.5 224.6 26.2 Arid 

3. Arak  49.77 34.10 1708 328.6 13.8 Semi-arid 

4. Bam  58.35 29.10 1066.9 58.1 23.4 Arid 

5. Bandar Abbas  56.37 27.22 9.8 169.8 27.1 Arid 

6. Bandar Anzali 49.45 37.48 -23.6 1774.4 16.3 Very Humid 

7. Birjand 59.20 32.87 1491 162.0 16.8 Arid 

8. Bushehr  50.82 28.97 9.0 243.3 24.8 Arid 

9. Esfahan  51.67 32.62 1550.4 125.1 16.5 Arid 

10. Gazvin  50.05 36.25 1279.2 317.9 14.2 Semi-arid 

11. Gorgan  54.40 36.90 0.0 575.8 17.7 Mediterranean 

12. Kerman  56.97 30.25 1753.8 138.5 17.1 Arid 

13. Kermanshah 47.15 34.35 1318.6 444.8 14.9 Semi-arid 

14. Khorramabad  48.28 33.43 1147.8 493.5 17.3 Semi-arid 

15. Khoy  44.97 38.55 1103 292.2 12.6 Semi-arid 

16. Mashhad  59.63 36.27 999.2 250.4 14.4 Semi-arid 

17. Oroomieh  45.05 37.67 1328 330.0 11.1 Semi-arid 

18. Ramsar 50.67 36.91 -20.0 1216.3 16.1 Very Humid 

19. Rasht 49.62 37.32 -8.6 1338.7 16.2 Very Humid 

20. Sabzevar  57.65 36.20 972.0 189.4 17.7 Arid 

21. Saghez 46.27 36.25 1522.8 483.9 12.0 Semi-arid 

22. Sanandaj  47.00 35.33 1373.4 443.8 14.2 Semi-arid 

23. Shahrekord  50.85 32.28 2048.9 331.1 12.3 Semi-arid 

24. Shahroud  54.95 36.42 1349.1 157.1 14.8 Arid 

25. Shiraz  52.60 29.53 1484.0 317.5 18.1 Semi-arid 

26. Tabriz 46.28 38.08 1361.0 282.3 12.4 Semi-arid 

27. Tehran Mehrabad  51.32 35.68 1190.8 234.0 17.5 Arid 

28. Torbat Heydarieh  59.22 35.27 1450.8 259.5 14.7 Semi-arid 

29. Yazd 54.28 31.90 1237.2 56.5 19.6 Arid 

30. Zabol 61.48 31.03 489.2 55.8 22.6 Arid 

31. Zahedan 60.88 29.47 1370.0 80.2 18.7 Arid 

32. Zanjan  48.48 36.68 1663.0 308.0 11.4 Semi-arid 

 856 

 857 

 858 

 859 
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 860 

 861 

Table 2. Description of the SSPEI/NSPEI classes (Edossa et al. 2014).   862 

 863 
SSPEI/NSPEI Classes Description 

≥ 2.00 Extreme wet 

1.50 to 1.99 Severe wet 

1.00 to 1.49 Moderate wet 

0.00 to 0.99 Mild wet 

-0.99 to 0.00 Mild drought 

-1.00 to -1.49 Moderate drought 

-1.50 to -1.99 Severe drought 

≤ -2.00 Extreme drought 

 864 

 865 

 866 

 867 

 868 

 869 

 870 

 871 
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 873 
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 885 

Table 3. The Mann-Kendall (MK) statistics, their corresponding p-values, and the Sen’s slope (SS) 886 

estimators for precipitation (𝑃𝑃), atmospheric evaporative demand (AED), and D=P-AED at the 887 

stations of interest for 12-month timescale. 888 

Station 
P   AED   D=P-AED 

MK  p-value 
SS 

(mm/decade) 
  MK p-value 

SS 

(mm/decade) 
  MK p-value 

SS 

(mm/decade) 

Abadan 0.20 0.840 0.01  16.67 0.000 9.15  -15.38 0.000 -9.07 

Ahwaz  -2.27 0.020 -0.41  -5.25 0.000 -3.14  4.70 0.000 3.12 

Arak  -7.73 0.000 -1.36  6.38 0.000 0.74  -8.07 0.000 -1.96 

Bam  -3.70 0.000 -0.23  10.80 0.000 4.55  -11.02 0.000 -4.54 

Bandar Abbas  -0.09 0.930 0.00  -6.49 0.000 -3.20  5.11 0.000 3.03 

Bandar Anzali -1.88 0.060 -1.26  12.32 0.000 1.27  -3.68 0.000 -2.49 

Birjand -3.23 0.000 -0.38  -4.58 0.000 -0.80  1.93 0.054 0.42 

Bushehr  0.88 0.380 0.20  18.83 0.000 5.53  -13.09 0.000 -5.10 

Esfahan  9.63 0.000 1.07  17.10 0.000 1.91  -5.15 0.000 -0.82 

Gazvin  1.60 0.110 0.28  -12.09 0.000 -2.60  9.64 0.000 2.98 

Gorgan  -11.38 0.000 -2.78  -9.31 0.000 -1.40  -4.29 0.000 -1.34 

Kerman  -6.36 0.000 -0.57  -2.99 0.003 -0.73  1.66 0.097 0.44 

Kermanshah -8.36 0.000 -1.94  19.13 0.000 2.66  -14.10 0.000 -4.68 

Khorramabad  -7.04 0.000 -1.89  -6.45 0.000 -2.12  1.30 0.195 0.51 

Khoy  0.07 0.950 0.01  -0.43 0.665 -0.06  1.53 0.125 0.33 

Mashhad  -1.07 0.280 -0.18  21.70 0.000 3.27  -12.46 0.000 -3.35 

Oroomieh  -6.02 0.000 -1.15  3.98 0.000 0.43  -6.07 0.000 -1.60 

Ramsar -3.24 0.000 -1.98  13.22 0.000 1.75  -5.31 0.000 -3.48 

Rasht -2.72 0.010 -1.42  -6.73 0.000 -0.82  -0.74 0.457 -0.43 

Sabzevar  1.52 0.130 0.21  -0.03 0.977 0.00  0.22 0.827 0.06 

Saghez -6.56 0.000 -1.73  -5.56 0.000 -0.57  -3.62 0.000 -1.21 

Sanandaj  -10.11 0.000 -2.60  -11.03 0.000 -1.31  -4.12 0.000 -1.23 

Shahrekord  0.91 0.360 0.18  -20.27 0.000 -3.32  13.07 0.000 3.43 

Shahroud  -2.62 0.010 -0.28  -0.06 0.956 -0.01  -1.82 0.069 -0.32 

Shiraz  1.12 0.260 0.30  21.77 0.000 3.26  -9.35 0.000 -3.06 

Tabriz -12.90 0.000 -2.06  16.91 0.000 1.67  -17.07 0.000 -3.94 

Tehran (Mehrabad)  2.60 0.010 0.42  20.62 0.000 2.78  -10.12 0.000 -2.33 

Torbat Heydarieh  -1.31 0.190 -0.25  -11.75 0.000 -2.02  6.30 0.000 1.65 

Yazd -1.10 0.270 -0.06  3.72 0.000 0.62  -3.82 0.000 -0.72 

Zabol -4.04 0.000 -0.26  6.17 0.000 2.26  -5.91 0.000 -2.52 

Zahedan -4.42 0.000 -0.34  20.08 0.000 3.17  -17.05 0.000 -3.52 

Zanjan  -4.71 0.000 -0.79   -14.20 0.000 -2.19   6.24 0.000 1.34 
 889 

 890 
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Table 4. Forward selection of covariates for non-stationary modeling of the location parameter of log- 894 

logistic distribution for the 12-month sub-period of October-September. nAIC indicates the Akaike 895 

Information Criterion (AIC) for each step of the selection process of a non-stationary model. sAIC 896 

shows the AIC for the stationary assumption of the log-logistic distribution parameters. 897 

Station 
Selected variables in Forward Selection  nAIC 

sAIC 
Step(1) Step(2) Step(3) Step(4) Step(5)  Step(1) Step(2) Step(3) Step(4) Step(5) 

Abadan t NCP(t-5) AO(t-12) NAO(t-9) ENSO(t-12)  720* 719.4 721.0 722.8 724.6 743.3 

Ahwaz NAO(t-3) ENSO(t-8) AO(t-12) NCP(t-10) t  738.8 731.4* 730.2 730.0 731.5 748.6 

Arak ENSO(t) t NCP(t-3) AO(t) NAO(t)  649.2 647.4 646.7* 647.6 645.3 654.1 

Bam t ENSO(t) NAO(t-4) NCP(t-1) AO(t-7)  680.8 678.6* 679.2 679.8 681.1 686.9 

Bandar Abbas NAO(t-12) NCP(t) t ENSO(t) AO(t-9)  706.9 699.8 697.5* 697.2 698.0 717.2 

Bandar Anzali ENSO(t) NAO(t-11) NCP(t) AO(t-1) t  755.9 753.5* 752.3 753.7 755.6 756.7 

Birjand ENSO(t-1) AO(t-8) NAO(t-9) NCP(t-3) t  616.6 611.9* 610.0 611.5 613.5 625.2 

Bushehr t NCP(t-8) ENSO(t) AO(t-10) NAO(t-12)  677.7 669.3* 669.2 670.1 670.4 693.8 

Esfahan NCP(t-9) t AO(t-8) NAO(t-10) ENSO(t)  606.5* 606.9 607.9 608.4 609.5 608.4 

Gazvin ENSO(t-1) t AO(t-12) NAO(t-8) NCP(t-6)  655.5 650* 649.9 649.7 648.7 663.1 

Gorgan NCP(t-8) ENSO(t-11) t AO(t-6) NAO(t)  650.9 649.3 648.5 648.7 645.6* 656.9 

Kerman t ENSO(t-5) NAO(t-7) AO(t-5) NCP(t-8)  664.4 665.1 665.4 664.4 666.2 644.1* 

Kermanshah ENSO(t) NAO(t) NCP(t-10) AO(t-8) t  637.9* 638.0 639.3 640.4 642.4 684.1 

Khorramabad ENSO(t) NCP(t-3) NAO(t-12) AO(t-10) t  685.6* 683.7 683.9 684.2 685.9 693.2 

Khoy NCP(t-1) ENSO(t) NAO(t) AO(t-1) t  629.5* 628.9 629.4 628.4 629.5 633.7 

Mashhad t ENSO(t) NCP(t-2) AO(t-8) NAO(t-9)  652.4 645.3 642.3 641.9 638.0* 664.7 

Oroomieh ENSO(t-5) t NCP(t-1) NAO(t-9) AO(t-10)  650.3 647.3 647.2 647.0 644.5* 654.3 

Ramsar NCP(t) ENSO(t) NAO(t-6) t AO(t-8)  736.2 733.5* 732.5 733.0 733.3 742.6 

Rasht NCP(t-1) ENSO(t) NAO(t) AO(t-1) t  712.8 710.2* 709.9 709.0 710.9 724.6 

Sabzevar NCP(t-2) ENSO(t) NAO(t-5) AO(t-8) t  643.4 639.0 635.1* 633.7 635.3 650.6 

Saghez ENSO(t-1) NCP(t-2) AO(t-7) NAO(t) t  671.2* 671.2 670.3 671.5 673.2 683.8 

Sanandaj ENSO(t) t NAO(t-7) NCP(t-3) AO(t-1)  653.5 651.2 647.0* 647.1 648.5 663.4 

Shahrekord t ENSO(t) NCP(t-3) NAO(t-6) AO(t-7)  642.3 632.7 627.4 627.1* 625.2 657.1 

Shahroud ENSO(t) NCP(t-3) AO(t-12) NAO(t-10) t  611.7 608.6* 606.7 607.8 609.3 617.3 

Shiraz t ENSO(t) AO(t-8) NAO(t-6) NCP(t-1)  673.2 668.5 667.0* 666.4 667.8 678.0 

Tabriz t NCP(t-1) NAO(t-7) ENSO(t-1) AO(t-5)  615.2 609.5 602.4 595.1* 595.4 649.5 

Tehran Mehrabad t NCP(t-9) ENSO(t-5) NAO(t-1) AO(t-3)  629.9 624.6 623.7 623.9 620.9* 636.5 

Torbat Heydarieh ENSO(t) AO(t-8) t NCP(t-2) NAO(t-5)  652.1 648.5* 646.9 647.3 648.4 657.1 

Yazd NAO(t-3) NCP(t) AO(t-8) ENSO(t-12) t  636.2* 636.3 637.7 639.2 640.7 636.8 

Zabol NCP(t-2) t ENSO(t) AO(t-12) NAO(t-10)  664.5 659.9 657.6* 658.0 657.1 672.3 

Zahedan t NCP(t-6) ENSO(t-8) NAO(t-5) AO(t-5)  603.2 600.2* 600.1 601.1 600.1 632.4 

Zanjan ENSO(t-5) NCP(t-2) t NAO(t-7) AO(t-9)  620.6* 619.5 619.2 620.5 621.0 624.7 

* indicates the optimal model, and the bolded numbers indicate the best model. 898 
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 901 

 902 

Table 5. The optimal non-stationary model fitted to the x-series of October-September for estimation 903 

of the location parameter (𝛾𝛾(𝑡𝑡)) of log-logistic distribution at the stations of interest. 904 

Station 
Optimal Non-stationary Model 

MK Test 
Location Parameter (𝛾𝛾(𝑡𝑡)) AIC 

Abadan 2949.7 − 10.9𝑡𝑡  720.0 -4.84** 

Ahwaz  2306.5 +  368.6𝑁𝑁𝐴𝐴𝑂𝑂(𝑡𝑡 − 3) − 136.2𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡 − 8)  731.4 0.92 

Arak  4554.9 − 52.8𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡) − 2.04 𝑡𝑡 + 84.3𝑁𝑁𝐶𝐶𝑃𝑃(𝑡𝑡 − 3)  646.7 -1.92* 

Bam  3440.3 − 4.1 𝑡𝑡 −  61.1 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡)  678.6 -3.21** 

Bandar Abbas  2717.3 +  234.8 𝑁𝑁𝐴𝐴𝑂𝑂(𝑡𝑡 − 12)  +  308.6 𝑁𝑁𝐶𝐶𝑃𝑃(𝑡𝑡)  +  3.5 𝑡𝑡  697.5 1.59 

Bandar Anzali 5856.6 −  140.5𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡)  −  253.5 𝑁𝑁𝐴𝐴𝑂𝑂(𝑡𝑡 − 11)  753.5 -0.94 

Birjand 4229.6 −  47.9 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡 − 1)  +  64.6 𝐴𝐴𝑂𝑂(𝑡𝑡 − 8)  611.9 0.34 

Bushehr  3608.4 −  6.2 𝑡𝑡 +  226.7 𝑁𝑁𝐶𝐶𝑃𝑃(𝑡𝑡 − 8)  669.3 -3.61** 

Esfahan  4182.4 + 71.4 𝑁𝑁𝐶𝐶𝑃𝑃(𝑡𝑡 − 9)  606.5 -1.08 

Gazvin  4408.3 − 71.8 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡 − 1)  +  3.1 𝑡𝑡  650.0 2.39** 

Gorgan  
4641.1 + 167.4 𝑁𝑁𝐶𝐶𝑃𝑃(𝑡𝑡 − 8)− 34.3 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡 − 11)− 1.1 𝑡𝑡 − 127.6 𝐴𝐴𝑂𝑂(𝑡𝑡 − 6) +

119.4 𝑁𝑁𝐴𝐴𝑂𝑂(𝑡𝑡)  
645.6 -2.20* 

Kerman  4202.2 +  0.12 𝑡𝑡  664.4 -0.5 

Kermanshah 4588.1 −  38.1 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡)  637.9 -4.33** 

Khorramabad  4502.7 −  98.9 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡)  685.6 -0.15 

Khoy  4496.7 +  115.7 𝑁𝑁𝐶𝐶𝑃𝑃(𝑡𝑡 − 1)  629.5 -0.17 

Mashhad  
4538.8 −  4.8 𝑡𝑡 − 79.4 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡) + 71.3 𝑁𝑁𝐶𝐶𝑃𝑃(𝑡𝑡 − 2) + 147.0 𝐴𝐴𝑂𝑂(𝑡𝑡 − 8) −
130.7 𝑁𝑁𝐴𝐴𝑂𝑂(𝑡𝑡 − 9)  

638.0 -3.18** 

Oroomieh  
4702.6 −  62.7 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡 − 5) − 2.7 𝑡𝑡 + 48.5 𝑁𝑁𝐶𝐶𝑃𝑃(𝑡𝑡 − 1)  −  144.5 𝑁𝑁𝐴𝐴𝑂𝑂(𝑡𝑡 − 9) +

 115.5 𝐴𝐴𝑂𝑂(𝑡𝑡 − 10)  
644.5 -2.31* 

Ramsar 5341.2 +  335.0 𝑁𝑁𝐶𝐶𝑃𝑃(𝑡𝑡)  −  109.6 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡)  733.5 -1.43 

Rasht 5461.3 +  404.8 𝑁𝑁𝐶𝐶𝑃𝑃(𝑡𝑡 − 1)  −  95.9 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡)  710.2 -0.65 

Sabzevar  4103.9 +  181.6 𝑁𝑁𝐶𝐶𝑃𝑃(𝑡𝑡 − 2)  −  63.9 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡)  −  89.2 𝑁𝑁𝐴𝐴𝑂𝑂(𝑡𝑡 − 5)  635.1 0.32 

Saghez 4756.8 −  113.6 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡 − 1)  671.2 -1.52 

Sanandaj  4656.8 −  101.6 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡)  −  2.5 𝑡𝑡 −  100.0 𝑁𝑁𝐴𝐴𝑂𝑂(𝑡𝑡 − 7)  647.0 -1.62 

Shahrekord  4451.3 +  4.9 𝑡𝑡 −  74.4 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡)  +  147.0 𝑁𝑁𝐶𝐶𝑃𝑃(𝑡𝑡 − 3)  −  50.9 𝑁𝑁𝐴𝐴𝑂𝑂(𝑡𝑡 − 6)  627.1 3.75** 

Shahroud  4304.8 −  42.2 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡)  +  77.5 𝑁𝑁𝐶𝐶𝑃𝑃(𝑡𝑡 − 3)  608.6 -0.48 

Shiraz  4400.0 −  4.0 𝑡𝑡 −  59.1 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡)  +  83.1 𝐴𝐴𝑂𝑂(𝑡𝑡 − 8)  667.0 -2.31* 

Tabriz 4634.4 −  4.8 𝑡𝑡 +  117.0 𝑁𝑁𝐶𝐶𝑃𝑃(𝑡𝑡 − 1) − 99.5 𝑁𝑁𝐴𝐴𝑂𝑂(𝑡𝑡 − 7) − 41.2 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡 − 1)  595.1 -5.33** 

Tehran Mehrabad  
4244.7 −  2.1 𝑡𝑡 +  93.4𝑁𝑁𝐶𝐶𝑃𝑃(𝑡𝑡 − 9 ) − 7.7 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡 − 5) + 116.1 𝑁𝑁𝐴𝐴𝑂𝑂(𝑡𝑡 − 1) −
 101.7𝐴𝐴𝑂𝑂(𝑡𝑡 − 3)  

620.9 -2.6** 

Torbat Heydarieh  4477.1 −  58.5 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡)  +  88.9 𝐴𝐴𝑂𝑂(𝑡𝑡 − 8)  648.5 1.95* 

Yazd 3755.4 +  59.3 𝑁𝑁𝐴𝐴𝑂𝑂(𝑡𝑡 − 3)  636.2 -0.81 

Zabol 3548.3 +  258.6 𝑁𝑁𝐶𝐶𝑃𝑃(𝑡𝑡 − 2) − 3.6 𝑡𝑡 − 66.2 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡)  657.6 -1.71* 

Zahedan 4145.4 −  4.0 𝑡𝑡 +  65.8 𝑁𝑁𝐶𝐶𝑃𝑃(𝑡𝑡 − 6)  600.2 -4.98** 

Zanjan  4602.9 −  34.6 𝐴𝐴𝑁𝑁𝑆𝑆𝑂𝑂(𝑡𝑡 − 5)  620.6 1.19 

* indicates the 5% significance level, and ** indicates the 1% significance level. 905 
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Figures: 907 

 908 

 909 

 910 

 911 

Fig. 1. Positions of the chosen weather stations in the study area, Iran. The stations numbers 912 

have been described in Table 1. 913 
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 919 

Fig. 2. Displaying the steps for calculation of NSPEI in this study 920 
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 926 

 927 

Fig. 3. The trend magnitudes in D vs. the trend magnitudes in AED (left panel) and the trend 928 

magnitudes in D vs. the trend magnitudes in P (right panel) across all chosen stations. 929 
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 942 

 943 

 944 

 945 

 946 

 947 

Fig. 4. Boxplot of the Spearman’s correlation coefficients between D and each of the four 948 

selected climate indices (ENSO, AO, NCP, and NAO) in this study for the lag-times 0-12 949 

months. Each box-whisker represents the 5th, 25th, 50th, 75th, and 95th percentiles across the 950 

stations and the outliers are indicated with the stars. The red dotted lines show the 95th 951 

confidence interval of correlation coefficients. 952 
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 961 

 962 

Fig. 5. Comparison of the five covariates in terms of the times used in the non-stationary 963 

models of the location parameter of log-logistic distribution across the stations of interest. 964 
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 974 

 975 

 976 

Fig. 6. Comparison of the SSPEI and NSPEI time series at the sample stations: a) Yazd, b) 977 

Tabriz, c) Gorgan, and d) Bandar Anzali. The right-side diagrams display the scatter plots of 978 

NSPEI vs. SSPEI at the same stations. 979 
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 987 

 988 

Fig. 7. Temporal variations of the drought/wet events durations and severities for the whole 989 

stations of interest during 1964-2014 based on SSPEI (upper) and NSPEI (lower). 990 
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 998 

 999 

 1000 

 1001 

 1002 

Fig. 8. The severity-duration relationships for SSPEI and NSPEI at the sample stations (a) 1003 

Yazd, b) Tabriz, c) Gorgan, and d) Bandar Anzali), and across Iran (e).  1004 
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 1015 

 1016 

 1017 

Fig. 9. Frequency of drought and wet period classes for SSPEI and NSPEI at the sample 1018 

stations: a) Yazd, b) Tabriz, c) Gorgan, d) Bandar Anzali, and e) across Iran (bars show mean 1019 

± standard deviation across the stations). 1020 
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 1030 

Fig. 10. The water-year (i.e. October-September) average, minimum, and maximum time series of 1031 

SSEPI (upper) and NSPEI (lower) across the studied stations, accompanying the percentage areas of 1032 

the country under drought conditions (drought index < 0) during 1964/65-2013/14. 1033 
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 1041 

Fig. 11. Spatiotemporal variations of the drought and wet period classes for SSPEI and 1042 

NSPEI over Iran for the water years (October-September) of 1964/65 - 2013/14. 1043 
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 1050 

Fig. 12. The average series of SSPEI, NSPEI, and VCI across the studied stations during the 1051 

September 2007 to November 2009. The reference line is at zero for the left y-axis and at 40 1052 

for the right y-axis. 1053 
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