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RESUMO 

Extremos hidrológicos são uma preocupação crescente em todo o mundo. No entanto, análises 
conjuntas de cheias e secas são escassas, os mecanismos de geração e as causas de suas 
mudanças não são compreendidas em diversas regiões. O objetivo desta tese é investigar 
como as cheias e as secas hidrológicas são geradas no Brasil, detectar e atribuir suas mudan-
ças nos últimos 40 anos e analisar variabilidades decenais nos últimos 80 anos. Este estudo 
enfoca na análise de dados observados em larga escala. No Capítulo 2, apresentamos um novo 
conjunto de dados para estudos hidrológicos de larga escala no Brasil. São incluídas informa-
ções sobre vazão dos rios, clima, solo, geologia, cobertura da terra e interferência humana no 
ciclo da água. No Capítulo 3, nós investigamos os principais mecanismos geradores de cheias 
analisando as suas sazonalidades em função da umidade do solo e chuvas intensas. Na maior 
parte do Brasil, exceto no sul e sudeste, a sazonalidade das cheias está alinhada principalmen-
te com a sazonalidade dos picos de umidade do solo. Isso mostra que as cheias são moduladas 
pela umidade antecedente do solo, e não pela magnitude da chuva de evento, destacando a 
importância da capacidade de armazenamento de água no solo na geração de cheias. No 
Capítulo 4, nós exploramos os mecanismos que geram as secas hidrológicas com um novo 
modelo conceitual, que permite uma análise espacial em várias escalas e reduz o impacto da 
escolha subjetiva dos atributos de bacia analisados. Os resultados mostram que características 
da bacia associadas à dinâmica de armazenamento de água controlam a variabilidade espacial 
das secas em escalas regionais (menores que 106 km2), porém ambas as características da 
bacia e o clima governam as secas em escalas continentais (maiores que 107 km2). Geologia 
controla a maior parte da variabilidade em todas as escalas espaciais, especialmente o tipo e a 
formação do substrato rochoso, apontando para maior importância do armazenamento de água 
da bacia do que da variabilidade climática. No Capítulo 5, uma análise conjunta de mudanças 
nas cheias e secas mostra que o ciclo da água tem acelerado em 29% do Brasil entre 1980 e 
2015, com aumento na magnitude das cheias e secas hidrológicas. A aceleração está alinhada 
com desmatamento e aumento na magnitude das chuvas intensas. Além disso, em 42% do 
Brasil, as secas hidrológicas aumentaram em até 37% por década, associado à redução das 
chuvas e ao aumento da captação de água para irrigação. O Capítulo 6 explora como as cheias 
e secas se agrupam no tempo em escalas (multi)decenais de 1940 a 2020. Períodos anômalos 
com maior ocorrência de secas são duas vezes mais frequentes que para as cheias, fato associ-
ado à variabilidade das chuvas devido a anomalias nos oceanos Pacífico e Atlântico. As 
décadas de 2000 e 2010 foram marcadas por secas recorde, associados ao aumento de capta-
ção de água. Esta tese avança a pesquisa sobre extremos hidrológicos de três maneiras. 
Primeiro, fornecendo evidências de que ambas as cheias e secas hidrológicas são controladas 
por características da bacia e armazenamento da água, que atenua a variabilidade climática, 
com diversas regiões com armazenamentos discordantes no solo (vinculadas às cheias) e água 
subterrânea (vinculadas às secas). Segundo, a análise consistente da aceleração do ciclo da 
água, por meio da investigação conjunta de cheias e secas, fornece uma nova perspectiva 
sobre futuras mudanças nos extremos hidrológicos. Terceiro, ao revelar que as cheias e secas 
mais intensas do século são frequentemente agrupadas em uma ou duas décadas, embora duas 
vezes mais comum para as secas, mostram-se evidências de assimetrias em suas variabilida-
des de longo prazo. Os resultados desta tese revelam que a exploração conjunta de cheias e 
secas é uma abordagem promissora para compreender como os extremos hidrológicos são 
gerados. 
 
Palavras-chave: hidrologia, cheias, secas. 
  



 

 

ABSTRACT 

Hydrological extremes are a growing concern worldwide. However, joint studies of floods 
and droughts are scarce, their generating mechanisms are unknown in many regions, and the 
causes of their recent changes remain elusive. The goal of this thesis is to investigate how 
floods and hydrological droughts are generated in Brazil, to detect and attribute their changes 
in the last 40 years, and to examine decadal their variabilities in the last 80 years. This study 
focuses on large-scale, data-driven approaches and comparisons of floods and droughts. In 
Chapter 2, we present a new data set for large-scale hydrological studies in Brazil. It includes 
information on streamflow, climate, soil, geology, land cover, and human interference on the 
water cycle. In Chapter 3, we investigate the main mechanisms of floods by examining flood 
seasonalities as a function of soil moisture and intense rainfall. We find that in most of Brazil, 
except for the south and southeast, the timing of floods is aligned mainly with that of soil 
moisture peaks. This shows that floods are modulated by antecedent soil wetness rather than 
by event rainfall magnitude, highlighting the importance of soil water storage capacities for 
flood generation. In Chapter 4, we explore drought flow generating mechanisms with a 
process-based conceptual model, enabling a multiscale spatial analysis and reducing the 
impact of a subjective choice of basin attributes. Results show that basin characteristics linked 
to water storage dynamics control the drought flow spatial variability on regional scales 
(smaller than 106 km2), while both basin characteristics and climate govern drought flows on 
continental scales (larger than 107 km2). Geology is the main control on every spatial scale, 
particularly bedrock type and formation, pointing to a higher importance of basin water 
storage than climatic variability. In Chapter 5, a joint analysis of flood and drought flow 
change shows that the water cycle has been accelerating in 29% of Brazil in 1980-2015, with 
increasing flood magnitudes but decreasing drought flows. The acceleration is aligned with 
deforestation and increased magnitudes of intense rainfall. Additionally, 42% of Brazil 
experienced decreasing flood and drought flows by up to 37% per decade, driven by reduced 
rainfall and rising water abstraction for irrigation. Chapter 6 explores how floods and 
droughts cluster in time at (multi)decadal scales from 1940 to 2020. Drought-rich periods are 
twice as likely as flood-rich periods, which is related to rainfall variability due to anomalies in 
the Pacific and Atlantic oceans. The 2000s and 2010s were marked by record low flows, 
associated with increased water abstractions. This thesis advances research on hydrological 
extremes in three directions. First, by providing evidence that both floods and hydrological 
droughts are controlled by basin characteristics representing water storage dynamics, which 
attenuate the climatic variability, with further insights possible by contrasting storage capaci-
ties in the soil (linked to floods) and groundwater compartments (linked to droughts). Second, 
by finding a consistent signal of the acceleration of the water cycle through joint analyses of 
floods and droughts, providing a new perspective on future changes in hydrological extremes. 
Third, by showing that the most intense floods and droughts of the century are often clustered 
into one or two decades, although twice as frequently for droughts, providing evidence of 
asymmetries in their long-term variabilities. Our findings highlight that exploring floods and 
droughts jointly is a promising approach for understanding the generating mechanisms of 
hydrological extremes. 
 
Keywords: hydrology, floods, droughts. 
  



 

 

RESUMO EXPANDIDO 

Construindo um conjunto de dados nacional – CAMELS-BR: série temporal hidromete-
orológicas e atributos de 897 bacias hidrográficas no Brasil 
Nós introduzimos um novo conjunto de dados de bacias para estudos hidrológicos de larga 
escala no Brasil. Este conjunto inclui séries temporais diárias de vazão observada de 3679 
postos fluviométricos, bem como forçantes meteorológicos (precipitação, evapotranspiração e 
temperatura) de 897 bacias selecionadas. Também inclui 65 atributos abrangendo uma varie-
dade de variáveis topográficas, climáticas, hidrológicas, de cobertura do solo, geológicas, de 
solo e intervenção humana, além de indicadores de qualidade dos dados. Este capítulo de tese 
descreve como as séries temporais hidrometeorológicas e atributos foram produzidos, suas 
principais limitações e suas principais características espaciais. Para facilitar comparações 
com bacias de outros países, os dados seguem os mesmos padrões dos conjuntos de dados 
CAMELS anteriores para os Estados Unidos, Chile e Grã-Bretanha. O CAMELS-BR com-
plementa outros conjuntos de dados fornecendo dados de centenas de bacias nos trópicos e na 
floresta amazônica. As incertezas na precipitação e evapotranspiração são avaliadas usando 
vários produtos meteorológicos e estimativas quantitativas do consumo de água são forneci-
das para caracterizar impactos humanos nos recursos hídricos. Ao extrair e combinar dados de 
diferentes produtos e tornar o CAMELS-BR publicamente disponível, visamos criar novas 
oportunidades para pesquisa hidrológica no Brasil e facilitar a inclusão de bacias brasileiras 
em estudos de larga escala, de continentais a globais. Este conjunto de dados permitirá à 
comunidade obter novas percepções sobre o comportamento hidrológico, melhor caracterizar 
eventos extremos e explorar os impactos das mudanças climáticas e atividades humanas nos 
recursos hídricos do Brasil. O conjunto de dados CAMELS-BR está publicamente disponível 
em https://doi.org/10.5281/zenodo.3709337 (Chagas et al., 2020). 
 
Controles de processo de sazonalidade das cheias no Brasil  
Uma coincidência da sazonalidade das cheias e de seus mecanismos geradores pode ser usada 
como indicador de causalidade da geração de cheias. Nós investigamos a relação entre a 
sazonalidade das cheias, chuva máxima anual e os umidade do solo máxima anual em 886 
bacias no Brasil de 1980 a 2015 para elucidar os controles da geração de cheias. Cheias 
tendem a ocorrer nos mesmos dias do ano que os picos de umidade do solo e três semanas 
depois dos picos de chuva. Na Amazônia, centro e norte do Brasil, a sazonalidade das cheias é 
mais correlacionada com a sazonalidade dos picos de umidade do solo que com os de chuva, 
interpretado como resultante da alta capacidade de armazenamento de água no subsolo. No 
sul e sudeste do Brasil, por outro lado, a sazonalidade das cheias é altamente correlacionada 
com ambas a umidade do solo e chuvas intensas devido às baixas capacidades de armazena-
mento. Essas descobertas podem apoiar a previsão de cheias e estudos de impacto de mudan-
ças climáticas. 
 
Hidrologia de vazões mínimas regionais: Desenvolvimento e avaliação de um modelo  
Vazões mínimas resultam da interação entre variabilidade climática e características de 
armazenamento de água das bacias, mas não é claro qual dessas variáveis é mais relevante 
para os padrões espaciais de vazões mínimas. Nós desenvolvemos um novo modelo conceitu-
al que integra o conhecimento hidrológico com métodos estatísticos e o testamos para 1400 
bacias hidrográficas. Com hidrologia comparativa, nós isolamos os mecanismos geradores de 
vazões mínimas e estimamos seus componentes usando modelos baseado em árvores. Os 
resultados mostram que o modelo explica 61% da variação espacial das vazões mínimas 
anuais (Qmin). As características de bacia são duas vezes mais importantes que o clima na 



 

 

previsão da Qmin, sugerindo que vazões mínimas são governadas pela capacidade da bacia em 
mitigar a variabilidade climática por meio do armazenamento de água. Propriedades geológi-
cas são as características de bacia mais importantes, particularmente o tipo de substrato 
rochoso, litologia e inclinação topográfica, que determinam a recessão da vazão. Propriedades 
do solo, principalmente classe e profundidade, têm metade da importância da geologia. O 
clima impacta Qmin principalmente por meio da chuva menos evaporação média anual, repre-
sentando a potencial recarga do aquífero, enquanto a duração das estiagens tem o menor 
impacto. Os principais controles da Qmin variam segundo a escala espacial de análise. As 
características da bacia hidrográfica governam a Qmin até a escala continental (107 km²), onde 
sua importância relativa é equiparável à do clima. A hidrologia de vazões mínimas, que 
combina métodos estatísticos com processos hidrológicos, oferece uma metodologia promis-
sora para o entendimento dos mecanismos geradores de vazões mínimas em escala regional, 
podendo apoiar outros modelos de estimativa além dos apresentados aqui. 
 
Clima e gerenciamento ambiental aceleram o ciclo hidrológico da América do Sul 
O aumento das cheias e secas está elevando as preocupações sobre a aceleração do ciclo 
hidrológico, no entanto, as contribuições do clima e gerenciamento da terra para as mudanças 
da vazão dos rios ainda não foram avaliadas em escala continental. Nós analisamos dados de 
vazão nas principais bacias hidrográficas tropicais da América do Sul e mostramos que o uso 
da água e o desmatamento amplificaram os efeitos das mudanças climáticas nos extremos 
hidrológicos nas últimas quatro décadas. Ressecamento (menos cheias e mais secas) está 
alinhado com a diminuição da chuva, o aumento do uso da água em zonas agrícolas, e ocorre 
em 42% da área de estudo. Aceleração (cheias e secas mais severas) está relacionada com 
chuvas mais extremas, ao desmatamento, e ocorre em 29% da área de estudo incluindo o sul 
da Amazônia. A aceleração regional do ciclo hidrológico pode ter impactos globais adversos 
no sequestro de carbono e na segurança alimentar. 
 
Períodos anômalos com alta incidência de secas são duas vezes mais comuns que de 
cheias no Brasil (1940-2020) 
A vazão dos rios apresenta variabilidade persistente ao longo de décadas, com eventos extre-
mos frequentemente agrupados em períodos anômalos. No entanto, não é claro se a magnitude 
e a extensão espacial dessas variabilidades são simétricas para secas e cheias. Nós examina-
mos o agrupamento temporal de eventos extremos, analisando períodos ricos em secas e em 
cheias no Brasil de 1940 a 2020. Exploramos dados de 319 postos fluviométricos e 312 
pluviométricos e contrastamos o agrupamento temporal da vazão com chuva, abstrações de 
água, a Oscilação Multidecenal do Atlântico (AMO) e a Oscilação Decenal Pacífico (PDO). 
Períodos ricos em secas e em cheias são detectados calculando séries temporais de vazões 
mínimas e máximas anuais com estatísticas de varredura para verificar se eventos que exce-
dem os períodos de retorno de 5, 10 e 20 anos seguem um processo de Bernoulli. Os resulta-
dos revelam um período seco entre as décadas de 1940 e 1960, uma alteração no final dos 
anos 1970 com extensas cheias na década de 1980 e outra reversão nos anos 2000 marcada 
por secas recordes. De forma geral, períodos ricos em seca são significativos em 61,1% das 
bacias, 11,5 vezes maior do que a taxa de falso-positivo (5,3%) e 2,2 vezes maior do que os 
períodos ricos em cheias (27,9% das bacias). A maior frequência de períodos ricos em seca 
está ligada a uma maior prevalência de períodos pobres em chuva (43,6% dos postos) em 
comparação com períodos ricos em chuva (29,2% dos postos), um forte aumento nas abstra-
ções de água desde o final dos anos 1990 e uma persistência de déficits de armazenamento de 
água entre os anos. Enquanto o agrupamento temporal da vazão é comumente detectado em 
escalas de 6 até 25 anos, o agrupamento temporal da chuva é detectado principalmente em 
escalas acima de 15 anos. Em larga escala, períodos ricos em seca podem ser previstos por 



 

 

períodos pobres em chuva, AMO, PDO e abstrações de água (pseudo R2 de até 0,83 depen-
dendo da região). Por outro lado, períodos ricos em cheias são bem previstos apenas por 
períodos ricos em chuva. Essas descobertas destacam a não linearidade e assimetria das 
mudanças nas secas e cheias, especialmente em escalas decenais e multidecenais. 
 
Palavras-chave: hidrologia, cheias, secas.  



 

 

EXTENDED ABSTRACT 

Building a national data set –CAMELS-BR: hydrometeorological time series and land-
scape attributes for 897 catchments in Brazil 
We introduce a new catchment dataset for large-sample hydrological studies in Brazil. This 
dataset encompasses daily time series of observed streamflow from 3679 gauges, as well as 
meteorological forcing (precipitation, evapotranspiration, and temperature) for 897 selected 
catchments. It also includes 65 attributes covering a range of topographic, climatic, hydro-
logic, land cover, geologic, soil and human intervention variables, as well as data quality 
indicators. In this thesis chapter, we describe how the hydrometeorological time series and 
attributes were produced, their primary limitations and their main spatial features. To facilitate 
comparisons with catchments from other countries, the data follow the same standards as the 
previous CAMELS (Catchment Attributes and MEteorology for Large-sample Studies) 
datasets for the United States, Chile, and Great Britain. CAMELS-BR complements the other 
CAMELS datasets by providing data for hundreds of catchments in the tropics and the Ama-
zon rainforest. Importantly, precipitation and evapotranspiration uncertainties are assessed 
using several gridded products and quantitative estimates of water consumption are provided 
to characterize human impacts on water resources. By extracting and combining data from 
these different data products and making CAMELS-BR publicly available, we aim to create 
new opportunities for hydrological research in Brazil and to facilitate the inclusion of Brazili-
an basins in continental to global large-sample studies. We envision that this dataset will 
enable the community to gain new insights into the drivers of hydrological behavior, better 
characterize extreme hydroclimatic events, and explore the impacts of climate change and 
human activities on water resources in Brazil. The CAMELS-BR dataset is freely available at 
https://doi.org/10.5281/zenodo.3709337 (Chagas et al., 2020). 
 
Process controls on flood seasonality in Brazil 
A coincidence in the timing of floods and their drivers can be used as a proxy for the causality 
of flood generation. We investigate the relationship between the seasonality of floods, maxi-
mum annual rainfall, and maximum annual soil moisture data of 886 basins in Brazil for 1980 
2015 to shed light on process controls of flood generation. Floods tend to occur at the same 
time of year as soil moisture peaks and lag behind rainfall peaks by three weeks. In Amazo-
nia, central and northern Brazil, flood timing is more correlated with the timing of soil mois-
ture peaks than with that of rainfall peaks, which is interpreted as resulting from high subsur-
face water storage capacities. In southern and southeastern Brazil, on the other hand, flood 
timing is highly correlated with both soil moisture and rainfall because of low subsurface 
water storage capacities. These findings can support flood forecasting and climate impact 
studies. 
 
Regional low flow hydrology: Model development and evaluation 
Low flows result from the interplay of climatic variability and basin storage characteristics, 
but it is not clear which of these variables is more relevant for explaining spatial low flow 
patterns. We develop a new conceptual model that integrates process-based hydrological 
knowledge with statistics, and test it for 1,400 Brazilian river basins. Through comparative 
hydrology, we isolate the low flow generating mechanisms and estimate their components 
using tree models. The results show that the model explains 61% of the spatial variance in the 
observed 7-day minimum annual flows (Qmin). Basin characteristics are twice as important as 
climate in predicting Qmin, suggesting that low flows are governed by the basin’s capacity to 
mitigate climatic variability through water storage. Geological properties are the most im-



 

 

portant basin characteristics, particularly bedrock type, lithology, and topographic slope, 
which determine streamflow recession rates in the dry season. Soil properties, primarily soil 
class and depth, are half as important as geology. Climate impacts Qmin mainly through mean 
annual rainfall minus evaporation, representing potential groundwater recharge, while dry-
season length has the least impact. The primary Qmin controls vary depending on the spatial 
scale of analysis. Basin characteristics mainly govern Qmin up to the continental scale (107 
km2), where their relative importance matches that of climate. Low flow hydrology that 
combines statistics with process understanding offers a promising framework for understand-
ing regional low flow generating mechanisms and could also support other estimation models 
than that presented here. 
 
Climate and land management accelerate the South American water cycle 
Increasing floods and droughts are raising concerns of an accelerating water cycle, however, 
the relative contributions to streamflow changes from climate and land management have not 
been assessed at the continental scale. We analyze streamflow data in major South American 
tropical river basins and show that water use and deforestation have amplified climate change 
effects on streamflow extremes over the past four decades. Drying (fewer floods and more 
droughts) is aligned with decreasing rainfall and increasing water use in agricultural zones 
and occurs in 42% of the study area. Acceleration (both more severe floods and droughts) is 
related to more extreme rainfall and deforestation and occurs in 29% of the study area, 
including southern Amazonia. The regionally accelerating water cycle may have adverse 
global impacts on carbon sequestration and food security. 
 
Drought-rich periods were twice as frequent as flood-rich periods in Brazil (1940-2020) 
Streamflow exhibits persistent variability over decades, with extreme events often clustered 
into anomalous periods. However, it is unclear if the magnitude and spatial extent of these 
variabilities are symmetric for droughts and floods. We examine time clustering of extreme 
events by analyzing drought-rich and flood-rich periods in Brazil from 1940 to 2020. We 
explore data from 319 river gauges and 312 rainfall gauges and contrast streamflow time 
clustering with rainfall-rich and rainfall-poor periods, water abstractions, the Atlantic Mul-
tidecadal Oscillation (AMO) and the Pacific Decadal Oscillation (PDO). Drought- and flood-
rich periods are detected by computing annual minima and maxima time series and using scan 
statistics to verify if events exceeding 5, 10, and 20-year return periods follow a Bernoulli 
process. Results show a dry period from the 1940s to the 1960s, a shift in the late 1970s with 
extensive flooding in the 1980s, and another reversal in the 2000s marked by record low 
flows. Overall, drought-rich periods are significant in 61.1% of the basins, 11.5 times higher 
than the false positive rate (5.3%) and 2.2 times higher than flood-rich periods (27.9% of the 
basins). These findings are consistent even when equal numbers of droughts and floods are 
ensured in each time series. The higher frequency of drought-rich periods is linked with a 
higher prevalence of rainfall-poor periods (43.6% of gauges) compared to rainfall-rich (29.2% 
of gauges), a sharp increase in water abstractions since the late 1990s, and a persistence of 
water storage deficits between years. While streamflow time clustering is commonly detected 
at scales as small as 6 years, rainfall time clustering is detected mostly at scales above 15 
years. At large spatiotemporal scales, drought-rich periods are well-predicted by rainfall-poor 
periods, the AMO, PDO, and water abstractions (pseudo R2 up to 0.83 depending on the 
region). In contrast, flood-rich periods are well-predicted only by rainfall-rich periods. These 
findings highlight the nonlinearity and asymmetry of drought and flood changes, especially at 
decadal and multidecadal scales. 
 
Keywords: hydrology, floods, droughts.  
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1 INTRODUCTION 

Floods and hydrological droughts are opposite extremes of river flows, yet both con-

ditions have been a growing concern in many regions (Gudmundsson et al., 2021; Milly et al., 

2015; Slater et al., 2021). For example, the coast of São Paulo in Brazil witnessed its largest 

floods in 2022 due to more than 700 mm of rainfall in less than 24 hours. In contrast, the 

same area, along with much of Brazil, has experienced record low flows in the past decade 

and a partial disruption of hydropower generation (Tomasella et al., 2022). Floods and 

droughts are usually investigated separately, but here we argue that contrasting differences in 

their generating mechanisms can further our understanding of hydrological functioning of 

river basins and how such hazards have been changing over time. 

The generation of river floods depends on event precipitation, antecedent soil wet-

ness, and snowmelt (Merz & Blöschl, 2003; Rosbjerg et al., 2013). The relative importance of 

each factor varies regionally as a function of climate and basin characteristics, such as soil 

properties, geology, and terrain morphology. For instance, in mountainous regions like central 

Europe and the eastern U.S., floods are linked to annual peaks in snowmelt and precipitation 

(Berghuijs, Harrigan, et al., 2019; Kemter et al., 2020; Stein et al., 2020). In colder climates, 

such as northeastern Europe and northern U.S., floods are aligned with the timing of the warm 

season and snowmelt (Blöschl et al., 2017; Brunner et al., 2020; Kemter et al., 2020). In 

temperate flatlands of western Europe and central-eastern U.S., floods are aligned with soil 

moisture peaks that result from gradual precipitation accumulation over several months 

(Berghuijs, Harrigan, et al., 2019; Stein et al., 2020). In Brazil, floods are often examined in 

relation to extreme rainfall linked with phenomena like the El Niño-Southern Oscillation or 

mesoscale convective systems (e.g., Cavalcanti, 2012; Lima et al., 2017; Marengo & Espino-

za, 2016; Sena et al., 2012). However, an explicit analysis of how basin characteristics and 

water storage dynamics regulate floods in Brazil has not yet been conducted on a large-scale, 

leaving the role of event rainfall and antecedent soil moisture unclear. Considering that 

tropical climates typically experience greater rainfall magnitudes than temperate and cold 

climates (Kidd & Huffman, 2011), often exceeding 1,500 mm yr-1, a high relative importance 

of soil moisture for flood generation would suggest an exceptional water storage capacity and 

attenuation of intense rainfall events. 

Drought flows, the opposite hydrological condition, result from the balance of cli-

matic variability and basin characteristics although on longer timescales and flow paths 

(Laaha et al., 2013; Smakhtin, 2001). Climate determines potential groundwater recharge 
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volumes and the length of dry spells, whereas basin characteristics govern the active water 

storage capacity that sustains streamflows in the dry season. However, the relative importance 

of each component for regulating drought flows is even more contradictory than for floods. 

Studies determining the predominance of climate generally involve large-scale analyses 

worldwide (e.g., Addor et al., 2018; Apurv & Cai, 2020; Beck et al., 2013, 2015). These 

suggest that most of the spatial variability in low flows is regulated by the aridity index (i.e., 

the ratio of mean annual precipitation to evaporation). Conversely, studies emphasizing a 

predominance of basin characteristics are often based on local or regional scales (e.g., Bloom-

field et al., 2009; Carlier et al., 2018; Floriancic et al., 2022; Pfister et al., 2017). These link 

low flows with an array of variables. Examples include basin fraction of colluvium, which 

promotes water removal and reduced low flows (Price, 2011); the age of the geological 

formation, implying deeper groundwater systems and increased low flows (Tague & Grant, 

2004); and the fraction of permeable bedrocks, leading to higher water storage and increased 

low flows (Carlier et al., 2018; Floriancic et al., 2022). Thus, further understanding of drought 

flow generating mechanisms needs to capture the effects of the scale of analysis. For this, a 

new strategy is to conduct a multiscale analysis less sensitive to the choice of basin attributes, 

using conceptual models with components tied to hydrological processes like recharge, 

storage, and release. 

An understanding of how hydrological extremes are generated can improve the de-

tection and attribution of flood and drought changes. The spatiotemporal patterns of hydrolog-

ical extremes have been changing considerably worldwide (Gudmundsson et al., 2021). Some 

models suggest joint increases in flood and drought magnitudes (Allan et al., 2020; Ward et 

al., 2020), a phenomenon termed the acceleration of the terrestrial component of the water 

cycle. However, evidence for such joint changes remains limited due to insufficient data, the 

confounding influence of human factors, and a reduced number of studies in many regions. In 

Brazil, local and regional streamflow changes have been linked with climate change (Bar-

ichivich et al., 2018), reservoir construction (Stevaux et al., 2009), and deforestation (Costa et 

al., 2003). Yet, a comprehensive large-scale analysis with multiple hypothesis testing has not 

been conducted, which provides an opportunity to investigate flood, drought, and joint 

changes. 

Analyzing changes over a few decades is crucial due to the large data availability, but 

on larger timescales, streamflow often exhibits persistent decadal to multidecadal variabilities 

(Blöschl et al., 2020; Kundzewicz et al., 2019; Markonis & Koutsoyiannis, 2016). Variabili-

ties include step changes and temporal clustering into flood-rich and drought-rich periods 
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(Blöschl, Bierkens, et al., 2019; Lun et al., 2020), when extreme events cluster within one or 

two decades instead of being sparsely distributed over a century. Such persistence is particu-

larly prominent in the southern hemisphere and, in South America, has been linked to long-

term sea surface temperature anomalies at both centennial and millennial time scales 

(O’Connell et al., 2022). However, it is unclear how flood-rich and drought-rich periods are 

linked with one another and, in particular, if they are symmetric in terms of frequency and 

spatial extent. 

The study of large-scale patterns of floods and droughts in Brazil is restricted by lim-

ited access to a comprehensive, open-source hydroclimatic data set. Streamflow, precipitation, 

and evaporation data require web-scraping techniques for access, followed by preprocessing, 

quality checks, and computation of relevant indices for river basins. These challenges hinder 

large-scale hydrological research in Brazil, leading to fragmented knowledge and often 

restricted to regions like Amazonia or the Paraná basin (e.g., Chagas & Chaffe, 2018; Levy et 

al., 2018; Melo et al., 2016; Tomasella et al., 2011). Establishing a comprehensive and easily 

accessible data set is the first step for new understanding of flood and drought generating 

mechanisms and their changes. Brazil includes a wide range of geological formations; soil 

types typically found in the tropics; typical tropical, temperate, and semiarid climates; and 

large river basins up to several million squared kilometers, such as the Amazon, Tocantins-

Araguaia, São Francisco, and Paraná basins. However, the mechanisms in which this physio-

graphic diversity regulates droughts and floods, the particularities of each region or large river 

basin, and the differences to other continents are not yet fully understood and present an 

opportunity for further hydrological studies. 

The goal of this thesis is to investigate how hydrological extremes in Brazil are gen-

erated and how their spatiotemporal patterns have been changing over the past century. The 

focus is on data-driven, large-scale analyses. The contribution to research on hydrological 

extremes mainly comes from contrasting floods and droughts patterns, considering the effects 

of multiple scale of analysis, human interference, and analyzing comprehensive data sets in an 

under-researched region. More specific goals are: 

 

(i) To investigate the generating mechanisms of flood and drought flows, particularly 

the role of climate in contrast with that of basin characteristics. 

(ii) To detect and attribute changes in flood and drought flow magnitudes in recent dec-

ades, including joint changes. 
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(iii) To examine decadal to multidecadal flood and drought persistence in the past centu-

ry, especially time clustering and asymmetries between both extremes. 

 

This thesis is organized as follows. The next chapters present scientific articles, in-

cluding those already published (Chapters 2 to 4), under review (Chapter 5), and under 

preparation (Chapter 6). Chapter 2 introduces a new open data set for large-scale studies in 

Brazil, detailing the spatial distribution of a broad range of indices from hydrometeorology to 

basin characteristics and human interference. In Chapters 3 and 4, we investigate how flood 

and drought flows are generated respectively. Chapter 5 presents the detection of flood and 

drought flow change in the past four decades, including joint changes and their main causes. 

Chapter 6 extends the analysis of flood and drought change by examining time clustering at 

decadal to multidecadal scales over the past eight decades, including differences between both 

extremes. Finally, Chapter 7 summarizes the findings and conclusions of the thesis. 
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2 CAMELS-BR: HYDROMETEOROLOGICAL TIME SERIES AND LANDSCAPE 

ATTRIBUTES FOR 897 CATCHMENTS IN BRAZIL 

This chapter presents the following publication in its original form: 

Chagas, V. B. P., Chaffe, P. L. B., Addor, N., Fan, F. M., Fleischmann, A. S., Paiva, R. 

C. D., & Siqueira, V. A. (2020). CAMELS-BR: hydrometeorological time series and landscape 

attributes for 897 catchments in Brazil. Earth System Science Data, 12(3), 2075–2096. 

https://doi.org/10.5194/essd 

2.1 Introduction 

Large-scale hydrological research relies on data from large samples of catchments to 

formulate general conclusions on hydrological processes and models (Addor et al., 2019; 

Gupta et al., 2014). Hydrometeorological datasets with large spatial and temporal coverage 

are the basis to improve hydrological understanding with appropriate statistical robustness. 

For example, multiple studies used large-sample datasets to investigate the drivers of hydro-

logical change (e.g., Blöschl et al., 2019; Gudmundsson et al., 2019; Slater et al., 2015), the 

impacts of anthropic activities on the water cycle (e.g., Hoekstra & Mekonnen, 2012; Milli-

man et al., 2008; Montanari et al., 2013), hydrological similarity and classification (e.g., 

Berghuijs et al., 2014; Knoben et al., 2018; Sawicz et al., 2014), predictions in ungauged 

basins (e.g., Ehret et al., 2014; Singh et al., 2014; Yadav et al., 2007), areas where extreme 

events are a concern (e.g., Van Lanen et al., 2013; Villarini, 2016; Woldemeskel & Sharma, 

2016), and to predict future hydrological change (e.g., Luke et al., 2017; Zscheischler et al., 

2018). Moreover, large-sample hydrology is needed for evaluation of continental to global 

hydrological models, to identify limitations in model structure, parameterization and forcing 

according to geographic and climatic regions (Beck, Van Dijk, et al., 2017; Gudmundsson et 

al., 2012; Haddeland et al., 2011; Siqueira et al., 2018; Veldkamp et al., 2018; Zhao et al., 

2017), to estimate uncertainty in model estimates (e.g., Beck et al., 2016; Hirpa et al., 2018; 

Müller Schmied et al., 2014) and to make use of data assimilation techniques (e.g., 

Wongchuig et al., 2019). Better predictions in such models allow for the quantification of 

water resources availability over large scales and are fundamental for nationwide water 

resources planning and management (Alfieri et al., 2020; Bierkens, 2015; Döll et al., 2016; 

Schewe et al., 2014). 
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To uncover the hydrological functioning of a catchment, it is key to understand how 

it is controlled by climate, human interferences (Di Baldassarre et al., 2018; Wohl et al., 

2012), and landscape attributes, such as vegetation, topography, soil, and lithology (Fan et al., 

2019). For this, researchers must work with a multiple-hypotheses framework (Merz et al., 

2012; Pfister & Kirchner, 2017), which frequently leads to processing massive amounts of 

data and often tedious, repetitive tasks. To deal with this problem, multiple datasets have been 

created, such as the Global Runoff Data Centre (GRDC, 2019), the Global Streamflow 

Indices and Metadata Archive (GSIM; Do et al., 2018; Gudmundsson et al., 2018); the Hy-

droATLAS (Linke et al., 2019); and the Global Runoff Reconstruction (FRUN; Ghiggi et al., 

2019). A noteworthy dataset, the Catchment Attributes and MEteorology for Large-sample 

Studies (CAMELS; Addor et al., 2017; Newman et al., 2015), produced a synthesis from 

multiple catchment attributes. It initially included only catchments in the United States, but 

later expanded to include Chile with the CAMELS-CL dataset (Alvarez-Garreton et al., 2018) 

and Great Britain with CAMELS-GB (Coxon et al., 2020). The CAMELS datasets facilitated 

hydrological research by addressing some of the major problems with large datasets, such as a 

lack of common standards across databases, absence of uncertainty estimation, and open 

accessibility of hydrological observations (Addor et al., 2019). 

Even though there is a growing number of large-sample datasets worldwide (e.g., 

Addor et al., 2017; Do et al., 2018; Ghiggi et al., 2019; Gudmundsson et al., 2018; Linke et 

al., 2019), the access to open and readily available data in some regions like South America is 

still difficult and requires additional quality checks (Crochemore et al., 2019). Particularly in 

Brazil, large-sample hydrological studies lack a comprehensive dataset to rely on. Brazilian 

hydrometeorological information is currently collected, maintained and distributed by institu-

tions such as the Brazilian National Water Agency (ANA – Agência Nacional de Águas; 

http://www.snirh.gov.br/hidroweb/) and the National Institute of Meteorology (INMET; 

http://www.inmet.gov.br/portal/). The creation of ANA in 2000 led to the release of open 

hydrological information, which prompted the growth of hydrological studies and fostered 

water resources management. However, the use of data provided for Brazilian catchments is 

challenging because (i) it requires either manual data acquisition of one station at a time 

through the institutions’ local repositories (e.g., ANA, 2019a) or web scraping techniques to 

access these data in an automated fashion, (ii) there is little consistency in data format across 

regions and stations, and (iii) current datasets do not systematically provide catchment attrib-

utes characterizing the hydroclimate, landscape, and anthropogenic influences. Further, the 

difficulty of accessing national meteorological daily time series has led users to compute them 
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from other gridded global databases (e.g., Beck, Vergopolan, et al., 2017; Sun et al., 2018; 

Xavier et al., 2016). All these difficulties hinder large-sample hydrological studies in Brazil 

where, unsurprisingly, nationwide studies (e.g., Bartiko et al., 2019; Siqueira et al., 2018) are 

less common than in North America or Europe. Consequently, studies in Brazil generally 

include only a reduced number of stream gauges and catchment attributes, and are restricted 

to specific regions, such as the Amazon (e.g., Latrubesse et al., 2017; Levy et al., 2018; Paiva 

et al., 2013; Tomasella et al., 2011), or the La Plata basin (e.g., Chagas & Chaffe, 2018; 

Collischonn et al., 2001; Lima et al., 2017; Melo et al., 2016; Pasquini & Depetris, 2007). 

To overcome these limitations, we produced and made publicly available a new da-

taset for large-sample hydrological studies in Brazil, CAMELS-BR. It includes daily stream-

flow time series from 3,679 stream gauges and, for a selected group of 897 catchments, daily 

meteorological time series and 65 catchment attributes from properties such as topography, 

climate, land cover, geology, soil, and human intervention. All catchment attributes and time 

series are in an easily readable file format and on a quickly accessible database. We follow 

standards defined by the previous CAMELS and CAMELS-CL datasets, thus allowing direct 

comparisons with them. Most attributes rely on data products that cover the whole of South 

America, so they are spatially consistent across Brazil. To reduce the risk of data misinterpre-

tation, we describe the major limitations of the data sources and indices computed. By synthe-

sizing hydrological information from thousands of catchments in Brazil into a single dataset, 

we allow researchers to skip the arduous task of collecting and preprocessing large quantities 

of disparate data.  

2.2 Hydrometeorological daily time series 

2.2.1 Streamflow data 

We provide daily streamflow time series for two sets of gauges (Table 2.1). The first 

set comprises 3679 streamflow gauges and is provided by the Brazilian National Water 

Agency (ANA, 2019a). We refer to these as “raw streamflow” time series, as they are readily 

available from (ANA, 2019a). Their values are unchanged but, to ease their processing, we 

converted the native files (i.e., Excel files with daily streamflows not disposed in chronologi-

cal order) to a new file format (i.e., text files with daily streamflow in chronological order). 

ANA estimates daily streamflow either by (i) taking two daily stream stage measurements, 

one in the morning (at 7 am) and another in the afternoon (at 5 pm), which are averaged and 

transformed into discharge using a stage-discharge relationship (rating curve); or (ii) resorting 
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to regionalization methods when no stream stage measurements are available (no further 

details on the methods are provided by ANA). The raw streamflow time series cover different 

periods, ranging from a few days to more than a century. Additionally, although ANA per-

forms data quality checks, these time series include inconsistencies such as typographical 

errors and days with missing data. The 3679 gauges are irregularly distributed throughout the 

country (Fig. 2.1a). Overall, their spatial distribution is denser and their time series longer in 

the Southern Atlantic, Southeastern Atlantic, and Paraná hydrographic regions (Fig. 2.1a and 

2.1b). 

 
Table 2.1. Summary of the data provided by CAMELS-BR. 

 

Variable Description N. of catchments 

D
ai

ly
 ti

m
e 

se
ri

es
 

Raw streamflow 
As read from the Brazilian National Water Agencya, in m3 s-1, with varying 
coverage periods, with data quality flags (qual_control_by_ana and 
qual_flag) for each time step 

3679 

Streamflow 
Transformed to mm day-1, covering from 1980-2018, with data quality flags 
(qual_control_by_ana and qual_flag) for each time step 

897 

Precipitation 
Catchment averages (mm day-1) using three products: CHIRPS v2.0 (0.05º 
res., covering from 1981-2018)b; CPC Global Unified (0.5º res., 1980-2018)c; 
and MSWEP v2.2 (0.1º res., 1980-2016)d. 

897 

Potential evapotranspiration Catchment averages (mm day-1) using GLEAM v3.3a (0.25º res., 1980-2018)e 897 

Actual evapotranspiration 
Catchment averages (mm day-1) using two products: GLEAM v3.3a (0.25º 
res., 1980-2018)e; and MGB (0.5º res., 1980-2014)f 

897 

Minimum, maximum, and 
average temperature 

Catchment averages (degrees Celsius day-1) using CPC Global Unified (0.5º 
res., 1980-2018)g 

897 

C
at

ch
m

en
t a

ttr
ib

ut
es

 

Location 5 attributes (Table 2.2) 3679 

Topography 4 attributes (Table 2.2) 897 

Data quality checks 2 attributes (Table 2.2) 897 

Climatic indices 13 attributes (Table 2.3) 897 

Hydrological signatures 13 attributes (Table 2.4) 897 

Land cover characteristics 11 attributes (Table 2.5) 897 

Geologic characteristics 7 attributes (Table 2.6) 897 

Soil characteristics 6 attributes (Table 2.7) 897 

Human intervention indices 4 attributes (Table 2.8) 897 

Notes. a ANA (2019a). b Climate Hazards Group InfraRed Precipitation with Station data v2.0 (Funk et al., 
2015). c Climate Prediction Center Global Unified Gauge-Based Analysis of Daily Precipitation (NOAA, 
2019b). d Multi-Source Weighted-Ensemble Precipitation (Beck et al., 2019). e Global Land Evaporation 
Amsterdam Model v3.3a (Martens et al., 2017; Miralles et al., 2011). f Large-Scale Hydrological Model (Siquei-
ra et al., 2018). g Climate Prediction Center Global Daily Temperature (NOAA, 2019a). 

 

The second set of streamflow time series includes 897 gauges, and here we simply 

refer to them as “streamflow” time series (Table 2.1). This is the set of gauges used to com-

pute the catchment attributes. It is a subset from the previous 3679 gauges, which resulted 

from two selection criteria. Firstly, we selected only gauges that have less than 5% of missing 

streamflow data between the water years 1990 (starting on September 1, 1989) and 2009 

(ending on August 31, 2009). We chose the water years from 1990 to 2009 because (i) it is the 
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period with the largest number of stream gauges with available data (Fig. 2.2), and (ii) it 

coincides with the period of analysis from other CAMELS datasets (Addor et al., 2017; 

Alvarez-Garreton et al., 2018), allowing for direct comparisons with them. Secondly, we only 

considered catchments for which boundaries have been delimited by (Do et al., 2018) and for 

which there is a good match with the area estimated by the data provider (see Section 2.3). 

Although the hydrological signatures introduced below were computed using data from 1990 

to 2009, the time series for the 897 stream gauges include data from 1980 to 2018 when 

available, to enable complementary analyses by other users. 

 

 
Figure 2.1. (a) South America and the total river discharge data availability of the 3679 
stream gauges included in this study. The black line surrounded by a white line indicates 
rivers. The dashed line is Brazil’s borders. (b) Hydrographic regions of Brazil according to 
ANA (2019a). (c) Percentage of streamflow data with quality control checks by ANA of the 
897 selected catchments. (d) Percentage of streamflow data derived from stream stage meas-
urements of the 897 selected catchments. The circles are located at the outlet of the catch-
ments and their sizes are proportional to the sizes of the catchments. The grey line in (c) and 
(d) indicates the limits of hydrographic regions. 
 

We individually screened the 897 selected streamflow time series between 1990 and 

2009 for the following errors: zeroes or repeated values instead of missing values, abrupt 

changes resulting from changes in measurement instruments or rating curves, annual stream-

flow larger than annual precipitation, and unrealistic daily streamflow values (i.e., larger than 
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1,000 mm day-1). Gauges affected by such errors were not included in the set of 897 catch-

ments. In addition, we summarized the streamflow metadata provided by ANA as follows. For 

each daily streamflow measurement, we provide two pieces of information (Table 2.1). The 

first metadata variable, “qual_control_by_ana”, was set to 1 if the data was quality checked 

by ANA and to 0 otherwise. The second metadata variable, “qual_flag”, indicates the reliabil-

ity of streamflow estimates. It is also provided by ANA and consists of the following quality 

flags: 0, when there is no description; 1, streamflow resulted from stream stage measurements 

and the rating curve; 2, streamflow estimated by ANA without stream stage measurements; 3, 

streamflow values marked as doubtful; and 4, when the stream water level falls outside the 

range of the stream stage, e.g., when the river ran dry. To summarize the ANA metadata (i.e., 

q_qual_control_perc and q_stream_stage_perc; Table 2.2), 80% of the 897 gauges had at least 

90% of their data over 1990-2009 checked for inconsistencies (Fig. 2.1c). The Amazon, São 

Francisco, and Paraná regions have the lowest frequency of quality controls in Brazil. Fur-

thermore, the streamflow estimates from 64% of the 897 catchments were derived from 

stream stage measurements for 90% of the days over 1990-2009 (Fig. 2.1d). 

 

 
Figure 2.2. Time series with the number of streamflow gauges with at least one measurement 
for a given year in Brazil. 

2.2.2 Meteorological data 

Meteorological daily time series data are provided for 897 catchments (Table 2.1). 

These include (i) precipitation from CHIRPS v2.0 (Funk et al., 2015), CPC (NOAA, 2019b), 

and MSWEP v2.2 (Beck et al., 2019); (ii) potential evapotranspiration from GLEAM v3.3a 

(Martens et al., 2017; Miralles et al., 2011); (iii) actual evapotranspiration from GLEAM 

v3.3a and MGB South America (Siqueira et al., 2018); and (iv) minimum, maximum, and 

average temperature from CPC (NOAA, 2019a). The datasets were selected because of their 

high spatial resolution, their full coverage of South America allowing for consistency through 

all catchments, and because they are commonly used which enables comparisons with other 

studies. The daily values represent the average of all cells with their centroids intersected by 
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the catchment, of which all cells contribute to the average equally, whether the catchment 

fully covers them or not. However, some catchments do not intersect the centroid of any cell. 

For those, we computed the daily values as the average of all cells partially covered by the 

catchment. A significant limitation of the meteorological data is that, because the cell grids of 

the adopted products have resolutions range from 0.05º (ca. 5.5 km2 at the equator) to 0.5º (ca. 

55 km2 at the equator), some catchments are smaller than a single cell. This leads to the 

assumption that such a meteorological variable is homogeneous in catchments smaller than a 

single cell, even though this might not always be the case. This limitation has to be kept in 

mind particularly when using the CPC precipitation data (resolution of 0.5º; NOAA, 2019b), 

as precipitation is the meteorological variable with the highest spatial heterogeneity amongst 

those used in CAMELS-BR. 

In addition to GLEAM v3.3a, estimates of actual evapotranspiration (ET) were ob-

tained from the MGB model version for South America (Siqueira et al., 2018). The MGB is a 

conceptual, semi-distributed hydrologic-hydrodynamic model that discretizes the basin (or a 

set of basins) into irregular unit-catchments and further into hydrological response units by 

combinations of land use and soil types, where both water and energy balance are computed. 

The model calculates ET using the Penman-Monteith equation based on CRU meteorological 

data (i.e., temperature, pressure, radiation, and wind speed) and MSWEP v1.1 precipitation 

data (Beck, Vergopolan, et al., 2017). Surface resistance is adjusted according to the availabil-

ity of water in the soil that is updated during the water budget. The MGB also computes the 

evaporation of flooded areas and intercepted water from the canopy with the Penman equa-

tion. Regular ET cells of 0.5º resolution were generated by aggregating unit-catchments using 

their areas as weights. 

The long-term water balance is accurate for most catchments, using either the esti-

mated evapotranspiration from GLEAM (Fig. 2.3a) or MGB (Fig. 2.3b). Both evapotranspira-

tion data sources indicate that the highest data uncertainties occur in the Amazon and smaller 

catchments in the Paraná and the Southeastern Atlantic regions since those catchments are 

further away from the 1:1 line in Fig. 2.3a-b. The same conclusions are derived from visualiz-

ing the runoff coefficient as a function of the humidity index (Fig. 2.3c). In addition, there are 

remarkable differences between GLEAM and MGB estimates, where evapotranspiration from 

GLEAM is substantially higher in the Amazon basin and substantially lower in the Eastern 

and the Western NE Atlantic regions. 
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Figure 2.3. Long-term water balance of the 897 selected catchments for the water years 
1990-2009. Mean annual evapotranspiration from (a) GLEAM or (b) MGB as a function of 
the difference between mean annual precipitation (P) from CHIRPS and streamflow (Q). (c) 
Runoff coefficient as a function of the humidity index. Line 1:1 is shown in black. The 
symbol size is proportional to the catchment area. The symbol color indicates the hydrograph-
ic region of the catchment (from panel d). 

2.3 Topographic indices 

Even though ANA (2019a) provides estimates of the areas of most gauged Brazilian 

catchments, the catchment boundaries are not publicly available. Hence, in this study, we used 

the catchment boundaries provided by Do et al. (2018), who used the HydroSHEDS 15 arc-

sec resolution digital elevation model (DEM) and delineated the catchments with a procedure 

similar to (Lehner, 2012) for more than 3,000 gauges in Brazil. For each streamflow gauge, 

Do et al. (2018) positioned the outlet at the center of all the DEM grid cells within a radius of 

5 km from the gauge coordinates indicated by the metadata. They then selected the grid cell 

(and associated catchment boundaries) leading to the catchment area most similar to the one 

indicated by ANA (2019a). The main limitation of the procedure of Do et al. (2018) is that 

catchment boundaries were not manually inspected. 

Using those catchment boundaries, we computed four topographic attributes (Table 

2.2), namely gauge elevation, catchment mean elevation, mean slope, and area. The area of 

the catchments ranged from 10.8 km2 (i.e., in the upper São Francisco hydrographic region) to 

4.7 million km2 (i.e., the Amazon basin at Óbidos). Approximately 30% of the analyzed 

catchments are smaller than a thousand km2, 43% are between 1 and 10 thousand km2, and 

27% are larger than 10 thousand km2. The largest basins are in the Amazon and the Tocantins-

Araguaia hydrographic regions (Fig. 2.4a). Combined with the Paraguay basin, those regions 

are usually characterized by low elevations (Fig. 2.4b), flat slopes (Fig. 2.4c), and large 

proportions of wetlands (see Section 2.6.2). The smaller catchments are located along the 

mountain belts on the eastern coast of Brazil, particularly in the southern and southeastern 

parts of the country. Those are also the catchments with the steepest slopes. Additionally, 

many catchments with intermediate elevation ranges (i.e., between 500 and 900 m) are in the 
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central part of the country, which comprises the Brazilian highlands. Note that, since we 

computed the average attribute value (unless otherwise noted) of each catchment, the attrib-

utes become less representative as the area of the catchment increases. 

 

Table 2.2. Location, topographic characteristics, and data quality checks. 
 

Attribute Description Units Data source 

gauge_id Catchment identifier provided by ANA - ANA (2019a) 

gauge_name Gauge name provided by ANA - ANA (2019a) 

gauge_region Hydrographic region - ANA (2019a) 

gauge_lat Gauge latitude ºN ANA (2019a) 

gauge_lon Gauge longitude ºE ANA (2019a) 

elev_gauge Gauge elevation m.a.s.l. 
HydroSHEDS 
15 arc-sec DEM 

elev_mean Catchment mean elevation m.a.s.l. 
HydroSHEDS 
15 arc-sec DEM 

slope_mean Catchment mean slope m km-1 
HydroSHEDS 
15 arc-sec DEM 

area Catchment area km² Do et al. (2018) 

q_quality_control_perc 
Percentage of streamflow data (1990-2009) with quality 
control checks by ANA 

% ANA (2019a) 

q_stream_stage_perc 
Percentage of streamflow data (1990-2009) derived from 
stream stage measurements 

% ANA (2019a) 

 

 
Figure 2.4. Topographic characteristics of the 897 selected catchments. The size of the circles 
is proportional to the size of the catchment. The grey line indicates the limits of hydrographic 
regions. 

2.4 Climatic indices 

2.4.1 Data and methods 

We computed thirteen climatic indices (Table 2.3) over the same period (1990 to 

2009, except for the asynchronicity index) as the ones in CAMELS (Addor et al., 2017) and 

CAMELS-Chile (Alvarez-Garreton et al., 2018). The first water year starts on 1st September 

1989 and the last one finishes on 31st August 2009. This is to facilitate inter-dataset compara-
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bility. We used precipitation data from CHIRPS v2.0 (Funk et al., 2015) to compute the 

indices since it has the highest spatial resolution among the three adopted precipitation 

products (i.e., CHIRPS v2.0, CPC, and MSWEP v2.2) and relies on both remote-sensing and 

gauge-based data. 

 

Table 2.3. Climatic indices. 
 

Attribute Description Units Data source 

p_mean Mean daily precipitation mm day-1 CHIRPS v2.0 

pet_mean Mean daily potential evapotranspiration (PET) mm day-1 GLEAM v3.3a 

et_mean Mean daily actual evapotranspiration mm day-1 GLEAM v3.3a 

aridity Aridity, computed as the ratio of mean PET to mean precipitation - 
GLEAM v3.3a and 
CHIRPS v2.0 

p_seasonality 

Seasonality and timing of precipitation (estimated using sine curves to 
represent the annual temperature and precipitation cycles; values are typically 
between -1 (precipitation out of phase with temperature) and 1 (precipitation 
in phase with temperature, i.e., simultaneous peaks),; values close to 0 
indicate uniform precipitation throughout the year). See equation 14 in 
Woods (2009) 

- CHIRPS v2.0 

asynchronicity 
Asynchronicity between the annual precipitation and PET cycles, where high 
values represent high relative magnitude and phase differences - Feng et al. (2009) 

frac_snow Fraction of precipitation falling as snow (i.e., on days colder than 0 ºC) - 
CHIRPS v2.0 and 
CPC 

high_prec_freq Frequency of high precipitation days (≥ 5 times the mean daily precipitation) days yr-1 CHIRPS v2.0 

high_prec_dur 
Average duration of high precipitation events (number of consecutive days ≥ 
5 times the mean daily precipitation) days CHIRPS v2.0 

high_prec_timing 
Season during which most high precipitation days (≥ 5 times the mean daily 
precipitation) occur season CHIRPS v2.0 

low_prec_freq Frequency of dry days (< 1 mm day-1) days yr-1 CHIRPS v2.0 

low_prec_dur Average duration of dry periods (number of consecutive days < 1 mm day-1) days CHIRPS v2.0 

low_prec_timing Season during which most dry days (< 1 mm day-1) occur season CHIRPS v2.0 

 

The mean precipitation, mean potential evapotranspiration, and the aridity index are 

considered to capture long-term climatic conditions. The aridity index is the ratio of mean 

potential evapotranspiration to mean precipitation, which stands as a first-order control on the 

partitioning of precipitation into streamflow (Blöschl et al., 2013; Budyko, 1974). Those 

indices are complemented by the precipitation seasonality index (p_seasonality, Table 2.3), 

which relies on sine curves to approximate the monthly climatology of temperature and 

precipitation. While, for Brazil, the annual precipitation cycle is captured quite well, a sine 

curve provides a relatively rough approximation of the temperature cycle, particularly in the 

center of the country (around the state of Goiás; Berghuijs & Woods (2016). Hence, in addi-

tion to p_seasonality, we extracted the asynchronicity index proposed by (Feng et al., 2019), 

which relies on information theory and has the advantage of being non-parametric (in particu-

lar, it does not assume sinusoidality). The indices of extreme climatic conditions include the 

frequency, duration, and the most common season of high precipitation events and dry days. 
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Dry days are defined as days with precipitation less than 1 mm, so that the index is not 

compromised by underdetected precipitation events (Haylock & Nicholls, 2000). 

2.4.2 Spatial variability in climatic indices 

The mean daily precipitation in Brazil is highest in the Amazon and in Southern Bra-

zil, where it on average exceeds 5 mm day-1 (1825 mm year-1) (Fig. 2.5a). The lowest mean 

precipitation occurs in Northeastern Brazil, which is also where mean potential evapotranspi-

ration exceeds the mean precipitation (aridity index > 1, Fig. 2.5b). Northeastern Brazil (in 

particular, the states of Maranhão, Piauí, Ceará) also has the highest values of asynchronicity 

index in the country (not shown), which corresponds to Mediterranean climates. The precipi-

tation regime is highly seasonal in most of the country, particularly in the central-west and 

southeastern Brazil (Fig. 2.5c). This seasonality is regulated by the South American Monsoon 

System (Carvalho et al., 2011; Raia & Cavalcanti, 2008), with peaks in the austral summer 

(Fig. 2.5f) and several dry months during the austral winter (Fig. 2.5i). Southern Brazil has a 

distinct regime, with uniform precipitation throughout the year caused by a combination of 

large-scale phenomena and a diversity of sources of atmospheric moisture (Martinez & 

Dominguez, 2014; Seager et al., 2010). The Amazon basin, which extends into both hemi-

spheres, has contrasting precipitation regimes between the north (with a peak in austral 

winter) and the south (with a peak in austral summer) related to alternating warming of each 

hemisphere (Marengo & Espinoza, 2016). This seasonality is substantially diminished down-

stream in the Amazon. 

The number of high precipitation and dry days is highest along the catchments on the 

coast (Fig. 2.5d and 2.5g), which is also where the smallest catchments are located. Both 

indices are significantly correlated with catchment area (p < 0.001), so a regional analysis of 

both indices should be carried out with caution since large catchments are located in the 

Amazon and Tocantins-Araguaia basins. On the other hand, the duration of high precipitation 

(Fig. 2.5e) and dry day events (Fig. 2.5h) do not correlate with catchment area. Their spatial 

distribution is remarkably similar to the aridity index, except for the Tocantins-Araguaia 

basin, which has long dry periods but not necessarily long high precipitation events. Summer 

is the most common season of extreme precipitations in the majority of Brazil, with two main 

exceptions (Fig. 2.5f): (i) part of the coast of Northern Brazil; and (ii) Southern Brazil. This is 

possibly linked to mesoscale convective systems over Southeastern South America (Salio et 

al., 2007), to sea surface temperature anomalies in the Atlantic ocean (Liebmann et al., 2011), 
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and  the El Niño Southern Oscillation phenomenon, as those regions are particularly affected 

by it (Grimm, 2011; Tedeschi et al., 2013). 

 

 
Figure 2.5. Climatic indices of the 897 selected catchments. The size of the circles is propor-
tional to the size of the catchment. The grey line indicates the limits of hydrographic regions. 

2.5 Hydrological signatures 

2.5.1 Data and methods 

We computed thirteen hydrological signatures (Table 2.4) that represent a wide range 

of hydrological information for the water years from 1990 to 2009. The hydrological signa-

tures were computed in the same approach as in CAMELS, CAMEL-CL, and CAMELS-GB 

datasets. Intermediate streamflow conditions were evaluated with the mean daily flow and its 

ratio to mean daily precipitation. These were complemented by baseflow information, a 
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fundamental component that sustains streamflow during dry periods (Smakhtin, 2001). The 

baseflow index is the ratio of long-term baseflow to long-term total streamflow. We used the 

digital filter from (Ladson et al., 2013) to separate the baseflow component from the hydro-

graph. The variability of streamflow was evaluated with the slope of the flow duration curve 

and the streamflow elasticity indices. The slope of the flow duration curve is defined as the 

slope between the log-transformed 33rd and 66th long-term percentiles of daily streamflow 

(Sawicz et al., 2014; Yadav et al., 2007). High values of that index suggest highly variable 

streamflow, caused either by a high seasonality of streamflow or by a flashy response to 

precipitation events (McMillan et al., 2017; Yokoo & Sivapalan, 2011). Streamflow elasticity 

is an indicator of the sensitivity of mean annual flow to changes in mean annual precipitation 

(Sankarasubramanian et al., 2001). For example, a streamflow elasticity value of 2 indicates 

that a 1% change in mean annual precipitation generates a 2% change in mean annual flow. 

Extreme streamflow conditions were analyzed using signatures based on the magnitude, 

frequency, and duration of high and low flow events. High and low flow events were defined 

through long-term thresholds, based on the median and mean flow, respectively (Olden & 

Poff, 2003). The magnitude of high and low flow events was characterized using the 5th and 

the 95th percentiles. There are two primary limitations to the hydrological signatures used in 

this study. First, several signatures might scale with catchment area. Since catchment area 

varies substantially among hydrographic regions, spatial analyses should be carefully con-

ducted. Second, we did not check for temporal dependencies of consecutive high or low flow 

events, for example when two flood peaks occur within a couple of days from each other and 

both may be related to a single extreme precipitation event. Many criteria exist to identify 

independent high flow events (Archfield et al., 2016; Hall et al., 2014) and low flow events 

(Fleig et al., 2006; Van Loon, 2015), which might lead to differences in the analyzed signa-

tures. 

2.5.2 Spatial variability in hydrological signatures 

The spatial distribution of mean daily flows (Fig. 2.6a) and runoff ratio (Fig. 2.6b) 

closely resembles that of mean daily precipitation. These are notably high in Southern Brazil 

and parts of the Amazon, and low in Northeastern Brazil. The mean half-flow date (i.e., when 

the cumulative discharge since 1st September reaches half of the annual discharge) follows a 

gradient ranging from February and March in the Eastern Atlantic region to May in the 

Amazon and on the northern coast (Fig. 2.6c). Steep slopes of the flow duration curve occur 
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especially in the tributaries of Southern Amazon, the Tocantins-Araguaia basin, the Eastern 

Atlantic hydrographic region and in parts of Southern Brazil (Fig. 2.6d). Some catchments 

have undefined values, meaning that they have zero flow for more than 33% of the time. 

Since the slopes of the flow duration curve indicate the overall streamflow variability, they are 

spatially similar to several other hydrological signatures. They are, most noticeably: (i) 

negatively correlated with the baseflow index (Fig. 2.6e), hence catchments with high 

baseflow may be highly resilient to dry periods (Fan, 2015); (ii) positively correlated with 

streamflow precipitation elasticity (Fig. 2.6f), which indicates variability at the interannual 

timescale; (iii) negatively correlated with the 5th percentile of streamflow (i.e., low flows; 

Fig. 2.6l); and (iv) positively correlated with the frequency and duration of low flow events 

(Fig. 2.6j and 2.6k). However, note that some regions do not follow those patterns. In particu-

lar, catchments in Southern Amazon and in the Tocantins-Araguaia basin have high baseflow 

indices despite steep slopes of the flow duration curve. It possibly implies that the variability 

in those catchments is related to a high seasonality, rather than to a flashy response to precipi-

tation events. 

 

Table 2.4. Hydrological signatures. Thresholds for high and low flow frequency and duration 
were obtained from Clausen & Biggs (2000) and Westerberg & McMillan (2015). 

 

Attribute Description Units Data source 

q_mean Mean daily discharge mm day-1 ANA (2019a) 

runoff_ratio 
Runoff ratio, computed as the ratio of mean daily discharge to mean daily 
precipitation - ANA (2019a) 

stream_elas 

Streamflow precipitation elasticity (i.e., the sensitivity of streamflow to 
changes in precipitation at the annual timescale, using the mean daily 
discharge as reference). See equation 7 in Sankarasubramanian et al. (2001), 
with the last element being ��/�� not ��/ �� 

- 

ANA (2019a) 

slope_fdc 
Slope of the flow duration curve between the log-transformed 33rd and 66th 
streamflow percentiles - ANA (2019a) 

baseflow_index 
Baseflow index, computed as the ratio of mean daily baseflow to mean daily 
discharge, with the hydrograph separation performed using the Ladson et al. 
(2013) digital filter 

- 
ANA (2019a) 

hfd_mean 
Mean half-flow date (i.e., the date on which the cumulative discharge since 
1st September reaches half of the annual discharge) day of the year ANA (2019a) 

Q5 5% flow quantile (low flow) mm day-1 ANA (2019a) 

Q95 95% flow quantile (high flow) mm day-1 ANA (2019a) 

high_q_freq Frequency of high-flow days (> 9 times the median daily flow) days yr-1 ANA (2019a) 

high_q_dur 
Average duration of high-flow events (number of consecutive days > 9 times 
the median daily flow) days ANA (2019a) 

low_q_freq Frequency of low-flow days (< 0.2 times the mean daily flow) days yr-1 ANA (2019a) 

low_q_dur 
Average duration of low-flow events (number of consecutive days < 0.2 times 
the mean daily flow) days ANA (2019a) 

zero_q_freq Percentage of days with zero discharge % ANA (2019a) 
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Figure 2.6. Hydrological signatures of the 897 selected catchments. The black circles are 
catchments with undefined values. The size of the circles is proportional to the size of the 
catchment. The grey line indicates the limits of hydrographic regions. 

 

High flow days are more frequent and their events are longer in Southern Brazil, in 

the Eastern Atlantic region, and on the coast of northeastern Brazil (Fig. 2.6g and 2.6h). Those 

regions also have the most frequent and longest low flow events. This suggests that, in addi-

tion to the catchments in Southwestern Amazon and in the Tocantins-Araguaia basin, the 
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extremes of both high and low flows might be related. Catchments seldom have high values in 

all three high flow signatures, except for Southern Brazil, revealing that this might be the 

region with the most problematic flood episodes. On the other hand, long and frequent low 

flows are found in nearly all hydrographic regions. The majority of catchments in the Eastern 

Atlantic and the East Northeastern Atlantic regions are characterized by long and frequent low 

flows, where nearly half of those have at least 100 days of low flows in the year. 

2.6 Land cover characteristics 

2.6.1 Data and methods 

Each catchment was described using ten land cover classes (Table 2.5) based on 

GlobCover2009 (Arino et al., 2012). GlobCover2009 uses imagery from Envisat’s Medium 

Resolution Imaging Spectrometer Instrument Fine Resolution (MERIS FR). The classification 

has a spatial resolution of 300 m, a global coverage every three days, and is based on images 

from January until December 2009. GlobCover2009 classification includes 22 land cover 

classes but, to simplify the dataset, we combined these into similar classes. In particular, the 

class “forests” is a combination of broad-leaved and needle-leaved forests, either evergreen or 

deciduous. Note that GlobCover 2009 does not differentiate between natural or planted 

forests. 

There are three main limitations of the GlobCover2009 dataset. High confusion rates 

between croplands and grasslands show that the separation of crops, pastures, and meadows 

can be problematic, especially in Brazil where those land covers occur extensively. Identifica-

tion of wetlands is also an issue (Arino et al., 2012) and flooded forests might be underrepre-

sented in the classification. Lastly, GlobCover2009 used the Shuttle Radar Topography 

Mission (SRTM) Water Body Data, which is based on data from 2000 and does not coincide 

with the 2009 MERIS data. 

2.6.2 Spatial variability in land cover characteristics 

Croplands are widespread in Brazil, especially in the highlands, in Southern Brazil, 

and on the eastern coast of Northeastern Brazil (Fig. 2.7a and 2.7d). Out of the 897 CAM-

ELS-BR catchments, 52.4% have croplands or mosaics of croplands and natural vegetation as 

the dominating land cover (Fig. 2.7c). Croplands are most noticeable particularly in the 

Uruguay and Paraná hydrographic regions. Even though GlobCover2009 does not cover the 
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same period as the hydrological signatures (i.e., 1990-2009), croplands were already extensive 

in almost all states in Brazil in the 1980s and pastures in the 1960s (Dias et al., 2016; Leite et 

al., 2012). This is true except for Southern Amazon, where agricultural expansion has led to 

one of the highest deforestation rates in the world since the 1980s (Song et al., 2018). 

 

Table 2.5. Land cover characteristics. 
 
Attribute Description Units Data source 

crop_perc Percentage covered by croplands % ESA GlobCover2009 

crop_mosaic_perc Percentage covered by a mosaic of croplands and natural vegetation % ESA GlobCover2009 

forest_perc 
Percentage covered by broadleaved or needleleaved forests, either 
evergreen or deciduous 

% ESA GlobCover2009 

shrub_perc Percentage covered by shrublands % ESA GlobCover2009 

grass_perc 
Percentage covered by grasslands or areas with sparse (<15%) 
vegetation 

% ESA GlobCover2009 

barren_perc Percentage covered by barren areas % ESA GlobCover2009 

imperv_perc Percentage covered by artificial surfaces or urban areas % ESA GlobCover2009 

wet_perc Percentage covered by water bodies or wetlands % ESA GlobCover2009 

snow_perc Percentage covered by permanent snow or ice % ESA GlobCover2009 

dom_land_cover Dominant land cover - ESA GlobCover2009 

dom_land_cover_perc Percentage covered by the dominant land cover % ESA GlobCover2009 

 

 
Figure 2.7. Land cover characteristics of the 897 selected catchments. The size of the circles 
is proportional to the size of the catchment. The grey line indicates the limits of hydrographic 
regions. 
 

Aside from the Amazon, catchments dominated by forests are located in mountain 

belts, i.e., in steep slope regions in Southern and Southeastern Brazil (Fig. 2.7b). Shrublands 
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occur mainly in the driest regions of the country (Fig. 2.7e), but they are not the predominant 

land cover in these regions. Natural wetlands or water bodies are largely present in the Ama-

zon, Tocantins-Araguaia, and Paraguay hydrographic regions (not shown). Some catchments 

in the Paraná, Uruguay, and São Francisco basins are also substantially covered by water 

bodies. However, those are mainly artificial reservoirs (see Section 2.9.3). The CAMELS-BR 

catchments typically have a low fraction of their area considered to be “impervious areas”, 

such as urban land covers; only 0.2% of the catchments have more than 5% of impervious 

areas (not shown). Besides, grasslands, bare soil areas, and permanent snow are rare in the 

CAMELS-BR catchments (not shown). 

2.7 Geologic characteristics 

2.7.1 Data and methods 

The geology of the catchments was described using seven geologic attributes (Table 

2.6). The first and second most common geologic class, their fractions, and the percentage of 

the catchment covered by carbonate rocks were extracted from the Global Lithological Map 

(GLiM; Hartmann & Moosdorf, 2012). GLiM was created by assembling information from 92 

regional lithological maps. In the Brazilian territory, it relies on data from the Brazilian 

Geological Survey at the 1:1 million scale (Schobbenhaus et al., 2004). We considered only 

the first level of the GLiM geologic classes, which classifies lithology into 16 groups. The 

additional second and third levels provide more specific geologic information but were not 

included in this study. We note that two geologic classes cover a particularly broad variety of 

rocks. First, the “unconsolidated sediments” class is quite unspecific with regards to the 

sediment types and grain sizes (it includes sediments originated by areas as alluvial, swamp, 

and dune deposits). Second, catchments dominated by the “metamorphic rocks” class can 

have a wide range of lithologies, from shales to gneiss and quartzite. 

We extracted the subsurface permeability and porosity indices from the GLobal HY-

drogeology MaPS 2.0 (GLHYMPS; Gleeson et al., 2014; Huscroft et al., 2018), which is 

modeled based on information from the GLiM and the Global Unconsolidated Sediments Map 

(GUM; Börker et al., 2018). Subsurface permeability indicates how easily water can flow 

through the subsurface. GLHYMPS modeled it only for saturated conditions (Huscroft et al., 

2018), so it is not adequate to characterize regions dominated by unsaturated processes, e.g., 

deeply weathered soils. The subsurface porosity indicates the fraction of void spaces in a 

material and controls the water storage capacity in the subsurface. A major caveat of 
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GLHYMPS data is that it is only adequate for analyses at the regional scale, i.e., over spatial 

units greater than 5 km (Gleeson et al., 2014). 

 

Table 2.6. Geologic characteristics. 
 

Attribute Description Units Data source 

geol_class_1st Most common geologic class in the catchment - GLiM 

geol_class_1st_perc Percentage of the catchment covered by the most common geologic class % GLiM 

geol_class_2nd Second most common geologic class in the catchment - GLiM 

geol_class_2nd_perc 
Percentage of the catchment covered by the second most common geologic 
class 

% GLiM 

carb_rocks_perc Percentage of the catchment covered by carbonate sedimentary rocks % GLiM 

geol_porosity Subsurface porosity of the catchment - 
GLHYMPS 
v2.0 

geol_permeability 
Subsurface permeability (log10 scale) of the catchment, extract for each 
catchment using the geometric mean 

m² 
GLHYMPS 
v2.0 

2.7.2 Spatial variability in geological characteristics 

The catchments on the eastern coast have lithologies dominated by either metamor-

phic or acid plutonic rocks (Fig. 2.8a and 2.8b), related to high elevation and steep slopes in 

this region. These catchments also have low subsurface permeability (Fig. 2.8g) and the 

lowest subsurface porosity rates in the country (Fig. 2.8f). In Southern Brazil, basic volcanic 

lithology is widespread, which encompasses basaltic rocks. Southern Brazil has the most 

homogeneous lithological types of the country (Fig. 2.8c and 2.8d), where more than 80% of 

the catchment areas are usually characterized by a single lithological type. However, sub-

superficial porosity and permeability are highly heterogeneous, extending from middle-range 

to high porosity values and from middle-range to low permeability values. 

Sedimentary rocks occur on a large scale at São Francisco, Parnaíba, Western North-

east Atlantic, and part of the Amazon hydrographic regions. The Northern Amazon is charac-

terized mostly by metamorphic or plutonic rocks, while the Western Amazon has either 

siliciclastic or mixed sedimentary lithologies. On the other hand, unconsolidated sedimentary 

lithologies occur particularly downstream in the Amazon, the Tocantins, and the Paraguay 

basins. These basins also have flat slopes and large proportions of wetlands, which allows for 

alluvial particles to settle down. Most of the catchments with a high proportion of sedimen-

tary rocks have high subsurface porosity, although their permeability varies according to the 

grain sizes of these rocks. Carbonate sedimentary rocks, such as karst or limestone, are more 

common in the São Francisco basin and in western Amazon (Fig. 2.8e). Those rocks are also 
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present in some isolated and smaller catchments in Southern Brazil, in the Paraguay, and in 

the Tocantins-Araguaia basins. 

 

 
Figure 2.8. Geologic characteristics of the 897 selected catchments. The size of the circles is 
proportional to the size of the catchment. The grey line indicates the limits of hydrographic 
regions. 

2.8 Soil characteristics 

2.8.1 Data and methods 

We provide six soil characteristics (Table 2.7). Five of those were extracted from 

SoilGrids250m (Hengl et al., 2017; Shangguan et al., 2017), a collection of soil maps for the 

world at the 250 m resolution. SoilGrids250m maps are the result of a model using approxi-

mately 150,000 soil profiles, with predictions based on machine learning methods and 158 
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remote-sensing covariates including climate, vegetation, geomorphology, and lithology 

(Hengl et al., 2017). Although SoilGrids250m generated predictions for several soil depths, in 

this work we only computed soil characteristics over a depth of 30 cm. SoilGrids250m is 

based on a machine-learning model that explains large proportions of the variance of most 

observed variables, including 69% of the variance of organic carbon content and more than 

70% of the soil textures (i.e., clay, silt, and sand content). 

 

Table 2.7. Soil characteristics. 
 

Attribute Description Units Data source 

sand_perc 
Percentage of sand content of the soil material smaller than 2 mm at a 
depth of 30 cm 

% SoilGrids250m 

silt_perc 
Percentage of silt content of the soil material smaller than 2 mm at a 
depth of 30 cm 

% SoilGrids250m 

clay_perc 
Percentage of clay content of the soil material smaller than 2 mm at a 
depth of 30 cm 

% SoilGrids250m 

org_carbon_content Soil organic carbon content at a soil depth of 30 cm g kg-1 SoilGrids250m 

bedrock_depth Depth to bedrock cm SoilGrids250m 

water_table_depth Median water table depth cm Fan et al. (2013) 

 

The soil characteristics might be highly correlated with other attributes from CAM-

ELS-BR since they are modeled based on climatic and landscape covariates. Organic carbon 

content and clay content have modeled depth to bedrock as a predominant variable (Hengl et 

al., 2017). Other variables are also important, such as temperature and geomorphological 

characteristics (e.g., surface slope). The predictions of sand content are based primarily on 

depth to bedrock and precipitation, both at similar weights. Out of the five variables consid-

ered from the SoilGrids250m, predictions of depth to bedrock is the most problematic, with 

59% of its variance explained by the model (Shangguan et al., 2017). It has precipitation as 

the predominant covariate, which accounts for the control of weathering rates and soil produc-

tion. Other decisive covariates are vegetation dynamics and geomorphological characteristics, 

which accounts for factors such as soil erosion (Shangguan et al., 2017). 

The sixth soil characteristic is the water table depth, based on a 1 km resolution 

global model by (Fan et al., 2013). Combined with depth to bedrock, water table depth can be 

an indicator of water storage potential in the catchment, which is related to baseflow and the 

supply of water for the vegetation during dry periods (Fan et al., 2013, 2019). The most 

important variables in the predictions of the water table depth of that model are, in decreasing 

order of importance, surface slope, elevation, precipitation, and temperature (Fan et al., 2013). 

Note that groundwater abstractions are not represented in the model, so water table depth data 
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must be used with caution when analyzing catchments with intense anthropogenic interven-

tion. 

2.8.2 Spatial variability in soil characteristics 

Soil texture in CAMELS-BR is characterized by (i) a predominance of clay content 

in Southern Brazil, in parts of Southeastern Brazil, particularly in higher elevations, and in 

northeastern Amazon (Fig. 2.9c); (ii) similar values of clay, sand, and silt content in the 

southern tributaries of Western Amazon (Fig. 2.9a to 2.9c); and (iii) a wide predominance of 

sand content in the rest of the country (Fig. 2.9a). As expected, the aridity index is closely 

related to the spatial distribution of the soil texture, since climatic attributes are important 

covariates in SoilGrids250m predictions (Hengl et al., 2017). The predominance of clay in 

Southern Brazil and in part of Southeastern Brazil might be linked to their lithological classes, 

i.e., with basic volcanic rocks in the former and acid plutonic rocks in the latter since they 

have coincidental spatial distributions. 

 

 
Figure 2.9. Soil characteristics of the 897 selected catchments. The size of the circles is 
proportional to the size of the catchment. The grey line indicates the limits of hydrographic 
regions. 

 

Organic carbon content is most pronounced in parts of the Amazon and in regions 

with high clay content (Fig. 2.9d). The depth to bedrock is higher in Central and Northeastern 
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Brazil, frequently above 30 m (Fig. 2.9e). On the other hand, only 14% of the catchments 

have depths to bedrock lower than 10 m, all of them located in Southern Brazil. Regarding 

water table depths, there is a clear gradient with higher depths on the eastern coast of Brazil 

(i.e., exceeding 30 m deep) to lower depths towards the Amazon (i.e., less than 10 m deep). 

Amongst all six soil characteristics indices, water table depth has the lowest correspondence 

to climate, i.e., to mean precipitation and aridity index. It is mostly correlated with catchment 

slopes, as previously indicated by Fan et al. (2013). 

2.9 Human intervention indices 

2.9.1 Data and methods for consumptive water use 

We computed four indices of human intervention in the catchments (Table 2.8). Two 

are the total consumptive water use in the catchment in 2017, one normalized by catchment 

areas and another normalized by mean annual streamflow. Consumptive water use refers to 

water withdrawals that do not return to the catchment, for example, by evaporating, transpir-

ing, or being incorporated into manufactured products. The water uses are based on the 

Manual of Consumptive Water Use in Brazil (ANA, 2019c), which estimated the monthly 

water use of each municipality in Brazil. These estimates are the sum of water demands from 

six categories: 

 

(i) Irrigation: demand based on water balance models that estimate the quantity of water 

needed by irrigated crops but not supplied by precipitation or soil moisture(ANA, 

2019c). The spatial extent of irrigated croplands was characterized using the national 

censuses of agriculture (e.g., IBGE, 2007) and remote-sensing images from Landsat, 

Sentinel-2, and Moderate-Resolution Imaging Spectroradiometer (MODIS) (ANA, 

2019b). 

(ii) Livestock: demand estimated by multiplying the number of livestock units with their 

corresponding daily drinking requirements. The number and type of livestock of each 

municipality were mapped on the national censuses of agriculture. 

(iii) Households: demand estimated by multiplying the number of people in a municipali-

ty by their per capita domestic water use. 

(iv) Industry: demand estimated by multiplying the number of employees in several in-

dustrial categories from each municipality by its per capita water use. 
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(v) Mining: demand estimated by combining the water use coefficient with the annual 

production of several types of mineral extraction. 

(vi) Thermoelectricity: demand estimated by applying a water use coefficient to the an-

nual electricity production of each thermoelectric plant in the country. 

 
These water demand estimates do not differentiate surface water from groundwater. 

Even though groundwater abstraction is extensive in the eastern part of Brazil (Fan et al., 

2013), it is estimated that most of the water use in South America comes from surface water 

(Wada et al., 2014). To estimate the consumptive water use of each catchment, we divided the 

values of each municipality by its area. We assumed the water use to be spatially homogene-

ous throughout the municipality territory and transferred the data for each municipality onto a 

500 m spatial resolution raster. 

 

Table 2.8. Human intervention indices. 
 

Attribute Description Units Data source 

consumptive_use 
Total consumptive water use in 2017, normalized by catchment 
area 

mm yr-1 ANA (2019c) 

consumptive_use_perc 
Total consumptive water use in 2017, normalized by mean annual 
streamflow 

% ANA (2019c) 

reservoirs_vol Total maximum storage capacity of the reservoirs in the catchment 106 m3 
GRanD v1.3, ONS, 
and ANA (2018) 

regulation_degree 
Ratio of total reservoir storage capacity of the catchment to its 
total annual flow 

% 
GRanD v1.3, ONS, 
and ANA (2018) 

 

There are three major limitations of using ANA (2019c) estimated consumptive water 

use. First, evaporation from artificial reservoirs was not included in the computation. Thus, 

water use might be underestimated, particularly in the northeastern part of Brazil, i.e., in the 

driest part of the country. Second, the dataset comes on an irregular grid, since municipalities 

areas vary significantly. The smallest municipalities are usually within 500 km of the coast 

and their areas are mostly a few hundred km². In contrast, the western part of Brazil and the 

Amazon usually have municipalities larger than a thousand km². Hence, consumptive water 

use of small catchments in the western part of Brazil should be interpreted with caution 

because they are smaller than the input data. The third limitation is that the consumptive water 

use of South America outside Brazil was not estimated by ANA (2019c) and was not consid-

ered in this study. This affects particularly the basins in the Amazon since they cover large 

parts out of Brazil. That said, anthropic intervention in these basins is low: only three basins 

with international borders in the Amazon are more than 10% covered by croplands or 
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croplands and natural vegetation mosaic, none has more than 0.05% of impervious land 

covers such as urban areas. 

2.9.2 Data and methods for reservoirs 

The other two indices for human intervention are related to flow regulation (Table 

2.8), i.e., the sum of the total storage capacity of all reservoirs in the catchment and its ratio to 

the total annual flow of the catchment (i.e., the degree of regulation). We worked with esti-

mated storage capacities from 1406 reservoirs in South America. The reservoirs were mapped 

by combining three data sources: (i) the Global Reservoirs and Dam database v1.3 (GRanD; 

Lehner et al., 2011); (ii) the hydroelectric power plants database of the National Electrical 

System Operator (ONS, 2019); and (iii) the 2017 National Dam Safety Report (ANA, 2018) 

database. The GRanD database includes reservoirs throughout South America, while the other 

two provided data only for Brazil. The procedure for combining the three databases was: 

 

(i) We included all reservoirs from GRanD v1.3 in South America.  

(ii) For each GRanD reservoir, we visually compared the inundated area with the one 

indicated by the polygons from the water bodies maps from Pekel et al. (2016). 

When the inundated areas differed substantially, we substituted the former with the 

latter and updated the size of the inundated area. 

(iii) Out of more than 24,000 reservoirs from (ONS, 2019) and (ANA, 2018) databases, 

we included only those that have their inundated areas (Pekel et al. (2016) visible at 

the 1:500,000 scale. Although our goal was to only include reservoirs larger than ap-

proximately 0.5 km2, some smaller reservoirs were also included. We computed the 

size of the inundated areas of those reservoirs according to the polygons from Pekel 

et al. (2016). 

(iv) To check for duplicates in the databases, we manually inspected all dam points and 

their inundated areas. 

(v) Finally, the storage capacities of reservoirs updated in step (ii) or included in step 

(iii) were recalculated using their inundated areas and, when available, information 

on dam height. We applied two equations determined by (Lehner et al., 2011, Tech-

nical Document) with a statistical regression using data from 5824 reservoirs world-

wide. When information on dam height was available, we applied Equation (2.1): 
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� =  0.678 (� ℎ)�.���� (2.1) 

where V is the reservoir storage capacity in 106 m3; A is the size of the inundated area in km2; 

h is dam height in m. When information on dam height was not available, we used Equation 

(2.2): 

� =  30.684 ��.���� (2.2) 

2.9.3 Spatial variability in human intervention indices 

The spatial distribution of human interference indices reveals that, unlike the catch-

ments in the original CAMELS for the United States, catchments in CAMELS-BR can be 

significantly impacted by human activities. There are 17.8% of catchments with annual 

consumptive water uses greater than 5% of the mean annual flow. Those are principally in the 

driest parts of the country, i.e., in the São Francisco, Eastern Atlantic, Eastern Northeast 

Atlantic, and upper Paraná hydrographic regions (Fig. 2.10b). Nevertheless, water uses 

greater than 20% of the mean annual flow are rare, occurring in only 3.9% of the catchments. 

The similarity encountered between arid climates and high consumptive water uses may be 

attributed to two main causes. First, in the most arid catchments, the mean annual flow is 

typically a third of that of the rest of the country, which, unsurprisingly, leads to higher water 

uses proportional to the annual flow. Second, crops in drier climates require frequent irriga-

tion and considerable rates of water withdrawal. On the other hand, we observe that the 

central and southeastern regions of Brazil have the greatest values of water uses normalized 

by catchment area (Fig. 2.10a). Catchments in those regions are commonly occupied by either 

irrigated croplands or populous metropolitan areas, which are respectively the first and second 

categories with the highest water demands in Brazil (ANA, 2019c). 

The degree of regulation is related to catchment area (Fig. 2.10c), meaning that the 

most regulated basins are downstream in the river basins. The main rivers with high regula-

tions are the Paraná, Uruguay, São Francisco, Tocantins-Araguaia, Parnaíba, and Paraíba do 

Sul rivers. In those regions, 19.2% and 7.2% of the catchments have a degree of regulation 

greater than 10% and 50%, respectively. These values nearly double in the driest regions of 

the country (i.e., the Eastern Atlantic, São Francisco, Eastern Northeast Atlantic, and Parnaíba 

hydrographic regions): 37.6% and 22.1% of the catchments have a degree of regulation 
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greater than 10% and 50%, respectively. Therefore, the driest catchments of CAMELS-BR 

dataset have the highest human intervention rates, both in terms of consumptive water use and 

reservoir regulation 

 

 
Figure 2.10. Human intervention indices of the 897 selected catchments. The size of the 
circles is proportional to the size of the catchment. The grey line indicates the limits of 
hydrographic regions. 

2.10 Data availability 

The CAMELS-BR dataset is freely available at https://doi.org/10.5281/

zenodo.3709337 (Chagas et al., 2020b). The files provided are (i) the 65 attributes in a zip 

file, (ii) the daily time series in zip files, (iii) the catchment boundaries used to compute the 

attributes and extract the time series, computed by Do et al. (2018) and Gudmundsson et al. 

(2018), and (iv) a readme file. 

 2.11 Conclusions 

So far, large-sample hydrological studies in Brazil lacked a comprehensive and easily 

accessible dataset. Here, we introduced the CAMELS-BR, a new dataset comprising stream-

flow time series for 3,679 catchments in Brazil and, for a selected quality-controlled set of 

897 catchments, meteorological time series and 65 catchment attributes. The attributes cover a 

wide range of fundamental properties for large-sample hydrological research, such as topog-

raphy, land cover, geology, soil, and human intervention characteristics. We strived to make 

CAMELS-BR as comparable as possible to the other CAMELS datasets (Addor et al., 2017; 

Alvarez-Garreton et al., 2018) by using common naming conventions, scripts, and datasets. 

We also discuss the major limitations of the data to limit the risk of misinterpretation and 

misuse. 
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Even though CAMELS-BR is a step forward for hydrological research in Brazil, 

there are several opportunities for expanding the dataset in the future. For example, future 

versions of CAMELS-BR could include additional catchment attributes critical to understand 

hydrological processes, such as drainage density and basin morphometry (Shen et al., 2017). 

Further, an updated version should better characterize heterogeneities within each catchment, 

both for the time series and attributes. Additionally, since data uncertainties are omnipresent 

(Addor et al., 2019; Blöschl, Hall, et al., 2019; Montanari, 2007), they should be further 

explored by including additional data sources. 

By simplifying the access to hydrological data, we aim to encourage further large-

sample hydrological studies in Brazil, to facilitate the inclusion of Brazilian catchments in 

global large-sample studies, and to increase the transparency and reproducibility of these 

studies. We believe the data introduced here will, in particular, prove useful to explore the 

drivers of catchment behavior, to anticipate hydrological changes, and to study the impacts of 

human activities on the water cycle. We see CAMELS-BR as a resource designed to serve the 

broad water science community and to help with water resources management at regional, 

national, and continental scales. 
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3 PROCESS CONTROLS ON FLOOD SEASONALITY IN BRAZIL 

This chapter presents a modified version of the following publication: 

Chagas, V. B. P., Chaffe, P. L. B., & Blöschl, G. (2022). Process Controls on Flood 

Seasonality in Brazil. Geophysical Research Letters, 49(5). https://doi.org/10.1029/

2021GL096754 

3.1 Introduction 

River floods are usually generated by the interplay of event precipitation, antecedent 

soil wetness, and snowmelt (Merz & Blöschl, 2003; Rosbjerg et al., 2013; Tarasova et al., 

2019). One way of exploring the relative importance of these drivers is by analyzing flood 

seasonality, defined as the day of the year that floods occur. A coincidence in the timing of 

floods and their drivers can be used as a proxy for the causality of flood generation (Parajka et 

al., 2010; Sivapalan et al., 2005; Tramblay et al., 2021). 

The relative importance of the drivers of flood seasonality depends on climate, land-

scape properties, and has a large regional variability (Berghuijs, Woods, et al., 2016; 

Berghuijs, Harrigan, et al., 2019; Parajka et al., 2010; Tramblay et al., 2021; Wasko et al., 

2020). In northeastern Europe, for example, floods are aligned with the onset of the warm 

season that leads to snowmelt (Blöschl et al., 2017; Kemter et al., 2020). In much of western 

Europe, floods are associated with soil moisture peaks in the winter because, even though 

rainfall peaks in the summer or autumn, it gets stored in the soil which slowly becomes wet 

over several months (Berghuijs, Harrigan, et al., 2019; Blöschl et al., 2017). On the other 

hand, in central Europe’s mountain ranges, flood timing frequently coincides with annual 

rainfall peaks (Berghuijs, Harrigan, et al., 2019; Kemter et al., 2020). A similar pattern is 

found in the USA, where floods are linked with snowmelt in the coldest regions in the north, 

soil moisture peaks in the central-east, and extreme rainfall in the mountain ranges in the west 

(Berghuijs, Woods, et al., 2016; Brunner et al., 2020; Stein et al., 2020). 

In South America, more specifically Brazil, few studies have analyzed flood season-

ality (Bartiko et al., 2019; Cassalho et al., 2019; Do et al., 2020). So far, no study has explored 

the process controls of flood seasonality by considering the interplay of rainfall and soil 

moisture. Even though soil moisture is crucial in determining if rain infiltrates or runs off 

(Bonell, 2004; Elsenbeer, 2001), floods in Brazil have usually been explained in terms of 

extreme rainfall and meteorological phenomena such as the South American monsoon, 
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mesoscale convective systems, and the El-Niño-Southern Oscillation (Cavalcanti, 2012; 

Fleischmann et al., 2020; Lima et al., 2017; Marengo & Espinoza, 2016; Schöngart & Junk, 

2007; Sena et al., 2012; Towner et al., 2021). 

The objective of this paper is to explore the main process controls on flood genera-

tion in Brazil. We investigate whether annual floods are linked mainly with maximum annual 

rainfall or soil moisture considering the similarity of their seasonalities. We use circular 

statistics to analyze the mean dates of occurrence and interannual variabilities of hydromete-

orological data of 886 basins in Brazil, from 1980 to 2015. 

3.2 Materials and Methods 

3.2.1 Hydrometeorological data 

We use daily streamflow data of 886 hydrometric stations from the Brazilian Nation-

al Water Agency (http://www.snirh.gov.br/hidroweb) as made available by the CAMELS-BR 

data set (Chagas et al., 2020a). The analysis period is from 1980 to 2015 because of its large 

data availability. The criteria for selecting the 886 hydrometric stations are: (i) at least 25 

years of data from 1980 to 2015 with less than 5% missing; (ii) approved by a quality control 

similar to that of CAMELS-BR, on which stations with typographical errors or unrealistic 

high flows are discarded; (iii) basins with a ratio between total water storage in artificial 

reservoirs and annual flow lower than 25% (using a ratio of 5% we arrive at similar results – 

not shown); and (iv) basins with urban land cover lower than 10%, as we are interested in 

large-scale hydrological patterns and minimizing local impacts. The basin sizes range from 11 

km2 to 4.7 million km2. 

The daily rainfall data are from CHIRPS v2.0 (Funk et al., 2015), from 1981 to 2015. 

CHIRPS has a spatial resolution of 0.05º and uses data from meteorological stations and 

satellite sensors. We chose CHIRPS because it shows a good accuracy compared with other 

precipitation products (Beck, Vergopolan, et al., 2017; Wongchuig-Correa et al., 2017). 

Furthermore, we use surface soil moisture data from GLEAM v3.5a (Martens et al., 2017; 

Miralles et al., 2011), from 1980 to 2015, with a spatial resolution of 0.05º. GLEAM is based 

on satellite data and presents good performance compared with other soil moisture products 

(Beck et al., 2021). We use surface soil moisture data instead of moisture data from deeper 

layers because it has better accuracy (Beck et al., 2021; Brocca et al., 2017) and is more 

relevant for runoff processes (Bonell, 2004). We conducted alternative analyses using root 

zone soil moisture data from GLEAM and rainfall data from ERA5-Land (Hersbach et al., 
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2020; Muñoz-Sabater et al., 2021) and obtained similar conclusions (not shown). The rainfall 

and soil moisture time series are computed as basin averages. Snow data is not included 

because it is not a dominant hydrological variable in the analyzed basins (Chagas et al., 

2020a). 

3.2.2 Seasonality analysis 

We investigate links between floods and their drivers by comparing the seasonalities 

of maximum annual streamflow (floods), maximum annual rainfall of a 7-day moving average 

series (maximum rainfall), and maximum annual surface soil moisture of a 7-day moving 

average series (maximum soil moisture). The 7-day time scale is relevant to both small and 

large basins and is widely used in flood studies (e.g., Berghuijs et al., 2016; Blöschl et al., 

2017; Stein et al., 2020; Tramblay et al., 2021; Wasko et al., 2020). We conducted an alterna-

tive analysis with time scales of 1, 3, and 14 days. For the latter two we obtained similar 

conclusions and for the 1-day time scale neither driver is strongly linked to floods (Fig. A.4). 

We would like to mention, however, that the rainfall temporal scales analyzed are not repre-

sentative particularly for large basins in the Amazon, where response times can reach a few 

months. Thus, large basins in the Amazon are a major limitation of this study. 

We analyze the seasonality of floods and their drivers using circular statistics (Bay-

liss & Jones, 1993; Mardia & Jupp, 2009) because, unlike traditional statistics, it treats the 

first and last day of the year as temporally adjacent. We first calculate the mean dates of 

floods, maximum rainfall and soil moisture. The water year starts in September and the 

ordinal day Di is transformed into an angular value θi with 

�� = ����  ∙  2� (3.1) 

where mi corresponds to the number of days in the year ti and i = 1, …, n, where n is the 

number of years of record. The mean date of occurrence �̅ (in radians) is defined by (Bayliss 

& Jones, 1993; Mardia & Jupp, 2009) 

�̅ =
⎩⎪
⎨
⎪⎧ tan() *+,-                          , > 0, + ≥ 0

tan() *+,- + �                               , ≤ 0
tan() *+,- + 2�               , > 0, + < 0

 (3.2) 



51 

 

with 

+ =  ∑ sin(��)7�8)   (3.3) 

, =  ∑ cos(��)7�8)   (3.4) 

where s and c are the sine and cosine components of the mean dates; n is the number of 

observations, in this case the number of years. Then, we calculate the seasonality strength 

with the mean resultant length R, defined by 

; = 1= >,� + +� (3.5) 

which ranges from 0 (no seasonality, flood peaks are evenly distributed throughout the year) 

to 1 (higher seasonality, flood peaks always occur on the same day of the year). We verify if 

the seasonality of each basin is statistically significant and unimodal with the Rayleigh test 

(Mardia & Jupp, 2009; Rayleigh, 1880). Out of the 886 basins analyzed, 750 have significant 

unimodal flood seasonalities (p < 0.05). Even though multimodal seasonalities might be 

present in Brazil, we do not analyze their strength and mean dates of occurrence as these 

metrics are only reliable for unimodal regimes. The circular histograms of the annual maxima 

for the basins analyzed are available in Chagas et al. (2022) so that their flood regimes can be 

checked visually 

3.2.3 Importance of the flood seasonality drivers 

We analyze links between the seasonality of floods, maximum rainfall and soil mois-

ture with two methods. In the first, we examine differences between their mean dates as 

described in Section 3.2.2. This method may be affected by the differences in flood travel 

times in the basins (that is, the time an intense rainfall event takes to propagate through a 

basin), so we complement it with the second method. 

In the second method, we analyze the interannual variability by correlating the time 

series of flood timing with maximum rainfall and soil moisture timing. For each basin, we 

compute the circular correlation (Jammalamadaka & Sengupta, 2001) with 
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? = ∑ sin(@� − @�) sin(B� − B̅)7�8)
C∑ sin�(@� − @�) sin�(B� − B̅)7�8)

 
(3.6) 

where @� and B� are the dates of occurrence (in angular values) of the correlated variables for 

the year ti and i = 1, …, n,  where n is the number of observations; @� and B̅ are mean dates of 

occurrence computed with Equation 3.2. For each basin, we analyze the correlation between 

the timing of floods and maximum rainfall and the correlation between the timing of floods 

and maximum soil moisture. The circular correlation is not affected by different mean dates in 

the variables, since it considers annual dates of occurrence as anomalies from their respective 

average by subtracting one from the other. The correlation is less affected by contrasting flood 

travel times in the basins as, for each basin, it removes the time gap between the mean dates 

of floods, maximum annual rainfall and soil moisture. 

Furthermore, we explore the regional importance of each flood seasonality driver by 

spatially interpolating the circular correlations. We interpolate the correlations with ordinary 

block kriging sized 2º by 2º (approximately 222 by 222 km at the equator) using the best fit 

variogram model with the gstat R package (Gräler et al., 2016; Pebesma, 2004). 

3.3 Results 

3.3.1 Flood, rainfall, and soil moisture seasonality 

Floods are remarkably seasonal in Brazil (Fig. 3.1). Flood seasonality is most pro-

nounced in Amazonia (Fig. 3.1d, strength greater than 0.9, p < 0.001), where streamflow 

peaks in March on the southern tributaries and June on the northern tributaries (Fig. 3.1a). 

Floods are highly seasonal in central-eastern Brazil (strength between 0.7 and 0.9, p < 0.001) 

and occur in the summer (December-February). On the other hand, flood seasonality is less 

pronounced in the south (strength below 0.5, p < 0.05), with mean dates in the winter (July-

September) but with frequent floods also in spring and autumn. 

Similar to floods, rainfall and soil moisture peak in the summer in central Brazil (Fig. 

3.1b-c), May-June in northern Amazonia, and are less seasonal in southern Brazil (Fig. 3.1e-

f). However, in Amazonia, rainfall and soil moisture peaks are notably less seasonal than 

floods. In southern Brazil, rainfall seasonality is not statistically significant (significance level 

α = 0.05) even though soil moisture and floods are. In addition, a visual comparison of the 
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panels in Fig. 3.1 suggests that maximum rainfall tends to occur a few months before the 

floods, but this does not seem to be the case for maximum soil moisture. 

 

 
Figure 3.1. Mean dates and seasonality strength of (a, d) floods, (b, e) maximum annual 
rainfall, and (c, f) maximum annual soil moisture. Seasonality strength ranges from 0 (no 
seasonality) to 1 (floods always occur on the same day of the year). Gray open circles are 
non-significant or non-unimodal seasonalities (α = 0.05). Circle size is proportional to the 
logarithm of the basin area. 

 

A more detailed inspection shows that the mean dates of floods are closer to those of 

soil moisture than to those of rainfall (i.e., closer to the 1:1 line in Fig. 3.2). Floods occur on 

average 20 days after maximum rainfall and 5 days before maximum soil moisture. Floods 

usually lag behind maximum rainfall by 14 days or more in 60% of the basins (Fig. 3.2a). 

Floods and maximum rainfall are within 14 days of each other in 38% of the basins. On the 

other hand, floods and soil moisture occur within 14 days of each other in 65% of the basins, 

with the remaining 35% distributed equally between before and after the 14 days difference 

(Fig. 3.2b). 

We explore the regional seasonality patterns with six hotspots with distinct flood re-

gimes, climates, and located in the upstream areas of major rivers (i.e., Amazon, Araguaia, 

Uruguay, Parnaíba, Doce) (Fig. 3.2c). In the Southern Amazonia hotspot, flood and maximum 

soil moisture timings coincide but floods and maximum rainfall tend to occur more than 6 

weeks apart. Such large differences are likely affected by flood travel times, as Southern 
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Amazonia has the largest basins among the hotspots. A similar pattern is observed in the 

Central-West and North hotspots, where floods and maximum soil moisture coincide but lag 

behind maximum rainfall by 3 to 5 weeks. These findings are independent of basin size (Fig. 

A.1). In the South and Southeast hotspots, mean dates of floods, maximum rainfall and soil 

moisture are within 14 days of each other, suggesting that both drivers have similar im-

portance for the process controls of flood seasonality. 

 

 
Figure 3.2. Mean dates of floods as a function of mean dates of (a) maximum annual rainfall 
and (b) maximum annual soil moisture. Points represent basins, squares indicate the median 
value of each hotspot shown in (c), and error bars show ± one standard deviation. The black 
line is a 1:1 function and the gray band and lines indicate ± 14 days. Points above the 1:1 line 
represent basins where floods generally occur after the mean dates of maximum annual 
rainfall in (a) and after the mean dates of maximum annual soil moisture in (b). The numbers 
indicate the percentage of basins within, above, or below the grey band. Basins with non-
significant (α = 0.05) or non-unimodal seasonalities are not included. 

3.3.2 Interannual variability of flood seasonality 

The interannual variability analysis shows how between-year deviations from the 

mean dates of floods, maximum rainfall and soil moisture are correlated. As opposed to the 

method used in Section 3.3.1, the interannual variability is not affected by different mean 

dates in the variables. The interannual variability is less influenced by contrasting flood travel 

times in the basins as, for each basin, it removes the time gap between the mean dates of 

floods, maximum annual rainfall and soil moisture. 

The interannual variability of flood timing is more correlated with that of maximum 

soil moisture timing than with that of maximum rainfall timing in 87% of the study area (Fig. 

3.3a-b). The mean correlation with soil moisture is higher than 0.4 in 36% of the study area 

and, with rainfall, in 15% of the study area (Fig. 3.3a-b). Floods and soil moisture correlations 
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are high particularly in central, northern, southern, and eastern Brazil. Floods and rainfall 

correlations, on the other hand, are high in part of southern and eastern Brazil. The correla-

tions of individual basins and their associated statistical significance are presented in Fig. A.2. 

 

 
Figure 3.3. Circular correlation between the interannual variability of the timing of (a) floods 
and maximum annual rainfall, (b) floods and maximum annual soil moisture. Both (a) and (b) 
are obtained with interpolation using block kriging. (c) Spatial variability of the correlations 
with maximum rainfall (blue boxes) and maximum soil moisture (green boxes) over each 
hotspot. The numbers above the boxplots indicate the percentage of basins with significant 
correlations (α = 0.05). The hotspots are Southern Amazonia (SA, n = 11), Northern Amazo-
nia (NA, n = 11), Central-West (CW, n = 34), North (N, n = 22), Southeast (SE, n = 65), and 
South (S, n = 37). 
 

Most hotspots present either greater importance of soil moisture or similar im-

portance of both drivers of flood seasonality (Fig. 3.3c). Greater importance of soil moisture 

is noticeable in the North (median correlations with soil moisture and rainfall of 0.67 and 0.45 

respectively), Central-West (median correlations of 0.46 and 0.25 respectively), and Northern 

Amazonia hotspots (correlations of 0.38 and 0.20 respectively). On the other hand, similar 

importance of soil moisture and rainfall is observed in the South and Southeast hotspots. 

Median correlations in both hotspots are around 0.50, approximately 70% of which are 

significant (α = 0.05). Once again, as with the analysis of mean dates, Southern Amazonia is 

the hotspot with the weakest links between flood timing and its drivers, with correlations 

generally below 0.25 and mostly non-significant (α = 0.05). 

We complement the seasonality analysis with an examination of the magnitudes of 

the variables. For each basin, we analyze the correlations of the timing for two separate 

groups of events considering the lowest and highest 50% of the floods, respectively. Correla-

tions of the timing of the highest floods to their drivers are substantially higher than those of 

the lowest floods (Fig. A.3, Table A.1). As with the previous analyses, flood seasonality is 

more closely associated with soil moisture in both groups. However, the correlation uncertain-

ties and their spatial variability are greater. Furthermore, for each basin we correlate the 
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interannual variability of flood magnitudes with maximum annual rainfall and soil moisture 

magnitudes, again indicating overall greater importance of soil moisture compared with 

rainfall (Fig. A.4, Table A.1). 

3.4 Discussion 

3.4.1 Process controls on flood seasonality 

Our results suggest two main patterns of flood generation. In some parts of Brazil, 

flood timing is aligned mostly with maximum soil moisture timing, suggesting that on aver-

age floods are modulated mainly by antecedent soil wetness and less so by variations in event 

rainfall. In other parts of Brazil, flood seasonality is similar to both maximum rainfall and soil 

moisture seasonalities, indicating that both are relevant for flood generation. 

Fig. 3.4a-b illustrates the first pattern of flood generation with the Candeias and 

Guamá river basins. In the Candeias basin, a tributary of the Madeira river in southern Ama-

zonia, the most intense annual rainfall events usually occur in January before the soil is wet 

enough to become saturated and generate flood peaks. The soil gets wet during the summer 

and, when wetness peaks in March, other less intense rainfall events lead to the annual floods. 

A similar pattern is observed in the Guamá basin, on the northern coast of Brazil. The most 

intense annual rainfall events can occur at any time in the wet season (Jan-Apr), but the flood 

peaks are only generated when soil moisture peaks at the end of the wet season. This is 

comparable with those in parts of western Europe, such as southern England, where flood 

timing is aligned with annual soil moisture peaks (Berghuijs, Harrigan, et al., 2019; Blöschl et 

al., 2017). 

Fig. 3.4c-d illustrates the second pattern of flood generation with the Doce and Içana 

river basins. In the Doce basin, on the southeastern coast, rainfall usually peaks in December 

and is soon followed by soil moisture peaks in late December or early January. Since peak 

rainfall and soil moisture are closely aligned, floods also usually occur in December or 

January. In the Içana basin, a tributary of the Negro river in northern Amazonia, rainfall rates 

are above 5 mm per day throughout the year without a dry season. Consequently, the soil is 

always close to saturation and, when intense rainfall events take place in May and April, 

floods occur. 
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Figure 3.4. Examples of the two patterns of flood generation. (a, b) Flood seasonality associ-
ated mainly with the timing of maximum annual soil moisture. (c, d) Flood seasonality 
associated with the timing of maximum annual soil moisture and rainfall with similar im-
portance. Lines indicate median daily streamflow (black), 7-day rainfall (blue), and 7-day soil 
moisture (green) of each day of the year (1980-2015). The bands indicate the percentiles 30 
and 70. The squares and error bars on the top indicate mean dates and standard deviations. 
Streamflow values are normalized by basin area to facilitate inter-basin comparison. 

 

3.4.2 Importance of water storage capacity 

According to our interpretation, the patterns of flood generation are related to the 

root zone water storage capacity, that is, the maximum volume of hydrologically active soil 

water available for plant transpiration (de Boer-Euser et al., 2016; Wang-Erlandsson et al., 

2016). The first pattern (greater importance of soil moisture) may occur particularly in basins 

with large water storage capacities. In these basins, rainfall in the wet season tends to get 

stored, increasing soil moisture and groundwater tables continuously until they peak at the 

end of the wet season when floods are generated. This phenomenon may be particularly 

noticeable in regions with long rainy seasons, as groundwater tables may rise over a longer 
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period. The second pattern (similar importance of rainfall and soil moisture) may occur 

mainly in basins with low water storage capacities. Intense rainfall quickly saturates the soil, 

becoming runoff and generating floods. 

The largest estimated water storage capacities are in southern Amazonia (median and 

standard deviation of 379 ± 83 mm year-1), central-western (328 ± 105 mm year-1) and north-

ern Brazil (472 ± 251 mm year-1) (Wang-Erlandsson et al., 2016) which is also where the first 

pattern of flood generation is most frequent. This does not come as a surprise, as these regions 

have several landscape properties associated with high water storage capacities. These include 

deeply weathered and highly permeable soils, commonly tens of meters deep (Hengl et al., 

2017; Pelletier et al., 2016), and low topographic slopes with widespread floodplains and 

wetlands (Junk et al., 2014; Nardi et al., 2019). On the other hand, the lowest estimated 

storage capacities are in southern (108 ± 38 mm year-1) and southeastern (226 ± 92 mm year-

1) Brazil (Wang-Erlandsson et al., 2016), where the second pattern of flood generation is most 

frequent, associated with higher topographic slopes, mountain ranges, and shallower soils 

(Hengl et al., 2017; Pelletier et al., 2016). 

The results suggest that water storage capacity is more relevant than basin size for 

regulating whether the interannual variability of floods depends on intense rainfall magnitudes 

or antecedent soil moisture. Larger river basins have longer flood wave travel times, leading 

to increased time lags between event rainfall and flooding and an attenuation of the magnitude 

of flood peaks. However, the correlations between the interannual variability of the timing of 

floods, soil moisture peaks, and rainfall peaks have a clear regional pattern and the absence of 

a changing pattern from upstream to downstream (Fig. A.2), which would be expected if basin 

size was the main control of floods. For example, in Amazonia, both the smaller and larger 

basins have low correlations between the timing of floods and intense rainfall, both attributed 

to large water storage capacities. An impact of basin size is not evident even when stratifying 

the study area into regions, although here we investigate only the temporal variability of flood 

timing and contrasting results may be found for the spatial variability or flood magnitudes.  

3.4.3 Links with meteorological characteristics 

The flood timing found here is consistent with the meteorological characteristics of 

the region. The South American monsoon carries large amounts of atmospheric moisture to 

Amazonia, central and southeastern Brazil particularly in summer (Dec-Feb) (Grimm, 2019; 

Marengo et al., 2012). Cold fronts and transient systems favor convection and lead to frequent 
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intense rainfall events, especially in the wet season. With the dry monsoon phase starting in 

April, the Intertropical Convergence Zone moves southward producing rainfall in the north-

east (Cavalcanti, 2012; Grimm, 2019). In southern Brazil, intense rainfall can occur at any 

time of year with the wet monsoon phase in summer, mesoscale convective systems in spring 

or summer, and cold fronts particularly in winter (Cavalcanti, 2012; Durkee et al., 2009). 

These meteorological drivers play an extremely important role in flood generation through 

increases in soil moisture, particularly in Amazonia, central-western and northern Brazil. 

3.5 Conclusions 

In most of Brazil, flood seasonality is more closely associated with the seasonality of 

peak soil moisture than with the seasonality of peak rainfall. Peak soil moisture is associated 

with cumulative rainfall and evaporation, thus suggesting that flood seasonality is more 

closely aligned with rainfall variability at the monthly scale than with shorter intense rainfall 

events. We identified two patterns of flood generation. In Amazonia, central and northern 

Brazil, flood timing coincides with the timing of annual soil moisture peaks. This suggests 

that, on average, floods are modulated mainly by antecedent soil wetness and less so by 

variations in event rainfall, which we interpret as occurring mainly in basins with large water 

storage capacities. On the other hand, in southern and southeastern Brazil, flood timing 

coincides with the timing of both annual rainfall and soil moisture peaks. This indicates that 

both antecedent soil wetness and event rainfall are major modulators of flood generation, 

which we hypothesize as occurring mainly in basins with low water storage capacities. 

Because of the fast soil saturation, one would expect this pattern to be more sensitive to 

climate change induced increases in extreme rainfall, while the previous pattern would be 

more sensitive to cumulative (e.g., monthly) rainfall changes. The understanding of the major 

controls of flood generation provided here can support flood forecasting, risk management, 

and climate change and land cover impact studies. 
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4 REGIONAL LOW FLOW HYDROLOGY: MODEL DEVELOPMENT AND 

EVALUATION 

This chapter presents the following manuscript under preparation: 

Chagas, V. B. P., Chaffe, P. L. B., & Blöschl, G. (2023). Regional low flow hydrology: 

Model development and evaluation. Currently under review at Water Resources Research. 

4.1 Introduction 

Low river flows result from the interplay of climatic variability and basin character-

istics related to water storage dynamics, such as soil and geological properties (Laaha et al., 

2013; Smakhtin, 2001). Climate indicates precipitation rates in wet periods, when groundwa-

ter is recharged, and dry spell length in dry periods, when groundwater is released into the 

stream. Soil infiltration capacity controls the fraction of precipitation that recharges the 

aquifer (de Vries & Simmers, 2002), especially in wet regions, while bedrock permeability, 

fractures, and topography govern groundwater discharge into the stream (Sophocleous, 2002). 

There is conflicting evidence on whether climate or basin characteristics regulate 

most of the regional pattern of low flows. One hypothesis is that climate controls the spatial 

variability of low flows (e.g., Beck et al., 2013, 2015; Addor et al., 2018; Peña-Arancibia et 

al., 2010; Apurv and Cai, 2020). It suggests that low flows are driven by precipitation and 

evaporation rates and timing, rather than by the basin’s capacity to attenuate the climatic 

variability. For example, an analysis of over 3,000 basins worldwide shows that 47% of the 

spatial variability in the Q99 (flow exceeded 99% of the time) is explained by the aridity index 

(ratio of mean annual precipitation to evaporation), while soil and geology are relatively 

unimportant (Beck et al., 2015). Similar results were found for over 600 basins in the U.S. 

(Addor et al., 2018; Apurv & Cai, 2020). Additionally, the streamflow recession, which 

indicates flow decreasing rates in dry spells, is also driven by the aridity index in 167 basins 

in the global tropics (Peña-Arancibia et al., 2010). In middle latitudes, the flow recession is 

linked with mean snow depth and potential evaporation (Beck et al., 2013). 

An alternative hypothesis proposes that basin characteristics control most of the low 

flow spatial variability (e.g., Bloomfield et al., 2009; Carlier et al., 2018; Floriancic et al., 

2022; Pfister et al., 2017; Price et al., 2011; Sayama et al., 2011). It indicates that the basin’s 

water storage largely mitigates the climatic variability. For instance, a study of 35 river basins 

in North Carolina and Georgia (U.S.) shows that low flow magnitudes are driven by the 
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drainage density and the basin’s fraction of colluvium (Price et al., 2011). It proposes that 

basins with dense river networks have greater connectivity between surface and subsurface 

water, promoting water removal and reduced low flows (Price et al., 2011). A study of 22 

headwater basins underlain by basalts in western Oregon (U.S.) reveals that low flows are 

linked with the age of the geological formation (Tague & Grant, 2004). Older rocks have 

deeper groundwater systems that sustain streamflows for a longer period (Tague & Grant, 

2004). Increased low flows have also been linked with highly permeable bedrocks, such as 

sandstones and alluvium in the Swiss Plateau (Carlier et al., 2018; Floriancic et al., 2022) and 

hydrogeological and soil types in the Thames basin (U.K.; Bloomfield et al., 2009). 

From our perspective, the contradicting evidence on the controls of low flow spatial 

variability is related to two main challenges. The first challenge is that the results depend on 

the spatial scale of analysis, that is, the domain size of the study. At continental and global 

scales, low flows are generally linked with climate rather than basin characteristics (Beck et 

al., 2013, 2015; Addor et al., 2018; Peña-Arancibia et al., 2010; Apurv and Cai, 2020), with 

few exceptions (e.g., Van Lanen et al., 2013). At smaller scales, in contrast, low flows are 

typically associated with basin characteristics (Bloomfield et al., 2009; Carlier et al., 2018; 

Floriancic et al., 2022; Pfister et al., 2017; Price et al., 2011; Sayama et al., 2011). This 

scaling property is related to the fact that hydrological processes linked with basin characteris-

tics occur at local to continental scales, while processes linked with the climate occur over 

large scales (Blöschl & Sivapalan, 1995; Western et al., 2002). However, a precise assessment 

of the impact of the scale of analysis on low flows remains to be determined. 

The second challenge is that the basin characteristics connected to low flows are 

highly specific for each study area, leading to fragmented and place-specific hydrological 

knowledge. A particular basin attribute may be correlated with increased low flows in one 

region, but reduced low flows in another (Gnann et al., 2021). Thus, the lack of universally-

relevant basin characteristics hinders the progress of large-scale low flow research (Addor et 

al., 2018; Beck et al., 2015; Gnann et al., 2021). 

One way to address the scale-dependent and place-specific features of low flows is to 

build a process-based conceptual model before conducting a formal statistical analysis. 

Traditionally, low flow statistics rely on direct links between low flow indices, climate and 

basin characteristics (Laaha et al., 2013; Stedinger et al., 1993). But it is unclear if these 

“black box” models are right for the right reasons, as they prioritize parameter fitting over 

understanding the low flow generating mechanisms. Another approach is to first develop a 

conceptual model such that its components represent stages of low flow generation. The 
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components point to universally-relevant hydrological functions such as recharge, storage, 

and release, which integrate the effects of climatic variability and water storage dynamics. 

Each component can be associated with a unique set of climatic and basin characteristics 

depending on the region. With this, the conceptual model can provide a process-based frame-

work for other methods to build upon, such as machine learning techniques. We refer to this 

approach as “low flow hydrology”, which merges statistics with hydrological information 

content, as inspired by the flood frequency hydrology approach (Merz & Blöschl, 2008a, 

2008b; Viglione et al., 2013). 

Here, we use comparative hydrology to develop a new conceptual model and investi-

gate how climate and basin characteristics control low flow spatial variability across spatial 

scales. We analyze the 7-day minimum annual flow magnitude in 1,400 Brazilian river basins, 

a region where large-scale studies are critically needed to mitigate growing drought concerns 

(Bevacqua et al., 2021; Chagas et al., 2022a; Getirana et al., 2021; Tomasella et al., 2022). 

The model components are estimated with model-based recursive partitioning, a specific type 

of tree model. With this study, we aim to bridge the gap between local and large-scale studies 

by contrasting universally-relevant knowledge (captured by the conceptual model) with place-

specific knowledge (captured by the tree model and selected basins). 

4.2 Methods 

4.2.1 Data Sets 

We analyze basin characteristics and hydrometeorological data of 1,400 river basins 

in Brazil (Table 4.1). The basin characteristics include topography (elevation, slope), geology 

(bedrock type, formation, age, hydraulic conductivity), soil (class, depth, texture), and land 

cover. The hydrometeorological data are observed daily streamflow, precipitation, and esti-

mated actual evaporation including transpiration. We include river gauges with at least three 

years with less than 5% missing data (1981-2020), as we are interested in the largest possible 

spatial coverage in data-scarce regions like Amazonia (Fig. 4.1a). We analyze only basins 

with reduced human interference by applying the selection criteria: (i) less than 5% of the 

basin covered by urban use; (ii) total upstream artificial water storage capacity lower than 

10% of the annual river discharge; (iii) basins smaller than 100 km2. We visually inspect the 

hydrometeorological time series and discard gauges with unrealistic values, such as flows 

higher than 1,000 mm d-1 or zero flow instead of missing data. 
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4.2.2 Study Area 

The study area is covered mainly by floodplains and highlands (Fig. 4.1d). Flood-

plains include most Quaternary unconsolidated sediment lithologies (Fig. 4.1f), with high clay 

content in Amazonia and low clay content in the lower Paraguay and Araguaia basins (Fig. 

4.1h). Conversely, the highlands can be roughly divided into three regions. First, highlands 

underlain by metamorphic and plutonic rocks, mostly old formations (pre-Silurian) of the 

Brazilian shield (Fig. 4.1f). The soil is mostly highly weathered, deep (20 meters or more, Fig. 

4.1g) and permeable ferralsols and acrisols (Fig. 4.1i). Second, highlands underlain by sedi-

mentary siliciclastic rocks, ranging from sandstones with high hydraulic conductivities (e.g., 

Botucatú, Parecis, and Urucuia aquifers) to claystones with low hydraulic conductivities (e.g., 

southwestern Amazonia, southern Brazil). Third, highlands underlain by younger (post-

Silurian) volcanic rocks, mostly basalts in the south, generally with the shallowest soils in 

Brazil (less than 10 meters deep) such as clay-rich regosols or cambisols. 

 
Table 4.1. Description of the hydrometeorological and basin characteristics data sets used in 
this study. 
 

Name Description Sources 

Streamflow 
Daily observed streamflow from 1981 to 2020 in 

1,400 river gauges 
CAMELS-BR (Chagas et al., 2020a), ANA (2019a) 

Precipitation 
Daily observed precipitation from 1981 to 2020 

(basin aggregates) 
CHIRPS (Funk et al., 2015) 

Evaporation 
Daily estimated actual evaporation (including 

transpiration) from 1981 to 2020 (basin aggregates) 
GLEAM v3.5a (Martens et al., 2017; Miralles et al., 2011) 

Elevation 
Elevation at the 3 arc-second horizontal resolution 

(about 90 meters) 
SRTM (Werner, 2001) 

Topographic slope 
Topographic slope for each 3 arc-second cell based 

on the elevation data 
SRTM (Werner, 2001) 

Flow wave travel time 
Flow wave travel time from the furthest upstream 

river to the basin outlet 
Allen et al. (2018) 

Artificial water 
regulation 

Ratio of the basin’s total artificial reservoir storage 
capacity to its annual streamflow 

CAMELS-BR (Chagas et al., 2020a), ANA (2019b), 
Lehner et al. (2011), ONS (2019) 

Land cover 
Basin fraction of forests, shrublands, grasslands, 

sparse vegetation, bare areas, wetlands, croplands, 
settlements, and water bodies in the year 2010 

ESA (2020) 

Bedrock type 
Bedrock types including sedimentary, volcanic, 

plutonic and metamorphic rocks 
GLiM (Hartmann & Moosdorf, 2012) 

Lithology Geological formation of the top layer 
Schobbenhaus et al. (2004) and SGB (2021) for Brazil; 

Gómes Tapias et al. (2019) for the rest of South America 

Geological age 
Minimum and maximum age of the top layer 

geological formation 
Schobbenhaus et al. (2004) and SGB (2021) for Brazil; 

Gómes Tapias et al. (2019) for the rest of South America 

Groundwater 
hydraulic conductivity 

Saturated hydraulic conductivity of the top layer 
geological formation 

Diniz et al. (2014, 2015) for Brazil and the La Plata basin; 
Gleeson et al. (2014) for the rest of South America 

Soil texture Soil fraction of sand, clay, and silt SoilGrids250m (Hengl et al., 2017; Poggio et al., 2021) 

Soil depth Depth to bedrock Shangguan et al. (2017) 

Soil class 
Soil class according to the World Reference Base for 

Soil Resources (WRB, 2015) 

EMBRAPA (dos Santos et al., 2011) for Brazil; 
SoilGrids250m (Hengl et al., 2017; Poggio et al., 2021) 

for the rest of South America 

Water table depth Water table depth Fan et al. (2013) 
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Figure 4.1. Streamflow, climate, geology, and soil properties in Brazil. (a) Streamflow data 
availability for 1,400 gauges. (b) Mean annual rainfall (P) minus evaporation (E) for each 
basin. (c) Length of the longest dry spell of the year for each basin. (d) Elevation. (e) Saturat-
ed groundwater hydraulic conductivity of geological formations. (f) Bedrock type. (g) Depth 
to bedrock. (h) Soil sand percentage. (i) Soil class. 
 

The rainfall regime is predominantly wet and remarkably seasonal in most of the 

study area, including Amazonia, central and northern Brazil (Fig. 4.1b-c). The seasonality is 

associated with the South American Monsoon System (Grimm, 2019), with wet summers 

(Sep-Mar), dry winters (Apr-Aug) and in-phase rainfall and evaporation regimes (Feng et al., 

2019). The highest rainfall rates (above 1,800 mm yr-1) and shortest dry seasons (less than 3 

months long, Jan-Mar) occur in northwestern Amazonia and temperate southern Brazil. The 
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lowest rainfall rates (below 700 mm yr-1) and longest dry seasons (more than 6 months long) 

occur in northeastern Brazil, the only region with lower mean annual rainfall than potential 

evaporation. Snowfall is not relevant in the study area (Alvares et al., 2013). 

4.2.3 Building a Perceptual Model with Comparative Hydrology 

To estimate low flows regionally, instead of relying solely on statistical models, we 

develop a conceptual model that breaks down low flow generating mechanisms into compo-

nents. This approach aims to bring together process-based hydrological knowledge and 

statistics. We begin by examining the roles of climate and basin characteristics through 

comparative hydrology (Blöschl et al., 2013; Falkenmark & Chapman, 1989). We look for 

similarities between groups of basins, hypothesize the main high-level components that 

generate low flows, and use our interpretation to build a perceptual model (Gnann et al., 2021; 

Wagener et al., 2021). We then translate the perceptual model into a conceptual model and 

estimate its components using machine learning techniques. 

We build the perceptual model by examining streamflow in three pairs of basins with 

analogous similarity measures in every aspect except for one (Fig. 4.2-4.3). The chosen 

similarity measures represent the interplay of climatic variability and basin water storage 

dynamics. For climate, we include mean annual rainfall (P) minus evaporation (E), and the 

length of the longest dry spell of the year (further explained in Section 4.2.4). For basin water 

storage dynamics, we include bedrock type and lithology, soil class and depth. Additionally, 

each selected basin represents a larger region with similar physiography, covering a wide 

range of climates and basin characteristics. For each pair of basins, we investigate disparities 

in low flow generation and link them to the contrasting similarity measure. 

The first pair of basins illustrates how low flows in wet climates are affected by ge-

ologies with contrasting active storage capacities (Fig. 4.2a-b, Table 4.2). Both the Almas 

(Fig. 4.2a) and Sucuriú basins (Fig. 4.2b) have similarly wet climates (mean annual P – E of 

1.52 and 1.71 mm d-1, respectively) and long dry seasons (dry spell length of 168 and 159 

days). Both basins are covered by ferralsols and arenosols, deep soils (more than 20 meters) 

with high permeabilities. However, each basin has a different lithology. The Almas basin is 

underlain by fractured aquifers with metamorphic rocks, mostly schists and metagranites with 

low hydraulic conductivity and low active storage. The Sucuriú basin is underlain by porous 

aquifers with sedimentary siliciclastic rocks, sandstones with high hydraulic conductivity and 

high active storage. When the dry spell begins, in both basins, streamflow magnitude is close 
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to the mean annual P – E. However, streamflow decreases faster in the Almas basin than in the 

Sucuriú basin. Streamflow takes 59 days to halve in the Almas basin compared with 252 days 

in the Sucuriú basin (further explained in Section 4.2.4), suggesting that a smaller change in 

groundwater storage leads to a higher change in streamflow. Thus, the minimum flow is lower 

in the Almas basin (0.22 mm d-1) than in the Sucuriú basin (1.16 mm d-1), presumably driven 

by the contrasting active storage capacities of the sedimentary and metamorphic lithologies. 

 

 
Figure 4.2. Low flow generation in two pairs of basins with similar climates but contrasting 
geologies. Time series of streamflow (Q) and rainfall (P) minus evaporation (E) in the: (a) 
Almas river (wet climate, low groundwater storage), 1,980 km2, gauge code 20100000; (b) 
Sucuriú river (wet climate, high groundwater storage), 3,753 km2, gauge 63001200; (c) 
Mundaú river (dry climate, low groundwater storage), 2,913 km2, gauge 39740000; (d) 
Pandeiros river (dry climate, high groundwater storage), 3,263 km2, gauge 44250000. (e) 
Location of the four basins. The blue dashed lines show the mean annual streamflow. The 
shaded rectangles indicate dry spells. The red dashed lines show the streamflow fit during the 
dry spell and the blue circle shows the estimated initial flow. 

 

A similar interpretation is given for the second pair of basins, but for drier climates 

(Fig. 4.2c-d). The Mundaú (Fig. 4.2c) and Pandeiros basins (Fig. 4.2d) have similarly dry and 

seasonal climates, deep soils (more than 20 meters) and highly permeable ferralsols, arenosols 
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and acrisols. However, the Mundaú basin is formed by metamorphic rocks (low hydraulic 

conductivity) while the Pandeiros basin is formed by sedimentary siliciclastic rocks (high 

hydraulic conductivity). When the dry spell begins, streamflow magnitude is close to the 

mean P minus E in both basins, but the flow recession is quicker in the Mundaú basin (71 

days to half flow) than in the Pandeiros basin (196 days to half flow). Minimum flow is lower 

in the former (0.10 mm d-1) than in the latter (0.26 mm d-1), which we attribute to the con-

trasting active storage capacities in both lithologies. 

 

Table 4.2. Basin characteristics and hydrometeorological properties of the dry spells from 
Fig. 4.2-4.3. Q indicates streamflow and Qmin indicates the 7-day minimum annual flow. 

 

Basin  
Event 
Qmin 

(mm d-1) 

Mean 
annual 

Q (mm d-1) 

Event dry 
spell length 

(days) 

Event flow 
recession 
(days to 

half flow) 

Event initial 
flow (mm d-1) 

Lithology Soil 

Fig. 4.2        

Almas 0.22 1.56 168 59 1.67 
Metamorphic (schist, 

metagranite) 
Deep, permeable 

ferralsols 

Sucuriú 1.16 2.05 159 252 1.79 
Sedimentary 

siliciclastic (sandstone) 

Deep, permeable 
ferralsols and 

arenosols 

Mundaú 0.10 0.91 203 71 0.63 
Metamorphic (schist, 

orthogneiss) 
Deep, permeable 

acrisols 

Pandeiros 0.26 0.45 170 196 0.46 
Sedimentary 

siliciclastic (sandstone, 
conglomerate) 

Deep, permeable 
ferralsols and 

arenosols 

Fig. 4.3        

St. Cristo 0.71 2.47 71 46 2.02 Volcanic (basalt) Deep ferralsols 

Iracema 0.15 2.18 65 30 0.65 Volcanic (basalt) Shallow cambisols 

 

The third pair of basins (Fig. 4.3) illustrates how low flows are influenced by soil 

properties. The Iracema and Santo Cristo basins are close to each other and share similar wet 

climates (mean annual P – E of 2.18 and 2.47 mm d-1, dry spell length of 65 and 71 days, 

respectively), geological formation (basalts), and comparable quick flow recessions (30 and 

46 days to half flow). The main difference between the two basins is their soil properties. The 

Iracema basin features shallow, poorly-developed cambisols rich in clay content (56%), 

usually associated with low permeabilities (e.g., Gonçalves-Maduro et al., 2020; Reichert et 

al., 2020). In contrast, the Santo Cristo basin features ferralsols, a deep and well-developed 

soil, generally associated with high permeabilities (e.g., Reichert et al., 2020; Tomasella & 

Hodnett, 1997) despite the high clay content (56%). In the wet period, streamflow in the 

Iracema river is highly variable, dropping below 0.5 mm d-1 between storms (Fig. 4.3b, left 

panel) and surging above 50 mm d-1 during intense storms (Fig. 4.3b, right panel). Mean-

while, streamflow in the Santo Cristo river is less variable, usually remaining above 1.0 mm 
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d-1 between storms (Fig. 4.3a, left panel) and below 50 mm d-1 even during intense storms 

(Fig. 4.3a, right panel). When the dry spell begins, streamflow in the Iracema basin is lower 

(0.65 mm d-1 at the dry spell onset, 21% of the mean annual streamflow) than in the Santo 

Cristo basin (2.02 mm d-1, 81% of the mean annual streamflow). It results in a minimum flow 

of 0.15 mm d-1 in the Iracema basin and 0.71 mm d-1 in the Santo Cristo basin. This phenom-

enon can be observed throughout the years in both basins. We infer that differences in the 

minimum flows are driven by streamflow magnitudes at the onset of dry spells, which in turn 

are driven by soil properties related to permeability. Soil controls the fraction of rainfall that 

infiltrates and recharges the groundwater stores before dry spells. 

 

 
Figure 4.3. Low flow generation on a pair of basins with similar climate and geology but 
contrasting soils. Time series of streamflow (Q) and rainfall (P) minus evaporation (E) in the: 
(a) Santo Cristo river (high soil infiltration capacity), 346 km2, gauge code 74750000; (b) 
Iracema river (low soil infiltration capacity), 300 km2, gauge 74295000. Note the different Q 
and P – E scales between the left and right-hand-side panels. (c) Location map. The blue 
dashed lines show the mean annual streamflow. The shaded rectangles indicate dry spells. The 
red dashed lines show the streamflow fit during the dry spell and the blue circle shows the 
estimated initial flow. 
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The perceptual model derived from the examples above can be summarized in two 

stages, a wetting and a drying stage. In the wetting stage, mean annual rainfall minus evapora-

tion and the soil permeability determine aquifer recharge. The groundwater recharge volume, 

in turn, is linked with the streamflow magnitude at the end of the wet season. In the drying 

stage, rainfall typically ceases and streamflow is sustained by groundwater storage. Geologi-

cal properties govern groundwater release into the stream and, consequently, streamflow 

decreasing rates, as indicated by the flow recession. The combination of initial flow at the dry 

season onset, flow recession, and dry spell length leads to the minimum flows at the end of 

the dry period. Notably, this perceptual model works best in climates with considerable and 

univariate seasonality, like those found in most of Brazil, and negligible snowfall rates. 

4.2.4 Diagnostic Model 

We estimate the 7-day minimum annual flow magnitude (Qmin) with a diagnostic 

model and a predictive model. In the diagnostic model, we use observed streamflow data to 

estimate model parameters in order to evaluate the model’s potential with parameter estimates 

as close to the true values as possible. In the predictive model, we use climatic and basin 

characteristics to estimate the model parameters. 

 

Our model employs a simple exponential decay structure. It prioritizes interpretabil-

ity while combining the two stages of low flow generation outlined in the perceptual model. 

The wetting stage determines the initial flow (Q0) at the start of dry spells, while the drying 

stage determines the duration (DEFG) and rate (H) of the exponential streamflow decrease. 

In the diagnostic model, Qmin is estimated with: 

�IJKL,�,M = ��,�,M  exp (−DEFG,�,M  / H�,M) (4.1) 

where, for each basin i and year j, �� (mm d-1) is the streamflow at the start of the dry spell; 

DEFG (days) is the length of the longest dry spell of the year; and H (days) is the dry-spell flow 

recession, denoting the streamflow decay constant in terms of how long it takes for stream-

flow to reduce to 1/e ≈ 36.8% of its current value. 

In each basin, we define dry spells as continuous periods when the 31-day moving 

average P – E falls below half the 5-year moving average P – E. We chose the 31-day moving 

average as a trade-off between short (15 days) and long (91 days) time scales, although the 
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conclusions are not sensitive to this choice (not shown). The threshold of half the 5-year 

moving average P – E was chosen to accommodate regions where the 31-day P – E rarely falls 

below zero (e.g., northwestern Amazonia) and where the mean annual P – E has been steadily 

decreasing in the past four decades (e.g., northeastern Brazil; Chagas et al., 2022). The 

conclusions are not sensitive to thresholds varying from 0.25 to 0.75 times the 3-year to 10-

year moving average P – E (not shown). A dry spell ends when the 31-day P – E is above the 

threshold for at least seven consecutive days. We assume that the 7-day minimum flow 

coincides with the longest dry spell of the hydrological year (starting in the month after the 

highest monthly streamflow). 

For each basin’s dry spell, we estimate the diagnostic model parameters by fitting a 

regression line to the streamflow time series at the logarithmic scale. We first extract the 

streamflow values corresponding to the dry spell, computed as the streamflow in the dry spell 

period added by the flow wave propagation time. This adjustment accommodates large river 

basins (i.e., larger than 106 km2) where streamflow can take more than ten days to reach the 

outlet. Then, we fit the streamflow time series with the regression: 

logS�(D)�,MT = U�,M + V�,M  D (4.2) 

where, for each basin i and dry spell of year j, U is the regression intercept; V is the regression 

coefficient; and Q(t) is streamflow at time t (days). Equation (4.2) is computed using a quan-

tile regression (Koenker, 2005) with a percentile of 0.25, which captures the streamflow 

behavior of the recession during drier events. We arrive at the same conclusions with percen-

tiles ranging from 0.1 to 0.75 (not shown). The initial flow (��) and dry-spell flow recession 

(H) of Equation (4.1) are computed with: 

��,�,M = exp (U�,M) 
(4.3) 

H�,M = −1/V�,M 
(4.4) 

For an easier interpretation of the flow recession, we compute the half flow period 

(�)/�), that is, the number of days needed for streamflow to halve: 

�)/� = H log(2) (4.5) 
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Note that the recessions computed here deviate from traditional recession analysis 

(Tallaksen, 1995; Tashie et al., 2020). We allow for short and low-intensity rainfall events and 

consider only the lower portion of the recession, as the upper portion immediately after storms 

is automatically removed with our definition of dry spells. Nonetheless, the dry-spell reces-

sions analyzed here are insensitive to rainfall events (e.g., Fig. 4.2-4.3) because the lower 

portion of the recession is the most stable (McMillan et al., 2022) and the quantile regression 

is robust to outliers (Koenker, 2005). Streamflow in the dry spells of some of the largest 

basins in Amazonia, however, result from flood runoff in different parts of the basin. Although 

the conclusions are insensitive to such basins, large low flow residuals might be observed in 

large Amazon basins. 

4.2.5 Predictive Model 

In the predictive model, we first separate the initial flow (��) into: 

��,�,M =  B�,M �JWXL,�,M (4.6) 

where, for each basin i and dry spell of year j, �JWXL is the mean annual streamflow; and B is 

the initial flow coefficient, a constant related to the fraction of the mean annual P – E that 

recharges the aquifer. We use �JWXL instead of mean annual P – E to avoid uncertainties from 

meteorological data sets (Alexander et al., 2020; Liu et al., 2016). 

In the predictive model, we aim to estimate the typical Qmin of a basin. Thus, we es-

timate the median Qmin with: 

�IJKL,� = BY�  (�JWXL,� −  ZJWXL,�) exp (−DEFG,�  / HY�) (4.7) 

where, for each river basin i, �JWXL (mm d-1) is the median mean annual rainfall; ZJWXL (mm 

d-1) is the median mean annual evaporation; DEFG (days) is the median length of the longest dry 

spell of the year (days); HY (days) and BY  (unitless) are the median dry-spell flow recession and 

initial flow coefficient, respectively, as estimated with basin characteristics (Section 4.2.6). 

4.2.6 Estimating the Flow Recession and Initial Flow Coefficient 

We estimate the median dry-spell flow recession (HY) of each basin using the median 

H computed from streamflow data (Equations 4.2 and 4.4) as the dependent variable and basin 
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characteristics (Table 4.1) as the independent variables. We use the basin’s median value of 

each characteristic and transformed the categorical variables (e.g., geological class) into 

numeric variables (e.g., fraction of the basin with sedimentary siliciclastic rocks, fraction of 

the basin with plutonic intrusive rocks, etc.). The same reasoning applies to the initial flow 

coefficient (BY). We estimate HY and BY  using model-based recursive partitioning, a tree model in 

which each node has a fitted model (Hothorn & Zeileis, 2015; Zeileis et al., 2008).  

The model-based recursive partitioning identifies groups of basins with similar rela-

tionships between the HY (or BY) and basin characteristics and, for each of these groups, esti-

mates the dependent variable using linear regressions. It works in the following steps. First, it 

fits a multivariate ordinary least squares regression between the dependent variable (e.g., H of 

each basin) and the independent variables (basin attributes) of the basins included in the 

present node. The first node contains all basins. Second, it divides the basins into two groups 

based on the classifying variables and evaluates the instability (i.e., sensitivity) of the regres-

sion coefficients. For example, when using the fraction of sedimentary siliciclastic rocks as a 

classifying variable, the method divides the basins into two groups considering a threshold 

(e.g., basins with more than 10% of sedimentary rocks), recompute the multivariate regres-

sions for the two groups separately, and verify the differences in the regression coefficients 

among the two groups (using the outer product of gradients estimator). This process is repeat-

ed for many thresholds and for all classifying variables. In the third step, the model selects the 

classifying variable that leads to the highest sensitivity in the regression coefficients, if 

statistically significant (p < 0.05). Fourth, it finds the threshold of the selected classifying 

variable that optimizes the regressions (here, using residual sum of squares). This optimal 

threshold is used as a split point to split the node into child nodes (i.e., divides the basins into 

groups in the tree model) and repeat these steps until no further partitioning is significant. 

After the tree is fully grown, we use the Bayesian information criterion in a post-pruning 

strategy to remove splits that do not significantly improve the model (e.g., Su et al., 2004), so 

that the model size can be reduced to facilitate its interpretation. 

The flow recessions are estimated using model-based recursive partitioning with the 

basin fraction of each bedrock type as classifiers (to divide the nodes) and basin characteris-

tics as estimators in each node. The reasoning is that groundwater moves with distinct mecha-

nisms in each bedrock type, such as through pores in sedimentary rocks and fractures in 

metamorphic rocks. Thus, each bedrock type has a specific relationship between its physical 

attributes and groundwater release into the stream, which determines the flow recession. For 
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example, in basalts, older formations can be linked with higher rock decomposition and deep 

groundwater systems (Tague & Grant, 2004), leading to slower flow recessions. This associa-

tion might not hold for metamorphic rocks, as older formations can lead to longer metamor-

phism, higher degrees of compaction, recrystallization, and increased resistance to decompo-

sition (Philpotts & Ague, 2009). 

When including the basin characteristics as predictors in the tree model, we prioritize 

model parsimony for an easier interpretation. We only include in the model-based partitioning 

the basin characteristics with the highest explanatory power. We find the basin characteristics 

with the highest explanatory power by grouping basins with predominant bedrock types and, 

for each type, running a stepwise regression between the recession and the basin characteris-

tics. The stepwise regression is performed with a combination of forward and backward 

variable selection using the Bayesian information criterion (Schwarz, 1978). As a result, we 

included only elevation, topographic slope, soil sand content, and saturated groundwater 

hydraulic conductivity as estimators in the tree model. 

We estimate the median initial flow coefficient (BY) with slightly a different perspec-

tive. We use soil properties as classifiers (soil class, depth, sand content, topographic slope, 

land cover) and climatic indices as the node estimators (maximum annual 7-day rainfall, mean 

annual P – E, length of the longest dry spell of the year). The reasoning is that the model 

groups basins with similar permeabilities and, for each group, estimates BY  with climatic 

indices linked to stormflow and groundwater recharge. For example, regions with shallow 

soils and low permeabilities might be highly sensitive to intense rainfall, leading to higher 

stormflow and lower BY  than regions with deep permeable soils. 

4.3 Results 

4.3.1 Low Flow Predictions 

The observed 7-day minimum annual streamflow (Qmin) in Brazil ranges from 0 to 

2.7 mm d-1, with a median of 0.37 mm d-1 (Fig. 4.4a). The lowest minimum flows (below 0.18 

mm d-1, the first quartile) occur in the semiarid northeast region, southwestern Amazonia, 

extreme south, and floodplains of the Araguaia river. Conversely, the highest minimum flows 

(above 0.61 mm d-1, the third quartile) occur in northwestern Amazonia, the mountain ranges 

along the coast of southern and southeastern Brazil, and the highly productive aquifers of 

Botucatú, Parecis and Urucuia in central Brazil. 
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The diagnostic model, which uses streamflow data for parameter estimation, explains 

96% of the spatial variance in observed Qmin (Fig. 4.4b, e). This means that the conceptual 

model has great potential to estimate low flows and that streamflow in dry spells indeed 

follows a simple exponential decay. 

The predictive model, which uses climatic and basin characteristics for parameter es-

timation, explains 61% of the spatial variance in observed Qmin (Fig. 4.4c, f). This model’s 

explanatory power increases to 84% when considering non-specific streamflow units (i.e., m3 

s-1, not standardized by basin area). The large-scale spatial distribution of predicted Qmin 

closely matches that of observed Qmin, with the same regions exhibiting the lowest and highest 

values. The estimated Qmin of the example basins (Fig. 4.2-4.3) are close to the 1:1 line (Fig. 

4.4f), indicating good estimates. The next step evaluates if these estimates are right for the 

right reasons by examining how the parameters estimated from climatic and basin characteris-

tics led to these results. 

 

 
Figure 4.4. Observed and estimated low flow magnitudes of each river basin. (a) Observed 
median 7-day minimum annual flow (Qmin). (b) Estimated Qmin with the diagnostic model and 
(c) predictive model. (d) Location of the major Brazilian basins. Observed against estimated 
Qmin with the (e) diagnostic and (f) predictive models. Each point represents one river basin. 
The colored symbols indicate the example basins from Fig. 4.2-4.3. 
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4.3.2 Streamflow Recession 

The observed dry-spell flow recession to half flow ranges from 11 to 1,307 days, 

with a median of 87 days (Fig. 4.5a). The quickest recessions (below 47 days to half flow, the 

first quartile) occur in the south, part of the northeastern semiarid, the floodplains of southern 

Amazonia (especially the Madeira basin) and the Araguaia river. In contrast, the slowest 

recessions (above 139 days to half flow, the third quartile) occur in the most productive 

aquifers composed of sandstones in central Brazil (Botucatú, Parecis, Urucuia) and the 

southeastern mountain ranges. Both regions with the quickest and slowest flow recessions are 

aligned with the lowest and highest Qmin. 

 

 
Figure 4.5. (a) Observed and (b) estimated median dry-spell flow recession of each basin. (c) 
Observed against estimated recessions. (d) Results of the model-based recursive partitioning. 
The classifiers are basin fractions of bedrock types. The color bars indicate the regression 
coefficients within each node using standardized values of the basin median sand content, 
elevation, groundwater hydraulic conductivity and topographic slope. Circle size represent the 
absolute value of the regression coefficients. Solid and open circles denote significant and 
insignificant coefficients respectively (α = 0.05). The maps show each group’s basins. 
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The large-scale spatial pattern of the estimated flow recessions is similar to that of 

the observed recession (R2 of 63%, Fig. 4.5b, c). Notably, the recession estimates of the 

example basins are accurate (Fig. 4.5c). These include the quick recessions in the southern 

basaltic basins (Santo Cristo and Iracema rivers), moderate recessions in basins with meta-

morphic and plutonic rocks (Almas and Mundaú rivers), and slow recessions in the sandstone 

basins (Sucuriú and Pandeiros rivers). 

The model-based recursive partitioning divides the basins into seven geological 

groups (Fig. 4.5d), with three bedrock types driving most of the recession spatial variability: 

sedimentary siliciclastic, volcanic, and metamorphic or plutonic rocks.  

Basins dominated by sedimentary siliciclastic rocks (groups 4 and 5 in Fig. 4.5d) in-

clude the slowest flow recessions (median of 95 days to half flow, standard deviation of 132). 

They are located on sandstone aquifers (Botucatú, Parecis, and Urucuia; median of 310 days), 

claystones in southwestern Amazonia (Purus basin; median of 52 days), and shales in south-

ern Brazil (median of 40 days). The flow recession in sedimentary siliciclastic rocks is highly 

related to soil sand content (Fig. 4.5d), a proxy for the bedrock material. Higher soil sand 

content indicates sandstones (slow recessions) and lower soil sand content indicates shales or 

claystones (quick recessions). The flow recession also positively correlates with elevation and 

have mixed responses to the topographic slope depending on the percentage of metamorphic 

and plutonic rocks. 

Basins dominated by volcanic rocks (groups 6 and 7) exhibit the quickest flow reces-

sions (median of 60 days to half flow, standard deviation of 68). They are found mainly in 

southern Brazil, underlain by basalts. The recession in these basins relates mainly to soil sand 

content (Fig. 4.5d). Our interpretation is that higher sand contents are linked to higher frac-

tions of geological formations other than basalts, in particular the sandstones that underlay the 

basaltic formations in Brazil (Schobbenhaus et al., 2004). 

Flow recessions of basins dominated by metamorphic and plutonic rocks (groups 2 

and 3) are intermediate between those of sedimentary siliciclastic and volcanic rocks (median 

of 85 days to half flow, standard deviation of 54). This is expected because fractures in 

metamorphic and plutonic rocks are more numerous and connected than in basalts, although 

rock permeability is much lower than in sandstones (Neuman, 2005). In basins dominated by 

metamorphic and plutonic rocks, the recession is significantly slower in higher elevations and 

topographic slopes (Fig. 4.5d), interpreted as resulting from a higher number and connectivity 

of fractures. For example, the mountain ranges along the southeastern Brazilian coast have 

slow recessions (median of 139 days) due to exceptionally steep terrains, number and connec-
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tivity of fractures (Neves & Morales, 2007; Vieira & Gramani, 2015). In contrast, the central 

Brazilian highlands have quicker flow recessions (median of 79 days) due to landscapes 

dominated by plateaus with flat terrains (Salgado et al., 2019). Moreover, the recession model 

indicates a significant negative association between recession and soil sand content. This 

association contrasts with those for sedimentary siliciclastic and volcanic rocks, although the 

causes are unclear. 

4.3.3 Initial Flow Coefficient 

The observed initial flow coefficient (B) ranges from 0 to 2.6 (unitless), with a medi-

an of 0.79 (Fig. 4.6a). High values (above 0.90, the third quartile) are found in the central 

highlands (upper Paraná basin), central-western Brazil (western tributaries of the Paraná 

basin), Araguaia basin, and southern Amazonia. In contrast, low values (below 0.60, first 

quartile) occur in the south, southwestern Amazonia, and upper São Francisco basin. 

The large-scale distributions of the estimated and observed initial flow coefficients 

are well aligned (R2 of 54%, Fig. 4.6a-c). The initial flow coefficient model divides the basins 

into 16 groups (Fig. 4.6d), with no single predominant variable. The higher number of groups 

than in the recession model is attributed to a larger number of classifying variables, particular-

ly more soil classes than rock types. 

The groups captured by the initial flow coefficient model can be categorized based 

on soil depth, namely shallow soils (depth below 15.7 m) and deep soils (depth above 15.7 

m). Shallow soil basins (groups 1 to 7) have the lowest initial flow coefficients (group median 

of 0.51), located mostly in southern Brazil. The initial flow coefficient is negatively associat-

ed with the 7-day maximum annual rainfall in five out of the seven groups, three of which 

have a significant relationship (significance level α = 0.05; Fig. 4.5d). This indicates that the 

soil saturates quickly during storms. The basins include those with (i) leptosols and regosols, 

characterized by the shallowest profiles in high mountains; (ii) acrisols and alisols, with 

considerable accumulation of clay in the subsoil; (iii) nitisols, with similar clay accumulation 

in the subsoil but to a lower degree; and (iv) ferralsols, characterized by highly weathered and 

well-drained soils, hence the weaker link between the initial flow coefficient and intense 

rainfall events. 

Deep soil basins (groups 8 to 15) have higher initial flow coefficients (group median 

of 0.80) and are widespread in tropical Brazil. In most of these regions, the initial flow 

coefficient is not sensitive to the 7-day maximum annual rainfall magnitude (Fig. 4.5d) due to 
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their high weathering rates, infiltration and storage capacities. However, three out of the eight 

groups exhibit strong and significant negative associations (α = 0.05) between the initial flow 

coefficient and intense rainfall events due to limited infiltration capacity. These include (i) 

gleysols, characterized by long periods of saturation such as lakes and wetlands; (ii) vertisols, 

which have low infiltration capacity when wet; and (iii) podzols, which often have low soil 

storage capacity (WRB, 2015). 

 

 
Figure 4.6. (a) Observed and (b) estimated median initial flow coefficient of each basin. (c) 
Observed against estimated median initial flow coefficient. (d) Results of the model-based 
recursive partitioning. The classifiers are basin fractions of soil classes, median soil depth, 
sand content, and topographic slope. The color bars indicate the regression coefficients within 
each node using standardized values of the basin mean annual rainfall minus evaporation 
(PEmean), maximum annual 7-day rainfall (Pmax), and dry spell length (tdry). Circle size repre-
sent the absolute value of the regression coefficients. Solid and open circles denote significant 
and insignificant coefficients respectively (α = 0.05). The maps show each group’s basins. 
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4.3.4 Low Flow Generating Mechanisms in the Example Basins 

The example basins are well estimated by the initial flow coefficient model (Fig. 

4.6c). Together with the accurate flow recession estimates, it suggests that Qmin estimates are 

right for the right reasons. For instance, both the Almas and Pandeiros basins have moderate 

Qmin, although through different mechanisms. On the one hand, the Almas basin has a Qmin of 

0.32 mm d-1 due to a high initial flow coefficient (1.06) linked with permeable deep soils, a 

wet climate (mean P - E of 1.56 mm d-1, dry spell length of 168 days), but a moderate flow 

recession (64 days to half flow) linked with metamorphic rocks in flat terrain. It indicates that 

despite a large fraction of the wet-season P – E recharging the aquifer, it is quickly released 

into the stream in the long dry season. On the other hand, the Pandeiros basin has a Qmin of 

0.27 mm d-1 due to a high initial flow coefficient (0.85) linked with permeable deep soils, a 

slow flow recession (329 days to half flow) due to highly permeable sandstones, but a drier 

climate (mean P – E of 0.45 mm d-1, dry spell length of 194 days). It indicates that even 

though the aquifer has low recharge volumes due to a dry climate, it is largely mitigated by 

high storage capacity and slow release into the stream.  

Similarly, both the Mundaú and Iracema basins have low Qmin for different reasons. 

The Mundaú basin has a Qmin of 0.07 mm d-1 due to a drier climate (mean annual P – E of 

0.91 mm d-1, dry spell length of 174 days), which is barely mitigated by the high initial flow 

coefficient (0.83) and moderate flow recession (62 days to half flow). In contrast, the Iracema 

basin’s Qmin of 0.14 mm d-1 results from an exceptionally wet climate (mean annual P – E of 

2.74 mm d-1, dry spell length of 58 days) that does not compensate for one of the lowest initial 

flow coefficients (0.21) linked with shallow soils and quickest flow recessions (31 days for 

half flow) linked with basalts. 

4.3.5 Scaling Properties of Low Flow Controls 

To examine the impact of the spatial scale of analysis (domain size) on the controls 

of low flow spatial variability, we assess Qmin sensitivity to the spatial variability of the 

diagnostic model’s parameters at scales ranging from the regional (smaller than 105 km2) to 

the continental (2×107 km2) (Fig. 4.7a-b). We achieve this by dividing the study area into 

blocks, starting at 802 blocks (first run) to one block (last run). Each block results from 

dividing the study area into non-overlapping geographical squares of equal size. At each 

block, we compute the spatial standard deviation of the Qmin controls (i.e., diagnostic model’s 

parameters) of the basin outlets within that block. Then, at each basin, we estimate Qmin using 
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the diagnostic model but with the spatial standard deviations added to each parameter. The 

change in estimated Qmin resulted from the added standard deviation, compared with the 

original Qmin estimate, indicates the sensitivity of the spatial variability of Qmin to the respec-

tive parameter. 

The relative importance of the controls of low flow spatial variability changes con-

siderably with the spatial scale of analysis (Fig. 4.7). At regional scales (smaller than 105 

km2), physiography controls most of the low flow spatial variability (Fig. 4.7b). Low flows 

are driven primarily by geology (flow recession), followed by mean annual P and soil (initial 

flow coefficient) with similar relative importance, and mean annual E and dry spell length as 

the least important (Fig. 4.7a). At the 105 km2 scale, a change in one spatial standard deviation 

in the flow recession changes Qmin by a median of 39%, followed by 19% and 21% for mean 

annual P and soil respectively, and 7% and 9% for mean annual E and dry spell length respec-

tively. These values change proportionately at scales ranging from 103 to 106 km2. 

In contrast, at the continental scale (2 ×107 km2), basin characteristics and climate 

hold similar importance for the Qmin spatial variability (Fig. 4.7b). The most important control 

is geology, in which a change in one spatial standard deviation changes Qmin by 79%. The 

most important climatic controls are mean annual P (Qmin sensitivity of 68%) and dry spell 

length (Qmin sensitivity of 70%). The least important controls are mean annual E (Qmin sensi-

tivity of 29%) and soil (Qmin sensitivity of 37%). 

The scaling property of low flow controls is related to a larger spatial variance of ba-

sin characteristics compared with climate, particularly at small distances. This is seen with 

variograms, which depict a variable’s spatial variance as a function of distance (Fig. 4.7c-d). 

Up to distances of 1,000 km, the spatial variance of basin characteristics is at least twice that 

of climate (Fig. 4.7d). This pattern is also seen on maps (Fig. 4.1), where bedrock and soil 

types change abruptly over short distances while climate changes mainly over large distances. 

Above 1,000 km, the spatial variance of climate increases at a faster rate than that of basin 

characteristics. Their spatial variances match at about 2,500 km. This pattern is aligned with 

the Qmin sensitivities to its controls (Fig. 4.7b), where the relative importance of climate grows 

rapidly after 1,0002 km2 scales, eventually matching that of basin characteristics. 
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Figure 4.7. Scaling property of the controls of low flow spatial variability. (a) Sensitivity of 
the 7-day minimum annual flow (Qmin) to a change in one spatial standard deviation (σ) in 
each control as a function of the scale of analysis (domain size). The scale of analysis indi-
cates the average block size and is inversely proportional to the number of blocks used to 
divide the study area. (b) Same as (a), but for the sum of the basin characteristics (geology 
and soil) and climatic variables (dry spell length and mean annual P – E). (c) Variogram 
indicating the spatial variance of the z-scaled Qmin controls as a function of distance. The 
semivariance indicates a change in one σ from the mean value of the respective control. (d) 
Median semivariance of the basin characteristics and climatic variables. 

4.4 Discussion 

4.4.1 Low Flow Predictions 

The low flow hydrology approach of this study allows us to uncover the black-box 

components of traditional low flow statistics by including even a simple conceptual model in 

the analysis. Our predicted Qmin explanatory power is on par with other large-scale studies 

(Salinas et al., 2013). However, the framework using conceptual models offers (i) opportuni-
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ties for model improvement, such as including other components, model structure, or machine 

learning techniques for parameter estimation, and (ii) a better understanding of how climate, 

geology and soils control the low flow spatial variability. 

Part of the unexplained variance in low flow estimation is due to uncertainty in the 

meteorological data. The water balance does not close in many regions, as the R2 between the 

mean annual P – E and the mean annual streamflow is 0.62. By running the conceptual model 

with an ideal meteorological water balance, that is, using mean annual streamflow instead of 

mean annual P – E and assuming no water exchange between basins, the predictive model 

accounts for 73% of the observed variance in Qmin. 

4.4.2 Geological Controls of Low Flows 

Our findings indicate that geology is the most important control of the low flow spa-

tial variability. Geology primarily determines how streamflow behaves in dry periods by 

regulating the dry-spell flow recession and, ultimately, a basin’s potential to mitigate the 

climate seasonality. 

Bedrock type is the main geological control on low flows at large scales. It can be 

considered a surrogate for groundwater pathways and their connectivity degrees, reflecting if 

groundwater moves mainly through pores (unconsolidated sediments), a combination of pores 

and fractures (siliciclastic sedimentary), fractures with high connectivity potential (metamor-

phic and plutonic rocks), fractures with generally low connectivity (volcanic rocks). Bedrock 

type can explain why, for instance, increased low flows are linked with the fraction of sand-

stones (Carlier et al., 2018; Floriancic et al., 2022) or colluvium (Price et al., 2011), both with 

high porosities and water storage capacities. The effects of bedrock type on low flows are 

noticeable even with a coarse geological map such as the one available here (1:1 million 

scale; Schobbenhaus et al., 2004). Including additional geological data can improve low flow 

predictions even further, such as by specifying metamorphic rocks with bedding planes (e.g., 

formed by sedimentary rocks, with horizontal fractures) and without bedding planes (e.g., 

formed by igneous rocks, with irregular fracture directions). 

Other geological and topographic properties are relevant for low flows by regulating 

the water storage and release of each bedrock type. The relevant properties are highly specific 

for the bedrock types and most noticeable at small scales. This specificity explains why, for 

example, low flows are linked with lithological age in basalts (Tague & Grant, 2004) and 

topographic slope in clay-rich sedimentary rocks (Sayama et al., 2011). 
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4.4.3 Soil Controls of Low Flows 

Our results suggest that soil is half as influential as geology for low flow spatial vari-

ability. While geology dictates streamflow behavior in dry periods, soil governs streamflow 

response to rainfall and the fraction of rainfall that recharges the aquifer. This recharge 

subsequently impacts the streamflow magnitude at the onset of dry spells, as indicated by the 

initial flow coefficient. Such a relationship between the initial flow coefficient and the frac-

tion of rainfall recharging the aquifer can also be assessed with the inverse process, stormflow 

generation. In fact, examining the 1,400 basins in Brazil, we found that the initial flow 

coefficient is inversely related to the ratio of maximum annual flow to median flow (correla-

tion of 0.70) and positively related to the baseflow index (correlation of 0.78), calculated 

using the method of Institute of Hydrology (1980) with a five-day time window. 

The most critical soil properties for low flows in our study are soil depth and class. 

Soil depth is related to soil storage capacity, while soil class is a proxy for unavailable large-

scale data that drive several hydrologic processes in the tropics. Soil class can indicate the 

presence of macropores due to soil aggregates, defined by how individual particles of sand, 

silt, and clay are aggregated into larger particles. Macropores can drive soil infiltration 

capacity more than soil texture (Beven & Germann, 2013; Fatichi et al., 2020), particularly 

where aggregates dominate the soil profile such as Brazilian ferralsols (e.g., Madari et al., 

2006; Silva et al., 2014; Valani et al., 2022). Soil class can also reveal how the hydraulic 

conductivity decreases along the soil profile (Bonell, 2004; Fan et al., 2019). For example, 

acrisols and nitisols have a high clay accumulation in the subsoil, often leading to reduced 

infiltration capacity and perched water tables (Bonell, 2004). Moreover, soil classes like 

gleysols and histosols point to regions with wetlands or lakes, which can increase the basin 

water storage capacity. 

Land cover was not deemed a significant variable for low flow spatial variability. 

Although land cover can greatly impact low flows (e.g., Bruijnzeel, 2004), its relationship 

with soil properties is inconsistent across all cases. In the tropics, the effects of deforestation 

on low flows depend on the consequent soil degradation (soil compaction caused by agricul-

tural management and machinery), specific vegetation types before and after deforestation, 

reduction of soil fauna, and deforestation timing and methods (Bruijnzeel, 2004; Chagas & 

Chaffe, 2018). 
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4.4.4 Climatic Controls of Low Flows 

Climate is half as important as basin characteristics (geology and soil) in determining 

low flow spatial variability in Brazil. Mean annual P – E is the most important variable, while 

dry spell length is the least important. In our perspective, this happens because the influence 

of the mean annual P – E on low flows is only moderately regulated by the soil, whereas the 

influence of dry spell length is highly attenuated by geology. The importance of the mean 

annual P – E is aligned with the predominance of the aridity index over other climatic indices 

for low flows (Addor et al., 2018; Beck et al., 2015), as both indices are strongly correlated 

(correlation of -0.81 for the 1,400 basins in Brazil). 

The impact of climate on low flow spatial variability is most evident when compar-

ing Brazil’s semiarid and wet regions. In the semiarid (mean annual P – E below 1 mm d-1), 

Qmin is usually low (below 0.2 mm d-1). Reduced water availability leads to restricted 

groundwater recharge, restricting the geology’s role in attenuating the climatic variability. 

Conversely, in wet regions (mean annual P – E above 1 mm d-1), Qmin ranges from low (below 

0.2 mm d-1) to high (above 1 mm d-1) as adequate water availability allows geology and soil to 

have a larger impact on low flows. 

4.4.5 Scaling Properties of Low Flows 

The dominant controls of low flow spatial variability depend on the spatial scale of 

analysis. At the continental scale, both basin characteristics and climate are equally important, 

as they exhibit high spatial variance. However, at subcontinental scales, basin characteristics 

become the primary control since their spatial variance is higher than that of climate. The 

scaling properties of low flows differ fundamentally from those of floods (Blöschl, 2022; 

Viglione et al., 2016). While flood scaling is linked with basin size in which different hydro-

logical processes predominate (Blöschl, 2022), the low flow scaling found in this study is 

related to the variables’ spatial variance captured by the model. 

This multiscale spatial analysis reconciles the two hypotheses on whether climate or 

basin characteristics primarily control low flow spatial variability. On the one hand, large-

scale studies emphasizing the control of climate (e.g., Beck et al., 2013, 2015; Addor et al., 

2018; Peña-Arancibia et al., 2010; Apurv and Cai, 2020) recognize that climate explains half 

or less of the low flow spatial variability. These studies argue that the unexplained variability 

is associated with physiography. On the other hand, small-scale studies that show the predom-

inant control of basin characteristics on low flows (e.g., Bloomfield et al., 2009; Carlier et al., 
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2018; Floriancic et al., 2022; Pfister et al., 2017; Price et al., 2011) complement large-scale 

studies by examining low flow generating mechanisms and identifying specific basin charac-

teristics linked with low flows in each location. 

4.5 Conclusions 

In this study, we develop a new conceptual model to analyze how climate and basin 

characteristics control low flow spatial variability in 1,400 Brazilian river basins. Using 

comparative hydrology, we build a model that combines process-based hydrological 

knowledge with statistics, providing a basic model structure for other methods to build upon, 

such as machine learning techniques. This framework, referred to as regional low flow 

hydrology, allows for a more transparent examination of low flow generating mechanisms by 

addressing the place-specific and scale-dependent properties of low flows. Our key findings 

are summarized below. 

 

(i) Basin characteristics primarily control the spatial variability of low flows. They are 

twice as important as climate, indicating that low flows are governed by the basin’s 

ability to mitigate climatic variability through water storage. 

(ii) Geological properties are the most important basin characteristics for the low flow 

spatial variability by determining streamflow recession rates during dry spells. The 

main control is bedrock type, understood as an indicator of groundwater pathways 

such as through highly permeable pores (e.g., sedimentary siliciclastic rocks, sand-

stones) or fractures with low connectivity (e.g., volcanic rocks, basalts). The water 

storage and release dynamics of each bedrock type are best predicted by soil sand 

content (a proxy for the bedrock material), elevation, and topographic slope (a proxy 

for fracture number and connectivity). 

(iii) Soil is half as important as geology for the low flow spatial variability. It governs 

streamflow behavior during storms and the fraction of rainfall that recharges the aq-

uifer. The most significant soil characteristics are soil depth, which relates to soil 

storage capacity, and soil class, an indicator of relevant properties for tropical hydro-

logical processes such as the presence of macropores and the decrease in the hydrau-

lic conductivity with soil depth (Bonell, 2004). 

(iv) The impact of climate on the low flow spatial variability is mainly driven by mean 

annual rainfall minus evaporation, which is linked with the potential groundwater re-
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charge in a basin. In contrast, the length of the longest dry spell of the year is the 

least influential component, as its effects on low flows are largely attenuated by ge-

ology and water storage dynamics. 

(v) The dominant controls of low flow spatial variability depend on the spatial scale of 

analysis, that is, the study’s domain size. Basin characteristics primarily control the 

variability up to the continental scale (107 km2), where their relative importance 

matches that of climate. This phenomenon is linked to a higher spatial variance of 

basin characteristics at smaller scales and comparable variances at large scales. 

 
The multiscale analysis proposed in this study offers a framework for connecting hy-

drological processes across small and large scales, a primary research topic of the IAHS 

Scientific Decade 2023-2032 (https://iahs.info/). Furthermore, the conceptual model enables 

improved low flow predictions under extrapolated conditions, such as those resulting from 

climate change. The integration of process-based hydrological knowledge and statistics 

presents a promising approach to understanding low flow generating mechanisms. 
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5 CLIMATE AND LAND MANAGEMENT ACCELERATE THE SOUTH AMERICAN 

WATER CYCLE 

This chapter presents the following publication in its original form. The Methods 

section is at the end of the chapter because of the requirements of Nature Communications. 

Chagas, V. B. P., Chaffe, P. L. B., & Blöschl, G. (2022). Climate and land manage-

ment accelerate the Brazilian water cycle. Nature Communications, 13(1), 5136. https:// 

doi.org/10.1038/s41467-022-32580-x 

5.1 Introduction 

Floods and droughts cause more damage worldwide than any other natural hazard 

(Field et al., 2012; UNDRR, 2019) and their risks may be exacerbated by climate change and 

socio-economic activities (Field et al., 2012; Schwalm et al., 2017; Winsemius et al., 2016). 

Often an increase in floods is aligned with a decrease in droughts as a result of more abundant 

rainfall, and the opposite is the case as rainfall becomes scarcer (Gudmundsson et al., 2019, 

2021). However, some models suggest a joint increase in the severity of floods and droughts 

(Allan et al., 2020; Field et al., 2012; Ward et al., 2020), a phenomenon referred to as acceler-

ation of the terrestrial component of the water cycle. This acceleration could lead to large 

compound impacts (Zscheischler et al., 2020) on global food production (Brás et al., 2019; 

Lesk et al., 2016), ecosystem health (Brienen et al., 2015; Phillips et al., 2009), and infrastruc-

ture (Ward et al., 2020). 

There are a number of processes that potentially cause an acceleration of the water 

cycle. In a warming climate, the moisture carrying capacity of the atmosphere is increased 

(Trenberth, 2011) enhancing extreme rainfall (Donat et al., 2016; Fischer & Knutti, 2016) 

which may increase streamflow during floods. Enhancement of rainfall seasonality (Chou et 

al., 2013) may decrease streamflow during hydrological droughts. Additionally, the global 

atmospheric and oceanic circulations are affected (Allan et al., 2020; Durack et al., 2012; 

Trenberth, 2011). Weaker meridional pressure gradients in a warmer climate may lead to the 

amplification of stationary waves causing more persistent rainfall and drought periods (Screen 

& Simmonds, 2014) and rapid shifts between these two regimes (He & Sheffield, 2020; 

Swain et al., 2018; Wang et al., 2017). Changes in monsoon patterns with increasing contrasts 

between land and sea surface temperature (Allan et al., 2020) can similarly increase floods 

and droughts. Land management can also accelerate the water cycle. Agricultural practices 
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can reduce rainwater infiltration into the soil which increases overland flow and thus floods, 

and reduces groundwater recharge and thus low flows during droughts (Bruijnzeel, 2004). 

River engineering (Ward et al., 2020), urbanization (Zhang et al., 2018), and groundwater 

pumping (de Graaf et al., 2019) can have similar effects on streamflow. While there is some 

evidence for the acceleration of the water cycle over the ocean (Durack et al., 2012), there is 

little such evidence over land (Greve et al., 2014; Sharma et al., 2018) because of insufficient 

streamflow data and the confounding effects of the growing human interference in the terres-

trial water cycle (Ward et al., 2020). 

Here, we analyze a comprehensive hydrometeorological, land cover, and human wa-

ter use data set in Brazil and show that water use and deforestation have amplified climate 

change effects on Brazilian streamflow extremes over the past four decades. This region 

encompasses some of the world’s largest basins with mounting concerns of changing floods 

and droughts (Gudmundsson et al., 2021). Our analysis is based on daily streamflow observa-

tions from 886 hydrometric stations (Fig. B.1) for the period from 1980 to 2015. For each 

station, we compute annual time series of annual minimum 7-day streamflow as a measure of 

drought flows, mean daily streamflow as a measure of water availability, and annual maxi-

mum daily streamflow as a measure of flood flows. We quantify the trend magnitude of each 

time series (i.e., local trend) with the Theil-Sen slope estimator, the significance of each trend 

with the Mann-Kendall test, and obtain regional trends by spatial interpolation with ordinary 

kriging.  

For each basin, we consider three climate drivers of streamflow change, computed 

from daily meteorological data from 1980 to 2015: (i) mean daily atmospheric water balance, 

computed as precipitation (P) minus evaporation (E, including transpiration from plants); (ii) 

annual minimum 90-day P – E to indicate droughts caused by seasonal variability; and (iii) 

annual maximum 14-day P – E because, as basin response times range from less than a day in 

small basins to a few months in large basins, the 14-day time scale is a compromise on which 

basins are most sensitive. Additionally, we consider two non-climatic drivers: (i) water use for 

irrigation and other purposes, and (ii) native vegetation cover. All variables are analyzed in 

units of mm d-1 so that they are independent of basin size, except for native vegetation which 

is analyzed in % of basin area. Trends in streamflow and their climate drivers are expressed in 

units of % per decade by dividing each trend by the long-term average value of the same time 

series. We analyze the links between streamflow changes and their drivers with panel regres-

sions, which allows us to investigate the hydrological variability in space and time in a single 

framework. We set the regressions with fixed effects for location and use logarithmic-
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transformed variables. In addition, we explore the acceleration of the water cycle with bivari-

ate frequency distributions with respect to flood and drought flows. 

5.2 Results 

5.2.1 Detection and attribution of streamflow trends 

Our data show that streamflow changes have been widespread in Brazil (Fig. 5.1). 

Further diminishing low flows (i.e., increasing severity of hydrological droughts) can be 

found in southern Amazonia and central-eastern Brazil (Fig. 5.1a) while increasing flood 

flows can be found in Amazonia and in the southeast (Fig. 5.1b). Regional trends in drought 

flows range from -37 to +16% per decade and those in flood flows from -17 to +10% per 

decade. Local trends in drought flows at the hydrometric stations (Fig. B.2) range from -65 to 

+59% per decade and those in flood flows from -39 to +32% per decade. The average trends 

over the entire domain are -5% and -1% per decade for droughts and floods, respectively. Out 

of the 886 stations, 353 and 56 stations show significantly (α = 0.05) decreasing and increas-

ing drought flows, respectively, and the corresponding figures for floods are 104 and 51 

stations. 

 

 
Figure 5.1. Observed streamflow trends and their drivers in Brazil (1980-2015). (a) Change 
in annual minimum 7-day streamflow (drought flows). (b) Change in annual maximum daily 
streamflow (flood flows). Blue and red indicate increasing and decreasing streamflow respec-
tively (in % change relative to the long-term drought or flood flow, per decade). (c-d) Contri-
butions to streamflow change in terms of coefficients of two panel regressions between 
streamflow (n = 25,682 for droughts and 27,299 for floods) and mean daily P – E (precipita-
tion minus evaporation), annual minimum 90-day P – E, annual maximum 14-day P – E, and 
water use. A coefficient of 0.5 indicates that a 1% change in a particular driver leads on 
average to a 0.5% change in drought or flood flows. Error bars represent the standard error. 
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The regression analysis suggests that streamflow change is related to the combined 

effects of climate variability and increasing water use (Fig. 5.1c-d). Drought trends are driven 

primarily by changes in mean daily P – E, with substantial effects of water use and minimum 

P – E (Fig. 5.1c). Water use impacts are noticeable particularly in central-eastern Brazil, 

where decreases in drought flow and increases in water abstraction are the greatest (Fig. B.3-

4). Flood changes are related to maximum P – E and mean daily P – E (Fig. 5.1d), indicating 

that the floods change in response to modified extreme precipitation and antecedent soil 

moisture conditions. 

 

 
Figure 5.2. Streamflow trends and contributing drivers in four hotspots of change. (a) Stream-
flow trends, with light grey boxes indicating minimum 7-day flows (drought flows), medium 
grey indicating mean flows, and dark grey indicating maximum daily flows (flood flows). (b) 
Climatic trends, with light blue boxes indicating minimum 90-day precipitation minus evapo-
ration (P – E), medium blue indicating mean P – E, and dark blue indicating maximum 14-day 
P - E. (c) Water use trends in % of the long-term mean daily streamflow per decade. (d) 
Native vegetation cover trends in percentage points (p.p.) of the total area per decade. The 
boxplots represent the spatial variability of the local trends within each hotspot. (e) The 
hotspot locations (Northern Amazonia – NA, Southern Amazonia – SA, Southern Brazil – SB, 
and Brazilian Highlands – BH). Boxplots show the median value, the first and third quartiles, 
and 1.5 times the interquartile range. Outliers are not shown. 
 

To interpret our results, we focus on four hotspots of change with distinct streamflow 

regimes, land management, and in the upstream areas of major South American basins with 

mounting environmental concerns such as the Amazon, São Francisco, Paraná, Uruguay and 

Iguaçu basins (Fig. B.2-B.4). In the southern Brazil and northern Amazonia hotspots, drought 

flows are aligned with increasing mean P – E and minimum P – E with little land management 

effect on streamflow (Fig. 5.2). Floods in the southern Brazil hotspot, a subtropical region, 

have increased in line with increasing maximum P – E and mean P – E. In the Highlands 

hotspot, a region with intensive agriculture, the reduction of drought flows is aligned with 

decreasing mean P – E and increasing water use but, from the year 2000 onward, drought 

flows have become dissociated from mean P – E with a rapid increase in water use (Fig. B.7). 
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In the southern Amazonia hotspot, drought flows have decreased substantially, even though 

the climatic variables have barely changed, suggesting an effect of large-scale deforestation of 

the tropical rainforest. 

 

 
Figure 5.3. Classification of streamflow trends into accelerating, decelerating, wetting, and 
drying quadrants. (a) Symbols without borders indicate flood and drought flow trends of n = 
886 stations. Hotspots (Northern Amazonia – NA, Southern Amazonia – SA, Southern Brazil 
– SB, and Brazilian Highlands – BH) are indicated by colors. Symbols with borders represent 
the median trend of each hotspot, and the error bars indicate the median temporal uncertainty 
of the trend estimates. (b) Classification of regional trends, with darker colors indicating 
higher areal fraction per bin. 

5.2.2 Four quadrants of streamflow change 

Changes in the extremes may not always be synchronized with changes in mean 

flows. For example, an increase in mean streamflow combined with an increase in the vari-

ance of streamflow could lead to increasing high flows but decreasing low flows. Here, we 

examine how both flow extremes have changed in a single analysis by classifying the trends 

into four quadrants (Fig. 5.3a). The northern Amazonia and southern Brazil hotspots show 

increases in flood and drought flows (wetting conditions), which implies that floods have 

become more frequent and droughts less frequent. The Brazilian Highlands show decreasing 

flood and drought flows (drying), and southern Amazonia increasing floods and decreasing 

drought flows (accelerating). Even though the trends in flood and drought flows are highly 

correlated (Spearman correlation in the spatial variability of regional trends of 0.61, Fig. 

5.3b), there is a tendency towards an accelerating and drying water cycle. A total of 29% of 

the study area has been accelerating (Fig. 5.3b), which is double the expected percentage of a 
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standardized, bivariate normal distribution with a correlation of 0.61 (i.e., the correlation 

between drought and flood flow trends; Equation (5.5) in the Methods section). Moreover, 

25% and 42% of the study area exhibit wetting and drying trends respectively, whereas 35% 

would be expected in a standardized, bivariate normal distribution. These figures are quite 

robust against estimation uncertainty (Fig. B.9). 

 

 
Figure 5.4. Trends of the drivers mapped on the quadrants of the accelerating, decelerating, 
wetting, and drying streamflow trends of Fig. 5.3b. (a) Mean daily precipitation minus 
evaporation (P – E). (b) Maximum annual 14-day P – E. (c) Water use in % of the long-term 
mean daily flow per decade. (d) Native vegetation cover in percentage points (p.p.) of the 
total area per decade. Larger circles indicate higher areal fractions of trends. Colors indicate 
the average trends of the drivers for each bin. (e) Schematic of the main drivers of streamflow 
changes. 
 

In order to analyze the causes of the acceleration of the terrestrial component of the 

water cycle, we computed the average trend of each driver from the locations associated with 

the bins of the bivariate histogram of Fig. 5.3b (Fig. 5.4). Mean P – E trends are strongly 

positive (on average +5% per decade) and negative (on average -3% per decade) in the 

wetting and drying quadrants, respectively (Fig. 5.4a), while they are less important in the 

other quadrants. Increasing water use has amplified the decreasing trends in the drying 

quadrant (Fig. 5.4c). Virtually all areas where water use has increased by more than +0.5% of 

the long-term mean flow per decade are in the drying quadrant. The accelerating quadrant is 

dominated by two factors. The first is increasing trends in maximum P – E which has in-
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creased on average by +2% per decade. The second factor is decreasing native vegetation 

cover. A total of 60% of all areas where native vegetation cover has decreased by more than 2 

percentage points per decade are in the accelerating quadrant. 

5.3 Discussion 

While in the past some of the drivers of streamflow change such as climate (Bar-

ichivich et al., 2018; Cavalcanti et al., 2015; Cunha et al., 2018; Gloor et al., 2013; Heerspink 

et al., 2020; Marengo & Espinoza, 2016; Skansi et al., 2013; Zilli et al., 2019) and land 

management (ANA, 2017, 2019b; Dias et al., 2016; Khanna et al., 2017; Matricardi et al., 

2020; Rajão et al., 2020; Staal et al., 2018) have been analyzed individually in South America, 

here we are showing a clear, spatially coherent signal of streamflow changes that can be 

interpreted in terms of the compound effects of these drivers. Drying trends are the largest in 

central and northeastern Brazil (Fig. 5.5). One possible explanation for the change is the 

southward shift of the South American Convergence Zone (SACZ), a major source of precipi-

tation, which has moved away from central Brazil (Zilli et al., 2019). The drying trends of 

Fig. 5.5 may also be related to a northward displacement of the Intertropical Convergence 

Zone (ITCZ), which has moved the equatorial precipitation band farther away from northeast-

ern Brazil (Cunha et al., 2018). Even though the average temperature has been increasing in 

central and northeastern Brazil over the past four decades (Skansi et al., 2013), evaporation 

trends have been mostly not significant (Fig. B.5) possibly because of reduced precipitation 

water supply. An expansion of irrigated agriculture from 15 to 70 thousand km2 (i.e., by 

367%) (ANA, 2017) from 1980 to 2015 has led to a rapid growth of water abstraction, which 

in 2017 constituted 68% of the total Brazilian water use (ANA, 2019b). Increases in crop 

productivity and water demands due to a drier climate have boosted agricultural water use 

even further (Dias et al., 2016). Water abstraction occurs mainly from May to September 

(ANA, 2017) during the dry season in most of central and eastern Brazil, which has caused a 

substantial reduction in drought flows. 

The northward shift of the ITCZ that has contributed to the reduced precipitation in 

northeastern Brazil has also contributed to the wetting trends in northern Amazonia (Gloor et 

al., 2013; Marengo & Espinoza, 2016), even though average temperature (Skansi et al., 2013) 

and evaporation have increased. On the other hand, the wetting trends in southern Brazil 

might be associated with stronger effects of the El Niño-Southern Oscillation climate mode 
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(Cavalcanti et al., 2015) and the strengthening and southwards shift of the SACZ (Zilli et al., 

2019). 

An acceleration of the terrestrial water cycle has occurred extensively in southern 

Amazonia (Fig. 5.5). The northward shift of the ITCZ is linked to an expansion of dry season 

length (Marengo & Espinoza, 2016) and warmer temperatures, which have increased evapora-

tion particularly in southwestern Amazonia. Extreme wet-season precipitation and floods have 

increased as a result of the intensified ascending air masses of the Walker circulation since the 

1990s (Barichivich et al., 2018). This intensification has been associated with warming trends 

of sea surface temperatures (SST) in the North Atlantic and cooling trends of SST in the 

tropical Pacific (Barichivich et al., 2018).  

 

 
Figure 5.5. Spatial distribution of the accelerating, decelerating, wetting, and drying 
streamflow trends in Brazil. (a) The location of the four quadrants of regional streamflow 
trends, with darker colors indicating larger change intensities. (b) Explanation of the color 
code of (a). Accelerating water cycle has occurred in 29% of the region (2.7 million km2); 
deceleration in 4% (0.4 million km2); drying in 42% (3.9 million km2); and wetting in 25% 
(2.4 million km2). 
 

Another factor contributing to the acceleration trend of streamflow is deforestation, 

i.e., the substitution of tropical native vegetation by croplands and pasture, which has caused 

widespread land degradation in southern Amazonia (Matricardi et al., 2020; Rajão et al., 

2020). Land degradation is associated with reduced soil infiltration capacity through soil 
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compaction by agricultural machinery or grazing, reduction of soil fauna, and continued 

exposure of bare soil (Bruijnzeel, 2004; Rogger et al., 2017). Consequently, surface runoff 

might increase and groundwater recharge decrease, thus both increasing floods and reducing 

the baseflow that maintains drought flows in the dry season (Bruijnzeel, 2004). This effect is 

particularly pronounced where streamflow is highly seasonal and drought flows depend on 

baseflow (Van Loon et al., 2014; Van Loon & Van Lanen, 2012), as in southern Amazonia. 

Additionally, deforestation may increase extreme precipitation by triggering convection due to 

warmer land surface temperatures and increased patchiness (Khanna et al., 2017). On the 

other hand, deforestation may increase dry season length due to reduced moisture recycling 

(Staal et al., 2018) thus further extending hydrological droughts. Annual streamflow to 

rainfall ratios in three small southern Amazonian basins cultivated with soy beans was found 

to be twice that of neighboring forested basins, flows in the dry season were lower and those 

in the wet season were higher (Hayhoe et al., 2011) similar to the present study. In contrast, 

analyses of streamflow in about 50 basins in Amazonia suggest that deforestation has in-

creased low flows, likely because of decreasing transpiration, but without an effect on high 

flows (Heerspink et al., 2020; Levy et al., 2018), indicating that deforestation may potentially 

mask the effects of climate change on the water balance. 

If the observed changes of extreme streamflow continue into the future in an unabat-

ed way, they will have substantial impacts in South America and on the global scale, some of 

which are already manifesting themselves. The impact will differ depending on where the 

region falls in the quadrant classification. In the Brazilian Highlands, for example, which lies 

in the drying quadrant, the drought flow of a 10-year return period has become a 1-year 

drought (90% CI 1, 2) over the past four decades (Fig. B.10). Such an increase in drought risk 

threatens agricultural productivity and global food security (Brás et al., 2019). During the 

2012-2013 drought in Brazil and the U.S., global soybean prices soared to $550 per metric ton 

(Ash & Dohlman, 2013) and it is likely that these types of events will happen more frequently 

in the future. In wetting regions, flood hazards will increase and events such as the 2008 

floods in São Paulo city, which caused damages on the order of 110 million USD (Haddad & 

Teixeira, 2015), may become more frequent. In the urban areas of southeastern South Ameri-

ca, those changes may exacerbate the coastal hazards resulting from sea level rise (Bevacqua 

et al., 2020). 

In regions with an accelerating water cycle, the situation of both droughts and floods 

will deteriorate if current changes continue. In Amazonia, where most of the hydropower 

potential is still untapped (Latrubesse et al., 2017), future reservoir construction will have to 
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account for the increased flood risk as the average 100-year flood in 1980 in the region has 

now become a 25-year flood (90% CI 5, 190) (Fig. B.10). Enhanced flooding may increase 

tree mortality through the inundation of floodplain forests (Gloor et al., 2015), the “Achilles 

heel” of the Amazonian rainforest (Flores et al., 2017) and this process may be exacerbated by 

more intense droughts in the same region (Brienen et al., 2015). Reduced tree longevity could 

accelerate the transformation of Amazonia from a global carbon sink, currently sequestrating 

0.4 Petagrams of carbon per year (25% of the terrestrial world total), to a global carbon source 

(Brienen et al., 2015; Phillips et al., 2009). Reduced vegetation health can further reduce 

moisture recycling, increase the duration of dry spells and extreme precipitation events, 

potentially leading to a tipping point of forest dieback (Staal et al., 2018). 

Given the evidence for the acceleration of the terrestrial water cycle demonstrated 

here for Brazil and by global climate model projections (Field et al., 2012; Guimberteau et al., 

2017), similar climate and land management changes can also occur in other regions. It would 

therefore be advisable to conduct observation-based mapping studies globally. The evidence 

for the acceleration found here also provides an opportunity for Earth System models to 

attribute the joint changes in floods and droughts to climate, deforestation and water use. In 

the face of still increasing carbon emissions and agricultural expansion, climate mitigation 

efforts need to go hand in hand with the adaptation of land management practices, in order to 

maintain food security and infrastructure safety through the compound risk management of 

floods and droughts. 

5.4 Methods 

5.4.1 Streamflow data 

We used daily streamflow data from 886 hydrometric stations obtained from the 

CAMELS-BR dataset (Catchment Attributes and Meteorology for Large-sample Studies – 

Brazil) (Chagas et al., 2020). The hydrometric stations cover most of the largest river basins 

in tropical South America (Fig. B.1). The data have been collected following similar meas-

urement protocols as the average of two daily staff gauge readings converted to streamflow 

through stage-discharge relationships. We selected the study period (1980 to 2015) as a trade-

off between the number of stations and consistent record length since most hydrometric 

stations in the northern and western parts of Brazil were established in the second half of the 

1980s. Only the stations that satisfied the following criteria were included in the study: (i) at 
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least 25 years with less than 5% of data missing; (ii) with data starting before 1990; (iii) with 

data ending after 2005. 

We removed hydrometric stations with typographic errors and unrealistically large 

discharges. Since we are interested in analyzing trends at a large scale, we also removed from 

the analysis the stations strongly affected by urban land cover (covering more than 10% of the 

basin area) or reservoirs (stations with a degree of regulation, i.e., the ratio of total reservoir 

storage capacity to total annual discharge, above 25%). The reservoirs considered were those 

from the CAMELS-BR data set, which is formed by a combination of data from the Global 

Reservoir and Dam database (GRanD) (Lehner et al., 2011), ANA’s Dam Safety Report 2017 

(ANA, 2018) and water bodies identified from Landsat satellite images (Pekel et al., 2016). 

The catchment boundaries were derived from the Global Streamflow Indices and Metadata 

Archive (GSIM) (Do et al., 2018; Gudmundsson et al., 2018). Catchment areas range from 11 

km2 to 5,120,000 km2 with a median of 2,080 km2. 

5.4.2 Climate and land management data 

We used daily precipitation time series from CHIRPS v2.0 (Climate Hazards Group 

InfraRed Precipitation with Station) (Funk et al., 2015) from 1981 to 2015. CHIRPS has a 

spatial resolution of 0.05º and includes data from rain gauges and satellite sensors. Our choice 

of using CHIRPS data was based on a comparison of precipitation trends from several gridded 

datasets (CHIRPS, MSWEP (Beck et al., 2019), PERSIANN (Ashouri et al., 2015), and CPC) 

with precipitation trends of ANA weather stations (ANA, 2019a). For the comparison, we 

estimated trends in the ANA dataset using daily precipitation data from 2315 weather stations 

with at least 25 years without missing values between 1980 and 2015. We interpolated the 

trends from the weather stations with ordinary kriging and correlated the interpolation with 

the trends of the gridded datasets. The trends of the CHIRPS and MSWEP data had the 

highest correlations with those of the weather stations (Table B.1a) and the median trends of 

the CHIRPS data were closest to those of the weather stations (Table B.1b).  

Daily evaporation time series (including transpiration from vegetation) were obtained 

from GLEAM v3.3a (Global Land Evaporation Amsterdam Model) (Martens et al., 2017; 

Miralles et al., 2011) from 1980 to 2015. GLEAM has a spatial resolution of 0.05º and is 

based on satellite soil moisture data and multiple meteorological products. We also conducted 

an alternative analysis using evaporation data from ERA5-Land (Copernicus Climate Change 

Service, 2019; Hersbach et al., 2020) and obtained similar results. 
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We used global land cover data from ESA/CCI Land Cover v2.0.7 (European Space 

Agency/Climate Change Initiative) from 1992 to 2015 with a 300-meter spatial resolution and 

annual temporal resolution. We merged the following land cover classes: forests, shrublands, 

grasslands, sparse vegetation, and wetland. For simplicity, we denote this merged class as 

native vegetation cover. 

Consumptive water use (i.e., abstracted water that does not directly return to the river 

basin) was extracted from the ANA’s Manual of Consumptive Water Use in Brazil (ANA, 

2019b). The data set is composed of monthly water use estimates for each municipality in 

Brazil from 1931 to 2015, classified into six categories: (i) irrigation, mapped from satellite 

images and characterized using national agricultural censuses; (ii) livestock, mapped from 

national agricultural censuses; (iii) households, estimated from the number of people in each 

municipality; (iv) industry, estimated from the number of employees in each industrial catego-

ry; (v) mining, estimated from annual production; and (vi) cooling water for thermal power 

plants, estimated from annual production. Evaporation from reservoirs is not included in the 

estimates of ANA, thus water use might be underestimated in some regions. We assumed 

water use in each municipality to be spatially homogeneous and converted the data to a 500-

meter grid. Water use outside Brazil was not considered since the data were not available, but 

the main basins outside Brazil are in western Amazonia which has minor anthropogenic 

interventions. 

5.4.3 Trend analysis 

For each hydrometric station we computed annual time series from 1980 to 2015 for 

the following variables: (i) minimum 7-day streamflow (drought flows), as it is widely used in 

Brazilian water management and trend analysis worldwide (Blum et al., 2019; Chagas & 

Chaffe, 2018; Cigizoglu et al., 2005; Dudley et al., 2020; Ehsanzadeh & Adamowski, 2010; 

Fiala et al., 2010); (ii) mean daily streamflow (water availability); (iii) maximum daily 

streamflow (flood flows); (iv) minimum 90-day precipitation (P) minus evaporation (E, 

including transpiration from vegetation); (v) mean daily P – E; (vi) maximum 14-day P – E; 

(vii) native vegetation cover; (viii) consumptive water use. The meteorological, native vegeta-

tion and water use variables are computed considering the contributing basin area of their 

respective hydrometric stations. The annual time series are computed in units of mm d-1 so 

that their values are independent of basin size, except for native vegetation, which is comput-

ed in % of the basin area. Changing the time scales of maximum and minimum P – E did not 
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modify the conclusions; the minimum 90-day P – E had correlations of at least 0.79 with other 

time scales ranging from 60 to 120 days; similarly, the maximum 14-day P – E had correla-

tions of at least 0.77 with other time scales ranging from 7 to 30 days. Similarly, changing the 

minimum 7-day streamflow and maximum daily streamflow by the 5th and 95th flow percen-

tiles yielded similar results, as the Spearman correlations between their local trends are 0.94 

and 0.72 respectively. In order to capture both the dry and wet seasons well, we used the 

water year from March to February for the minimum 7-day flow and minimum 90-day P – E; 

and from September to August for the other variables. 

A linear trend magnitude in each annual time series (i.e., local trend) was estimated 

with the Theil-Sen slope estimator (Sen, 1968; Theil, 1950) (Fig. B.2-B.5). We evaluated the 

statistical significance of the trends with the Mann-Kendall test (Mann, 1945). We removed 

significant (at the 5% level) lag-1 autocorrelation by trend-free pre-whitening (Yue et al., 

2002). We multiplied the trend magnitude by 10 to express it in terms of change per decade. 

The estimated local trend in each series was divided by the long-term average value of its own 

time series to transform it into units of % change per decade. For example, the lower Madeira 

river in southern Amazonia (gauge ID 15700000, latitude -5.8167, longitude -61.3019) has a 

drought flow trend of -0.00588 mm d-1 yr-1 and a long-term average drought flow of 0.4398 

mm d-1, which results in a trend of -13.4% per decade. There are two exceptions to this 

transformation: (i) native vegetation cover, for which no transformation was necessary be-

cause the data is already in % of the basin area, therefore its trends are expressed in percent-

age points per decade; and (ii) water use, which was instead divided by the long-term mean 

daily streamflow because it is a more relevant index to relate to water abstractions. 

We estimated regional trends (Fig. 5.1, Fig. B.2-B.5) by spatially interpolating local 

trends with ordinary block kriging using the gstat R package (Gräler et al., 2016; Pebesma, 

2004) and the best fit variogram models. The regional trends of the drivers are estimated by 

interpolating the local trends (which considers the contributing basin area of the hydrometric 

stations) so that it is consistent with the regional streamflow trends. The blocks are sized 4º by 

4º (approximately 445 by 445 km at the equator), which allows for a robust analysis particu-

larly in the Amazon (where gauge density is the lowest) with on average three gauges in each 

block. Interpolations using block sizes ranging from 1º by 1º to 6º by 6º yield similar results. 

The uncertainties of the estimated local trends (Fig. 5.3a and Fig. B.2-B.4) were evaluated 

with bootstrapping (Wilcox, 1998) (α = 0.34) and the uncertainties of regional trends with 

kriging standard deviations (i.e., kriging errors) (Fig. B.2-B.4). We checked the correlations 
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between trends and catchment area to potentially account for its effect in the interpolation 

(Hodgkins et al., 2017), but the Spearman correlations were close to null. 

To evaluate the possible inflated variance effects on the spatial interpolation due to 

the spatial correlation between stations, which could lead to an overestimation of regional 

trends, we repeated the trend interpolation using two subsets of randomly selected stations: (i) 

using only stations with distances larger than 0.5º from each other (Fig. B.6); and (ii) using 

only stations with distances larger than 1º from each other (Fig. B.6). The spatial patterns of 

the trends are similar to those using all stations, with Spearman correlations of at least 0.93 

between them. Additionally, we computed the regional Mann-Kendall test (Helsel & Frans, 

2006) for the trends in each hotspot of change. Changes in flood flows and drought flows are 

statistically significant for every hotspot (p < 0.001). 

5.4.4 Trend attribution 

We evaluated the potential causes of streamflow trends with panel regressions (Fig. 

5.1c-d), similarly to previous studies (Bassiouni et al., 2016; Blum et al., 2020; Steinschneider 

et al., 2013). Panel regression includes time series data across multiple cross-sections (i.e., 

basins) in a single regression framework, allowing us to investigate the hydrological variabil-

ity both in space and in time. We use fixed-effects (for location) regressions as we are mostly 

interested in analyzing the impacts of variables over time and as indicated by a significant (p 

< 0.001) Hausman specification test (Hausman, 1978). We compute two panel regressions, 

one for drought flows and another for flood flows. The drought flows regression has the form: 

lnS��[=�,\T = B)lnS���,\T +  B�lnS��[=�,\T + B]lnS �̂,\T + B_ �`a�,\ + @� + b�,\ (5.1) 

where Qmini,t is the drought flow (i.e., minimum annual 7-day minimum flow) of basin i at 

year t; Pmi,t is the mean daily P – E for that basin and year; Pmini,t is the minimum annual 90-

day P - E; Ui,t is the mean daily consumptive water use; Vegi,t is the percentage of native 

vegetation; β0 to β4 are the coefficients of the independent variables; αi represents the intercept 

for basin i and ui,t represents the idiosyncratic error. The flood flows regression has the form: 

lnS��Uc�,\T = B)lnS���,\T +  B�lnS��Uc�,\T + B]lnS �̂,\T + B_ �`a�,\ + @� + b�,\ (5.2) 

where Qmaxi,t is the flood flow (i.e., maximum annual daily flow) of basin i at year t; and 

Pmaxi,t is the maximum annual 14-day P – E. We use logarithms of mm d-1 units for all 
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variables except native vegetation as it is already expressed in percent coverage. Therefore, 

the regression coefficients can be interpreted in relative terms. For example, a 1% change in 

maximum annual P – E would lead to a β2% change in flood flows assuming that the remain-

ing independent variables are unchanged. We computed the standardized errors of the regres-

sion coefficients with robust covariance matrix estimators (MacKinnon & White, 1985). The 

regression analysis was performed with the R packages plm (Croissant & Millo, 2008), 

sandwich (Zeileis, 2006; Zeileis et al., 2020) and lmtest. 

The panel regressions were computed in two steps. First, we computed the regres-

sions of Equations (5.1) and (5.2) for the years 1992 to 2015, which is the period covered by 

vegetation data. Both regressions had null and non-significant (p > 0.01) native vegetation 

coefficients. Thus, we removed the native vegetation terms and computed the regressions a 

second time including data from 1980 to 2015 (Fig. 5.1c-d). The regressions are robust to 

changes in the analysis period, with similar coefficients for the two time intervals analyzed 

(1992-2015 and 1980-2015). 

We investigate the interannual variability of streamflow and its drivers in four 

hotspots with mounting environmental concerns (Fig. 5.2, Fig. B.2). The selected hotspots are 

located in the upstream areas of major South American basins with distinct streamflow 

regimes, land and water management. The Brazilian Highlands hotspot has widespread water-

intensive crops with increasing drought and water scarcity issues (Bevacqua et al., 2021; 

Getirana et al., 2021), which covers the most arid regions upstream of the São Francisco and 

Paraná basins. The Southern Amazonia and Northern Amazonia hotspots have been under 

large-scale deforestation with potential hydrometeorological impacts (Khanna et al., 2017; 

Longo et al., 2020; Nobre et al., 2016), particularly in the south where land cover change is 

the highest (Hansen et al., 2013; Matricardi et al., 2020). The Southern Brazil hotspot has 

been under increasing flooding in recent decades (Cavalcanti, 2012; Chagas & Chaffe, 2018), 

which covers the upstream areas of the subtropical Uruguay and Iguaçu basins. We note that 

the results are robust to variations in hotspot sizes (by ± 20%) and orientations (by ± 20º). 

Following the methodology of a previous study (Blöschl et al., 2019), for each 

hotspot we standardized the annual time series at the stations of each variable to zero mean 

and unit variance to make the time series comparable within hotspots (Fig. B.7), for example: 

��,d� = ��,d − efghfg
 (5.3) 
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where efg is the mean and hfg is the standard deviation of the streamflow time series for 

station k, from which we estimated the long-term mean efi for each hotspot and the square 

root hfi of the mean temporal variance. We compared the results between hotspots by 

denormalizing the series k of each hotspot h: 

��,d∗ = hfi��,d� + efi (5.4) 

The hotspot time series (Fig. B.7) were smoothed using the LOESS method with a 

smoothing parameter of 0.5. 

5.4.5 Quadrant classification 

We examine how both flow extremes have changed in a single analysis using the 

quadrant classification. We classified the trends into four quadrants (Fig. 5.3): (i) wetting, 

when trends in drought flows and flood flows were positive; (ii) drying, when trends in 

drought flows and flood flows were negative; (iii) accelerating water cycle, when trends in 

drought flows were negative but those in flood flows positive; (iv) decelerating water cycle, 

when trends in drought flows were positive but those in flood flows negative. To analyze the 

role of the drivers in these changes we first computed a 2-dimensional histogram of regional 

trends in drought flows and flood flows (Fig. 5.3b). Then, we identified the spatial coordi-

nates included in each 2-dimensional bin of the histogram. For each bin, we computed the 

average regional trends of the drivers at the associated spatial coordinates and plotted them 

along with their relative frequencies (Fig. 5.4 and Fig. B.8). 

To determine the expected trend frequency in each quadrant, we considered the 

standardized, bivariate-normally distributed variables Z1 and Z2 evaluated with respect to 

regional trends in drought and flood flows. The quadrant probability can be evaluated (Cra-

mér, 1999) as 

P(lm ≤ 0, ln ≤ 0) =  P(lm ≥ 0, ln ≥ 0) =  14 + sin()(?)2π  (5.5) 

where ρ is the correlation of Z1 and Z2. A significant correlation between changes in drought 

and flood flows is expected as they are often consistent with each other and the entire flow 

distribution moves either upward or downward (Gudmundsson et al., 2019, 2021). Here, we 

set ρ to 0.61, corresponding to the spatial correlation between the regional trends in drought 
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and flood flows found in the trend analysis in the present study (Fig. 5.3b). According to 

Equation (5.5), in a random set, 15% of the trends would be expected to fall in each of the 

accelerating and decelerating quadrants and 35% in each of the drying and wetting quadrants. 

To demonstrate the robustness of the results, we examined the sensitivity of trend 

frequency in each quadrant as a function of the spatial uncertainty in regional trends (ie., the 

kriging errors) (Fig. B.9). Even if 30% of the locations with the highest average kriging errors 

were not considered in the analysis, the areal coverage of the accelerating quadrant would 

only change from 29% to 24%, which is still well above that of a random sample (i.e., 15%). 

The drying quadrant becomes even more frequent and the wetting quadrant less frequent as 

the locations with the highest kriging errors are not considered. 

5.4.6 Changes in the return period 

In evaluating observed changes in the return periods of drought and flood flows (Fig. 

B.10), we followed a previous study (Blöschl et al., 2019) where the location parameter of the 

probability distribution is allowed to change with time. For compatibility of streamflows in 

catchments of different sizes, this analysis was made using streamflow per unit catchment 

area. The probability density function f(x) of the annual maximum, x, was estimated for each 

station using a generalized extreme value distribution (GEV) 

p(c|e\ , h, r) = 1h s1 + r *c − e\h -t(u)vw)x exp y− s1 + r *c − e\h -tz()v
 (5.6) 

where µ  is the location, σ is the scale, and ξ is the shape parameter of the GEV distribution. 

The location parameter, µ t, changes linearly with time t as 

e\ =  U + VD (5.7) 

The parameters a, b, σ, and ξ were estimated from the maximum flow series using 

Bayesian inference through a Markov chain Monte Carlo (MCMC) with the Differential 

Evolution Adaptive Metropolis (DREAM(ZS)) (Luke et al., 2017; Vrugt, 2016). Non-

informative uniform prior distributions were used for a, b, and σ, whereas a normal distribu-

tion consistent with the geophysical prior (Martins & Stedinger, 2000) was used for ξ. We 

drew 12,000 parameter samples from the posterior distributions, from which 12,000 100-year 

flood flows in 1980 were calculated for each station by inverting the cumulative distribution 
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function of the GEV and using Equation (5.7) with t = 1,980. The changed return period of 

these 12,000 flood flows in 2015 were computed using the cumulative distribution function of 

the GEV and using Equation (5.7) with t = 2,015. Finally, the median of the 12,000 return 

periods was used as the 2015 return period of the 100-year flood flow in 1980. 

In the case of low flows, Equation (5.6) was used after taking the negative of the 

original minimum 7-day flow series. The parameters a, b, σ, and ξ were estimated using the 

same MCMC algorithm (Luke et al., 2017; Vrugt, 2016) with non-informative priors for all 

parameters in this case. We drew 12,000 parameter samples from the posterior distributions, 

from which 12,000 10-year minimum 7-day flows in 1980 were calculated. The changed 

return period of these 12,000 drought flows in 2015 were computed using the cumulative 

distribution function of the GEV and using Equation (5.7) with t = 2,015. Finally, the median 

of the 12,000 return periods was used as the 2015 return period of the 10-year drought flow in 

1980. Those stations for which the 5th and the 95th percentiles of the uncertainty distribution 

agreed in the sign of change are plotted as large points in Fig. B.10, whereas the remaining 

stations are plotted as smaller points to indicate the uncertainty involved in the estimation. 
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6 DROUGHT-RICH PERIODS WERE TWICE AS FREQUENT AS FLOOD-RICH 

PERIODS IN BRAZIL FROM 1940 TO 2020 

This chapter presents the following manuscript under preparation: 

Chagas, V. B. P., Chaffe, P. L. B., & Blöschl, G. (2023). Drought-rich periods were 

twice as frequent as flood-rich periods in Brazil from 1940 to 2020. Under review at Water 

Resources Research. 

6.1 Introduction 

The magnitudes of droughts and floods have considerably changed worldwide in re-

cent decades (Gudmundsson et al., 2021; Milly et al., 2015; Slater et al., 2021). These chang-

es are often analyzed through linear trends spanning up to five decades, but as the analysis 

period increases, hydrometeorological time series start exhibiting decadal to multidecadal 

variabilities including abrupt shifts and temporal clustering (Blöschl et al., 2020; Cook et al., 

2022; Kundzewicz et al., 2019; Markonis & Koutsoyiannis, 2016). Droughts and floods may 

be clustered into drought-rich and flood-rich periods, when they occur within a few decades, 

rather than sparsely distributed over the century. Understanding how drought- and flood-rich 

periods arise and their causes remain an unsolved problem in hydrology (Blöschl, Bierkens, et 

al., 2019), suggesting that we should go beyond linear trend analyses as they may underesti-

mate other forms of nonstationarity (Hannaford et al., 2013). 

The temporal persistence of hydrometeorological time series has been observed 

across a range of time scales, from decades to millennia. Evidence indicates that, in the 20th 

century, meteorological drought-rich periods followed cycles of 12-13 years in Europe (Ionita 

et al., 2012), multidecadal variability in Australia (Kiem & Franks, 2004) and the U.S. 

(McCabe et al., 2008; Seager, 2015), and cycles of 48 years in Thailand (Buckley et al., 

2007). Similarly, flood-rich periods have been identified in Africa (Bola et al., 2022), Austral-

ia (Liu & Zhang, 2017), and Europe (Blöschl et al., 2020; Lun et al., 2020; Tarasova et al., 

2023). However, precipitation persistence is significantly larger in the southern hemisphere 

than in the northern hemisphere (O’Connell et al., 2022). In South America, hydrometeoro-

logical anomalies have been detected at multidecadal scales (García & Mechoso, 2005; 

Marengo et al., 2018; Saurral et al., 2017) and centennial scales in reconstructed paleoclimatic 

records (Bernal et al., 2016; Flantua et al., 2016; Morales et al., 2020; Vuille et al., 2012). 

Most South American anomalies have been linked with sea surface temperature variabilities 
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in the Pacific and Atlantic oceans (Cavalcanti, 2012; Flantua et al., 2016; Grimm, 2019; Lima 

& AghaKouchak, 2017; Marengo et al., 2018), especially long-term variabilities in the Atlan-

tic Multidecadal Oscillation (AMO) and Pacific Decadal Oscillation (PDO) (Grimm, 2019). 

It is unclear, however, how drought-rich and flood-rich periods are linked with one 

another and if their occurrence is symmetric in terms of frequency, duration and spatial extent. 

While research has simultaneously investigated linear trends in droughts and floods (e.g., 

Chagas et al., 2022a; Ekolu et al., 2022; Gudmundsson et al., 2021), the concurrent analysis 

of streamflow drought-rich and flood-rich periods and their causes has not been undertaken on 

a large-scale in Brazil, particularly over periods nearing a century. In this study, we address 

the following questions: 

 

(i) How frequent were drought-rich and flood-rich periods in Brazil from 1940 to 2020? 

(ii) What are their spatiotemporal characteristics? 

(iii) How are drought-rich and flood-rich periods linked with rainfall-rich periods, rain-

fall-poor periods, the Atlantic Multidecadal Oscillation and the Pacific Decadal Os-

cillation? 

 

We analyze observed daily streamflow data of 319 river basins and rainfall data of 

312 gauges from 1940 to 2020. For each gauge, we compute the time series of minimum and 

maximum annual streamflow and detect drought-rich and flood-rich periods using scan 

statistics assuming a Bernoulli process (Lun et al., 2020). We analyze extreme events that 

exceed thresholds of 5, 10, and 20-year return periods. The causes of drought-rich and flood-

rich periods are investigated using quasi-Poisson regressions as a function of rainfall-rich 

periods, rainfall-poor periods, water use for irrigation and other purposes, and anomalies in 

the AMO and PDO. 

6.2 Data and Methods 

6.2.1 Data 

We examine daily streamflow data from 319 river gauges (ANA, 2019; Chagas et al., 

2020) and daily rainfall data from 312 rainfall gauges (ANA, 2019). Our analysis includes 

only gauges with at least 60 years of data from 1940 to 2020, ensuring that each year has at 

least 80% of the daily data available. We visually inspected the time series of each gauge, 

excluding from the analysis gauges with zeroes instead of missing data, orders of magnitude 
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greater than expected, or abrupt changes tied to instrument changes or anthropogenic influ-

ence. Furthermore, we restrict our investigation to rainfall gauges located within 50 km of the 

analyzed river basin boundaries. This constraint ensures a closer match between the spatial 

distribution of rainfall and streamflow gauges. 

The streamflow data are also contrasted with water use and sea surface temperature 

data. The consumptive water use data include water use for irrigation and other purposes that 

do not return to the basin (such as via evaporation or incorporation into products), spanning 

from 1940 to 2017 on an annual scale (ANA, 2019b). The sea surface temperature anomaly 

data from the Pacific Decadal Oscillation and Atlantic Multidecadal Oscillation cover from 

1940 to 2020 at a monthly time scale (Huang et al., 2017).  

6.2.2 Detection of flood-rich and drought-rich periods 

We detect flood-rich and drought-rich periods using the scan statistics method of Lun 

et al. (2020). For each river gauge, we compute the time series of maximum annual flow 

(water year starting in September) and minimum annual 7-day flow magnitudes (water year 

starting in March). A flood event is defined by when the maximum annual flow of a river 

basin exceeds a threshold defined by a recurrence interval, here computed for three scenarios 

of 5, 10, and 20-year return periods (Fig. 6.1a shows 10-year thresholds). Similarly, stream-

flow drought events are defined by when the minimum annual 7-day flow falls below its 

corresponding return period thresholds (Fig. 6.1d). The thresholds are estimated with order 

statistics (Makkonen & Pajari, 2014) as it does not assume a distribution, is less prone to bias, 

and allows for an exact count of flood and drought events at each time series depending on its 

length and the return period. Given a median length of the annual time series of 79 years, the 

three return period scenarios lead to a total of 16, 8, and 4 flood and drought events respec-

tively for each gauge analyzed. Furthermore, the scanning method does not allow for missing 

values in the annual time series, so we interpolated the missing data in some gauges using 

linear regression with the highest correlated gauge as a donor. On average, 8% and 13% of the 

annual streamflow and rainfall time series were reconstructed, which may impact particularly 

the spatial consistency of the results. 

Flood-rich and drought-rich periods are defined by when the occurrence of floods 

and droughts at the annual time scale deviates from a reference condition of independently 

and identically distributed series, as modeled by a Bernoulli process (Lun et al., 2020). In 

other words, these are periods when flood and drought occurrences are significantly clustered 
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in time. Given an annual time series of length n, we calculate the number of flood events (or 

droughts) observed in each window of w years that runs from the start to the end of the series. 

We scan for and identify the window with the most events, marking it as a potential flood-rich 

or drought-rich period. The probability of occurrence of k or more events within a window, 

given that a events are observed over the entire time series, is denoted by P(k | w,n,a). A larger 

number of k events within a window correlates with lower probabilities and, if below a 

significance level α, indicates a significantly anomalous flood-rich or drought-rich period. 

Thus, flood occurrence (or drought) in a river basin can be either sparsely distributed over the 

years without a significant time cluster, such as the example shown in Fig. 6.2a, or include a 

significant flood-rich period (or drought) such as in Fig. 6.2b, where 6 out of 8 floods (1940-

2015) were clustered within a 13-year window from 1979 to 1992. 

 

 
Figure 6.1. Exceedance thresholds of 10-year return period (a) floods, (b) Pmax (maximum 
annual 14-day rainfall), and (c) Pmean (mean annual rainfall). Corresponding thresholds for 
when values drop below the 10-year (d) drought flows, (e) Pmin (minimum annual 180-day 
rainfall), and (f) Pmean. 

 

We consider different window sizes for the return periods of 5 years (w = 6, 9, 12 and 

16 years), 10 years (w = 7, 13 and 21 years), and 20 years (w = 7 and 21 years). This is 
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because the results vary considerably depending on the significance level (not shown). The 

number of significant flood-rich (or drought) periods relative to α is inflated for lower α, 

particularly those below 0.01. Thus, for comparable results between window sizes and return 

periods, we selected only window sizes with probabilities close to 0.05, even though they are 

never exactly 0.05 due to the discrete nature of the method (see Table C.1 for probabilities of 

10-year return period events).  

 

 
Figure 6.2. Example of a series (a) without significant time clusters (gauge ID 83690000) and 
(b) with a significant flood-rich period (p < 0.01) (gauge ID 83440000). The dashed line is the 
10-year return period threshold, the black bars are floods above the threshold and the grey 
bars are flows below the threshold. The shaded area in (b) is the window when the flood-rich 
period was detected. 

6.2.3 Determining the causes of flood-rich and drought-rich periods 

We explore relationships between flood-rich and drought-rich periods with rainfall, 

water use, and sea surface temperature by contrasting their spatiotemporal patterns, grouping 

the gauges into regions, and applying quasi-Poisson regression models for the count of gauges 

with time clusters in each region. Initially, we investigate rainfall-rich and rainfall-poor 

periods at each rainfall gauge for various indices: Pmax-rich periods (using maximum annual 

14-day rainfall time series, Fig. 6.1b); Pmean-rich (abnormally wet mean annual rainfall, Fig. 

6.1c); Pmin-poor (minimum annual 180-day rainfall, Fig. 6.1e); and Pmean-poor (abnormally 

dry mean annual rainfall, Fig. 6.1f). Similar rainfall indices have been linked with trends in 

Brazil in the past four decades (Chagas et al., 2022a). Next, we group rainfall and river 

gauges into four regions with similar climates and biomes: South (temperate climate with low 

seasonality); Center (tropical monsoonal climate); Southeast (tropical coastal and mountain-

ous climates); and Northeast (semiarid). Grouping into large-scale regions lets us focus on the 
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climatic component of floods and droughts and limit local-scale impacts of artificial regula-

tion and anthropogenically-induced changes. In each region, we count the number of gauges 

with significant flood-rich, drought-rich, rainfall-rich and rainfall-poor periods at each year. 

Finally, we use quasi-Poisson regressions for each region to model flood-rich counts as a 

function of Pmax-rich and Pmean-rich counts. Drought-rich counts are modeled as a function of 

Pmin-poor, Pmean-poor, and the average water use relative to the mean annual streamflow. 

Similar models are used to explore links between flood- and drought-rich counts, the Atlantic 

Multidecadal Oscillation and the Pacific Decadal Oscillation, the last two analyzed as long-

term anomalies from a 121-month moving average. 

Quasi-Poisson regressions between streamflow and rainfall are computed with a lin-

ear link between the dependent and independent variables, as count data are present on both 

sides of the equation and the water use data follows an exponential distribution. In contrast, 

the regressions between streamflow and sea surface temperature are analyzed with a natural 

logarithmic link. The quasi-Poisson model is appropriate for our data as it has distinct pa-

rameters for the mean and variance, in contrast with the Poisson model. We include an offset 

in the regressions to transform the count data into relative frequencies ranging from 0 to 

100%. Standard errors are calculated using robust covariance matrix estimators (MacKinnon 

& White, 1985). The statistical significance of coefficients is analyzed with z-scores, comput-

ed as the ratio of the coefficient estimate to the standard error. The regressions’ goodness of fit 

is evaluated using a pseudo R2 of McFadden (1973), which cannot be interpreted as the 

variance explained by the model. We examined alternative regressions that include interac-

tions among the terms, with results close to those presented here (not shown). 

6.3 Results 

6.3.1 Frequency of drought-rich and flood-rich periods 

Between 1940 and 2020, basins with significant streamflow drought-rich periods 

were 2.2 times as frequent as those with flood-rich periods (Table 6.1; α = 0.531). This ratio 

considers droughts and floods that exceed a 10-year return period threshold and a statistical 

significance in at least one window size, ensuring the same total number of droughts and 

floods are identified in each time series. Drought-rich periods were observed in 61.1% of the 

basins, 11.5 times higher than the expected value from the type I error of 5.31%. In contrast, 

flood-rich periods occurred in 27.9% of the basins, 5.3 times the expected value. This flood-

rich frequency is similar to those found in Europe, which range from 2 to 4 times above the 
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expected value (Lun et al., 2020; Merz et al., 2016). Overall, 72.1% of the basins had either a 

significant drought- or flood-rich period, with 16.9% experiencing both drought- and flood-

rich periods, although mostly non-concurrent. Thus, over the past 80 years, the assumption of 

independently and identically distributed series, commonly used in statistical hydrology, is not 

met in most river basins. 

 

Table 6.1. Frequency of gauges with significant drought-rich, flood-rich periods, Pmax-rich 

(maximum annual 14-day rainfall), Pmean-rich (mean annual rainfall), Pmin-poor (minimum 
annual 180-day rainfall), Pmean-poor periods from 1940 to 2020. The expected values repre-
sent the significance level (type I error) and the last column is the ratio of the observed 
frequency to what would be expected by chance. The values presented are for 10-year return 
period events. 

 

Variable Total n. of gauges Frequency (%) Expected (%) Freq. / Expected (-) 

Drought-rich 319 61.13 5.31 11.52 
Pmin-poor 312 31.73 5.31 5.97 
Pmean-poor 312 21.47 5.30 4.05 

Flood-rich 319 27.90 5.31 5.26 
Pmax-rich 312 12.82 5.29 2.42 
Pmean-rich 312 20.51 5.30 3.87 

 

Rainfall-rich and -poor periods have also been widely detected (Table 6.1). A total of 

43.6% of the rainfall gauges recorded either a significant Pmin-poor or Pmean-poor period. Both 

rainfall indices are associated with streamflow droughts as, in the tropics, they are commonly 

caused by dry spells in the season immediately before the drought (Pmin-poor) or by abnor-

mally low rainfall in the previous wet season resulting in reduced groundwater recharge 

volumes (Pmean-poor) (Van Loon & Van Lanen, 2012). In contrast, 29.2% of the gauges 

recorded either a significant Pmax-rich or Pmean-rich period, both of which could lead to floods 

due to extreme rainfall events (Pmax-rich) or abnormally wet years resulting in humid soils 

(Pmean-rich) (Chagas et al., 2022b). 

The number of gauges with time clusters is notably related to the window size ana-

lyzed (that is, the time scale) and the return period threshold (Fig. 6.3). The frequency of time 

clusters decreases as the thresholds for droughts and floods get more restrictive, that is, higher 

return periods (Fig. 6.3). Drought-rich periods were detected in at least one window size in 

73.4% of the basins considering 5-year droughts, 61.1% for 10-year droughts, and 49.8% for 

20-year droughts. For floods, these values are 33.2%, 27.9%, and 17.2%. A similar pattern is 

observed for rainfall extremes. However, the relationship between the frequency of time 

clusters and window size varies considerably for streamflow and rainfall. While the frequency 
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of drought- and flood-rich periods is stable across window sizes, the frequency of rainfall-rich 

and -poor periods is close to zero in smaller windows and nearly as high as streamflow 

clusters in larger windows. Streamflow time clusters are common at time scales as small as 6 

years, but rainfall time clusters are mostly observed in time scales above 15 years. This 

suggests that streamflow extremes exhibit a stronger interannual dependency compared to 

rainfall extremes. 

 

 
Figure 6.3. Frequency of gauges with significant drought-rich, flood-rich, rainfall-rich and 
rainfall-poor periods as a function of the running window size (that is, the time scale) and 
return period thresholds of 5, 10, and 20 years. 

6.3.2 Spatiotemporal distribution of drought-rich and flood-rich periods 

Drought-rich periods were observed across most of the study area, while flood-rich 

periods were observed mainly in the south, southeast, and center (Fig. 6.4a, 6.4d, 6.4g). The 

results are shown for 10-year return periods but are similar for 5 and 20-year return periods. 

On the other hand, rainfall time clustering shows a different pattern, with a clear spatial 

configuration only for 21-year windows. The northeast has the lowest frequency of rainfall 

time clusters. In the southeast and center, there is a higher frequency of Pmin-poor periods 

compared with Pmax-rich (Fig. 6.4h), contrasted by a lower frequency of Pmean-poor periods 

than Pmean-rich (Fig. 6.4i). 

Drought-rich and flood-rich periods have changed considerably since 1940, exhibit-

ing three main cycles: a dry period in the initial decades; a shift in the late 1970s with fre-

quent flooding; and another reversal in the 2000s marked by a predominance of droughts. The 
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temporal evolution can be seen in Fig. 6.5, showing the spatial distribution of time clusters in 

each decade, and in Fig. 6.6, which displays the number of gauges with a significant time 

cluster in each year in four regions. 

 

 
Figure 6.4. Spatial distribution of gauges with significant time clusters for (a-c) 7-year 
windows, (d-f) 13-year windows, and (g-i) 21-year windows considering 10-year return 
period thresholds. 

 

The first dry period extends from the 1940s to the 1960s (Fig. 6.5), with a peak num-

ber of basins with significant drought-rich periods in the 1950s (Fig. 6.6). The drought-rich 

periods are typically aligned with rainfall-poor periods, more prevalent in the south (Fig. 6.6c) 

and less frequent in the southeast (Fig. 6.6a). However, most records of this period’s socioec-

onomic impacts are from the northeast, as it is the most arid and susceptible region, with 

consequences such as mass emigration and economic losses (Marengo et al., 2017; Ponce, 

1995). 
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Figure 6.5. Spatial distribution of gauges with significant time clusters in each decade, 
considering 10-year return period thresholds and a significance in at least one window size. 
The gauges with significant clusters are plotted only in the decade that includes the central 
year of the cluster window. 
 

The dry period was reversed in the late 1970s and early 1980s, with an increased 

number of basins with flood-rich periods mainly in the south and central regions (Fig. 6.6c, 

6.6d). The 1980s was the wettest period in a large part of Brazil since 1940, witnessing some 

of the largest floods recorded (Fleischmann et al., 2020). The shift from dry to wet period 

started with an increase in rainfall-rich periods, linked with a shift in the Pacific Decadal 
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Oscillation in the late 1970s (Carvalho et al., 2011; Jacques-Coper & Garreaud, 2015), later 

followed by flood-rich periods (Fig. 6.5). This delay between the rainfall-rich and flood-rich 

periods suggests that basins may take several years to recharge the groundwater deficit 

accumulated from previous droughts. 

 

 
Figure 6.6. Time series of the frequency of gauges with significant drought-rich, flood-rich, 
rainfall-rich and rainfall-poor periods in (a) the southeast (number of river gauges nq = 117, 
number of rainfall gauges np = 129), (b) northeast (nq = 58, np = 33), (c) south (nq = 75, np = 
47), and center (nq = 69, np = 103). Each year counts the number of gauges that were in a 
significant time cluster. 

 

The second dry period started in the 2000s, with an increased frequency of basins 

with drought-rich periods in most regions except for the south (Fig. 6.6). There were more 

basins with significant drought-rich periods than in the first dry cycle before 1970, with 

frequencies up to 48% of the basins in the northeast region, 39% in the southeast, and 30% in 

the center (Fig. 6.6). Streamflow in the 2010s often reached record lows (Cuartas et al., 2022; 

Getirana et al., 2021), resulting in severe water crises like those in São Paulo in 2014-2015 

(Braga & Kelman, 2016) and partial disruption of the national hydropower generation (To-

masella et al., 2022). However, rainfall-poor periods were not as frequent as drought-rich 
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periods after 2000. The higher frequency of drought-rich basins can be related to a combina-

tion of lower rainfall volumes (which are insufficient for a significant rainfall-poor period) 

and a rapid increase in water abstractions. This is especially evident in the central (Fig. 6.6d) 

and northeastern regions (Fig. 6.6b), which aligns with the linear trend analysis of Chagas et 

al. (2022a) for the period 1980-2015. Furthermore, a part of Brazil, close to the Doce river 

basin in the southeast, experienced an increase in both drought-rich and flood-rich periods 

simultaneously (Fig. 6.5), suggesting that the acceleration of the water cycle (Chagas et al., 

2022a) may be perceptible even in the most extreme events. 

6.3.3 Links with rainfall, water use, and sea surface temperature 

Two out of the four regions analyzed had a good alignment between the time series 

of drought-rich periods, rainfall-poor periods and water use in terms of quasi-Poisson regres-

sions (Fig. 6.7a). In the northeast, the frequency of basins with drought-rich periods is well 

predicted by the frequency of Pmean-poor periods and water use (pseudo R2 of 0.83, p < 0.01), 

with increasing importance of water use in the last two decades. In the south, the impact of 

water use is not as significant, where the frequency of drought-rich periods mirrors Pmean-poor 

periods (pseudo R2 of 0.93, p < 0.01). The higher importance of Pmean-poor over Pmin-poor 

period suggests that drought clusters are primarily linked with decreases in groundwater 

recharge in the wet season than with rainfall deficits in the dry season. While the regressions 

are explored for 10-year return periods, the outcomes of 5 and 20-year return periods show 

good predictions for the same two regions. However, Pmin-poor periods are the predominant 

variable for 20-year return periods, indicating that different mechanisms might be responsible 

for droughts of different magnitudes. 

Flood-rich periods are aligned with rainfall-rich periods in three out of four regions 

(Fig. 6.7b). Water use is not included in the equation, as it is not significant for flood changes 

in Brazil (Chagas et al., 2022a). Flood-rich periods are linked mostly with Pmax-rich periods in 

the center (pseudo R2 of 0.79, p < 0.01) and southeast (pseudo R2 of 0.63, p < 0.01), and with 

both Pmean-rich and Pmax-rich in the south (pseudo R2 of 0.75, p < 0.01). The results are similar 

for 5-year return periods, but flood-rich periods are not as well explained for 20-year return 

periods (pseudo R2 < 0.65 in all regions). 

Drought-rich periods are significantly associated with 121-month anomalies in the 

Atlantic Multidecadal Oscillation (AMO) and Pacific Decadal Oscillation (PDO) in the center 

(pseudo R2 of 0.65), northeast (pseudo R2 of 0.76), and southeast regions (pseudo R2 of 0.83) 
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(Fig. 6.8a). An increase in drought-rich periods is exponentially related to warm AMO phases 

and cold PDO phases in these three regions (Fig. 6.8c). Water use is again highly influential in 

the northeast, with added importance in the southeast. The south region is not associated with 

either AMO or PDO, suggesting influences of other teleconnections such as the Southern 

Annular Mode (Morales et al., 2020). Conversely, flood-rich periods are not well-predicted by 

either AMO or PDO, suggesting that other short-term phenomena could better predict floods, 

such as the El Niño-Southern Oscillation (Kayano et al., 2013; Tedeschi et al., 2015) and 

Madden-Julian Oscillation (Grimm, 2019). The results are similar for 5 and 20-year return 

periods. 

 

 
Figure 6.7. Quasi-Poisson regression coefficients for (a) the frequency of gauges with 
drought-rich periods in each region as the dependent variable and Pmean-poor, Pmin-poor, and 
consumptive water use as independent variables. (b) Coefficients for the regressions between 
flood-rich periods, Pmean-rich and Pmax-rich periods. The regressions are computed with a 
linear link between the variables. Darker green colors and larger squares indicate higher 
pseudo R2. 

6.4 Discussion 

The results suggest that the decadal clustering of streamflow extremes is considera-

bly asymmetric for droughts and floods. Streamflow drought-rich periods are more frequent, 

last longer, and cover a larger spatial extent than flood-rich periods. This finding holds even 

after ensuring the exact same number of droughts and floods in every time series and account-

ing for varying return period thresholds. From our perspective, the asymmetry is linked with 

three main factors: a higher frequency of time clustering of dry spells than wet spells; a 

stronger carry-over effect of streamflow droughts than floods due to an interannual persis-

tence of water storage deficits; and an amplification of streamflow droughts due to water 

abstractions. 
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A higher frequency of gauges with significant rainfall-poor periods is observed 

(43.6% of gauges, mostly in 1940-1970) compared to rainfall-rich periods (29.2% of gauges, 

mostly in 1980-2000). Even though the causes of this discrepancy are not entirely understood, 

a large persistence of dry spells might be associated with teleconnections (Mo & Berbery, 

2011), soil-moisture and precipitation feedbacks (Seneviratne et al., 2010), and a larger spatial 

and temporal coverage of dry spells compared to wet spells (Cavalcanti, 2012). Dry spells 

often cover areas on the order of 106 km2 over periods of weeks to years (Cavalcanti, 2012; 

Herrera-Estrada et al., 2017; Sheffield et al., 2009), whereas wet spells and flooding typically 

cover areas up to 104 km2 and last from days to weeks (Berghuijs, Allen, et al., 2019; Brunner 

et al., 2020; Cavalcanti, 2012; Ratan & Venugopal, 2013). 

 

 
Figure 6.8. Quasi-Poisson regression coefficients for (a) the frequency of gauges with 
drought-rich periods in each region as the dependent variable and 121-month anomalies in the 
AMO (Atlantic Multidecadal Oscillation), PDO (Pacific Decadal Oscillation) and consump-
tive water use as independent variables. (b) Coefficients for the regressions between flood-
rich periods, AMO, and PDO anomalies. The regressions are computed with a natural loga-
rithmic link between variables. (c) Time series of AMO, PDO, consumptive water use, and the 
frequency of drought-rich basins at the regions of Southeast, Northeast, and Center. 
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Rainfall anomalies accumulate as basin water storage over months and years, result-

ing in a higher persistence of streamflow compared to rainfall time series (de Lavenne et al., 

2022). This carry-over effect of water storage between years contributes to a higher frequency 

of basins with streamflow time clusters than rainfall time clusters, especially at short time 

scales. For instance, for 7-year windows and 10-year return period thresholds, drought-rich 

periods were observed at 48.3% of gauges even though rainfall-poor periods occurred in only 

1.0% of the gauges. Generally, the persistence of low flows is even higher than high flows 

(e.g., David et al., 2022; McMillan, 2022), potentially contributing to a higher frequency of 

drought-rich than flood-rich periods, as a sequence of short-lived meteorological droughts 

gets pooled into longer hydrological droughts (Bevacqua et al., 2021; Van Loon, 2015). 

Water abstractions contribute to an increase in streamflow droughts in many regions 

of the world (Custodio, 2002; Di Baldassarre et al., 2018), amplifying the frequency of 

drought-rich periods even further. In Brazil, 68% of the total water use in 2017 was for 

irrigation purposes (ANA, 2019c). Irrigated agriculture expanded from 15 to 70 thousand km2 

from 1980 to 2015 (ANA, 2019b), with an increase in crop productivity leading to even more 

irrigation. Water abstractions are particularly high in the dry season, which generally lasts 

from 4 to 6 months (Grimm, 2019), contributing to the lowering of groundwater tables and 

dry-season flows (Chagas et al., 2022a). 

The connection between streamflow time clustering and long-term sea surface tem-

perature anomalies suggests that streamflow extremes might often undergo nonlinear changes. 

For example, the Pacific Decadal Oscillation consists of quasi-periodic cycles of 20 years 

(d’Orgeville & Peltier, 2007), marked by extended periods of opposite phases and rapid 

transitions between them (Newman et al., 2016), such as that of the late 1970s (Carvalho et 

al., 2011; Jacques-Coper & Garreaud, 2015). Thus, studies of drought and flood change would 

benefit from considering nonstationarities such as cycles and step changes. In this regard, the 

analysis of drought-rich and flood-rich periods (Blöschl, Bierkens, et al., 2019; Lun et al., 

2020) show promising results and an opportunity for exploring the causes of such decadal 

variabilities. 

6.5 Summary and conclusions 

In this study, we investigate streamflow drought-rich and flood-rich periods (that is, 

interannual time clustering of drought and flood occurrence) in Brazil from 1940 to 2020. We 

looked at their association with rainfall-poor and rainfall-rich periods, water abstractions, the 
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Atlantic Multidecadal Oscillation (AMO) and the Pacific Decadal Oscillation (PDO). Consid-

ering events that exceed 10-year return periods, we found that basins with significant (α = 

0.053) drought-rich periods were 2.2 times as frequent as flood-rich periods, even after 

ensuring an equal number of droughts and floods for each time series. We detected drought-

rich periods in 61.1% of the basins, 11.5 times higher than expected by chance. This shows 

how the most severe droughts of the century often cluster into periods of one to two decades, 

indicating that the assumption of independently and identically distributed series does not 

hold in most river basins. We believe the asymmetry between drought- and flood-rich periods 

in Brazil is linked to a higher frequency of rainfall-poor periods than rainfall-rich periods, an 

amplified effect of water abstractions on streamflow droughts, and a persistence of water 

storage deficits between years. 

The large-scale patterns of drought-rich periods are well-predicted by rainfall-poor 

periods, water abstractions, the AMO and PDO. In contrast, flood-rich periods are well 

predicted only by rainfall-rich periods. In general, Brazil experienced a dry period from the 

1940s to the 1960s, a wet period in the 1980s and 1990s with the largest floods on record 

(Fleischmann et al., 2020), and another dry period from the 2000s onward with record low 

flows. The current dry period has been linked with water abstractions (Chagas et al., 2022a) 

and to a partial disruption of the national hydropower generation (Tomasella et al., 2022). 

These multidecadal cycles are associated with 121-month anomalies in the AMO and PDO, 

characterized by extended periods of opposite phases with rapid transitions between them 

(Newman et al., 2016). 

Our findings suggest that drought and flood change investigations can benefit from 

analyzing nonlinear changes, especially for periods nearing one century. The analysis of 

drought-rich and flood-rich periods (Blöschl, Bierkens, et al., 2019; Lun et al., 2020) shows 

promising results, particularly when considering asymmetries of decadal drought and flood 

variabilities. 
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7 SUMMARY AND CONCLUSIONS 

The goal of this thesis was to investigate flood and drought flow generating mecha-

nisms, change and decadal variability over the past century in Brazil. This study focuses on 

data-driven, large-scale approaches and comparisons between both hydrology extremes. Such 

investigation was only possible due to a new comprehensive data set, as presented in Chapter 

2, which included information on streamflow, rainfall, evaporation, soil, geology, topography, 

land cover, and human interference. 

7.1 Flood and drought mechanisms 

In Chapter 3, we show that the timing of floods is more highly correlated with that of 

soil moisture peaks than with maximum annual rainfall peaks in 87% of Brazil. Two main 

patterns of flood generation were identified. In central, western, and northern Brazil, floods 

are modulated mainly by antecedent soil wetness and less so by event rainfall. Rainfall in the 

wet season tends to get stored, increasing soil moisture and rising groundwater tables until 

they peak at the end of the wet season with the annual floods. In contrast, in southern and 

southeastern Brazil, floods are driven mainly by the magnitude of rainfall events. Intense 

rainfall quickly saturates the soil and generates floods.  

The patterns of flood mechanisms found here are consistent with previous studies in 

Brazil linking flooding with large-scale meteorological phenomena such as the El Niño (e.g., 

Cavalcanti, 2012; Lima et al., 2017; Marengo & Espinoza, 2016; Towner et al., 2021). How-

ever, we highlight that the mechanisms by which such phenomena cause floods are primarily 

through soil saturation from long rainfall events rather than by short extreme rainfall, particu-

larly in central, western, and northern Brazil. Such mechanisms are similar to those of western 

Europe (Berghuijs, Harrigan, et al., 2019; Kemter et al., 2020) and central U.S. (Brunner et 

al., 2020; Stein et al., 2020). These findings link to a predominant role of soil water storage 

capacity in regulating flood occurrence. Regions where floods are driven by soil moisture 

have deeply weathered soils, commonly tens of meters deep (Hengl et al., 2017; Pelletier et 

al., 2016), with exceptional water storage capacities given the high rainfall magnitudes 

(Bonell, 2004). On the other hand, regions where floods are driven by event rainfall have 

either shallower soils or deep soils with a steep decrease in hydraulic conductivity with depth 

(Bonell, 2004; Hengl et al., 2017; Pelletier et al., 2016), both of which limit soil storage 

capacities. 
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In Chapter 4, we propose a new conceptual model and multiscale analysis to investi-

gate the controls of drought flows in terms of climate and basin characteristics linked to water 

storage. The conceptual model is based on a simple exponential decay function, with a 

streamflow recession component associated with active water storage dynamics. Findings 

reveal a similar importance of basin characteristics and climate at continental scales (above 

107 km2), but basin characteristics are twice as important as climate at regional scales (below 

106 km2). The impact of the scale of analysis is due to a higher spatial variance of basin 

characteristics compared with climate, especially over small distances. Such findings integrate 

the two contradicting hypotheses from previous studies linking low flows either with climate 

(e.g., Addor et al., 2018; Apurv & Cai, 2020; Beck et al., 2013, 2015) or basin characteristics 

(e.g., Bloomfield et al., 2009; Carlier et al., 2018; Floriancic et al., 2022; Pfister et al., 2017).  

Among the climatic and basin attributes analyzed, we find that geology is the most 

important control of the spatial variability of drought flows, particularly bedrock type. The 

highest drought flows in Brazil are observed in basins underlain by siliciclastic sedimentary 

rocks, especially sandstones, linked with high porosities and fracturing degrees. The lowest 

drought flows are observed either in the semiarid (where streamflow is intermittent) or in 

basins underlain by volcanic rocks, particularly basalts, impermeable rocks where fractures 

are usually disconnected from each other. Intermediate drought flow magnitudes are observed 

in metamorphic and plutonic formations. The importance of these findings lies in a predomi-

nance of basin storage capacity for the spatial variability of drought flows, especially 

groundwater storage, which attenuates the climatic seasonality. From our perspective, a 

highest influence of climate on drought flow magnitudes is through wet-season rainfall 

magnitudes, which determine groundwater recharge potential, than through dry-season length, 

which is considerably attenuated by the stored water. 

Water storage dynamics govern both floods and droughts in Brazil. The storage ca-

pacity relevant for floods is linked to soils (a more superficial component), whereas the 

storage capacity relevant for droughts is linked to geology (a deeper subsurface component). 

However, these storage components are not necessarily correlated, despite the joint coevolu-

tion of soils and bedrock over millennia (Troch et al., 2015). Example of an agreement 

between the edaphic and geological storage components is in central Brazil, where the high 

storage capacities dampen the occurrence of both floods and droughts. Similarly, southern 

Brazil has an agreement of low storage capacities in the edaphic and geological components, 

associated with increased flood magnitudes and reduced drought flows relative to the mean 

flow. In contrast, disagreements between the storage components can be found in the south-
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eastern mountain ranges, where low soil storage capacity but high geological storage capacity 

links to increased floods (aligned with the timing of extreme rainfall) and increased drought 

flows relative to the mean flow. Southern Amazonia has the opposite condition, with reduced 

flood and drought flow magnitudes relative to the mean flow. Even though the role of water 

storage on streamflow generation was studied both on small scales (Harman, 2019; Stauding-

er et al., 2017) and large scales (Berghuijs, Hartmann, et al., 2016), here we argue that further 

understanding can come from contrasting flood and drought generating mechanisms. 

7.2 Flood and drought change 

In Chapter 5, regional linear trends reveal how Brazil has been drying (joint decreas-

es in flood and drought flows; 42% of the study area), wetting (joint increases; 25% of the 

area), or accelerating (increasing flood flows but decreasing drought flows; 29% of the area) 

from 1980 to 2015. The predominant signal is of reducing drought flows. The central and 

northeastern regions were the most impacted, with regional decreases of up to 37% per 

decade, indicating that some areas have changed from a perennial to an intermittent flow 

regime. These changes are driven by decreasing mean annual rainfall minus evaporation, with 

significant influence of the minimum annual 90-day rainfall minus evaporation and increasing 

water abstractions. On the other hand, increases in flood flows were observed mainly in the 

south and Amazonia, with changes up to 16% per decade, driven by maximum and mean 

annual rainfall minus evaporation with similar contributions.  

Observed joint changes with increasing flood and decreasing drought flow magni-

tudes were twice that of the expected value, revealing a consistent signal of an acceleration of 

the terrestrial component of the water cycle. Even though previous studies have observed an 

acceleration in Amazonia (Barichivich et al., 2018), here we provide evidence on multiple 

regions, a robust methodology, and examine its causes. Basins marked by acceleration are 

aligned with increasing maximum annual rainfall minus evaporation and extensive deforesta-

tion. The effects of deforestation, particularly in the tropics, depend on subsequent soil 

degradation (Bruijnzeel, 2004). It can reduce soil infiltration capacity, which increases runoff 

and decreases groundwater recharge (Bruijnzeel, 2004), in agreement with the acceleration 

found here. 

Chapter 6 shows a bigger picture of the changes observed in Chapter 5. In general, 

Brazil had a dry period from 1940 to the late 1960s, an abrupt shift in the late 1970s with 

frequent flooding, followed by a reversal around 2000 with a steep increase in droughts linked 
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to expanding water abstractions. More importantly, droughts are 2.2 times more likely to 

show decadal persistence (or time clustering) compared to floods. These drought-rich periods 

were observed in 61.1% of the basins, 11.5 times higher than the false positive rate of 5.3%, 

showing that most river basins do not follow the common assumption of independent and 

identically distributed streamflow time series. Thus, changes in drought and flood flows are 

considerably asymmetric, with more noticeable decadal persistence (Chapter 6) and change 

magnitudes (Chapter 5) in drought flows than in flood flows. 

Both the linear trends from 1980-2015 and the decadal variabilities from 1940-2020 

link drought flow changes more to the mean annual rainfall (recharging the groundwater) than 

to the minimum annual rainfall (that is, a proxy for dry spells). Thus, drought flow changes 

are generally in agreement with their generating mechanisms. Flood flow changes shown in 

Chapters 5 and 6 link to both mean annual rainfall and maximum annual rainfall, indicating 

that floods often change in both mechanisms identified in Chapter 3 (i.e., where flood depends 

on intense rainfall magnitudes or antecedent soil moisture). 

7.3 Future directions 

This thesis advances research on hydrological extremes in three main directions. 

First, we provide evidence that the large-scale spatial variability of flood and drought 

flows is controlled mainly by basin characteristics rather than by climate. Floods and droughts 

are more dependent on the basin’s capacity to attenuate the climatic variability through water 

storage dynamics than on rainfall magnitudes and timing. Compared with other studies (e.g., 

Addor et al., 2018; Apurv & Cai, 2020; Beck et al., 2013, 2015; Bloomfield et al., 2009; 

Carlier et al., 2018; Floriancic et al., 2022; Pfister et al., 2017), the novelty of this contribu-

tion comes from considering a multiscale analysis and building a process-based conceptual 

model that limits the impact of the subjective choice of basin attributes. We find that each 

streamflow extreme is impacted by basin characteristics in distinct ways that do not necessari-

ly agree with one another, linked to distinct water storage compartments. 

Second, we find a consistent signal of the acceleration of the water cycle on land by 

exploring joint increases in flood and drought flows in the past four decades in Brazil. These 

changes are driven by increases in the maximum annual rainfall, water demands and defor-

estation. Even though changes in flood or drought flows have been explored in the literature 

(e.g., Gudmundsson et al., 2021), a consistent signal of joint changes shows a new perspective 

on how hydrological extremes can change in the future. 
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Third, we show how the most severe streamflow extremes of the century often clus-

ter within one to two decades, although at a rate twice as high for droughts compared to 

floods. More than half of the river basins explored had such persistence, suggesting that 

research on the long-term behavior of streamflow and rainfall can benefit from analyzing 

nonlinear changes and asymmetries between flood-rich and drought-rich periods. 

The findings presented here suggest several strategies for Brazilian water resources 

management. For example, flood forecasting and prevention in the south and southeast can 

benefit from high accuracy detection of short and extreme rainfall events, as these regions are 

the most sensitive to intense rainfall events. Hydrological drought forecasting can benefit 

from considering rainfall deficits accumulated in multiple years and the geological configura-

tion of the aquifer, as droughts show high interannual persistence and a particular dependence 

on groundwater stores. Future national water security can be enhanced by increasing the 

reliance on groundwater and adopting irrigation techniques that optimize water use. Addition-

al contributions can come from land management measures focused on increasing basin water 

storage, such as introducing reforestation especially on the southeastern mountain ranges and 

in south Amazonia. As hydrological extremes remain a growing concern worldwide, this 

thesis’ findings offer a foundation for creating better models and strategies to alleviate the 

societal impacts of floods and droughts. 
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APPENDIX A – SUPPORTING INFORMATION OF CHAPTER 3 – PROCESS 

CONTROLS ON FLOOD SEASONALITY IN BRAZIL 

Table A.1. Mean correlations between the interannual variability of floods and maximum 
annual rainfall or maximum annual soil moisture according to their: (i) timing (Fig. 3.3); (ii) 
timing considering only the lowest 50% of floods (Fig. A.3); (iii) timing considering only the 
highest 50% of floods (Fig. A.3); and (iv) magnitudes (Fig. A.4). We considered only the 
spatially interpolated correlations. The timing variables are correlated using circular correla-
tion and the magnitude variables using the Spearman rank correlation. 

 

Variable 
Mean correlation 

(floods and rainfall) 

Mean correlation 

(floods and soil moisture) 

Timing 0.25 0.37 

Timing (lowest floods) 0.16 0.29 

Timing (highest floods) 0.35 0.44 

Magnitude 0.43 0.56 

 
 

 
Figure A.1. Differences between the mean dates of floods and their drivers. (a) Floods and 
maximum annual rainfall, with red colors indicating floods that occur after maximum rainfall. 
(b) Floods and maximum annual soil moisture, with red colors showing floods that occur after 
maximum soil moisture. (c) Maximum annual rainfall and soil moisture, with red colors 
showing maximum rainfall that occurs before maximum soil moisture. Gray open circles are 
non-significant or non-unimodal seasonalities (α = 0.05). Circle size is proportional to the 
logarithm of the basin area. 
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Figure A.2. Circular correlation between the interannual variability of the timing of (a) floods 
and maximum annual rainfall, (b) floods and maximum annual soil moisture. Large circles 
indicate basins with significant correlations (α = 0.05) and small circles show basins with 
non-significant correlations. The background colors are obtained with interpolation using 
block kriging. 
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Figure A.3. Circular correlation between the interannual variability of the timing of floods 
and maximum annual rainfall (blues) or maximum annual soil moisture (greens). (a-c) Corre-
lations including only the lowest 50% of the floods. (d-f) Correlations including only the 
highest 50% of the floods. Large circles indicate basins with significant correlations (α = 
0.05) and small circles show basins with non-significant correlations. The background colors 
in (a, b, d, e) are obtained with interpolation using block kriging. The numbers above the 
boxplots indicate the percentage of basins with significant correlations (α = 0.05). The 
hotspots are Southern Amazonia (SA), Northern Amazonia (NA), Central-West (CW), North 
(N), Southeast (SE), and South (S).  
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Figure A.4. Spearman correlation between the interannual variability of the magnitudes of 
(a) floods and maximum annual rainfall, (b) floods and maximum annual soil moisture. Large 
circles indicate basins with significant correlations (α = 0.05) and small circles show basins 
with non-significant correlations. The background colors in (a) and (b) are obtained with 
interpolation using block kriging. (c) Spatial variability of the correlations with rainfall (blue 
boxes) and soil moisture (green boxes) over each hotspot. The numbers above the boxplots 
indicate the percentage of basins with significant correlations (α = 0.05). The hotspots are 
Southern Amazonia (SA), Northern Amazonia (NA), Central-West (CW), North (N), South-
east (SE), and South (S). 

Floods and max. rainfall Floods and max. soil moisture

a b
c

73

0

68 91
98 97

64 82 79

97
97

0

0.5

1.0

SA NA CW N SE S

Hotspot

C
or

re
la

tio
n

100

Correlation

0.2

0.3

0.4

0.5

0.6



155 

 

 
Figure A.5. Circular correlations between the interannual variability of the timing of (left 
column) floods and maximum annual rainfall, (right column) floods and maximum annual 
soil moisture. The rows indicate the length of the moving average applied to the time series of 
daily rainfall and soil moisture before computing the annual maxima. The correlations are 
obtained with interpolation using block kriging. 
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APPENDIX B – SUPPORTING INFORMATION OF CHAPTER 5 – CLIMATE AND 

LAND MANAGEMENT ACCELERATE THE SOUTH AMERICAN WATER CYCLE 

 
Figure B.1. Hydrometric stations and major Brazilian river basins. Points indicate the loca-
tions of the hydrometric stations analyzed. Black lines represent the watersheds of major 
Brazilian basins: 1, Amazon; 2, Tocantins-Araguaia; 3, Parnaíba; 4, São Francisco; 5, Para-
guay; 6, Paraná; 7, Uruguay.  
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Figure B.2. Streamflow trends in Brazil (1980-2015). (a) Change in annual minimum 7-day 
streamflow (drought flows). (b) Change in mean daily streamflow. (c) Change in annual 
maximum daily streamflow (flood flows). The background pattern displays regional trends 
and the points display local trends (n = 886). Large circles with thick borders in (a-c) show 
significant trends for a significance level α = 0.10, large circles with thin borders show 
significant trends for a significance level α = 0.05, and small circles show non-significant 
trends. (d-f) Uncertainties of local trends (points) and regional trends obtained by kriging 
(background). Black rectangles indicate four hotspots of change: Northern Amazonia (NA); 
Southern Amazonia (SA); Brazilian Highlands (BH); and Southern Brazil (SB). 
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Figure B.3. Trends of climate drivers of streamflow changes in Brazil (1980-2015). (a) 
Change in annual minimum 90-day precipitation minus evaporation (P – E). (b) Change in 
mean daily P – E. (c) Change in annual maximum 14-day P – E. The background pattern 
displays regional trends (interpolated from local trends) and the points display local trends 
(which includes the contributing basin area). Large circles with thick borders in (a-c) show 
significant trends for a significance level α = 0.10, large circles with thin borders show 
significant trends for a significance level α = 0.05, and small circles show non-significant 
trends. (d-f) Uncertainties of local trends (points) and regional trends obtained by kriging 
(background). Black rectangles indicate four hotspots of change: Northern Amazonia (NA); 
Southern Amazonia (SA); Brazilian Highlands (BH); and Southern Brazil (SB). 
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Figure B.4. Trends of land management drivers (water use and native vegetation cover) of 
streamflow changes in Brazil (1980-2015). (a) Change in water use in % of the long-term 
mean daily flow per decade. (b) Change in native vegetation cover in percentage points (p.p.) 
of basin area per decade. The background pattern displays regional trends (interpolated from 
local trends) and the points display local trends (which includes the contributing basin area). 
Large circles with thick borders in (a-b) show significant trends for a significance level α = 
0.10, large circles with thin borders show significant trends for a significance level α = 0.05, 
and small circles show non-significant trends. (c-d) Uncertainties of local trends (points) and 
regional trends obtained by kriging (background). Black rectangles indicate four hotspots of 
change: Northern Amazonia (NA); Southern Amazonia (SA); Brazilian Highlands (BH); and 
Southern Brazil (SB).  
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Figure B.5. Precipitation and evaporation changes in Brazil (1980-2015). (a) Change in mean 
daily precipitation (P). (b) Change in mean daily evaporation (E). The background pattern 
displays regional trends (interpolated from local trends) and the points display local trends 
(which includes the contributing basin area). Large circles with thick borders in show signifi-
cant trends for a significance level α = 0.10, large circles with thin borders show significant 
trends for a significance level α = 0.05, and small circles show non-significant trends. Black 
rectangles indicate four hotspots of change: Northern Amazonia (NA); Southern Amazonia 
(SA); Brazilian Highlands (BH); and Southern Brazil (SB). 
 

 

 
Figure B.6. Streamflow trends as in Fig. B.1 and Fig. B.2 but with fewer stations. (a-c) 
Change in drought flows, mean flows, and flood flows using only stations with distances of at 
least 0.5º between each other (n = 388). (d-f) Change in drought flows, mean flows, and flood 
flows using only stations with distances of at least 1º between each other (n = 200). 
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Figure B.7. Temporal evolution of streamflow and their drivers in four hotspots of change in 
Brazil. (a) Minimum 7-day streamflow (drought flows). (b) Mean daily streamflow (mean 
flows). (c) Annual maximum daily streamflow (flood flows). Black lines indicate drought 
flows in the upper panels, mean flows in the middle panels, and flood flows in the bottom 
panels. Light blue lines indicate minimum 90-day precipitation minus evaporation (P – E). 
Medium blue lines indicate mean P – E. Purple lines indicate maximum 14-day P – E. Orange 
lines indicate water use. Green lines indicate native vegetation cover. Lines represent the 
median and bands indicate the spatial variability within each hotspot (25th and 75th percen-
tiles). The time series were smoothed with LOESS. The boxes represent the hotspots: Brazili-
an Highlands (n = 108); Southern Amazonia (n = 18); Northern Amazonia (n = 19); and 
Southern Brazil (n = 32).  
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Figure B.8. Trend of water availability and mean flows mapped on the quadrants of the 
accelerating, decelerating, wetting, and drying streamflow trends. (a) Annual minimum 90-
day precipitation minus evaporation (P – E). (b) Mean daily streamflow. Larger circles indi-
cate higher areal fractions. Colors indicate the average trends of the drivers for each bin. 
 
 

 
Figure B.9. Areal coverage of each quadrant as areas with the highest errors in the regional 
trend estimates (kriging errors) are removed. The dashed lines represent 15% (the expected 
area for the accelerating and decelerating quadrants for a bivariate distribution with ρ = 0.61 
according to Equation (5.5) and 35% (the expected area for the wetting and drying trends). 
The arrows indicate differences from the expected values and the quadrant areal coverage 
when all areas are included in the quadrant classification.  
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Figure B.10. Estimated return period in 2015 for the 1980 drought and flood flows. (a) 
Return period in 2015 for the 1980 10-year annual minimum 7-day flow (Q7,10, drought 
flows). (b) Return period in 2015 for the 1980 100-year annual maximum daily streamflow 
(flood flows). Dark colors indicate lower return periods, representing increasing drought and 
flood risk. Light colors indicate higher return periods, representing decreasing risk. Points 
show local return periods (n = 886). Larger points indicate agreement of the 5th and the 95th 
percentiles of the uncertainty distribution in the sign of change. The black lines separate 
regions of increasing and decreasing risks. 
 
 
Table B.1. Comparison of precipitation trends among datasets. (a) Spearman correlation 
coefficients between trends of the weather station series from the ANA dataset and trends in 
CHIRPS, MSWEP, PERSIANN and CPC datasets for: mean daily precipitation (Mean P); 14-
day maximum precipitation (Maximum P); and 90-day minimum precipitation (Minimum P). 
(b) The median trend in each dataset for the same precipitation variables as in (a), in % per 
decade. 

 
(a) 
 
Variable CHIRPS MSWEP PERSIANN CPC 

Mean P 0.62 0.67 0.29 0.08 

Maximum P 0.61 0.71 0.22 0.61 

Minimum P 0.49 0.48 -0.15 0.30 

 
(b) 
 
Variable CHIRPS MSWEP PERSIANN CPC ANA 

Mean P -0.09 1.92 2.61 -5.41 -1.26 

Maximum P -0.13 1.95 2.55 -3.32 -0.51 

Minimum P -4.44 -2.78 -7.06 -5.59 -2.32 
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APPENDIX C – SUPPORTING INFORMATION OF CHAPTER 6 – DROUGHT-RICH 

PERIODS WERE TWICE AS FREQUENT AS FLOOD-RICH PERIODS IN BRAZIL 

FROM 1940 TO 2020 

Table C.1. Probabilities of occurrence P(k | w,n,a) of k or more events within a window w 
sized from 5 to 15 years, in a time series of length n = 79 years (the median length for river 
gauges) and a = 8 total events over the 79 years (that is, events above a 10-year return period 
threshold). 
 
k (events) w = 5 w = 6 w = 7 w = 8 w = 9 w = 10 w = 11 w = 12 w = 13 w = 14 w = 15 

1 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

2 0.976 0.993 0.999 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

3 0.243 0.359 0.475 0.584 0.681 0.765 0.833 0.887 0.927 0.956 0.975 

4 0.012 0.029 0.053 0.085 0.125 0.172 0.225 0.283 0.344 0.408 0.472 

5 1.8 10-04 8.4 10-04 2.4 10-03 0.005 0.010 0.016 0.026 0.038 0.053 0.072 0.094 

6  7.3 10-06 4.2 10-05 1.4 10-04 3.6 10-04 7.6 10-04 1.5 10-03 2.5 10-03 4.2 10-03 6.4 10-03 9.5 10-03 

7   2.0 10-07 1.4 10-06 5.3 10-06 1.5 10-05 3.7 10-05 8.0 10-05 1.5 10-04 2.8 10-04 4.7 10-04 

8    2.8 10-09 2.2 10-08 9.7 10-08 3.2 10-07 8.7 10-07 2.1 10-06 4.4 10-06 8.7 10-06 
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