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Abstract

:

The Amazon River Basin (ARB) plays an important role in the hydrological cycle at the regional and global scales. According to the Intergovernmental Panel on Climate Change (IPCC), the incidence and severity of droughts could increase in this basin due to human-induced climate change. Therefore, the assessment of the impacts of extreme droughts in the ARB is of vital importance to develop appropriate drought mitigation strategies. The purpose of this study is to provide a comprehensive characterization of dry spells and extreme drought events in terms of occurrence, persistence, spatial extent, severity, and impacts on streamflow and vegetation in the ARB during the period 1901–2018. The Standardized Precipitation-Evapotranspiration Index (SPEI) at multiple time scales (i.e., 3, 6, and 12 months) was used as a drought index. A weak basin-wide drying trend was observed, but there was no evidence of a trend in extreme drought events in terms of spatial coverage, intensity, and duration for the period 1901–2018. Nevertheless, a progressive transition to drier-than-normal conditions was evident since the 1970s, coinciding with different patterns of coupling between the El Niño/Southern Oscillation (ENSO) phenomenon and the Pacific Decadal Oscillation (PDO), Atlantic Multidecadal Oscillation (AMO), and Madden–Julian Oscillation (MJO) as well as an increasing incidence of higher-than-normal surface air temperatures over the basin. Furthermore, a high recurrence of short-term drought events with high level of exposure to long-term drought conditions on the sub-basins Ucayali, Japurá-Caquetá, Jari, Jutaí, Marañón, and Xingu was observed in recent years. These results could be useful to guide social, economic, and water resource policy decision-making processes in the Amazon basin countries.
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1. Introduction


The Amazon River Basin (ARB) is the largest water basin in the world and a dynamic ecosystem that flows through Brazil, Peru, Bolivia, Colombia, Ecuador, Venezuela, Guyana, and Suriname [1]. It is also the largest rainforest in the world [2]. Approximately 2/3rd of the ARB includes the states of Acre, Amazonas, Santa Catarina, Rondônia, and Roraima and part of the states of Amapá, Mato Grosso, and Pará in Brazil [3]. In the northern ARB, the below-normal rainfall and streamflow are often linked to El Niño-Southern Oscillation (ENSO) conditions in the tropical Pacific [4,5,6], sea surface temperature (SST) anomalies in the tropical Atlantic [7,8], or to an interaction of both at different time scales [4,9,10].



The ARB suffered two unprecedented drought events in 2005 and 2010. In the case of 2005, large regions of the western ARB were affected by elevated warming in the tropical North Atlantic and reported one of the most severe droughts of the previous 100 years. Unlike the drought episode of 2005, the 2010 event was preceded by anomalous warming over the equatorial Pacific and North Atlantic oceans [4,11,12].



Throughout history, droughts have caused strong social, economic, and environmental impacts in the ARB [13], which are exacerbated by anthropogenic factors such as land use changes associated with the agriculture and forestry sectors [4]. During the last two decades, several studies have revealed a recurrent delay in the onset of the rainy season and drought conditions over different regions of the ARB [1,13], mostly driven by the impact of global climate change on the moisture transport from the tropical north Atlantic [14,15] and the ENSO phenomenon [8]. In line with these findings, the Fourth Assessment Report (AR4) of the Intergovernmental Panel on Climate Change (IPCC) warned that the dry spells and droughts have been worsening in recent years over the ARB [16]. Climate change projections used in the IPCC Fifth Assessment Report (AR5-IPCC) also show an intensification of dry spells and droughts for the 21st century [17,18,19]. The intensification of drought conditions in the ARB is receiving increasing attention among water resource managers, farmers, development specialists, researchers, and policy makers [20], due to the negative implications for biodiversity, water resource management, food security, transportation, rainfed agriculture, and native people.



The simplest way for monitoring drought conditions is to use drought indices, which provide traceable information on intensity, severity, and duration [21]. Nevertheless, this approach has limitations when applied to large regions with scarce ground-based climate data because it cannot offer reliable information on drought conditions. With recent advances in remote sensing, most of the drought indices can be calculated in areas where ground-based data are sparse using remote sensing data, such as the Standardized Precipitation Evapotranspiration Index (SPEI) [22], Standardized Precipitation Index (SPI) [23,24], Normalized Difference Vegetation Index (NDVI) [13], Enhanced Vegetation Index (EVI) [25], among others. Satellite-based drought indices have recently become an alternative for monitoring drought risks in large and sparsely-gauged areas similar to the ARB [26].



The SPEI has been widely used to assess drought impacts in different parts of the world [27,28,29] due to its multi-scalar nature, its capacity to identify different drought types (i.e., meteorological, hydrological, and agricultural), and its sensitivity to long-term trends in temperature change [22,30]. The SPEI takes into account the difference between the precipitation (P) and potential evapotranspiration (PET) at different time scales, which is fitted with a probability distribution for a baseline period. The fitted values are then standardized and classified into drought categories [22,28].



Unlike the SPEI, the NDVI is a drought index based on the ratio of spectral reflectance values of red and near-infrared bands derived from optical sensors on board of satellite platforms [31]. The NDVI is widely used for agricultural drought monitoring, due to its remarkable sensitivity to the condition of the vegetation [32] as well as precipitation and soil moisture [13]. Nevertheless, the NDVI exhibits a noticeable effect of saturation over high biomass areas [33]. The EVI is proposed to overcome this limitation of the NDVI, which, in addition to red and near-infrared bands, uses the values of reflectance from the blue band to minimize atmospheric and soil background effects [25].



Numerous studies conducted in the ARB have focused on the main characteristics of drought events of 2005 [7,11,34] and 2010 [11,35]. In some studies, the NDVI was adopted as a drought index to assess the impact of drought conditions on vegetation during the occurrence of extreme events [13,36,37]. Similarly, the EVI was used to characterize the 2005 and 2010 droughts in Amazonia [38,39]. However, despite the advantages of SPEI over other drought indices, such as its flexibility to reflect the impact of droughts on different time scales, operational simplicity, and its probabilistic nature [28], very few studies have used the SPEI to assess drought impacts in the ARB. For example, Sorí et al. [40] used the SPEI at 1-, 6-, and 12-month time scales (i.e., SPEI1, SPEI6, and SPEI12, respectively) derived from ground-based climate data to investigate the moisture uptake anomalies during the most intense wet and drought episodes in the Negro River and Madeira sub-basins from 1980 to 2016. They found that drought conditions within both sub-basins do not occur simultaneously, confirming that the climatic water balance may greatly differ within the ARB. Spinoni et al. [41] also used the SPEI3 and SPEI12 to identify drought episodes for the Amazon region defined by the AR5-IPCC during 1951–2016, but due to the fact that most of the climate networks currently available in the ARB are inadequate due to sparse spatial coverage, a high proportion of missing data, and short record lengths, the authors used P and PET from the Climatic Research Unit gridded Time Series (CRU TS) dataset [42]. They pointed out that the western Amazonia experienced increased drought frequency due to the progressive temperature increase in the last decades. Interestingly, to our knowledge, there is no recent study that assesses the long-term variability of extreme droughts through the SPEI over the entire ARB.



For the reasons exposed above, more detailed studies are still needed on the evolution of the dry spells and droughts to understand how climate variability could be affecting the distribution of extreme droughts in the ARB. This information is of paramount importance to develop appropriate strategies of planning and managing water resources during drought and water scarcity conditions. Thus, the objectives of this study are: (i) to evaluate the long-term temporal patterns of drought events in the entire ARB; (ii) to analyze the land–atmosphere coupling during the more recent extreme drought events in terms of their impacts on vegetation and streamflow; and (iii) to identify the regions of the ARB more prone to suffering drought events. The major novelty of this study with respect to similar previous studies is the use of the newest gridded global SPEI drought product based on the CRU TS dataset to delineate those areas of the ARB where drought events are becoming more frequent and persistent.




2. Materials and Methods


2.1. Study Area


The study was carried out over the Amazon River Basin (ARB), which is located between 5.3° N–20.1° S and 49.2–79.5° W (Figure 1a), with a drainage area of 4,670,000 km2 at Óbidos on its mainstream [1] and an annual mean discharge of 163,000 m3/s [43]. The ARB has more than 24 million inhabitants and a human population density of about 4 inhabitants per square kilometer [44]. It is characterized by a vast range of biodiversity, landscapes, topography, climates, and rainfall regimes [45]. Roughly 43% of the ARB has a tropical rainforest climate [46]. Mean air temperature values range from 24 to 26 °C with an annual amplitude of 1 to 2 °C [15]. The mean annual precipitation across the ARB is approximately 2220 mm [47], ranging from around 1500 to >2500 mm [48] (Figure 1b). The temporal variability of precipitation is largely controlled by the moisture transport from the Atlantic Ocean [49], which in turn is modulated by SST anomalies over the tropical Atlantic region and the ENSO phenomenon [50], while the existence of a complex feedback between the climate and the forest has a significant control on its regional spatial variability [47,51]. Over the northern ARB, the rainy season occurs during March to May, whereas the dry season is from December to February. An opposite precipitation regime is observed in the southern ARB [49]. The ARB consists of 33 endorheic sub-basins (Figure 1c) [52]. The elevation of the ARB gradually rises from the eastern lowlands (near zero meters above sea level (a.s.l.)) to the higher Andes (above 5000 m a.s.l.) (Figure 1d) [53]. The forest is the most prominent land cover in the ARB and covers about 83% of its entire surface [54].




2.2. Datasets


2.2.1. Standardized Precipitation Evapotranspiration Index (SPEI)


The SPEI was used to assess drought conditions and their variability in time over the ARB. It was obtained from the Global SPEI database webpage (https://spei.csic.es/database.html; version 2.6 released in March 2020) at 3-, 6-, and 12-month time scales, respectively; covering January 1901 to December 2018. The rationale behind the choice of this dataset is related to the fact that the SPEI has a high sensitivity to temperature [28], good spatial coverage (global at 0.5° spatial resolution), and that it was recently updated by the Spanish National Research Council (CSIC). The 3-, 6-, and 12-month time scales were selected to focus attention on both short-term (i.e., SPEI3) and long-term (i.e., SPEI6 and SPEI12) drought events [22]. For the calculation of the SPEI, CSIC used P and PET from the newest CRU TS dataset (version 4.03), where the PET is based on the Food and Agriculture Organization of the United Nations-56 (FAO-56) Penman-Monteith formulation [57]. A large number of stations located in the ARB with good quality control and homogeneity checks were used by the Climatic Research Unit (University of East Anglia) for the development of the CRU TS dataset [58]. Therefore, the SPEI dataset is considered a reliable dataset for drought studies, as confirmed in previous studies [28,41]. Moreover, the spatial and temporal consistency of the SPEI dataset was checked and their area-averaged time series were visually inspected to detect any problems. For more details about the SPEI dataset, the reader is referred to Vicente-Serrano et al. [28].




2.2.2. Enhanced Vegetation Index (EVI)


The EVI was used to assess the impact of drought conditions on vegetation in the ARB. The global gridded EVI data were obtained from the NASA Land Processes Distributed Active Archive Center (LP DAAC) webpage (https://lpdaac.usgs.gov), which derived this dataset from the MOD13C2 product (version 6.0) using a correction algorithm for molecular scattering, ozone absorption, and aerosols [59]. This dataset was selected because of its long temporal coverage (from 2000 to 2020), monthly aggregation, improved sensitivity over high biomass regions, moderate spatial resolution (0.05°), and the fact that it has been adopted for agricultural drought assessment in Amazonia [37]. Further details of the MOD13C2-based EVI dataset can be found in Solano et al. [59].




2.2.3. Ground-Based Observations


For the period 1974–2014 within the ARB, we used (Figure 1): (i) the monthly streamflow observations (in m3/s) from the Brazilian National Water Agency (ANA) streamflow gauge stations (available at https://bit.ly/3eT3VJo); and (ii) the monthly rainfall observations (in mm) from the National Institute of Meteorology (INMET) rain gauge stations (available at www.inmet.gov.br). ANA and INMET apply a rigorous process of quality control and homogenization to these datasets before they are published. Data from both datasets are considered as reliable benchmarks against which to assess the performance of the SPEI in capturing drought conditions during the most recent drought events. In order to ensure a fair comparison of the drought conditions from the SPEI with ground-based data: (i) observations outside of the monthly mean ± 3.5 standard deviations (outlier values) under assumption of a Gaussian distribution [60] were coded as missing data; (ii) any observed time series with more than 10% missing data per month were omitted to maximize the reliability of the analyzes [61]; and (iii) missing data were not filled in to avoid the uncertainties inherent in the imputation techniques [62]. The result was that 13 streamflow gauge stations and 5 rainfall gauge stations passed these criteria and were, therefore, used in the following analyses.




2.2.4. Auxiliary Satellite-Based Datasets


The near-surface air temperature (T2M), land cover, climate type, terrain elevation, and rainfall were used as auxiliary information. The T2M was extracted from the re-analysis data of the European Centre for Medium-Range Weather Forecasts (ERA5) [63] at 0.25° spatial resolution for the period 1979–2018 (available online at https://cds.climate.copernicus.eu). The land cover data were obtained from the European Space Agency Land Cover-Climate Change Initiative (ESA LC-CCI) map of 2018 at 300 m spatial resolution (available online at http://maps.elie.ucl.ac.be) [64]. The climate type was extracted from the Köppen-Geiger climate classification developed by Beck et al. [46], which is available at https://bit.ly/2Zt90Bu. The elevation was derived from the Shuttle Radar Topographic Mission (SRTM) at 250 m spatial resolution (available online at https://earthexplorer.usgs.gov). The monthly rainfall dataset was derived from the Tropical Rainfall Measuring Mission (TRMM) Multi-satellite Precipitation Analysis (TMPA) 3B43v7 rainfall product [65] at 0.25° spatial resolution for the period 1998–2018. The rainfall data were retrieved from the web-based Geospatial Interactive Online Visualization and Analysis Infrastructure (Giovanni) application (available online at https://giovanni.gsfc.nasa.gov). Further information on the generation, validation, and calibration of these datasets is available in the links shown above.





2.3. Methodology


As a first step, all gridded datasets were clipped using a shapefile of the ARB as a mask while conserving their native spatial resolution to avoid the spatial uncertainty inherent in the interpolation techniques [66]. The clipped SPEI dataset at 1-, 6-, and 12-month time scales are provided in the Supplementary Materials.



For a given pixel and regardless of the time scale of the SPEI (i.e., 3-, 6-, or 12-month): (i) a dry spell starts when SPEI ≤ −1.00 during a period comprising at least two consecutive months, and it ends when SPEI > −1.00; (ii) the duration of a dry spell is the number of months between its start and end; (iii) the peak is the lowest SPEI value during the occurrence of a dry spell; (iv) the severity is the absolute value of the sum of the values of SPEI from the start to end of the dry spell; (v) the intensity is the ratio between the severity and the duration of a dry spell, which is classified into one of the categories shown in Table 1.



For a given month, the drought spatial coverage is the percentage of pixels with values of SPEI ≤ −1.00. In this study, an extreme drought event occurs when the drought spatial coverage is greater than 20% (about 1,196,462 km2) for at least five consecutive months. The rationale behind the choice of this threshold is related to the fact that under this condition there are significant impacts on rainfall, vegetation, and water resources in the ARB [7,20], which can be detected in both the ground-based data and the satellite-based data [36,37]. During the occurrence of an extreme drought event, the persistence is the time period (as a percentage of the duration of the extreme drought event) in which a pixel shows values of SPEI ≤ −1.00; thus, this feature is a proxy for drought severity.



In a second step, the area-averaged values of SPEI via the median were used to explore the long-term temporal evolution of the drought conditions in the ARB in terms of its intensity and spatial coverage from 1901 to 2018 together with the identification of the onset and ending of extreme drought events. The median was chosen to minimize the bias effect of extreme values in both datasets [68]. The monthly intensity was calculated considering only those pixels where the SPEI ≤ −1.00. The modified Mann–Kendall trend test, which is a non-parametric test developed by Yue and Wang [69] widely used to analyze trends in hydroclimatic time series regardless of the existence of serial correlation [70], was applied at the 5% significance level to verify the presence of long-term trends in the time series of SPEI3, SPEI6, SPEI12, along with the drought spatial coverage; the Theil–Sen method was applied to estimate the slope of said trends [71].



The extreme drought events were then analyzed in terms of their persistence and of any relationships that exist between the atmosphere, vegetation, and water resources. The coupling between the vegetation and atmosphere was examined by a wavelet coherence analysis (WCA) applied to the area-averaged values of SPEI against EVI, T2M, and TRMM-based rainfall during their common periods (i.e., 2001–2018, 1980–2018, and 1998–2018, respectively). The WCA is defined as the square of the cross-spectrum normalized by the individual power spectra; thus, unlike the linear correlation analysis, it allows temporal regions with high common power between two time series in time-frequency space to be revealed [72]. In this study, the computational procedure of the WCA described by Torrence and Compo [73] was used, while the Monte Carlo approach was used in the estimation of the level of statistical significance [74]. On the other hand, the coupling between the drought conditions and streamflow was examined using both recent ground-based observations (i.e., rainfall and streamflow) and satellite-based data. The WCA was replaced in this case by a visual intercomparison because of the relatively short rainfall and streamflow periods of record.



Because drought episodes in terms of intensity, frequency, and duration can be exacerbated by local factors such as terrain characteristics and climate [7,34], a cluster analysis based on the k-medoids algorithm [75] was applied in order to better understand the extent of any potential relationships. The rationale behind the use of the k-medoids algorithm is that this is a robust approach to deal with both mixed-type data (i.e., nominal, ordinal and ordered) and outliers [75,76]. The numerical minimization of the sum of the dissimilarities of the observations to their closest representative group was used as a truncation criterion to choose the optimal number of clusters [77]. The spatial localization (i.e., longitude and latitude), land cover, type of climate, and terrain elevation were considered as local factors, which have been shown to influence the spatial distribution of precipitation in Amazonia [15,53]. As mentioned in Section 2.2.4, the type of climate, land cover, and terrain elevation were obtained from auxiliary satellite-based datasets. All datasets were resampled using the nearest neighbor technique to match the 0.5-degree latitude by 0.5-degree longitude grid of the SPEI. For the sake of simplicity, the land cover was categorized into forest, grassland, cropland, and other. The type of climate was classified into Aw (tropical savannah), Af (tropical rainforest), Am (tropical monsoon), and other. The terrain elevation was categorized into four groups (i.e., low, medium, high, and very high) by a quantile classification algorithm, which distributes the elevation data into categories having an equal amount of data. Figure 2 summarizes the above analysis methods that were applied for this study.





3. Results


3.1. Long-Term Temporal Patterns of Drought Events in the Entire ARB


Figure 3 shows the evolution of the values of SPEI at the 3- (SPEI3; Figure 3a,b), 6- (SPEI6; Figure 3c,d), and 12-month time scales (SPEI12; Figure 3e,f) averaged over the entire ARB during the period 1901–2018; all time series were calculated using the median to minimize the bias caused by any outlier in the data. The values greater than 1.00 shown in blue and cyan indicate the dominance of wet conditions, whereas the lower values, less than −1.00, shown in orange and red, indicate the dominance of dry conditions.



The area-averaged values of SPEI3 ranged from −1.672 to 1.496 with a median equal to 0.023; the area-averaged values of SPEI6 ranged from −1.791 to 1.499 with a median equal to 0.016; and the area-averaged values of SPEI12 ranged from −1.370 to 1.399 with a median equal to 0.003. Regardless of the time scale used in the calculation of the SPEI, dry conditions prevailed in the years 1964, 1992, and 2016 (SPEI median: −0.517), while wet conditions prevailed in the period 1973–1975 (SPEI median: 0.856) (see Figure 3). The monthly time series of SPEI3 and SPEI12 showed the predominance of drought conditions throughout the period of 2015–2016 (SPEI median: −0.612). It is important to note that drought conditions were relatively frequent in the ARB, particularly since 1975 (the number of months with the area-averaged SPEI median ≤−1.00 were equal to 13, 11, and 10 for the 3-, 6-, and 12-month time scales, respectively), though their intensities vary based on time scale. The more extensive drought conditions were observed in 1964, 1992, and 2016 (Figure 4), where more than 30% of the entire ARB (roughly 1,794,693 km2) was affected by drought conditions at all time scales during several consecutive months. These results suggest the presence of an underlying multi-decadal oscillation in the occurrence of extensive drought conditions, which may be attributed to the effects of the Pacific and Atlantic multi-decadal variability on rainfall in the ARB [78].



In terms of trends observed at 5% significance level throughout the ARB from 1901 to 2018, significant decreasing trends in the time series of SPEI3 (Theil-Sen slope: −6.98 × 10−5), SPEI6 (Theil-Sen slope: −6.47 × 10−5), and SPEI12 (Theil-Sen slope: −1.32 × 10−5) were observed (see Figure 3). In contrast, significant increasing trends in the time series of the percentage of area under drought conditions based on the SPEI3 (Theil-Sen slope: 0.005%), SPEI6 (Theil-Sen slope: 0.004%), and SPEI12 (Theil-Sen slope: 0.004%) were observed (see Figure 4). These results indicate the occurrence of a long-term drying trend over an increasingly larger portion of the ARB throughout the 1901–2018 time period.



In order to explore the extreme drought events in the ARB, Table 2 summarizes their main features during the analysis period. The most severe event for each time scale occurred from July 1963 to March 1964 (SPEI3), from October 2015 to September 2016 (SPEI6), and from August 2015 to August 2017 (SPEI12). This last event showed the highest severity (37.79) due to the exceptional character of its duration (21 months), although the intensity was relatively low throughout the period. From Table 2, one can see that the more severe events exhibited lower intensities than the absolute minimum value for each time scale analyzed. These findings suggest that the most severe droughts tend to be longer and with low intensity.



Another interesting aspect revealed by the SPEI time series was that the extreme drought events tended to be more frequent since 1960, in particular at the 6- and 12-month time scales (Figure 5), which is in line with the observations-based results reported by the AR5-IPCC [16] and other recent studies aimed at the analysis of droughts in the Amazonia [4,7,9,34]. It should be noted that the upward trend in extreme drought events should be interpreted with caution because the CRU TS-based SPEI dataset during the first half of the 20th century is based on a relatively low number of ground-based climatic data [58], which can generate a moderate uncertainty in relation to its capability to detect extreme drought events in the ARB before the 1960s.



To investigate the impacts of the extreme drought events in terms of intensity and temporal persistence, each extreme drought event listed in Table 2 was isolated. Then, the intensity and the temporal persistence were calculated for each pixel using the methods described earlier. Figure 6 displays the spatial distribution of the intensity and the temporal persistence over the ARB during the incidence of the SPEI3, SPEI6, and SPEI12 extreme drought events. A visual inspection of this figure reveals that the SPEI3-based E4 event showed a relatively large area with the highest values of intensity (intensity values >3) on the low part of the Ucayali and Napo River sub-basins near the Peru–Brazil border (see Figure 6a). In contrast, the other drought events were characterized by the presence of large areas with low to moderate intensity (intensity values ≤3). A high temporal persistence of drought conditions was observed on large geographical regions for all drought events regardless of the local intensity (see Figure 6b).



Regarding the SPEI6-based extreme drought events, a similar pattern to the SPEI3-based extreme drought events in terms of intensity and temporal persistence was observed. That is, they tended to show a low intensity and high persistence over large areas of the ARB, except for the SPEI6-based E7 event, which was characterized by the occurrence of values of high intensity in lower portions of the Ucayali and Napo River sub-basins (Figure 6c). Similarities were also observed when the SPEI12-based extreme drought events were considered (see Figure 6e,f). Interestingly, these results are consistent with Table 2 and reveal that the impact of the extreme drought events was based primarily on their long persistence rather than their intensity.



A detailed comparison, considering the intensity and the temporal persistence simultaneously for the 3-, 6-, and 12-month time scales showed that the SPEI3-based E4 event and the SPEI6-based E7 and SPEI12-based E7 events were a concurrent event (see Figure 6). Note that this event affected a well-defined region on the lower part of the Ucayali and Napo River sub-basins, exhibiting a relatively low temporal persistence in relation to drought conditions on surrounding regions at the 6- and 12-month time scales. The more detailed inspection of this event in Figure 6 suggested the incidence of a dry spell with a very high intensity (the values of intensity were greater than 4.00 at the pixel level) but with a relatively short temporal evolution.




3.2. Land–Atmosphere Coupling during the more Recent Extreme Drought Events in the ARB


This section investigates the land–atmosphere coupling during the more recent drought events in terms of their impacts on vegetation, temperature, and streamflow. In order to select the most adequate time scale to assess the land–atmosphere coupling, the Spearman rank correlation coefficient between the paired values of SPEI at different time scales against the EVI, T2M, and rainfall (including their monthly anomalies) using a lag time of zero months during their common time periods was applied (Table 3). The Spearman rank correlation coefficient is adopted because of the predominance of a non-Gaussian distribution in these time series and their respective anomalies (not shown).



The Spearman correlation coefficient (R) for the SPEI6 against the EVI (R value: −0.250) and for the SPEI3 against the anomalies of T2M (R value: −0.515) and rainfall (R value: 0.559) showed the highest magnitudes (Table 3). The T2M and rainfall were more sensitive than the EVI to short-term changes in precipitation and temperature reflected by the SPEI3. A moderate delay in the response of the vegetation to climatic conditions was also evidenced by the strength of correlation between the SPEI6 and the EVI.



In the ARB, the forest is the most prominent land cover (about 83% of its entire surface) [8]; therefore, the EVI spatiotemporal variability can be mainly attributed to seasonal changes in the vegetation greenness in the Amazon forest [79] and other edaphoclimatic factors, such as soil-moisture retention and evapotranspiration [37]. It is well-known that during the occurrence of prolonged warm and dry conditions, the vegetation phenology is mostly driven by the soil water availability and the adaptive strategy to prevent excessive water loss used by plants (e.g., the stomatal closure) [80]. These mechanisms can help to explain the above-mentioned moderate delay between the SPEI6 (the climate signal) and EVI (the vegetation signal). On the other hand, the highest association between the SPEI3 against the T2M and rainfall when the last two variables were expressed as anomalies (see Table 3) can be mainly explained by the effect of noise suppression in the native data of T2M and rainfall during the calculation of the monthly anomalies, leading to enhanced temporal coherence between both signals.



To gain further insights on the land–atmosphere coupling throughout the more recent drought events, wavelet coherence analysis (WCA) was applied considering the SPEI6 against the EVI and the SPEI3 against the anomalies of T2M (T2Ma) and rainfall (RA). For this analysis, these variables were previously area-averaged over the entire ARB. Unlike the correlation analysis, the WCA allows the calculation of the intensity of the covariance and the phase difference between the two time series in a time–frequency domain [73,81]. Squared wavelet coherence together with their phases for SPEI6-EVI, SPEI3-T2Ma, and SPEI3–RA are shown in Figure 7. In Figure 7b,d,f, the blue color indicates low wavelet coherence (near zero), whereas the red color shows areas of high wavelet coherence (near one).



An inspection of Figure 7 shows that the SPEI6 against EVI and the SPEI3 against T2Ma and RA had different degrees of coherence for a variety of periods and time scales. The wavelet coherence between the SPEI6 and EVI revealed areas with the highest common power at recurrence intervals of 9–12 months from 2009 to 2012 (significant at 95% level), in which the EVI signal tended to lead the SPEI6 signal, indicating that there was an asynchronous coupling in intensity and direction of the correlation between the SPEI6 and EVI during this period. It should, however, be noted that the SPEI6-based E11 and E12 extreme drought events (see Table 2; from September 2012 to January 2013 and from October 2015 to September 2016, respectively), coincided with an abrupt coupling between the signals of SPEI and EVI with recurrence times of 1–4 months (i.e., arrows in-phase in Figure 7b). As noted by Zhao et al. [82], the forest and other land cover types (e.g., grassland and non-irrigated) tended to show low physiological resistance to very persistent water deficits in the ARB.



The wavelet coherence between the SPEI3 and T2Ma exposed large areas with high significant power at recurrence intervals of 25–40 months from 1980 to 2018, in which the signals of SPEI3 and T2Ma tended to be in anti-phase, indicating that there was a synchronous coupling in intensity but with inverse direction in the relationship between the SPEI3 and T2Ma for this period. It is also important to mention that during the occurrence of the SPEI3-based extreme drought, events E4 (from 02/1985 to 07/1985), E5 (from 08/1988 to 12/1988), and E6 (from 11/1991 to 03/1992) were observed in small areas with high significant power at recurrence intervals of 4–8 months, indicated that these events were characterized by the concurrent combination of drought conditions and heat waves (see Figure 7c). Another aspect evident in Figure 7c is a temporal tendency towards warmer-than-normal conditions since the beginning of 2000, which reached an exceptional peak during the evolution of the SPEI3-based E7 extreme drought event (from 08/2015 to 03/2016), after which a bounce-back effect was observed (September 2015).



The wavelet coherence between the SPEI3 and RA was relatively comparable to that obtained for the SPEI3 against T2Ma (see Figure 7d,f), even though the SPEI3-RA showed high significant power during most parts of the period analyzed (i.e., 1988–2018). As expected, Figure 7f reveals a significant power at recurrence intervals of 30–64 months from 1988 to 2018 where both signals are in phase, meaning that the rainfall variability has a strong contribution to the occurrence of drought conditions in the ARB, particularly when persistent drought conditions were observed (e.g., during the occurrence of the SPEI3-based E7 extreme drought event between August 2015 and March 2016). Unlike the T2Ma, the RA did not experience a clear tendency towards drier-than-normal conditions in terms of the amount of precipitation received over the ARB (see Figure 7c,e).



In order to investigate the impacts of drought conditions on streamflow, a visual inspection of the streamflow and rainfall anomalies on a monthly time scale at certain rivers was conducted to examine their response to drought conditions during the period 1974–2013. The major rivers Amazon, Curua, Jari, Madeira, Maicuru, Macajai, Purus, and Xingu were considered for this analysis (see Figure 1c). The rationale behind the choice of this period is that the ground-based data from the ANA and INMET contain few gaps (less than 10% missing data per month). The SPEI12-based extreme drought events were chosen because this time scale has been widely used for assessing hydrological droughts [21,83]. Figure 8(a1–a13) display the streamflow anomalies, while Figure 8(b1–b5) depict the rainfall anomalies. Furthermore, Figure 8c–g show the spatial distribution of the temporal persistence of drought conditions for the extreme drought events E6, E7, E8, E9, and E10 based on the time scale of 12 months (see Figure 6e,f)



Despite the low density of the hydrometeorological network and the poor distribution of the gauges within the ARB (see Figure 8h), the SPEI12-based climate response showed good agreement with the in-situ data in those sub-basins affected by drought conditions during the occurrence of the SPEI12-based events (see Figure 8(a1–a13)), implying that the SPEI12 captured the spatial distribution of the long-term droughts reasonably well in the ARB, as well as its temporal behavior. A more detailed examination of the streamflow gauges with negative anomalies revealed that the upstream areas of their catchments were totally or partially affected by drought conditions. This distinctive feature, which was particularly evident through the E6 event, implied that the evolution and propagation of one meteorological drought event into one hydrological drought event was heavily dependent on the spatial coverage and persistence of drought conditions within the sub-basins upstream of the streamflow gauge in addition to the catchment characteristics [84]. Note that the E6 event was concentrated mostly over the northern and northeastern parts of the ARB (Figure 8c) and was also concurrent with strong anomalies at almost all streamflow gauges (excepting the Madeira River, see Figure 1c). Nevertheless, as shown in Figure 8(a1–a13), the occurrence of negative streamflow anomalies was not necessarily indicative of the existence of an extreme drought event. For instance, a dry spell spatially concentrated over a part or the entirety of one sub-basin can lead to local hydrological drought (e.g., see the red bars in Figure 8(a7)).




3.3. The Regions of the ARB more Prone to Suffering Drought Events


The previous analyses provided limited information on the drought episodes that were not classified as extreme drought events (i.e., dry area: ≥20% of the ARB and duration: ≥5 months). However, as can be seen from Figure 8(a1–b5), there was a pronounced occurrence of dry episodes with drought coverage less than 20% in the ARB (henceforth dry spells), particularly since 1975. This limitation was overcome by calculating the frequency of dry spells and their duration within each pixel of the SPEI3, SPEI6, and SPEI12 for the period 1975–2018. For consistency, those events with a duration less than 2 months were not considered as dry spells. The spatial distribution of the number of dry spells is shown in Figure 9a, while Figure 9b displays their average duration.



The number of dry spells [NDS] tended to be shorter when the SPEI time scale increased (Figure 9a). In contrast, the average duration of the dry spells [DDS] tended to be longer when the SPEI time scale increased (Figure 9b). A few studies have suggested that the impacts of drought events in some regions of the ARB are associated with the precipitation variability [48] and other local factors such as topography [85], vegetation [82], and dominant climate conditions [50]. For this reason, a medoids-based cluster analysis was used to explore the association between both the NDS and DDS with the terrain elevation, land cover, and type of climate based on the Köppen-Geiger climate classification in the ARB. According to this analysis, there are two subregions in the ARB with marked differences in terms of NDS and DDS. Figure 10a shows the spatial distribution of these subregions, while the land cover, terrain elevation, and type of climate are shown in Figure 10b–d. As can be seen, the C2 region is characterized by the occurrence of the most extreme dry spells in terms of NDS (median NDS: 27, 19, and 11 dry spells for time scales of 3, 6, and 12 months) and DDS (median DDS: 3.71, 5.56, and 9.27 months for time scales of 3, 6, and 12 months). On the other hand, the C1 region showed median values of 16, 11, and 6 dry spells for NDS, and 3.39, 5.00, and 9.00 months for DDS at time scales of 3, 6, and 12 months, respectively. This reveals the presence of a well-defined region where the frequency of dry spells was much higher than that in other regions of the ARB (Figure 10a), even though their duration tended to be similar (see DDS in Figure 9).



When the local factors are analyzed in terms of NDS for the C2 region, the results reveal that the variation range of NDS for the land cover is slightly higher than that for the terrain elevation and the type of climate (not shown). Nevertheless, this finding is not necessarily indicative of the forest being more sensitive to drought than other land cover classes. The fact that forests is the predominant land cover (about 92% of the total area in the ARB) can help to explain this slight difference in NDS values between land cover classes. In other words, there is no clear evidence that the high incidence of drought in different regions of the ARB (C2 in Figure 10a) is associated to terrain characteristics, land cover, and type of climate.



Overall, the results indicated that the greater part of the sub-basins Ucayali, Japurá-Caquetá, Jari, Jutaí, Marañón, Tapajós, and Xingu (see Figure 1c and Figure 10a) exhibited a high incidence of dry spells (NDS > 20 events) with short durations (DDS ≤ 10 months). Therefore, these regions were especially prone to both short-term droughts (Figure 9) and extreme drought events (Figure 6). On the other hand, the remarkable regional persistence of long-term drought conditions on the sub-basins Tapajós and Xingu (Figure 9b for SPEI12) was a relevant finding due to the potential impacts of drought on two key sectors: rainfed agricultural and hydropower production.





4. Discussion


In short, there were strong drought conditions in 1964, 1992, and 2016, while wet conditions were dominant from 1973 to 1975 (see Figure 3). The basin-wide extreme dryness coincided with high SST anomalies over the Tropical North Atlantic (TNA) region in 1964 [86], but it was concurrent with strong El Niño episodes in 1992 and 2016 [87]. These years were also characterized by deficits of precipitation across more than 30% of the basin through various successive months (see Figure 4). In contrast, unusually cool surface waters concentrated in the central Pacific (La Niña) between 1973 and 1975 coincided with prolonged rainfall events in the greater part of the ARB [88]. Several previous studies have showed the modulation of the precipitation on vast regions of the ARB by the SST variability in the TNA and Tropical Pacific regions among other large-scale ocean-atmosphere teleconnections [4,8,34,48]. While intraseasonal precipitation variability is mainly driven by the Madden–Julian Oscillation (MJO) [89], the combined influence of the Pacific Decadal Oscillation (PDO) and the Atlantic Multidecadal Oscillation (AMO) can modulate the effects of ENSO on the spatiotemporal distribution of precipitation across the basin at larger scales [20,48]. Even though other climate modes of natural variability have been identified, the ENSO, MJO, PDO, AMO, and their interactions play an important role on hydroclimatic regime in the ARB [6,90], particularly when they act in synergy blocking the moisture transport from the TNA to the basin [4,78]. Therefore, the basin-wide drought conditions on the ARB may be partially attributed to the influence of the dominant climate modes and their interactions on all time scales. Nevertheless, it should be emphasized that numerous studies using remote sensing techniques have demonstrated that their impacts can be exacerbated by anthropogenic factors (e.g., expansion of agricultural lands) [13,91].



Although results showed the presence of a weak long-term drying trend together with basin-wide drought conditions at the 3-, 6-, and 12-month time scales (see Figure 3 and Figure 4), there was no clear evidence of a trend in the extreme drought events in terms of their spatial coverage, intensity or duration during the entire study period 1901–2018 (see Table 3), which is consistent with the findings of previous studies [92,93]. Nonetheless, the basin-wide drought conditions have become more frequent since the 1970s when compared to other decades (see Figure 5), suggesting a progressive transition to drier-than-normal conditions (see Figure 7). This result is in agreement with a few studies that pointed out the presence of underlying decadal and multi-decadal cycles in the hydrological regime of the ARB [43], which, in turn, are related to the main modes of variability such the PDO and the AMO [20]. The transition from wetter-than-normal conditions to drier-than-normal conditions (see Figure 7c,e) was concurrent with a shift of the AMO signal registered around 2000 (from cold to warm) [94], which, in turn, was frequently coupled with the PDO signal, and thus, with the occurrence of stronger El Niño events [90,95,96]. The concurrence of these climate modes of natural variability may explain part of the intensification of drought conditions, heat waves, and extensive fires in recent decades over the ARB [9].



The drought events that were spatially more extensive and temporally persistent tended to show lower intensities than those observed in other years (see Table 2). Overall, the more severe episodes were characterized by a moderate spatial concentration (see Figure 8 and Figure 9), indicating that the impact of the basin-wide drought conditions was caused by their temporal persistence instead of the prevalence of an extreme climate dryness (i.e., severity). This distinctive behavior was evident in the lower part of the Ucayali and Napo River sub-basins (see Figure 6 and Figure 9). As shown in Figure 3 and Figure 4 and Table 2, the long persistence of basin-wide drought conditions was reflected by the occurrence of longer dry seasons or an excessive delay of the onset of the rainy season [87].



Another key aspect observed in the ARB was the coupling between the drought conditions and the vegetation greenness during the occurrence of basin-wide drought conditions. As expected, the vegetation greenness (dominated by forest) exhibited a strong seasonal variability (see Figure 7a), even though it was characterized by an asynchronous connection with the atmospheric dryness (see Figure 7b). This response may be explained by the combined action of the soil water storage and the adaptive strategy to prevent excessive water loss used by plants (e.g., stomatal regulation), which delay the water loss through evapotranspiration [13,57,82]. Nevertheless, this effect temporally disappeared under prolonged warm and dry conditions (see Figure 7b), meaning that the resilience of vegetation to drought reached an irreversible physiological limit [26], confirmed by the transitory coupling between the EVI and SPEI6 signals (see the lowest periods in Figure 7b). Unlike vegetation, air temperature and precipitation showed a remarkable sensitivity to dry spells, which was reflected by a rapid response to changes in short-term drought conditions (see Figure 7c,e). This situation would exacerbate the climate dryness, favoring the generation of dry biomass from different vegetation types, such as forest, grassland, shrubland, and rainfed crop, among others [34], and increasing the risk of widespread forest fires [97]; this would partially explain the high incidence of forest fires in recent years [98].



Regarding the impacts of drought conditions on streamflow, the results revealed that the severity and duration of the hydrological drought events were strongly dependent on the spatial coverage of drought conditions, their temporal persistence, and catchment characteristics within the sub-basins upstream of the river (see Figure 8). As mentioned above, the soil water holding capacity and the vegetation resiliency to drought contributed to regulate the evolution of meteorological droughts into hydrological droughts and their future evolution over time in different rivers (see Figure 7b and Figure 8). The most intense hydrological drought episodes were not concomitant with extensive and persistent drought conditions, but were consistent with non-extensive drought events (see Figure 8 and Figure 9). Interestingly, most of these drought events were concurrent with El Niño events, warm TNA episodes, or an overlap among them. For instance, a strong El Niño event together with warm TNA occurred during the 2010 drought, leading to wet conditions over northern Amazonia and dry conditions over southern Amazonia [8]. This fact was evident in the streamflow negative anomalies time series at the Madeira river (see Figure 8(a7)), and was also coherent with high levels of exposure to dry conditions observed in recent years over the ARB, particularly to short-term drought events (see Figure 9).



A result of particular concern was related to high recurrence of short-term drought events on the sub-basins Ucayali, Japurá-Caquetá, Jari, Jutaí, Marañón, and Xingu (see Figure 1c, Figure 8a, and Figure 10a) and their relatively high level of exposure to long-term drought conditions (see Figure 6). This finding agrees with a recent work using streamflow data in Amazonia [99], confirming the presence of a drying trend over these sub-basins. Interestingly, the terrain characteristics, land cover, and the type of climate showed a very weak relationship with this drying trend (see Figure 10). The cause of this phenomenon was not elucidated from the current results because of insufficient in situ climate data. Although attribution could be made to the modes of natural variability acting in the ARB [78], this needs further investigation, as it goes beyond the goal of this study. Regardless of its origin, these changes over these specific geographic areas have important implications on different Brazilian sectors, such as rainfed agricultural and hydropower production. In this context, one can infer that the hydrological droughts during the gradual transition to drier-than-normal conditions will tend to reduce the levels of reservoirs affecting the hydropower production, particularly over the Xingu sub-basin. Furthermore, an increased risk of food insecurity, environmental degradation, and forest fire, among other potential impacts related to extreme drought episodes, would be expected, which is in line with projected changes by some regional climate models for several regions of the ARB through the 2010–2100 period [18]. Consequently, the design and implementation of effective adaptation strategies will be necessary in the face of future droughts, implying the integration of the institutions, international non-governmental organizations, and agencies with drought management responsibilities in the ARB.




5. Conclusions


Several statistical approaches were used to better understand how climate variability could be affecting the spatiotemporal distribution of extreme droughts and dry spells in the ARB. The newest gridded global SPEI drought product based on the CRU TS dataset was used as a drought index at different scales (3-, 6-, and 12 months) during the period 1901–2018. The SPEI was selected due to its suitability for the analysis risk and impact assessment of meteorological, agricultural, and hydrological droughts. The following conclusions can be drawn from this study:




	
Strong drought conditions in 1964, 1992, and 2016, and wet conditions from 1973 to 1975 were observed, coinciding with different patterns of coupling between the ENSO and the PDO, AMO, and MJO.



	
A weak long-term drying trend was observed, but there was no evidence of a trend in extreme drought events in terms of spatial coverage, intensity, and duration for the period 1901–2018. A progressive transition from wetter-than-normal conditions to drier-than-normal conditions was evident since the 1970s, which was clearly reflected by a strong coupling between the air temperature anomalies and the drought conditions.



	
The more spatially extensive and temporally persistent drought events tended to show lower intensities than those observed in other years, whereas more severe droughts were characterized by a moderate spatial concentration.



	
The vegetation greenness (dominated by forest) exhibited an asynchronous connection with the atmospheric dryness, though both tend to be nearly in phase under prolonged warm and dry conditions.



	
A high recurrence of short-term and long-term drought events were observed on the sub-basins Ucayali, Japurá-Caquetá, Jari, Jutaí, Marañón, and Xingu of the ARB in recent years, which have important implications on key economic sectors, such as rainfed agricultural and hydropower production.








Overall, this paper has shown that basin-wide drought conditions have been worsening over the ARB in terms of spatial coverage and intensity, which was particularly evident on shorter time scales. The progressive transition from wetter-than-normal conditions to drier-than-normal conditions since the 1970s suggested a causality between the intensification of drought conditions and the incidence of the major large-scale climate variability drivers acting over the basin (e.g., AMO, PDO, and MJO). The drought conditions tended to be exacerbated by anthropogenic factors (e.g., deforestation activities) due to their negative impacts over the resilience of the forest and other land cover types in the basin. Moreover, results evidenced that the vegetation-soil feedback processes can act as a buffer factor under prolonged warm and dry conditions, delaying the propagation of meteorological droughts into hydrological drought events. However, the root cause of why certain regions of the ARB (e.g., the sub-basin Ucayali, Japurá-Caquetá, Jari, Jutaí, Marañón, and Xingu) have become drought-prone areas in recent decades is still challenging. Therefore, this aspect will be explored in future work to improve our knowledge about how climate variability is affecting the distribution of extreme droughts in the ARB.
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Figure 1. The study area: (a) the hydrographic network; (b) mean annual rainfall from the Climate Hazards Group InfraRed Precipitation with Stations (CHIRPS) [55] for the reference period 2000–2018; (c) sub-basins of the ARB according to Mayorga et al. [52] where 1, Amazonas-Solimões; 2, Macapá; 3, Marajó-Pará; 4, Jari; 5, Xingu; 6, Paru de Este; 7, Maicuru; 8, Curuá-Una; 9, Tapajós; 10, Curuá; 11, Trombetas-Nhamundá; 12, Mamuru; 13, Ilha Tupinambarana; 14, Uatumã; 15, Urubu; 16, Madeira; 17, Madeirinha; 18, Negro; 19, Manacapuru; 20, Purus; 21, Badajós; 22, Coari; 23, Tefé; 24, Japurá-Caquetá; 25, Juruá; 26, Jutaí; 27, Içá-Putumayo; 28, Jandiatuba; 29, Javari-Yavarí; 30, Napo; 31, Nanay; 32, Marañón; and 33, Ucayali; (d) terrain elevation based on 250-m Digital Elevation Model—Shuttle Radar Topographic Mission (DEM-SRTM) images [56]. 
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Figure 2. Simplified flowchart of the activities that were developed for this study. 






Figure 2. Simplified flowchart of the activities that were developed for this study.



[image: Water 13 00351 g002]







[image: Water 13 00351 g003 550] 





Figure 3. Long-term temporal variation of the area-averaged values of SPEI at a: (a,b) 3-month time scale (SPEI3); (c,d) 6-month time scale (SPEI6); and (e,f) 12-month time scale (SPEI12) in the ARB during 1901–2018. The calculation of the average is based on the median. The red line indicates the fitted line. The reference period is 1901–2018. 
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Figure 4. Percentage of area under drought conditions according to the values of: (a,b) SPEI3; (c,d) SPEI6; and (e,f) SPEI12 in the ARB during 1901-2018. The calculation of the drought spatial coverage is based on the number of pixels with values of SPEI ≤ −1.00, regardless of the time scale used. The red line indicates fitted line. The reference period is 1901–2018. 
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Figure 5. Drought spatial coverage of the extreme drought events based on the SPEI3, SPEI6, and SPEI12 time series in the ARB during 1901–2018. The calculation of the drought spatial coverage is based on the number of pixels with values of SPEI ≤ −1.00, regardless of the time scale used. 
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Figure 6. Spatial distribution of the intensity [-] and the temporal persistence [%] during the occurrence of the: (a,b) SPEI3-based extreme drought events; (c,d) SPEI6-based extreme drought events; and (e,f) SPEI12-based extreme drought events over the ARB during 1901–2018. The main features of the extreme drought events are shown in Table 2. The temporal persistence is the percentage of the total duration of the extreme drought event on a pixel-level. 
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Figure 7. Temporal variation of the area-averaged values over the entire ARB of the: (a) SPEI6 against EVI during 2001–2018; (c) SPEI3 against T2Ma during 1980–2018; (e) SPEI3 against RA during 1998–2018 in the ARB; and the squared wavelet coherence between the times series shown in: (b) Figure 7a; (d) Figure 7c; and (f) Figure 7e. Thick contours enclose the areas with correlations statistically significant at 95% confidence level against red noise. Semitransparent areas indicate the ‘cone of influence’ where the edge effects become important; therefore, they were not analyzed [73]. The relative phase relationship is shown as arrows (with in-phase pointing right, anti-phase pointing left, SPEI6 or SPEI3 leading auxiliary variable by 90° pointing straight down, and auxiliary variable leading SPEI6 or SPEI3 by 90 pointing straight up). 
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Figure 8. The monthly streamflow anomalies [m3/s] at the streamflow gauges shown in (h) as: SF1 (a1), SF2 (a2), SF3 (a3), SF4 (a4), SF5 (a5), SF6 (a6), SF7 (a7), SF8 (a8), SF9 (a9), SF10 (a10), SF11 (a11), SF12 (a12), and SF13 (a13). The monthly rainfall anomalies [mm/month] at the rainfall gauges shown in (h) as: G1 (b1), G2 (b2), G3 (b3), G4 (b4), and G5 (b5). The temporal persistence of drought conditions [%] during the occurrence of the SPEI12-based extreme drought events: E6 (c), E7 (d), E8 (e), E9 (f), and E10 (g). The spatial distribution of the streamflow [blue] and rainfall [red] gauges is shown in (h). The month of start and end for each event is shown in panels (a1) to (b5). The negative anomalies less than -2 in panels (a1) to (b5) are shown with red bars. Base period for the calculation of anomalies: 1974–2013. 
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Figure 9. The spatial distribution during 1975–2018 of (a) the number of dry spells [NDS] based on the SPEI3, SPEI6, and SPEI12, respectively; (b) the average duration of the dry spells [DDS] based on the SPEI3, SPEI6, and SPEI12, respectively. The average duration of the dry spells is shown in months. 
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Figure 10. The spatial distribution of (a) the SPEI pixels according to results from cluster analysis applied to the number of dry spells [NDS], average duration of the dry spells [DDS], spatial localization of SPEI pixels, land cover, type of climate, and terrain elevation; (b) the land cover type; (c) the terrain elevation in m a.s.l.; and (d) the type of climate based on the Köppen-Geiger climate classification [46]. NDS and DDS are based on the time series of SPEI3, SPEI6, and SPEI12 for the period 1975–2018. The spatial localization refers to longitude and latitude in degrees for each SPEI pixel. The land cover map that is referred to is from 2018. 
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Table 1. Drought categories for the values of SPEI following the criteria of Stagge [67].
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	Class Names
	SPEI





	Extreme wet
	>2.00



	Severe wet
	1.50 to 1.99



	Moderate wet
	1.00 to 1.49



	Near normal
	0.99 to −0.99



	Moderate drought
	−1.00 to −1.49



	Severe drought
	−1.50 to −1.99



	Extreme drought
	<−2.00
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Table 2. Main features of the extreme drought events 1 identified over the ARB during 1901–2018.






Table 2. Main features of the extreme drought events 1 identified over the ARB during 1901–2018.





	
Time Scale [Months]

	
Event

	
Start

[Date]

	
End [Date]

	
Duration [Months]

	
Intensity [-]

	
Dry Area Peak [%]

	
Severity [-]






	
3

	
E1

	
April-36

	
August-36

	
5

	
1.76

	
30.34

	
8.81




	
E2

	
July-63

	
March-64

	
9

	
1.77

	
47.19

	
15.95




	
E3

	
August-67

	
February-68

	
7

	
1.73

	
34.14

	
12.14




	
E4

	
February-85

	
July-85

	
6

	
1.87

	
29.44

	
11.22




	
E5

	
August-88

	
December-88

	
5

	
1.80

	
32.95

	
9.01




	
E6

	
November-91

	
March-92

	
5

	
1.73

	
34.20

	
8.66




	
E7

	
August-15

	
March-16

	
8

	
1.78

	
44.71

	
14.25




	
6

	
E1

	
May-36

	
October-36

	
6

	
1.73

	
33.66

	
10.36




	
E2

	
August-63

	
May-64

	
10

	
1.78

	
41.05

	
17.84




	
E3

	
January-66

	
June-66

	
6

	
1.72

	
32.18

	
10.35




	
E4

	
August-67

	
July-68

	
12

	
1.77

	
35.42

	
21.28




	
E5

	
March-69

	
August-69

	
6

	
1.75

	
29.93

	
10.47




	
E6

	
February-83

	
November-83

	
10

	
1.77

	
31.18

	
17.68




	
E7

	
April-85

	
August-85

	
5

	
1.88

	
30.31

	
9.40




	
E8

	
September-88

	
January-89

	
5

	
1.77

	
29.09

	
8.83




	
E9

	
December-91

	
August-92

	
9

	
1.77

	
37.67

	
15.90




	
E10

	
May-95

	
October-95

	
6

	
1.79

	
26.42

	
10.71




	
E11

	
September-12

	
January-13

	
5

	
1.73

	
29.57

	
8.64




	
E12

	
October-15

	
September-16

	
12

	
1.80

	
49.73

	
21.58




	
12

	
E1

	
June-36

	
April-37

	
11

	
1.71

	
27.03

	
18.79




	
E2

	
September-63

	
September-64

	
13

	
1.82

	
36.61

	
23.64




	
E3

	
January-66

	
June-66

	
6

	
1.72

	
29.32

	
10.35




	
E4

	
November-67

	
August-68

	
10

	
1.77

	
29.57

	
17.73




	
E5

	
August-69

	
February-70

	
7

	
1.72

	
29.96

	
12.07




	
E6

	
April-83

	
December-83

	
9

	
1.79

	
27.68

	
16.1




	
E7

	
September-85

	
January-86

	
5

	
1.85

	
22.27

	
9.24




	
E8

	
October-87

	
April-88

	
7

	
1.72

	
28.48

	
12.05




	
E9

	
September-88

	
July-89

	
11

	
1.74

	
22.44

	
19.14




	
E10

	
December-91

	
December-92

	
13

	
1.78

	
35.36

	
23.18




	
E11

	
August-15

	
August-17

	
21

	
1.78

	
38.89

	
37.39








1 The drought spatial coverage is greater than 20% of the entire ARB during at least five consecutive months; for each feature, the extreme value is reported in bold. The severity is the absolute value of the sum of the values of SPEI from the start to end of the dry spell. The intensity is the ratio between the severity and the duration of a dry spell. The dry area peak is the maximum value of the percentage of pixels with values of SPEI ≤ −1.00 during the dry spell.
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Table 3. Spearman rank correlation coefficients between the SPEI3, SPEI6, and SPEI12 and the EVI, T2M, and rainfall in the ARB during their common time periods 1.






Table 3. Spearman rank correlation coefficients between the SPEI3, SPEI6, and SPEI12 and the EVI, T2M, and rainfall in the ARB during their common time periods 1.












	Auxiliary Satellite-Based Variable
	Period

[Years]
	SPEI3

[-]
	SPEI6

[-]
	SPEI12

[-]





	EVI [-]
	2001–2018
	−0.064
	−0.250 *
	−0.019



	EVI anomalies [-]
	
	−0.077
	−0.033
	−0.120 *



	T2M [°C]
	1980–2018
	−0.339 *
	−0.354 *
	−0.208 *



	T2M anomalies [°C]
	
	−0.515 *
	−0.414 *
	−0.279 *



	Rainfall [mm/month]
	1998–2018
	0.353 *
	0.097
	0.119 *



	Rainfall anomalies [mm/month]
	
	0.559 *
	0.379 *
	0.331 *







1 For each area-averaged auxiliary satellite-based variable, the Spearman correlation coefficient with the highest magnitude is reported in bold; * statistical significance at 95% level based on an asymptotic t approximation.
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