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ABSTRACT

The Rainfall Anomaly Index (RAI) is revisited herein as an alternative to the Standardized Precipitation Index
(SPI), taking into account different time scales and the probability of zero precipitation as in the SPI procedure.
To evaluate the performance of the modified RAI that stands as a Simplified Standardized Precipitation Index
(SSPI), both indices were computed for 45 stations distributed across diverse climates of Iran. The resulted time
series and frequency distribution of the indices values between different dry/wet classes were statistically
compared. The results show a very strong association between the two indices at all stations and time scales,
particularly at longer time scales. The spatial distribution of the correlation coefficient (R) computed between the
two indices depicts large R values across Iran, particularly over northern and western Iran where precipitation is
distributed more regularly throughout the year. The spatial distribution of the Shapiro-Wilks (S-W) normality test
computed for all studied stations and time scales show values larger than 0.96 in northern and western Iran and
lower values ranging from 0.82 to 0.96 for a few stations scattered in eastern, central, and southern Iran. This
indicated that both indices have a closer distribution to the standard normal distribution in northern and western
Iran where precipitation is less skewed. However, SSPI shows a lower S-W test than the SPI for some stations
scattered over central-eastern Iran, which is an indication of its higher deviation from the normal distribution.
The comparison of the frequency distribution of the indices values between different dry/wet classes also reveals
a very strong association between the two indices, as indicated by very high values of contingency coefficient and
Cramér’s V statistic for all time scales at the studied stations. SSPI is simpler in calculation than the SPI and
permits for missing data and large numbers of zero values in the data records, which is very common in arid and
hyper-arid climates. Thus, SSPI is preferred over SPI when the length of data records is short or contains a large
number of zero values for which SPI is incomputable or unreliable.

1. Introduction

discussed the advantages and disadvantages of SPI in characterizing
drought events. According to Hayes et al. (1999), SPI requires only

Several drought indices are proposed for drought monitoring from
which the Palmer Drought Severity Index (PDSI) (Palmer, 1965), the
Standardized Precipitation Index (SPI) (Mckee et al., 1993), and the
Standardized Evapotranspiration Index (SPEI) (Vicente-Serrano et al.,
2010) are generally accepted and widely used all over the world. The
Australian Drought Watch System uses the decile index (Gibbs and
Maher, 1967) as the meteorological drought index. It is a rank-based
drought index with a relatively simple calculation procedure and
fewer assumptions than the PDSI (Hayes et al., 2011), requiring only
precipitation as the input.

Undoubtedly, the SPI is the most robust and effective widely used
drought index that enjoys several advantages over many indices intro-
duced in the literature (Vicente-Serrano, 2006). Hayes et al. (1999)
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precipitation that is available with a much finer spatial and temporal
coverage across the land areas of the globe. For calculating SPI, the most
suited probability distribution function (PDF) is first fitted to the pre-
cipitation time series aggregated at different timescales and then the
resulted cumulative probability distribution (CDF) is normalized to
obtain the index value. The SPI can be temporally and spatially com-
parable if a uniform calculation process is implemented, otherwise,
comparing the SPI values will not be easy if different probability dis-
tribution functions are used for different locations. This makes the SPI
not affected by geographical or topographical differences (Hayes et al.,
1999; Lana et al., 2001). The World Meteorological Organization (Hayes
et al.,, 2011; WMO, 2006) has recommended the SPI as a generally
accepted index for drought monitoring and characterization in all
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Fig. 1. The DEM of Iran with the spatial distribution of 45 selected stations overlaid. The climate types of the stations determined by Raziei (2017) and the boundary
of the five precipitation sub-regions of Iran identified by Raziei (2018) are also illustrated. The two example stations of Babolsar and Zabol used to evaluate the

performance of the proposed index are in red.

climatic regions of the world. Being based upon the probability of pre-
cipitation values accumulated over different time scales ranging from 1
to 72 months (Edwards and McKee, 1997), SPI is suitable to identify all
types of droughts, namely, the meteorological, hydrological, agricul-
tural, and socio-economic droughts. However, according to Guttman
(1994) and Guttman (1999), the practical range of SPI time scales is 1- to
24-month if one notes that around 50-60 years of data is required for a
confidential SPI computation. Therefore, unless 80-100 years of data is
available, the sample size is too small and the statistical confidence of
the probability estimates on the tails of the distribution becomes very
weak for time scales beyond 24 month Svoboda et al. (2012). Guttman
(1998) has recommended the SPI as the primary drought index due to its
simpler computation procedure and spatially consistent (invariant) in its
interpretation and probabilistic so that it can be used in risk and decision
analysis.

Due to its advantages mentioned above, SPI was extensively used for
drought analysis and characterization in different areas around the
globe, including the U.S.A. (Hayes et al., 1999), Europe (Lloyd-Hughes
and Saunders, 2002), South Africa (Rouault and Richard, 2003),
Hungary (Domonkos, 2003), Italy (Bonaccorso et al., 2003), East Africa
(Ntale and Gan, 2003), Greece (Tsakiris and Vangelis, 2004) and Korea
(Min et al., 2003). However, according to Hayes et al. (1999), the SPI has
three potential disadvantages: a) the assumption of finding a suitable
theoretical probability distribution to fit the raw precipitation is largely
dependent on the quantity and reliability of the data used to fit the
distribution (Guttman, 1999; Quiring, 2009); b) equal value of SPI at
two different locations does not necessarily imply an equal water deficit
at the locations (Wu et al., 2007), indicating that the SPI is not capable of

distinguishing drought-prone regions from other areas, c¢) when
applying the SPI at short time scales in regions with highly seasonal
precipitation, misleadingly large positive or negative SPI values may
result, particularly in arid and semi-arid regions having many months
with zero precipitation (Wu et al., 2007). The SPI is also based on the
assumption of fitting precipitation data to a given PDF (Lloyd-Hughes
and Saunders, 2002; Wu et al., 2007) which is valid when long-term data
records are available that is not always the case in arid and hyper-arid
climates, particularly in the seasons with many zero precipitation
values; thus, resulting in less reliable SPI values at shorter time scales. By
proposing a non-parametric normalization procedure for SPI computa-
tion, Farahmand and AghaKouchak (2015) attempted to overcome such
a conceptual drawback (Raible et al., 2017). The proposed approach is a
rank-based method that simply transforms the plotting positions to the
standard normal distribution (Farahmand and AghaKouchak, 2015) to
directly describes any sample at hand independent of its properties, and
without requiring testing for the goodness of fit (Tijdeman et al., 2020).
As another disadvantage, SPI also does not assumes temporal statio-
narity over the period for which it is calculated; therefore, its robustness
in drought characterization under a changing climate is not clear (Sen-
eviratne et al., 2012).

Like the decile index (Gibbs and Maher, 1967), the Rainfall Anomaly
Index (RAI) developed by Van-Rooy (1965) incorporates a ranking
procedure to assign magnitudes to positive and negative precipitation
anomalies (Keyantash and Dracup, 2002), utilizing a normalization
procedure more simpler than that used in SPI computation. Olukayode
Oladipo (1985) found insignificant differences between RAI and the
more complicated drought indices like PDSI in Nebraska State, USA.
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Likewise, Keyantash and Dracup (2002) found a very strong association
between RAI and SPI time series in two climate divisions of Oregon
State, USA. Loukas et al. (2003) also found RAI and SPI time series
highly comparable in Greece. More recently, Hansel et al. (2016) eval-
uated the suitability of a modified version of RAI as an alternative to SPI
in assessing future precipitation conditions in central Europe and found
it highly correlated with SPI. As stated by Hansel et al. (2016), RAI offers
a higher degree of transparency and tractability and has a lower degree
of sophistication than the SPI, concerning the evaluation criteria for
drought indices proposed by Keyantash and Dracup (2002). It is also
computationally less demanding than SPI but with comparable perfor-
mance as reported by the aforementioned studies.

The aforementioned studies have evaluated the performance of RAI
in small homogenous areas with humid to moderate climates where
precipitation is less skewed compared to arid and hyper-arid climates
characterized by periods with a high probability of zero precipitation
(PZP). However, although Loukas et al. (2003) have already tested RAI
in a few Greek stations with temperate climate where zero precipitation
values during summer month are common, there is no information
regarding the performance of RAI in arid and hyper-arid climates where
precipitation is highly skewed and zero precipitation values dominated
its lengthy warm dry period (Raziei, 2021). Therefore, this study pro-
poses some modifications to RAI and evaluates its performance in
diverse climates of Iran that includes arid and hyper-arid climates. The
proposed modifications make the index a better tool for drought moni-
toring in arid and hyper-arid climates of the world where precipitation
data is either short, incomplete, or contains very high PZP (Raziei, 2021)
with which computing SPI is impossible or unreliable. The modified RAI
is expected to serve as a Simplified Standardized Precipitation Index
(SSPI), as it is very simple in computation, and requires less statistical
assumptions and computational demands while resulting in values
highly comparable with SPI values. It is particularly superior over SPI for
application in arid and hyper-arid climates, particularly at shorter time
scales when the existence of very high PZP makes computing SPI
impossible or unreliable.

2. Materials and methods
2.1. Data

Fig. 1 illustrates the spatial distribution of 45 Iranian first-order
synoptic stations used in this study. The stations were selected based
on the availability of data records with no missing values for a period as
long as possible. These criteria made the selected stations denser in
western and northwestern Iran and scattered in central-eastern Iran
where hosted large inhabitant areas including several deserts of Iran (see
Fig. 1). The selected stations monitored by the Iranian Meteorological
Organization (IRIMO) have complete data records from 1971 to 2018
with an acceptable distribution across diverse climate types of Iran
defined by Raziei (2017) based on the Koppen-Geiger climate classifi-
cation system. The selected stations contain an adequate number of
representative stations for each of the five main precipitation sub-
regions of Iran characterized by different monthly precipitation vari-
ability (Raziei, 2018) and dry/wet periods (Raziei et al. 2011, 2013;
Raziei et al. 2010). The monthly precipitation records of the selected
stations, downloaded from the IRIMO website at http://www.irimet.net,
possessed a few missing values only in two of the stations that were
estimated by establishing a linear regression between the station with
missing values and their neighboring stations. Adopting the rationale
simple linear imputation process in this study is reasonable since the
percentage of missing values requiring imputation is tiny. However,
utilizing non-linear machine learning methods including the support
vector machines and artificial neural network algorithms is preferable
when data have more missing values (Richman et al., 2009).
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Table 1
The classification of the RAI index used by Van-Rooy (1965), and the RAI/SPI
classification system developed by Hénsel et al. (2016).

RAI RAI/SPI Class description
>3 >2 Extremely wet
2.00 to 2.99 1.50 to 1.99 Very wet

1.00 to 1.99 1.00 to 1.49 Moderately wet
0.50 to 0.99 0.50 to 0.99 Slightly wet
—0.49 to 0.49 —0.49 to -0.49 Near normal
—0.99 to -0.50 —0.99 to —0.50 Slightly dry
—1.99 to -1.00 —1.49 to -1.00 Moderately dry
—2.99 to -2.00 —1.99 to -1.50 Very dry

< -3.00 < -2.00 Extremely dry

2.2. SPI computation

The SPI is calculated by fitting a probability distribution function to
the frequency distribution of precipitation data aggregated at any
desired time scale. In other words, computing SPI begins with deter-
mining a probability density function that best describes the aggregated
precipitation time series at a given time scale. Then, the determined
cumulative probability of the observed precipitation values is converted
to a standard normal distribution to obtain the SPI values (Edwards and
McKee, 1997). In the present study, SPI is computed by fitting a Gamma
PDF to precipitation aggregated at all the time scales considered.
Although Raziei (2021) has identified the Pearson Type III distribution
as the most appropriate distribution function in fitting precipitation
aggregated at all considered time scales throughout Iran, the Gamma
PDF was intentionally used herein because it is extensively used in Iran
as it is the default PDF of many codes available for SPI computation
(Raziei, 2021). Nonetheless, Raziei (2021) showed that Gamma best
fitted monthly precipitation over most parts of Iran and identified it as
one of the PDFs with the lowest goodness of fit rejection rate for all
considered time scales.

For the present study, besides the monthly precipitation series of
each calendar month as the representative of one-month time scale, time
series of longer precipitation aggregations of 3-, 6-, 9-, 12-, and 24-
months were also constructed for computing SPI at 1-, 3-, 6-, 9-, 12-, and
24-month time scales. The longer than 1-month aggregations are aver-
ages of the monthly values in the aggregation duration, ending in each of
the 12 calendar months of the year. The shorter time scales (1-, 3-, and 6-
month) are usually used for monitoring meteorological and agricultural
droughts and the longer ones (9-, 12-, and 24-month) are useful for
monitoring hydrological droughts (Edwards and McKee, 1997) that in-
cludes groundwater and surface water (Van Lanen and Peters 2000).

2.3. RAI computation

Similar to the decile index (Gibbs and Maher, 1967), RAI developed
by Van-Rooy (1965) is a rank-based drought index that incorporates a
ranking procedure to assign magnitudes to positive and negative pre-
cipitation anomalies (Keyantash and Dracup, 2002). The RAI index is
computed as below.
RAI= 4357 F &)
E—P

In Eq. (1), P; is the sequence of measured precipitation at the time i,

P is average precipitation, E is average of 10 extrema and + 3 is the
prefix used to limits the lower and upper bounds of the anomalies. This
standardization follows the unity-based feature scaling (Aksoy and
Haralick, 2001; Khansalari et al., 2018) to asymmetrically distribute the
original anomalies between the predefined limits (-3 and + 3). For
positive anomalies (i.e., Pi-f? greater than 0), the prefix is positive (i.e., 3)
and E is the average of the 10 highest precipitation values on record; for

negative anomalies (i.e., Pi-}; < 0), the prefix is negative (i.e., —3) and
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the average of 10 lowest measurements are used (Keyantash and Dracup,

2002). However, calculating E from the ten largest (smallest) precipi-
tation values appear arbitrary. Van-Rooy (1965) chose 10 because he
thought the average of 10 extremes could represent the mean conditions
of an extremely dry year or extremely wet year (Shen et al., 2006). The
index values are judged against a 9-member classification scheme as in
Table 1 (left column), ranging from extremely wet (RAI > 3) to
extremely dry (RAI < -3). This classification which is similar to that used
by Gibbs and Maher (1967) to partition precipitation values between ten
deciles is equally applicable to various lengths of drought, including
flash droughts, meteorological drought, deep soil moisture drought, and
hydrological drought defined with RAI computed at different time
scales.

As demonstrated by Keyantash and Dracup (2002), Loukas et al.
(2003), and Hansel et al. (2016), Eq. (1) performs well in humid to
moderate climates of the world where monthly precipitation distributed
relatively regularly throughout the year, and the associated distribution
is less skewed. For example, Keyantash and Dracup (2002) examined the
performance of RAI in two climate divisions of Oregon State, USA,
characterized by moist to moderate climates denoted as Koppen Csb
climate type, , and found a very high correlation coefficient between SPI
and RAI computed at 1-month time scale. Similarly, Loukas et al. (2003)
have evaluated the performance of RAI in the Mediterranean climates of
Greece that are classified as Csa, Csb, or Cfb Koppen climate types.
However, despite that summer is dry and precipitation occurrence in
some of their studied stations is less likely in that season, they found an
excellent agreement between RAI and other drought indices in depicting
drought and wet periods. Likewise, Hansel et al. (2016) have assessed
the performance of RAI in central Europe characterized by Koppen Cfb
climate type. However, Eq. (1) does not perform well in most parts of
Iran that are characterized by Bsk, Bsh, Bwh, and Bwk climate types
(Raziei, 2017) as shown in Fig. 1. In such areas, the June-September
period is totally dry with a very low chance of precipitation (Raziei,
2021). Hence, a very large proportion of monthly and seasonal aggre-
gated precipitation time series is zero that often results in zero mean and
median as the climate norm of the region (Raziei, 2021). In cases when

PZP is > 40%, very likely P, P and E become zero; and thus, computing
RAI becomes impossible. This suggests taking into account the PZP of
the dry months as the climate norm of the region for RAI computation.
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Therefore, as in the SPI computation procedure, it is desirable to
consider time scales and PZPs of the dry months in RAI computation. To
consider the aforementioned issues in RAI computation, a few modifi-
cations outlined below are proposed.

1- Aggregate monthly precipitation data to any desire time scale as in
the SPI procedure.

Compute the skewness of the aggregated monthly precipitation for a
given time scale ended at each calendar month.

Reduce the skewness of the aggregated monthly precipitation series
using the cube root transformation if its skewness is greater than 0.5
and the cube transformation (x°) if it is less than -0.5.

Compute the anomalies of the transformed precipitation time series
(A) for the aggregated transformed precipitation by subtracting P;

2

3

N
T

from P (i.e. ,P; —13), where P; is iy, transformed precipitation value and

P is the median of the transformed series.

For each time scale ended at each 12 calendar month, rank the
transformed data (P), remove duplicate values, and then compute the
5th, 50th, and 95th percentiles of the data.

Set the 5th and 95th percentiles of the ranked transformed data as

[4)]
T

)}
T

the average of the bottom 5% precipitation records (Pg) and the
average of top 5% precipitation records (Pr), respectively. Similarly,
consider the 50th percentile as the median (13) of the data. The logic
behind using f’B and f’T (the 5th and 95th percentiles) as the
threshold is that if 100 years of data records are used, then I_JT is the

mean of the 5 largest and }33 is the mean of the 5 smallest values of
the data records (Shen et al., 2006). Using the lowest and highest
percentiles will give more realistic results, particularly when the
time series (P) is notably shorter than the ones Van-Rooy (1965) used
in his analysis (Hansel et al., 2016). Using the 5th and 95th per-

centiles in Eq. 2 as Pp and Pr, respectively, causes the index values to
exceed —3 and + 3 limits. Instead, if the minimum and maximum of

the data are used in Eq. 2 the index will reach —3.0 when P reaches P

and will reach 3.0 when P reaches f)r, and thus, the index values are
confined between —3 and + 3. Therefore, the original equation is

Aggregate monthly precipitation data to

any desire time scale

Compute the skewness of the
aggregated data

Reduce the skewness of the aggregated

Computing .

SSPI e

6,
o —-

precipitation data

Compute the anomalies of the skewness

reduced data

Rank the data and remove duplicate
te the 5th, 50th, and

values, and co:

DNl By considering the phase of the anomaly of a given precipitation

d record and the PZP of the data series, compute the SSPI of that
precipitation record using the appropriate relation in Eq. 2

Fig. 2. The flowchart of computing SSPIL.
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Table 2

Computation procedure of the SSPI at 1-month time scale for January and August of Zabol station at the border with Afghanistan (see Figure 1).
Year January August

precipitation transformed data anomaly SSPI precipitation transformed data anomaly SSPI

1971 3.0 1.4 -0.9 -1.7 0.0 0.0 0.0 0.0
1972 16.8 2.6 0.2 0.4 0.0 0.0 0.0 0.0
1973 0.4 0.7 -1.6 -3.0 0.0 0.0 0.0 0.0
1974 48.2 3.6 1.3 2.2 0.0 0.0 0.0 0.0
1975 70.0 4.1 1.8 3.0 0.0 0.0 0.0 0.0
1976 7.2 1.9 -0.4 -0.7 0.0 0.0 0.0 0.0
1977 19.4 2.7 0.4 0.6 0.3 0.7 0.7 3.0
1978 22.6 2.8 0.5 0.8 0.0 0.0 0.0 0.0
1979 5.4 1.8 -0.6 -1.1 0.0 0.0 0.0 0.0
1980 22.4 2.8 0.5 0.8 0.0 0.0 0.0 0.0
1981 22.4 2.8 0.5 0.8 0.0 0.0 0.0 0.0
1982 25.0 2.9 0.6 1.0 0.0 0.0 0.0 0.0
1983 0.4 0.7 -1.6 -3.0 0.0 0.0 0.0 0.0
1984 11.0 2.2 -0.1 —-0.2 0.0 0.0 0.0 0.0
1985 11.6 2.3 -0.1 -0.1 0.0 0.0 0.0 0.0
1986 3.0 1.4 -0.9 -1.7 0.0 0.0 0.0 0.0
1987 0.4 0.7 -1.6 -3.0 0.0 0.0 0.0 0.0
1988 6.8 1.9 -0.4 -0.8 0.0 0.0 0.0 0.0
1989 0.9 1.0 -1.4 -2.6 0.0 0.0 0.0 0.0
1990 6.4 1.9 -0.5 -0.9 0.0 0.0 0.0 0.0
1991 13.7 2.4 0.1 0.1 0.0 0.0 0.0 0.0
1992 16.7 2.6 0.2 0.4 0.0 0.0 0.0 0.0
1993 25.6 29 0.6 1.0 0.0 0.0 0.0 0.0
1994 40.0 3.4 1.1 1.8 0.0 0.0 0.0 0.0
1995 6.2 1.8 -0.5 -0.9 0.0 0.0 0.0 0.0
Skewness 1.65 0.00 0.00 -0.12 4.69 4.69 4.69 4.69

slightly modified to confine the index between —3 and + 3 when
using the 5th and 95th percentiles as Pg and Pr.

Using a set of modifications described above, the modified RAI
hereafter called SSPI can be computed as below for a certain month i.

p—P (P—P P—P "
3< +< - )) if A;>0 and PZP<40%

Pr—P \P;—P Pyu—P
P,—P
32y
Py—P
PP

-3 —(max(P))—0

(P,P P—P

i _ if A<0 and PZP<40%
Py—P Pyy,—P

SSPI=

if max(P)>0 and PZP>40%

if max(P)=0 and PZP>40%

2
In Eq. (2), A; is the anomaly value of the transformed observation i

computed as A;= P; —P.
Since precipitation aggregated at various timescales are highly

skewed in most of the studied stations , the median (}3) is used instead of
the arithmetic mean of the precipitation time series P (Hansel et al.
2016). Using the median is particularly more efficient than the mean of
the data in dealing with precipitation time series of arid and hyper-arid
climates where a majority proportion of precipitation records are zero
(Raziei, 2021). In this modification, the PZP also makes a major role.
The first and second relations of Eq. 2 are exactly those of the original
equation of Van-Rooy (1965) that can be applied to the months and time
scales with PZP < 40% when an adequate number of non-zero precipi-
tation records is available for computing the 5th, 50th, and 95th per-
centiles of the data. Since the first part of these equations that uses the
5th and 95th percentiles to standardize the data does not bound the data
between —3 and 3, the second part is added to standardize the data with
its minimum and maximum, then subtract its result from the earlier part
and adding the results to the original standardization in the first part of
the relation to limit the outcome between —3 and 3. The proposed

rescaling limits the SSPI values between the SPI range and obtains
similar values and class frequencies as those of the SPI. Hansel et al.
(2016) have set the scaling factor of Egs. (1) to 1.7 to limit the index
values between the range of SPI values; assuming that it is an arbitrary
value that can be adjusted to obtain RAI values in the range of any
drought index with which RAI is comparing.

Here, the third and fourth relations of Eq. (2) are proposed to address
the large proportion of zero values in arid and hyper-arid climates of the
world that hinders computing SSPI with the first and second relations,
since most likely the median of the data is zero for summer months. In
such cases, when the maximum of the non-zero precipitation records
denoted by max (P) is a positive integer (max (P) greater than 0) the SSPI
is computed using the third relation. For example, when PZP > 40% and
max (P) is a positive integer, the third relation assigns 3.0 to that value
as the maximum SSPI and smaller positive SSPI to all other non-zero
precipitation values smaller than max (P). However, the third relation

fails when all the time series are zero (i.e., PZP = 100%), and thus P =0.
In such cases, instead of max (P), an arbitrarily small positive quantity
denoted by ¢ is used in the denominator of the fourth relation to avoid
division by zero. The flowchart of the SSPI computation procedure is
illustrated in Fig. 2 with a numerical example given in Table 2.

Table 2 shows the procedure of computing a 1-month time scale SSPI
for January and August in Zabol station as the representatives of the wet
and dry months of the station. Here only 25 years of data (1971-1995) is
used to limit the size of the Table. As shown, the computed skewness of
the precipitation time series of January is 1.65 that signals a highly
skewed distribution. Since the skewness is positive and greater than 0.5
the time series was cube root transformed which reduced the skewness
to zero which is an indication of the symmetrical distribution of the
transformed series. The transformed series is then used to compute the
anomalies by subtracting each value from the long-term mean of the
transformed time series. After that, the transformed data is ranked and
the 5, 50w, and 95y, percentiles of the transformed data are computed
and used in the first and second relations of Eq. 2 to compute SSPI as
detailed above in step 6. As is seen, the skewness of both anomaly and
SSPI time series for January are 0.0 and -0.12, respectively, implying
that their distributions are quasi symmetrical. The right-hand part of the
Table shows how the SSPI is computed for August when almost all the
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time series is zero, except for the seventh record that equals 0.3 mm. As
is seen the skewness of August is 4.69 and the cube root transformation
was not able to reduce it anymore. Since most of the August precipita-
tion time series is zero (PZP>40%) and the maximum of the transformed
series (max (P)) is 0.7 the third relation was used for computing SSPIL.
This relation designates zero SSPI to all zero precipitation values (sub-
tracting zero from zero) and the maximum positive SSPI to the single
non-zero precipitation record. Note that when all the records are zero
the fourth relation is used for computing the SSPI. It should also be noted
that it is impossible to compute SPI for such a time series. SSPI is a
standardized index that accounts for the PZP and the median of pre-
cipitation records and results in values that are highly comparable to SPI
values in all climatic areas of Iran as described in the next sections. To
have comparable frequencies of SPI and SSPI values in different classes,
the classification system of Hansel et al. (2016) shown in the middle
column of Table 1 has been adopted. This classification system is a
modification of the original classifications of Van-Rooy (1965) and
Mckee et al. (1993).

2.4. Comparing SSPI with SPI

The performance of SSPI in different climate regions of Iran was
evaluated against the SPI time series computed with both parametric
and non-parametric (hereafter SPInp) approaches. However, for the sake
of brevity, the comparison made between SSPI and SPInp was presented
only for two example stations of Babolsar located along the Caspian Sea
in the north and Zabol in southeast Iran where SSPI showed the highest
and the lowest agreement with SPI, respectively. Babolsar climate type
is Cfa (Raziei, 2017) which resembles the climates of the stations used by
Keyantash and Dracup (2002), Loukas et al. (2003), and Hansel et al.
(2016) while Zabol station is considered as the representative of the
hyper-arid climate of Iran with a climate type of Bwh (Raziei, 2017). The
later station has a long dry period with very high PZPs. SSPI was pri-
marily compared with SPI through Pearson correlation coefficient (R)
and Spearman’s rank correlation coefficient computed between the time
series of SSPI and SPI indices computed at different time scales. How-
ever, due to the existence of a strong linear relationship between the
indices at all studied stations and time scales, Spearman’s rank corre-
lation coefficient approaches to 1.0 at most of the studied stations,
particularly for time scales larger than 3 month. Therefore, for assessing
the degree of agreement between the indices the Pearson correlation
coefficient was rather used since it shows a wider range of values over
the stations that favors illustrating the inter-stations variation of corre-
lation coefficient.

To assess the spatial variation of the R values over Iran characterized
by different Koppen-Geiger climate types (Raziei, 2017), the computed
R values for the studied stations distributed across Iran were mapped for
all considered time scales. The consistency between the SSPI and SPI
indices was also illustrated by comparing the time variability and PDF of
the indices as well as the scatterplots of precipitation vs. the indices
values for the two example stations of Babolsar and Zabol (see Fig. 1).

Because SPI values fit a typical normal distribution to define the
number of standard deviations by which a normally distributed random
variable deviates from its long-term mean (Guenang and Kamga, 2014),
it is expected that the SPI values fall within one standard deviation in
approximately 68% of the time, within two standard deviations 95% of
the time, and within three standard deviations 99% of the time (Hayes
et al., 1999). This feature enables SPI to represent both wetter and drier
periods in the same way; meaning that an SPI value <-1.0 and < -2
occurs 16 and two to three times in 100 years, respectively, while an SPI
of less than -3.0 occurs once in approximately 200 years (Hayes et al.,
1999). Accordingly, since it is expected that the final SPI values follow a
standard normal distribution it is reasonable to test whether the SPI
values computed for a given station and time scale meet this assumption.
For this purpose, the S-W test (Shapiro and Wilk, 1965; Stephens, 1974)
was also used to examine whether the SPI values calculated through the
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equiprobability transformation (Wu et al., 2007) are normally distrib-
uted. The S-W test is based on the assumption that the SPI values should
be normally distributed (p = 0, 6 = 1) and independently sampled.
However, the S-W test is strongest against short-tailed (platykurtic) and
skewed distributions and weakest against symmetric moderately long-
tailed (leptokurtic) distributions and also has issues with ties and
extreme values (Royston, 1992, 1993). Therefore the S-W test used here
is based on a method proposed by Wu et al. (2007) who used it in
conjunction with two more criteria to guarantee that the examined se-
ries is normally distributed. This approach was also used by Naresh
Kumar et al. (2009) to test the suitability of SPI values in arid regions
with substantial zero precipitation values. Based on these criteria the
distribution of the examined indices is non-normal when it’s S-W test
and the associated p-value is<0.96 and 0.10, respectively, and the ab-
solute value of the index median is greater than 0.05; otherwise, the
distribution is normal (Naresh Kumar et al., 2009; Stagge et al., 2015;
Wu et al., 2007). When these three criteria are met simultaneously the
normality assumption of the distribution is rejected. More recently,
Stagge et al. (2015) and Svensson et al. (2017) have also used this test to
evaluate the performance of different candidate distribution functions
for SPI computation over Europe and the UK, respectively. As stated
above, for application of the S-W test it is assumed that the data are
independently sampled. Thus, to examine the assumption of whether the
SPI and SSPI values are independently sampled, the autocorrelation of
the indices time series of each station and time scale ended at each
calendar month was computed. The result showed no significant auto-
correlation for lags greater than 1 in any station and time scale, indi-
cating that the indices values relative to all time scales and stations are
independently sampled. In addition, the skewness and kurtosis of the
indices time series were also computed for all considered stations and
time scales to provide more insights on how far they are from normality.
The normal quantile-quantile plots (q-q plot) were also provided for the
two example stations to illustrate the closeness of their computed indices
to the standard normal distribution.

Moreover, the frequencies of SPI and SSPI classes defined based on
the nine anomaly classes shown in Table 1 were cross-tabulated to
examine if they are comparable in partitioning the time series into
different classes. The chi-square statistic of the contingency table
established between the two indices and the associated p-value was used
to determine if the relationship between the variables is significant at
the 0.95 confidence level while the contingency coefficient (CC) and the
Cramér’s V statistic (Cramer, 1946) computed with the chi-square sta-
tistic were used to measure their degree of association. The CC and
Cramér’s V statistic (Cramer, 1946) defined in Egs. (3) and (4),
respectively, are chi-squared-based measures of association that define
whether the two nominal variables or data sets are independent or
dependent of each other. The values of these measures range between
0 and 1, where 0 indicating no association between the row and column
variables of a contingency table and values close to 1 indicating a high
degree of association between the variables.

cC = 3

n+ X?

X2

V= nmin(r —1,c —1) “)

In Egs. (3) and (4), n is the number of observations of SSPI/SPI time
series classified between the classes, r and c are the numbers of rows and
columns of the contingency table established between the indices fre-
quency of cross-classification, and X? is the chi-square statistic that
measures the statistical relationship between the variables in the cross-
classification table.

Besides, as an illustrative example, the histograms of the frequency
distribution of the SSPI and SPI values between the classes are illustrated
for the two example stations.
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Fig. 3. Comparison of SPI, SPInp and SSPI time series of Babolsar station in the north of Iran computed at 1-, 3-, 6-, 9-, 12-, and 24-month time scales based upon

1971-2017 period.
3. Results
3.1. Comparing time variability of the indices

Fig. 3 shows the time variability of SPI and SSPI time series at
Babolsar station in the north of Iran, computed at 1-, 3-, 6-, 9-, 12-, and
24-month time scales within the period 1971-2017. As it is seen, SSPI
strongly co-vary with SPI (SPInp) at all time scales, particularly at longer
ones. The R between the two indices is higher than 0.98 for 1- and 3-
month time scales and higher than 0.99 for the rest of the time scales.
This strong association between the two indices indicates that SSPI well
represents the time variability and magnitudes of SPI at Babolsar station
that has a Cfa climate type (Raziei, 2017). Similarly, Fig. 4 shows the
time behavior of the indices for Zabol station in the southeast of Iran that
has a Bwh climate type (Raziei, 2017). As it is evident, there is also a
strong agreement between the three indices in Zabol station where it’s

very long dry period leads very high PZPs in shorter time precipitation
aggregations. The R between the indices is 0.78, 0.84, and 0.92 for 1-, 3-
and 6-month time scales, which is noticeably lower than those computed
for Babolsar station at the same time scales. The observed lower corre-
lation for these time scales at Zabol station is partly because SPI assigned
positive values close to 1.0 to zero precipitation records of the dry
months as the probability of zero precipitation while SSPI assigned them
zero values as the climate norm of the station (see Fig. 4). A careful
looking at Fig. 4 also suggests that SPInp even assigned much higher
positive values to zero precipitation records at the 1-month time scale as
an indication of moderately to very wet conditions. As another
discrepancy, SSPI also detected more severe drought conditions than SPI
and SPInp at the shorter time scales. Nonetheless, the R between the two
indices in Zabol station is higher than 0.99 at longer time scales, sug-
gesting a very strong association between the two indices as observed for
Babolsar. This is because the PZP of the time series decreases when the
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Fig. 4. Comparison of SPI, SPInp and SSPI time series of Zabol station in the southeast of Iran computed at 1-, 3-, 6-, 9-, 12-, and 24-month time scales based upon

1971-2017 period.

time scale exceeds 6-month.

There observed a linear relationship between SPI (SPI,,) and SSPI
time series at the studied stations and time scales, suggesting that they
are consistent in representing dry and wet events at all considered time
scales and calendar months, particularly for the wet months. As an
example, Fig. 5a-fillustrates the scatter plots of SPI (SP1,,) and SSPI time
series relative to 1-, 3-, 6-, 9-, 12-, and 24-month time scales at Babolsar
station in the north of Iran. As depicted there is a strong linear rela-
tionship between SPI (SPI,,) and SSPI time series at all the time scales.
SSPI shows a similar relationship with both SPI and SPInp which is
slightly stronger with SPI, mostly because SPInp assigns SPI values >1.5
to zero summer precipitation values. The scatter plots of the individual
months revealed a much stronger linear relationship between SSPI and
SPI (SPInp) for the wet months and a weaker relationship for the drier
months (not shown). Likewise, Fig. 5g-1 depicts the scatter plots of SSPI
and SPI (SPInp) for Zabol station at the border with Afghanistan. As is

seen, there observed a linear relationship between the indices at all the
time scales but with a more dispersed cloud of points around the 1:1 line
for the shorter time scales and a more compacted cloud of points for the
longer time scales of 9-, 12, and 24 months. The observed dispersion of
the cloud of points at the shorter time scales is related to the poor
relationship between SSPI and SPI (SPInp) values relative to drier
months when both SPI and SPInp assign positive SPI values to zero
precipitation records. As an example, at the 1-month time scale, there
observed three cases of zero precipitation for which SPI assigned an SPI
value >1.5 and SPInp assigned values between 1.5 and 2.0 but SSPI
exactly assigned them zero values. Likewise, at the 3-month time scale,
there observed two cases of zero precipitation for which both SPI and
SPInp assigned an SPI value between 1.0 and 2.0 whereas SSPI exactly
assigned them zero values. Due to the existence of a higher number of
zero precipitation values in the precipitation series of dry months, the
relationship between SSPI and SPI (SPInp) turned to curve linear. Fig. 6
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Fig. 5. Scatter plots of SPI (SPInp) and SSPI time series relative to 1-, 3-, 6-, 9-, 12-, and 24-month time scales at Babolsar (a-f) in the north and Zabol (g-1) in the

southeast of Iran.

illustrates the scatter plots of monthly indices values and precipitation
values for Babolsar station in the north of Iran, with the R values noted
in the upper left of each graph. As it is shown, there is a linear trend
between the variables (the indices and precipitation) at all individual
months. SSPI also shows a very strong correlation with precipitation and
highly co-varies with SPI and SPInp at all months, particularly at wetter
months. However, this relationship weakens at lower index values for
the drier months, indicating a slightly different response of the indices to

more severe droughts. This means that there is not a completely linear
relationship between the indices at drier months since it turned into a
curve linear model at the lower and to some extent at the higher index
values which are more profound in February, March, June, July, August,
and November at Babolsar station. The reason that the model turns into
a curve linear shape at the lower index values is that the SPI tends to
show lower values than SSPI for smaller precipitation values. However,
Fig. 6 suggests an extremely high agreement between the indices values
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Fig. 6. Scatter plots of monthly SPI/SSPI and precipitation values for Babolsar station in the north of Iran.

and SPI, and between SSPI and SPInp, respectively.

at the central part of the data values. For most of the months, the cor-
relation coefficient between SSPI and SPI (R1) is greater than 0.97,
suggesting a very strong association between the indices. A similar
pattern is observed for the Zabol station (Fig. 7) but with large differ-
ences between SSPI and SPI values from May to November which is
because SPI assigns a high probability of zero precipitation (almost
>0.5) to zero or negligible precipitation values in the arid and hyper-
arid climates. Thus, in locations with distinct dry seasons SPI fails to
evaluate the drought condition, especially at short time scales (Wu et al.,
2007) when zero precipitation is the climate norm. Therefore when PZP
is very high, the equiprobability transformation of precipitation

Precipitation (mm)

10

Precipitation (mm)

R1 and R2 denote the correlation coefficient between SSPI

distributions might not be achieved and the resulting SPI time series will
not be normally distributed (Blain, 2012). This issue is depicted in the
scatter plots of June to August for Zabol station when the SPI assigns
very large positive values to zero and negligible precipitation (smaller
than 2 millimeters) while SSPI assigns zero values to such precipitation
values. This indicates that SSPI presents the most realistic result since
the climate norm of the dry season of such locations is almost zero. This
can be conceived much better if one notes that precipitation values
smaller than 5 millimeters are not effective at all in the presence of very
high summer evapotranspiration in dry climates. Despite the observed
discrepancies between the two indices at Zabol station, particularly for
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Fig. 7. Scatter plots of monthly SPI/SSPI and precipitation values for Zabol station in eastern Iran. R1 and R2 denote the correlation coefficient between SSPI and

SPI, and between SSPI and SPInp, respectively.

the dry months, R is greater than 0.97 from November to April, indi-
cating a very high agreement between SPI and SSPI. However, there
observed no correlation between the two indices from July to September
when the PZP is approximately 100%. As discussed above, the lower R
values of these months are mostly related to the unrealistic SPI values
assigned to zero precipitation values. According to Fig. 7, while SSPI
correctly assigns zero SSPI values to zero precipitation records of June to
October, the SPI unrealistically assigns values close to 1.0 to such pre-
cipitation values. The observed perfect linear relationship between the
SSPI and precipitation values in these months reveals the mechanism of
the third and fourth relationships of Eq. 2 in linearly rescaling
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precipitation values between zero and 3.0 in the dry season when PZP
exceeds 40%. In such cases, i.e., when all or the majority of the time
series are zero, the third and fourth relationships of Eq. 2 consider zero
precipitation as the climate norm and permit computing SSPI even in the
presence of missing data. Differently, it is impossible to compute SPI
when there are missing data or an insufficient number of no-zero pre-
cipitation records in the time series to fit a distribution function. In such
cases, SPI assigns the probability of zero precipitation, which is almost
close to 1.0, to all zero precipitation records of the dry months and
identifies them as the moderately wet condition which is absolutely a
false alarm. Fig. 7 also shows that SPI assigns much higher index values
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Fig. 8. Spatial variation of the Pearson correlation coefficient (R) across Iran, measuring the association between SPI and SSPI time series at different time scales.

to the lower precipitation of the wetter months than does the SSPI,
which means that SPI underestimates the magnitudes of the negative
precipitation anomalies of the wetter months of the arid and hyper-arid
climates. Comparing the response of SPInp to precipitation records of
July to September at Zabol station, it is clear that SPInp performs better
than SPI in characterizing the infrequent non-zero precipitation records.
As is shown, when no correlation coefficient was found between SPI and
SSPI at Zabol station for months July to September (R1), there observed
a prefect correlation between SPInp and SSPI denoted by R2. Fig. 8 il-
lustrates how the computed R between SPI and SSPI varies across diverse

12

climates of Iran. At 1-month time scale, R is higher than 0.9 over the
coastal areas of the Caspian Sea and most of the stations over the
mountainous areas of western and northern Iran that are characterized
with either Bsk, Csa, Csb, Cfa, or Dsa climate types. However, it is be-
tween 0.74 and 0.9 in southern and southeastern Iran that is dominated
by Bwh and Bwk climate types (Raziei, 2017). By comparing the maps,
one can notice that R generally increases all over the country by
increasing the time scale, particularly at the 3-month time scale, in south
of Iran. For the longer time scales, a relatively uniform distribution of R
values higher than 0.96 is observed, implying a very high consistency
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Fig. 10. Spatial variation of S-W test of the SPI time series across Iran computed for different time scales.

between the two indices across the country.

Fig. 9a-f depicts the PDF of the SPI, SPInp, and SSPI time series at
Babolsar station computed for different time scales. As it is seen, the PDF
of SSPI and SPI (SPInp) time series follow each other reasonably well at
all the time scales. Similarly, Fig. 9g-1 compares the PDF of SSPI and SPI
(SPInp) time series at Zabol station for different time scales. Fig. 9g-,
however, shows considerable discrepancies between the PDF of the
indices at 1-, 3-, and 6-month time scales, which is related to different
responses of the indices to very large PZPs of the station. Fig. 9g-I
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suggests that the SPI and SPInp are relatively lower bounded at shorter
time scales which is common in regions with low seasonal precipitation
totals where precipitation is highly seasonal and heavily skewed. In such
areas, SPI behaves very similar to the percent of Normal index in rep-
resenting precipitation anomalies at shorter time scales and therefore
fails in identifying drought occurrences because of non-normally
distributed SPI values (Wu et al., 2007) as exemplified in Figs. 3 and
4. Moreover, because of high PZPs in such stations, the SPI and SPInp
tend to have their maximum frequencies at SPI value around 1.0 because
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Fig. 11. Spatial variation of S-W test of the SSPI time series across Iran computed for different time scales.

of assigning the probability of zero values to zero precipitation while
SSPI maximized exactly at zero value (Fig. 9g-1). Additionally, there
observed noticeable differences between SPI and SPInp at Zabol station
for shorter time scales, particularly at the 1-month time scale where
SPInp assigns much higher positive values to summer season zero pre-
cipitation than the SPI (see Fig. 4). The PDFs of the individual summer
months showed much narrower bounds of SPI values for shorter time
scales at Zabol station. Nonetheless, there is a high consistency between
the PDFs of the indices at 9-, 12-, and 24-month time scales for which the
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PZP is close to zero (Raziei, 2021).

Fig. 10 shows the spatial variation of the S-W test computed for the
SPI time series of different time scales across Iran. As is illustrated, for
the majority of the stations the S-W test is greater than 0.96 for all
considered time scales, particularly those stations distributed across
northern and western Iran. This implies that the SPI time series of all
considered time scales are normally distributed in most of the studied
stations, except for SPI-1 and SPI-3 for which a few stations scattered
over the southeastern part of the country show lower S-W test values.
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Table 3

Skewness of SPI (SSPI) time series relative to all studied stations and time scales.
Stations SPI-1 SPI-3 SPI-6 SPI-9 SPI-12 SP1-24
Abadan —0.5(-0.2) —0.4 (-0.2) —0.2 (-0.1) —0.2 (—0.0) —0.3 (-0.0) —0.8 (0.1)
Ahwaz —0.5(-0.2) —0.5(-0.2) —0.3 (-0.1) —0.2 (-0.1) —0.2 (-0.2) —0.4 (0.1)
Arak —0.5 (-0.3) —0.1(-0.1) —0.1(0.1) —0.0 (0.0) 0.0 (0.0) 0.1 (0.0)
Babolsar —0.2 (0.0) —0.2 (0.0) —0.2 (-0.0) —0.0 (-0.1) —0.0 (-0.1) 0.4 (0.0)
Bam —0.3 (-0.2) —0.4 (-0.2) —0.4 (-0.1) —0.5 (-0.0) —0.4 (-0.1) —0.5(-0.1)
BandarAbass —0.5(-0.4) 0.2 (—0.0) 0.0 (0.1) —0.0 (0.1) 0.2 (0.2) 0.1 (-0.1)
BandarAnzali —0.5 (—0.0) —0.1 (-0.0) 0.1 (—0.0) 0.2 (-0.1) 0.3 (—0.0) 0.2 (0.1)
BandarLengeh —-0.5(-0.9) —-0.5(-0.3) —-0.1 (-0.2) —0.2 (0.0) —0.1 (0.0) 0.2 (0.1)
Birjand —0.8 (-0.3) —0.5(-0.1) —0.7 (-0.1) —0.5(-0.1) —0.5(-0.1) —0.6 (0.0)
Bushehr —0.4 (-0.2) —0.4 (-0.2) 0.0 (-0.1) 0.1 (—0.0) 0.3 (-0.1) 0.5 (0.0)
Chahbahar —0.2 (-0.3) 0.1 (-0.3) 0.0 (—0.2) —0.2 (-0.0) —0.3(0.1) —0.1 (0.0)
Dezful —0.6 (—0.2) —0.4 (-0.2) —0.4 (-0.1) —0.2 (-0.0) -0.2 (-0.1) —0.1 (0.2)
Esfahan —0.4 (-0.2) —0.2 (-0.0) —0.5 (-0.0) —0.3 (—0.0) —0.3 (—0.0) —0.1 (—0.0)
Fassa —0.5(-0.3) —0.1 (-0.1) —0.2 (—0.0) 0.0 (0.1) 0.1 (0.1) 0.1 (0.1)
Ghazvin 0.0 (—0.0) —0.1 (-0.0) —0.3 (-0.1) —0.3 (-0.0) —0.4 (0.0) —0.2 (0.1)
Ghom —0.5(-0.2) —-0.2 (-0.1) —0.2 (-0.0) —0.0 (0.0) 0.1 (0.1) 0.3 (0.1)
Gorgan —0.4 (—0.0) —0.2 (0.0) —0.4 (0.0) —0.5 (0.0) —0.5 (0.0) —0.4 (0.1)
Hamedan —0.3 (-0.3) —0.2 (-0.1) —0.1 (0.0) —0.0 (-0.1) 0.1 (0.0) 0.1 (0.0)
Iranshahr 0.2 (-0.4) 0.1 (-0.0) -0.2 (-0.1) —0.3(-0.1) —0.5(-0.1) -0.8 (-0.1)
Jask —0.3 (-0.3) 0.1 (-0.3) 0.1 (-0.1) 0.0 (0.0) 0.1 (0.0) —0.0 (—0.0)
Kashan —0.3 (-0.2) 0.1 (-0.1) 0.2 (-0.0) 0.3 (-0.0) 0.2 (-0.0) —0.1 (-0.1)
Kerman —0.6 (—0.2) —0.2 (-0.0) -0.3(0.1) —0.4 (0.1) -0.2(0.1) 0.0 (0.1)
Kermanshah —0.6 (—0.2) —0.1(-0.2) —0.1 (-0.0) —0.2 (0.1) —0.1 (0.1) —0.1 (-0.0)
Khorramabad —0.7 (-0.1) —0.1 (-0.1) —0.1 (-0.0) —0.1 (-0.0) —0.0 (-0.1) 0.1 (-0.1)
Khoy —0.3 (-0.1) —0.2 (-0.1) —0.2 (0.1) —0.0 (—0.0) 0.1 (—0.0) 0.0 (-0.1)
Mashhad —0.3 (-0.2) —-0.2 (-0.1) —0.1 (0.0) —0.1(0.1) —0.1 (0.0) —0.1 (0.1)
Oroomieh —0.1 (-0.1) 0.1 (—0.0) —0.0 (—0.0) 0.0 (—0.0) 0.1 (-0.1) 0.2 (-0.1)
Ramsar —0.3 (-0.0) —0.2 (-0.0) —0.2(0.1) 0.0 (0.1) 0.2 (0.0) 0.5(-0.1)
Rasht —0.3 (-0.0) —0.2 (-0.0) —0.1 (0.1) —0.1 (0.0) 0.0 (—0.0) 0.0 (-0.0)
Sabzevar —0.4 (-0.2) —0.3 (—0.0) —0.4 (0.0) —0.2 (0.0) —0.2 (0.0) —0.3 (0.0)
Saghez —0.2 (-0.2) —0.2 (-0.1) —0.1 (-0.1) 0.0 (—0.0) —0.1 (0.0) —0.1 (-0.1)
Sanandaj —0.5(-0.1) —0.2 (-0.0) —0.3 (-0.0) —0.2 (-0.1) —0.2 (-0.1) —0.0 (-0.1)
Semnan —0.1 (-0.3) —0.3(0.1) —0.2 (0.0) 0.0 (0.2) 0.0 (0.1) 0.0 (-0.0)
ShahreKord —0.9 (-0.2) —0.1 (0.0) —0.3 (-0.0) —0.1 (0.0) —0.3(0.1) —0.1 (0.1)
Shahroud —0.3 (-0.1) —0.4 (-0.0) —0.3 (-0.1) —0.2 (-0.0) 0.0 (0.0) 0.5 (0.1)
Shiraz —0.5(-0.2) —0.2 (0.1) —0.5 (-0.0) —0.2 (0.1) —0.1 (0.1) —0.3 (-0.0)
Tabass —0.6 (-0.1) —0.0 (-0.1) 0.5 (0.2) 0.8 (0.2) 1.0 (0.3) 1.4 (0.3)
Tabriz —0.4 (-0.1) —0.2 (—0.0) —0.1 (-0.1) —0.1 (-0.1) —0.2(0.1) 0.0 (0.0)
Tehran —0.2 (-0.1) —0.2 (-0.0) —0.3(-0.1) —0.4 (-0.0) —0.6 (0.0) —0.7 (-0.0)
Torbateheydarieh —0.7 (-0.2) —0.3 (-0.0) —0.3 (-0.0) —0.1 (0.0) —0.1 (0.0) 0.0 (0.1)
Takestan —0.0 (—0.1) —0.3 (-0.0) —0.2 (-0.0) —0.4 (0.0) —0.5 (—0.0) —0.6 (—0.0)
Yazd —0.5(-0.3) —0.1 (-0.1) —0.1 (-0.0) —0.1 (0.0) —0.1 (0.1) —0.0 (-0.0)
Zabol —0.3 (-0.2) —0.2 (-0.2) 0.3 (-0.1) 0.1 (-0.1) —0.0 (-0.1) —0.1 (0.1)
Zahedan —0.3 (-0.3) —0.1 (-0.2) 0.0 (—0.1) —0.0 (-0.1) —0.0 (—0.2) —0.5(0.1)
Zanjan —0.3 (-0.1) —0.3 (-0.0) —0.3 (-0.0) —0.3 (-0.0) —0.4 (-0.1) -0.5(-0.1)

Fig. 11 also shows a relatively similar pattern of S-W test values for SSPI
time series all over the country, particularly at longer time scales.
Comparing Figs. 10 and 11, it is evident that the SSPI shows a higher S-W
test value for a higher number of stations at the 1-month time scale,
particularly over northern and western Iran, indicating that it performs
much better than SPI at this time scale all over the country. Differently,
at the 3-month time scale, SPI shows higher values than SSPI in southern
and eastern Iran. However, by increasing the time scale, the S-W test
increases at all the studied stations, and the test values exceed 0.96 at
most of the stations, particularly in the northern and western parts of the
country. There are also some sporadic stations in central, southern, and
eastern Iran with the S-W test lower than 0.96 at longer time scales. By
comparing S-W test values of SSPI and SPI time series, it is concluded
that both SPI and SSPI time series are asymmetrically distributed at most
of the stations and time scales. Nonetheless, the S-W test value of SPI is
higher at a few stations, particularly at shorter time scales which is
related to the better normalization procedure used in SPI computation
despite its failure in passing the normality tests at many stations.

As additional measures required for deciding whether the indices
come from a normal distribution, the skewness and kurtosis of SPI and
SSPI series relative to all time scales and stations distributed across the
country were computed and presented in Tables 3 and 4. As is seen in
Table 3, at most of the stations, the skewness of both SPI and SSPI (in

16

parenthesis) relative to all the time scales are comparable and fall within
the range of -0.5 and +0.5. However, in almost all of the stations, the
skewness of SSPI is much lower than that of SPI at all the time scales, and
in most cases, it is close to zero. This difference is particularly more
noticeable at Tabass station in central-eastern Iran, specifically for 12-
and 24-month time scales. Table 4 also presents the kurtosis of the
indices series for all the time scales and stations considered. This Table
also revealed that at most of the stations the kurtosis of both SPI and
SSPI indices confined between +3, particularly for larger time scales,
indicating that the indices are approximately normally distributed. At
most of the stations, the kurtosis of the SSPI is noticeably lower than that
of the SPI which is an indication that the tails of the SSPI series are
lighter than those of the SPI index. Nonetheless, the computed kurtosis
of SPI time series relative to 1- and 3-month time scales is larger than 3
for most of the stations whereas it is smaller than 3 for SSPI, suggesting
that the SSPI series are closer to a normal distribution than the SPI series.
Fig. 12 illustrates the q-q plots of SPI and SSPI time series relative to 1-,
3-, 6-, 9-, 12-, and 24-month time scales at the two example stations. The
g-q plots of Babolsar station (left-hand columns) suggest that both SPI
and SSPI indices plausibly come from a normal distribution since the
data points fall about the straight line. This is particularly more plausible
for the SPI series, however, it seems that the extreme SSPI values slightly
violated this assumption. The q-q plots of Zabol (right-hand columns)
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Table 4

Kurtosis of SPI (SSPI) time series relative to all studied stations and time scales.
Stations SPI-1 SPI-3 SPI-6 SP1-9 SPI-12 SP1-24
Abadan 3.0 (3.8) 3.5(2.9) 2.7 (2.4) 2.5(2.3) 2.5(2.3) 3.2(2.3)
Ahwaz 2.4 (3.3) 3.4 (3.0) 3.1 (2.9 2.9 (2.8) 3.1(2.9 3.5(2.8)
Arak 4.7 (2.8) 2.9 (2.6) 2.7 (2.6) 2.6 (2.5) 2.6 (2.4) 2.3(2.2)
Babolsar 2.9 (2.8) 3.1(2.9) 3.4(3.1) 3.2(3.0) 2.9 (2.9 3.0 (2.8)
Bam 2.6 (3.4) 4.7 (2.7) 3.8 (2.6) 3.5(2.4) 2.8(2.4) 2.6 (2.4)
BandarAbass 3.8(3.7) 3.4 (2.2) 29 (2.4 2.7 (2.4) 2.4 (2.4) 1.9(1.9)
BandarAnzali 3.6 (2.5) 2.8 (2.6) 2.6 (2.5) 2.8 (2.6) 2.9 (2.6) 2.4 (2.4)
BandarLengeh 2.3(3.3) 3.4 (3.0) 3.0 (2.6) 2.7 (2.5) 2.7 (2.5) 2.6 (2.6)
Birjand 4.4 (2.9) 3.4 (2.4) 3.1(2.3) 2.6 (2.1) 2.3(2.1) 3.1(2.2)
Bushehr 3.1(3.6) 3.1(3.3) 3.4 (2.9) 3.5(.1) 3.9(3.4) 3.2(2.9)
Chahbahar 2.7 (3.5) 4.0 (2.6) 3.0 (2.5) 3.0(2.8) 3.5(2.9) 2.4 (2.4)
Dezful 4.6 (2.9) 3.3(2.5) 3.0 (2.5) 2.8 (2.6) 2.7 (2.6) 2.3(2.2)
Esfahan 3.2(3.2) 2.9 (2.2) 2.8 (2.2) 2.4 (2.2) 2.5(2.3) 2.5(2.5)
Fassa 4.5 (3.5) 3.1(2.3) 3.1 (2.8) 2.8 (2.6) 2.6 (2.5) 2.2(2.1)
Ghazvin 3.3(2.4) 3.1(2.8) 3.4 (2.9) 3.3(3.0) 3.1(2.8) 2.5(2.4)
Ghom 4.6 (2.9) 2.7 (2.4) 2.6 (2.4) 2.4 (2.3) 2.2(2.2) 1.9 (2.0)
Gorgan 3.5(2.8) 2.7 (2.6) 3.0 (2.7) 3.1(2.7) 3.1(2.7) 2.9 (2.6)
Hamedan 3.9(3.0) 2.7 (2.5) 2.9 (2.7) 2.8 (2.7) 2.9 (2.8) 3.1(2.8)
Iranshahr 3.4 (2.9) 2.5(2.2) 2.5 (2.6) 2.5(2.5) 2.7 (2.6) 3.1(2.2)
Jask 3.33.7) 3.4(3.3) 2.5(2.5) 2.2 (2.3) 2.2(2.1) 2.4 (2.3)
Kashan 3.2(3.3) 3.1(2.7) 2.8 (2.6) 2.6 (2.4) 2.3(2.3) 2.5(2.4)
Kerman 3.7 (2.9) 3.6 (2.5) 3.1(2.7) 3.0 (2.6) 2.9 (2.7) 2.5(2.5)
Kermanshah 4.1 (3.1) 3.6 (2.8) 3.1 (2.9 3.2 (2.9 3.1(2.9 3.0(2.7)
Khorramabad 4.2 (3.3) 3.1(2.6) 2.6 (2.5) 2.6 (2.5) 2.6 (2.5) 2.8(2.7)
Khoy 3.4 (2.6) 2.9 (2.5) 3.0 (2.6) 2.6 (2.4) 2.3(2.2) 2.5(2.4)
Mashhad 3.6 (2.8) 3.0 (2.6) 2.6 (2.4) 2.5(2.4) 2.4 (2.4) 2.9(2.8)
Oroomieh 3.6 (2.5) 2.5(2.4) 2.5(2.4) 2.4 (2.4) 2.6 (2.5) 3.6 (3.4)
Ramsar 3.2(2.5) 3.0 (2.7) 2.9 (2.6) 2.7 (2.6) 2.4 (2.3) 2.8 (2.7)
Rasht 3.0 (2.6) 2.8 (2.6) 2.8 (2.5) 2.6 (2.5) 2.5(2.5) 2.8 (2.7)
Sabzevar 4.1 (3.1) 3.52.7) 3.2(2.6) 2.9 (2.6) 2.6 (2.3) 2.2 (2.2)
Saghez 4.4 (3.0) 3.4(2.7) 2.9 (2.7) 2.9 (2.7) 3.0 (2.9) 3.3(33.2)
Sanandaj 3.8 (2.8) 2.7 (2.3) 2.6 (2.4) 2.5(2.4) 2.4 (2.3) 2.0 (2.0)
Semnan 4.1 (3.0) 3.5(2.8) 3.3(2.9) 3.2(3.0) 3.0 (2.9 2.2(2.2)
ShahreKord 5.6 (3.3) 3.2(2.4) 3.1(2.6) 2.8(2.7) 2.8 (2.6) 3.1(3.0)
Shahroud 3.9(2.4) 3.8(2.7) 3.3(2.8) 3.4 (3.0) 3.3(3.2) 3.5(3.3)
Shiraz 3.5(3.2) 3.5(2.4) 3.5(2.7) 2.9 (2.6) 3.0 (2.8) 3.1(3.0)
Tabass 3.3(3.2) 3.6 (2.8) 3.4 (2.8) 3.4 (2.7) 3.6 (2.9) 4.3 (3.0)
Tabriz 4.0 (2.5) 3.4 (3.0) 3.1 (3.0) 3.0 (2.8) 2.7 (2.5) 2.5(2.4)
Tehran 3.7 (2.5) 3.4 (2.9) 3.6 (3.1) 3.3(2.8) 3.1(2.5) 3.0(2.5)
Torbateheydarieh 4.5 (2.7) 3.3(2.5) 3.1 (2.6) 3.0 (2.6) 2.8 (2.6) 2.2(2.2)
Takestan 3.2(2.8) 3.2(2.6) 2.7 (2.4) 2.6 (2.3) 2.6 (2.1) 2.4 (2.0)
Yazd 3.2(3.7) 3.5(3.1) 2.7 (2.6) 2.6 (2.4) 2.4 (2.2) 2.4 (2.4)
Zabol 3.7 (4.3) 2.6 (3.1) 2.9 (2.3) 2.5(2.4) 2.4 (2.3) 1.9(1.8)
Zahedan 3.1(3.1) 3.8(2.9) 2.9 (2.7) 3.2(3.0) 3.4 (3.3) 3.8(3.2)
Zanjan 3.7 (2.4) 3.2 (2.6) 2.9 (2.4) 2.6 (2.4) 2.6 (2.4) 2.8(2.8)

also show relatively similar patterns for longer time scales. However, for
the shorter time scales of 1-, 3-, and 6- month time scales the points do
not fall along the straight line, which is attributed to the effects of the
higher number of zero precipitation values at these time scales that
distort the time series distribution from the normal distribution. The
distortion from the normal distribution at Zabol station is more
remarkable for the SSPI series where SPI also shows the same response at
1-, 3-, and 6- month time scales as well as the 24-month time scale.

3.2. Comparing the within class frequencies of the indices

The frequency of the indices categorized within the nine wetness and
dryness classes of Table 1 (middle column) are shown in Figs. 13 and 14
for the two example stations. As it is seen, the frequency distribution of
both indices are highly comparable and have a relatively symmetrical
distribution at Babolsar in the north of Iran. In all considered time scales,
the SPI tends to show slightly higher number of events in the near
normal (NN), slightly dry (SD), and slightly wet (SW) classes and fewer
events in the extremely wet (EW) and extremely dry (ED) classes. A
similar pattern is observed for Zabol at the border with Afghanistan, but
with remarkable differences between the indices frequencies at different
classes. Fig. 14 demonstrates that the frequency of the NN class of SSPI is
higher than that of SPI for 1- and 3-month time scales at Zabol station.
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The lower frequency of NN class for the SPI is because SPI falsely cat-
egorizes the summer months zero total precipitation as MD class that in
turn reduced the frequency of the NN class. Moreover, as mentioned
before, in such a climate the PDF of SPI is narrow which results in lower
frequencies of extreme classes in favor of increasing the frequencies of
slightly and moderately wet and dry conditions. This characteristic of
SPI decreases the frequencies of VD, ED, VW, and ED classes at the
expense of increasing the frequencies of SD, MD, SW, and MW classes,
thus, leading to remarkable differences between the two indices
regarding the frequencies of the classes. Although the same classification
scheme of Table 1 is used to classify the values of both indices, it is not
expected that both indices confine well within the defined class limits.
Therefore, the observed differences between the frequency distribution
of the indices classes dose not point to the inefficiency of either SPI or
SSPI if one notes that the considered indices use different standardiza-
tion as well as classification approaches to classify the index values
between the classes. Despite the observed differences between the
indices regarding the distribution of their values within the classes, the
contingency coefficient and the Cramér’s V maps shown in Figs. 15 and
16 show very high values all over the country, suggesting a very high
degree of association between the two indices.

The spatial variation of contingency coefficient across Iran demon-
strates very high values (CC>=0.9) over the northern part of the country
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Fig. 12. The g-q plots of SPI and SSPI time series relative to 1-, 3-, 6-, 9-, 12-, and 24-month time scales at Babolsar in the north (two left-hand columns) and Zabol in
the east of Iran (two right-hand columns).
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Fig. 13. Frequency distribution of SPI and SSPI classes relative to 1-, 3-, 6-, 9-, 12-, and 24-month time scales at Babolsar station in the north of Iran. The abscissa

labels correspond to the short names of the indices categories described in Table 1.

at shorter time scales of 1- and 3-month and lower values ranging be-
tween 0.78 and 0.88 over the central, southern and eastern Iran.
Considering that CC is the Pearson’s correlation coefficient commonly
used in comparing nominal values, it suggests a very high agreement
between the two indices regarding the distribution of the values be-
tween classes even in southern Iran. Based on Fig. 15, the CC value in-
creases with increasing the time scale. Accordingly, at longer time
scales, the CC values exceed 0.9 at most of the stations distributed over
the country, indicating a much better correspondence between the two
indices in classifying the indices values. Fig. 16 also shows a very similar
pattern in the spatial distribution of Cramér’s V statistic across Iran as
another measure of association between the indices regarding the fre-
quencies of wet and dry categories. The higher values of the Cramér’s V
statistic is also observed in northern and western parts of Iran and lower
ones in the centeral, eastern, and southern parts. The maps of Figures 15
and 16 have more uniform patterns of higher values at longer time scales
while a dipole pattern is observed at shorter time scales.
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4. Discussion

The comparison of SSPI with SPI and SPInp at the studied stations
indicates a strong agreement between the three indices at most of the
stations that increases by increasing the time scale. The three indices
congruently have captured the widespread historical droughts of 1985-
86, 1998-99, 2000-2001, 2007-08, and 2010-11, each of which struck
most or some parts of the country with varying severity and duration. As
implied by the correlation coefficient greater than 0.98 all over the
country, the SSPI fairly explains more than 95% of the time variability of
SPI and SPInp at almost all locations. However, there observed some
discrepancies between the three indices at shorter time scales, particu-
larly in arid and hyper-arid climates where the dry summer season is
very long and the PZP is larger than 50%. As demonstrated in the result
section, this discrepancy is mostly due to the inefficiency of SPI and
SPInp in characterizing the dry months’ precipitation anomalies at sta-
tions with very large PZP or when the time series is mostly zero. In such
cases, SPI assigned positive values close to 1.0 to zero precipitation
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Fig. 14. Frequency distribution of SPI and SSPI classes relative to 1-, 3-, 6-, 9-, 12-, and 24-month time scales at Zabol station in east of Iran. The abscissa labels

correspond to the short names of the indices categories described in Table 1.

records of the dry months as the probability of zero precipitation. In
cases when most of the time series is zero and the non-zero precipitation
values are not adequate to fit a PDF to the data, SPI assigns 1.0 to all data
records, including the non-zero precipitation records. This means that
the computed SPI values corresponding to such precipitation time series
will never fall below 0, and thus, creating the illogical situation that all
periods with no detectable precipitation are wetter than is typical for the
region (Stagge et al. 2015). Raziei (2021) has examined the center of
mass of the zero distribution proposed by Stagge et al. (2015) as an
alternative to the historical maximum likelihood of zero precipitation
that is commonly used in SPI calculation and found that the SPI values
produced using the mean probability of multiple zeros based upon the
Weibull plotting position function better maintain the statistical inter-
pretability of the computed SPI. He proved that the method proposed by
Stagge et al. (2015) performs much better than the historical maximum
likelihood of zero precipitation values in computing SPI in dry climates
of Iran where zero precipitation is the typical climate condition of the
summer months.SPInp performs much worse than SPI in arid and hyper-

arid climates because it specified much higher positive values to zero
precipitation records of the dry months. This means that both SPI and
SPInp represent the zero precipitation anomalies of the summer season
of arid climate as the moderately wet or very wet condition which is a
false alarm. This misrepresentation makes both SPI and SPnp unsuitable
for computing SPI at short time scales, especially in arid and hyper-arid
climates characterized by very high PZP (Raziei, 2021). Nevertheless, a
much higher agreement was found between SSPI and SPInp in repre-
senting the anomalies of the dry months’ precipitation, particularly at 1-
month time scale, which is related to the fact that SPI sets aside a pos-
itive value >0.5 to both zero and none zero precipitation values while
both SPInp and SSPI preserve the magnitudes of the none zero precipi-
tation by allocating relatively similar positive index values to them. This
indicates that when most of the time series is zero, which is very com-
mon in the arid climate, SPI allocates a fairly low SPI value to non-zero
precipitation values. Though SPInp better represents none zero precip-
itation anomalies of the dry month of the arid and hyper-arid climates
than SPI, however, its performance is worse than SPI in representing
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Fig. 15. Spatial variation of contingency coefficient across Iran that measures the association between SPI and SSPI classes at different time scales.

the zero precipitation, as it sets them much higher positive values than
does the SPI. Tijdeman et al. (2020) also found that any standardized
index derived from non-parametric methods including the kernel den-
sity estimation (Vidal et al., 2010) has a large uncertainty bound, and
the spread and magnitude of the minimum values of the resulting index
do not resemble those expected from a probabilistic index. These
shortcomings imply that the SPInp has no advantage over SPI for
computing the index at short time scales in arid and hyper-arid climates.
More specifically, if one notes that zero precipitation is the climate norm
of the dry summer months of the arid and hyper-arid climates, SPInp

21

provides an extremely unrealistic result as it incorrectly sets apart zero
precipitation as the moderately wet condition when computing SPI at
short time scales. Considering that the accuracy and reliability of SPI
calculation depend on the length of the sample at hand, this result
suggests that in arid and hyper-arid climates, the SPI values computed
with the limited number of non-zero precipitation remained after
excluding zero values is substantially uncertain (Hu et al., 2015; Wu
et al., 2007). In such a situation, the application of SSPI performs much
better results in characterizing aggregated precipitation at shorter time
scales. As demonstrated in the result section, SSPI has detected more
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Fig. 16. Spatial variation of Cramér’s V statistic across Iran that measures the association between SPI and SSPI classes at different time scales.

severe drought and wet conditions than SPI and SPInp which can be
partly due to the different scales and transformations used for stan-
dardizing the indices values or to the better performance of SSPI in
detecting the extreme conditions. This issue needs further examination
and it is desirable to be explored in other areas of the world to uncover
the strengths and weaknesses of SSPI against SPI.
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5. Conclusion

This research introduces the SSPI index that takes into account
different time scales and PZP as in the procedure for calculating the SPI
index. The SPI and SSPI were then computed for 45 stations distributed
over diverse climates of Iran and the resulted time series were statisti-
cally compared. The results show a very strong association between the
two indices at all considered stations and time scales, particularly at
longer ones. The spatial distribution of the correlation coefficient
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computed between the two indices depicts large R values across Iran,
particularly over northern and western Iran where precipitation is more
regularly distributed throughout the year. It is also observed that SSPI
well mimics the time behavior of SPI time series at all climatic areas of
Iran, more specifically at longer time scales.

Comparing PDFs of SSPI and SPI at two example stations revealed a
comparable agreement between the two indices, both being relatively
normally distributed at all considered time scales based on the S-W test,
skewness, kurtosis, and g-q plots. The spatial distribution of the S-W test
computed for all stations and time scales show S-W test values larger
than 0.96 at most of the stations over northern and western Iran and
lower values in eastern, central, and southern Iran, indicating that both
indices are more normally distributed in the former areas where pre-
cipitation is less skewed. However, SSPI shows a lower S-W test than the
SPI at some stations distributed over south and east of Iran , which is an
indication of its higher deviation from the normal distribution than the
SPI. By comparing the frequency distribution of the indices values be-
tween different dry/wet classes, a strong relation between the two
indices are seen. This is indicated by very high values of contingency
coefficient and Cramér’s V statistic at all the stations and time scales
considered.

In general, a very strong correspondence between SSPI and SPI is
observed regarding the time variability and distribution of the indices
values between different dry/wet classes. Nonetheless, the advantages
of SSPI against the SPI are its simpler calculation procedure and its
ability in allowing for missing data, which is very important for regions
where weather data are often incomplete. It also permits computing the
index when a large number of or all of the data records are zero values,
which is a common feature of arid and hyper-arid climates. This in-
troduces SSPI as the better index applicable to dry climates, where often
it is difficult to fit a distribution function to the few non-zero precipi-
tation values for computing SPI, or when computed is less reliable.

Although Olukayode Oladipo (1985), Keyantash and Dracup (2002),
and Loukas et al. (2003) have already confirmed the suitability of RAI or
a modified version of it (Hansel et al., 2016) as an alternative to SPI, it is
expected that SSPI performs much better than SPI in most parts of the
world, particularly in the arid and hyper-arid climates. The SSPI is
particularly a superior index for applications in arid and hyper-arid
climates where a very large proportion of precipitation values is zero or
the length of data records is too short to fit a distribution to the inade-
quate non-zero precipitation values. Following the auspicious results
obtained in this study, evaluating the performance of SSPI in other arid
and hyper-arid areas of the world is strongly recommended.
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