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ABSTRACT: The standardized precipitation (SPI) and standardized precipitation-evapotranspiration (SPEI) indices are important tools
for monitoring drought events, but the low density of weather station networks limits their use in many regions. To address this issue, we
developed the PowerSDI R-package, which calculates these two indices using gridded-data from the NASA-POWER project (NASA-SPI
and NASA-SPEI). Different from other packages, the PowerSDI package has two modes: the scientific, and the operational. In the scientific
mode, the users may assess the quality of the indices estimates through their agreement with a reference/observed series and through
the evaluation of how well these estimates meet the conceptual assumptions required for calculating both SPI and SPEI. This evaluation
is based on measure of accuracy (e.g., Willmott index of agreement), goodness-of-fit tests (e.g., Anderson-Darling), and normality tests
(e.g., Shapiro-Wilk’s test), which are calculated by the ScientSDI.R, Reference.R, and Accuracy.R functions. In the operational mode, users
can calculate both indices routinely using the OperatSDI.R function. The package also uses a quasi-weekly time scale, allowing for index
calculations four times a month. The OperatSDI.R enables users to download NASA-POWER data for all available period or only for the
quasi-week they intend to monitor (reducing the function’s running time). In short, the PowerSDI facilitates the routine use of these two
widely used drought indices and, unlike others existing software, it provides a solid scientific basis for using NASA-POWER data in drought
monitoring systems, which can help improve drought preparedness and response efforts worldwide. The package is freely available at two
repositories: Github (https://github.com/gabrielblain/PowerSDI), and CRAN (https://CRAN.R-project.org/package=PowerSDI).
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INTRODUCTION

Drought is a slow-moving hazard that affects both human and natural ecosystems. From an operational viewpoint,
this phenomenon is often defined as a departure in the current climate conditions with respect to a normal or appropriate
threshold, which is frequently taken as the sample mean, median, or another statistical measure of a particular variable
(Mishra and Singh 2010, Dai 2011, Blain et al. 2022, Santos Junior et al. 2022).

In this context, distinct probability-based drought indices, such as the standardized precipitation index (SPI; McKee
et al. 1993)! and the standardized precipitation-evapotranspiration index (SPEL; Vincente-Serrano et al. 2010), have been

1 McKee, T. B., Doesken, N. J. and Kleist, J. (1993). The relationship of drought frequency and duration to time scales. In 8th Conference on Applied Climatology.
Boston: American Meteorological Society, 179-184.
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widely used by drought monitoring systems throughout the globe and in several academic studies (Guttman 1999, Wu
et al. 2005, Russo et al. 2013, Begueria et al. 2014, Li et al. 2015, Stagge et al. 2015, Blain et al. 2018, Rashid and Beecham
2019, Pieper et al. 2020, Blain et al. 2021, Blain et al. 2022, Santos Junior et al. 2022, Martins et al. 2023). The SPI, which
requires only rainfall data as its input variable, is also recommended by the World Meteorological Organization as a starting
point for meteorological drought monitoring (Hayes et al. 2011, Hao et al. 2017). The SPEI uses both rainfall and potential
evapotranspiration data as its input variables. Thus, it may provide a broader description of the drought conditions than
the SPI (Vincente-Serrano et al. 2010, Begueria et al. 2014, Stagge et al. 2015, Pereira et al. 2018).

The calculation algorithm of these two standardized drought indices (SDI) relay on two steps. The first step involves
calculating the cumulative probabilities of the input variable by fitting a parametric distribution. In the second step, these
probabilities are transformed into normally distributed estimates with a 0 mean and unit variance. These two steps can
be regarded as an effort to normalize the indices’ estimates both in location and over time (Guttman 1999, Wu et al. 2007,
Stagge et al. 2015, Blain et al. 2018, Pieper et al. 2020, Blain et al. 2022, Santos Junior et al. 2022).

Despite this widespread use, the low density of weather station networks and data quality issues are the most significant
limiting factors for calculating these indices, especially in developing countries (Bardin-Camparotto et al. 2013, Meschiatti
and Blain 2016). Among all strategies designed to overcome this difficulty, the use of remote sensing data has emerged as
one of the best options. In this context, the NASA-POWER project (https://power.larc.nasa.gov/) has gained popularity as
a source for weather data input (Bai et al. 2010, Monteiro et al. 2018, Duarte and Sentelhas 2020).

Unlike other gridded databases, the NASA-POWER provides meteorological and agrometeorological data as early
as 1981 or 1991, depending on the variable. Therefore, this project is capable of meeting the 30-year continuous records
required for calculating standardized drought indices (McKee et al. 1993). NASA-POWER data can be freely downloaded
at https://power.larc.nasa.gov/. Additionally, researchers can use the R-package NASA POWER API Client (‘nasapower’),
version 4.0.10 (Sparks 2023), available at https://cran.r-project.org/web/packages/nasapower/index.html, to download
NASA-POWER data directly within an R session.

The ‘nasapower’ package enables users to retrieve multiple meteorological and radiation datasets simultaneously,
presented as a data frame tibble object. Consequently, the data obtained through this latter package are readily applicable
in a diverse range of statistical modelling approaches (Sparks 2023), including estimations of drought indices. Finally, data
from the NASA-POWER project has shown good performance in estimating rainfall and potential evapotranspiration data
in several regions of the world.

Rodrigues and Braga (2021) assessed the performance of NASA-POWER reanalysis data for estimating daily potential
evapotranspiration (PE) data in Alentejo Region, Southern Portugal. They observed a good accuracy (R* > 0.70) between
PE estimated from ground weather stations and PE estimated from row NASA-POWER data (with no bias correction).
Al-Kilani et al. (2021) evaluated the performance of this reanalysis dataset for estimating the SPI across Jordan. They found
relatively high correlations between rainfall data observed at ground weather stations and those from NASA-POWER
(0.67 < R* < 0.91). However, they also indicated that further studies, which compare NASA-POWER data with reference/
observed data, are required to improve the performance of NASA-POWER data for estimating the SPI.

In this study, we assumed that the accessibility of friendly-use computational packages designed to calculate these two
drought indices from data provided by the NASA-POWER project is a key point for the improvement of drought monitoring
programs. This improvement is of particular relevance in regions where the availability of weather station data is a matter
of concern. We also assumed that these packages should be capable of assessing the quality of the indices estimates by
evaluating their agreement with a reference/observed series and by verifying how well these estimates meet their conceptual
assumptions (described in details in the next section). Finally, considering that such computational codes may be importante
for developing countries, they should be developed in license-free software environments.

In this context, we developed the PowerSDI, which is an R-software package (https://CRAN.R-project.org/
package=PowerSDI) capable of calculating the SPI and SPEI from NASA-POWER data (NASA-SPI and NASA-SPEI).
The package is based on five major user-friendly R-functions designed to calculate these two indices in both scientific
and operational or routine modes. More specifically, the functions ScientSDI.R, Accuracy.R, Reference.R, and PlotData.R
may be used to assess, among other features, the ability of the SPT and SPEI frequency distributions to meet the normality
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assumption, and how well NASA-POWER estimates represent “real-world” data. Additionally, the OperatSDI.R function
facilitates calculating these two indices in an operational or routine mode. The PowerSDI uses the ‘nasapower’ package
(Sparks 2018, 2023) for downloading NASA-POWER daily data and the Imom’ package (Hosking 2022) for calculating
the distribution parameters.

The remainder of the paper is organized as follow: “SPI and SPEI: calculation algorithm and assumptions” describes the
SPI and SPEI calculation algorithms, highlighting their conceptual assumptions, which must be taken into account when
implementing these indices in a particular region and at a particular time scale. This section also describes two methods
for estimating the potential evapotranspiration amounts as required by the SPEI calculation algorithm. Further information
regarding NASA-POWER data is also provided. Section “Goodness-of-fit tests, normality-checking procedures and other
model performance checking-methods” presents several procedures designed to assess how well the NASA-SPI and
NASA-SPEI meet the conceptual. This section also describes model performance checking-methods that are used by the
PowerSDI package to verify how well the NASA-POWER data actually represent “real-world/observed” data. Section “The
POWERSDI R-package” shows how the PowerSDI package can be used to calculate all methods described in the previous
sections. Section “Case studies applications” presents two case studies that evaluated the applicability of the package under
distinct climate conditions. While the first case performed a detailed evaluation of the package in the state of Sdo Paulo,
Brazil, the second case assessed its applicability in entire Brazil. The last section presents the final remarks of this study,
including suggestions for future development (versions) of the Package.

SPI AND SPEIL: CALCULATION ALGORITHM AND ASSUMPTIONS

The SPI and SPEI are standardized drought indices that share the same multi-scalar calculation algorithm and were
designed to be normalized in both time and space domains (Wu et al. 2007, Vicente-Serrano et al. 2010, Stagge et al.
2015, Blain et al. 2018). Accordingly, the first step of the calculation algorithm of both indices is to fit a parametric
distribution to their input data accumulated at specific time scale (Guttman 1999). Theoretically, the SPI may be
calculated at time scales as short as one week (Wu et al. 2007). However, time scales ranging from one to 24 months
are often used (Wu et al. 2007, Vicente-Serrano et al. 2010, Stagge et al. 2015, Blain et al. 2018). Aiming at enhancing
its own flexibility, the PowerSDI adopted a basic time scale that splits each month into four sub-periods: days 1 to 7,
days 8 to 14, days 15 to 21, and days 22 to 28, 29, 30, or 31 depending on the month. For instance, if TS = 4, the time
scale corresponds to a moving window with a one-month length that is calculated four times each month. If TS = 48,
the time scale corresponds to a moving window with a 12-month length that is calculated four times each month.
This time scale is referred as to quart.month.

The quart.month time scale is similar to that one adopted in Vicente-Serrano et al. (2022). As pointed out by these
authors, standardized drought indices are relative metrics that require homogeneous periods. Therefore, using calendar weeks
as the reference periods can be challenging since the first day of each year can fall on different days, causing inconsistency
throughout the year. Leap years also add difficulties to this comparison (Vicente-Serrano et al. 2022). Additionally, a quart.
month time scale of TS = 4 precisely aligns with the one-month time scale adopted in several studies that use these SDI.
This alignment would have been impossible if a fixed time scale (e.g., seven days) had been chosen. Considering that the
reliability of both SPI and SPEI estimates is an increasing function of the length of records available for their calculation
(Guttman 1999) and that the longer the time scale, the smaller the length of records available for calculating these two SDI,
the PowerSDI limited the time scales to values ranging from 1- to 96-quart.month.

With regard to the SPI, the fitted distribution is then used to estimate the cumulative probabilities of rainfall amounts.
Although distinct probability functions may be used for such purpose (Guttman 1999), the two-parameter gamma
distribution has been widely used to estimate the SPI (e.g., Hayes et al. 1999, Wu et al. 2005, Wu et al. 2007, Stagge et al.
2015, Blain et al. 2018, Blain et al. 2022). Thus, this latter distribution was adopted by the PowerSDI package. Finally, since
the rainfall frequency distributions are 0-bounded, a mixed function that joins the probabilities of P = 0 and P > 0 must
be applied (Thom 1951; Eq. 1).
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H(X) =g+ (1+¢q)G(P > 0;a, ) (1)

where: G(P > 0; a, 5): the two-parameter gamma distribution; a: its shape parameter; f3: its scale parameter; g: the probability
of P=0.

The PowerSDI estimates q through the Weibull plotting position function, as suggested by Solakova et al. (2014), Stagge
et al. (2015), Blain et al. (2018) and Blain et al. (2022) (Eq. 2).

n,+1

T2+ 1) @

q
where: 1 : the number of 0; n: the sample size.

Regarding the SPEI, the fitted distribution is used to estimate the cumulative probabilities of the difference between
rainfall and potential evapotranspiration amounts (PPE). Thus, this index requires the selection of a method to estimate
PE. Three methods are often considered for such a purpose (Begueria et al. 2014): the Thornthwaite method (Thornthwaite
1948), the FAO-56 Penman-Monteith method (Allen et al. 1998), and the Hargreaves & Samani method (Hargreaves and
Samani 1985).

The Thornthwaite method is a temperature-based model developed on a monthly basis, with equations derived from
monthly air temperature means and the maximum number of sun hours in each month. The adoption of this method
would prevent calculating the SPEI on weekly basis. The FAO-56 Penman-Monteith method (PE.PM) is recommended
by the Food and Agriculture Organization (FAO) as the standard method to estimate this climatic variable and has been
extensively validated throughout the globe. The only drawback of the PE.PM method is that it requires extensive data
(Eq. 3). In this context, Droogers and Allen (2002) stated that, if the reliability or availability of the data at hand is a matter
of concern, the replacement of the PE.PM model by a simpler method, which requires a smaller number of input data,
should be considered. As pointed out by Rodrigues and Braga (2021), the Hargreaves & Samani method (PE.HS) has been
widely used in regions where only maximum and minimum air temperature data are available. The PE.HS method (Eq. 4)
also requires estimating daily insolation values on a horizontal surface at the top of atmosphere (R ), which can be easily
calculated as a function of the latitude and day of the year. The NASA-POWER project also provides daily R_values. Thus,
the PowerSDI was developed in such a way to calculate both PE.PM and/or PE.HS amounts.

900
0408A(Rn - G) + ywuz(es - ea)

A+ y(1+ 0.34u,)

PE.PM = ®)

where: R : the net radiation (MJ-m-day'); G: the soil heat flux density (M]-m-day); T: the daily mean air temperature (°C)
at 2 m, based on the average of maximum and minimum temperatures; . the average wind speed at 2-m height (m-s™);
e.: the saturation vapor pressure (kPa); e : the actual vapor pressure (kPa); (e, - e, ): the saturation vapor pressure deficit
(Ae, kPa) at temperature T; A: the slope of the saturated vapor pressure curve (kPa-°C™); y: the psychometric constant
(0.0677 kPa-°C™).

min

PE.HS = 0.0223 x 0.4081633R x (T, - T, )°* x (T, +17.8) (4)

where: R : the extraterrestrial radiation (MJ-m™ day); 0.0223: a factor conversion from America to the International
System of Units; T, : the average air temperature (°C); T : the maximum air temperature (°C); T, : the minimum air
temperature (°C).

After estimating PE, the cumulative probability of PPE values may be then estimated. The SPEI algorithm often uses
the generalized extreme value (GEV; Eq. 5.1) or the generalized logistic (GLO; Eq. 5.2) distributions for such a purpose
(Vicente-Serrano et al. 2010, Begueria et al. 2014, Stagge et al. 2015, Stagge et al. 2016, Vicente-Serrano and Begueria 2016,
Blain et al. 2018). A review of these studies suggests that the performance of these two distributions for calculating the SPEI
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tend to be similar to each other over most of the range of the index possible values (e.g., -2.0:2:0). However, these studies
also found significant differences between the two probability functions in the lower and upper tails (Vicente-Serrano and
Begueria 2016).

In this context, we assumed that the PowerSDI package should also allow the users to choose between these two models
when calculating the SPEI. As suggested by Vicente-Serrano and Begueria (2016) and Blain et al. (2018), the L-moments
approach (Hosking 1990) was adopted to estimate the distributions’ parameters. Finally, Stagge et al. (2015) pointed out
that the SPI and SPEI frequency distributions should be truncated to the range between [-3.0:3.0] to avoid the high levels of
uncertainties associated with estimates outside these limits. Considering the relatively limited length of the NASA POWER
records, the PowerSDI adopted such bounds.

H(X) = GEV (PPE; y4, 0, 7) (5.1)
H(X) = GLO (PPE; y, 0, 1) (5.2)

where: p: the location parameter of the generalized extreme value or generalized logistic distributions. o: the scale parameter
of the generalized extreme value or generalized logistic distributions. 7: the shape parameter of the generalized extreme
value or generalized logistic distributions.

The final step of these two SDIs calculation algorithms (Eq. 6) is to transform H(X) into normally distributed variables
(standard normal; 0 mean and unit variance; ®) so that they become normalized to a location and normalized in time
(Wu et al. 2007).

SDI = ®[H(x)] (6)

Once the assumption of normality is actually met, the distinct SPI or SPEI values occur at the frequencies presented in
Table 1, regardless of the region, period of the year or time scale. This standardized nature facilitates quantitative comparisons
of drought occurrence at different locations and over different time scales (Lloyd-Hughes and Saunders 2002). However,
depending on the climate conditions (e.g., arid climates or regions with a distinct dry season), the SPI at short-time scales
may fail to meet the normally assumption and, consequently, fail to properly quantify drought conditions (Wu et al. 2007).
This is the reason why normality-checking procedures have been used to evaluate the quality of SPI and SPEI estimates and
to select appropriate time scale for their calculation (e.g., Wu et al. 2007, Stagge et al. 2015, Blain et al. 2018, Pieper et al.
2020). As described in the next sections, the PowerSDI proposes using these normality-checking procedure to evaluate the
suitability of the NASA-POWER data for calculating both SPI and SPEI in a particular location and at a given time scale.

Table 1. Standardized drought indices (SDI) classification system.

SDI Values Category Cumulative Probability Expected frequency (%)
SDI=2.00 Extreme wet 0.977-1.000 23
150 <SDI<2.00 Severe wet 0.933-0.977 44
1.00<SDI<1.50 Moderate wet 0.841-0.933 9.2
-1.00<SDI<1.00 Near normal 0.159-0.841 68.2
-1.50 <SDI <-1.00 Moderate drought 0.067-0.159 9.2
-2.00<SDI<-1.50 Severe drought 0.023-0.067 4.4
SDI<-2.00 Extreme drought 0.000-0.023 23

As previously described, the NASA-POWER project provides all the data required for calculating both SPI and SPEI. The
meteorological data have spatial resolution of 0.5 x 0.625 degrees, while the radiation data have resolution of 1 x 1 degree
(using the WGS84 grid reference system). Considering that the PowerSDI package calculates Ra as a function of latitude
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and the day of the year, it enables the calculation of standardized drought indices at the finer resolution (0.5 x 0.625) when
the Hargreaves & Samani method is used for computing the SPEL. However, if the PM method is employed, the spatial
resolution should be at least 1 x 1 degree.

As previously mentioned, the PM method requires additional variables such as net radiation. The PowerSDI package
imports the function get_power() from the ‘nasapower’ package to download the multiple variables required for calculating
the indices. This function allows users to download data for a single point, a specific region, or even obtain global coverage
(for more details, see https://cran.r-project.org/web/packages/nasapower/nasapower.pdf). The PowerSDI uses this function
to acquire data at a particular point or cell. The longitude and latitude values for this cell may vary by 0.5 x 0.5 decimal
degrees (Sparks 2023).

In terms of temporal resolution, the NASA-POWER data covers a range from hourly to annual intervals. With the help
of the function get_power(), the PowerSDI package specifically downloads NASA-POWER data at the daily time scale from
the agroclimatology community. Subsequently, the PowerSDI aggregates the daily data at the quart.month time scale, as
chosen by the users. Additional information about the data sources used by the NASA-POWER project, including their
latency time, can be found at https://power.larc.nasa.gov/docs/methodology/data/sources/ and https://power.larc.nasa.gov/
docs/methodology/data/processing/.

GOODNESS-OF-FIT TESTS, NORMALITY-CHECKING PROCEDURES AND OTHER MODEL
PERFORMANCE CHECKING-METHODS

Since the calculation algorithm of the SPI and SPEI relies on fitting a parametric distribution to their input data, the
PowerSDI employs the ScientSDI.R function to assess the fit of the two-parameter gamma and GEV/GLO distributions to
rainfall and PPE amounts, respectively. To accomplish this, the PowerSDI uses two goodness-of-fit tests previously applied
in studies such as Blain and Meschiatti (2014), Stagge et al. (2015) and Blain et al. (2018), aimed at selecting suitable
distributions for calculating these indices. These tests are the Kolmogorov-Smirnov/Lilliefors (Lilliefors 1967; Eq. 7) and
Anderson-Darling (Anderson and Darling 1954; Eq. 8) tests.

D, =|F, (x) - F(x)| (7)

where: F_(x): the empirical cumulative probability, estimated as F_(x,) = i/n for the ith smallest data; F(x): the theoretical
cumulative probability.

AD?=-n-S (8)
where: AD* the Anderson-Darling statistics; S is estimated as Eq. 8.1:

S = Z (Zan—_l) [lnln F(Y,) +lnin (1 — F(Y, 1) | 8.1)

As highlighted by various studies, including VI¢ek and Huth (2009), Wilks (2011), Stagge et al. (2015), and Blain et al.
(2018), the Kolmogorov-Smirnov/Lilliefors test (referred to as the Lilliefors test) considers only the maximum difference
between the empirical and theoretical cumulative probability functions (Eq. 7). On the other hand, in comparison to the
Lilliefors test, the Anderson-Darling test (referred to as AD) places greater emphasis on the distribution tails (Stagge et al.,
2015). This distinction is why the PowerSDI offers users the possibility to calculate both of these tests.

When calculating these two tests, it is essential to note that, similar to the approach in the majority of (hydro)meteorological
studies, the parameters of these distributions are fitted using all available data from the NASA-POWER project. In other
words, the goodness-of-fit tests are applied to the same data sample used to fit the distributions’ parameters. Consequently,
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Eqgs. 7 and 8 cannot be used as distribution-free tests (Wilks 2011, Blain 2014, Stagge et al. 2015, Blain et al. 2018). According
to Lilliefors’ studies (1967), critical values for Eqs. 7 and 8 should be specified through statistical simulations.

The PowerSDI package calculates these critical values using the following procedure, as described in Wilks (2011), Blain
(2014), Stagge et al. (2015), and Blain et al. (2018):

« A large number of samples (2,000) from the fitted gamma, GEV, or GLO distributions are generated;

« From each of these synthetic samples, the gamma, GEV, or GLO parameters are calculated, and synthetic Dn (Eq. 7)

and AD2 (Eq. 8) values are obtained.

As the null hypothesis of both tests assumes that the data were drawn from the candidate parametric distribution
(true by construction), the collection of the 2,000 synthetic D_and AD? values represents the null distributions for
these tests. Therefore, an a-level critical value can be approximated as the (1-a) quantile of the null distributions.
The function ScientSDIR allows users to select the 5 or 10% significance levels. Stagge et al. (2015) and Blain et al.
(2018) applied this procedure to evaluate the fit of several distributions (including gamma, GEV, and GLO) to the
SPI and SPEI input variables.

Considering step 2 of the SPI and SPEI calculation algorithms, the function ScientSDI.R also applies two normality-
checking procedures to the NASA-SPI and NASA-SPEI series. The first one is based on Wu et al. (2007). According to this
first procedure, a NASA-SPI and/or NASA-SPEI frequency-distribution is regarded as non-normal when the following
three criteria are simultaneously:

« Shapiro-WilK’s statistic (W) less than 0.960;

o The corresponding p-values less than 0.10;

« The absolute value of the median greater than 0.05.

Otherwise, the distribution is normal.

The second one is based on the studies of Stagge et al. (2015) and Vincente-Serrano and Begueria (2016) according to
which a NASA-SPI and/or NASA-SPEI frequency distribution is regarded as non-normal when the p-value of W is smaller
than 0.05.

As previously described, the PowerSDI-through the function Accuracy-is also capable of verifying how well NASA-
POWER data actually represent real-world/observed data. Thus, this function calculates two scalar measures of accuracy:
the absolute mean error (AME; Eq. 9) and the root-mean-square error (RMSE; Eq. 10). As pointed out by Wilks (2011), the
AME and RMSE define accuracy as the average correspondence between individual predictions and observed/reference data.

2i=1l0: = Pil

AME = 9

n 10, — P.|2
RMSE = ’% (10)

where: P: predicted values. O: observed values.
In this study, data coming from the NASA POWER was considered as the predicted data. The function Accuracy.R also
calculates the original, modified, and refined Willmott’s indices of agreement (d__ ,d

orig’ ~ mod

and d_,, respectively; Willmott et al.
1985, Willmott et al. 2012). Both d and d__, assume their maximum value (equals to 1) when there is a perfect agreement
between estimates and observations. The smallest possible value for both indices is 0. The advantage of the modified version
over the original index is that errors and differences are given their appropriate weighting factors (e.g., Willmott et al. 1985,
Willmott et al. 2009). Thus, the d__, is often regarded as a more rigorous method than d_, (Legates and McCabe Jr. 1999,
Willmott et al. 2012, Bardin-Camparotto et al. 2013, Martins et al. 2023).

Although both d and d_ , had led to remarkable improvements in model-checking methods (Willmott et al. (2012)
stated that the overall range of these two indices [0:1] may not adequately represent the great variety of forms that predicted/
simulated values can differ from observed/reference data. In this context, they proposed the d_, which assumes the -1 value
when there is no agreement between observed and predicted data and the 1 value when there is a perfect agreement. These
three indices are calculated as follows (Egs. 11 to 13).

Bragantia, Campinas, 83, €20230260, 2024 7



G.C.Blainetal.

?:1(Pi - Oi)z

dorig =1 — = = (11)
e I.(P.— 01+ 10, 0])?
m (P, —0)
dpgg =1— =111 i _ (12)
e I.(P;— 01 + 0, — 0D)
nop _ 0,
1- —1;11| : L_l ,when
231,10, = 0
n n
YIp— 0l <c ) joi- 0|
d — Ji=1 _ i=1
“ =) 2zio-ol ()
——————— — 1, when
?=1|Pi_ Oil
n n
DIp—00>2> 10, - 0]
i=1 i=1

where: P: the predicted values; O: the observed values.

Willmott et al. (1985) suggested using bootstrap techniques (resampling with replacement) for specifying confidence
intervals to the model-checking methods described before. Thus, the function Accuracy.R may also provide confidence
intervals for AME, RMSE, d_.. d_ , and d, by generating a large number of bootstrapped samples from the original
pairs of observed and predicted values. Due to its widespread use, the function Accuracy.R also calculates the Pearson’s
determination coefficient (R?).

As emphasized by Willmott et al. (1985), the confidence interval (CI) specifies a range of values within which the AME,
RMSE, d
indicator of the reliability of the estimated values for the comparison metrics (Willmott et al. 1985).

orig> Imoe» a0 d,  are expected to vary by chance. Consequently, users can interpret the magnitude of the CI as an

Finally, the scientific mode of the PowerSDI package also presents another function (Reference.R) that calculates both
SPI and SPEI from daily data obtained from a ground weather station or any other reference source. The outputs of this
function also include rainfall, PE and PPE values accumulated at the time scales chosen by the user. Therefore, while the
ScientSDLR function is capable of providing variables (rain, PE, and PPE) and indices (SPI and SPEI) from NASA-POWER
data, the Reference.R function is capable of providing the same variables and indices from a reference source. Therefore,
these two functions may provide inputs for the function Accuracy.R.

As further described in the next section, the input file for the Accuracy function is a two-column matrix with reference
and observed data, respectively. This function makes no temporal aggregation of this input data and returns single AME,
RMSE, dorig, dmod and dref values for each input file.

THE POWERSDI R-PACKAGE

As described in the previous sections, the PowerSDI was designed to facilitate using NASA-POWER data in drought
assessments and monitoring systems. Thus, its scientific mode (functions ScientSDI.R, Reference.R, Accuracy.R, and
PlotData.R) enables the users to apply all statistical methods described in this study. In other words, these four functions
help the users to verify if the NASA-SPI and NASA-SPEI can be applied in a particular region and at a particular time
scale. The ScientSDI.R function also calculates the parameters of the parametric distributions required for calculating the
NASA-SPI and NASA-SPEI (Egs. 2, 5.1, and 5.2). Completed this verification step and parametric fit, the operational mode
of the PowerSDI package (function OperatSDI.R) can be used to generate routine operational NASA-SPI and NASA-SPEI
estimates in several regions and at distinct time scales.
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Furthermore, the OperatSDI.R enables users to download NASA-POWER data for all available period or only for the
quasi-week they intend to monitor. This approach naturally reduces the function’s running time and facilitates its use in

routine drought monitoring efforts. Figure 1 provides an overview of the PowerSDI package.

The PowerSDIR package

Goal: To Facilitate the use of NASAPOWER data in drought assessments and monitoring systems.

Scientific Mode: By using the four functions of this mode users may verify (1) if the NASA-SPI and NASA-SPEI
meet the conceptual assumptions expected from standardized drought indices, (2) how well the NASA-POWER data
sets represent the “real world”, and (3) obtain the parameters of three parametric distributions required for calculating
the SPIand SPEI. 0 L o e e m - m — -

| Function |
| Reference: 1

| Function  PlotData: |
| Function ScientSDI: Helps the 1

| Generates scatter plots |

| Function
| Accuracy: Verifies |

| users to verify if the NASA-SPI |

| calculates the SPII

| of rainfall and potential |

Ihow well NASA- |

| i
| and T{A?A Sl et " the : 'and SPEI from data | : evapotranspiration I 1 powER data |
| concepiua gounp Eons Iofa ground weather | provided by the NASA- | | tuall epr t
expected from standardized ! I _ . © [ . e snatny
T | station or any other POWER real-world data ]
Idroughtmdlces. ————————— L e

____________ i reference source.

I The output DistPar of the |
ScientSDI function is required |

Lto run the OperatSDI function. )

Operational Mode: Drought monitoring

The PowerSDI adopts a basic time scale (TS) that splits each month into four sub-periods: days 1 to 7, days 8 to 14, days
15 to 21. and days 22 to 28, 29. 30, or 31 depending on the month.
If TS=4, the time scale correspondsto a moving window with a 1-month length that is calculated four times each month.
If TS=48, the time scale corresponds to a moving window with a 12-month length that is calculated four times each month.
This time scale is referred as to quart.month.

Figure 1. Overview of the PowerSDI package. Scientific and operational modes. The package also has two custom functions (print.PowerSDI.
Accuracy, and plot.PowerSDI.Accuracy) for Accuracy function.

Detailing the functions

Supplementary Table 1 (available at https://github.com/gabrielblain/SupplementalFiles_1) presents the basic instructions
for the five functions of the PowerSDI package. It is essential to mention that, as described before, the outcomes of the
ScientSDIR function (Suppl. Table 1) can assist users in selecting an appropriate PE estimation method and time scales for
calculating the SPI and SPEI in their region of interest.

As highlighted by Wu et al. (2007), for arid climates or those with dry seasons, the SPI at short-time scales may fail to
meet its normality assumption. This deviation from normality often occurs due to the relatively high number of 0 in the
rainfall series accumulated at short-time scales (Wu et al. 2007, Blain et al. 2018). Since the ScientSDI.R function applies two
normality-checking procedures, users can use it to verify if, at a particular short-time scale, the number of non-normally
distributed SPI series is unacceptably high. If this is the case, users can consider adopting a larger time scale and use the
ScientSDLR function to verify if the number of non-normally distributed SPI series decreases.

To illustrate this statement better, consider the application of the ScientSDI function calculated at two distinct time
scales and using the two distributions to calculate the SPEL Figure 2 presents an R-script that can be used to perform these

calculation in Campinas, state of Sdo Paulo.
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JFig2.R* —=
Source onSave | & /° ~ =Run | *= * Source ~
1 TS1.GEV <- ScientSDI(lon=-47.3,lat=-22.87,start.date="1993-01-01",end.date="2022-12-31",
2 distr="GEV",TS=1,Good="yes")
3 TS4.GEV <- ScientSDI(lon=-47.3,lat=-22.87,start.date="1993-01-01",end.date="2022-12-31",
4 distr="GEV",TS=4,Good="yes")
5 TS1.GLO <- ScientSDI(lon=-47.3,Tat=-22.87,start.date="1993-01-01",end.date="2022-12-31",
6 distr="GLO",TS=1,Good="yes")

TS4.GLO <- ScientSDI(lon=-47.3,lat=-22.87,start.date="1993-01-01",end.date="2022-12-31",
distr="GL0",TS=4,Good="yes")

o

Figure 2. Using the ScientSDI function in Campinas, state of Sao Paulo, Brazil.

The results of the normality tests obtained from the R-script depicted in Fig. 2 are presented in Table 2. According
to the normality checking procedure proposed by Wu et al. (2007), eight out of the 48-quart.month NASA-SPI series,
calculated at the 1-quart.month time scale, could not be considered as normally distributed, resulting in an acceptance
rate of 83.3% (100 x (48-8)/48). In contrast, the same analyses applied to the NASA-SPI series calculated at the 4-quart.
month time scale, indicated that only four out of the 48 series were considered as non-normal, resulting in an acceptance
rate of 91.7% (Table 2).

Considering the results of the other normality checking procedure (proposed by Stagge et al. 2015), the user verifies
that the acceptance rate obtained at the 1-quart.month time scale was 89.6% (Table 2). However, when time scale was
set to 4 (4-quart.month time scale), only one series failed to meet the normality assumption, resulting in an acceptance
rate of 97.9%.

Based on the studies of Blain et al. (2018), it is reasonable to assume that failure to meet the normality assumptions at
rates (rejection rates) close to or lower than 10% is an acceptable threshold for calculating an SDI at the selected time scale
and with a pre-defined parametric distribution. Examining the findings from Table 2, it can be inferred that the ScientSDI
function enabled us to conclude that the 4-quart.month is an appropriate time scale for calculating the NASA-SPI in
Campinas, whereas the 1-quart.month is not suitable.

Based on the studies of Stagge et al. (2015), Vincente-Serrano and Begueria (2016), and Blain et al. (2018), users may also
infer that the best distribution for calculating the SPEI is the one that leads to the highest number of normally-distributed
series. In this context, users may verify that the acceptance rates of the NASA-SPEI calculated with the GEV were slightly
but consistently higher than those obtained when the GLO was used (Table 2). Similar inferences can be made regarding the
PE estimation method. As presented in Table 2, the PM method did not lead to a higher number of normally-distributed
NASA-SPEI series when compared to those obtained when using the HS method. In this case, users may decide to adopt
the simplest EP estimation method in Campinas.

Table 2. Results of the normality-checking procedures applied by the ScientSDI.R (PowerSDI package) in the location of Campinas, state of
Sao Paulo, Brazil. The function was applied considering two-time scales (1-quart.month and 4-quart.month) and two distributions generalized
extreme value (GEV) and generalized logistic (GLO). The SPEl was also calculated using two potential evapotranspiration estimation methods:
Hargreaves and Samani (SPEI.HS) and FAO-56 Penman-Monteith (SPEI.PM).

Normality checking procedures used by the PowerSDI (acceptance rates*; %)

Time scale and

distribution Wu et al. (2007) Stagge et al. (2015)
SPI SPEIL.HS SPEI.PM SPI SPEIL.HS SPEI.PM
1-quart.month: GLO 833 85.4 8756 89.6 89.6 89.6
4-quart.month: GLO 917 979 95.8 979 100.0 100.0
1-quart.month: GEV 833 79.2 79.2 89.6 833 85.4
4-quart.month: GEV 917 95.8 93.8 979 979 95.8

*Calculated dividing the number of normally-distributed series by 48; SPI: standardized precipitation; SPEI: standardized precipitation-evapotranspiration.
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CASE STUDIES APPLICATIONS

As previously described, the first case study evaluated the applicability of the PowerSDI package in the state of Séo
Paulo (Fig. 3). The state has more than 41 million inhabitants, which represents approximately 22% of Brazilian population.
Séo Paulo has the highest gross domestic product in Brazil, representing around 30% of the total wealth produced in the
country (http://www.fearp.usp.br). In this state, the wet season occurs during the austral summer, when the monthly rainfall
amounts are usually larger than the PE totals (Blain et al. 2018). December and January are the rainiest months of the year,
presenting rainfall frequency distributions that approach the Gaussian shape (Blain et al. 2007). As pointed out by Ben-Gai
etal. (1998), bell-shaped rainfall frequency distributions are often observed in equatorial climates. The state also presents a
distinct dry season (July and August), when the monthly rainfall amounts are smaller than the potential evapotranspiration
totals and the rainfall frequency distributions assume the exponential shape (Blain et al. 2007). This latter distribution shape
is usually observed in semi-arid or arid locations (Ben-Gai et al. 1998).

The analyses started within the scientific mode of the PowerSDI package, and we verified if the NASA-SPI and the NASA-
SPEI met the conceptual assumptions described before. Within this mode, we also evaluated how well NASA-POWER data
represented the “real-world” conditions of the state. All analyses were carried out at the 4-quart.month time scale due to
the results found for Campinas (Fig. 2 and Table 2). In addition, monthly time scales are often used in drought monitoring
systems in Brazil. Daily rainfall and air temperature data from seven weather stations situated at experimental farms of the
Department of Agriculture of the State of Sdo Paulo (1991-2022; red dots in Fig. 3) were taken as the reference data because
of their widespread use in scientific studies (Blain et al. 2018).

MS

| 1 TR o T Al

PR z

Figure 3. Weather stations (red dots) situated in the state of Sao Paulo, Brazil. The black solid lines are NASA-POWER pixels (0.500° x 0.625°).

Implementing the NASA-SPIl and NASA-SPEI in the state of Sao Paulo

First, we carried out a visual inspection of the NASA-POWER data in order to detect suspicious values. Thus, we applied
the function PlotData.R to each cell corresponding to the seven locations depicted in Fig. 3 in order to generate plots of
NASA-Rain and NASA-PE.HS for each of these locations. The HS method was adopted because the reference sources (ground
weather stations) cannot provide all variables required by the PM method (a common situation in developing countries).

The plots generated by the PlotData.R function revealed suspicious NASA-Rain data larger than 250 mm for Campinas
and Monte Alegre do Sul. As exemplified in Fig. 4 for the weather station of Monte Alegre do Sul, these suspicious values
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are also considerably larger than any other rainfall records of the series. Considering that these suspicious data represent
less than 1% of each data sample, they were simple replaced by 250 mm. The PE.HS showed no suspicious data for any
location. As expected, the longest quart.month (days 22 to 31) are those that present the highest accumulated values for PE.

Checking suspicious data
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Figure 4. Rainfall and potential evapotranspiration (PE) plots generated by the PlotData.R function. The time scale is 1-month.quart month;
Monte Alegre do Sul, state of Sdo Paulo, Brazil (1991-2022).

We then applied the Reference.R function to generate the reference values for rain, PE.HS, PPE-HS, SPI and SPEL
Because we needed to replace the above-mentioned suspicious data with 250 mm, we ran the ScientSDIR for the locations
of Campinas and Monte Alegre do Sul with the argument RainUplim set to 250 mm (RainUplim = 250). For the other
locations, this argument was set to its default value (NULL). The acceptance rates (calculated as described in Table 2) of the
goodness-of-fit tests and normality-checking procedures generated by the ScientSDI function are shown in Table 3. The
Lilliefors and Anderson-Darling tests indicated that the NASA-Rain frequency distributions can have their probabilistic
structures described by the two-parameter gamma. These tests also indicated that the GEV and GLO distributions can be
used to represent the NASA-PPE-HS frequency distributions.

As can be noted, the null hypothesis of these two goodness-of-fit tests were accepted at rates higher than 81% (Table 3)
at all locations. As expected, the acceptance rates obtained using the GEV distribution were close to those obtained from
the GLO, with the GEV model showing slightly higher rates (Stagge et al. 2015, Stagge et al. 2016, Vicente-Serrano and
Begueria 2016, Blain et al. 2018). Similar results were found for the normality checking procedures (Table 3). The rates at
which the NASA-SPI and NASA-SPEI frequency distributions (calculated with the GEV) met the assumption of normality
were always higher than 89%. These results are in line with the study of Blain et al. (2018), that recommended the two-
parameter gamma and the GEV distribution to calculate, respectively, the SPI and SPEI in the state of Sio Paulo. The GEV
distribution was adopted in this case study.

After verifying that the NASA-SPI and NASA-SPEI met the conceptual assumptions expected from standardized drought
indices, we applied the Accuracy.R function to compare each pair of NASA-POWER and reference data. The outcomes of
the Accuracy.R function are shown in Suppl. Table 2 (available at https://github.com/gabrielblain/SupplementalFiles_1),
and they indicate that the NASA-Rain, NASA-PE, NASA-PPE-HS, NASA-SPI, and NASA-SPE], accumulated at TS = 4,
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can be used to represent the “real-world” conditions of each location considered in this case study. As presented in Suppl.
Table 2, the lowest value of the Willmott’s indices was d.mod = 0.69 (SPI), and the R* remained equal to or larger than 0.70
for the three variables. It is also noteworthy that the confidence intervals of all comparison metrics are narrow, favouring
the reliability of the AME, RMSE, dmg, d_ »d. . and R* estimates (Willmott et al. 1985).

mod’

Table 3. Results of the goodness-of-fit tests and normality-checking procedures applied by the ScientSDI.R function of the PowerSDI package.
The locations Adamantina (Adm), Campinas (Cps), Capao Bonito (Cap), Mococa (Moc), Monte Alegre do Sul (MteAle), Ribeirao Preto (Rib),
and Votuporanga (Vot) belong to the state of Sdo Paulo, Brazil. The acceptance rates presented for each local were calculated dividing the
number of times the null hypothesis of each test was accepted by 48 (in percentage).

Goodness-of-fit tests: Acceptance rates (%)

Gamma GLO GEV
Locals
Rainfall PPE PPE
Lilliefors AD Lilliefors AD Lilliefors AD
Adm 979 89.6 89.6 979 917 95.8
Cps 979 89.6 89.6 979 917 95.8
Cap 100.0 979 89.6 875 95.8 100.0
Moc 95.8 95.8 95.8 95.8 93.8 100.0
MteAle 93.8 93.8 85.4 813 85.4 89.6
Rib 95.8 89.6 917 833 917 875
Vot 89.6 813 875 93.8 917 917
Normality-checking procedures: Acceptance rates (%)
Gamma GLO GEV
Locals
SPI SPEI SPEI
Test| Test I Test| Test I Test| Test Il
Adm 100.0 100.0 979 979 100.0 100.0
Cps 100.0 100.0 979 979 100.0 100.0
Cap 979 100.0 95.8 93.8 100.0 100.0
Moc 95.8 979 95.8 95.8 979 979
MteAle 979 95.8 93.8 917 95.8 89.6
Rib 89.6 93.8 85.4 833 93.8 917
Vot 875 979 917 917 979 979

GLO: generalized logistic; GEV: generalized extreme value; PPE: potential evapotranspiration amounts; SPI: standardized precipitation; SPEI: standardized
precipitation-evapotranspiration.

The results of Table 3 and Suppl. Table 2 indicate that the NASA-SPI and NASA-SPEI can be used to assess and
monitor drought events in the state of Sao Paulo. The plot.PowerSDI.Accuracy function, which generated scatter plots
between observed and reference data (Suppl. Fig. 1, https://github.com/gabrielblain/SupplementalFiles_1), is also in
line with this latter statement.

Thus, the last step performed in the scientific mode of the PowerSDI package was to run again the ScientSDIR function
in order to obtain the parameters of the gamma and GEV distributions (the output DistPar) for the entire state. Considering
the spatial resolution of the NASA-POWER data, the DistPar were generated for 69 pixels (black solid lines of Fig. 2).

In order to facilitate the reproducibility of our results, we made available the coordinates of these 69 points at https://
github.com/gabrielblain/SupplementalFiles_1 (grid_sp.csv). The ScientSDI functions was applied as described in Suppl.
Table 3 (https://github.com/gabrielblain/SupplementalFiles_1). The script of Suppl. Table 3 took approximately 1 hour
and 30 minutes to perform all calculations. It allowed us to calculate the acceptance rates at which both NASA-SPI and
NASA-SPEI met their conceptual assumptions at each 69 points in the state. These acceptance rates are depicted in Fig. 5.
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The maps presented in this study were plotted using the following R-packages ‘ggplot2’ (Wickham et al. 2023), ‘sp’ (Pebesma
et al. 2023), ‘RColorBrewer’ (Neuwirth 2022), and ‘sf” (Pebesma et al. 2023).
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Figure 5. Implementing the NASA-SPI and NASA-SPEI in the state of Sao Paulo, Brazil. Acceptance rates of the (a) Lilliefors and Anderson-
Darling (AD) goodness-of-fit tests, and (b) the two normality-checking procedure applied by the ScientSDI.R function of the PowerSDI
package. The acceptance rates presented for each local were calculated dividing the number of times the null hypothesis of each test was
accepted by 48 (in percentage). EP.HS is the potential evapotranspiration calculated through the Hargreaves and Samani (Harg) method.

The analysis of Fig. 5, along with the results and Table 3 and Suppl. Table 2, may be regarded as a solid scientific basis
supporting the implementation and use of the NASA-SPI and NASA-SPET in the state of Sdo Paulo, Brazil. Thus, these two
indices can now be routinely calculated in operational mode to monitor drought conditions in the State.

Drought monitoring in the state of Sao Paulo using NASA-POWER data (PowerSDI package)

Since the parameters of the gamma and GEV distributions were previously estimated by the ScientSDIR function,
users are able to use the OperatSDI.R function to download NASA-POWER data for any monitoring period. We
chose to demonstrate the function’s capabilities by analysing January 2014, which was one of the driest years on
record in the state. The OperatSDI functions was applied as follow (Suppl. Table 4, https://github.com/gabrielblain/
SupplementalFiles_1).

The script presented in Table S4 took less than 3 minutes to calculate the NASA-SPI and NASA-SPEI for the entire
state. This relative short running time may be regarded as a desirable feature of the OperatSDI function, which was
designed to be used in a routine/operational mode. Regarding its outputs (Fig. 6), Nobre et al. (2016) attributed the
meteorological causes of this extreme drought event to changes in regional circulation. A mid-troposphere blocking
high occurred over 45 days throughout South-Eastern Brazil. Both NASA-SPI and NASA-SPEI captured this extreme
dry condition, showing negative values across almost the entire state (Fig. 6). This result, along with all others found
in this case study, indicates that the NASA-SPI and NASA-SPEI can be used in drought assessments and monitoring in
the state of Sdo Paulo.
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Figure 6. The standardized precipitation (SPI) and (b) standardized precipitation-evapotranspiration (SPEI) calculated using NASA-POWER
data. The drought indices were obtained through the OperatSDI.R function of the PowerSDI package.

Case study 2: drought monitoring in entire Brazil

As previously described, the second case study evaluated the applicability of the PowerSDI package in entire Brazil.
In order to facilitate the reproducibility of our results, we made available the 2,841 coordinates (grid_Br.csv) at which
the package’s functions ScientSDI and OperatSDI were applied, considering the 4-quart.month time (1993-2022). While
the ScientSDI was applied to estimate the parameters of the gamma and GEV distributions, the OperatSDI was used to
exemplify the routine use of the package during July 2023 (Fig. 7). The OperatSDI function took less than 50 minutes to
calculate PE, PPE, NASA-SPI, and NASA-SPEI for the entire country, which covers an area of approximately 8.5 million
square kilometers (almost as large as continental Europe). The NASA-SPEI estimates (Fig. 7) indicated some areas in the
Amazon rainforest experiencing moderate, severe, and extreme dry conditions. Thus, these estimates described the onset
of the record-breaking drought that the Amazon rainforest has faced since November 2023.
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Figure 7. The standardized precipitation-evapotranspiration calculated using NASA-POWER data. The drought index was obtained through
the OperatSDL.R function of the PowerSDI package.
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FINAL REMARKS

The SPI and SPEI have been widely used to assess and monitor drought events throughout the globe. However,
the low density of weather station networks and data quality issues limit their use in several regions of the world.
The NASA-POWER project has emerged as an interesting data source capable of overcoming this difficulty. Unlike
other gridded-databases, this data source can meet the 30-year continuous records required for calculating these two
drought indices.

In this context, we developed the PowerSDI package that calculates these two drought indices using data provided
by the NASA-POWER project. Unlike other existing software, the PowerSDI package has two modes: the scientific and
the operational. In the scientific mode, the users may assess the quality of the indices estimates through their agreement
with a reference/observed series and through the evaluation of how well these estimates meet the conceptual assumptions
required for calculating both SPI and SPEI. In the operational mode, users can calculate both indices routinely using
the OperatSDL.R function. This function enables users to download NASA-POWER data for all available series or
only for the period they intend to monitor, reducing the function’s running time. Unlike other existing packages, the
PowerSDI adopts a quasi-weekly time scale, allowing for index calculations four times a month. The package is freely
available at two repositories, Github (https://github.com/gabrielblain/PowerSDI), and CRAN (https://CRAN.R-project.
org/package=PowerSDI).

Regarding future studies and improvements, we highlight that there is still no consensus in the literature on the best
distribution for calculating the SPI and SPEI (Guttman 1999, Stagge et al. 2015, Stagge et al. 2016, Vicente-Serrano and
Begueria 2016, Blain et al. 2018, Pieper et al. 2020). This version of the PowerSDI package attempted to address this issue
by providing distinct goodness-of-fit tests and normality-checking procedures and by allowing the users to select between
the GEV and GLO distributions to calculate the SPEIL Future updates of this package may further address this question by
providing alternative distributions to calculate the SPI and SPEI, and other normality-checking procedures that directly
compare the indices values estimated from the candidate distributions with their corresponding theoretical values derived

from the standard normal distribution (Pieper et al. 2020).
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