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Abstract
The significance of drought monitoring and prediction systems has grown substantially due to the escalating impacts of 
climate change. However, existing tools for drought analysis face several limitations, including restricted functionality to 
single-variable indices, reliance on predefined probability distributions, lack of flexibility in choosing distributions, and the 
need for advanced programming expertise. These constraints hinder comprehensive and accurate drought assessments. This 
study introduces DroughtStats, a novel, user-friendly software designed to overcome these challenges and enhance drought 
analysis capabilities. DroughtStats integrates advanced statistical tools to analyze hydrometeorological data, compute both 
single-variable and multivariable drought indices using empirical and parametric methods, and evaluate drought charac-
teristics with improved accuracy. Notably, it supports a broader range of probability distributions, performs copula-based 
analyses, and estimates potential evapotranspiration using multiple methods, including Penman–Monteith. Additionally, 
DroughtStats can analyze the relationship between different datasets using techniques like copula-based Kendall’s tau. By 
addressing the limitations of existing tools, DroughtStats provides a more flexible and comprehensive approach to drought 
monitoring. Its versatility and global applicability are demonstrated through a case study in Turkey’s Çoruh River Basin 
(CRB), where drought indices based on precipitation and streamflow are calculated to characterize drought conditions. The 
results show that DroughtStats can successfully identify and characterize drought events at various time scales, providing 
valuable insights into drought severity, frequency, and recovery, and offering a reliable tool for ongoing drought monitoring 
and management.
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Introduction

The observed global warming to the date has been reas-
sessed using improved observational data. According to the 
Intergovernmental Panel on Climate Change (IPCC) Assess-
ment Report 5 (AR5), the rate of global surface tempera-
ture increase was smaller than the rate calculated since 1951 

(IPCC 2014). However, Assessment Report 6 (AR6) indi-
cates that the slower rate of global surface temperature rise 
reported in AR5 was a temporary phenomenon. The reas-
sessment of global warming to the date, utilizing updated 
observational data, underscores a more pronounced trend 
in global warming. Specifically, for the decade spanning 
2011–2020, the global surface temperature increase relative 
to 1850–1900 is now assessed at 1.09 °C (IPCC 2023). This 
intensification in global warming contributes to alterations 
in the water and energy balance, which in turn exacerbates 
the frequency and severity of extreme weather events, such 
as droughts (Alessi et al. 2022; Tan et al. 2023).

Among the extreme weather events intensified by global 
warming, drought stands out as a unique natural hazard char-
acterized by its slow onset, gradual development, and exten-
sive spatial impact. Unlike sudden disasters such as floods or 
hurricanes, the creeping nature of drought makes it harder 
to detect, monitor, and address effectively, often leaving its 
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impacts underestimated until they become severe. Similar 
to other natural hazards, drought affects economic, environ-
mental, and social aspects of life, disrupting agricultural pro-
duction, depleting water resources, and threatening ecosys-
tems (Shaikh et al. 2021; Leng et al. 2022; Zeng et al. 2023). 
These impacts are compounded by the growing demand for 
water driven by population growth, urbanization, and agri-
cultural expansion. As climate change intensifies and global 
water demand increases, the detrimental effects of droughts 
are exacerbated, complicating drought mitigation efforts 
(AghaKouchak et al. 2014; Walker and Van Loon 2023). 
According to European Commission: Joint Research Centre 
et al. (2020), the economic damage of droughts in Europe is 
projected to increase by 170% with a 1.5 °C rise in warming, 
underscoring the urgent need for improved drought monitor-
ing and prediction systems. Accurate and comprehensive 
monitoring not only supports timely response and resource 
allocation but also aids in understanding the diverse mani-
festations of drought across different sectors.

With the addition of ecological drought as a distinct 
category in the AR6, droughts are now classified into five 
types based on their impacts: meteorological, hydrological, 
agricultural, ecological, and socioeconomic (Zhang et al. 
2022). Typically serving as the first indication of a drought 
event, meteorological drought refers to a prolonged period of 
below-average precipitation (Li et al. 2022). Prolonged pre-
cipitation deficits may result in hydrological drought, which 
is characterized by reduced water availability in rivers, reser-
voirs, and aquifers. These conditions can lead to agricultural 
drought, defined by insufficient soil moisture for crop and 
livestock production (Liu et al. 2021). Furthermore, water 
scarcity may disrupt ecosystems, causing ecological drought, 
which can lead to habitat loss and reduced biodiversity. Ulti-
mately, the combined impacts of these drought types can 
manifest as socioeconomic drought, where water shortages 
affect livelihoods, economic stability, and social well-being. 
While different types of droughts are interconnected and 
interact in complex ways, each drought type also exhibits 
distinct characteristics that necessitate tailored approaches 
to their assessment (Vorobevskii et al. 2022). To effectively 
capture these characteristics and quantify drought severity, 
various drought indices have been developed. These indices 
provide a systematic framework for monitoring droughts and 
understanding their progression across different temporal 
and spatial scales.

Drought indices, which quantify drought conditions in 
numerical terms, have been developed to assess the severity 
and duration of different types of droughts over the past few 
decades. Among the most commonly used are the Stand-
ardized Precipitation Index (SPI) (McKee et al. 1993), the 
Standardized Precipitation Evapotranspiration Index (SPEI) 
(Vicente-Serrano et al. 2010), the Palmer Drought Severity 
Index (PDSI) (Palmer 1965), the Standardized Runoff Index 

(SRI) (Shukla and Wood 2008), and the Standardized Soil 
Moisture Index (SSI) (Xu et al. 2018). These indices are 
favored in the literature for their simplicity, broad applicabil-
ity across regions, and their capacity to accurately represent 
drought conditions (Çavuş et al. 2023; Gümüş, 2023; Lor-
enzo et al. 2024; Sun et al. 2023). In addition to univariate 
drought indices, multivariate drought indices that combine 
multiple drought types, typically by determining the joint 
probability between hydrometeorological variables, have 
also been developed and utilized in past studies (Hao and 
AghaKouchak 2013; Farahmand and AghaKouchak 2015; 
Li et al. 2021; Zhang et al. 2019).

While drought indices provide essential quantitative 
assessments, their practical application often requires com-
putational tools for efficient calculation and analysis. These 
tools vary in complexity and regional applicability, either 
manually applying the relevant equations or automating the 
process. Widely-used tools for drought analysis include the 
‘SPI Program’ (National Drought Mitigation Center 2024), 
the ‘SPEI’ package in R (Beguería and Vicente-Serrano 
2013), the ‘drought’ package in R (Hao et al. 2017), ‘SDAT’ 
(Farahmand and AghaKouchak 2015), and ‘DrinC’ (Tig-
kas et al. 2014, 2022). Additionally, to meet more specific 
regional needs, specialized software tools have been devel-
oped. For example, the UniSQ Drought Monitor (Guillory 
et al. 2023) assesses drought conditions in Australia by uti-
lizing the Australian Combined Drought Indicator (CDI), 
which integrates the SPI, Normalized Difference Vegeta-
tion Index (NDVI), evapotranspiration, and soil moisture 
data. Similarly, Pywr-DRB (Hamilton et al., 2024) analyzes 
drought scenarios in the Delaware River Basin (DRB), 
focusing on reservoir operations, transbasin water diver-
sions, and maintaining minimum flow targets. While these 
specialized tools are often more sophisticated, they are 
region-specific and lack the versatility needed for global 
application.

The past decade has witnessed significant advancements 
in drought monitoring and analysis, introducing increas-
ingly sophisticated methods that provide deeper insights 
into drought phenomena (AghaKouchak et al. 2015; Hao 
and Singh 2015; Mukherjee et al. 2018; Van Loon 2015;). 
While existing tools for calculating drought indices have 
contributed to these advancements, they still face several 
limitations. Tools like the ‘SPEI’ and ‘drought’ R packages 
require a certain degree of knowledge of the programming 
language they were developed in, thus restricting their acces-
sibility for non-expert users. Although user-friendly tools 
such as the ‘SPI Program’ and ‘DrinC’ are still widely used 
in the literature, they do not fully address the contemporary 
needs of drought analysis. A major limitation of these tools 
is their lack of flexibility in selecting probability distribution 
functions (PDF) for calculating drought indices. This lack 
of flexibility is problematic, as drought indices are highly 
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sensitive to the choice of PDFs (Tijdeman et al. 2020), a 
factor often overlooked in the literature. One possible rea-
son this issue persists could be the lack of tools offering a 
broader range of PDFs for drought index calculation. Moreo-
ver, while the ‘drought’ package allows for the calculation 
of a nonparametric multivariate standardized drought index, 
none of these tools support the computation of multivariate 
drought indices using copula functions, an essential tool for 
modelling the joint behavior of hydrometeorological vari-
ables and offering a more integrated view of drought dynam-
ics. Despite their widespread use in comprehensive drought 
evaluation, copula functions remain unsupported by most 
existing tools (Tian et al. 2023; Wang et al. 2024; Won et al. 
2020; Zavareh et al. 2023).

To address these challenges, this study introduces 
DroughtStats, a novel, user-friendly software tool designed 
to overcome these limitations in drought analysis. Drought-
Stats integrates advanced statistical methods for both sin-
gle-variable and multivariable drought indices, including 
copula-based analyses and a diverse range of probability 
distributions. Unlike existing tools, DroughtStats balances 
accessibility with sophisticated analytical features, allow-
ing users of all expertise levels to perform detailed drought 
analyses at both global and regional scales. The software 
also includes essential features such as homogeneity and 
trend tests, potential evapotranspiration (PET) estimation 
using multiple methods, extraction of drought character-
istics, and the ability to analyze inter-dataset relationships 
through techniques like copula-based Kendall’s tau.

This paper outlines the objectives, functionalities, and 
real-world applications of DroughtStats. The Çoruh River 
Basin (CRB) in Turkey is selected as a case study to illus-
trate its practical utility, where the software is used to cal-
culate both empirical and parametric drought indices and 
characterize drought conditions effectively.

Overview of the software

DroughtStats is a user-friendly software tool developed to 
analyze drought characteristics through both univariate and 
multivariate drought indices. It provides comprehensive 
statistical analyses, including homogeneity testing, statisti-
cal summaries of the dataset, and trend analysis. In addi-
tion to traditional drought indices, DroughtStats integrates 
advanced techniques for multivariate drought analysis, such 
as copula-based methods, offering a more nuanced under-
standing of drought dynamics. The software is designed to 
be accessible to users with varying levels of expertise, mak-
ing it suitable for both researchers and practitioners. The 
general structure and workflow of DroughtStats are outlined 
in the flowchart presented in Fig. 1.

Statistical analysis of hydrometeorological data

DroughtStats provides comprehensive statistical analysis of 
the given hydrometeorological dataset, offering key descrip-
tive statistics such as variance, coefficient of variation, skew-
ness, kurtosis, and autocorrelation. Additionally, it includes 
tools for performing homogeneity and trend tests to ensure 
the reliability and examine temporal changes in the data.

Homogeneity tests

DroughtStats applies various homogeneity tests to assess 
the consistency and stability of the dataset over time. These 
include Buishand’s test, Pettitt’s test, the Standard Normal 
Homogeneity Test (SNHT), and the von Neumann ratio test, 
which help identify any significant shifts or changes in the 
data series.

The von Nuemann ratio test (Von Neumann 1941) is fre-
quently used in literature to detect non-homogeneity in time 
series. However, the test does not provide any information 
about the location of break point for homogeneity. The von 
Neumann ratio is shown in the Eq. (1).

where Y  represents the average of the Y values and N rep-
resents the mean squared proportion of the variation of the 
variance in succession. A time series is considered homo-
geneous when the N value calculated from Eq. (1) is equal 
to 2. However, if there is a break in the data, N tends to be 
lower than 2 (Buishand 1982). Critical values of N are given 
in Winjgaard et al. (2003) Table IV.

Buishand (1982) states, homogeneity tests can be based 
on adjusted partial sums or cumulative deviations from the 
mean. The adjusted partial sums are defined in Eq. (2).

When a time series is homogeneous, Yi values will not 
systematically deviate from their own mean, and thus, S∗

k
 

values are expected to fluctuate around zero. However, if 
there is a break in the data, then S∗

k
 is expected to reach either 

a maximum or a minimum near the point of break in the 
data. The rescaled adjusted range, R, which is the difference 
between the maximum and minimum of the S∗

k
 values scaled 

by the standard deviation, is used to test the significance of 
this shift in S∗

k
.
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)
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(3)R =

(
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The Pettitt test is a nonparametric method that 
detects the points of change in a time series. The ranks 
( r1, r2,… , rn ) of the data ( Y1, Y2,… , Yn ) are used to calcu-
late the statistics (Pettitt 1979):

If there is a break in year K, the statistical maximal or 
minimal near the year K could be defined as:

The critical values for the Pettitt test are given in Pettitt 
(1979). A time series is homogeneous when the XK values 
do not exceed the critical values.

The standard normal homogeneity test, developed by 
Alexandersson (1986), is frequently used in hydrological 
studies. This method divides the examined dataset into 
two subsets at a specified point and compares the means 
of these subsets. If the specified point is k , then the T(k) 
could be defined as:

(4)Xk = 2

k∑
i=1

ri − k(n + 1), k = 1,2,… , n

(5)XK = max1≤k≤n||Xk
||

where,

If there is a break point, then T(k) would reach a maxi-
mum value near the break point. The test statistic T0 could 
be defined as:

Jarušková (1996) further studied this method and 
developed a test statistic ( Tn ) based on T0 , which could 
be defined as:

(6)T(k) = kz
2

1
+ (n − k)z

2

2
, k = 1,2,… , n

(7)z1 =
1

k

∑k

i=1

�
Yi − Y

�

s

(8)z2 =
1

n − k

∑n

i=k+1

�
Yi − Y

�

s

(9)T0 = max1≤k≤nT(k)

Fig. 1   The general structure of the software
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If T0 exceeds a certain threshold the null hypothesis will 
be rejected. Critical values can be found in Winjgaard et al. 
(2003) Table III.

Trend analysis

DroughtStats incorporates a comprehensive suite of trend 
tests to identify temporal trends in hydrometeorological 
datasets. These tests are implemented using the open-source 
pymannkendall library (Hussain and Mahmud 2019), a 
widely recognized tool for nonparametric trend analysis. The 
included methods are the Mann–Kendall trend test (Kendall 
1955; Mann 1945), the Modified Mann–Kendall trend test 
(Hamed and Ramachandra Rao 1998), which accounts for 
autocorrelation effects, the Seasonal Mann–Kendall trend 
test (Hirsch et al. 1982), designed for data with periodic 
variability, and Sen’s slope test (Sen 1968), which quantifies 
the magnitude of detected trends. The use of pymannkendall 
library ensures methodological rigor and reproducibility in 
trend analysis.

Mann–Kendall trend test is a nonparametric and distribu-
tion free test that that performs well even in the presence of 
outliers (Önöz and Bayazıt 2003). The test is recommended 
by the World Meteorological Organization and has been 
widely used in numerous hydrological studies. The trend 
statistic S is calculated as shown in Eq. (11).

where,

The variance of trend statistic S is calculated as shown 
in Eq. (13).

The standardized test statistic Z can then be calculated 
based on trend statistic S, the variance of trend statistic 
Var(S) and the specified significance level �.

Significant autocorrelations within a time series can inter-
fere with accurately assessing the variance of trend statistic S. 
To address this issue, Hamed and Ramachandra Rao (1998), 

(10)T0 =
n(T(n))2

n − 2 + (T(n))2

(11)S =
∑
i<j

sgn
(
xj − xi

)

(12)sgn
�
xj − xi

�
=

⎧
⎪⎨⎪⎩

1xj > xi
0xj = xi
−1xj < xi

(13)Var(S) =
n(n − 1)(2n − 5)

18

(14)Z =
S

Var(S)�

suggested that a nonparametric trend estimator V ∗ (S) can be 
derived directly from the original time series.

where,

In Eq. (16), n represents the total number of observations in 
the time series and serves to normalize the correction factor, 
ensuring that the adjustment for autocorrelation is appropri-
ately scaled relative to the dataset size. Larger datasets reduce 
the relative influence of individual correlations, as the weight 
assigned to each lag diminishes with increasing n. The term 
�s(i) denotes the autocorrelation at lag i , which quantifies the 
dependence between data points separated by i time steps. 
Positive values of �s(i) indicate a direct relationship between 
observations at that lag, whereas negative values suggest an 
inverse relationship. These lag-specific correlations are cru-
cial for accounting for the internal structure of the time series, 
ensuring that the variance adjustment reflects the true level of 
independence in the dataset.

Seasonal Mann–Kendall test is a special variation of 
Mann–Kendall trend test that takes seasonality into account. 
Hirsch et al. (1982) suggest that dataset X is made up of sub-
samples Xi and H0’ hypothesis is that X is a sample of inde-
pendent random variables (xij) and that Xi is a subsample of 
independent and identically distributed random variables 
i = 1, 2,… , 12 . Then the test statistic Si can be defined as:

Then, variance of the test statistic S’ can be defined as:

And the standard normal deviate Z is then defined as:

Sen’s slope is a method developed by Sen (1968) that deter-
mines the magnitude of a trend in time series. The slope is 
calculated as shown in Eq. (20).

(15)V∗(S) = Var(S)Cor

(16)

Cor = 1 +
2

n(n − 1)(n − 2)

n−1∑
i=1

(n − 1)(n − i − 1)(n − i − 2)�s(i)

(17)Si =

ni−1∑
k=1

ni∑
j=k+1

sgn
(
xij − xik

)

(18)Var(S�) =
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(
Si
)
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)
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(Var(S�))
1
2

ifS� > 0
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(Var(S�))
1
2
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(20)Sij =
yj − yi

xj − xi
, 1 ≤ i ≤ j ≤ n
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Sen’s slope estimator �̂  then can be defined as shown in 
Eq. (21).

Sen’s slope estimator �̂  then can be used to calculate the 
intercept �̂ as shown in Eq. (22).

DroughtStats integrates these trend tests into a user-
friendly framework, leveraging the pymannkendall library 
for robust computation. Results are exported into Excel files, 
enabling users to analyze trends efficiently and effectively.

Probability distributions

While the primary focus of DroughtStats is drought analysis, 
the accurate selection of appropriate PDFs is crucial for reli-
able drought analysis. DroughtStats enables users to fit their 
data to a range of PDFs, which are an essential component 
of drought indices and their calculation. The software sup-
ports a total of 31 different PDFs including the Beta Prime, 
Cauchy, Exponential, Exponential Normal (2p), Exponential 
Normal (3p), Fisk, Gamma (3p), Gamma (2p), Generalized 
Extreme, Generalized Exponential, Generalized Inverse 
Gaussian, Generalized Logistic, Generalized Gamma, Gen-
eralized Pareto, Gumbel (Left), Gumbel (Right), Inverse 
Gamma, Inverse Gaussian, Johnson SB, Logistic, Log-
Normal (3p), Log-Normal (2p), Log Uniform, Mielke (3p), 
Normal Inverse Gaussian, Pareto (2p), Pearson 3, Rayleigh, 
Uniform, Weibull Max, and Weibull Min (2p) distributions. 
For the sake of simplicity, this paper will explain the calcula-
tion process using only the Gamma distribution.

The 2-parameter Gamma distribution function is defined 
by its shape parameter k and scale parameter � . The prob-
ability density function of 2-parameter Gamma distribution 
can be defined as:

where Γ(k) is,

Fitting a distribution function to a dataset involves esti-
mating the distribution parameters from the sample data. 
In DroughtStats, the Maximum Likelihood Estimation 
(MLE) method is used to estimate these parameters. The 
MLE method aims to identify the values of parameters k 
and � that maximize the log-likelihood function, which 

(21)�̂ = median
(
Sij
)

(22)�̂ = median
(
yi − �̂xi

)

(23)f (x;k, �) =
xk−1e

−
x

�

�kΓ(k)

(24)Γ(k) =

∞

∫
0

tk−1e−tdt

quantifies the likelihood of observing the given sample 
under the assumed probability distribution.

The log-likelihood function of Gamma distribution is 
defined as shown in Eq. (25).

where Γ(k) denotes the Gamma function.
To estimate the parameters, the partial derivatives of the 

log-likelihood function with respect to k and � are com-
puted and set equal to zero. Solving these equations pro-
vides the parameter estimates that maximize the likelihood 
of observing the given data under the Gamma distribution.

In DroughtStats, probability distribution functions are 
fitted to the data, and the Kolmogorov–Smirnov (K-S) sta-
tistic is used to assess the goodness-of-fit. The K-S statistic 
measures the maximum distance between the empirical 
distribution function (EDF) of a sample and the cumula-
tive distribution function (CDF) of a reference distribu-
tion. The K-S statistic is defined as (Massey 1951):

where Fn(x) is the EDF of the sample data, and F(x) is the 
theoretical CDF of the fitted distribution function. Figure 2 
illustrates an example of streamflow data fitted using the 
DroughtStats software.

Univariate drought indices

A univariate drought index is typically derived from a sin-
gle hydrometeorological variable, such as the Standardized 
Precipitation Index (SPI) (McKee et al. 1993), which is 
based solely on precipitation. Drought indices are com-
monly developed using percentiles, anomaly, or stand-
ardization techniques to accurately characterize drought 
conditions. The methodology employed to calculate the 
SPI can also be applied to other variables, including soil 
moisture, streamflow, runoff, groundwater, and snowmelt, 
to create various types of Standardized Drought Indices.

DroughtStats offers a range of drought indices, includ-
ing those based on the methodology of the SPI and non-
parametric methods derived from plotting positions, such 
as the Gringorten (1963) plotting position formula. These 
indices include, but are not limited to, the SPI, Stand-
ardized Precipitation Evapotranspiration Index (SPEI), 
Standardized Runoff Index (SRI), Streamflow Drought 
Index (SDI), Standardized Soil Moisture Index (SSI), and 
Standardized Groundwater Index (SGI). (Bloomfield and 
Marchant 2013; Nalbantis and Tsakiris 2008; Shukla and 
Wood 2008; Vicente-Serrano et al. 2010).

(25)l ∶ l(k, �) =

n∑
i=1

[(k − 1)lnxi −
xi

�
− kln� − lnΓ(k)]

(26)Dn = supx
||Fn(x) − F(x)||
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Nonparametric standardized drought indices

Farahmand and AghaKouchak (2015) suggested that, rather 
than using parametric probability distribution functions, the 
empirical probability could be employed to derive a nonpar-
ametric standardized drought index. By applying the Grin-
gorten (1963) plotting position formula, the marginal prob-
ability of hydrometeorological variables can be defined as:

In Eq. (27) n denotes the number of observed data while 
i represents the rank of precipitation data from the smallest. 
The output of the Eq. (27) is then used as an input in Eq. (28) 
to calculate the nonparametric Standardized Index (SI):

The symbol � denotes the standard normal distribution 
function, while p represents the calculated joint probability, 
as determined using Eq. (27).

Drought indices are highly dependent on the choice of 
PDFs, and the results can vary significantly based on the 
selected distribution. This is particularly problematic when 
the chosen PDF does not adequately represent the underlying 
characteristics of the hydrometeorological variable, leading 
to potentially inaccurate assessments. Nonparametric stand-
ardized drought indices address this issue by eliminating the 

(27)p
(
xi
)
=

i − 0.44

n + 0.12

(28)SIe = �−1(p)

need for predefined PDFs. These indices rely on empirical 
data, making them more flexible and robust, particularly in 
regions or conditions where the appropriate distribution is 
uncertain or difficult to determine. As such, nonparamet-
ric approaches provide a reliable and globally applicable 
method for assessing drought conditions, avoiding the biases 
that can arise from inappropriate distribution choices.

Parametric standardized drought indices

Parametric standardized drought indices can be calculated 
using various probability distribution functions. However, 
for simplicity, this paper will focus on explaining the calcu-
lation process of the parametric Standardized Precipitation 
Index (SPI), assuming the use of the Gamma distribution. 
As discussed in Sect. 2.2, DroughtStats enables users to fit 
different distribution functions to the data and estimate the 
required parameters. Once the parameters are estimated, the 
cumulative distribution function (CDF) of the Gamma dis-
tribution can be defined as:

where Γ(k) is the gamma function evaluated at k, k is the 
shape parameter and � is the scale parameter. Then H(x) , 
cumulative probability from the Gamma distribution, can 
be defined as:

(29)F(x) =
1

Γ(k)
�
(
k,

x

θ

)

Fig. 2   Fitting probability distribution functions to data using DroughtStats
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Using the inverse of standard normal cumulative distri-
bution function, cumulative probability from the Gamma 
distribution can be converted into SPI values as shown in 
Eq. (31).

where � represents the standard normal cumulative distribu-
tion function.

In case of zero precipitation values in the dataset, prob-
ability of zero precipitation (q) is incorporated into the 
Gamma distribution.

In the case of Eq. (32), H(x) incorporates both the prob-
ability of zero precipitation and the Gamma CDF for non-
zero precipitation. To ensure that the CDF values remain 
within the valid range of [0, 1], DroughtStats introduces a 
constant. This adjustment addresses the issue encountered 
with the inverse of a standard normal distribution, where 
the values asymptotically approach − ∞ and + ∞ as the 
CDF values approach 0 and 1, respectively. By incorpo-
rating this constant, the CDF is effectively constrained, 
preventing these extreme values and maintaining consist-
ency in the calculation of the standardized drought index.

(30)H(x) = F(x)

(31)SPI = �−1(H(x))

(32)H(x) = q + (1 − q)F(x)

Figure 3 illustrates the calculation window for paramet-
ric standardized drought indices. After the calculations are 
completed, the results are exported and saved into an Excel 
file for further analysis.

SIseasonality

Based on the framework developed by Terzi and Önöz 
(2024a), DroughtStats incorporates the calculation of 
SIseasonality, which provides a methodology for computing 
standardized drought indices that account for seasonal vari-
ability within the data. This approach differs from traditional 
methods that utilize a single best-fit probability distribution 
for the entire dataset. Instead, it identifies and applies best-fit 
probability distributions for each subgroup of data through-
out the calculation process. By automatically selecting the 
optimal probability distribution for each subgroup, Drought-
Stats calculates the indices accordingly and reconstructs the 
index time series, offering a refined and contextually sensi-
tive measure of drought conditions.

The calculation steps of SIseasonality are as follows:

1.	 The selected data are aggregated over the specified time 
scale.

2.	 The aggregated data are divided into twelve distinct 
groups to account for seasonal variability.

3.	 Goodness-of-fit tests are used to determine the most suit-
able PDF for each group.

Fig. 3   Calculation of parametric standardized drought indices in DroughtStats
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4.	 Each group is individually fitted with its best-fitting 
PDF, as identified by the goodness-of-fit tests.

5.	 A CDF is constructed for each fitted PDF to compute the 
cumulative probability for each group.

6.	 These cumulative probabilities are standardized by 
applying the inverse of the standard normal distribution 
function to each group's CDF.

7.	 The standardized probabilities are then combined to 
reconstruct the data into a unified time series.

Reconnaissance drought index

Tsakiris and Vangelis (2005) proposed a meteorological 
drought index that incorporates both precipitation and evapo-
transpiration. The proposed index, also known as the Recon-
naissance Drought Index (RDI), is based on the cumulative 
values of precipitation and potential evapotranspiration.

The starting value of the index for a specific period, 
denoted by a particular month (k) within a year, is deter-
mined as follows:

Two forms of RDI, Normalized (RDIn) and Standardized 
(RDIst), then can be calculated based on ak as follows:

where, yk is the ln(ak) , yk represents the mean and �̂k is the 
standard deviation.

Deciles index

Deciles Index (DI) is one of the simplest drought indices in 
the literature (Gibbs and Maher 1967). Hydrometeorological 
data is ranked in ascending order and divided into ten equal 
parts, each representing %10 of the data. The deciles are 
then group into five classes as shown in Table 1.

Multivariate drought indices

DroughtStats enables users to calculate both nonparamet-
ric and parametric multivariate drought indices, with the 
latter based on various Copula families including Gauss-
ian Copula, T Copula, Clayton Copula, Gumbel Copula and 
Frank Copula.

(33)ak =

∑j=k

j=1
Pj

∑j=k

j=1
PETj

(34)RDIn(k) =
ak

ak
− 1

(35)RDIst(k) =
yk − yk

�̂k

Nonparametric multivariate standardized drought index

The joint probability of selected precipitation and stream-
flow data is described in the Eq. (36), precipitation and 
streamflow are represented by X and Y respectively.

In the Eq.  (36) p denotes the joint probability of the 
selected data. MSDI then can be defined on joint probabil-
ity of selected hydrometeorological variables by utilizing 
the inverse of a standard normal distribution as shown in the 
Eq. (37) (Hao and AghaKouchak 2013):

MSDI, calculated based on the joint probability of the X 
and Y using the standard normal distribution function ( � ), 
provides insights into drought conditions across time spans 
of 1, 3, 6, and 12 months (Hao and AghaKouchak 2014).

In the case of bivariate analysis, the empirical joint prob-
ability can be estimated using a modified version of the 
Gringorten plotting position formula, as proposed by Grin-
gorten in 1963:

In Eq. (38), n denotes the number of observed precipita-
tion and streamflow data while mk represents the number of 
occurrences of the (xi, yi) pair such that both xi is less than 
or equal to xk and yi is less than or equal to yk . The output 
of the Eq. (38) will then be used as an input for Eq. (37) to 
calculate the MSDI series.

Copula‑based multivariate standardized drought index

In hydrological studies, copulas are used to model the joint 
distribution of multiple hydrometeorological variables, such 
as precipitation, temperature, and streamflow, which are 
essential for assessing drought conditions. If the hydrome-
teorological variables are considered as random variables X 
and Y, the joint distribution with the cumulative joint prob-
ability p can be represented using a copula C (Nelsen 2006).

(36)P(X ≤ x, Y ≤ y) = p

(37)MSDIe = �−1(p)

(38)P
(
xk,yk

)
=

(mk − 0.44)

(n + 0.12)

Table 1   Classification of decile index

Decile Class Description

deciles 1–2: lowest 20% much below normal
deciles 3–4: next lowest 20% below normal
deciles 5–6: middle 20% near normal
deciles 7–8: next highest 20% above normal
deciles 9–10: highest 20% much above normal
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where C is the copula function, F(X) and G(Y) are the mar-
ginal cumulative distributions of random variables X and 
Y, respectively. A Copula C provides the ability to build 
the joint distribution of random variables based on their 
individual marginal distributions. In hydrological studies, 
the application of copulas to model nonlinear dependence 
structures within multivariate data has become increasingly 
prevalent (Ballarin et al. 2021; Hao and AghaKouchak 2013; 
Varol et al. 2023; Xiang et al. 2024; Zhang et al. 2023).

DroughtStats allows users to compute parametric mul-
tivariate drought indices using different copula families. 
For the sake of simplicity, this paper will focus solely on 
explaining the calculation process for the Clayton copula 
(Clayton 1978).

The Clayton copula for the bivariate case is defined as 
follows:

where u and v are marginal cumulative distribution functions 
of the random variables and � is a parameter that controls the 
strength of the dependence between the variables. The Clay-
ton copula is particularly useful for modeling variables that 
exhibit strong lower-tail dependence, which is often seen in 
drought conditions where extreme low values are correlated.

To fit a copula function to a dataset, the following steps 
are employed:

1.	 First, the marginal cumulative distribution functions 
(CDFs) for each variable are computed using the empiri-
cal data. In DroughtStats, the Gringorten Plotting Posi-
tion Formula (1963) is used to derive the empirical 
CDFs. This formula provides a non-parametric way to 
estimate the cumulative distribution based on the ranks 
of observed data points, ensuring that each observation 
is mapped to its corresponding cumulative probability.

2.	 Once the marginal distributions are determined, Maxi-
mum Likelihood Estimation (MLE) is used to estimate 
the copula parameters. MLE involves maximizing the 
likelihood function, which represents the probability 
of observing the given data under the selected copula 
model. The parameters are estimated by minimizing the 
negative log-likelihood function.

3.	 After the copula parameters are estimated, the joint 
CDF for the specified copula family is constructed. The 
copula function combines the marginal distributions 
with the estimated parameters to model the multivari-
ate dependence between the variables.

The MSDI is then computed using the joint CDF 
derived from the copula. The MSDI values are obtained 

(39)P(X ≤ x, Y ≤ y) = C[F(X),G(Y)] = p

(40)C�(u, v) =
[
max

(
u−� + v−� − 1;0

)]− 1

�

by applying the inverse of the standard normal cumula-
tive distribution function to the copula values as shown 
in Eq. (41).

where �−1 denotes the inverse of the standard normal CDF, 
converting the copula values into the standardized drought 
index.

To identify the most suitable copula model for the data, 
DroughtStats uses two common information criteria: the 
Akaike Information Criterion (AIC) (Akaike 1988) and 
the Bayesian Information Criterion (BIC) (Schwarz 1978). 
These criteria balance the goodness of fit of the model with 
its complexity to avoid overfitting. The AIC can be defined 
as follows:

where k is the number of estimated parameters and L̂ is the 
maximized value of the likelihood function.

The BIC is defined as:

where n is the number of observations, k is the number of 
estimated parameters and L̂ is the maximized value of the 
likelihood function.

By comparing the AIC and BIC values for different cop-
ula families, DroughtStats selects the copula that best fits 
the data and models the multivariate dependence structure. 
Once the MSDI values are calculated, DroughtStats saves 
the results, including the monthly AIC and BIC values, into 
an Excel file (.xlsx) chosen by the user. This allows for easy 
analysis and further processing of the multivariate drought 
indices.

Figure 4 illustrates the process of MSDI calculation in 
DroughtStats, providing a visual representation of the cop-
ula-based methodology.

Multivariate standardized drought index based on different 
Copula functions

Many hydrological studies in the literature employ copula 
functions to assess their suitability for specific datasets, often 
focusing on a single copula family. Based on the methodol-
ogy introduced by Terzi and Önöz (2024b), DroughtStats 
takes a more comprehensive approach by evaluating the fit of 
multiple copula families for each month, accounting for the 
seasonality of hydrometeorological data. This method allows 
for the selection of the most appropriate copula family for 
each month and the calculation of Multivariate Standardized 

(41)MSDI = �−1
(
C�(u, v)

)

(42)AIC = 2k − 2ln
(
L̂
)

(43)BIC = kln(n) − 2ln
(
L̂
)



Earth Science Informatics (2025) 18:159	 Page 11 of 22  159

Drought Index (MSDI) values based on the best-fit copula. 
Calculation window of MSDI using the newly developed 
methodology is shown in Fig. 5.

Fig. 4   Calculation of parametric MSDI in DroughtStats

Fig. 5   Calculation of MSDI based on different Copula families in DroughtStats
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Estimation of potential evapotranspiration

DroughtStats estimates Potential Evapotranspiration (PET) 
using three widely recognized methods: the Thornthwaite 
equation, the Hargreaves method, and the Penman–Mon-
teith equation. For brevity, the detailed equations for these 
methods are not presented here, but references to the original 
sources are provided for further reading.

1.	 The Thornthwaite equation estimates PET based on 
temperature data. This method, described in detail by 
Thornthwaite (1948), is widely used due to its simplicity 
and applicability across various climates.

2.	 The Hargreaves method is an empirical formula that esti-
mates PET using temperature data, and is particularly 
useful in regions with limited meteorological data. The 
detailed equations and assumptions behind this method 
can be found in Hargreaves et al. (1985).

3.	 The Penman–Monteith equation is considered the most 
accurate method for PET estimation and incorporates a 
wide range of meteorological variables, including tem-
perature, radiation, humidity, and wind speed. A detailed 
explanation of the method can be found in Allen et al. 
(1998), Chapter 2.

DroughtStats supports these methods and allows for the 
estimation of PET based on the user’s dataset, including nec-
essary inputs such as temperature, latitude, and altitude. The 
software also provides flexibility by calculating actual vapor 
pressure based on available data, such as relative humidity.

Drought characteristics

DroughtStats calculates drought characteristics based on the 
principles of Yevjevich’s (1967) run theory, which is widely 
used in drought analysis. The software identifies the onset 
and conclusion of drought events and calculates their sever-
ity, intensity, frequency, and recovery duration. This method 
is highly flexible, allowing users to define key parameters 
that best suit the specific context of their analysis. Since 
drought thresholds and the minimum duration required to 
recognize a drought event can vary across different studies 
and regions, DroughtStats provides a user-defined approach 
to identifying and evaluating drought events.

The calculation of drought characteristics relies on three 
main input parameters: the drought threshold, the recovery 
threshold, and the minimum duration. The drought threshold 
is the level below which a drought event is considered to 
have started and ended. Once the drought index falls below 
this threshold, the system marks the onset of the drought 
and subsequently its conclusion once the index rises back 
above it. The recovery threshold, on the other hand, defines 
the level at which the region is considered to have recovered 

from the drought. Recovery occurs when the drought index 
exceeds this threshold, indicating that the drought's impacts 
are no longer present.

The minimum duration is the third crucial parameter, 
specifying the minimum number of months the drought 
index must remain below the drought threshold for an event 
to be recognized as a drought. This ensures that short-term 
fluctuations do not erroneously trigger drought events, pro-
viding a more accurate representation of sustained drought 
conditions.

DroughtStats uses these parameters to identify separate 
drought events, calculate their start and end points and 
assess their severity, duration, and intensity. Additionally, 
the software determines whether the region has fully recov-
ered from the drought. In cases where a drought event ends 
but another event occurs before the recovery threshold is 
reached, the area is considered not to have recovered from 
the initial drought, and the region is marked as having “no 
recovery”. Figure 6 provides a visual representation of this 
process, illustrating how DroughtStats calculates and evalu-
ates drought characteristics based on the input parameters.

The calculated drought characteristics are then exported 
and saved into an Excel file in tabular format for further 
analysis.

Data relations

DroughtStats provides users with the capability to explore 
the relationship between two time series through the ‘Data 
Relations’ window. This section outlines the specific 
dependence and correlation measures employed to analyze 
and quantify the relationships between the selected time 
series.

Spearman’s rank correlation coefficient ( �)

Spearman’s rank correlation coefficient ( � ) is a nonpara-
metric statistic used to measure the rank-based relationship 
between two variables (Spearman 1904). It evaluates how 
well the relationship between the variables can be repre-
sented by a monotonic function, indicating that as one 
variable increases, the other consistently either increases or 
decreases. The formula for calculating Spearman’s rank cor-
relation coefficient is as follows:

In Eq.  (44), di represents the difference between the 
ranks of each observation, and n denotes the total number 
of observations.

(44)� = 1 −
6
∑

d2
i

n
�
n2 − 1

�
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Kendall’s rank correlation coefficient ( T)

Kendall's rank correlation coefficient (Τ) is a non-para-
metric statistic used to measure the ordinal association 
between two variables (Kendall 1938). Similar to Spear-
man's rank correlation, it evaluates the strength and direc-
tion of a monotonic relationship between the variables; 
however, it specifically considers the relative ordering of 
pairs of observations. Kendall’s Τ is based on the concepts 
of concordant and discordant pairs: a pair is concordant 
if the ranks of both variables align, while it is discordant 
if the ranks of the variables disagree. The calculation of 
Kendall’s Τ is defined as follows:

where NC is the number of concordant pairs, ND is the num-
ber of discordant pairs and n is the number of observations.

Mutual information (MI)

Mutual information (MI) quantifies the amount of informa-
tion gained about one random variable through the observa-
tion of another random variable. It serves as a measure of 
the mutual dependence between two variables, effectively 
capturing both linear and non-linear relationships between 

(45)T =
N
C
− N

D

1

2
n(n − 1)

them (Shannon 1948). The MI between two continuous ran-
dom variables is calculated as follows:

where PX and PY are the marginal probability density func-
tions of X and Y respectively and P(X,Y) is the joint probabil-
ity density function of X and Y.

Distance correlation (dCor)

Distance correlation measures the dependence between two 
random variables by capturing both linear and non-linear 
associations (Székely et al. 2007). It extends the traditional 
concept of correlation by focusing on the distances between 
pairs of observations rather than their values or ranks. Dis-
tance covariance quantifies this dependence by evaluating 
the distances between pairs of observations. The formula for 
calculating distance covariance is as follows:

where D̃x(i, j) and D̃y(i, j) are the centered version of distance 
matrices for the variables X and Y, respectively.

Distance correlation is the normalized form of distance 
covariance, and is calculated as follows:

(46)I(X;Y) = ∬ P(X,Y)(x, y)log

(
P(X,Y)(x, y)

PX(x)PY (y)

)
dxdy

(47)dCov2(X, Y) =
1

n2

n∑
i=1

n∑
j=1

D̃x(i, j) ∗ D̃y(i, j)

Fig. 6   Calculation of drought characteristics in DroughtStats
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where dVar(X) and dVar(Y) are the measures of dispersion 
of the distances in X and Y, respectively.

Copula‑based Kendall’s tau ( T
c
)

Schweizer and Wolff (1981) introduced copula-based 
Kendall’s Τ, which employs copula functions to quantify 
the dependence between two random variables. The for-
mula for copula-based Kendall’s Τ is defined as follows:

where C(u, v) is the copula function that represents the joint 
cumulative distribution of the random variables after trans-
forming them into their uniform marginals.

In copula theory, Kendall’s Τ is a measure of concord-
ance that ranges from 1 to −1, where 1 signifies per-
fect positive dependence and −1 denotes perfect nega-
tive dependence. By employing copulas, Kendall’s Τ can 
effectively capture the true dependence structure between 
variables, even when the relationship is non-linear or 
characterized by complex dependencies.

Application

The Çoruh River Basin, located in Turkey, serves as the 
study area for demonstrating the application of the pro-
posed software. The CRB is highly significant because of 
its crucial contribution to Turkey's economic and social 
development (Terzi 2024). This analysis utilizes monthly 
precipitation and streamflow data spanning from 1989 to 
2011, collected from a total of 8 hydrological and 8 mete-
orological stations distributed throughout the basin. For 
the purpose of this demonstration, the calculations will be 
presented for a single representative station, simplifying 
the exposition while maintaining methodological rigor.

(48)dCor(X, Y) =
dCov(X, Y)√

dVar(X) ∗ dVar(Y)

(49)T = 4∫
1

0
∫

1

0

C(u, v)dC(u, v) − 1

Statistical analysis

Prior to conducting the drought analysis, a comprehensive 
statistical evaluation of the precipitation and streamflow 
data was conducted. This preliminary assessment included 
the calculation of various statistical metrics, which provide 
essential insights into the data and serve as a foundational 
step for subsequent drought analysis. The statistical met-
rics for precipitation and streamflow data are presented in 
Table 2 and Table 3, respectively.

Homogeneity tests indicate that both the streamflow 
and precipitation data are homogeneous, and no significant 
trends were observed in either dataset.

Calculation of univariate indices

The most suitable probability distribution functions for both 
datasets were determined to be the Generalized Extreme 
Value (GEV) distribution. Although the GEV distribution 
exhibits a lower K-S value compared to the Gamma distribu-
tion, Gamma distribution is traditionally recommended for 
the calculation of SPI due to its effective representation of 
precipitation characteristics. This study employs the GEV 
distribution for the calculation of SSFI and two-parameter 
Gamma distribution for the calculation of SPI.

The SPI and SSFI indices are calculated using both non-
parametric and parametric methods across 1, 3, 6, 9, and 
12-month time scales. The results for the SPI are shown 
in Fig. 7, while the SSFI results are presented in Fig. 8. 
Although parametric and empirical indices share similari-
ties, as highlighted by Terzi and Önöz (2023), significant 
divergences can be observed at the distribution tails.

Calculation of multivariate standardized drought 
index

In this study, the Multivariate Standardized Drought Index 
(MSDI) is calculated in three distinct ways: as a nonpara-
metric MSDI using the Gringorten (1963) plotting position 
formula modified for the bivariate case; as a parametric 
MSDI using different copula families; and, as detailed in 
Sect. 2.4.3, by applying optimal the copula family for each 
corresponding month. The calculation of the parametric 

Table 2   Statistical metrics of 
precipitation data for station 
E2304 in the CRB

Mean Stdev Variance Median Mode Skewness Kurtosis Coefficient of Variation Autocorrelation

1.29 0.88 0.77 1.16 1.55 1.00 1.15 0.68 0.22

Table 3   Statistical metrics of 
streamflow data for station 
E2304 in the CRB

Mean Stdev Variance Median Mode Skewness Kurtosis Coefficient of Variation Autocorrelation

15.88 16.98 288.49 7.61 10.4 2.08 4.24 1.07 0.58
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Fig. 7   Calculated parametric and nonparametric SPI values
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Fig. 8   Calculated parametric and nonparametric SSFI values
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MSDI involves determining the best-fit copula families 
based on monthly AIC and BIC values. Table 4 shows the 
monthly AIC and BIC values.

The minimum AIC values in Table 4 are highlighted 
as they indicate the best-fitting copula family for each 
month. Parametric MSDI values are calculated using two 
approaches: first, by selecting a best-fit copula family for 
the entire dataset, and second, by selecting the best-fit 
copula family for each month and applying these monthly 
copula fits to the same dataset. This distinction under-
scores the difference between using a single copula family 
across the entire dataset versus adapting the copula family 
monthly based on the best fit.

Figure 9 illustrates the calculated MSDI values at dif-
ferent time scales. While the MSDI values exhibit similar 
patterns and high correlation, discrepancies become more 
apparent at the extreme highs and lows, indicating that 
improper selection of copula families may lead to inac-
curacies in determining drought characteristics.

Correlation coefficients between single variable indices 
and the MSDI are shown in Table 5.

The data suggests that the use of the MSDI for drought 
characterization and monitoring is highly reliable. As 
shown in Table 5, all correlation coefficients are above 
0.70, with the majority exceeding 0.75, indicating that 
the developed MSDI indices exhibit substantial reliability 
compared to other drought indices. It is important to note 
that the correlation coefficients between single-variable 
indices range from 0.10 to 0.37 across all time scales. 
In contrast, the correlation coefficients between single-
variable indices and the MSDI values are significantly 
higher, ranging from 0.75 to 0.81. This suggests that the 
relationship between single-variable indices is consider-
ably weaker than the relationship between these indices 
and the MSDI values across all time scales. An improve-
ment in correlation is observed when transitioning from 

single-variable indices to the MSDI, as noted by Yisehak 
and Zenebe (2020).

Drought characteristics

Drought characteristics for the calculated indices are 
assessed as explained in Sect. 2.6. For the sake of simplicity, 
this paper will focus on illustrating the drought characteris-
tics of the MSDImonthly, as detailed in Sect. 2.4.3, at 9-month 
time scale. In this study, a drought event is defined as MSDI 
values remaining below −0.8 for more than three consecu-
tive months. A drought is considered fully recovered once 
MSDI values exceed −0.2 (Mo 2011). The period between 
full recovery and the end of the drought is referred to as 
the drought recovery period. Drought characteristics for the 
MSDI at 9-month scale are provided in Table 6.

The start date in Table 6 refers to the index of the data, 
with the understanding that MSDI values are calculated on 
a 9-month time scale and the water year begins in October. 
Therefore, an index of 0 corresponds to June. Since Drought-
Stats does not require specific start dates, it uses indices 
instead of actual dates when necessary.

The drought characteristics derived from the monthly 
MSDI at the 9-month time scale reveal important insights 
into the nature of drought events in the study area. The 
results indicate significant variability in drought severity, 
duration, and recovery. Notably, between 2000 and 2005, 
the region experienced the longest and most severe drought 
event, which can be classified as an extreme drought, with 
MSDI-9 values below −2. This highlights the severity 
of the drought conditions in the basin during this period. 
Another major drought event occurred between 1992 and 
1996, during which two separate drought events were iden-
tified, both with similar severity. This suggests that the 
region experienced recurrent droughts within a relatively 
short time frame. While some drought events exhibit high 

Table 4   Monthly AIC and 
BIC values for different copula 
families

Gaussian T Clayton Gumbel Frank

Month AIC BIC AIC BIC AIC BIC AIC BIC AIC BIC

Oct 1.55 2.69 3.40 5.67 2.00 3.14 2.00 3.14 1.75 2.89
Nov 1.94 3.07 3.20 5.47 2.00 3.14 0.63 1.76 2.00 3.13
Dec 2.00 3.14 3.80 6.07 1.71 2.84 2.00 3.14 1.74 2.88
Jan 2.00 3.14 3.64 5.92 2.00 3.14 1.99 3.13 2.00 3.14
Feb 0.28 1.41 2.27 4.54 2.00 3.14 2.00 3.14 −0.79 0.34
Mar 0.40 1.53 2.39 4.66 1.37 2.51 0.60 1.74 −0.20 0.93
Apr 1.86 3.00 3.86 6.13 2.00 3.14 1.76 2.90 1.94 3.08
May 1.01 2.14 −0.64 1.63 −2.80 −1.66 1.60 2.74 0.43 1.56
Jun −0.90 0.24 1.09 3.36 −3.93 −2.79 1.22 2.35 −0.02 1.11
July 1.80 2.94 3.40 5.68 2.00 3.13 2.00 3.14 1.56 2.69
Aug 0.60 1.73 2.58 4.86 0.23 1.37 1.20 2.34 0.30 1.44
Sep 0.77 1.91 2.54 4.81 1.40 2.54 0.56 1.69 1.23 2.37
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Fig. 9   Calculated MSDI values
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severity and prolonged durations, others are less intense 
but more frequent. Many drought events do not show full 
recovery within the analyzed period, indicating persistent or 
recurring drought conditions. These findings highlight the 
complexities of drought dynamics, underscoring the need 
for long-term monitoring and effective management strate-
gies to address the challenges posed by ongoing and future 
drought risks.

Discussion

This study introduces DroughtStats, a user-friendly software 
tool designed to enhance drought analysis and monitoring. 
By addressing limitations in existing tools, such as reliance 
on single-variable indices, fixed probability distributions, 
and limited flexibility, DroughtStats provides a versa-
tile framework for analyzing hydrometeorological data in 
drought analysis. It supports the calculation of single-varia-
ble and multivariable drought indices using both parametric 
and nonparametric methods, offering improved accuracy in 
characterizing droughts across diverse contexts.

The case study conducted in Turkey's Çoruh River Basin 
(CRB) highlights the effectiveness of DroughtStats. Calcu-
lations of SPI and SSFI indices across multiple time scales 
demonstrated the software's ability to capture short-term and 

long-term drought events. Additionally, the calculated MSDI 
values revealed strong correlations with single-variable indi-
ces while providing a more integrated perspective of drought 
conditions. This comprehensive approach underscores the 
importance of considering interactions between multiple 
hydrometeorological variables, such as precipitation and 
streamflow, to achieve a nuanced understanding of drought 
dynamics.

The drought characteristics analysis identified key pat-
terns in the CRB. The longest and most severe drought event, 
classified as an extreme drought event, occurred between 
2000 and 2004, with MSDI-9 values exceeding −2. Another 
major observation was the presence of two distinct drought 
events between 1992 and 1994, each with similar severity. 
These findings reflect DroughtStats’ ability to accurately 
identify and distinguish consecutive drought events. Impor-
tantly, these results are consistent with those of Simsek et al. 
(2024), who identified 1992–1996 and 2000–2004 as signifi-
cant drought periods in the CRB using SPI at meteorological 
station 17089, which is located near station E2304 used in 
this study. This consistency validates DroughtStats’ capabil-
ity to capture meteorological drought events with SPI and to 
extend the analysis to multivariable droughts using MSDI, 
which integrates both meteorological and hydrological data.

Future improvements to DroughtStats could include the 
integration of additional drought indices, such as trivari-
ate drought indices, to offer a more comprehensive under-
standing of drought conditions. The implementation of 
frameworks for drought propagation analysis would further 
enhance its capability to trace the evolution of drought across 
different sectors. Additionally, incorporating frequency 
analysis and developing Intensity–Duration–Frequency 
(IDF) curves would broaden its applicability, particularly in 
drought risk assessment and management strategies.

In conclusion, DroughtStats represents a significant 
advancement in drought analysis and monitoring. Its inte-
gration of single-variable and multivariable indices, coupled 
with advanced statistical tools, offers a robust and flexible 
framework for assessing drought characteristics. These capa-
bilities, alongside its user-friendly interface, make Drought-
Stats a valuable tool for improving drought characterization 
and decision-making processes.

Table 5   Correlation coefficients between single variable indices and the MSDI

Correlation MSDIe MSDIp 
Gaussian

MSDIp t MSDIp Clayton MSDIp Gumbel MSDIp Frank MSDIp Monthly

SSFI 0.76 0.77 0.77 0.77 0.77 0.77 0.77
SSFIe 0.75 0.78 0.77 0.77 0.78 0.78 0.77
SPI 0.77 0.81 0.80 0.80 0.82 0.81 0.80
SPIe 0.77 0.79 0.78 0.78 0.79 0.79 0.78

Table 6   Drought characteristics of monthly MSDIp at 9-month scale

Start Date Duration 
(month)

Severity Frequency of 
Occurrence

Recovery 
Duration 
(month)

0 10 −15.08 3.73 No recovery
33 16 −20.69 5.97 No recovery
55 16 −23.20 5.97 No recovery
120 7 −6.15 2.61 No recovery
128 30 −56.35 11.19 7
167 9 −12.31 3.36 2
234 3 −2.64 1.12 No recovery
238 6 −5.44 2.24 No recovery
259 4 −4.29 1.49 No recovery
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Conclusion

This study introduces DroughtStats, a comprehensive 
software tool designed to enhance drought analysis by 
overcoming the limitations of existing tools. It offers flex-
ibility by integrating both single-variable and multivari-
able drought indices, utilizing copula-based methods, and 
providing a broader range of probability distributions. 
DroughtStats enables detailed and accurate analysis of 
drought conditions at global and regional scales, making 
it accessible for users at all expertise levels.

The case study conducted in Turkey’s Çoruh River 
Basin demonstrated DroughtStats' effectiveness in cap-
turing drought events across various time scales, with 
the software successfully identifying and characterizing 
drought severity, frequency, and recovery. This provides 
valuable insights for drought monitoring and management.

In conclusion, DroughtStats represents a significant 
advancement in the field of drought analysis, providing 
a versatile, user-friendly, and reliable tool that supports 
more precise drought monitoring, ultimately contributing 
to more informed decision-making and better management 
strategies in the face of increasing drought risks.
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