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ABSTRACT

An important consequence of human-induced climate change is the increase in extreme weather 
events. This study contributes to the understanding of Brazil’s climate change by examining historical 
temperature and precipitation patterns. Extreme events of temperature and precipitation are identified 
using data from the Brazilian Institute of Meteorology, which includes records from 634 meteorological 
stations operating intermittently since 1961. Using the first 30 years (1961–1990) as the reference period, 
our results show a significant increase in warm days and a corresponding decrease in cold days over 
the last 30 years (1991–2020), in agreement with previous works. In terms of precipitation, it indicates a 
trend toward drier conditions in the Northeast region of Brazil, whereas the South is experiencing wetter 
conditions, with an increase in the number of heavy precipitation days in South and in the extremely 
dry periods in the Northeast. These results have been verified for consistency with several extreme 
climate indices measured in this study. Additionally, data from S2iD is analyzed, an official database that 
records natural disasters in Brazil, to estimate their impact in terms of human losses and financial costs 
over the past decade. Our findings indicate that drought events are the most economically costly, with 
multiple instances causing damages exceeding a billion USD, whereas storms have the greatest impact 
on people. Although it is not possible to directly attribute the natural disasters recorded in the S2iD 
database to the extreme weather events identified through meteorological data, discussion is done on 
potential implications of these events in the frequency and location of the disasters.
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RESUMO

Uma importante consequência das mudanças climáticas induzidas pelo homem é o aumento dos 
eventos climáticos extremos. Este estudo contribui para a compreensão das mudanças climáticas no 
Brasil ao examinar padrões históricos de temperatura e precipitação. Eventos extremos de temperatura 
e precipitação são identificados utilizando dados do Instituto Nacional de Meteorologia do Brasil, que 
incluem registros de 634 estações meteorológicas operando intermitentemente desde 1961. Usando 
os primeiros 30 anos (1961–1990) como período de referência, os resultados mostram um aumento 
significativo de dias quentes e uma diminuição correspondente de dias frios nos últimos 30 anos 
(1991–2020), em concordância com trabalhos anteriores. Em termos de precipitação, observa-se uma 
tendência de condições mais secas na região Nordeste do Brasil, enquanto o Sul está experimentando 
condições mais úmidas, com um aumento no número de dias de precipitação intensa no Sul e nos 
períodos extremamente secos no Nordeste. Esses resultados foram verificados quanto à consistência 
com vários índices climáticos extremos medidos neste estudo. Além disso, foram analisados dados do 
S2iD, uma base de dados oficial que registra desastres naturais no Brasil, para estimar seu impacto em 
termos de perdas humanas e custos financeiros na última década. Os achados indicam que os eventos 
de seca são os mais custosos economicamente, com vários casos causando danos superiores a um 
bilhão de dólares, enquanto as tempestades têm o maior impacto sobre as pessoas. Embora não seja 
possível atribuir diretamente os desastres naturais registrados na base de dados do S2iD aos eventos 
climáticos extremos identificados por meio de dados meteorológicos, as possíveis implicações desses 
eventos na frequência e localização dos desastres são discutidas.

Palavras-chave: Eventos extremos; Desastres; Custos humanos e financeiros; Brasil; Análise de dados

1 INTRODUCTION

The effects of human-induced climate change are already being felt in various 

parts of the world through increasing extreme events, which are large deviations of 

a climatic state. Global warming has notably impacted the frequency and intensity 

of severe precipitation and, in certain regions, has led to agricultural and ecological 

droughts (Masson-Delmotte et al., 2021). Furthermore, projections indicate that if global 

warming reaches the 2ºC mark compared to the current average temperature, extreme 

temperature events such as heatwaves and cold waves, which used to occur about once 

a decade, may become four times more frequent, while extreme events that occurred 

once every fifty years may become nine times more frequent. These projections more 

than double in a heating scenario of 4ºC (Masson-Delmotte et al., 2021).
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  The impacts of extreme events have been extensively studied across different 

regions of the globe, highlighting the growing risks associated with climate change 

(Sippel et al., 2015; Otto, 2017; Ebi et al., 2021). For instance, economic losses of USD 

2 billion were reported due to extreme rainfall in Beijing in 2012 (Zhang et al., 

2013), and severe precipitation in Pakistan in 2010 resulted in over 1,800 fatalities 

(Solberg, 2010).  The 2021 Emergency Events Database (EM-DAT) report attributes 

over 10,000 deaths, 101.8 million people affected, and approximately USD 252 

billion in economic losses worldwide to extreme events in 2021 (CRED, 2022). In 

Rio Grande do Sul, a state in the South of Brazil, extreme rainfall between late 

April and early May 2024 affected over 2 million people, representing 20% of the 

state’s population. The catastrophe caused nearly 200 deaths, left approximately 

1,000 people injured (Governo do Estado do Rio Grande do Sul, 2024; Reboita et 

al., 2024) and the financial losses were reported to be in the billions of dollars 

(World Meteorological Organization, 2024; Caleffi et al., 2024). 

Several studies in South America (Haylock et al., 2006; de los Milagros Skansi et 

al., 2013; Regoto et al., 2021; LagosZúñiga et al., 2024) and in specific regions of Brazil 

(Dufek e Ambrizzi, 2008; Silva Dias et al., 2013) have used meteorological stations 

to investigate climate extremes, consistently identifying an increase in extreme 

temperatures (Rosso et al., 2015; Almeida et al., 2017; Costa et al., 2020) and extreme 

precipitation events (Murara et al., 2019; Zilli et al., 2016; Ávila et al., 2016; Dufek e 

Ambrizzi, 2008; de Medeiros et al., 2022) in recent years in Brazil. These observational 

patterns are further contextualized by regional climate modeling efforts, which highlight 

large spatial and inter-model variability in precipitation extremes across South America 

and stronger agreement for warming trends in temperature extremes (LagosZúñiga et 

al., 2024). More comprehensive analysis of temperature and precipitation extremes 

were conducted over Brazil by Avila-Diaz et al. (2020) using high-resolution climate 

datasets, and Regoto et al. (2021) using meteorological stations. The first analysis 

compares four different datasets, including observational data and reanalysis 
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products, applying multiple indices to analyze extreme events in the period from 

1980 to 2016, while the second uses the INMET database from 1961 to 2018 and 

analyses extreme indices, similarly to what will be done on this work.  The results 

corroborate the consistent warming trends found, characterized by an increase in 

warm extremes and a decline in cold extremes. As for precipitation, the findings 

show an increase in consecutive dry days and a reduction in consecutive wet days 

across most regions of Brazil. 

The present work aims to review and integrate previously reported trends in 

climatological extremes observed in Brazil (e.g., Regoto et al., 2021; Alvarez-Diaz et al., 

2020) and to quantitatively estimate the human and economic losses in the last 12 years. 

Specifically, trends in extreme air temperature and rainfall events are analyzed using 

data from the Brazilian National Institute of Meteorology (INMET, 2022), covering over 

60 years of observations from conventional weather stations. In parallel, the impacts 

of officially recorded natural disasters are explored, as compiled by the Integrated 

Disaster Information System (S2iD, UFSC, 2025). 

Unlike previous studies that focus on either meteorological trends (e.g., Zilli et 

al., 2016; Costa et al., 2020) or disaster impacts (e.g., Minervino and Duarte, 2016), 

the contribution of the present work lies in the simultaneous examination of these 

two aspects to characterize the broader landscape of climate-related risks in Brazil.  

Moreover, some differences in respect to previous studies in terms of methodology 

and data presentation are introduced. A broad and complementary set of precipitation 

indices are employed —including R20mm, DD90, SPI, SPEI, and mRAI—which enables 

the evaluation of both the intensity and duration of dry and wet conditions. Also, 

trends are detected using an index that compares the average frequency of extreme 

events between two 30-year periods: 1961–1990 (a reference period) and 1991–2020. 

Although this work does not establish a causal relationship between extreme events 

and disasters, presenting both datasets side by side allows to illustrate how patterns 
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of climate extremes and disaster impacts have evolved concurrently, offering context 

for future studies on climate adaptation and risk management.

This work is structured as follows: In Section 2, a detailed discussion of the data 

utilized and the methods employed in the analysis is presented. Section 3 focuses on 

the results, encompassing both the meteorological station data and the analysis of 

natural disasters. Both the sections of methodology and results are complemented by 

the data in the Supplementary Material (SM). Finally, the conclusions of the study are 

drawn in Section 4.

2 METHODS

Brazil is the fifth largest country in the world in terms of area, with more than 

200 million people according to the last census (IBGE, 2022). It covers 8,514,876 km 

and possesses an important diversity of climates, as shown by the Köppen-Geiger 

Climate clasification presented in Figure 1. Brazil is geopolitically divided into five 

regions, shown in the inset image on the left, in Fig. 1. Although the regional division 

used in this study is based primarily on political and administrative boundaries rather 

than strict climatic criteria, it still holds meteorological relevance, and is especially 

meaningful for analyzing socioeconomic conditions.

2.1 INMET Database

The Brazilian Institute of Meteorology (INMET, 2022), is the government agency 

responsible for collecting and producing reports on meteorological data. To identify 

the average trends and extreme events (EE) of temperature and precipitation, this 

study used data from the INMET meteorological stations shown as white circles in 

Fig. 1. This database is composed of 634 conventional meteorological stations in all 

Brazilian regions, with various operating periods and data gaps. The stations are mostly 

located in regions with a higher population density, resulting in a non-homogeneous 

distribution across the territory.
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Most of the stations started collecting data on January 1st, 1961, and have been 

doing so intermittently throughout the subsequent 60-year period. The data was 

considered up to December 31st, 2020. From this database the following variables 

were used: daily maximum air temperature (TX), daily minimum air temperature (TN) 

and daily rainfall (also referred as precipitation, PR) time series. The 60 years of data 

were split into a reference period (RP: 1961–1990) and an analysis period (AP: 1991–

2020) to assess pattern changes.

Figure 1 – Map of Brazil
so intermittently throughout the subsequent 60-year period. The data was 

considered up to December 31st, 2020. From this database the  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1 – 
Map of Brazil 

Source: Authors' collection (2025) 
Caption: Map of Brazil with different colors indicating the Köppen-Geiger Climate classification, and white 
points the INMET meteorological stations. The inset on the left shows the five official Brazilian geopolitical 
regions. 

Caption: Map of Brazil with different colors indicating the Köppen-Geiger Climate classification, and 
white points the INMET meteorological stations. The inset on the left shows the five official Brazilian 
geopolitical regions. Source: Authors’ collection (2025)
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2.1.1 Data Treatment

In the analysis, stations with less than 30% of data during the AP and the RP 

were disregarded, and the years where an individual station worked less than 30% of 

the year were removed, which resulted in 287 working stations. This fraction threshold 

was defined after several tests with functioning cuts from 10-50%, considering that 

different cuts could imply changes in the EE identification. In the SM, the tests for 

the historical series of the indices TX90p, R20mm and DD90 (that will be presented 

in the next section) are shown, as well as a comparison between the 10% and 50% 

threshold cuts in the R20mm index for all stations (in a map distribution). The test 

showed a mostly robust behavior between the thresholds. The 30% cut was chosen 

in order to maintain a balance between the amount of data and the robustness of 

our results, as it retains the general trends of different threshold curves. Additional 

cleanings on the data series are done, such as exclusion of outliers, defined as values 

that are significantly more extreme than typical observations for each station based 

on the spread of the local data. Formally, an outlier is identified when it exceeds the 

75th percentile by more than three times the interquartile range.  Two normalization 

parameters are also defined to account for missing data and determine the yearly 

mean EE over all stations (described in the next section and in detail in the SM).

2.1.2 Extreme climate indices

To investigate the air temperature behavior, the TN and the TX month anomalies 

were computed using average yearly values. To retrieve the temperature extremes, a 

series of known indices proposed by the Expert Team on Climate Change Detection 

and Indices (Zhang et al. 2004; Zhang et al. 2011; https://etccdi.pacificclimate.org/

list_27_indices.shtml) were regarded. The set of indices chosen for the temperature 

analysis are detailed in Table 1. 

For the precipitation and drought analyses in Brazil, the Standard Precipitation 

Index (SPI; McKee et al., 1993; Svoboda et al., 2012) and the Standard Precipitation 
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Evapotranspiration Index (SPEI; Vicente-Serrano et al., 2010) were used at time scales 

from 3 to 12 months. The SPEI differs from the SPI in that it incorporates temperature 

to estimate Potential Evapotranspiration (PET), which is then subtracted from 

precipitation to calculate a water balance. Both indices were calculated using the 

Climpact2 software (https://climpact-sci.org/). In addition, several well-known climate 

indices were computed (Zhang et al., 2005, 2011; Tank et al., 2009; Rooy, 1965; Haensel 

et al., 2015; Regoto et al., 2021), and an Extremely Dry Period (DD90) was defined as 

a sequence of days without rain exceeding the 90th percentile for each station (Table 

2). The Rainfall Anomaly Index (RAI), introduced by van Rooy (1965), measures how 

wet or dry a given period (usually a month or year) is compared to long-term historical 

rainfall records. The mRAI index was chosen instead of the RAI for comparison with 

SPI and SPEI because it uses a scaling factor m, as proposed by Haensel et al. (2015). 

The scaling factor adjusts the magnitude of RAI values so they are on a comparable 

numerical scale with other drought/wetness indices such as SPI and SPEI. Table 2 

lists the indices used to analyze rainfall and drought, along with their definitions and 

where it is presented, either in the main text or in the SM.

Table 1 – Temperature Indices

Index Index Name Definition Unit
Paper 

location

TN10p Cold Nights Days when TN < 10th percentile. days Main

TN90p Warm Nights Days when TN > 90th percentile. days SM

TX10p Cold Days Days when TX < 10th percentile. days SM

TX90p Warm Days Days when TX > 90th percentile. days Main

WSDI
Warm Spell Duration 

Indicator
Events with ≥ 6 consecutive days 

with TX > 90th percentile.
days SM

DTR
Diurnal Temperature 

Range
Annual  mean  difference  between 

daily TX and TN.
ºC SM

Source: Authors’ private collection (2025). Acronym, name, definition, unit and location in the paper. 
TN refers to the daily minimum temperature, TX represents the daily maximum temperature and the 
numbers 10 and 90 in the first four indices refer to the chosen percentile threshold of the data. The last 
two indices’ acronyms are simply the index name initials
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      To calculate the relative changes between extremes  the RP (1961-1990) and 

AP (1991-2020), Equation 1, the anomaly of extreme events (ΔEE), was adapted from 

Bador et al. (2018). This index is useful in understanding the geographical distribution 

of EE, and is defined for each meteorological station,distribution of EE, and is defined for each meteorological station, 

∆𝐸𝐸𝐸𝐸𝑠𝑠 = (𝐸𝐸𝐸𝐸𝐴𝐴𝐴𝐴,𝑠𝑠𝐸𝐸𝐸𝐸𝑅𝑅𝑅𝑅,𝑠𝑠
− 1) × 100%,         (1) 

where 𝐸𝐸𝐸𝐸𝐴𝐴𝐴𝐴,𝑠𝑠 is the mean number of EE in each meteorological station s averaged 

over the 30 years in the AP while 𝐸𝐸𝐸𝐸𝑅𝑅𝑅𝑅,𝑠𝑠 is averaged over the 30 years  

	 							        (1)

Where 

distribution of EE, and is defined for each meteorological station, 

∆𝐸𝐸𝐸𝐸𝑠𝑠 = (𝐸𝐸𝐸𝐸𝐴𝐴𝐴𝐴,𝑠𝑠𝐸𝐸𝐸𝐸𝑅𝑅𝑅𝑅,𝑠𝑠
− 1) × 100%,         (1) 

where 𝐸𝐸𝐸𝐸𝐴𝐴𝐴𝐴,𝑠𝑠 is the mean number of EE in each meteorological station s averaged 

over the 30 years in the AP while 𝐸𝐸𝐸𝐸𝑅𝑅𝑅𝑅,𝑠𝑠 is averaged over the 30 years  

 is the mean number of EE in each meteorological station s 

averaged over the 30 years in the AP while 

distribution of EE, and is defined for each meteorological station, 

∆𝐸𝐸𝐸𝐸𝑠𝑠 = (𝐸𝐸𝐸𝐸𝐴𝐴𝐴𝐴,𝑠𝑠𝐸𝐸𝐸𝐸𝑅𝑅𝑅𝑅,𝑠𝑠
− 1) × 100%,         (1) 

where 𝐸𝐸𝐸𝐸𝐴𝐴𝐴𝐴,𝑠𝑠 is the mean number of EE in each meteorological station s averaged 

over the 30 years in the AP while 𝐸𝐸𝐸𝐸𝑅𝑅𝑅𝑅,𝑠𝑠 is averaged over the 30 years   is averaged over the 30 years 

in the RP. Notice that this fraction is greater than 1 if the number of EE increases 

in the AP compared to the RP, and less than 1 otherwise. To centralize this value 

around zero, 1 is subtracted from it and the result is multiplied by 100% to obtain 

the EE percentage increase or decrease in the AP compared to the RP. This index is 

used for individual stations for the temperature and precipitation extremes. All the 

percentile thresholds were calculated only with data from the RP. 

	To take into account the fact that each meteorological station does not 

always operate for an entire year, the number of EE detected is divided by the 

fraction of functioning days in each year. After summing over all the yearly EE in 

a given period, the AP, this number is divided by the quantity of years the station 

worked in the same period. This number is divided by the mean number of EE in a 

year, calculated over the RP in the same manner as the AP. These treatments are 

explained mathematically in the SM.
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Table 2 – Rainfall Indices

Index Index Name Definition Unit
Paper 

location

DD90
Extremely  Dry 

Period
Series of consecutive dry days ≥ 90th 

percentile of the dry days distribution.
days Main

RAI
Rain  Anomaly 

Index

Difference between yearly precipitation in a 
given year and mean yearly precipitation in 

the RP divided by the difference between the 
mean of the 10 most or least rainy years and 
the mean yearly precipitation for positive or 

negative anomalies, respectively.

unitless SM

mRAI
Modified  Rain 
Anomaly Index

Same as the RAI index with a different scaling 
factor (1.7) (Cardona et al., 2012)

unitless Main

SPI
Standard 

Precipitation 
Index

Measure of how current precipitation 
compares to historical averages by 

converting rainfall data into a standardized 
scale, it defines whether conditions are 

wetter or drier than normal.

unitless Main

SPEI

Standard 
Precipitation 

Evapo-
transpiration 

Index

Measure  of  how  current  precipitation  and 
potential evapotranspiration compare to 

historical averages  by  converting  the  water  
balance into a standardized scale,  it defines 
whether conditions are wetter or drier than 

normal.

unitless Main

R20mm
Heavy 

Precipitation 
Days

Days where daily precipitation ≥ 20 mm. days Main

R50mm
Very Heavy 

Precipitation 
Days

Days where daily precipitation ≥ 50 mm. days SM

R100mm
Extremely Heavy 

Precipitation 
Days

Days where daily precipitation ≥ 100 mm. days SM

SDII
Simple 

Precipitation 
Index

Total precipitation divided by the number of 
wet days (daily rainfall ≥ 1 mm) in a year.

mm/day SM

PRCPTOT
Annual 

Precipitation
Total precipitation in a year (normalized). mm SM

Source: Authors’ private collection (2025). Acronym, name, definition, unit and location in the paper. In 
the first index, DD refers to Dry Days – that is, a distribution of days without rain – and the following 
number refers to the data percentile threshold (90%). The four following indices’ acronyms (RAI, mRAI, 
SPI and SPEI) are the index name initials. The next indices refer to rainfall of over XX mm, RXXmm (XX = 
20, 50 or 100) and PRCP in the last index refers to precipitation
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2.2 S2iD Database

The information on natural disasters was obtained from the Brazilian Integrated 

System of Disasters (S2iD) (UFSC, 2025). The database assembles data on cities affected 

by disasters, compiling the activities following the events, their damages and risks. 

This is useful to follow the situations in individual cities, as well as for any needed 

declarations or acknowledgments of an emergency or a state of public calamity. While 

the S2iD is an official database for natural disasters in Brazil and has been widely 

used in studies (Dalagnol et al., 2022; Ramos Filho, 2021; Minervino e Duarte, 2016), 

it has several limitations - as will be commented below - and cannot be considered 

a comprehensive resource for analyzing the temporal and spatial dynamics of these 

events across the country.

The public policy on natural disasters in Brazil was consolidated as a civil defense 

system in 2005 (Kuhn et al., 2022). Currently, however, the only systematic organization 

of information on disasters comes from the S2iD platform, from 2012 to the present 

date, where each disaster is recorded manually by municipal and state authorities and 

then recognized by the federal government. Notably, the S2iD database presents some 

challenges such as data incompleteness, duplicity of events, records not individualized 

by municipalities and by type of disaster (Kuhn et al., 2022; Carvalho, 2018). To mitigate 

these issues, events reported in the same city on the same day were taken as a single 

event (considering always the most costly, human or economic-wise), reducing the 

dataset from 65,079 to 41,462 events. As such, the possibilities that the database offers 

after the cleaning outweigh its fault, enabling to access information with a reasonable 

degree of reliability regarding human and economic losses from disasters.

The S2iD contains information on more than 17 types of disasters.  In this study, 

the focus was on the natural kinds of disasters, which were additionally grouped into 

4 categories: storm, flood, drought and ”others”, the later including several disasters 

that, despite generally being related to extremes, are less frequent in the S2iD, such 
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as landslides, forest fires (less common until the year 2020), heat and cold waves, dam 

failures, among others, as shown in Figure 1 in the SM. For each disaster, there are 

more than 40 damage parameters to be filled in a form, such as number of deaths, 

number of injured, number of dislodged, cost of public material damage and cost of 

private losses (agriculture, livestock and other losses).

In 2020, the “Diseases” disaster type, driven by the COVID-19 pandemic, greatly 

increased in terms of human impact and economic losses.  As this type of disaster is 

better evaluated through the Brazilian Health Ministry’s website (https://covid.saude.

gov.br) and is unrelated to extreme climate events, it was excluded from this analysis.

3 RESULTS

3.1 Air Temperature

One well established possible consequence of human-induced climate 

change is the increase in the frequency and intensity of extreme weather events. 

In Figure 2, it is shown that this increase is already happening in Brazil. Black lines 

in Figs. 

2-a and 2-b show the anomaly in TN and TX respectively, in respect to the RP 

(indicated in the figure), averaged over all meteorological stations. The red lines 

are a smoothed version of the black line and serve to guide the eyes (calculated 

using a standard local polynomial regression fit). This figure shows only two of the 

extreme climate indices detailed in Table 1, as it highlights the changes in extremes 

in Warm days and Cold nights. The other indices, such as Cold days and Warm nights, 

presented similar trends and are therefore discussed in the SM.

https://covid.saude.gov.br/
https://covid.saude.gov.br/
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Figure 2 – Temperature anomalies and extreme events

Source: Authors’ collection (2025). Caption: a) and b) respectively present black lines depicting the 
minimum (TN) and maximum (TX) air temperature anomalies (mean temperature deviations). The TN 
anomaly reaches around 1.1C in the year 2020, while the TX anomaly reaches around 1.4. c) and d) depict 
the mean yearly extreme events occurrence as TN10p time series, shown to be decreasing, and TX90p, 
increasing over the whole period of analyses. Both figures present insets with the same data in log-scale 
and overall trends. These four-time series are averaged over all meteorological stations, and red lines 
are a smoothed version of the black curves (calculated through standard local polynomial regressions). 
Panels e) and f) show respectively the TN10p (cold nights) ΔEE and TX90p (warm days) ΔEE (calculated 
through Eq. 1), which respectively present decreasing (dark blue points) and increasing (orange points) 
behaviors throughout the country in the analysis period (AP, 1991 to 2020), when compared to the 
reference period (RP, 1961 to 1990)
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The behavior indicates an increase in temperature anomalies, a trend that is 

also observed at a global scale (Rohde e Hausfather, 2020) and has already been 

reported in the Amazon (Almeida et al.,2017) and Northeast regions (Costa et al., 

2020). The maximum air temperature anomaly in Brazil reaches around 1.4ºC 

and the minimum temperature anomaly reaches around 1ºC. In the SM, the TN 

and TX anomalies per month averaged over five years are also shown, indicating 

a consistent increase from 1960 and 2020 by month, with more pronounced 

anomalies during the months from June to August.

In Figures 2-c and 2-d, extreme temperature events TN10p and TX90p 

(also called Cold Nights and Warm Days respectively) are shown as a time series 

averaged over all meteorological stations. The inset graphs represent the data in 

the AP in a logarithmic scale that present the same overall behavior as the non-

logarithmic graphs. The red lines show that TN10p events are decaying almost 

linearly in time, while TX90p events are increasing at a slightly higher rate. The 

increase in TN and TX temperature anomalies as well as the decrease of TN10p and 

the increase of TX90p indicate a shift of the whole daily temperature distribution 

to higher temperatures. This trend can also be seen in Figures 2-e and 2-f, which 

show the spatial distribution of the temperature EE anomaly defined in Eq. 1. This 

index shows a decrease in TN10p and a significant increase of TX90p, reproduced 

throughout all Brazilian regions, except for the South where the trend seems to 

be milder.

3.2 Rainfall

In this study, the daily precipitation data from the INMET database (INMET, 

2022) was used to calculate the SPI (McKee et al., 1993) and SPEI (Vicente-Serrano 

et al., 2010) indices through the Climpact software (https://climpact-sci.org/) and 

further understand the precipitation behavior in Brazil (details of these indices 

are on SM). The overall SPEI and SPI time series trends were calculated using 
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the Mann-Kendall (MK) test (Mann, 1945) to validate any monotonic trend on the 

series with a significance level < 5%, and when affirmative, the Sen’s slope (Sen, 

1968) algorithm is used to obtain the rate of change. Additionally, the mRAI index 

was also calculated using MK test and Sen’s slope to obtain the change rates. In 

this analysis, positive and negative values represent trends towards wetter and 

drier conditions, respectively, in the last 60 years. In Fig. 3-a, these indices are 

shown averaged for each Brazilian region. The upper part of this figure shows 

the political borders of each region, while the lower part displays the respective 

average trends for the SPI and SPEI indices measured on time scales ranging from 3 

to 12 months, along with the average trend of the mRAI index measured on an annual 

scale (the full map for each index can be found in the SM).

It is interesting to note in Fig. 3-a that all regions show a robust trend, 

independently of the time scale in which they are measured and for all the indices. 

Because the averages are taken over geopolitical regions and some higher trend 

values can be smoothed out.  Nevertheless, the indices show a clear sign of increase 

in drought in the Northeast region and in precipitation in the South region. The 

Central-West and Southeast regions also present a trend towards drier weather while 

the North region shows a milder tendency towards an increased precipitation. The 

drought in the Northeast and Central-West and the precipitation trends in the South 

align with Chagas et al., 2022, who identified significant streamflow changes in Brazil’s 

water cycles using data from 886 hydrometric stations and a different methodology. 

The trend in precipitation for the South region measured in the present work is also 

in agreement with Schossler et al., 2018, where the authors monitor the precipitation 

pattern using the Tropical Rainfall Measuring Mission (TRMM) in the period from 

1998 to 2013. 
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Figure 3 – Trends and extreme precipitation events

Source: Authors’ collection (2025). Caption: a) The SPI, SPEI and mRAI average trends on humidity for 
each region, with time spans of 3, 6 and 12 months for first two indices. b) Anomaly of Heavy Precipitation 
Days (R20mm) for each meteorological station, which seems to decrease in the Northeast region while 
increasing in the South region and c) anomaly of Extreme Dry Period events, shown to be decreasing in 
the South region and increasing in the Northeast and Southeast. In both figures the EE anomaly, ΔEE, is 
calculated through equation 1 for individual meteorological stations. The orange color indicates an 
increase and darkblue a decrease in ΔEE

Figure 3-b shows the spatial distribution of the anomaly of R20mm, ΔEE, 

defined in Eq. 1. The map with circles representing individual meteorological 

stations shows an increase in R20mm in the South and a milder decrease in events 

in the Northeast. The Southeast region between the South and Northeast acts as a 
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transition zone where it is possible to notice mixed behaviors in stations. This overall 

behavior is in accordance with the results obtained by Avila-Diaz et al., 2020 and 

Regoto et al., 2021. In particular, studies in the state of Rio de Janeiro—characterized 

by complex topography and dense urbanization—have identified increasing trends in 

extreme daily rainfall and decreasing trends in dry/wet spell persistence, contributing 

to greater irregularity in rainfall distribution and heightened hydrometeorological risk 

(LuizSilva & OscarJúnior, 2022). Figure 3-c presents the spatial distribution of the 

anomaly of DD90 EE, also defined through Eq. 1, showing a clear increase in events 

in the Northeast and Southeast regions, and a decrease in the South region. As 

done with the temperature analysis, only two of the precipitation indices detailed 

in Table 2 are shown here. All the additional indices showed similar trends and are 

detailed in the SM.

The next section will discuss a parallel database that presents human and 

economic costs of natural disasters. While it does not directly link the EE trends with 

disasters, it gives an overview of the potential costs that such events can have by 

looking for the disasters that happened over the last decade in Brazil.

3.3 Economic Losses and Human Impact of Natural disasters

This subsection reports the results from the S2iD database (UFSC, 2025), used to 

evaluate the impacts of disasters in Brazil over the past decade.

The bars in Fig. 4-a show the total number of individuals affected (including 

deaths, injuries, dislodgement, missing people and others) by type of disaster from 

2013 to 2024. Fig. 4-b presents the total economic cost (accounting for all types of 

financial costs, including material damage, agriculture, livestock, private and public 

damage) by type of disaster. Figure 5 shows the geographical distribution of natural 

disasters that have the most significant human impact and cause the largest economic 

losses, along with EE identified over the same period.
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Figure 4 – Human and economic impacts of disasters

Source: Authors’ collection (2025). Caption: a) Number of people affected per year from 2013 to 2024, 
by type of disaster. b) Economic losses in USD billions per year by type of disaster

The total cost of disasters in Brazil during the analyzed period is approximately 

USD 80 billion, which represents about 5% of Brazil’s annual GDP (around USD 1.8 

trillion in 2023 (IBGE, 2023)). In terms of human impact, approximately 270 million 

people were affected—more than the country’s entire population. This suggests that 

some individuals were impacted multiple times by the disasters, which aligns with the 

record of several events affecting certain locations in the S2iD database. For instance, 

the location with the highest number of disasters recorded almost 200 events during 

the analysis period. The frequency of data entries for the 50 most affected locations is 

shown in the SM. In addition to being the type of event that affects the most people, 

drought also stands out as the costliest catastrophic event registered from 2013 to 

2023, accounting for approximately USD 66 billion during the period analyzed.

Figures 5a–c shows the geographical distribution of these damages across Brazil, 

while Figure 5d presents the distribution of EE identified over the same period.  Figure 

5-a highlights drought as the most impactful event in terms of economic costs 

across nearly all regions of Brazil, followed by storms, which have a significant 

effect in the Southeast, South and Central West regions. Figure 5-b shows the 

geographic distribution of events affecting more than 100,000 people, with drought 

again being the most impactful in the Northwest region and storms in the South 

and Southeast. Notably, ’others’ (as cited above) are the most devastating disasters 
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in terms of people affected in the Central-West and North regions, often related to 

fires. Figure 5-c depicts a specific type of social impact, the internal displacement, 

clearly showing that storms and floods are the most impactful disasters in forcing 

people to leave their homes. 

Figure 5 – Geographical location of disasters

Source: Authors’ collection (2025). Caption: a) Number of disasters causing over 50 million USD in 
damages, b) Number of disasters affecting more than 100,000 people, c) Internal displacements in 
thousands of people and d) average number of extreme events by meteorological station (from INMET). 
The discs represent the total number of events recorded from 2013 to 2024, summing all entries within 
the corresponding geographic region. Figures (a), (b) and (c) are color-coded by type of disaster, as 
indicated in legend in (a) while Fig. (d) is color-coded following type of extreme event
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The high costs associated with drought events can be attributed to the fact that 

Brazil is a major agricultural power and depends largely on hydroelectric plants for 

the majority of its energy production. Agriculture accounts for the highest total cost 

of the disasters, amounting to USD 42 billion. The agricultural sector contributes to 

around 6% of the value added to the gross domestic product (GDP) from 2011 to 2021 

(IBGE, 2023). However, when considering activities such as processing and distribution, 

Brazil’s agricultural and food sectors collectively contributed 38% of the country’s GDP 

(CEPEA,2024) (averaged over 2013-2023). According to World Bank report (WB,2022), 

agriculture has the greatest impact on poverty among the four scenarios studied, as 

impoverished individuals are more vulnerable to food price fluctuations and depend 

heavily on agricultural and ecosystem-related incomes.

Figure 5d shows the distribution of three different types of EE in Brazil, as 

shown in the legend. Since TX90p events have increased far more than precipitation in 

absolute terms (up to 150% versus 30% for rainfall, Figures 2 and 3), TX90p dominates 

the map. However, strong rainfall events (R20mm) and droughts (DD90) are also 

numerous across all regions. 

Notably, the figure illustrates that extreme events do not necessarily translate 

into disasters; a disaster results from the combination of a climate hazard and social 

vulnerability (Cardona et al., 2012). For example, in the Northeast, large numbers 

of displacements caused by heavy rains are observed, even though the frequency 

of R20mm is not particularly high in the same period—suggesting that vulnerability 

plays a significant role in disaster outcomes. In the South and Southeast, the high 

R20mm values align more clearly with the large numbers of people affected by storms 

and floods. In the Center-West, the combination of frequent heat waves (TX90p) and 

prolonged dry periods (DD90d) is consistent with the prevalence of disasters classified 

as “others,” which in this context likely includes wildfires.

The analysis of extreme weather events discussed in the previous section 

indicates that the Northeast region has become drier over the past 30 years, a trend 
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previously reported by Marengo et al. (2017), which could exacerbate the drought 

impacts shown in the panels of Fig. 5. Also, the South region has become wetter in the 

last 30 years, a trend that also appears in panels of Fig. 5-b,c as the most impactul type 

of disaster. This aligns with observed increases in heavy precipitation days (R20mm) in 

southern Brazil (Zilli et al., 2016), where urbanization and South Atlantic Convergence 

Zone dynamics may amplify extremes.

4 CONCLUSIONS

This study has conducted a parallel analysis of two distinct databases: the 

meteorological station dataset from INMET, encompassing 60 years of data recorded 

by over 287 conventional meteorological stations, and the S2iD database, which 

focuses on natural disasters, spans a 12-year period and is manually filled.

Using INMET data, the anomaly of the air temperature averaged over all stations 

was measured. For both the maximum and minimum daily temperature, an average 

increase of over 1°C was identified in the period from 1990 to 2020 when compared to the 

reference period (1961 to 1990). Several climate extreme indices were then measured 

and showed consistently that events of maximum daily air temperature, particularly 

warm days (TX90p), have severely increased in comparison to the reference period, 

with some stations recording an increase of over 100%, while cold nights (TN10p) have 

decreased up to 75% in the same period. In terms of rainfall, the analysis points for a 

drier weather in the Northeast region and wetter weather in the South. Moreover, the 

number of days with heavy precipitation have increased by about 20% in the South 

region and decreased by approximately the same amount in the Northeast in the last 

three decades when compared to the reference period. Throughout the country, an 

increase of about 20% in extreme drought events can be seen, with the exception of 

the South region.

The changes in the trends of temperature and precipitation extremes are 

particularly important in Brazil because the country’s economy is largely based on 
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agriculture and livestock, and most of its energy is generated by hydroelectric plants. 

About 40% of the Brazilian GDP is related to these activities (CEPEA, 2024), making the 

country vulnerable to climate changes, which stresses the need for adaptation. These 

vulnerabilities are partly measured by the S2iD data, which shows that drought is the 

type of event that has the highest impact in terms of economic losses, while storms 

stand out as the most impactful in affecting directly people’s lives, including the need 

of displacing them from their homes. This impact is not homogeneously felt in Brazil, 

reflecting the country’s social inequalities.

The main limitation of this study is its inability to directly link temperature and 

precipitation extremes to natural disasters. Establishing connections between datasets 

could improve disaster prevention strategies. One approach involves applying Extreme 

Value Theory (EVT) (Majumdar et al., 2020) and integrating gridded meteorological data 

(Xavier et al.,2016) with more frequent disaster records. By using the S2iD platform to 

identify high-risk regions and analyzing nearby meteorological data, EVT can estimate 

the probability of extreme events leading to disasters. Understanding the thresholds 

for disaster-triggering events is essential for developing effective, region-specific 

adaptation measures.
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ANNEX – SUPPLEMENTARY MATERIAL (CLIMATIC EXTREMES IN 

BRAZIL: A PARALLEL ANALYSIS OF HISTORICAL TRENDS AND 

SOCIOECONOMICAL IMPACTS)

METHODS	

In this section we provide complementary information on the databases used, 

show the data robustness tests and additional temperature and precipitation indices.

S2iD Base

	The S2iD database is the official resource when a city declares a state of calamity 

or catastrophe in Brazil. It is the first official dataset to be filled with information, which 

is later confirmed by authorities. A drawback of this database is that it is not automated 

and is manually filled, which can introduce errors. To address this issue, we cleaned 

events that were spatially and temporally close to each other, as it happened that the 

same event was registered twice. Additionally, in 2023, one event reported almost USD 

130 billion in damages and was discarded, as this value is absurdly high compared to 

other EE values and the Brazilian GDP itself, and lastly we just considered events with 

status Confirmed, what means that they were confirmed by Brazilian authorities.

	As mentioned in the main text, the S2iD database contains several entries to 

identify different types of disasters. In this work, we group all these types into five 

categories as shown in Table 1.
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Figure 1 – This table summarizes how we group different types of disasters. The left 

side of the table shows our classification, while the right side specifies the types of 

events that are registered in the S2iDwork, we group all these types into five categories as shown in Table 1. 
 

Figure 1: This table summarizes how we group different types of disasters. The left side of the table shows 
our classification, while the right side specifies the types of events  	An interesting aspect of this database is that certain locations appear multiple 

times, as illustrated in Fig. 2. This may be because local authorities learn how to use 

the database and proceed to include every disaster that happens in their city.
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Figure 2 – Sum of extreme occurrences per City and State in the time from 2013-2021 

from the S2iD basis

Exclusion of INMET meteorological stations and outliers

	As mentioned in the main text, we excluded stations with less than 30% of 

data in the RP (1961-1990) and the whole period of analysis (1961-2020), as well as 

individual years where a station worked for less than 30% of the time, which resulted 
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in approximately 287 working stations. In the next section we present some of the 

temperature indices calculated and how the different exclusion criteria based on 

percentage of working time change Extreme Event (EE) occurrences (Figure 5). Our 

choice of 30% as the working time exclusion threshold is then justified as an average 

that retains the general trend of different threshold curves while keeping a reasonably 

good amount of data.

	To define data outliers we consider the standard definitions used by Climpact 

quality control, where we discard temperature data lower than p25-3*IQR (percentile 

25 minus 3 times the interquartile range of the temperature distribution), upper than 

p75+3*IQR and daily precipitation volume data above p75+5*IQR.

2  IDENTIFICATION OF EXTREME EVENTS

Temperature Indices

	The TN10p and TX90p are indices that reference the tails of the minimum and 

maximum daily air temperature distributions, as described in [7, 4]. They relate to 

the temperatures under the 10% and over the 90% percentiles of daily minimum (TN) 

and maximum (TX) air temperatures, respectively. In this work, these percentiles are 

calculated with data only in the reference period to define a percentile based extreme 

line for data in the whole period. This way, the identification of EE in the analysis period 

takes into account what was extreme in the reference period. The same is considered 

for the TN90p and TX10p, which relate to the temperatures over the 90% and under 

the 10% percentiles of TN and TX temperatures, respectively.
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Figure 3 – TN10p and TX90p EE detection threshold in a station in Montes Claros, in the 

state of Minas Gerais. The x axis represents days of the year (1-366), and the dots in 

both figures represent daily temperatures in all of the WP. The cyan and red lines in the 

left and right figures respectively represent the 10th and 90th data percentile, which 

are used as the extreme threshold. Blue points in the left figure identify minimum 

temperature extremes (TN10p). Red points in the right figure represent maximum 

temperature extremes

	In Fig. 3 TN (left) and TX (right) time series are shown in the year-day representation 

for the RP, with the daily temperature data organized by day of the year (1 to 365/366). 

The figure helps to show how the indices account for seasonal effects, and how for 

each day of the year there is a different percentile threshold. This moving threshold 

is calculated using a 5-day window to increase statistics: let us suppose that day j has 

30 pieces of data on the TX distribution for the RP, considering the window [j-2,j+2] 

we increase this number to 150 pieces, which is then used to define a temperature 

threshold using the 90% percentile - for instance, 36ºC for the 90% percentile, so every 

TX > 36ºC for day j will be considered as extreme. The extreme temperature events 

are represented as blue points, under the blue line, for TN10p (on the left), and as red 

points, above the red line, for TX90p (on the right).
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Figure 4 – Both figures represent temperature series varying the extreme percentile 

threshold. On the left, TX is shown and the three lines represent the use of 90%, 95% 

and 99% as thresholds. The same is done on the left using the TN and the 10%, 5% 

and 1% thresholds

Figure 4 shows distinct time series for more rigorous extreme event thresholds 

(TN < 1%, 5% and 10% percentiles and TX > 99%, 95% and 90% percentiles). We see that 

the extreme TN events decay while extreme TX events increase independently of the 

percentile threshold chosen. Similarly, these results are robust for even less rigorous 

thresholds. As expected, the more rigorous the extreme event threshold chosen, the 

less events identified. Considering this, we use the 10% and 90% percentile thresholds 

for the minimum and maximum temperature analysis, respectively.

As mentioned in Section 1, we excluded stations which worked for less than 

30% of the whole period and the RP from the whole analysis. Additionally, individual 

years where a station worked for less than the same 30% were not considered. To 

choose this fraction threshold, we tested cuts from 10-50%, considering that different 

cuts could imply changes in the EE identification. In figure 5, extreme TN and TX time 

series are presented showing how each cut influences the data behavior. In the Other 

Precipitation Indices section, the same tests are shown for precipitation indices. Since 

the general shape of the curves do not change much, in order to maintain a balance 
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between the amount of data and the robustness of our results, the 30% threshold 

was chosen.

Figure 5 – TX90p and TN10p EE detection varying station functioning cut. Each line and 

points are separated by percentage cut and identified in a particular color. The figures 

on the left and right represent the TN and TX behavior

	

Precipitation Indices: SPI and SPEI

	The precipitation indices used are the Standard Precipitation Index (SPI) [2] and 

the Standard Precipitation Evapotranspiration Index (SPEI) [6]. The SPI considers only 

precipitation data, while the SPEI also takes temperature into account. The indices 

SPI3, SPEI3, SPI6, SPEI6, SPI12, and SPEI12 are calculated using the Climpact software 

(https://climpact-sci.org/). These indices were not used to the evaluation of extremes 

(even that they could be), but just to the trend definition of the time series obtained, in 

order to understand the overall behavior of precipitation in each region. The trend for 

those series of self-correlation are tested by the Mann-Kendall test for in-homogeneous 

data, that is a median over possible coefficients that do not overestimate the extremes 

[1], if the series have enough and sufficiently continuous data, they pass the MK test, 

and the Sen’s slope trend [3] is calculated. These trends show the tendency that each 

station have to become drier or wetter, depending on the time scale of each index.
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The SPI indices calculated through Climpact software are obtained exactly 

as stated by McKee et al. [2]: monthly precipitation data are collected for a period 

of at least 360 months. A set of averaging periods j months is chosen, where j = 3, 

6, 12 months, representing typical time scales for precipitation deficits affecting 

water sources. Moving datasets are generated such that each month a new value 

is calculated using precipitation data from the previous i months, where i = j. Each 

dataset is fitted to a Gamma distribution to establish the probability-to-precipitation 

relationship. The historic Gamma distribution relationship is then used to compute 

the probability of any observed precipitation data point, followed by the application 

of the inverse normal transformation to the computed probabilities. The precipitation 

deviation is subsequently converted into a normally distributed value with a mean of 

zero and a standard deviation of one. The resulting value from the normal distribution 

transformation represents the SPI for the specific precipitation data point.

	To calculate the SPEI indices, the Climpact software perform a similar algorithm 

that for SPI, but with some differences: it calculates the potential evapotranspiration 

(PET) through Thornthwaite method [5], then calculate the climatic balance for each 

month, as the difference between precipitation and PET. For each month is calculated the 

aggregated values over the previous n months (where n = 3, 6, 12). The biggest difference 

from SPI index is that for the SPEI a log-logistic distribution is used to fit the aggregated 

values, which need the fitting of 3 moments for the distribution. After the distribution 

is obtained, the software transforms the cumulative probability to a standard normal 

distribution and this represents the SPEI for the specific data point.

Figure 6 presents an example of the plots generated by the Climpact software 

for Station 20 (Óbidos, PA in the North region). The y-axis indicates the magnitude of 

autocorrelation and the x-axis represents the years in the series. The upper graphs 

display SPI3 (left) and SPEI3 (right), both with the respective Sen’s slope trends. The 

lower graphs show SPI12 (left) and SPEI12 (right), which lack sufficient data to produce 

the Sen’s slope trends.
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Figure 6 – Examples of SPE and SPEI indexes for the metereological station 20 (Obidos, 

PA on the North region). The upper graphs display SPI3 (left) and SPEI3 (right), both with 

the respective Sen’s slope trends. The lower graphs show SPI12 (left) and SPEI12 (right), 

which lack sufficient data to produce the Sen’s slope trends. The y-axis represents the 

magnitude of autocorrelation for the precipitation series within the respective time 

windows (3 months for the upper panels and 12 months for the lower panels). The 

x-axis represents the years in the time series. Blue values indicate wet periods at this 

station, while red values indicate dry periods

Other Precipitation Indices

The DD90d and Rain events are indices that reference precipitation distributions. 

The DD90d extreme events are calculated using series of days without rain. In each 

station, the days with 0mm of precipitation are selected and days in a row are grouped. 
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We then take the 90% threshold of this distribution (using only data in the RP) and 

select the day series over this percentile (in the whole period), characterized as extreme 

DD90d events. The Rain events (RXXmm) are the days where a station registered over 

20, 50 or 100mm of rain (R20mm,R50mm and R100mm respectively). These indices and 

the identification of extremes are both exemplified in figure 7, in an individual station 

in Montes Claros, Minas Gerais.

Figure 7 – Dry days and Rain EE detection threshold in a station in Montes Claros, in the 

state of Minas Gerais. The figure on the left represent the Dry Days index, where the red 

line represents the number of days that mark the 90% threshold in that station, and the 

red blocks represent the extreme events. On the right, the Rain index is represented, 

with the blue line representing 50mm of rain, used as this index’s threshold, and blue 

blocks represent the extremes events

Like what was done in the temperature analysis, we tested station functioning 

cuts from 10-50% for precipitation indices. Similarly, all threshold cuts showed a robust 

behavior - shown in Fig. 8 for the R20mm (left) and DD90 (right) indices, respectively. 

Additionally, Figure 9 shows the 10% and 50% threshold cuts. The similarity between 
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both maps, with the biggest difference being the amount of stations, attests to the 

data robustness.

Figure 8 – R20mm (left) and DD90 (right) EE detection varying station functioning cut. 

Each line and points are separated by percentage cut and identified in a particular 

color. The shaded section refers to the RP

Figure 9 – Comparison of Different Thresholds for Meteorological Station Cuts. The 

R20mm index is analyzed across all meteorological stations in Brazil. The left panel 

uses a 10% threshold cut, and the right panel also uses a 50% threshold cut. The 

results are nearly identical, but the lower threshold excludes fewer stations, resulting 

in a denser and more populated figure
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Measure of the Mean of an Extreme Event

To calculate the mean number of EE in a given period, such as the RP or AP, 

we first measure the number of EE in a given year y and station s,  . To take into 

account the fact that each meteorological station does not operate the entire year, we 

normalize it as follows: 

(1)                                                                                                                          

where fy,s is the fraction of functioning days of each station s in each year y.

	To compute the time series of EE averaged over several meteorological stations, 

we measure the average number of EE in a given year y using the following procedure:

(2)                                                                                                                                                                                                                                                                     

where the sum is made over a range of desired meteorological stations (for example we sum up over 
all the stations of a Brazilian region). To take into account the fact that some stations stop working 
sometimes, we normalize it by  , which is the umber of functioning stations in a given year y. Eq.(2) is 
used in all temperature and precipitation time series.

	To build maps such as those presented in Figs. (2) and (3) of the main text, we 

need to look at individual meteorological stations. To do so, we sum EEy,s  over an 

interval Δy and divide it by the same interval (therefore calculating the mean EE over 

said period):

(3)                                                                                                                 

In this work Eq. (3) is used when Δy is the interval of time corresponding the AP 

and RP, defining the quantities used in Eq.(1) of the main text:

(4)

(5)                                                                                                                                    
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y ∈ RP (y ∈ AP ) indicates that the sum is over the years when station s was 

functioning during the reference period, RP (analysis period, AP).

3 OTHER RESULTS

In this section we show additional measures to test the robustness of our results 

and complement the data shown in the main text.

Data on Temperature

	Figure 10 shows the monthly temperature anomaly for all the working stations in 

Brazil, with each line representing an average over 5 years. The minimum temperature 

anomaly appears on the left and the maximum on the right, color coded from red (year 

1960) to purple (year 2020). It is interesting to notice how the difference in temperature 

anomaly is much more pronounced in winter months (June-August), with an increase 

of around 4ºC for the TN anomaly and 3ºC for TX anomaly in the last sixty years, than 

the summer months (December-February) that have subtler increases of around 1ºC 

for both temperature series in the last sixty years. 

Figure 10 – Month anomaly 5 year average in Brazil: left) Minimum temperature 

anomaly and right) Maximum temperature anomaly. Color code: 5 year average from 

1960 (red line) to 2020 (purple line)



Ci. e Nat., Santa Maria, v. 48, e90742, 2026

Lazzari, D., Garcez, A. B., Poltozi, N. M., Pozzi, G. S., & Brito, C. | 41

	In addition to observing yearly temperature changes, we analysed the DTR, which 

measures the daily temperature range. The results over all meteorological stations are 

shown in ig. 11, where a decrease in the daily range can be noted in the RP.

Figure 11 – DTR as a time series over all stations. The red line is a smooth of the black 

line and shows a decrease in events in the RP, which then stabilizes in the AP

To test the robustness of our findings, we have investigated indices more 

closely related to cold/heat waves, that take into account the temporal continuity of 

an extreme event. In Figure 12 we present the average of EE that have happened n 

consecutive days: on the Fig. 12-left for the minimum temperature EE, TN10pnd, and 

on the Fig. 12-right for the maximum temperature EE, TX90pnd, for n = 1, 3 and 5. We 

see that the differences in EE consecutiveness do not change much the overall shape 

of the curves, but decrease their occurrences, as we should expect from more rare 

(or longer) events. We continue to see this behavior in Fig. 13, where the WSDI time 

series is calculated. This additional index is nothing more than an extreme maximum 

temperature event over 6 days (equivalent to TX90p6d), and so it comes as no surprise 

to see that it shows a similar behavior to the curves in Fig. 12-right.
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Figure 12 – Extreme temperature events by station, for minimum temperature on the 

left, and maximum temperature on the right. Color-coded for the continuity of events 

occurrence in days, from wine (1 day) to orange (5 days)

	

	 Finally, in addition to calculating the TX90p and TN10p indices, we decided to 

measure the TN90p and TX10p indices, seen in Figures 14 and 15, respectively. These 

figures are complementary to Fig. 2 in the main text, and show a similar behavior of 

increasing maximum temperature events (TN90p and TX90p) and decreasing minimum 

temperature events (TX10p and TN10p). 

Figure 13 – WSDI events as a time series over all stations. The red line is a smooth of 

the black line and shows a clear increase in events in the AP in comparison to the RP
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Figure 14 – Extreme TN90p (warm nights) events by represented as a time series 

(left) and over all stations (right). The time series shows a clear increase in events in 

Brazil, which is then confirmed by the positive trends in the majority of meteorological 

stations in the map

Figure 15 – Extreme TX10p (cold days) events by represented as a time series (left) and 

over all stations (right). The time series shows a clear decrease in events in Brazil, which 

is then confirmed by the negative trends in the majority of meteorological stations in 

the mappositive trends in the majority of meteorological stations in the map. 
 
 

 
Figure 15: Extreme TX10p (cold days) events by represented as a time series (left) and over all stations 

(right). The time series shows a clear decrease in events in Brazil, which is then confirmed by the 
negative trends in the majority of meteorological stations in the map. 
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Precipitation

	Figure 16 shows the geolocalized precipitation trends for 6 indices. It is possible 

to see that for a bigger time window (12 months, SPI12 and SPEI12) the points are 

sparser, since gaps on the data make it difficult to compute the trends. Nevertheless, 

those trends confirm the overall behavior shown in Fig. 3 in the main text.

	Figures 17, 18, 19 and 20 show the same geolocalized representation for 

additional indices. Figure 17 shows the map for the mRAI and RAI indices, with the 

colors representing variations in the Sen’s slope. Figure 18 presents the map for an 

absolute index, which analyses the extreme precipitation events that present PR > 

100mm and PR > 50mm (R50mm and R100mm). Figures 19 and 20 show the PRCPTOT 

and SDII indices, respectively, which take into account the yearly precipitations in 

each station. In all figures, the behavior seen is the same as the extreme precipitation 

map shown on the main text. Some, such as Fig. 18, show a little more noise since 

some meteorological stations do not have enough data (or precipitation) to present 

signal on this index. This, along with the SPI and SPEI indices, show the robustness of 

the data presented in the main text, where we find that the north and south regions 

seem to be getting wetter while the other regions seem to get drier, particularly 

northeast region, for all the indices.
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Figure 16 – Trends on Standard Precipitation [Evapotranspiration] Indices (SP[E]I): 

Tendencies of drier/wetter precipitation series geolocalized in Brazil. The number 

behind the index indicates the time window considered to calculate the precipitation 

self-correlation series. The points indicate in green the meteorological stations that are 

becoming wetter, while purple points indicates the stations that are becoming drier

Figure 17 – Geolocalized trends of increasing (orange) and decreasing (darkblue) Sen’s 

slope for the mRAI and RAI indices for each meteorological station. In both maps, there 

seems to be an increase in the slopes of stations in the North and South regions and a 

decrease in the Northeast and Southeast regions
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Figures 21 and 22 represent EE time series, measured as defined in Eq. 2, 

separated by different political regions in Brazil. The red lines represent each region’s 

overall trend in events. As they are an average over multiple stations in each region, 

the behaviors shown are not as clear. Due to the average taken over a large region, 

trend behaviors may be swept away.

Figure 18 – Geolocalized trends of increasing (orange) and decreasing (darkblue) 

extreme events of precipitation above 100mm, on the left, and 50mm, on the right for 

each meteorological station. In both maps, there seems to be an increase in events in 

the North and South regions and a decrease in the Northeast and Southeast regions
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Figure 19 – Geolocalized trends of increasing (orange) and decreasing (darkblue) 

PRCPTOT events for each meteorological station. The overall trend seems to be of 

increasing events in the North and South regions and decreasing events in the 

Northeast and Southeast regions

 

Figure 20 – Geolocalized trends of increasing (orange) and decreasing (darkblue) SDII 

events for each meteorological station. The overall trend seems to be of increasing 

events in the North and South regions and decreasing events in the Northeast and 

Southeast regions
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Figure 21 – Dry Days extreme events shown as time series separated by Brazilian 

political regions. The black dots indicate the yearly mean EE and the red lines indicate 

their trend

Figure 22 – Rain extreme events shown as time series separated by Brazilian political 

regions. The black dots indicate the yearly mean EE and the red lines indicate their trend
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