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Global Multi-Index Drought (GMID): 
a multiscalar high-resolution 
dataset from 1980 to near present
I. Noguera   1 ✉, B. Bulut1, A. Chevuturi1, L. J. Barker   1 & J. Hannaford1,2

Drought assessment is an extremely complex task that relies on high-quality datasets, posing a major 
challenge for scientists and water managers. Here, we present the Global Multi-Index Drought (GMID), 
a multiscalar high-resolution dataset that includes five standardised drought indices: the Standardised 
Precipitation Index (SPI), the Evaporative Drought Demand Index (EDDI), the Standardised 
Precipitation Evapotranspiration Index (SPEI), the Standardised Evapotranspiration Deficit Index 
(SEDI), and the Standardised Vapor Pressure Deficit Index (SVPDI). This dataset is available on a global 
scale covering 1- to 12-, 18-, 24-, 48-month time scales from 1980 to 2024, with high- spatial (0.1°) and 
temporal (weekly and monthly) resolution. The GMID dataset contains two versions of the drought 
indices; one generated using a traditional single-distribution approach, and another using a new 
flexible-distribution approach allowing the selection of probability distributions providing the best-
fitting normalised series in each case. GMID adds significant value to previous drought data products 
through its high resolution and flexible multi-indicator nature, representing a comprehensive and 
robust long-term dataset for drought (and flash drought) assessment at the global scale.

Background & Summary
Drought is one of the most destructive natural hazards, affecting all geographic regions worldwide1. It is tradi-
tionally described as a dry period during which precipitation is below average for a given location and season, 
thereby limiting the availability of water for both natural and human systems. Every year, millions of people are 
affected by drought, with significant impacts on crop yields, water availability, livelihoods and livestock, among 
others2. However, assessing and monitoring drought remains a major challenge for the scientific community 
and water managers3. The complexity of drought makes it difficult to identify and quantify in terms of spatial 
extent, duration, severity, and intensity4. Furthermore, the development of drought is usually (but not always) 
slow, gradually affecting multiple environmental and human systems over time as it propagates through the 
hydrological cycle — often over the course of several months5. Therefore, drought is typically considered as a 
multiscalar phenomenon6, as the temporal response of these systems to drought can vary notably according to 
hydro-climatic and catchment properties.

Different methods have been proposed in the last decades to objectively identify and quantify droughts7. 
Among others, standardised drought indices are widely recognised as one of the most effective ways to assess 
and monitor droughts8,9. Numerous standardised drought indices based on one or several hydrometeorological 
variables, such as precipitation, temperature, soil moisture, river flows, groundwater, etc., have been developed 
to analyse drought variability10. The main advantage of such indices is that they allow an objective compar-
ison of drought frequency, severity, and duration over time and space. Thus, drought characteristics can be 
compared under very different climate regimes, which is crucial for a consistent global drought assessment. 
This is also essential to evaluate drought variability under climate change, as these indices enable an objective 
analysis of changes in the frequency and severity of droughts over time11. In addition, standardised indices can 
be calculated at different time scales (i.e., accumulation periods), which means they can be adapted to reflect 
the response times of the different agricultural, environmental, and hydrological systems affected by droughts12.

Although the calculation of standardised drought indices is relatively simple, the suitability of the different 
types of approaches to standardising index values has been extensively discussed13–15. Some studies have used 
non-parametric approaches to calculate drought indices16–18, as variables can be standardised easily without 
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assuming that the series of a given variable (e.g., precipitation, soil moisture, potential evapotranspiration) fits a 
given probability distribution19. However, such approaches have important limitations because they are strongly 
constrained by the highest and lowest values in the series. This is a major issue when calculating indices based 
on a given reference period and, consequently, for operational drought monitoring, since new values cannot 
be properly modelled if they fall outside the reference period20. This is even more problematic in the current 
context of climate change, where extreme hydrometeorological records are expected to become more frequent, 
thereby breaking previous records21–23.

In contrast, by using parametric approaches drought indices can be properly calculated based on a reference 
period. This means new values can be easily placed within the range of the theoretical probability distribution, 
allowing a more accurate calculation over the tails of the distribution (i.e., extreme dry and wet values)15,24. For 
this reason, parametric approaches based on a given probability distribution are usually adopted to calculate 
standardised drought indices. However, finding a probability distribution that fits a given variable optimally 
can be challenging. Many studies have evaluated the goodness-of-fit of various probability distributions to 
calculate diverse drought indices at different time scales25–28. For example, the Gamma and log-logistic dis-
tributions are commonly considered as the best probability distributions for the standardisation of precipita-
tion (i.e., Standardised Precipitation Index, SPI29), and climatic water balance (i.e., Standardised Precipitation 
Evapotranspiration Index, SPEI30), respectively. Consequently, most studies adopt the probability distributions 
typically recommended in the literature for each drought index, following this “reference” approach to calculate 
a specific index from regional to global scales. However, the adoption of a single probability distribution may not 
be the best approach to standardise a given variable across different climate regimes. Some studies have shown 
how the goodness-of-fit of a given variable to a given probability distribution can vary between regions and sea-
sons, but also depending on the length of the series and the time scale used for the calculation of the indices25,31. 
To address this issue, Vicente-Serrano et al.32 recently proposed the “best-fit” approach, a flexible method to 
standardise any hydrometeorological variable that allows the distributions to vary for each series and time scale, 
selecting the probability distributions that provide the best-fitting normalised series in each case. Within this 
approach, series are standardised according to multiple probability distributions, avoiding the assumption that a 
single distribution provides the best goodness-of-fit in all cases, thus offering a more flexible parametric way to 
compute standardised indices across diverse climatic regions.

In recent years, many efforts have been made to provide standardised drought indices on a global scale using 
parametric approaches33–37. However, the existing datasets providing drought indices are often affected by sev-
eral limitations. Global datasets are commonly focussed on a single indicator, which can lead to an incomplete 
assessment of droughts as there is no single metric that provides a perfect and complete picture of a complex 
phenomenon such as drought given it affects all parts of the hydrological cycle12. This means it is beneficial to 
use multiple indicators to ensure that drought processes are adequately represented in monitoring and drought 
analysis activities. The existing global drought indices are also standardised on a global scale using a single 
probability distribution, which may lead to seasonal and spatial inhomogeneities in the goodness-of-fit of the 
series to the chosen probability distribution32. Another key issue relates to the temporal and spatial resolution 
of these indicators. Global datasets are usually provided at relatively low spatial (e.g., 0.5°) and temporal (e.g., 
monthly) resolution. While these resolutions may be sufficient to provide an overview of drought variability at 
the global scale, they may lead to an inaccurate assessment of the spatial and temporal characteristics of some 
drought episodes when managing droughts at the national to local scales and/or when events develop over the 
short-term.

This is particularly relevant for rapid-onset droughts such as “flash droughts”, which are characterised by very 
short-term development38, making the use of monthly frequencies insufficient for their proper analysis39,40. Flash 
droughts cause significant agricultural and environmental impacts within a few weeks, posing a major challenge 
for drought management worldwide40,41. While several studies suggest an increase in the severity of this kind 
of rapid-onset events in different regions of the world42–44, there is a lack of datasets providing standardised 
drought indices at high temporal resolution. In addition, the use of traditional indicators based exclusively on 
precipitation such as SPI may be inappropriate for its assessment, as increased evaporative demand is often a 
key factor in its development45–47, making it desirable to use drought indicators that also include the role of tem-
perature. Thus, the availability of high- spatial and temporal resolution datasets that integrate multiple drought 
indices is essential for the accurate assessment and detection of flash droughts.

In this study, we present the Global Multi-Index Drought (GMID) dataset, which comprises five standard-
ised drought indices widely used and recommended for drought assessment and monitoring: the Standardised 
Precipitation Index (SPI), the Evaporative Drought Demand Index (EDDI), the Standardised Precipitation 
Evapotranspiration Index (SPEI), the Standardised Evapotranspiration Deficit Index (SEDI), and the 
Standardised Vapor Pressure Deficit Index (SVPDI). These drought indices are provided at high spatial (0.1°) 
and temporal (weekly and monthly) resolution from 1- to 12-, 18-, 24- and 48-month time scales over the period 
1980 to 2024, calculated using two approaches: “reference” and “best-fit”. The main aim of this study is to pro-
vide a robust global long-term dataset, which can be updated over time, allowing a more detailed assessment 
of drought characteristics, impacts and trends in recent decades, using a wide range of indicators calculated 
according to the best statistical methods currently available.

Methods
Data sources.  The data sources used to derive the meteorological variables required to compute the drought 
indices are listed in Table 1. These variables include precipitation, evapotranspiration, potential evapotranspira-
tion, temperature, and relative humidity.
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Precipitation data was obtained from Multi-Source Weighted-Ensemble Precipitation (MSWEP) v2.8 
dataset48, which is available on the GloH20 website (https://www.gloh2o.org/mswep/). This dataset provides 
3-hourly, daily and monthly precipitation data from 1979 to the present, with 0.1° spatial resolution globally, and 
daily updates. MSWEP merges gauge [WorldClim, Global Historical Climatology Network-Daily (GHCN-D), 
Global Summary of the Day (GSOD), Global Precipitation Climatology Centre (GPCC), and other national 
datasets], satellite [Climate Prediction Center morphing technique (CMORPH), Gridded Satellite (GridSat), 
Global Satellite Mapping of Precipitation (GSMaP), and Tropical Rainfall Measuring Mission (TRMM) 
Multisatellite Precipitation Analysis (TMPA) 3B42RT)], and reanalysis [European Centre for Medium-Range 
Weather Forecasts (ECMWF) interim reanalysis (ERA-Interim) and Japanese 55-year Reanalysis (JRA-55)] data 
to obtain a more accurate estimate of precipitation. Various studies have consistently shown that the MSWEP 
dataset outperforms other global precipitation datasets49,50.

Potential evapotranspiration and evapotranspiration data was obtained from Global Land Evaporation 
Amsterdam Model (GLEAM) v4.2a dataset51, which is available on the GLEAM website (https://www.gleam.
eu/). This dataset provides daily, monthly and yearly potential evapotranspiration and evapotranspiration data 
from 1980 to the near-present, with 0.1° spatial resolution globally, and annual updates. The GLEAM model52 is 
based on four components (interception, potential evapotranspiration, soil content and evaporative stress53–55) 
and numerous input observational, satellite and reanalysis datasets from different sources [Clouds and the 
Earth’s Radiant Energy System (CERES), Atmospheric Infrared Sounder (AIRS), Integrated Multi-satellite 
Retrievals for the Global Precipitation Mission (IMERG), Copernicus Atmosphere Monitoring Service 
(CAMS), GlobSnow/National Snow and Ice Data Center (NSIDC), ESA Climate Change Initiative (ESA CCI), 
VOD Climate Archive, MOD15A3H, Global Ecosystem Dynamics Investigation (GEDI)/Lansat, MEaSURES/
MOD44B, HiHydroSoil, MSWX, ERA5]. The potential evapotranspiration calculation in GLEAM4 is based 
on Penman’s equation56,rather than the Priestley and Taylor equation used in the previous version of GLEAM, 
which improves the estimation of the PET in this new version of the dataset. All GLEAM products have been 
validated using in-situ observations and compared with other datasets; see Miralles et al.51 for additional details 
about the computation and validation of the dataset.

Temperature and relative humidity were obtained from the Multi-Source Weather (MSWX) dataset57, which 
is available on the GloH20 website (https://www.gloh2o.org/mswx/). This dataset provides bias-corrected mete-
orological variables such as temperature and relative humidity at 3-hourly, daily and monthly frequencies from 
1979 to the present, with 0.1° spatial resolution globally, and daily updates. MSWX provides four sub-products, 
including the historical record (MSWX-Past), the near real-time extension (MSWX-NRT), the medium-range 
forecast ensemble (MSWX-Mid), and the seasonal forecast ensemble (MSWX-Long). In this case, we used tem-
perature and relative humidity data from MSWX-Past, which is based on ECMWF ERA558 bias-corrected data 
(see additional details about computation and validation of MSWEP-Past at Beck et al.57). Daily temperature 
and relative humidity were then used to calculate vapor pressure deficit (VPD) at daily steps following Allen et 
al.59 approach (Eqs. 1–3):
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Where Es (T) is the saturation vapor pressure in kilo pascal (kPa), and T is the temperature in °C.
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Where Ea is the actual vapor pressure (kPa) and RH is the relative humidity (%).
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Where VPD is the Vapor Pressure Deficit (kPa), Es (T) is the saturation vapor pressure (kPa), and Ea is the actual 
vapor pressure (kPa). VPD was later converted to hectopascal (hPa) units.

In summary, all the variables (i.e., precipitation, evapotranspiration, potential evapotranspiration, and vapor 
pressure deficit) were first obtained globally at 0.1° spatial resolution and daily time steps for the period 1980–
2024. Then, to obtain weekly data, we aggregated the daily data into quasi-weekly periods following the same 
approach proposed by Vicente-Serrano et al.60. A quasi-weekly period means that each month is split into four 
artificial “weeks”: the first week from the 1st to the 8th day, the second week from the 9th to the 15th day, the third 
week from the 16th to the 22nd day, and the fourth week from the 23rd day to the end of the month (28th, 29th, 

Input Dataset Variable Resolution: Spatial | Temporal Period Updating

Multi-Source Weighted-Ensemble 
Precipitation (MSWEP) v2.848 Precipitation (mm) 0.1° | daily 1979-present Daily

Global Land Evaporation Amsterdam 
Model (GLEAM) v4.2a51

Evapotranspiration (mm) 0.1° | daily 1980–2024 Annually

Potential Evapotranspiration (mm) 0.1° | daily 1980–2024 Annually

Multi-Source Weather (MSWX) 
vMSWX-Past57

Temperature (°C) 0.1° | daily 1979-present Daily

Relative humidity (%) 0.1° | daily 1979-present Daily

Table 1.  Summary of the characteristics of the input datasets and variables used to generate GMID.
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30th, or 31st). This approach makes it possible to produce weekly series as homogeneous as possible, avoiding 
inconsistencies in the weeks split over years and therefore enabling interannual comparison60. In total, there are 
48 weekly steps for each year, which results in series of length 2160 for each variable over the period 1980–2024.

Standardised drought indices calculation: reference and best-fit approaches.  We provide five 
drought indices based on different hydrometeorological variables: SPI, EDDI, SPEI, SEDI, and SVPDI (Table 2). 
These drought indices include different variables that are closely related to meteorological drought variability 
and can complement each other. All these variables have been extensively used to identify and quantify mete-
orological, agricultural, environmental and hydrological droughts at different time scales over diverse climate 
conditions61–66.

To calculate the indices using the reference approach, we followed the parametric methods recommended 
by previous studies that explored the suitability of different probability distributions to calculate SPI29, EDDI20, 
SPEI26, SEDI27, and SVPDI66. Thus, the log-logistic distribution was adopted to calculate EDDI, SPEI and SEDI, 
whereas the Gamma distribution was adopted to calculate SPI and SVPDI (see Table 2). The parameters of the 
distributions for each series, index and time scale were computed by means of L-moment statistics67, and then 
transformed into theoretical cumulative probabilities. Finally, these probabilities were converted into z-units 
using the Abramowitz and Stegun68 approach, as follows (Eqs. 4, 5):

Index W
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Where C0 = 2.515517, C1 = 0.802853, C2 = 0.010328, d1 = 1.432788, d2 = 0.189269, and d3 = 0.001308. When 
P ≤ 0.5, P = F(x), P > 0.5, P = 1 - F(x). P is the probability of exceeding a given (e.g., precipitation) value, F(x) is 
the adopted probability distribution (e.g., Gamma), and x is the (e.g., precipitation) series. We reversed the sign 
of EDDI (i.e., higher PET results in lower EDDI) and SVPDI (i.e., higher VPD results in lower SVPI) as sug-
gested by other studies20, facilitating comparability with the other standardised indices. This means that negative 
values for all indices represent dry conditions, while positive values represent wet conditions.

A similar process as described in the Eqs. 4 and 5 is followed to calculate the five drought indices using the 
best-fit approach, but instead of using a single probability distribution for each grid cell and series, this flexible 
approach considers 10 probability distributions widely used for standardised hydrometeorological variables: 
Exponential, Gamma, General Extreme Value, generalised Logistic (also known as log-logistic), generalised 
Pareto, generalised Normal, log-Normal, Normal, Pearson Type III, and Weibull. The Shapiro-Wilks test69 is 
used to select the distribution that produces the best-fitting normalised result for each series and time scale. 
Thus, each drought index series is calculated based on different probability distributions, obtaining standardised 
series comparable with each other. For more details of this approach and the software used for its calculation, 
refer to Vicente-Serrano et al.32.

We calculated all drought indices weekly for 1–12, 18-, 24- and 48-month time scales for the period 1980–
2024 using the reference and best-fit approaches. Although the input variables are produced at a daily resolution, 
we chose a weekly frequency because it provides a high level of detail for drought analysis without compromis-
ing the manageability of the dataset or increasing data redundancy when calculating drought indices for differ-
ent cumulative periods (i.e., time scales) at daily steps. Given that the data was aggregated over weekly periods 
resulting from splitting each month into four homogeneous weeks, the last week of the month (i.e., fourth week 
of January, February, March, April, May, June, July, August, September, October, November, and December) 
equates to the monthly time steps as illustrated in Fig. 1. Therefore, monthly series can be easily obtained by 
taking the values of the last week of each month. However, to make it easier for the users who exclusively using 
monthly series, we also provide the drought indices at monthly steps.

The drought indices were calculated based on the 1980–2020 reference period (i.e., 41 years), thus consider-
ing a long-term record that includes both dry and wet periods. This is a common practice in the calculation of 
standardised drought indices, especially when the indices are regularly updated or used operationally. The use 
of a reference period means new index values can be added to the series without changing the past values of the 
indices. Therefore, it makes it possible to easily update the GMID dataset in future years as input data become 
available. We chose the period 1980–2020 to match the historical period of the MSWEP dataset, which is based 

Drought Index Reference probability distribution Variable

Standardised Precipitation Index (SPI)83 Gamma Precipitation

Evaporative Drought Demand Index (EDDI)84 log-logistic Potential evapotranspiration

Standardised Precipitation Evapotranspiration Index (SPEI)85 log-logistic Climatic water balance  = Precipitation – Potential 
evapotranspiration

Standardised Evapotranspiration Deficit Index (SEDI)86 log-logistic Evapotranspiration deficit = Evapotranspiration – 
Potential evapotranspiration

Standardised Vapor Pressure Deficit Index (SVPDI)66 Gamma Vapor pressure deficit

Table 2.  Summary of the indices included in GMID, the variables on which they are based, and the reference 
probability distributions adopted for their calculation.

https://doi.org/10.1038/s41597-026-07904-x
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on a larger number of input datasets to estimate precipitation compared to the near real-time period (2021 to 
present)48, thus providing the most robust set of data possible. Given that GLEAM also uses MSWEP as input 
data51, and to ensure the drought indices are as consistent as possible with each other, the same reference period 
was used to calculate all the indices and time scales.

Data Records
The GMID dataset70 is openly available on the Environmental Information Data Centre (EIDC; https://eidc.
ac.uk/) at https://catalogue.ceh.ac.uk/documents/f5ce92b0-03e8-4719-82ff-c62e6ebe927b. In summary, GMID 
contains global data for two approaches (reference and best-fit), two temporal frequencies (weekly, monthly), 
five drought indicators (SPI, EDDI, SPEI, SEDI, SVPDI), fifteen time scales (1- to 12-, 18-, 24- and 48-month), 
and forty-five years (1980–2024), organised in the following way. The dataset is stored in two main directories 
representing the two approaches: reference and best-fit. Both directories contain two subdirectories, each refer-
ring to the data frequency—weekly and monthly—which in turn include five directories, each corresponding 

Fig. 1  Comparison between weekly and monthly series from GMID (e.g., best-fit SPEI at a 1-month time scale 
between 1999-12-31 and 2000-12-31). Black crosses represent the weekly data (i.e., weekly series), while red 
circles represent the monthly data (i.e., monthly series).
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to a drought index: SPI, EDDI, SPEI, SEDI, and SVPDI. Each drought index directory has 15 subdirectories, 
each representing the different time scales (scale_1–12, 18, 24 and 48). Within each time scale directory, there 
are 45 NetCDF files (one for each year, i.e., 19xx – 202x), which are labelled as follows: <approach>_<fre-
quency>_<index>_<time scale>_<year> (e.g., “ref_week_spi_01_1980”, “ref_week_spi_01_1981” etc., 
“best_mon_spei_01_1980”, “best_mon_spei_01_1981”, etc.).

Overall, the dataset contains 13500 annual files in NetCDF format, with dimensions of 3600 (longitudes), 
1800 (latitudes), and 48 (time in weeks) or 12 (time in months). All drought indices in GMID are expressed in 
standard deviation units and can theoretically range from −Inf to + Inf. The dataset has a horizontal spatial 
resolution of 0.1° and uses the WGS84 geographic coordinate system. The x dimension includes longitudes from 
−180° to 180° East, while the y dimension includes latitudes from 90° to −90° North. In the weekly files, the z 
dimension includes the time with dates, which correspond to the last day of each of the weeks considered (i.e., 
08-MM-YYYY, 15-MM-YYYY, 22-MM-YYYY and 28/29/30/31-MM-YYYY) over a given year (48 weeks for 
each year). In the monthly files, the z dimension includes the time with dates, corresponding with the last day 

Fig. 2  Comparison between drought conditions recorded by best-fit and reference SPEI at short (3-month) and 
long (12-month) time scales over Africa, the Middle East, and the Mediterranean region during early 2012.

https://doi.org/10.1038/s41597-026-07904-x
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of the month (i.e. 28/29/30/31-MM-YYYY) over a given year (12 months for each year). The time dimension 
in each file is defined using units of “days since 1970-01-01”. All files contain 11 global attributes, including the 
“Title”, “Version”, “Calculation method”, “Reference period”, “Source” (input datasets), “Resolution”, “Crs” (coor-
dinate reference system), “Creators”, “Contact info”, “Institution”, and “Date” (of production) of each file. Each 
NetCDF4 file uses compression level 6, with the data chunked into 192 blocks (each block with dimensions of 
1800 × 900 × 1) for weekly files and 256 blocks (each block with dimensions of 900 × 450 × 3) for monthly files. 
The total size of the dataset is 1.3TB of storage, of which 992GB correspond to the weekly files and 242GB to the 
monthly files of the drought indices.

Technical Validation
The technical validation of the GMID dataset is focused on the following three aspects: (i) the consistency 
between the drought indices calculated using the best-fit and reference approaches, (ii) the capability of the 
GMID for drought assessment at multiple time scales across different climate regions and seasons, and (iii) the 
accuracy of GMID compared with other datasets. To summarise the findings, we illustrate the time scales most 
commonly used for agricultural, environmental, and hydrological applications (i.e., 1-, 3-, 6- and 12-month), 
and contrasting seasonal conditions by focusing on the months of January and July.

Consistency between best-fit and reference approaches.  In general, drought indices calculated 
based on both approaches show a strong spatial and temporal consistency, capturing the same drought patterns 
across different climate regimes (e.g., Fig. 2). Thus, the standardised series obtained for all the drought indices 
over the period 1980–2024 using both approaches show a strong agreement, with correlation coefficients close to 
1 and a mean bias error close to 0 regardless of the time scale and season (Table 3).

Although the best-fit and reference approaches generally show a high degree of agreement, there are some 
differences (Fig. 3). The main disparities between the two approaches are found in the tails of the distribu-
tions (i.e., the extreme values), which are crucial for drought assessment. Overall, the best-fit approach tends 
to generate more extreme negative values for those indices in which the reference version is calculated based 
on log-logistic distribution (i.e., SPEI, EDDI, and SEDI), whereas for those indices in which reference version 
is based on the gamma distribution (i.e., SPI and SVPDI), the best-fit approach tends to produce slightly fewer 
extreme negative values than reference approach (see Fig. 3). This behaviour is consistent over time scales and 
seasons. These patterns agree with the findings of Vicente-Serrano et al.32, who suggested that the log-logistic 
distribution may underestimate the frequency of extreme droughts when compared with the best-fit approach, 
while the gamma distribution may overestimate the frequency of extreme droughts in comparison with the 
best-fit approach. Thus, Vicente-Serrano et al.32 indicated that the best-fit approach generally results in more 
coherent frequencies of extreme values in line with the expected return periods. Further details on the per-
formance of the best-fit approach in comparison with single distribution-based approaches (i.e., the reference 
approach) can be found in Vicente-Serrano et al.32.

Capability of GMID for drought assessment.  GMID comprises multiple indices and time scales to pro-
vide a comprehensive overview of drought characteristics over time and space. Drought is an extremely complex 
phenomenon, so considering several drought indicators and time scales is crucial for understanding impacts (or 
potential impacts) on agricultural, environmental, and hydrological systems. GMID therefore enables a more 
complete assessment of droughts by considering several drought indices based on different meteorological vari-
ables such as precipitation, potential evapotranspiration, climatic water balance, evapotranspiration deficit, and 
vapor pressure deficit. This is particularly relevant when evaluating drought events with different characteristics, 
as it enables more accurate regional and seasonal assessments of droughts.

Given the differential role that meteorological drivers can play in triggering droughts regionally and season-
ally, the severity, duration, and spatial extent recorded for each drought indicator can vary considerably (Figs. 4, 5).  
For example, drought indices primarily controlled by precipitation variability (i.e., SPI and SPEI) generally show 
more severe conditions during drought events closely related to marked precipitation shortages where temper-
ature is not a key factor triggering drought conditions (see, for example, Fig. 4 showing the 2012 drought in the 

JANUARY

SPI EDDI SPEI SEDI SVPDI

Pearson MBE Pearson MBE Pearson MBE Pearson MBE Pearson MBE

1-month +0.99 ±0.03 +0.99 0.00 +0.99 0.00 +0.99 ±0.01 +0.99 0.00

3-month +0.98 ±0.01 +0.99 0.00 +0.99 0.00 +0.99 0.00 +0.99 0.00

6-month +0.99 0.00 +0.99 0.00 +0.99 0.00 +0.99 0.00 +0.99 0.00

12-month +0.99 0.00 +0.99 0.00 +0.99 0.00 +0.99 ±0.01 +0.99 0.00

JULY Pearson MBE Pearson MBE Pearson MBE Pearson MAE Pearson MBE

1-month +0.99 ±0.04 +0.99 0.00 +0.99 0.00 +0.99 0.00 +0.99 ±0.01

3-month +0.99 ±0.01 +0.99 0.00 +0.99 0.00 +0.99 ±0.03 +0.99 0.00

6-month +0.99 0.00 +0.99 0.00 +0.99 0.00 +0.99 ±0.03 +0.99 0.00

12-month +0.99 0.00 +0.99 0.00 +0.99 0.00 +0.99 ±0.01 +0.99 0.00

Table 3.  Global averages of correlation (Pearson) and mean bias error (MBE) between best-fit and reference 
series of the drought indicators at 1-, 3-, 6- and 12-month time scales in January and July over the period 1980–
2024.
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Iberian Peninsula driven mainly by precipitation deficits71). Conversely, drought indices primarily driven by 
temperature variability (i.e., EDDI, SEDI, and SVPDI) tend to show a higher drought severity during drought 
episodes closely associated with anomalous increases in evaporative demand (e.g., heat wave episodes) com-
pared with SPEI and, in particular, SPI (see, for example, Fig. 5 showing the 2023 drought in South America 
driven mainly by a heat wave72).

Although drought indices like the SPEI may be more versatile when used individually as it includes pre-
cipitation and potential evapotranspiration (e.g., compared to the SPI or EDDI), the five indicators in GMID 

Fig. 3  Relationship between best-fit and reference drought indices at 3- and 12-month time scales in January 
and July over the period 1980–2024. Colour indicates value density, with blue representing low density and red 
representing high density.
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complement each other, making it possible to assess droughts over a wide range of meteorological conditions 
regardless of region or seasonality. This means users can select the most suitable indicators for the region and 
season of interest or for the subject of the study.

All the drought indices in GMID are provided at weekly and monthly time steps for the period 1980–2024 
(Fig. 6). The weekly series of GMID data allow capturing drought variability at a high temporal resolution, 
while monthly series are also included for users who do not require a high level of temporal detail. Weekly time 
steps are particularly useful for characterising drought variability at very short time scales (e.g., 1-month). The 
benefits of the additional time steps in the weekly series over a monthly series are highlighted in Fig. 7, showing 
the rapid intensification of a flash drought in India in August-September 200173, which would have been missed 
when using the monthly series.

Fig. 4  Drought conditions recorded for SPI, EDDI, SPEI, SEDI, and SVPDI (reference) at a 3-month time scale 
during the 2012 drought affecting the Iberian Peninsula71.
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Comparison between GMID and other global datasets.  There are several datasets providing drought 
indices on a global scale at different time scales. However, these datasets commonly focus on one indicator and 
one approach. Here, we show a comparison between GMID and two of the most widely used global datasets for 
drought assessment: the Global Drought Observatory (GDO) dataset and the SPEIbase dataset (Table 4). The 
GDO (https://drought.emergency.copernicus.eu/tumbo/gdo/download/) dataset provides monthly SPI for 1-, 
3-, 6-, −9, 12-, 24- and 48-month time scales based on different precipitation products such as GPCC, CHIRPS 
and ERA-5 from 1981/1991 to the present at 1° spatial resolution. In this case, we used the SPI based on GPCC, 
as it had the longest period available (i.e., from 1981 to the present, compared to CHIRPS and ERA-5, which are 
available from 1991). SPEIbase (https://digital.csic.es/handle/10261/332007) dataset provides monthly SPEI from 
1- to 48-month time scales from 1901 to 2022 at 0.5° spatial resolution. In this case, we used SPEIbase v2.974, 
which is based on the CRU TS 4.07 dataset. Note that the comparison focuses only on SPI and SPEI at 1-, 3-, 6- 
and 12-month time scales, as to the best of our knowledge there are no global datasets providing data for EDDI, 
SEDI, and SVPDI.

Fig. 5  Drought conditions recorded by SPI, EDDI, SPEI, SEDI, and SVPDI (best-fit) at a 3-month time scale 
during the summer 2023 in South America72.
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Given that the resolution of GMID (0.1°) is higher than that of SPEIbase (0.5°) and GDO (1°), a qualita-
tive validation was conducted by comparing the indicators for different drought events. Thus, drought patterns 
recorded by SPI from GDO and SPEI from SPEIbase were compared with those recorded by SPI and SPEI from 
GMID, going from large-scale drought episodes to more regional droughts (Figs. 8–11). Although there are 
some small differences between the drought conditions shown by each dataset, all of them show a high degree 
of agreement regardless of the region and time scale. Nevertheless, GMID provides a substantial improvement 
in terms of spatial resolution, making it possible to achieve a much more accurate regional drought assessment. 
Figure 11 clearly illustrates this for the June 2001 drought over Turkey75; GMID provides more detail on the 
spatial extent due to its higher spatial resolution compared to GDO and SPEIbase.

GMID is also a major improvement in terms of temporal resolution compared with GDO and SPEIbase. 
The advantages of using weekly steps compared with monthly steps are particularly evident when assessing 
drought at very short time scales (Fig. 12). For instance, GMID captures perfectly the spread of the drought 
conditions over the south-easter United States in September 201976, including the intensification and recovery 
processes, even for this kind of events developed over the short term (i.e., flash drought). This illustrates how 

Fig. 6  Comparison between weekly and monthly series of SPEI (reference) at 3- and 12-month time scales in 
Madrid (Spain) over the period 1980–2024.
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GMID could be used for flash drought assessment, as well as its advantages in the analysis of these rapid-onset 
events compared with other global datasets. The improved temporal resolution is also relevant for capturing 
rapid transitions from dry to wet conditions (and vice versa), which can be overlooked by GDO and SPEIbase at 
the monthly resolution, as illustrated by Fig. 13. This period includes a severe dry spell affecting Western Europe, 
which was subsequently followed by a very wet period that triggered an extreme flooding event in the southern 
parts of the United Kingdom in December 198977.

Therefore, although all three datasets show excellent performance in capturing drought conditions over 
different climate regimes, GMID represents a significant improvement in terms of both temporal and spatial 
resolution.

As these examples illustrate, the GMID dataset (both reference and best-fit approaches) provides consistent 
and robust data for a precise and detailed assessment of drought across different climate regimes and seasons. 

Fig. 7  Drought conditions recorded for SPI, EDDI, SPEI, SEDI, and SVPDI (reference) at a 1-month time 
scale during the 2001 flash drought affecting India73. The dashed line represents all the missing time steps when 
adopting the monthly series instead of the weekly series.
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Dataset Indices Probability distribution Resolution: Spatial | Temporal Time scales Period

GDO SPI (GPCC) dataset SPI Gamma 1° | monthly 1-, 3-, 6-, -9, 12-, 24- 
and 48-month 1981 – present

SPEIbase v2.974 SPEI Log-logistic 0.5° | monthly 1–48-month 1901–2022

GMID dataset

SPI, SVPID Gamma for reference version

0.1 | weekly and monthly 1–12, 18, 24, 
48-month 1980–2024EDDI, SPEI, SEDI Log-logistic for reference version

SPI, EDDI, SPEI, SEDI, SVPDI Multi-distribution for best-fit version

Table 4.  Summary of the main characteristics of the GMID, GDO, and SPEIbase datasets.

Fig. 8  Comparison of SPI and SPEI 1-, 3-, 6- and 12-month time scales from GMID (best-fit), GDO, and 
SPEIbase during the 1983 (October) drought affecting Sub-Saharan Africa87.
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Through its multi-index and multi-approach nature, as well as its high spatial and temporal resolution, GMID 
aims to address some of the main limitations in existing global datasets. The availability of multiple indices at 
numerous and consistent time scales represents an important improvement over most datasets that focus on a 
single indicator, enabling a more comprehensive assessment of drought conditions and their drivers. In addition, 
the availability of two different approaches adds further flexibility to the drought indicators in GMID. Likewise, 
the high temporal and spatial resolution of GMID also constitutes a major advance over most global datasets, 
offering a level of detail that enables accurate regional analysis at a temporal resolution sufficient to capture even 
short-term droughts.

However, it should be noted that the GMID dataset is not free of uncertainties. These primarily stem from the 
input datasets used to generate GMID, which are derived from different sources (e.g., observations, reanalysis, 
and models) and may lead to some inconsistencies in the underlying variables. For example, MSWEP uncertain-
ties are mainly associated with spatially variable gauge availability, inherently uneven across different regions of 

Fig. 9  Comparison of SPI and SPEI 1-, 3-, 6- and 12-month time scales from GMID (reference), GDO, and 
SPEIbase during the 2015 (October) drought affecting Southeast Asia88.
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the world; MSWX inherits uncertainties from its reliance on ERA5 and the applied bias-correction procedures; 
and GLEAM uncertainties are related to the quality of satellite-based inputs and model assumptions.

Some limitations may also arise from the statistical formulation of the drought indices themselves, given the 
challenges in fully describing the statistical behaviour of hydroclimatic variables. It is worth noting that, even 
though GMID represents a step forward in terms of flexibility in index calculation, the question of optimal dis-
tributions for standardisation remains an open one that has been widely discussed in the literature. Alternative 
distributions (e.g., the Tweedie distribution) are sometimes chosen beyond those adopted here25 and may out-
perform the default selections in GMID at the local scale. Another relevant issue concerns the assumption of 
stationarity underlying drought indices, which is becoming increasingly uncertain under a changing climate78,79. 
As a result, commonly used standardisation approaches may not be the most suitable for drought assessment 
under non-stationary conditions80. However, current non-stationary approaches still present limitations and 
require further development81, posing challenges for their operational implementation.

Fig. 10  Comparison of SPI and SPEI 1-, 3-, 6- and 12-month time scales from GMID (best-fit), GDO, and 
SPEIbase during the 2015 (July) drought affecting Caribbean region89.
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Even with these constraints, GMID represents a valuable source of high-quality data for drought assessments, 
beyond existing global data sources. It is anticipated that GMID will be updated annually; thus, this first version, 
covering the period 1980–2024, represents a baseline that will be updated and improved in future versions.

Usage Notes

•	 Drought indices series may contain −Inf and + Inf values, which corresponds to values for which there is no 
solution according to the probability distribution adopted. For the best-fit approach, Vicente-Serrano et al.32 
suggest replacing the infinite values with −2.88/ + 2.88 (corresponding to a 500-year return period according 
to a normal distribution), but we decided to keep these infinite values so that the end user can decide how to 
process them. This ensures consistency between the reference and best-fit approaches of the dataset, while 
avoiding the use of predefined bounds for the index values.

Fig. 11  Comparison of SPI and SPEI 1-, 3-, 6- and 12-month time scales from GMID (reference), GDO, and 
SPEIbase during the 2001 (June) drought affecting Turkey75.
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•	 Desert and Arctic areas are included in GMID. However, the indices values should be considered carefully 
due to known limitations in drought indices computation over these areas82. These limitations may lead to 
an over- or underestimation of drought events in desert areas, as well as the presence of outliers and missing 
values where the probability distribution cannot be adequately fitted.

•	 The sign of both the EDDI (i.e., higher PET results in lower EDDI) and SVPDI (i.e., higher VPD results 
in lower SVPI) was reversed to make the indices easier to compare with the other indices. Thus, for all the 
drought indices, negative values indicate dry conditions while positive values represent wet conditions.

Fig. 12  Comparison of SPI and SPEI at a 1-month time scale from GMID (best-fit), GDO, and SPEIbase during 
the 2019 (September) flash drought affecting the south-eastern United States76.
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Data availability
The dataset is openly available on the Environmental Information Data Centre (EIDC) at https://catalogue.ceh.
ac.uk/documents/f5ce92b0-03e8-4719-82ff-c62e6ebe927b. GMID is constructed from multiple third-party datasets, 
including MSWEP (v2.8) precipitation data (https://www.gloh2o.org/mswep/), GLEAM (v4.2) evapotranspiration 
and potential evapotranspiration data (https://www.gleam.eu/#downloads), and MSWX (vMSWX-Past) 
temperature and relative humidity data (https://www.gloh2o.org/mswx/). For the technical validation, SPI data from 
the Global Drought Observatory (GDO) (https://drought.emergency.copernicus.eu/tumbo/gdo/download/) and 
SPEI data from the SPEIbase v2.9 (https://digital.csic.es/handle/10261/332007) were used.

Code availability
The code used to generate the reference version of the indices is available at https://github.com/sbegueria/SPEI/
tree/master/R.

The code used to generate the best-fit version of the indices is available at https://github.com/lcsc/
FlexDroughtIndex.
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