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Abstract
Understanding how drought changes have occurred is imperative to enhance the ability of mitigating drought impacts. 
This consideration encourages carrying out a comprehensive analysis of drought phenomenon in Iran using the standard-
ized precipitation evapotranspiration index (SPEI) on various time scales based on data recorded at 100 weather stations 
over the period 1988–2017. We employed a nonparametric distribution i.e. the kernel density estimator instead of the 
commonly-used three-parameter log-logistic distribution for estimating the cumulative distribution functions of the 
monthly aggregated water deficits/surpluses, and found that the kernel density estimates frequencies of drought classes 
more accurately than the three-parameter log-logistic. Thereafter, an analysis was conducted by applying a principal 
component analysis and a Mann–Kendall test to spatio-temporal variables of the nonparametric SPEI at different time 
scales. Moreover, a bivariate risk assessment was done by calculating the joint exceedance probability using copula 
functions which depicts joint behavior of the drought characteristics. The spatial variability of drought in Iran revealed 
the existence of five coherent regions i.e. the northwestern, the southwestern, the southeastern, the northern and the 
central/eastern over the country. Temporal analysis indicates significant negative trends of surface water balance in all 
regions by producing a dry condition throughout the country, especially in two last decades (i.e. 1998–2017). However, 
the northwestern region is dominated by the highest risk of droughts and experienced droughts with longer durations 
and higher severities. This study was a forward step in considering an aggregative perspective of meteorological, agri-
cultural and hydrological water deficit.
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1 Introduction

Drought, briefly described as limited access to water, is a 
recurring natural hazard that can cause devastating agri-
cultural impacts [23, 71, 77, 80]. In the two last decades, 
Iran has been most seriously affected by this damaging 
disaster. Moreover, a gravely climbing trend of water 
demand in the country due to social issues such as popu-
lation growth, and global warming exacerbated drought 
impacts whereupon the water shortage has taken evi-
dently place. Therefore, it is indispensable to analyze 
spatio-temporal drought characteristics, particularly 
when drought lasts for months or even years. Spatio-
temporal drought analysis is imperative to enhance our 
ability for drought monitoring, to understand changes in 
drought vulnerabilities and to mitigate drought impacts 
[25, 82].

In general, the first step in drought characterization 
and monitoring is the development of reliable quanti-
tative measures, such as drought indices [74]. The idea 
behind the development of drought indices is to objec-
tively identify drought characteristics, such as duration 
and severity as well as its spatio-temporal pattern [28, 
61, 74]. Drought indices reflect drought impacts that are 
being experienced [14, 25]. In fact, indices give us a bet-
ter understanding of the drought changes occurred in 
the past [77] for more efficacious management of the 
future drought risk. Hence, drought event identification 
would be the basis of drought risk assessment [80].

For studying meteorological, agricultural and hydro-
logical droughts, precipitation is the major parameter 
in structure of an index [37, 39, 72]. For example, the 
standardized precipitation index (SPI) presented by 
McKee et al. [41] relies only on precipitation data. In 
two recent decades, the SPI has received attention by 
researchers (e.g. [20, 42, 43, 45] due to its compatibility 
for the analysis on various time scales. However, the SPI 
does not consider the impact of other variables, such 
as temperature, on droughts [25, 68]. According to the 
International Panel for Climate Change (IPCC) reports, 
the global temperature has had an obvious increasing 
trend in recent decades [26]. This could have affected the 
variability of drought episodes [23, 25, 50, 71, 79]. Other 
indices, such as Palmer drought severity index (PDSI, 
[46], also have several shortcomings such as limitation 
of application in wet regions [79] and problem in spatial 
comparability [25, 67].

Vicente-Serrano et al. [67] introduced a temperature-
based drought index, namely standardized precipitation 
evapotranspiration index (SPEI), to tackle the drawbacks 
of above indices. The SPEI combines the advantages of 
both PDSI and SPI, so that it has a simple calculation 

procedure while maintaining the multi-temporal flex-
ibility of the SPI along with sensitivity to evapotranspi-
ration demand similar to PDSI [23]. Various researchers 
(e.g. [7, 23, 25, 33, 39, 60, 77, 79] applied SPEI in drought 
analysis, because it can consider the impacts of global 
warming on drought occurrences [9, 35, 36, 59, 81]. For 
instance, Mathbout et al. [39] demonstrated that the SPEI 
is superior to SPI due to its capability in identifying the 
role of evapotranspiration and temperature variability 
in drought characteristics, and consequently its ability 
in detecting drier conditions. In a new study, Vicente-
Serrano et al. [70] compared two indices i.e. the SPEI and 
the standardized evapotranspiration deficit index (SEDI) 
proposed by Kim and Rhee [31] in identifying drought 
severity globally. They showed that though the SPEI 
does not require estimation of the actual evapotran-
spiration (AET), it has a similar performance to the SEDI 
that use the AET. Over Iran, Bazrafshan [5] suggested 
the SPEI rather than SPI for more effective monitoring of 
droughts due to the determinative role of temperature 
in mostly dry regions like Iran. Accordingly, the SPEI has 
been recognized as a better monitoring approach for 
drought and flood analysis.

The SPEI was established based on monthly climatic 
water balance represented by the difference ( Δ ) between 
monthly precipitation and potential evapotranspiration 
(PET) rather than only precipitation. The primary formu-
lation of the SPEI represented by Vicente-Serrano et al. 
[67] employs the Thornthwaite equation [62] for PET 
calculation since it relies only on temperature and lati-
tudinal data. Tan et al. [60] and Yang et al. [79] also used 
Thornthwaite for estimating PET. However, Jensen et al. 
[27] and Van der Schrier et al. [64] found that Thornth-
waite underestimates PET in arid and semiarid regions 
and overestimates it in humid regions, respectively. Also, 
Xu et al. [77] concluded that applying Thornthwaite for 
estimating PET exaggerated the drying trend during 
1961–2012 in the mainland China and Chen et al. [6] and 
Lang et al. [32] showed that Thornthwaite would give 
unreliable results under dry conditions. To overcome 
this problem, various researchers [7, 77] employed other 
methods, such as Penman–Monteith (PM), for estimat-
ing PET. Moreover, Li et al. [34] used pan evaporation 
as the SPEI input and indicated that SPEI calculated by 
pan evaporation has a better agreement with the SPEI 
calculated by PM than Thornthwaite. Furthermore, Hom-
dee et al. [23] used AET instead of PET for the SPEI cal-
culation and developed the standardized precipitation 
actual evapotranspiration index (SPAEI). They confirmed 
that using SPAEI instead of SPEI provides substantially 
different drought severity results. However, data avail-
ability determines what information can be served for 
introducing a drought index.
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The SPEI is calculated based on the probability of 
atmospheric evapotranspiration demand on different 
time scales. Thus, fitting an appropriate probability dis-
tribution to SPEI values of a certain time scale is the first 
step for calculating this index. According to literature, it 
was found that the three-parameter log-logistic distri-
bution fits suitably to the monthly aggregated Δ values 
[67]. Therefore, similar to the SPI, the SPEI theory was first 
introduced on the basis of a parametric probability density 
function (PDF). However, parametric methods have some 
limitations in constructing drought indices; an empirical 
probability can be used as a more reliable alternative for 
calculating an index using a distribution-free function [24].

Calculation of parametric distributions is based on 
parameters that determine the properties of the probabil-
ity curve such as shape, skewness and kurtosis. This can 
lead to misleading results, especially at local scales such 
as distribution tails. On the other hand, a nonparametric 
approach (e.g. kernel density estimator, KDE) estimates 
the PDF of observations, not only by taking into account 
various parameters, but by using all observations. This can 
affect frequencies of the SPEI classes, since it is expected 
that these frequencies should follow the standard normal 
distribution. Sienz et al. [53] compared several parametric 
methods in terms of frequencies of drought classes using 
the SPI and indicated that some distributions may overes-
timate or underestimate the frequencies.

In recent studies, nonparametric approaches in mod-
eling drought indices have been frequently used by many 
researchers [13, 19, 24, 58, 85]. Nevertheless, evaluation 
of calculated frequencies of drought events using non-
parametric continuous PDF compared to those based on 
commonly-used parametric approach i.e. log-logistic has 
not been performed. This has motivated the current study 
which aims at (1) calculating a nonparametric SPEI using 
data recorded at 100 synoptic stations over Iran during 
the period 1988-2017, (2) comparing the performance of 
nonparametric and parametric methods in deriving the 
expected frequencies, (3) evaluating the trends signifi-
cance, (4) identifying homogeneous regions in terms of 
drought spatial variabilities, and (5) assessing regional 
drought risk. This paper contributes to current knowl-
edge of drought by carrying out a comprehensive spatio-
temporal analysis of recent droughts in Iran using a non-
parametric SPEI.

2  Data and study area

Iran is situated in West Asia with climate diversity from 
arid to very humid. Most of the arid and semiarid lands 
are located in the central to eastern and humid lands are 
located in the northern and western parts of Iran. Monthly 

precipitation and temperature data from 100 synoptic sta-
tions for the 31-year period of 1987–2017 were obtained 
from the Iranian Meteorological Organization. These sta-
tions were selected based on the completeness of dataset 
and length of climatic record. The geographical locations 
of the stations are shown in Fig. 1. Figure 1 also shows 
the geographical distribution of the aridity index [63] over 
Iran. This index varies from 0 (very arid) to 2.2 (very humid).

3  Methodology

3.1  The nonparametric SPEI

The SPEI was developed by Vicente-Serrano et al. [67] 
for drought monitoring. This index accommodates the 
combined influence of precipitation and temperature, 
and is suitable for identifying drought episodes, evalu-
ating drought characteristics i.e. duration and severity, 
and defining the spatial pattern of drought using climatic 
water balance anomalies.

The SPEI calculation procedure is similar to that of the 
SPI [41], but it uses the difference ( Δ ) between monthly 
precipitation and potential evapotranspiration rather than 
only precipitation used in the SPI. Values of Δ are then 
aggregated at different time scales to calculate drought 
severity for various types of meteorological (short-term 
scale) and hydrological/agricultural (long-term scale) 
droughts [4, 30, 56]. In this study, the SPEI was calcu-
lated for 1-, 3-, 6-, 9- and 12-month time scales (hereafter 
SPEI1, SPEI3, SPEI6, SPEI9 and SPEI12, respectively). Due to 
insufficient data during the study period, we applied the 

Fig. 1  Location of synoptic stations and general aridity status in 
Iran
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modified Thornthwaite parameterization [76] as a simple 
approach for estimating PET. The modified Thornthwaite 
reduces over- and under-estimation of PET as calculated 
by the Thornthwaite method [78]. Details of the formula-
tion of the modified Thornthwaite method can be found 
in Willmott et al. [76] and Yao et al. [78]. Thornthwaite 
approach requires only monthly mean temperature and 
station’s latitude [62] and, therefore, is easy to apply [25, 
28].

Three-parameter log-logistic distribution was sug-
gested by Vicente-Serrano et  al. [67] to fit the twelve 
aggregated Δ time series (January to December). The 
scale, shape, and location parameters determining the log-
logistic distribution are obtained using the maximum like-
lihood method. Similar to the SPI, the SPEI is calculated by 
transforming the cumulative distribution function (CDF) 
to the standard normal CDF.

Since the SPEI is a normalized variate, it is expected that 
probabilities of different wet and dry classes follow the 
normal distribution. The expected probabilities for each 
class of SPEI are represented in Table 1. The deviation of 
the aggregated Δ CDF from the standard normal CDF leads 
to overestimation or underestimation of the frequencies of 
estimated classes with respect to the expected ones [53]. 
This is highly dependent on the goodness of fit of the CDF 
to the data.

In this study, we employ the KDE developed by Sharma 
et al. [49] instead of the three-parameter log-logistic for 
estimating the CDFs of the monthly aggregated water 
deficits or surpluses. The KDE method estimates the PDF 
without any assumption about the probability distribution 
of the data. In this method, all observed values contribute 
to the estimation of the PDF of a given observation ( x = Δ ) 
with the contribution of each observation determined by 
a kernel density function. The effective parameter in this 
function is the bandwidth [49]. Different forms of kernel 
functions have been used in different studies among 
which the most popular one is the standard normal func-
tion. It has been analytically proven that the form of the 

kernel function has no major role in the performance of 
the method [10, 47]. The estimated frequency for a specific 
x value is found from the standard normal function:

where n and h are number of observations and the global 
bandwidth, respectively. The value for the exponential 
component of this equation is between 0 and 1, and deter-
mines the contribution of independent data in estimating 
the value of the PDF for each x. Observations closer to the 
x observation have a higher contribution in estimating the 
value of the PDF. Hence, to estimate the density of any 
observation, a standard normal kernel function, centered 
on the given observation, is fitted to the data. In other 
words, the n normal kernel functions are fitted to the n 
independent observations to determine the probability 
density function.

Determination of a suitable value for h is imperative. 
The large values of the bandwidth cause an excessively 
even estimation and its small values result in an uneven 
estimation. To achieve a better estimate of the PDF curve, 
the local bandwidth (hi) should be used [49]. In this case, 
a separate h parameter is defined for each observation. 
Abramson [2] presented a formulation for the local band-
width as:

where f̂ (xi) is the probability density function based on the 
global bandwidth and g is the geometric mean of f̂ (xi) . Sil-
verman [54] introduced an analytical equation to estimate 
the global bandwidth as:

where � is the standard deviation of data. According to 
Eq. (1), the optimized local bandwidth is the only required 
parameter for the aforementioned nonparametric method. 
The CDF is the integral of the PDF (Eq. 4):

There is no analytical solution for Eq. (4) and hence it is 
calculated numerically.

3.2  Drought event characterization

In the present study, the SPEI values on five time scales 
were calculated as they are capable of representing the 
meteorological (SPEI1), agricultural (SPEI3 and SPEI6) and 
hydrological (SPEI9 and SPEI12) droughts [60]. A drought 
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Table 1  The SPEI classes and their expected probabilities based on 
standard normal distribution

SPEI class Class symbol Description Expected 
probability 
(%)

Larger than 2.0 ew Extreme wet 2.3
1.5–2.0 sw Severe wet 4.4
1.0–1.5 mw Moderate wet 9.2
− 1.0 to 1.0 n Normal 68.2
− 1.5 to − 1.0 md Moderate drought 9.2
− 2.0 to − 1.5 sd Severe drought 4.4
Less than -2.0 ed Extreme drought 2.3
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event or episode is defined as a period in which the SPEI 
is continuously negative and less than −1.0. Accordingly, 
duration, severity and spatial variability of droughts can 
be identified [21, 39, 73].

We apply the Mann–Kendall (MK) test [29, 38] to the 
SPEI time series to detect if a trend in monthly SPEI time 
series is statistically significant at 99.99%, 99%, 95% and 
90% confidence levels over the period 1988–2017. The MK 
test is a well-known non-linear method based on the rank-
ing to time sequences of the observations [18]. Details for 
computing the standard normal test statistic (Z) can be 
found in Yang et al. [80] and Hui-Mean et al. [25]. At the 
above confidence levels, the null hypothesis of no trend 
is rejected if |Z| > 3.29, |Z| > 2.58, |Z| > 1.96 and |Z| > 1.64, 
respectively.

3.3  Spatial patterns identification

In dealing with climatic and hydrological data, widespread 
statistical multivariate analyses, such as the principle com-
ponent analysis (PCA), have considerable applications 
[57]. We carried out PCA to define the spatial variability 
of drought. The PCA was applied to 100 time series of the 
SPEI separately for each accumulated period in order to 
recognize the most influencing parameters responsible for 
drought patterns delineation. This can subsequently be 
used in regional risk assessment. In climate studies, PCA 
is mostly applied to reduce the number of variables and 
produce factors that will explain most of the variance or 
analyze spatial and temporal variability of various phe-
nomena such as drought (see [16, 39, 40, 48, 65, 66, 86].

We extracted principle factors by applying two types 
of rotations i.e. varimax orthogonal and promax PCA with 
Kaiser Normalization [22] on 100 time series (synoptic sta-
tions) of the SPEI for all time scales, separately. In case of 
varimax orthogonal rotation, similar to that reported by 
Mathbout et al. [39], we could not find coherent and un-
overlapped spatial patterns for factor loadings. Besides, in 
some cases factor loadings were negative and therefore 
factor scores had a trend unlike the original SPEI values. 
Accordingly, we analyzed only outputs of promax PCA in 
a spatial mode i.e. S-mode. Mathbout et al. [39] and Mar-
tins et al. [40] showed that S-mode provides areas with 
close temporal behavior. The PCA produces a temporal 
sequence of the scores for each PC by multiplying origi-
nal SPEI by factors coefficients. Each PC is associated with 
a spatial structure derived from loadings, so that regions 
with values of factor loadings greater than 0.4 can be 
considered almost exclusive areas [39, 75]. In the present 
study, the decision on the number of components to 
retain was made using North’s rule of thumb [44]. We also 
carried out a trend analysis using the MK test on temporal 
sequences of PC scores.

3.4  Bivariate risk assessment

By extracting spatio-temporal patterns of drought vari-
ability, we did a bivariate risk assessment in order to 
explore the correlations between drought characteris-
tics. At first, it is necessary to assign two drought char-
acteristics i.e. duration (D) and severity (S) to each event 
according to Subsection 3.2. Duration is the number of 
consecutive months of the drought event (the months 
when SPEI values are smaller than − 1.0). Severity is the 
cumulative values of SPEI within the drought duration. 
For convenience, severity of drought event is taken to 
be positive [15].

The relationship between characteristics of drought 
events is represented by a bivariate joint CDF (JCDF). This 
bivariate JCDF can be expressed in terms of copula func-
tion [55], since drought severity and duration may not 
have identical distribution functions. The copula theory 
was introduced to model stochastic nature of multivari-
ate processes in which a multivariate distribution func-
tion is constructed using several univariate distribution 
functions [11, 15, 52, 83, 84]. It can depict the depend-
ence structure between variables, independently of the 
marginal behavior of the involved variables [17, 35, 36]. 
We compared five common copula functions i.e. Clay-
ton, Normal, Gumbel–Hougaard, T and Frank which have 
wide applications to analyze the JCDF and calculated 
bivariate return periods of drought events. To select the 
suitable bivariate model, we applied the Akaike infor-
mation criterion (AIC). The methodology for calculating 
the AIC values is described in Ganguli and Reddy [15]. 
The bivariate return period is used to estimate the recur-
rence interval of drought events with the severity and 
the duration greater than or equal to a given value. The 
bivariate return period (RP) can be defined as [35, 36, 51]:

where E(L) is inter-arrival time of drought, defined as the 
time interval between beginnings of two consecutive 
drought events, and P(D ≥ d, S ≥ s) is the joint exceed-
ance probability (JEP), or risk, depicting joint behavior of 
the characteristics. The JEP is calculated as:

where FD(d) and FS(s) are the marginal CDFs of duration 
and severity, respectively, and FDS(d, s) is bivariate JCDF 
expressed in terms of the selected copula function. Thus 
FD(d) , FS(s) and FDS(d, s) should be derived prior to find-
ing the bivariate return period. It is expected that various 
combinations of duration and severity produce different 
return periods.

(5)RP =
E(L)

P(D ≥ d, S ≥ s)

(6)P(D ≥ d, S ≥ s) = 1 − FD(d) − FS(s) + FDS(d, s)
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4  Results and discussion

4.1  KDE performance

The performances of two PDFs, i.e. log-logistic and 
KDE were compared in terms of the frequencies of SPEI 
classes. As previously stated, any deviation from the 
probabilities mentioned in Table 1 results in underesti-
mation or overestimation of the frequency of a drought 
class, which is important in drought risk assessment. 
This discrepancy affects the computed drought return 
periods. Differences between the calculated frequen-
cies using the two PDFs and those expected for SPEIs of 

different time-scales, averaged over the 100 stations, are 
shown in Fig. 2. Magnitudes of differences are directly 
connected to the appropriateness of the PDF. This is 
particularly important in the lower tail of the precipita-
tion distribution representing extreme droughts, as any 
overestimation/underestimation of the probabilities in 
this area would lead to underestimation/overestimation 
of the frequency of extreme drought events. Since SPEI 
was used as the drought index, we analyze only drought 
classes and disregard the wet classes.

With the exception of the SPEI1, frequencies of extreme 
drought class are underestimated by KDE and overes-
timated by log-logistic, with the KDE reproducing rela-
tively satisfactory outcomes (Fig. 2). In an overall view, 
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Fig. 2  Average difference percentages of various time scales SPEI classes based on KDE and log-logistic distributions obtained from 100 sta-
tions throughout the country. The class symbols (x-axis) were introduced in Table 1
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the differences are smaller than 60% for KDE and greater 
than 80% for the log-logistic distribution. This condition 
also holds for severe and moderate droughts with differ-
ence percentages less than extreme ones. Overall, the 
KDE performs better than the log-logistic in estimating 
the frequency of drought classes on various time scales. 
The mean absolute difference of drought classes is more 
than 60% for the log-logistic, but less than 30% for KDE.

Despite the flexibility of the log-logistic to fit to vari-
ous data and its suitability for negative values [67], the 
quite bad fitting of the distribution tails and middle to 
data results in considerable deviations in frequencies of 
drought classes. This may negatively impact the accuracy 
of the estimation of drought characteristics, such as return 
periods of drought classes. Since the return period plays 
a key role in studies of hydrology and water resources 
management, reduction of estimation error of drought 
frequencies is necessary for efficient management and 
making right decisions under drought conditions [53].

Using KDE in the SPEI structure has two advantages: (1) 
The KDE has only one parameter that is easy to calculate 
mathematically and does not require the inclusion of other 
parameters to assess skewness and kurtosis of data; and 
(2) The KDE presents more efficient results than the log-
logistic distribution as found by comparison of percent-
age differences for each class of SPEI. However, the limited 
length of the present study period makes it impossible to 
accurately estimate the frequency of drought spells.

4.2  Local trend analysis

Using monthly precipitation and PET calculated by modi-
fied Thornthwaite approach, the SPEI time series for 100 
stations were derived based on the KDE distribution. 
Trends’ significance based on MK test for all stations and 
time scales are shown in Fig. 3. Negative significant trends 
(NST) are found in many stations and the number of sta-
tions with NST in all confidence levels increases as time 
scale becomes longer. Besides, the number of stations 
with non-significant trend (NS) or positive significant trend 
(PST) decreases by increasing the time scale. For example, 
at the 99.99% confidence level, NST was detected at 27, 
37, 48, 59 and 66 stations for SPEI1, SPEI3, SPEI6, SPEI9 and 
SPEI12, respectively. At respectively, 44, 38, 29, 21 and 19 
stations there were either NS or PST (at 90% confidence 
level).The results indicate that as the accumulation period 
for calculation of the SPEI increases from 1 to 12 months, 
drought becomes more widespread.

The box-whisker plots of  ZMK scores depicting trends 
in monthly standardized precipitation, temperature and 
SPEIs of 100 synoptic stations on various time scales are 
plotted in Fig.  4. According to the figure, significant 
positive trend of drought can be categorized into three 

situations: (1) increasing trend of PET and no or increas-
ing trend of precipitation, but the trend is more signifi-
cant for PET; (2) decreasing trend of precipitation and no 
or decreasing trend of PET, but the trend is more signifi-
cant for precipitation; and (3) increasing trend of PET and 
decreasing trend of precipitation which lead to a more 
sever water deficit and more persistent drought. The 
PET is strongly dependent on temperature; therefore, 
the higher values of temperature indicate the increas-
ing crop water demand.

As showed in Fig. 4, there is a seasonal variability in 
precipitation and temperature trends which, in turn, pro-
duces various conditions in terms of drought severity in 
different months. In general, most of the stations expe-
riencing drought in winter (January–March) have a sig-
nificant increase in temperature and consequently in the 
PET, and a significant decrease in precipitation. However, 
a more significant increasing trend of temperature com-
pared to rainfall can be seen from April to September 
that has led to water deficit in the spring and summer 
seasons. In August and September, many stations expe-
rience an upward trend in precipitation time series. In 
summer (July–September), the number of stations that 
experience a significant increasing trend in temperature 
is less than that in spring (April–June) and consequently, 
the SPEI1 trend is significant in fewer stations. Neverthe-
less, trends in longer SPEIs in the summer are similar to 
those in the spring.

Conditions in October are similar to those in summer, 
i.e. there is greater contribution of temperature than pre-
cipitation in producing droughts. However, November, 
with an upward trend in precipitation and a downward 
trend in temperature for much of the country, has condi-
tions unlike other months. It causes the SPEI1 of November 
to have an increasing trend in the overwhelming majority 
of the stations. Droughts occurred in December are influ-
enced by a downward trend in precipitation while there 
has been no trend or decreasing trend in temperature. 
Although January SPEI1 values are relatively large nega-
tive, its SPEI3 shows wetter conditions because of wet con-
dition in November and December.

Analysis shows that drought changes in winter are 
due to the third situation, those in spring and summer as 
well as October are due to the first situation and those 
in December are caused by the second situation. Besides, 
1-month water deficit has not occurred in November over 
the country. Therefore, throughout Iran has experienced 
strong water deficit in winter season during the two recent 
decades. This has led to more severe drought episodes and 
hence required an effective drought management to miti-
gate the impacts. In general, stations where a significant 
negative trend of the SPEI at high confidence levels was 
detected are irregularly spread throughout the country.
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4.3  Spatio‑temporal analysis

According to North’s rule of thumb [44] and control of the 
scree plots of the Eigen-values associated with all time 
scales, the number of PCs among 100 spatial variables 
should be selected as those explaining at least 55% of the 
total variance. In all cases, the total explained variances 
of the five retained PCs are higher than 55%; the highest 
value was obtained for the SPEI12 (69%) and the lowest 

for SPEI1 (58.6%). Hence, five leading rotated promax PCs 
were retained meaning that the first five PCs should rep-
resent the spatial distribution of drought well throughout 
the country. This suggests that the country is composed 
of five distinct regions characterized by different drought 
variabilities. The first rotated principle component (PC1) 
accounts for 32%, 35.7%, 39.9%, 41% and 42% of the 
total variance for SPEI1, SPEI3, SPEI6, SPEI9 and SPEI12, 
respectively.

Fig. 3  Significance of trends based on the MK test throughout 100 synoptic stations
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For mapping PCs, factor loadings corresponding to 
each PC for each time scale were interpolated across 
the country. In Fig. 5, the spatial patterns of promax 
rotated loadings for the first five PCs on various time 
scales are shown. For all time scales, each of the five 
promax rotated loadings seems to represent a coher-
ent and distinct region i.e. the northwestern (NW), the 
southwestern (SW), the southeastern (SE), the northern 
(N) and the central/eastern (CE) parts. The number of sta-
tions belonging to each region in various time scales is 
provided in Table 2. Further, the temporal variability of 
PC scores associated with mapped loadings and trend 
analysis based on MK test are presented in Fig. 6 and 
Table 2.

Results show that the SPEI spatial patterns identified 
from factor loadings do not change with changing SPEI 
time scale. It means that throughout the accumulated 
periods, regions extents would be nearly identical. It 
seems that drought variability in each region depends 
on the region’s climate type. Our analysis based on the 
Koppen climate classification showed that regions of N, 
NW, SW, SE and CE are mostly very-humid, humid, sub-
humid, semi-arid and arid climates, respectively. The spa-
tial behavior of the SPEI for various time scales reveals that 
the PCs’ orders of importance are not the same in different 
regions. For instance, PC1, PC2, PC4, PC4 and PC4 associ-
ated with SPEI1, SPEI3, SPEI6, SPEI9 and SPEI12, respec-
tively, identify the CE region. Accordingly, spatial variability 
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Fig. 4  Box plots of  ZMK statistic depicting trends in 100 stations throughout the country
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in the CE region decreases when time scale increases. In 
other words, short period droughts such as meteorological 
and agricultural droughts have higher spatial variability 
than hydrological drought.

The spatial pattern in the NW region appears 
unchanged when SPEI time scale varies from 3- to 
12-month. The NW region is identified by PC1 for SPEI3 
to SPEI12, while by PC2 for SPEI1. SW and SE varied from 

Fig. 5  Spatial patterns of promax rotated loadings for the first five PCs in various time scales
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PC2 to PC4 for various time scales. SE region appears to 
be constantly identified by PC3 when SPEI time scale var-
ies from 3- to 9-month. In the SE region, unlike CE region, 
long period droughts such as hydrological droughts have 

higher spatial variability than short period ones. The load-
ings associated with PC5, which is related to N region, 
appear to be spatially more homogeneous than other 
PCs for all time scales. It means that droughts in north 

Fig. 5  (continued)
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coastal region have lower spatial variability compared 
to other regions. Since precipitation in the N region has 
often an increasing trend based on the MK test, droughts 
might reflect the effects of increased temperature. Figure 5 
shows that in the NW region, all types of droughts (mete-
orological, agricultural and hydrological) have similar spa-
tial variabilities, while in the CE, SW and SE regions spatial 
variability increases from meteorological to hydrological 
drought.

The temporal variabilities of the PC scores were exam-
ined for trend using the MK test. The PCs time series along 
with trend lines and the corresponding Z values are pre-
sented in Fig. 6 and Table 2. Results show that temporal 
variabilities of the scores are statistically significant for all 
PCs and all time scales, except for PC3 and PC5 of SPEI1 
that identified SW and N regions, respectively. With Z val-
ues being negative in these regions, we may conclude 
that there is an evidence for long-term increasing trend 
of drought occurrences in all identified regions.

Table 2 shows that Z values of the MK test in all regions, 
except in SE, increase when time scale increases. This is 
consistent with findings represented in Fig. 3. The most 
significant trends have occurred in SE region in all time 
scales with Z values smaller than − 7.0. This is likely due to 
the fact that SE region has experienced the most signifi-
cant increase in temperature and consequently ETP and 
the most significant decrease in precipitation. Unlike the 

spatial variability, the temporal variability of SPEIs in the 
N region are similar to other regions. The significance of 
trends increases when time scale increases. Due to no or 
increasing trends in the observed precipitation in the N, 
the drought exacerbation should be due to the tempera-
ture rise. Various researchers such as Sheffield and Wood 
[50], Dubrovsky et al. [12], Vicente-Serrano et al. [69] and 
Mathbout et al. [39] confirmed that drought severity may 
increase as a consequence of temperature rise which in 
turn produces a higher water demand by PET. This can 
have an effect on drought as high as precipitation short-
age [1].

According to Fig. 6, temporal variabilities indicate some 
years with severe drought episodes. Based on the SPEI val-
ues, most of the drought episodes have occurred in the 
last two decades of the study period i.e. 1998–2017. This is 
in accord with Babaeian et al. [3] that reported a tempera-
ture increase and precipitation decrease in Iran.

The top three drought events ranked by their severi-
ties are reported in Table 3 for each region and time scale. 
In various regions, several episodes having remarkable 
negative values yield critical drought conditions for years 
1998–2002, 2008–2011 and 2015–2017. The most severe 
drought event, with SPEI12 as high as -35.1, occurred 
during 1999–2000 in NW region due to high rates of PET 
and low precipitation during a 22 months long episode. 
It can be seen that in all regions, most severe droughts 

Fig. 5  (continued)
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have occurred during the last 15–20 years with exceptions 
to SW/SPEI9 (1994), SW/SPEI6 (1988–1989) and N/SPEI6 
(1995). Moreover, the majority of extreme drought periods 
have happened in wet months (i.e. November–April) in all 
five regions.

4.4  Risk analysis

Drought severity and duration for all regions were calcu-
lated from time series of the SPEIs. A significant correlation 
(higher than 0.7) was observed between drought severity 
and duration by the Pearson correlation coefficient, reveal-
ing that drought severity and duration are positively cor-
related and should be modeled jointly. The greatest cor-
relation of 0.96 exists for SPEI3 in CE region, and the lowest 
value of 0.77 for SPEI1 in N region.

At first, univariate CDFs need to be separately fitted 
to drought severity and duration series extracted from 
drought events identified by the SPEI. The Kolmogo-
rov–Smirnov (K–S) goodness-of-fit test should be applied 
to detect the best function that represents the marginal 
univariate CDF. It was found that among well-known func-
tions, the gamma and the exponential distributions have 

suitable performance to model drought severity and dura-
tion for all regions. This is in agreement with findings of 
Shiau and Modarres [52] and Dodangeh et al. [11].

After fitting the marginal distribution functions to 
characteristics series, the copula-based risk analysis of 
droughts was carried out by constructing the copula 
joint severity–duration CDFs. Among five functions, the 
most appropriate of the five copula functions is identi-
fied for describing the dependence structure between 
the drought characteristics for each region and each time 
scale, separately. The parameters of copula functions were 
estimated using maximum likelihood [35, 36]. Table 4 pro-
vides the AIC values of these functions for various regions 
and time scales. The lowest values that represent the best 
models are bolded. From Table 4, it can be observed that in 
most of the cases Clayton model is the best model in terms 
of AIC. After Clayton, Gumbel–Hougaard model performs 
better than other three copula models. For each region 
and time scale, the bivariate model with the lowest AIC 
value was used.

Figure 7 displays the surface plots of JCDF and JEP for 
Gumbel–Hougaard copula for SPEI12 in the NW region, as 
an example. The lower density for a given pair of duration 
and severity of a drought event and a region indicates fre-
quent water deficit. For example, 12-month drought hav-
ing severity of 10 and duration of 5 months had a JCDF 
equal to 0.251, 0.234, 0.318, 0.323 and 0.356 for NW, SE, 
SW, CE and N, respectively. In other words, there is a higher 
JEP for a given drought event in the SE region compared 
to other regions.

The conditional drought return periods can be derived 
using selected bivariate copulas and inter-arrival times. It 
was found that the waiting time between two consecu-
tive drought episodes was longer than half a year with the 
smallest and greatest values equal to 0.665 and 3.845 years 
for time scales 1- and 12-month in N and NW regions, 
respectively.

In order to analyze copula behavior in dealing with 
long-term return periods, we randomly generated 1000 
pairs of severity and duration using univariate CDFs. The 
results were interpolated to raster for tracing specific iso-
lines using nearest neighbor technique. Figure 8 presents 
contour lines of conditional return periods of drought 
events for SPEI3 to SPEI12 for the NW region. The figure 
shows bivariate distributions of the return periods of 3, 5, 
10, 30 and 50 years. For example, conditional return period 
of drought severity equal to 8 given duration nearly equal 
to 6 months is almost 80, 12, 10 and 9 years for 3-, 6-, 9- 
and 12-month SPEIs, respectively.

It can be seen from Fig. 8 that when time scale increases, 
longer and more severe droughts occur more frequently. 
For instance, using SPEI3 to SPEI12, the NW region experi-
ences once in 50 years a drought with severities of 8, 16, 20 

Table 2  PC number and Z value corresponding with as well as 
number of stations falling into each region

NW CE SW SE N

1-month SPEI
PC num. PC2 PC1 PC3 PC4 PC5
Z value − 2.6653 − 2.5426 − 1.1996 − 7.2534 − 0.9647
Num. of sta-

tions
27 38 19 13 10

3-month SPEI
PC num. PC1 PC2 PC4 PC3 PC5
Z value − 2.2884 − 2.6521 − 2.4198 − 8.3807 − 3.0668
Num. of sta-

tions
29 36 17 17 12

6-month SPEI
PC num. PC1 PC4 PC2 PC3 PC5
Z value − 2.6188 − 3.5638 − 3.8978 − 7.7557 − 4.0731
Num. of sta-

tions
30 30 21 20 11

9-month SPEI
PC num. PC1 PC4 PC2 PC3 PC5
Z value − 3.7321 − 5.1557 − 4.9532 − 7.6347 − 3.1509
Num. of sta-

tions
32 30 25 21 8

12-month SPEI
PC num. PC1 PC4 PC3 PC2 PC5
Z value − 4.2379 − 4.7744 − 5.8359 − 7.9538 − 5.6729
Num. of sta-

tions
35 31 24 20 12
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Fig. 6  Temporal variability of PC scores associated with mapped loadings
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and 26 and durations of 5, 10, 12 and 17 months, respec-
tively. Thus, the conditional return periods of drought 
characteristics derived from JCDFs can be useful in risk-
based planning and management of various issues such 
as agriculture, water resources and economics in areas 
affected by drought.

We found patterns similar to those of Fig. 8 in all regions 
given inter-arrival time of droughts and JEP values. For the 
analysis of drought risk in various regions, five scenarios 
depicting an extreme event were also considered and the 
corresponding conditional return periods were intercom-
pared. These scenarios are (1) duration of 1and severity of 
2 for SPEI1; (2) duration of 2 and severity of 4 for SPEI3; (3) 
duration of 3 and severity of 6 for SPEI6; (4) duration of 4 
and severity of 8 for SPEI9; and (5) duration of 5 and severity 
of 10 for SPEI12. Table 5 reports the return periods for these 
scenarios in the five regions. Results indicate that the NW 
region is more susceptible to meteorological to hydrological 
droughts and can be categorized as a drought-prone region. 
The greatest drought showed in Table 3 has the return 
period greater than 100 years. This occurred in 1999 with 
duration of 22 month and severity of 35.1 and lasted to 2000 
in the NW region. Among other four regions, short-term 

droughts recurred relatively more frequently in the CE and 
SW, whereas long-term droughts occurred relatively more 
frequently in N and SE regions. Although spatial variability 
of droughts is very low in the N region (Fig. 5), the return 
period of extreme events is as high as 5.4 to 13.1 years. As 
mentioned earlier, the more severe droughts in this region is 
mainly due to the increasing trend of temperature.

A high risk of extreme droughts is the greatest obsta-
cle to the sustainable development and may hardly have 
recoverable impacts on agriculture and hydrology. The risk 
of extreme drought episodes with duration of 5 months over 
the country is once in 9 years, on average. Specifically, the 
NW region is subject to higher risk of droughts and experi-
ences droughts with longer durations and higher severities. 
These conditions affect the water supply and may literally 
give rise to unprecedented challenges for agriculture and 
water resources management.
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Fig. 6  (continued)
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Table 3  Top three drought events ranked by their severities

Time scale Rank Feature NW CE SW SE N

SPEI1 1 Duration 2 3 3 3 2
Severity − 4 − 4.4 − 4.3 − 3.9 − 3.6
S and E Apr. 2008 and May 

2008
Aug. 2002 and Oct. 

2002
Feb. 2008 and Apr. 

2008
Feb. 2004 and Apr. 

2004
Mar. 2008 and Apr. 

2008
2 Duration 3 2 2 3 2

Severity − 3.7 − 4.2 − 3.2 − 3.8 − 3.3
S and E Sep. 2010 and Nov. 

2010
Apr. 2000 and May 

2000
Dec. 2014 and Jan. 

2015
Jul. 2015 and Sep. 

2015
Nov. 2010 and Dec. 

2010
3 Duration 2 2 2 2 2

Severity − 2.9 − 3.5 − 3.2 − 2.5 − 2.7
S and E Nov. 1998 and Dec. 

1998
Mar. 2008 and Apr. 

2008
Dec. 2011 and Jan. 

2012
Apr. 2017 and May 

2017
Jan. 2004 and Feb. 

2004
SPEI3 1 Duration 5 5 3 3 7

Severity − 7.4 − 8.6 − 5.3 − 5.1 − 10.1
S and E Oct. 1998 and Feb. 

1999
Mar. 2008 and Jul. 

2008
Mar. 2008 and May 

2008
Mar. 2004 and May 

2004
Jul. 2010 and Jan. 

2011
2 Duration 4 5 4 4 5

Severity − 6.9 − 8.2 − 4.9 − 4.9 − 7.2
S and E Mar. 2008 and Jun. 

2008
Mar. 2001 and Jul. 

2001
Sep. 2010 and Dec. 

2010
Dec. 2005 and Mar. 

2006
May 2014 and Sep. 

2014
3 Duration 4 4 3 3 3

Severity − 5.7 − 7.4 − 4.8 − 4.2 − 5.2
S and E Jul. 2017 and Oct. 

2017
Apr. 2000 and Jul. 

2000
Jan. 2015 and Mar. 

2015
Mar. 2010 and May 

2010
Mar. 2008 and May 

2008
SPEI6 1 Duration 12 8 11 8 6

Severity − 19.4 − 13.3 − 16.9 − 11 − 11.1
S and E Nov. 1998 and Oct. 

1999
Mar. 2008 and Oct. 

2008
Oct. 2007 and Aug. 

2008
Dec. 2005 and Jul. 

2006
Oct. 2010 and Mar. 

2011
2 Duration 9 6 6 6 5

Severity − 13.1 − 10.9 − 8.1 − 9.2 − 8.5
S and E Jan. 2008 and Sep. 

2008
Apr. 2000 and Sep. 

2000
Dec. 1993 and May 

1994
Mar. 2004 and Aug. 

2004
Apr. 1995 and Aug. 

1995
3 Duration 5 6 5 7 5

Severity − 7.1 − 9.9 − 6.6 − 8.3 − 8
S and E Nov. 2010 and Mar. 

2011
Apr. 2001 and Sep. 

2001
Oct. 1988 and Feb. 

1989
Dec. 2001 and Jun. 

2002
Aug. 2017 and Dec. 

2017
SPEI9 1 Duration 14 9 10 12 10

Severity − 24.1 − 14.5 − 17.1 − 15.5 − 16.2
S and E Dec. 1998 and Jan. 

2000
Apr. 2008 and Dec. 

2008
Jan. 2008 and Oct. 

2008
Sep. 2001 and Aug. 

2002
Feb. 2006 and Nov. 

2006
2 Duration 9 8 10 9 9

Severity − 14.1 − 12.3 − 11.8 − 13.4 − 14.9
S and E Mar. 2008 and Nov. 

2008
Apr. 2000 and Nov. 

2000
Sep. 2010 and Jun. 

2011
Mar. 2004 and Nov. 

2004
Oct. 2007 and Jun. 

2008
3 Duration 6 8 7 8 9

Severity − 6.8 − 11.6 − 8.4 − 10.9 − 14.4
S and E May 2000 and Oct. 

2000
May 2001 and Dec. 

2001
Feb. 1994 and Aug. 

1994
Feb. 2006 and Sep. 

2006
Nov. 2010 and Jul. 

2011
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5  Conclusion

In this study, droughts in Iran were investigated using 
monthly precipitation and temperature time series 
obtained from 100 synoptic stations for the period 

1987–2017. We employed the kernel density estimator 
instead of the three-parameter log-logistic distribution 
for estimating the CDFs of the monthly aggregated water 
deficit or surplus due to its simplicity and its accuracy 
in estimating frequencies of drought classes. Based on 
the trend analysis, we found a universal intensification 

Table 3  (continued)

Time scale Rank Feature NW CE SW SE N

SPEI12 1 Duration 22 15 13 17 13

Severity − 35.1 − 20.4 − 23 − 21.6 − 21.6

S and E Feb. 1999 and Nov. 
2000

Jan. 2001 and Mar. 
2002

Mar. 2008 and Mar. 
2009

Dec. 2001 and Apr. 
2003

Mar. 2008 and Mar. 
2009

2 Duration 7 7 12 12 12

Severity − 11.7 − 10.7 − 15.6 − 15.9 − 18.6

S and E Apr. 2008 and Oct. 
2008

Aug. 2008 and Feb. 
2009

Nov. 2010 and Oct. 
2011

Dec. 2003 and Nov. 
2004

Sep. 2010 and Aug. 
2011

3 Duration 6 8 10 9 11

Severity − 7.2 − 10.5 − 11.2 − 10.9 − 17.2

S and E Oct. 2001 and Mar. 
2002

Apr. 2000 and Nov. 
2000

Jan. 2012 and Oct. 
2012

Mar. 2006 and Nov. 
2006

Mar. 2006 and Jan. 
2007

Table 4  Comparison of 
performance of copula models 
based on the AIC

Regions Index Clayton Normal Gumbel-Hougaard T Frank

NW SPEI1 − 21.0966 − 19.7874 − 19.0455 − 17.8819 − 17.0931
SPEI3 − 31.619 − 44.1577 − 38.0219 − 41.4032 − 39.2383
SPEI6 − 49.0714 6.964997 − 44.0663 − 30.4217 − 40.895
SPEI9 − 50.6275 − 37.8066 − 43.2472 − 38.2792 − 37.7712
SPEI12 − 19.5546 − 11.4992 − 20.0769 − 15.5481 − 14.9135

CE SPEI1 − 20.9722 − 18.4901 13.07117 0.588818 − 12.8867
SPEI3 − 33.312 33.03453 − 29.8577 − 5.79308 − 26.5537
SPEI6 − 39.7906 − 31.8453 − 37.3027 − 32.599 − 35.8
SPEI9 − 34.7984 − 11.9964 − 34.1602 − 21.4386 − 31.994
SPEI12 − 8.55588 − 3.40151 − 17.4387 − 14.73 − 21.6957

SW SPEI1 − 26.572 46.23396 − 23.567 9.350025 − 20.2298
SPEI3 − 20.9991 − 25.5233 − 26.2439 − 24.904 − 31.6964
SPEI6 − 46.6822 23.35107 − 39.967 − 27.0841 − 35.5579
SPEI9 − 40.8548 − 31.7877 − 37.5356 − 32.8723 − 35.4265
SPEI12 − 42.0352 − 29.686 − 34.6336 − 29.9528 − 30.5864

SE SPEI1 − 11.4624 128.2812 − 10.0738 35.20817 − 5.88059
SPEI3 − 18.0902 6.991249 − 16.6787 − 2.30672 − 15.3711
SPEI6 − 34.7145 15.26338 − 31.3521 − 16.5134 − 28.5865
SPEI9 − 25.3072 133.3029 − 20.8793 − 6.90253 − 17.2345
SPEI12 13.23738 7.495991 − 23.073 − 19.4598 − 19.3425

N SPEI1 − 11.7386 − 1.33211 − 10.3835 − 1.49736 − 5.90864
SPEI3 − 35.2657 83.27224 − 32.1713 0.326492 − 29.2362
SPEI6 − 19.3224 − 29.9548 − 28.9782 − 29.3219 − 35.8115
SPEI9 − 40.0297 62.94654 − 35.0732 − 15.9546 − 31.7163
SPEI12 − 36.1674 − 18.0209 − 29.9282 − 25.6453 − 26.4269
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of drought throughout the country, especially on long 
time scales. This occurs when there is a high difference 
between monthly precipitation with a considerable 
decreasing trend and a PET with a considerable increas-
ing trend [25, 77]. According to Babaeian et al. [3]; in two 
recent decades, Iran has been influenced by the global 
warming along with decreasing rainfall. Although, the 
monthly water balance (SPEI1) of almost 45% of the 
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Fig. 7  Surface plots of JCDF and JEP of Gumbel–Hougaard copula for the NW region and 12-month SPEI
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Table 5  Return periods for five scenarios in five regions (years)

Scenario NW CE SW SE N

1 3.5 3.9 3.2 6.6 5.4
2 4.5 5.4 4.7 12.7 5.4
3 6.6 8.7 8.8 8 6.7
4 9.5 12 12.4 7.1 9.8
5 11.9 11.8 12.2 13.8 13.1
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stations has no negative significant trend, the accumu-
lated water balance shows a large deficit in more sta-
tions due to climate change. Hence, drought monitoring 
should focus on the regions with decreasing trend in the 
accumulated water balance, since a considerable rise in 
PET may also lead to a drier soil condition even though 
precipitation have no significant decreasing trend [8]. 
Thereafter, by identifying the principle components of 
SPEI time series on different timescales, we identified 
five regions with different spatio-temporal behavior of 
drought. From the methodology and the results pre-
sented in this study, it can be concluded that the SPEI 
seems to be a reasonable index for description of Iran’s 
droughts. Using SPEI on a regional scale, we found that 
the longest and most severe drought episodes have 
occurred in the last 15–20 years. Furthermore, north-
western region of Iran had the highest risk of drought 
based on the multi-dimensional copula. This study was 
a forward step in considering an aggregative perspective 
of meteorological, agricultural and hydrological water 
deficit. According to our findings, there is an urgent need 
to plan short-term/long-term strategies for encountering 
an efficacious development of drought early-warning 
systems for mitigating drought impacts on economic, 
social and environmental sustainability. This study ena-
bles decision makers to develop drought early-warning 
systems for each region separately, established using 
simplified mathematical predictors such as teleconnec-
tion indices.
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