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Abstract: The period from 2019 to 2021 witnessed an enduring and severe drought that impacted 

southeast South America. Initially characterized as a meteorological drought, its influence later 

extended across the entire hydrological cycle. This paper explores the application of the S-TRACK 

method to monitor and characterize the 2019/21 drought in Southern Brazil (SB) and Southeast 

Brazil (SEB). Monthly precipitation data from reanalyses and satellites, alongside the Standardized 

Precipitation Index (SPI) for drought quantification, are utilized. Precipitation datasets, validated 

against rain gauge records, highlight ERA-5 and CHIRPS as having the highest correlation in both 

SB and SEB, with PERSIANN exhibiting a moderate correlation. The utilization of the S-TRACK 

method for spatial drought tracking revealed the temporal dynamics of the drought events, with 

three significant episodes occurring in 2020/2021. Initially, the onset of the drought was observed in 

the SB region, characterized by intensities ranging from moderate to extreme. Subsequently, the 

drought extended northward, reaching its maximum intensity at lower latitudes within the SEB 

region before either dissipating or experiencing a reduction in both its spatial extent and intensity. 

The prolonged presence of drought-affected areas in the same region over an extended period 

contributed significantly to the exacerbation of drought severity, particularly during the March to 

May trimester.  

Keywords: precipitation deficit; drought indexes; spatial tracks; South America 

 

1. Introduction 

During the period from 2019 to 2021, a prolonged and intense drought affected the  

southeast South America region. The event initially manifested as a meteorological drought 

characterized by precipitation deficits, but its persistence also impacted the entire hydrological cycle, 

profoundly affecting soil moisture, rivers, surface and groundwater reservoirs, as well as regional 

ecosystems. The effects of this event were widespread, generating significant repercussions in 

agricultural production, water supply, energy generation, and posing a serious threat to vital 

ecosystems [1–3]. For instance, in the Southern Brazil (SB) and Southeast Brazil (SEB) regions, 

significant agricultural losses were recorded. Simultaneously, a notable decline in discharge levels in 

vital rivers, including the Iguaçu, Uruguay, and Paraná rivers, has resulted in limitations affecting 

both hydropower generation and freshwater supply [4]. 

Drought monitoring indices, such as the Standardized Precipitation Index (SPI), play a 

fundamental role in identifying precipitation scarcity and tracking the development of drought 

conditions in specific locations. The significance of SPI in drought analysis cannot be underestimated, 

as it is a valuable tool for quantifying and characterizing the severity of drought conditions and 

providing information about the spatial extent of these events [5,6]. However, there is still a lack of 
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consistent procedures for continuously tracking drought-affected areas, which, in turn, hinders the 

assessment of the temporal variations that comprise the spatiotemporal dynamics of this climatic 

phenomenon. 

The spatial drought tracking method, known as S-TRACK, emerges as a highly relevant tool in 

the context of drought analysis and prevention. By providing a comprehensive perspective in both 

spatial and temporal terms, S-TRACK enables a deeper understanding of how droughts form, move, 

and intensify over time, allowing for a more accurate assessment of the risks associated with these 

extreme climatic events [6,7]. 

Ref. [8,9] conducted studies using the S-TRACK methodology to analyze the spatial 

characteristics of drought and created trajectories to investigate its spatiotemporal dynamics. These 

trajectories provided information on the duration, severity, and intensity of drought conditions in 

Iran and southern Australia, respectively. The results of these studies offer valuable insights that can 

contribute to the enhancement of preparedness for extreme precipitation events as they become more 

frequent. Furthermore, they provide authorities and local communities with the opportunity to take 

proactive measures to mitigate the impacts of droughts. 

This study focuses on the identification and characterization of the areas affected by the 2019/21 

drought in SB and SEB, highlighting the contribution of the S-TRACK method in investigating this 

phenomenon and how its application enables a characterization of this drought event. 

2. Materials and Methods 

2.1. Datasets and study area 

The study area includes the Southern (SB) and Southeastern (SEB) regions of Brazil, demarcated 

by the geographical coordinates 14°15' to 33°45' latitude South and 39°40' to 57°37' longitude West 

(Figure 1). These regions exhibit substantial geographical diversity and occupy a vast territorial 

expanse. Cumulatively, they encompass an area of approximately 1.682.676 km², representing 

approximately 20% of the Brazilian territory. 

 

Figure 1. Topographic features and location of the Southeast and South regions of Brazil. 
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To identify areas experiencing dry conditions in the Southern and Southeastern regions of Brazil 

during the 2019/2021 period, monthly precipitation data were utilized. Given the limited spatial and 

temporal resolution of meteorological stations in Brazil, precipitation data from reanalyses and 

satellites were selected due to their higher resolution, providing a significant advantage, especially 

in terms of area coverage in regions with limited data availability. The selection of datasets was based 

on two key criteria: good spatial resolution and data availability, resulting in the choice of three 

distinct datasets.   

Two of the datasets were obtained through satellite-based methods. The first one is the 

Precipitation Estimation from Remotely Sensed Information using Artificial Neural Networks 

Climate Corrected and Continuous Distributed (PERSIANN-CCS-CDR) system, featuring a spatial 

resolution of 0.04° and a temporal resolution of half an hour [10]. The second dataset is the Climate 

Hazards Group Infrared Precipitation with Stations (CHIRPS), comprising a high-resolution (0.05°) 

precipitation dataset that integrates multiple sources, including NOAA, CPC, NCDC, and 

meteorological station data [11]. 

The third dataset consists of precipitation information obtained from ERA-5, the fifth generation 

of atmospheric reanalysis developed by the European Centre for Medium-Range Weather Forecasts 

(ECMWF). ERA-5 provides hourly precipitation data with a spatial resolution of 0.25°, along with an 

extensive and consistent climatic record covering the entire globe [12]. 

To validate the precipitation estimates derived from these datasets, historical precipitation data 

series from the National Institute of Meteorology (INMET) were used. A period of 30 years (1991-

2020) was chosen for analysis, as it is considered suitable for climatological statistical analyses.  

2.2. Drought characterization     

In order to quantify and characterize the extreme drought event, the Standardized Precipitation 

Index (SPI) was employed at a 3-month scale. Previous studies [13,14] have highlighted that the SPI 

is more consistent in representing actual drought conditions when applied at shorter and medium 

time scales, compared to longer scales. The SPI is a  simple, flexible, and effective index that allows 

for the analysis of both wet and dry periods, relying solely on precipitation as the input parameter 

[15–17]. 

The SPI is computed based on the accumulated probability of occurrence for each monthly 

precipitation value. To standardize the data, the Z value is calculated by subtracting the monthly 

precipitation value P𝑖 from the mean precipitation of the corresponding period 𝑖, and dividing the 

result by the standard deviation σi. As demonstrated by the following equation 1: 
 𝑆𝑃𝐼 = 𝑍𝑖 𝑃𝑖 − 𝑃𝑖𝜎𝑖  

(1) 

The SPI is a standardized indicator that adjusts the precipitation to a statistical distribution over 

a reference period, enabling the classification of drought and wet conditions using a simple scheme 

based on standard deviations from the mean. It facilitates the comparison of precipitation magnitude 

across different locations and time periods, offering an objective measure of precipitation events. 

Positive SPI values indicate wet periods, while negative values represent rainfall deficits. Table 1 

presents the SPI categories, as defined by [15]. 

Table 1. Classification of dry and wet periods according to the SPI value [15]. 

SPI Category 

Extreme wet > 2 

Severe wet > 1,5 to ≤ 2 
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Moderate wet > 1 to ≤ 1,5 

Near normal > -1 to ≤ 1 

Moderate dry > -1,5 to ≤ -1 

Severe dry > -2 to ≤ 1,5 

Extreme dry ≤ -2 

2.3. Validation of precipitation datasets 

 The methodology proposed by Ref. [18] was employed to evaluate the accuracy of satellite data 

(CHIRPS, PERSIANN) and reanalysis data (ERA-5) in terms of the spatial distribution of precipitation 

in the SB and SEB regions. The analysis was based on the temporal series of 3-month SPI (SPI-3) from 

1991 to 2020, using observations from INMET meteorological stations as the reference data. The 

Taylor diagram, introduced by Ref. [18] and employed by Ref. [19], offers a concise statistical 

summary of the agreement between the estimated and observed patterns. This graphical 

representation considers the correlation coefficient (R), standard deviation amplitude (σ), and Root 
Mean Square Error (RMSE) as evaluation metrics. It provides an overview of how well the simulated 

pattern approximates the observed data. 

However, relying solely on the correlation coefficient (R) is insufficient to determine whether 

two variables share the same range of variation, as it does not account for factors such as variances. 

To assess the quality of the model and quantify the disparity between two variables, the most 

commonly utilized statistic is the root mean square difference (E), given by equation 2: 

𝐸 = [1𝑁∑(𝑓𝑛 − 𝑟𝑛)2𝑁
𝑛=1 ]12 (2) 

where: (E) represents the root mean square difference, (n) is the number of data points, (fn) and 

(rn) are the corresponding values of the two variables being compared. 

The root mean square difference provides a measure of the average discrepancy between the 

observed and predicted values, allowing for a comprehensive evaluation of the model's performance. 

It takes into account both the magnitude and direction of the differences, providing valuable insights 

into the accuracy and fit of the model. 

The construction of the Taylor diagram entails representing either a half or quarter circle, with 

the quarter circle being the more commonly used representation. The x and y axes correspond to the 

measures of σ, where the σ value of the observed data is depicted along the x-axis. The azimuth from 

the origin to the model is proportionate to the correlation coefficient (R). The distance between the 

reference point on the diagram and the model point is represented by the value of the root mean 

square difference (E). 

2.4. Spatial Tracking of Drought 

In terms of drought spatial dynamics, commonly used drought monitoring indices like the SPI 

offer insights into the spatial extent and intensity of drought events. However, analyzing the spatial 

distribution of drought at a specific moment lacks the ability to capture the spatiotemporal patterns 

of drought over time, hindering the assessment of the temporal variations that contribute to their 

spatiotemporal dynamics [6]. 

To overcome this limitation, the Spatial Tracking of Drought (S-TRACK) method was introduced 

by Ref. [7,20], and subsequently enhanced by other researchers [6,8,9,21]. S-TRACK aims to construct 
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spatial tracks and trajectories of drought, thereby enhancing the monitoring capabilities. The S-

TRACK method involves three key steps: (1) computation of spatial drought units, also known as 

areas or clusters; (2) determination of the centroids for these spatial drought units; and (3) 

establishment of connections between the centroids in the spatiotemporal domain. 

Within the spatial context, drought units are identified through cluster analysis following the 

application of SPI. To assess whether a cell is experiencing drought, a binary approach is employed, 

assigning a value of 1 to indicate drought presence and 0 to indicate its absence. This binary 

representation enables the utilization of pattern recognition techniques that group neighboring cells 

based on shared characteristics [22]. As demonstrated by the following equation 3: 𝐷𝑆 = {1𝑖𝑓𝑆𝑃𝐼𝑡 ≤ 𝐿 ∨ 0𝑖𝑓𝑆𝑃𝐼𝑡 > 𝐿} (3) 

Where Ds represents the drought state in each cell at every time step (t), based on the designated 

threshold (L). 

During this step, the threshold value (L= -1) [5,15] was used to evaluate the occurrence of 

drought at each grid point. Once the clusters are identified, the largest cluster is chosen, and its 

corresponding centroid is computed at each time step (t) [6,8]. This characteristic facilitates 

determining the geographic location of each drought area and tracking its temporal movement by 

connecting the centroids across consecutive time instances, resulting in the formation of drought 

tracks that represent the trajectory of the drought. 

For the process of connecting the centroids, parameters a, b, c, and d were established following 

the description provided by Ref. [21]. 𝐴𝑡 ≥ 𝑎 = 𝑇𝑟𝑢𝑒 

 𝐴𝑡 < 𝑏 = 𝑇𝑟𝑢𝑒 

 𝛥𝑙 ≤ 𝑐 = 𝑡𝑟𝑢𝑒(𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑) 
or 𝐴𝑡 > 𝑏 = 𝑓𝑎𝑙𝑠𝑒 

 𝛥𝑙 ≤ 𝑑 = 𝑡𝑟𝑢𝑒(𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑) 
 

Where parameter (a) must be less than or equal to the 50th percentile of the area of the largest 

cluster (A), while parameter (b) must be greater than or equal to the 50th percentile of the area (A). 

On the other hand, parameters (c) and (d) represent the 70th percentile of the distance between 

centroids (Δl). Parameters (a) and (b) are considered as percentiles of the drought area, while 

parameters (c) and (d) represent percentiles of the distance between centroids [21]. 

Drought tracking enables the identification of trajectories with defined starting and ending 

points, providing insights into their main direction. The initial and final locations are determined 

based on the centroids of the first and last clusters, respectively. The magnitude, or extent, of the 

drought encountered at each time interval using the S-TRACK method is quantified as a measure, 

calculated by summing the drought areas over time (t). Additionally, the intensity of the drought is 

defined by the most frequent category of the SPI at the given time (t). 

3. Results 

In order to assess the accuracy of precipitation estimates derived from PERSIANN, CHIRPS, and 

ERA5 in comparison to observed data obtained from INMET meteorological stations, Taylor 

diagrams were employed to analyze SPI-3 time series in the Southern Brazil (SB) and Southeast Brazil 

(SEB) regions. The findings, depicted in Figure 2, indicate that the estimated data for SB demonstrated 

more variability, as evidenced by relatively elevated standard deviation values. In terms of 

correlation (r), the ERA-5 and CHIRPS estimates exhibited the highest magnitudes, approximately 

0.90, indicating a very strong correlation. On the other hand, the correlation performance of 

PERSIANN was found to be moderate, falling below 0.70. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 January 2024                   doi:10.20944/preprints202401.0746.v1

https://doi.org/10.20944/preprints202401.0746.v1


 6 

 

 

Figure 2. - Taylor diagrams comparing the SPI-3 time series of CHIRPS, PERSIANN, and ERA-5 

products with respect to the observed data obtained from INMET meteorological stations for the 

period of 1991-2020. 

The Taylor diagram analysis for SEB demonstrated that the PERSIANN and CHIRPS satellite 

datasets exhibited the best agreement with the observed data from INMET, as indicated by their 

similar standard deviations and strong correlations. The correlation coefficient for PERSIANN 

exceeded 0.80, indicating a strong correlation, while the correlation for CHIRPS was approximately 

0.90, denoting a very strong correlation. In contrast, the ERA-5 data showed higher standard 

deviation values, indicating greater variability in the SEB region. Nevertheless, it still maintained a 

strong correlation above 0.80. Additionally, the root mean square error (RMSE) values for both 

regions (SB and SEB) were below 0.05, indicating a good performance of the estimated data in 

accurately predicting the observed values. 

These findings align with the results reported by Ref. [23], demonstrating that CHIRPS exhibits 

greater accuracy in representing the spatial distribution of monthly precipitation compared to 

PERSIANN. Additionally, other studies including [24–26] have similarly reported comparable 

correlation values between the estimated precipitation data and observations obtained from 

meteorological stations. 

Figure 3 presents the spatial representation of drought conditions and their severity in the SB 

and SEB regions. The three spatiotemporal drought distribution maps (Figures 3(A) ERA-5, 3(B) 

CHIRPS, and 3(C) PERSIANN) exhibited consistent results in identifying the drought event 

throughout the year 2020. During the December 2019 to February 2020 (DJF) trimester, the SPI-3 maps 

derived from ERA-5 data revealed an extreme drought occurrence in the southernmost region of SB. 

However, this extreme drought condition was less pronounced in the CHIRPS and PERSIANN 

datasets, which categorized it as severe and moderate drought, respectively, covering a smaller 

proportion of the area. 
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Figure 3. - Spatial-temporal distribution of meteorological drought in the South and Southeast of 

Brazil throughout 2019-2020 using SPI-3. (A) ERA-5; (B) CHIRPS; (C) PERSIANN. 

During the March to May (MAM) and September to November (SON) trimesters of 2020, the 

occurrence of extreme drought was primarily concentrated in the central region of the study area, 

with a greater impact on states located between latitudes 20°S and 30°S. This spatial pattern was 

consistently observed across the three datasets analyzed. Specifically, in the state of Minas Gerais, the 

southern region experienced a more severe drought during both trimesters, while the northern part 

of the state was classified as relatively humid. This behavior can be attributed to the fact that the SEB 

is located in a transitional zone of the El Niño-Southern Oscillation (ENSO) phenomenon [27,28]. 

The increasing demand for water resources and the occurrence of droughts in recent years 

emphasize the need for a comprehensive understanding of the nature and extent of these events. 

Consequently, it is crucial to establish consistent methodologies that enable the assessment of spatio-

temporal drought conditions. To address this gap, the S-TRACK methodology [6,8,9,21] was 

implemented using the average of the three dataset to evaluate spatiotemporal drought conditions. 

The results, presented in Figure 4, demonstrate the spatial tracking of drought in the SB and SEB 

regions, revealing the occurrence of three events in 2020/2021, the first two originating in the SB 

region and the third in the SEB region. 

During the November to January (NDJ - 2019/2020) trimester, the onset of the drought event was 

observed near latitude 30°S with a moderate intensity. Subsequently, the event advanced northward 

and reached its peak magnitude and intensity during the MAM trimester near latitude 25°S, being 

classified as an extreme drought. The persistence of centroids in this region suggests that drought 

conditions remained stationary for an extended period, contributing to the aggravation of drought 

severity, particularly during the MAM trimester. This is corroborated by the spatial SPI maps (Figure 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 January 2024                   doi:10.20944/preprints202401.0746.v1

https://doi.org/10.20944/preprints202401.0746.v1


 8 

 

3), which indicate an expansion and intensification of drought in the SB region between DJF and 

MAM. 

 The drought centroid subsequently shifted further north and settled near latitude 20°S, 

characterized as a moderate drought. Finally, the drought dissipated during the July to September 

(JAS) trimester. The drought persisted in a stationary position near 20°S for an extended period, 

leading to an intensification of its severity during the JJA and JAS trimesters, as depicted in Figure 3. 

These observations are consistent with the findings of Ref. [8], who suggested that the persistence of 

large drought areas in the same region over time could contribute to the severity of droughts during 

periods characterized by intense drought events. 

 

Figure 4. - Spatial tracking of drought calculated based on the distance from the centroid of the largest 

drought cluster in each quarter of 2020. The size of the circle represents the spatial extent of drought, 

while the color indicates the intensity. The first event occurred in the NDJ 2019/20 quarter and 

extended until JAS. The second event began in ASO to OND 2020, and the Third event occurred in 

the NDJ 2020/21 to DJF 2020/21. 

During the August to October (ASO) trimester, the second drought event initiated near latitude 

27°S with a moderate intensity. In the following trimesters, the drought episode advanced northward 

and intensified during the SON trimester near latitude 25°S, resulting in an extreme drought 

classification. Subsequently, the drought event experienced a slight southwest displacement and 

diminished in intensity, transitioning back to a moderate drought classification. The third event 

initiated in the November to January (NDJ - 2020/2021) trimester at approximately 19°S latitude, 

displaying SPI-3 values within the extreme drought category. However, as the drought event 

progressed westward, its intensity diminished and dissipated during the subsequent trimester (DJF 

- 2020/2021). In the first event, the drought propagated over a distance of approximately 1200 km, 

whereas in the second and third event, its trajectory extended across approximately 500 km. 

Figure 5 presents the spatial coverage of drought occurrence throughout the year 2020, 

quantified by the percentage of the SB and SEB area with SPI-3  values ≤ -1, considering the three 

datasets. The MAM trimester exhibited the most extensive spatial coverage of drought, with 

approximately 70% of the area affected in the ERA-5 dataset and around 60% in the satellite datasets. 

In contrast, the May to July (MJJ) trimester had the lowest percentage of area affected by drought, 

with approximately 15% in all three datasets. Subsequently, there was an increase in the percentage 

of area affected by drought, reaching around 60% again during the SON trimester, particularly in the 

CHIRPS dataset. 
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Figure 5. - Percentage of the area in the South and Southeast regions affected by drought events (SPI-

3 ≤ -1) throughout 2020. 

According to Ref.[2], during the MAM period of 2020, the drought in the central-southern region 

of Brazil led to a deficit of 267 km³ in water storage compared to the 20-year seasonal average. This 

water scarcity affected various components of the hydrological system, including rivers, lakes, soil, 

and aquifers. Furthermore, a significant number of major reservoirs recorded capacities below 20%, 

leading to significant impacts, particularly in agriculture, energy production, and the provision of 

potable water to the population. 

As reported by [1], the agricultural sector in the SB region states suffered substantial losses, with 

more than 40% of the area being affected. The National Center for Monitoring and Natural Disaster 

Alerts documented that reservoirs reached their lowest levels in April 2020, resulting in consequences 

for hydropower generation and water supply, particularly in the southern states of Brazil. Notably, 

hydroelectric power plants situated along the Paraná and Iguaçu rivers recorded their lowest 

historical storage levels during this period [29]. 

Recent studies [4,30] have examined the 2019-2021 drought event in South America, focusing on 

various affected regions and the combination of climate factors and atmospheric conditions that 

contributed to the dry conditions, particularly in 2020. The Indian Ocean Dipole (IOD), Pacific 

Decadal Oscillation (PDO) in a negative phase, and Atlantic Multidecadal Oscillation (AMO) in a 

positive phase were identified as factors contributing to the extreme dry conditions.  

Furthermore, research by [31] revealed that southeast South America experienced precipitation 

deficits and high evaporation rates due to enhanced surface air convergence over northeast South 

America and the tropical Atlantic Ocean. This was linked to negative sea surface temperature (SST) 

anomalies in the tropical Pacific and the anomalous ascending branch of an eastward shifted Walker 

Cell. These factors induced a meridional Hadley cell and enhanced subsidence over southeast South 

America, leading to reduced moisture convergence and precipitation. 

In addition to these factors, the canonical La Niña event in the second semester of 2020 played a 

role in prolonging the dry conditions over South America. Previous studies, such as [32,33], had also 

discussed the influence of La Niña events on southern Brazil, highlighting the connection between 

canonical La Niña events and negative precipitation anomalies. 

In fact, the majority of historical drought events in the SB region, including the 2020 event, are 

attributed to the ENSO phenomenon, particularly the La Niña phase, which is characterized by 

negative values of the Oceanic Niño Index (ONI). Additionally, Ref.[34] conducted a study in the 

Paraná River Basin using the SPI-12, which revealed that the highest percentage of the area affected 

by drought events (SPI-12 ≤ -1.00) was primarily observed during La Niña years (1984/85, 1988, 1999). 
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In the year 2020, neutral ENSO conditions prevailed in the first half of the year, followed by the onset 

of La Niña conditions during the JAS trimester, which persisted until the beginning of 2023. 

4. Summary  

The analysis of the SPI-3 series for the SB and SEB regions indicated a significant precipitation 

deficit throughout the year 2020, especially in the Autumn (MAM) and Spring (SON) months, where 

drought affected approximately 60% to 70% of the study area, classified as severe and extreme in all 

three datasets used (PERSIANN, CHIRPS, and ERA-5). The innovative S-TRACK method allowed 

for the construction of a spatial drought trajectory, revealing that this drought comprised three 

successive events. Initially, the onset of drought was observed at southern latitudes, with intensity 

ranging from moderate to extreme. As these events progressed northward, their intensity peaked at 

lower latitudes before dissipating or diminishing in intensity. 

It is important to highlight that the persistence of drought areas in the same region over time 

contributed to the worsening severity of droughts during the MAM trimester, characterized by 

extreme drought events. Furthermore, the trajectories of drought events varied in extent, with the 

first event covering a considerable distance, while the second and third events had shorter 

trajectories. This variation in the extent of droughts may have significant implications for affected 

communities and water resource management. 

In summary, the identification and characterization of drought-prone areas through the SPI-3 

and S-TRACK methods represent a comprehensive and effective approach for integrated and 

sustainable resource management in the face of drought challenges. This enables the implementation 

of adaptive and mitigating strategies aimed at protecting ecosystems, socioeconomic activities, and 

the quality of life of local communities affected by the phenomenon. 
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