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ABSTRACT
This study provides the first estimates of the frequency distribution of observational and future maximum 
daily precipitation considering nonstationarity for the entire Brazilian territory. We assess observational 
data from 1980 to 2015 and projected data from 2020 to 2099 for two climate change scenarios and four 
downscaled climate models. We modelled extreme precipitation according to the extreme values theory 
and calculated the precipitation intensity associated with the return periods of 5, 10, 25, 50, and 100 years 
in nonstationary conditions. The results indicate that nonstationarity is identified in 17.5% of the study 
area during 1980–2015. The analysis of future climate projections indicated an increase in the return 
levels of extreme precipitation compared to the historical period in at least 90% of the national territory. It 
shows that engineering design must urgently consider the nonstationarity of extreme precipitation 
under the risk of increasingly unsafe infrastructure.
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1 Introduction

Recent studies show that extreme precipitation has changed 
over the past several decades and increased in intensity and/or 
frequency on the local, continental and global scales 
(Alexander et al. 2006, Westra et al. 2013, McPhillips et al. 
2018, Xavier et al. 2019, Eyring et al. 2021). Although extreme 
events are associated with natural climate variability, it is 
virtually certain that anthropogenic activity contributes to 
the intensification of extreme precipitation on a global scale 
(Porto de Carvalho et al. 2014, Lehmann et al. 2015, Donat 
et al. 2016, Eyring et al. 2021). In addition, increases in extreme 
heavy precipitation are more frequent than decreasing trends 
(Westra et al. 2013, Donat et al. 2016, Lehtonen and Jylhä 
2019), particularly related with the increase in atmospheric 
moisture content associated with warming (Eyring et al. 2021).

These findings suggest a need to better understand extreme 
precipitation behaviour and how these changes can impact 
social and ecological systems. In urban environments, the 
impacts may be related to urban mobility, water, energy sup-
ply, and health, especially waterborne disease. Furthermore, 
these events are associated with urban floods and landslides, 
which are also correlated with accelerated and disorderly urba-
nization (McPhillips et al. 2018). Most urban centres in Brazil 
are the result of a disorderly expansion, lack of infrastructure, 
and the occupation of areas at geological and geotechnical risk, 
leaving the population exposed and vulnerable to such 
impacts. Densely urbanized areas might be even more vulner-
able to extreme events disasters in the future (Ávila et al. 2016, 
de Loyola Hummell et al. 2016, Debortoli et al. 2017, Lyra et al. 
2018).

In Brazil, numerous cases of urban floods and landslides are 
recorded every year. Recent episodes were recorded in the 
states of Bahia (in 2021), Minas Gerais and São Paulo (in 
2020 and 2022), Espírito Santo and Rio de Janeiro (2020), 
Santa Catarina (in 2008), and in some municipalities in Rio 
de Janeiro (Angra dos Reis in 2009, Niterói in 2010, and 
mountaintop cities in 2011) (IBGE 2019a). All these events 
resulted in many deaths and significant damage to local infra-
structure and left thousands of people homeless.

With the intensification of climate change, the population 
might become even more exposed, more vulnerable, and less 
adaptable to extreme events (Marengo et al. 2011, Debortoli 
et al. 2017). Adaptation is urgent in this context and directly 
depends on managing natural risks through technical solutions 
of geological-geotechnical infrastructure and water resources 
(Marengo et al. 2021). The most common approach to engineer-
ing design relies on defining an acceptable risk associated with the 
probability of occurrence of an extreme event. These estimates are 
based on the statistical distribution of stationary annual maxi-
mum time series (Lang et al. 1999, Ouarda and Charron 2019).

The notion of a stationary climate, which guides many 
technical solutions, is based on the dynamics of the natural 
system that float within an immutable envelope of climatic 
variability (Milly et al. 2008). However, human interference 
may introduce nonstationarity to many meteorological and 
hydrological time series, especially in the future (Milly et al. 
2008, Field et al. 2012). Therefore, for technical solutions to be 
effective and safe, they must be designed and operated con-
sidering climate change, not based only on climate observa-
tions as projects are currently developed.
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However, designing technical solutions that enable adapta-
tion to climate change depends on updated and accessible 
extreme events data. Frequently, the available data is not 
generated in a format that managers and design engineers 
can easily use to mitigate and adapt to future conditions 
(Markus et al. 2018). Thus, multidisciplinary studies involving 
climate and engineering disciplines can play an essential role 
in assisting infrastructure development to adapt the popula-
tion to climate change.

A few studies have identified trends in extreme preci-
pitation for some regions of Brazil (e.g. Silva Dias et al. 
2013, Porto de Carvalho et al. 2014, Xavier et al. 2019, 
Avila-Diaz et al. 2020b). More specific studies that address 
nonstationary extreme precipitation series modelling are 
more scarce (Pedron et al. 2017, Zilli et al. 2017, Assis 
et al. 2018), and are focused on some municipalities in the 
south and southeastern regions of the country. There is 
no study that assesses or estimates nonstationary extreme 
rainfall events for the entire national territory in any time 
period.

Thus, this study aims to assess the occurrence of 
extreme rainfall in nonstationary conditions in Brazil and 
its projections for climate change scenarios. In this sense, 
the study focused on the observational period during the 
last four decades (1980–2015). Furthermore, four down-
scaled resources from the National Aeronautics and Space 
Administration (NASA) Earth Exchange Global Daily 
Downscaled Projections (NEX-GDDP) and Brazilian 
National Institute for Space Research (INPE) were used to 

assess nonstationary extreme rainfall for the 2020–2099 per-
iod. We expect that the information provided in this 
research will be relevant to studies of impact, vulnerability, 
and adaptation to climate change in Brazil’s different socio-
economic sectors.

2 Materials and methods

2.1 Study area and precipitation data

Annual extreme daily precipitation for the entire Brazilian 
territory (Fig. 1) was analysed in this study. Much of the 
extreme rainfall occurs due to mesoscale systems that can 
often be incorporated into synoptic systems that are influ-
enced by large-scale conditions, which in turn are also 
influenced by climatic variability (Cavalcanti 2012). 
Extreme precipitation in Brazil has been associated with 
anomalies in both the Pacific and Atlantic oceans, frontal 
systems, persistent systems such as the Intertropical 
Convergence Zone (ITCZ) and South Atlantic 
Convergence Zone (SACZ), and mesoscale convective sys-
tems (Cavalcanti 2012, Lima et al. 2010, Luiz-Silva et al. 
2021). In addition, climate change increases the mean sur-
face air temperature and sea surface temperature, and 
changes the atmospheric water vapour content and trans-
port (Liu et al. 2020), with the potential to change the 
spatial patterns, intensity, and frequency of extreme pre-
cipitation (O’Gorman and Schneider 2009, O’Gorman 
2015, Lehtonen and Jylhä 2019).

Figure 1. Study area. Brazilian states acronyms are described at the panel bottom.
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The maximum annual daily precipitation values (mm.day-
−1) for each pixel of the study area for the observational period 
(1980 to 2015) were obtained from the database of Xavier et al. 
(2016), with a spatial resolution of 0.25°× 0.25° (latitude × long-
itude). This climate dataset was selected as the reference 
because it is the most complete gridded dataset available, 
with 9259 rain gauges to generate the daily fields of precipita-
tion over Brazil. In addition, this dataset has been used to 
analyse extreme precipitation in many previous studies 
(Almagro et al. 2020, Avila-Diaz et al. 2020a, 2020b, Costa 
et al. 2020, Lucas et al. 2021).

The future projections of extreme precipitation were 
derived from two Representative Concentration Pathways 
(RCPs) scenarios, RCP4.5 (Thomson et al. 2011) and RCP8.5 
(Riahi et al. 2011), from 2020 to 2099 (sub-divided into two 
periods: 2020-2059 and 2060-2099).

We chose the climate model data based on Avila-Diaz 
et al. (2020a), considering the best response to reproduce 
the annual maximum 1-day precipitation (RX1day) 
between downscaled models and gridded observational 
datasets in the historical period (1980–2005). Therefore, 
the RX1day index followed the same definition and 
nomenclature in the climate community established by 
the Expert Team on Climate Change Detection and 
Indices (ETCCDI; Zhang et al. 2011, Seneviratne et al. 
2021). Thus, we assessed downscaled climatic data from 
four climate models: the Hadley Center Global 
Environmental Model, version 2 (HADGEM2-ES; Collins 
et al. 2011), the Model for Interdisciplinary Research on 
Climate (MIROC5; Watanabe et al. 2010), the 
Meteorological Research Institute Coupled Atmosphere– 
Ocean General Circulation Model, version 3 (MRI- 
CGCM3; Yukimoto et al. 2012), and the Community 
Climate System Model, version 4 (CCSM4; Lawrence 
et al. 2012). This study focuses on statistically and dyna-
mically downscaled approaches (Table 1). In this sense, 
HADGEM2-ES and MIROC5 models were downscaled 
using a dynamical approach by the Weather Forecast 
and Climate Studies Center (CPTEC) (Table 1). 
Furthermore, MRI-CGCM3 and CCSM4 models were sta-
tistically downscaled by the NEX-GDDP (Table 1) using 
the Global Meteorological Forcing Dataset (GMFD; 
Sheffield et al. 2006) and the Bias-Correction Spatial 
Disaggregation algorithm (Thrasher et al. 2012).

Model outputs were interpolated to the same spatial resolu-
tion as the data of Xavier et al. (2016). Finally, the main results 
presented here were determined by the ensemble average 
(individual model estimates are shown in the Supplementary 
Material, Figs S2-S5, as well as the uncertainty in simulated 
precipitation, Figs S10–S13).

2.2 Extreme precipitation modelling

The generalized function of extreme values (GEV) provides 
a robust framework for analysing climatic extremes associated 
with return periods. This analytical structure allows the incor-
poration of distribution parameters conditioned to covariables 
representing climatic variability over time (Katz et al. 2002, 
Ouarda and Charron 2019). According to extreme values 
theory, annual maximums’ behaviour can generally be repre-
sented by one of the three GEV families: Gumbel, Fréchet, or 
reversed Weibull (Jenkinson 1955).

GEV represents these three distributions combined into 
a single parametric family, through three parameters – loca-
tion (µ), scale (σ), and shape (ξ) – that governs the behaviour of 
the GEV distribution (Equations (1) and (2); Coles 2001). We 
adopted the classic and stationary model, namely GEV0 (µ, σ, 
ξ), considering all parameters as constants throughout time. 
However, as statistical properties (distribution type and para-
meters) are expected to differ from the historical/observational 
to future/projected data, µ, σ and ξ are calculated for each 
model, dataset, and time period in all pixels. 

for �� 0 

GEV xjμ; σ; �ð Þ ¼ exp � 1þ �
x � μ

σ

� �h i� 1
�

� �

(1) 

for � ¼ 0 

GEV xjμ; σ; �ð Þ ¼ exp � exp �
x � μ

σ

� �h i
(2) 

2.2.1 Nonstationary analysis
The inclusion of nonstationarity in GEV has been implemen-
ted in several studies in order to represent time variation in 
climate variables (e.g. El Adlouni et al. 2007, Tramblay et al. 
2012, 2013, Zhou et al. 2012, Westra et al. 2013, Cheng et al. 
2014, Almeida et al. 2016, Agilan and Umamahesh 2017, Vu 
and Mishra 2019, Xavier et al. 2019, Liu et al. 2021). To 
integrate the effects of nonstationarity in extreme precipitation 
modelling, the GEV parameters must change over time (Coles 
2001). This solution of representing nonstationarity through 
time-dependent functions or covariates intricately linked to 
temporal variation has been widely adopted in recent studies 
(Cheng et al. 2014, Sarhadi and Soulis 2017, Vu and Mishra 
2019).

In the present study, to account for nonstationarity, the 
location (µ) and scale (σ) parameters assume a time- 
dependent trend, and only the shape parameter (ξ) remains 
constant, as the accurate estimation of this parameter is very 

Table 1. Global climate models used in regionalized climate change projections.

Model Horizontal resolution Downscaling Access link References

HADGEM2-ES 20 km × 20 km* Dynamical https://projeta.cptec.inpe.br/ Chou et al. (2014a, 2014b), Brazil MCTI (2016), and Lyra et al. (2018)
MIROC5
MRI-CGCM3 0.25° × 0.25° Statistical https://cds.nccs.nasa.gov/nex-gddp/ Thrasher et al. (2012)
CCSM4

*Interpolated to 0.25° × 0.25°.
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challenging (Coles 2001). Thus, the nonstationary and time- 
varying GEV function is defined as GEVt (µt, σt, ξ). We assume 
the location and scale parameters as a linear function of time to 
account for nonstationarity, and thus, µt and σt are given by 
Equations (3) and (4), respectively. Several authors show that 
the linear variation of the parameters with time (e.g. Sarhadi 
and Soulis 2017, Vu and Mishra 2019, Xavier et al. 2019, Liu 
et al. 2021) is a plausible approximation of nonstationary 
extremes, and, with our data, the quadratic variation did not 
show any improvement in nonstationarity modelling, accord-
ing to the deviation statistic (D, Equations (5) and (6)): 

μt ¼ β0 þ β1t (3) 

σt ¼ β2 þ β3t (4) 

The parameter vector (θ) is estimated for each GEV model: 
three parameters for GEV0, θ = (µ, σ, ξ); four parameters for 
GEV1, θ1 = (β0, β1; σ; �), and five parameters for GEV2, θ2 
= (β0, β1 ; β2; β3; �) (Table 2). Importantly, distribution type 
and parameters are calculated for each model, dataset, and 
time period in all pixels.

2.2.2 Estimation of parameters
The maximum likelihood method (Smith 1985) was used to 
calculate and obtain the best estimates of all the statistical 
parameters of the GEV models. The method consists of 
a system of equations formed by the partial derivatives of the 
likelihood probability function (,) concerning each parameter. 
The solution for this system was determined with the quasi- 
Newton Broyden-Fletcher-Goldfarb-Shanno (BFGS) optimi-
zation method, which is widely used in similar studies 
(Vasiliades et al. 2015). The algorithm is available in the gev. 
fit function of the ismev free package running on R (Heffernan 
et al. 2018). The initial guess of the parameters, when not set by 
the user, is calculated based on the mean and variance of the 
precipitation data, as described in the Supplementary material 
(section 1) and (Heffernan et al. 2018).

2.2.3 Stationarity analysis and extreme precipitation model 
choice
The existence of trends in extreme precipitation was 
assessed using two tests (α = 0.05): the Mann-Kendall 
(Mann 1945, Kendall 1956) and deviation (Coles 2001) 
tests. Mann-Kendall provides a preview of the existence 
and sign of the trend in extreme precipitation, highlighting 
the importance of the nonstationarity assumption. In addi-
tion, the magnitude of the trend was determined with Sen’s 
slope estimator. The deviation test compares the GEV 
models’ validity based on the difference in their log of the 
maximum likelihood. The deviation statistic (D, Equation 
5) indicates whether the nonstationary models are better 

than the stationary model to represent the extreme preci-
pitation (El Adlouni et al. 2007, Tramblay et al. 2012, Coles 
2001, Xavier et al. 2019, Liu et al. 2021). The asymptotic 
D distribution is given by the chi-square (χ2

k) distribution 
with k degrees of freedom. Here, k accounts for the differ-
ence in dimensionality (or complexity) of the nonstationary 
and stationary models. Therefore, the extreme value distri-
bution choice accounts for both model performance and 
complexity. 

D ¼ 2 ,1 GEV1ð Þ � ,0 GEV0ð Þ½ � (5) 

where ,1 (GEV1) and ,0 (GEV0) are the maximum likelihood 
logarithm of the GEV1 and GEV0 models, respectively. Large 
D values indicate that the GEV1 is more appropriate as it 
explains the data variation better than the GEV0, while the 
opposite indicates that the increase in the model’s complexity 
does not benefit the model’s ability to represent the data (Coles 
2001). Moreover, for nonstationary data, the use of Equation 
(6) (comparing GEV1 and GEV2) identifies which nonstation-
ary model better represents extreme precipitation behaviour. 
Therefore, for each pixel of the study area, Equations (5) and 
(6) determined which GEV model was used to represent 
extreme precipitation. Data that show adherence to GEV0 are 
stationary, and those that show adherence to either GEV1 or 
GEV2 are nonstationary. 

D ¼ 2 ,2 GEV2ð Þ � ,1 GEV1ð Þ½ � (6) 

2.3 Calculation of extreme precipitation depths

Following previous studies (Tramblay et al. 2012, Cheng 
et al. 2014, Agilan and Umamahesh 2017, Sarhadi and 
Soulis 2017), we calculated extreme precipitation depths 
associated with the return periods (r) of 5, 10, 25, 50, and 
100 years for the observational (1980 to 2015, Qobs

r ), model 
historic (1980–2005, Qhis

r Þ and future (2020 to 2099, Qfut
r ) 

periods (Equations (7) and (8) for stationary conditions 
and Equations (9) and (10) for nonstationary conditions). 

for � �0 

Qp
r ¼ μ �

σ
�

1 � � log 1 � r� 1� �� �� �
n o

(7) 

for � ¼ 0 

Qp
r ¼ μ � σ log � log 1 � r� 1� �� �

(8) 

Table 2. Models of the generalized function of stationary (GEV0) and nonstationary extreme values (GEV1 e GEV2).

Model GEV model description Function Time-varying parameters

GEV0 Classic model, with all parameters constant. GEV μ; σ; �ð Þ -
GEV1 Model with the location parameter as a function of time. GEV β0 þ β1t; σ; �ð Þ μt
GEV2 Model with location and scale parameters as a function of time. GEV β0 þ β1t; β2 þ β3t; �ð Þ μt , σt
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where Qp
r represents the return level or extreme precipitation 

depth (mm.day−1), in the period p (observational, historical, or 
future) associated with the return period r (years), and µ, σ, 
and ξ, are the location, scale, and shape parameters, 
respectively.

As in nonstationary pixels µ and σ vary with time 
(Equations (9) and (10)), a different GEV (and, conse-
quently, different precipitation depths for each return 
period) is calculated for each year of the analysis period, 
implying an increasing (or decreasing) frequency of 
extreme precipitation. Here we extend the notion of 
return period to the nonstationary case by communicating 
it as an interpretation of the expected number of events in 
r years, where we expect that extreme precipitation 
exceeds the critical level only once in r years. where r is 
5, 10, 20, 50, or 100 years. This has been suggested as an 
efficient way to communicate risks for designing engineer-
ing projects when nonstationarity has been identified and 
the notion of return period as in the stationary case 
becomes unprecise (Cooley 2013, Salas et al. 2018, Yang 
et al. 2019). In that sense, to ensure infrastructure design 
safety, here we consider that the return levels associated 
with each return period in the nonstationary case are the 
highest estimated value (Equations (9) and (10)): 

for � �0 

Qp
r ¼ max μt �

σt

�
1 � � log 1 � r� 1� �� �� �
n o� �

(9) 

for � ¼ 0 

Qp
r ¼ max μt � σt log � log 1 � r� 1� �� �� �

(10) 

2.4 Changes in future extreme precipitation

Changes in future extreme precipitation depths (ΔQrÞ were 
estimated comparing climate change projections (Qfut

r Þ to 
each model historical set of simulations (Qhis

r Þ and not directly 
to observed data (Equation (11)).

The extreme precipitation anomaly was determined for 
two scenarios (RCP 4.5 and RCP 8.5), two time periods 
(2020–2059 and 2060–2099), and four climate models 
(Table 1). The analysis of projected precipitation data fol-
lowed the same methodology as the observational and 
historical periods: for each pixel, we identify the existence 
of trends, estimate the GEV parameters for both stationary 
and nonstationary conditions, and fit the best GEV model 
according to the deviation statistic. 

ΔQr ¼ Qfut
r � Qhis

r (11) 

3 Results

3.1 Observational period: stationarity analysis and GEV 
model estimate

Average extreme precipitation for 1980–2015 varies consider-
ably (from 40 to 100 mm.day−1) over Brazil. For instance, 
Northern and Southern Brazil show the highest value 
(100 mm.day−1), and the interior northeastern region has the 
lowest value (40 mm.day−1) (Fig. 2(a)).

The spatial distribution of the trend magnitude is very 
heterogeneous (Fig. 2(b)). According to the Mann-Kendall 
test, approximately 7.5% of the study area showed 
a significant positive trend in extreme precipitation, while 
7.0% showed a significant negative trend, corresponding to 
14.5% of the area with nonstationary extreme precipitation 
(darkest areas in Fig. 2(c)). Positive trends are strong in the 
south and on the northeastern coast. On the other hand, nega-
tive trends are strong in magnitude over the central-western 
Amazon and central Brazil. Statistically, positive trends are as 
high as 1.2 mm.day−1.year−1, which would translate into an 
increase in 43.2 mm.day−1 throughout the observational period.

The deviation test indicated that 82.5% of the study area 
adhered to the stationary model (GEV0). Furthermore, 16.7% 
of the area adhered to the model with the location parameter as 
a function of time (GEV1), and only 0.8% to the model with 
both location and scale parameters varying with time (GEV2). 
Thus, according to the deviation test, nonstationary models 
(GEV1 and GEV2) represented 17.5% of the study area (Fig. 3). 
The deviation statistic showed good agreement with the 
Mann-Kendall test to identify nonstationary precipitation 
(compare Figs 2(c) and 3).

3.2 Extreme precipitation depth

3.2.1 Differences in stationary and nonstationary extreme 
precipitation for different return periods in the 
observational period
Extreme precipitation values estimated under stationary con-
ditions (Fig. 4(a–e)) and estimated by the best-selected model 
(either stationary or nonstationary, as defined by the deviance 
test; Fig. 4(f–j)) show a similar spatial distribution for each 
return period ðQobs

r Þ, with differences that intensify as the 
recurrence time increases (Fig. 4(k–o)). Although sparsely 
present in the country, this intensification is more accentuated 
in the following states: Amazonas, Pará, Amapá, Sergipe, 
Alagoas, Mato Grosso, and São Paulo. The difference between 
nonstationary and stationary models can be more than 10 mm.

Although most areas show increased precipitation depths 
under nonstationary modelling, a few pixels show decreased 
extreme precipitation when nonstationarity is considered 
(mainly in Amazonas, Pará, Bahia, and Paraná; Fig. 4(o)), 
a pattern that intensifies with the increase in return periods. 
Specifically, only 0%, 0.1%, 0.6%, 1.6% and 2.6% of the area 
showed a reduction in precipitation depths under nonstation-
ary modelling, while 17.5%, 17.4%, 16.9%, 15.9% and 13.1% of 
the area showed an increase in Qobs

r , for the return periods of 5, 
10, 25, 50, and 100 years, respectively (Fig. S1). This result 
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strongly indicates that wrongly considering that the data is 
stationary underestimates the magnitude of the precipitation 
extremes in regions where nonstationarity is identified in the 
precipitation series.

3.3.2 Extreme precipitation estimated for 2020–2059 and 
2060–2099
Notably, over most of the study area, predicted future 
extreme precipitation depths are greater than those calculated 
for the historical period, regardless of the time period, climate 
change scenario, or associated return period (see Figs 5(f–o) 
and 6(f–o) for the ensemble anomaly, and Figs S10–S13 for 
the precipitation magnitudes and uncertainty). In addition, 
for both periods and scenarios, there is an increase in areas 
with nonstationary behaviour in extreme precipitation (Figs 
S2–S7). While in the historical period a large part of the area 
showed extreme precipitation ranging from 50 mm.day−1 to 
80 mm.day−1, the climate change scenarios indicate that 
extreme precipitation in the same areas is greater than 
80 mm.day−1 in all return periods throughout the 21st cen-
tury (Figs S10–S13).

Notably, the intensification of extreme precipitation mag-
nitudes implies a greater frequency of specific return levels. For 
instance, extreme precipitation depths that occurred once 
every 25 years in the historical period might occur more 
frequently. In fact, they might occur every 5 years during 
2020–2059 on the northeastern coast and in the southern 
and southeastern regions of the country (Figs S10–S13). 
Similarly, according to the same projections, extreme precipi-
tation depths that occurred once every 50 years in central 
Amazon, Rio de Janeiro, São Paulo, Acre, and Paraná might 
occur every 10 years.

Furthermore, the greater the return period, the greater the 
increase in estimated precipitation depths. In general, greater 
precipitation than in the historical period was found in RCP 
4.5 in 97.3%, 96.2%, 92.7%, 89% and 85.3% of the study area, 
while in RCP 8.5 it reached 97.7%, 96.3%, 92.2%, 88% and 
84.2%, for the return periods of 5, 10, 25, 50, 100 years, respec-
tively, for 2020–2059 projections (Fig. S8). Increases limited to 
20 mm are prevalent (>50% of the area) for r = 5, 10 and 25, 
while precipitation increases of more than 40 mm are preva-
lent for r = 50 and 100.

However, the spatial distribution is heterogeneous. For 
2020–2059, more intense precipitation is predicted to occur 
on the western and northern borders of the country, as well as 
from northwestern Amazon to southeastern Brazil (Fig. 5(f–o)). 
In the same period, less intense precipitation is predicted in part 
of the Cerrado and the semi-arid region, especially in RCP 8.5 
(Fig. 5(o)), where extreme precipitation depths decrease from 20 
to 40 mm.day−1. In 2020–2059, future extreme precipitation 
might increase as little as 20 mm.day−1 in the five-year return 
period and as high as 150 mm.day−1 in the hundred-year return 

Figure 2. Extreme precipitation during the observational period (1985–2015). (a) 
average maximum annual precipitation (AMAP, mm.day−1), (b) extreme precipi-
tation trend (EPT, mm.day−1.year−1) determined by Sen’s slope estimator, and (c) 
p value for Mann-Kendall test (darkest areas indicate statistically significant 
trends, α = 0.05).

Figure 3. Spatial distribution of the adherence to the different GEV models 
according to the deviation test for the historical period (1985–2015).
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period. The difference between the scenarios indicates that pre-
cipitation will be more intense in RCP 8.5 in the majority of the 
area (Fig. 5(a–e)).

The spatial distribution of the increase in extreme precipi-
tation is similar in 2060–2099 (Fig. 6), even though it shows an 
even greater increase in extreme precipitation when compared 
to the historical period. In general, in 2060–2099 greater pre-
cipitation than historical period was found in RCP 4.5 in 
98.6%, 97.4%, 93.7%, 90.1% and 86% of the study area, while 
in RCP 8.5 it reached 99.5%, 99%, 96.6%, 93.1% and 95.3%, for 
the return periods of 5, 10, 25, 50, 100 years, respectively (Fig. 
S9). In addition, increases limited to 20 mm are prevalent 
(>50% of the area) for r = 5 and 10, while precipitation 
increases greater than 40 mm are prevalent for r = 25, 50 
and 100.

Finally, the most affected regions in climate change scenarios 
are the states of Pernambuco, Amapá, Rio Grande do Sul, Rio de 
Janeiro, Espírito Santo, Minas Gerais, and São Paulo. The last 
four of these states are the most populous states of Brazil.

4 Discussion

The results indicate that 17.5% of the study area presents 
nonstationarity in precipitation extremes during the observa-
tional period. Therefore, the idea that impacts of extreme 
precipitation might only occur in the future is incorrect; they 
are already potentially occurring in many areas over the coun-
try. Furthermore, these changes were detected in several areas 
with potential socioeconomic impacts, indicating that an 

Figure 4. Historical maximum precipitation depths associated with the return 
periods of 5, 10, 25, 50, and 100 years (Qobs

5 , Qobs
10 , Qobs

20 , Qobs
50 , Qobs

100), in mm.day−1 (a– 
e) estimated with the stationary model (GEV0), (f–j) with the model indicated by 
the deviation test (GEV0, GEV1, GEV2) and (k–o) the difference between them.

Figure 5. Future maximum precipitation depth anomaly, from 2020 to 2059, 
associated with the return periods of 5, 10, 25, 50, and 100 years (Qfut

5 , Qfut
10 , Qfut

20 , 
Qfut

50 , Qfut
100), in mm.day−1. (a–e) between RCP 8.5 and RCP 4.5, (f–j) between RCP 

4.5 and the historical period, and (k–o) between RCP 8.5 and the historical period.
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assessment and adequate knowledge of the changing hydrocli-
matic extremes is essential for planning, project execution, and 
management of hydraulic infrastructures.

A wide range of statistical methods assists the design of 
hydraulic structures that protect society and the environ-
ment from the impact of extreme precipitation events, 
such as urban floods and landslides. Both the safety and 
the financial cost of these structures are related to the risk 
associated with the frequency of extreme precipitation, 
determined by traditional methods that assume that the 
probability distribution functions are stationary and gov-
erned by a single set of parameters (Milly et al. 2008, 
McPhillips et al. 2018). However, our study indicates 
that stationary assumptions underestimate extreme preci-
pitation in 7.5% of the national territory, and 

infrastructure built in these areas is thus potentially 
unsafe. In these areas, stationary modelling of extremes 
underestimates maximum daily precipitation by 5–10 mm. 
day−1 in a 10-year return period and up to 30 mm.day−1 

in a 100-year return period.
Thus, a growing concern of water resource management 

experts worldwide has been to determine whether tradi-
tional methods developed for stationary regimes are still 
applicable (Salas et al. 2018). Once the existence of non-
stationarity of extreme precipitation is identified, engineer-
ing design must incorporate statistical methods that are not 
based on the stationarity premise. Numerous recent studies 
have shown that nonstationary GEV can be an efficient tool 
to explain the spatial and temporal evolution and the 
dependencies between random variables and the climate 
(Katz et al. 2002, El Adlouni et al. 2007, Cheng et al. 
2014, Gonzalez-Alvarez et al. 2018, Xavier et al. 2019, Liu 
et al. 2021).

More critically than the observational period, future 
extreme precipitation is expected to increase in at least 90% 
of the national territory. In the 5- and 10-year return periods, 
extreme precipitation increases by up to 20 mm.day−1 in most 
areas, with the increase reaching 80 mm.day−1 in a few pixels. 
In 25-, 50-, and 100-year return periods precipitation 
increases by 20–60 mm.day−1, reaching more than 120 mm. 
day−1 for a few pixels. These results indicate more intense and 
frequent disasters such as urban floods and landslides, increas-
ing social, environmental, and economic risks.

Even though CMIP5 models agree that Brazil will endure 
more variability in precipitation in the coming decades, 
a comprehensive assessment of the drivers of these changes 
remains a challenge. Models have shown improvements in 
recent years, but they still have difficulties in simulating pre-
cipitation patterns, mainly because the coarser-resolution 
models cannot represent well processes related to convective 
precipitation, sub-grid convention, and mesoscale circulation 
(Alves et al. 2021). However, studies indicate a future increase 
in El-Niño Southern Oscillation (ENOS) variability (Cai et al. 
2018), changes in the breadth and strength of ITCZ (Byrne 
et al. 2018), and changes in the position and intensity of SACZ 
(Zilli et al. 2017), all of which have the potential to disturb 
precipitation extremes in Brazil.

In addition to climate projections, urban population growth 
is a crucial driver of urban floods. Accelerated urbanization 
inevitably creates impermeable areas, increasing runoff. As 
more people live in densely populated urban areas, often located 
in floodplains and low-lying coastal areas, their exposure to 
flood risks also increases (Hammond et al. 2015). The lifespan 
of urban drainage systems and infrastructure is long (50 to 
100 years), but the expected increase in runoff and the intensi-
fication of precipitation extremes may prevent the drainage 
system from reaching the desired level of service in the future 
(Mailhot and Duchesne 2010, Willems et al. 2012, Zhou et al. 
2012, Hammond et al. 2015, Zahmatkesh et al. 2015, Alashan 
2018, Xiong et al. 2019). This was evident in recent events of 
greater-than-average precipitation that hit Minas Gerais, Rio de 
Janeiro, Espírito Santo, and São Paulo, causing many impacts. 
The growing evidence of the increasing frequency of extremes 
urges the development of new approaches to estimate risk and 

Figure 6. Future maximum precipitation depth anomaly, from 2060 to 2099, 
associated with the return periods of 5, 10, 25, 50, and 100 years (Qfut

5 , Qfut
10 , Qfut

20 , 
Qfut

50 , Qfut
100), in mm.day−1. (a–e) between RCP 8.5 and RCP 4.5, (f–j) between RCP 

4.5 and the historical period, and (k–o) between RCP 8.5 and the historical period.
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promote adaptation in urban areas, and probabilistic models 
that incorporate nonstationarity are a significant part of this 
challenge (Milly et al. 2008, McPhillips et al. 2018).

The occurrence of extreme events alone does not necessa-
rily lead to disasters; this is determined also by populations’ 
exposure and vulnerability. Therefore, increasing our resili-
ence to extreme events and planning for recovery demands 
understanding risks associated with extreme events and popu-
lation vulnerabilities (McPhillips et al. 2018). In addition, 
previous policy decisions on land use, zoning, and infrastruc-
ture affect the level of risk exposure, the susceptibility, and the 
adaptive capacity of the region to deal with the impacts caused 
by extreme events (Cho and Chang 2017).

More than 80% of the municipalities with very high vulner-
ability in Brazil are located in the northern and northeastern 
regions, especially the latter (Almeida et al. 2016). The north-
east region shows less exposure to natural risks than southern 
Brazil but presents severe vulnerability conditions, with less 
adaptive and recovery capacity. The south and southeastern 
regions have lower levels of vulnerability (Almeida et al. 2016), 
with an increased capacity to resist, recover, and adapt to 
socioeconomic, cultural, and environmental challenges. 
However, the southern and southeastern regions concentrate 
the largest areas of high or very high landslide susceptibility 
(IBGE 2019a), as they have high population density located in 
areas of steep slopes. These regions concentrate more than 56% 
of the Brazilian population (IBGE 2019b). However, further local 
studies must be conducted to accurately assess the Brazilian 
population’s exposure and vulnerability to the increase in pre-
cipitation extremes calculated in this work.

Finally, although we provide a new and robust analysis of 
extreme precipitation in Brazil, the results of this work are subject 
to many uncertainties. First, modelling precipitation is 
a particularly challenging task, and models still diverge, mainly 
regarding the magnitude of changes. The differences in physical 
parameters between the different models and the role of urbani-
zation are still not well represented in the climate models and are 
sources of uncertainty already identified by other studies 
(Cavalcanti et al. 2017). Therefore, our estimates are based on 
a set of models from different downscale approaches, which is 
helpful to inform internal variability in the climate system and for 
a better estimation of uncertainty in projections of climate change 
(Chen et al. 2021). However, even in cases where the models do 
not agree on the magnitude, they agree on the change signal, 
which indicates that the increase in the maximum precipitation 
depths is a robust result. Second, the downscaled climate models’ 
resolution (0.25° × 0.25°) is sufficient to represent large and 
mesoscale phenomena that drive precipitation but may lose 
some local processes of convective or orographic order. Third, 
uncertainties in the observed maximum precipitation are 
reflected in the quantiles calculated for the historical period and 
affect the modelling process.

The difficulty of the calculation process and the lack of dialo-
gue between the scientific community and the technicians who 
apply these estimates inhibit the implementation of such 
a methodology as a usual practice. Perhaps some of the difficulties 
can be surpassed by the development of software and digital 
platforms that make this information clear and accessible, as 

well as training programmes and courses to transfer and dissemi-
nate the necessary knowledge. However, local government and 
public managers make critical decisions that affect urban envir-
onments, and communication with those actors is a crucial step to 
raise awareness and implement such measures.

5 Conclusions

This study provides the first estimate of the frequency distribution 
of maximum daily precipitation considering nonstationarity for 
the entire Brazilian territory. We show that 17.5% of the study 
area has nonstationary maximum daily precipitation in the his-
torical period and that neglecting nonstationarity, in most of the 
area, underestimates the magnitudes of the daily maximum pre-
cipitation events for all return periods (e.g. 5, 10, 25, 50, and 
100 years). Furthermore, considering nonstationarity, we found 
that maximum daily precipitation might increase in at least 90% 
of the national territory in the future, regardless of the climate 
scenario. Importantly, these changes are estimated for the most 
populated regions of the country.

This scenario, along with accelerated urbanization, might 
explain the recent increase in disasters related to urban floods 
and landslides over the country. If no adjustments are made, 
more intense and more frequent urban floods, with the con-
comitant increase in social, environmental, and economic 
risks, might occur. This suggests the urgent need to prepare 
and adapt urban environments to the current and future 
extreme precipitation events and increase the local popula-
tion’s resilience.

To this end, large-scale analyses like that presented in this 
work should be refined and should include local specificities that 
may increase the accuracy of the estimated frequency and mag-
nitude of extreme precipitation events. For example, new studies 
should provide precipitation simulation at finer resolutions (at 
least 1 km), evaluating the steepness of local relief and the 
population occupying high-disaster-risk areas. However, the 
greatest challenge to the proper adaptation of urban environ-
ments is communicating climate and social studies to engineers 
and decision makers. Identifying the correct maximum precipi-
tation frequency and intensity determines urban infrastructures’ 
risk and economic cost, and the necessary population allocation.

Finally, there is still a long way to go to adapt urban 
environments to climate change, and local managers and 
decision makers must be made aware that this is an urgent 
matter, and that the lack of action exposes society to an 
imminent risk and might cause the loss of thousands of lives 
in the future.
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