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Abstract 
 

Analysis of Hydrologic Droughts in the Amazon Basin 
 

by 
 

Alan Vaz Lopes 
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Professor John A. Dracup, Co-Chair 
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The Amazon basin is vulnerable to extreme drought events that can severely impact the local 
economy and ecosystems, with consequences for the global climate and ecology. However, 
hydrologic droughts have been mostly studied in the context of semi-arid environments and 
temperate regions and little is known on droughts on tropical, wet environments such as the 
Amazon. Also, the limited hydrologic data have been an obstacle in advancing the understanding 
of Amazon hydrologic systems and their response to droughts. This work employs new data 
analysis and stochastic simulation methods to reveal important features of droughts in the 
Amazon basin.  
 
First, spatial-temporal patterns of hydrologic droughts are identified from existing streamflow 
data, using principal component analysis and Monte Carlo simulations to account for the 
uncertainty due to missing data. Second, hydrologic droughts are investigated at the watershed 
scale. A conceptual model is developed to quantify groundwater and subsurface water storages 
and fluxes during droughts, using existing hydrologic data at four representative Amazon 
watersheds. Then, the functioning of the typical deep soil columns and deep-rooted vegetation 
systems during droughts is further examined at the point scale. A one-dimensional, soil-
vegetation hydrologic model is coupled with a stochastic rainfall and evapotranspiration model, 
calibrated with hourly data from conventional gauges and eddy covariance towers, to compute 
statistical characteristics of water balance components: evaporation of intercepted water, 
transpiration, deep percolation, and change in soil water storage. Finally, the dependency of 
evapotranspiration on cloudiness and soil moisture is analyzed using statistical hypothesis testing 
and stochastic simulations of rainfall and evapotranspiration, using observations of heat fluxes at 
the land surface, obtained from eddy covariance towers. 
 
Results show distinct modes of spatial-temporal variability of droughts, with marked differences 
among sub-basins, especially between northern and southern rivers. A significant trend towards 
more intense droughts is found in the southern sub-basins. Correlations of drought indices with 
climatic anomalies originating from the Pacific and Atlantic Oceans are significant, but do not 
explain all the temporal variability of the major patterns of droughts. That suggests that 
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hydrologic processes at smaller scales might play important roles in shaping drought 
characteristics. At the watershed scale, the propagation of rainfall deficits through the hydrologic 
systems highlights the importance of Amazon subsurface hydrology in promoting delays of 
timing, amplification of duration and attenuation of magnitude of deficits in subsurface, 
groundwater, and river systems. When annual rainfall is below average, the greater release of 
watershed water storage contributes to streamflow, helping to attenuate deficits. Moreover, 
propagation of streamflow deficits from upstream to downstream river portions affects drought 
characteristics in some rivers. At the point scale, the simulations of the soil-vegetation system 
reveal that, when rainfall is scarce, the drainage out of the bottom of the deepest soil layer is 
severely reduced and soil water storage decreases, while evapotranspiration is less impacted. The 
relationship between deep percolation and average soil moisture is found to vary in the wet and 
dry seasons. Finally, evapotranspiration is found to be more dependent on cloudiness, rather than 
soil moisture. The association of rainfall deficits with increased evapotranspiration can 
potentially exacerbate droughts, although the magnitude of that effect is not large at the 
interannual time scale. Those results highlight the potential of statistical and stochastic 
simulation methods in the study of the hydrology of data-scarce regions. Furthermore, they 
identify and quantify important hydrologic processes that shape the magnitude and duration of 
droughts in wet environments, which helps to better assess the vulnerability of such sensitive 
systems. 
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1. Introduction 
 
  
Droughts are extreme and rare hydroclimatic events characterized by persisting rainfall deficits 
that cause extensive impacts on regional and global economy and ecology [Dracup et al., 1980; 
Wilhite and Glantz, 1985; Kallis, 2008; Mishra and Singh, 2010]. The Amazon, the world largest 
river basin, covered with dense forests with important functions on global climate and ecologic 
systems, is vulnerable to extreme drought events, although sitting in a tropical, humid region 
[Marengo et al., 2008b, 2011, 2012a]. Similar vulnerability is found in other humid basins; 
encompassing areas from 56 countries sited within the tropical band (see Figure 1.1). However, 
the hydrologic mechanisms and interactions with climate that drive and shape drought 
characteristics in tropical regions are not fully understood, and that hampers management 
initiatives aiming at preparing for and mitigating the impacts of droughts. This research aims at 
advancing the current knowledge on tropical droughts and focuses on developing new methods 
and analysis of the Amazon hydrologic systems under drought conditions. 
 
 

 
Figure 1.1 – The Amazon basin and countries that have areas within the tropical band between 

10º North and 10º South. 
 
The Amazon basin has an important role in the global climate and ecological systems because of 
its huge capacity of capturing carbon and its large biodiversity. With a drainage area of 
6.1x106 km2, the Amazon concentrates 10% of all world fauna and flora species, and its rivers 
contain the largest number of freshwater fish species in the world [Dirzo and Raven, 2003]. Also, 
the forests of the Amazon Basin are responsible for 15% of global photosynthesis [Field et al., 
1998] and function as a carbon sink, with estimated average uptake rate of 0.6 PgC/year [Malhi 
et al., 2008]. That corresponds to 24% of the global land carbon sink (with average uptake rate 
estimated at 2.5 PgC/year). That uptake rate can offset 6.5% of all global carbon emissions 
(including both natural and human-induced emissions), considering the rates in the period from 
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2000 to 2011 estimated in the most recent report from the Intergovernmental Panel on Climate 
Change [Ciais et al., 2013].  However, drought events can reverse this carbon sink role: the 
Amazon basin released 1.6 PgC [Phillips et al., 2009] and 2.2 PgC [Lewis et al., 2011] in the 
recent drought events of 2005 and 2010, respectively, due to temporary cessation of biomass 
growth and tree mortality. Yet, given the complex interactions and feedbacks between climate 
and regional ecosystems, the effect of climate change on the regional carbon budget is uncertain 
[Gloor et al., 2012]. 
 
Of regional and global significance, terrestrial water deficits induced by droughts reduce the 
ability of plants to extract water from the ground, leading to the reduced rates of biomass growth 
and reduced capacity for carbon fixation. In addition, lower atmospheric water vapor and higher 
temperatures that usually accompany droughts may result in an increased frequency of fires and 
further loss of biomass. The elevated risk of fires and tree mortality and their impacts on carbon 
emissions as a consequence of droughts in the Amazon are of global concern [Brown et al., 
2006; Moran et al., 2006; Aragão et al., 2007]. Those effects of droughts on vegetation might 
persist for many years, leading to a long-term alteration of canopy structure of the Amazon 
rainforest [Saatchi et al., 2013].  

 
Impacts of droughts on regional ecosystems and economy are also important. Reduced river 
stages and flows lead to reduced aquatic environmental functions and fish mortality due to low 
river levels [Tomasella et al., 2013a].  Also, the Amazon river system sustains the regional 
economy through its extensive network of 317 river transportation systems, moving 8.9 million 
people and 4.6 million tons of goods per year [ANTAQ, 2013].  Since river navigation is the 
major mode of transportation, when river stages are too low, the transportation systems are 
interrupted, isolating several communities and preventing the delivery of food and medicine 
[Marengo et al., 2008b, 2011; Tomasella et al., 2013b]. Moreover, Amazon rivers have been 
pictured as the new frontier of Brazil’s hydropower development and many run-of-river 
hydropower plants are scheduled for construction in the region. Thus, the occurrence of 
hydrologic droughts presents a threat to the sustainability of regional energy production.  
 
The frequency of Amazon droughts is projected to increase in the future due to deforestation 
[Costa et al., 2003; D’Almeida et al., 2007; Chaves et al., 2008; Coe et al., 2009; Costa and 
Pires, 2010; Butt et al., 2011] and global climate change [Cox et al., 2004, 2008]. Feedbacks 
between drought impacts and the climate system can further increase the intensity and frequency 
of droughts [Costa and Foley, 2000; Cox et al., 2000; Costa et al., 2007; Betts and Silva Dias, 
2010; Coe et al., 2013]. Indeed, the two severe drought events of 2005 and 2010 indicate that the 
frequency of documented Amazon droughts and the severity of their impacts is increasing 
[Marengo et al., 2008b, 2011]. Thus understanding the physical processes that shape the 
characteristics of droughts – and particularly how climatic processes translate into the soil water 
and flow deficits that are experienced by people and by ecosystems – is crucially important to 
better plan for the regional impacts and to better understand its connections with global and 
regional driving mechanisms. 
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1.1 Amazon hydrology 
 
The hydrology of the Amazon River basin is characterized by the great diversity of hydrologic 
systems, shaped by different geomorphologic formations, despite the homogeneously forested 
land cover. The headwaters of the Amazon River are located in the Andes mountains, a north-
south chain of mountains forming the western border of South America (see Figure 1.2), where 
the hydrology is dominated by snow melting processes. The rest of the basin has fairly plain 
relief and gentle river slopes, allowing for the formation of large floodplains with natural lakes 
and wetlands that dynamically interact with groundwater [Miguez-Macho and Fan, 2012]. The 
major Amazon sub-basins are presented in Figure 1.2, along with some key streamflow gauges. 
The rainfall and streamflow regimes in the northern sub-basins (Negro and Branco) and southern 
sub-basins (Purus, Madeira, Tapajos and Xingu) are completely different, as will be discussed 
later. 
 

 
Figure 1.2 – Major Amazon sub-basins and streamflow gauges located at the corresponding main 

rivers (with names indicated in parentheses). 
 
The groundwater systems are made up of sedimentary aquifers with thick soil layers, which 
allow for high water storage capacity. Also, a highly permeable surface soil layer and the 
presence of macro pores and preferential flow paths result in high infiltration capacity [Elsenbeer 
and Vertessy, 2000].  Soil moisture and water table dynamics dominates the water balance and 
streamflow formation in most of the Amazon [Miguez-Macho and Fan, 2012; Paiva et al., 
2013].  Headwater catchments are dominated by groundwater dynamics [Miguez-Macho and 
Fan, 2012] while in seasonally dry regions with deep soil columns (at least 60% of Amazon, 
mostly southern regions), soil water storage variations are high and form a dominant component 
of the variation in the terrestrial water [Paiva et al., 2013; Pokhrel et al., 2013].  
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Most of the Amazon is covered with dense rain forests, with trees reaching up to 40 m high and 
root systems as deep as 18 m, enabling high transpiration rates. Root water uptake is sustained 
throughout the long dry season (up to five months in southern sub-basins) due to the large soil 
water storage and possibly biological strategies [Nepstad et al., 1994; Lee et al., 2005; Oliveira 
et al., 2005; Harper et al., 2010; Ivanov et al., 2012].  Deforestation, agriculture and cattle 
farming had expanded quickly in the past 40 years, especially in the southern sub-basins, 
changing several aspects of hydrologic functioning [Nobre et al., 1991, 2009; Coe et al., 2013]. 
 
Rainfall and streamflow present large spatial and seasonal variability while evapotranspiration 
(ET) is spatially more homogenous. Annual average streamflow, rainfall, and ET for the period 
from 1975 to 2012 for the major sub-basins illustrated in Figure 1.2 are presented in Table 1.1. 
The streamflow annual averages were computed from daily observations at conventional gauges 
(shown in Figure 1.2), while rainfall annual averages were computed from the rainfall gridded 
dataset developed by the Climate Research Unit (CRU) from the University of East Anglia 
[Harris et al., 2014]. The annual ET was calculated as the difference between long-term annual 
averages of rainfall and streamflow. Considering the entire basin, annual rainfall and ET are 
2090 mm/year and 1010 mm/year, while streamflow is 1080 mm/year (52% of rainfall). 
However, significant spatial variability is observed across the sub-basins, as shown in Table 1.1 
(e.g. the ratio streamflow/rainfall varies from 79% at St. Antonio Ica to 27% at Xingu). 

 
Table 1.1 – Annual streamflow, rainfall and potential evaporation (PET) at Amazon sub basins. 

Sub-basin Area  
(km²) 

Streamflow2 Rainfall3 ET4 
m³/s mm/year mm/year mm/year 

Amazon + Tapajos + Xingu1 5480000 188000 1080 2090 1010 
Amazon (at Obidos) 4670000 172000 1160 2100 940 
Amazon (at St. Antonio Iça) 1010000 56200 1750 2210 460 
Negro (at Serrinha) 293000 17500 1890 3060 1170 
Purus (at Canutama) 236000 6320 840 2190 1350 
Madeira (at Manicore) 1150000 2500 670 1640 970 
Tapajos (at Fortaleza) 363000 8260 720 2080 1360 
Xingu (at Altamira) 448000 7940 560 2040 1480 

1 Annual streamflow: the sum of observed flows at the Amazon River at Obidos, Tapajos River, and Xingu River, 
totalizing 5480000 km2, 92% of the Amazon drainage area. 
2 Data source: conventional gauge data maintained by the Brazilian National Water Agency 
3 Data source: rainfall gridded dataset (0.5 degrees) developed by the (CRU) of the University of East Anglia. 
4 Annual average evapotranspiration: difference between annual average rainfall and annual average streamflow. 
 
In the Amazon, rainfall is mostly of convective origin and therefore has highly variable spatial 
distribution. Storm occurs as cloud clusters with rain areas up to 50,000km2 [Smith, 1993]. As 
shown in Figure 1.3, annual rainfall varies from around 2000 mm/year at southern areas to more 
than 3000 mm/year at northern and western areas. The highest annual totals reach more than 
5000 mm/year and occur near the Andes due to orographic uplift of moist air brought by easterly 
trade winds [Nobre et al., 1991]. High annual totals are also observed along the northeastern 
border, caused by propagating squall lines resulted from sea breeze airflow from the Atlantic 
Ocean [Betts et al., 2009]. The lower rainfall totals to the south in the basin reflect the stronger 
seasonal variability, characterized by a well-defined dry season lasting up to four months. 
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Figure 1.3 – Annual rainfall (P) derived from the CRU dataset. 

 
The seasonal variation of rainfall is mostly governed by the north-south oscillation of the 
intertropical convergence zone (ITCZ), an equatorial band of high convection sitting around 5º to 
the north of the Equator, formed by the meeting of trade winds from the southern and northern 
hemispheres. The ITCZ is in its north-most position during the austral winter (June to August), 
bringing large rainfall amounts to the northern portions of the Amazon basin.  Then, it moves 
southwards until reaching its south-most position during the austral summer (December to 
February), when the southern sub-basins have their wet season [Marengo et al., 2001].  
 
The ITCZ drives the onset of the South American monsoon, an atmospheric circulation system at 
the continental scale maintained by land-ocean thermal gradients. The South American monsoon 
controls the seasonal patterns of rainfall over the entire South America. Its major features during 
the rainy season are the two low-level atmospheric divergence centers at the Pacific and Atlantic 
Oceans adjacent to South America continent, the low level jet east of the Andes, and the South 
American convergence zone (SACZ), a northwest-southeast convective region extending from 
the southern Amazon to southeastern of Brazil [Marengo et al., 2012b].  The SACZ variability 
governs most of the wet season rainfall over southern Amazon, and transports a large amount of 
moisture from the Amazon to southeastern of Brazil [Carvalho et al., 2010]. It develops during 
the austral spring (September to November) and reaches its mature phase during austral summer 
(December to February). Also, cold surges coming from the south can reach throughout the 
Amazon basin, triggering intense convective events when it collides with the SACZ [Marengo et 
al., 1997; Garreaud and Wallace, 1998; Garreaud, 2000; Liebmann et al., 2009]. 
 
The potential evaporation (PET) is less variable in space and time due to the homogeneity of the 
land cover and atmospheric evaporative demands, as shown in Figure 1.4. Similar to other 
equatorial regions, solar radiation has relatively less seasonality, compared to temperate regions, 
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which results in less seasonal change in the net radiation balance and air temperature at the 
ground. Thus, the main factor controlling seasonal PET is atmospheric albedo (the reflection of 
incoming solar radiation), which accompanies the seasonal variation of cloudiness [Costa et al., 
2010].  
 

 
Figure 1.4 – Annual potential evaporation (PET), derived from the CRU dataset. 

 
The seasonal variability in rainfall is reflected on different streamflow patterns in each sub-basin, 
as shown in Figure 1.5. The peak monthly streamflow occurs in March, for the southern sub-
basins, in May, for the western sub-basins (Amazon River at St. Antonio Ica, upstream from all 
other southern and northern tributaries), and in June, for the northern sub-basins. The delayed 
response and slower rise in streamflow of the western sub-basins is associated with snow melting 
processes in the Andes. The seasonal differences in streamflow between southern and northern 
sub-basins are associated with the seasonal changes in rainfall caused by the north-south 
displacement of the ITCZ, noting that, on average, the streamflow peak occurs three months after 
the peak of rainfall. Thus, the observed streamflow seasonal pattern in the Amazon River at 
Obidos is a result of the different seasonal patterns of the western, southern (mainly Purus and 
Madeira), and northern (mainly Negro and Branco) tributaries. As shown in Table 1.1, annual 
streamflow is 1080 mm/year, but can be as high as 1890 mm/year at northern sub-basins (e.g. 
Negro) and as low as 558 mm/year at southern sub-basins (e.g. Xingu). 
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Figure 1.5 – Seasonal streamflow variability of Amazon sub-basins. 

 
The seasonal variability in rainfall, streamflow, PET and change in watershed storage is 
illustrated in Figure 1.6. The monthly change in storage was computed assuming that ET is equal 
to PET. The storage increases at a rate of 97 mm/month during the wettest month (January), and 
declines at a rate of -144 mm/month in the driest month (August). That storage change is larger 
than the ranges of variability of streamflow (from 53 mm/month to 123 mm/month) and PET 
(from 82 mm/month to 116 mm/month). Also, that change in storage supplies water to meet 
evaporative demands and maintains streamflow throughout the dry season, when rainfall drops to 
59 mm/month in August (from 270 mm/month in January). 
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Figure 1.6 – Seasonal variability of hydrologic fluxes for the entire Amazon basin. 

 
Inter-annual variability of rainfall in the Amazon has been associated with the El Nino Southern 
Oscillation (ENSO), which is a quasi-periodic pattern of coupled ocean-atmosphere variability 
originating in the Pacific Ocean with a period of five to seven years [Trenberth, 1997]. The 
ENSO’s warm phase is referred to as El Nino, while ENSO’s cold phase is referred to as La Nina 
event. An El Nino event is characterized by anomalous warming of sea surface temperature 
(SST) coupled with anomalous low surface air pressure in the central Pacific Ocean, and by an 
eastward shift in the east-west pattern of atmospheric circulation, referred to the Walker cell. A 
La Nina event has opposite characteristics, with anomalous cooling of SST and high air pressure 
over central Pacific, and westward shift in the Walker cell. Those changes in atmospheric 
dynamics driven by ENSO affect the usual patterns of rainfall in many parts of the world 
[Ropelewski and Halpert, 1987], with direct consequences to streamflow [Dracup and Kahya, 
1994; Dettinger et al., 2000; Poveda et al., 2001; Tootle and Piechota, 2006; Misir et al., 2013] 
 
In the Amazon, El Nino events result in reduced rainfall, more notably in northern sub-basins 
[Aceituno, 1988; Zeng, 1999; Poveda et al., 2001, 2011; Waylen and Poveda, 2002; Aceituno et 
al., 2009]. Such effects are also observed and even amplified in streamflow records [Marengo, 
1995; Dettinger et al., 2000; Foley et al., 2002; Misir et al., 2013]. However, ENSO can explain 
only a small fraction of interannual variability of rainfall and streamflow within the Amazon 
basin [Dettinger et al., 2000]. The years when ENSO events occurred and the corresponding 
response of Amazon sub-basins in terms of percent change in annual streamflow are shown in 
Table 1.2. The strong El Nino events of 1982/1983, 1987/1988 and 1997/1998 resulted in 
significantly less annual streamflow in the northern sub-basins (especially the Branco sub-basin), 
and in the Amazon River at Obidos. The southern sub-basins exhibit no consistent response to 
ENSO events. 
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Extreme droughts were observed across the Amazon basin in 2005 and 2010, when ENSO was 
not in a strong warm phase. The cause of those droughts was linked to an anomalous warming of 
North Atlantic SST, which had enhanced the north-south cross-equatorial temperature difference 
[Zeng et al., 2008; Espinoza et al., 2011; Lewis et al., 2011]. That difference is thought to drive 
anomalous displacements of the ITCZ and therefore affect rainfall over the Amazon, especially 
in southeastern sub-basins. Also, Atlantic SST has been reported to affect intensity of SACZ 
[Marengo et al., 2012b]. As presented in Table 1.2, the events of 2004/2005 and 2009/2010 
resulted in significant reductions of annual streamflow in southern sub-basins, and also in the 
Amazon River at Obidos. 
 
Table 1.2 – Anomalous climatic events associated with ENSO and north Atlantic warming and 

percent change in annual streamflow in major Amazon sub-basins. 

Event 
Amazon Northern Southern 
Obidos Negro Branco Madeira Purus Xingu 

1975-1976 La Nina (strong) 9% --- -5% -5% -4% -23% 
1982-1983 El Nino (strong) -16% -13% -35% 16% -1% -19% 
1986-1987 El Nino -1% 8% -22% -5% 0% -15% 
1987-1988 El Nino (strong) -3% -5% -32% 11% -5% -2% 
1988-1989 La Nina (strong) 16% 6% 6% 5% 8% 16% 
1991-1992 El Nino -20% 0% --- 16% -4% -10% 
1994-1995 El Nino -9% 2% -5% 5% -3% 25% 
1997-1998 El Nino (strong) -14% -11% -47% -16% -17% -52% 
1998-1999 La Nina 9% 3% 5% 0% 1% -29% 
1999-2000 La Nina (strong) 5% 10% 29% -16% -4% 6% 
2002-2003 El Nino 0% 10% -14% -6% 2% -35% 
2004-2005 ASTG1 -6% -5% 1% -15% -3% 0% 
2007-2008 La Nina --- 6% 39% -25% -2% -3% 
2009-2010 El Nino + ASTG1 -6% -2% -38% -40% -7% -13% 
2010-2011 La Nina (strong) 2% -2% 61% -43% -18% 5% 

1 Anomalous Atlantic cross-equatorial SST difference. 
  
1.2 Challenges in the analysis of hydrologic droughts in the Amazon basin 
 
The study of droughts in the Amazon is challenging due to the limitation of historical data and 
the complexity of hydrologic processes that are specific to Amazon environments. This section 
describes those challenges, the background and limitations of previous studies on Amazon 
hydrology, an analysis of droughts in other parts of the world, and the research gaps still 
outstanding.  
 
A first challenge is related to the considerable differences in the hydrologic response of Amazon 
sub-basins to drought-related climatic events, as seen in Table 1.2. The factors that explain such 
differences include not only the distinct intensity and timing of each climate event, but also the 
land-atmosphere feedbacks [Betts et al., 1996; Betts and Silva Dias, 2010; Barreiro and Díaz, 
2011]. Moreover, hydrologic processes happening at smaller scales can modulate the effect of 
such climatic anomalies on soils, surface water resources and ecosystems [Tomasella et al., 
2008, 2011, 2013b]. As noted earlier, the SST anomalies explain only a fraction of Amazonian 
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rainfall and streamflow variability, and land-atmosphere interactions have been identified as a 
major factor regulating the effects of climate forcing events and their ‘translation’ into drought 
[Marengo et al., 1993; Neelin, 2003; Misra, 2009; Nobre et al., 2009; Ma et al., 2012]. That is, 
climatic drought-inducing phenomena propagate into social and environmental impacts through a 
suite of hydrologic processes, which thus modify the climatic drought into what is experienced 
by people, water systems and ecosystems. Understanding this propagation is therefore crucial to 
predict the impact of future droughts, to evaluate risk and to study drought characteristics that 
might change in the future under different climate, water and land uses. 
 
However, Amazon dense forested environments present particular hydrologic processes that are 
complex and poorly understood. The major hydrologic processes already identified in site-
specific field studies are presented in Figure 1.7 and are briefly described as follows:  
 

 
Figure 1.7 – Major hydrologic processes present in Amazon environments. 

 
i. First, a significant portion of rainfall is intercepted by the tree canopies and is evaporated 

back to the atmosphere [Marin et al., 2000a]. The latent heat flux associated with the 
evaporation of intercepted water and transpiration is limited to the net balance of 
radiation and heat fluxes at the land surface. Thus, an increase in interception evaporation 
decreases transpiration. The rain water that is not intercepted or exceeds the tree canopy 
holding capacity reaches the land surface; 
 

ii.  Second, as revealed by many field studies in the Amazon sites, infiltration-excess runoff 
is very rare, since the surface infiltration capacity is usually very high and frequently far 
greater than rainfall intensity [Elsenbeer and Vertessy, 2000; Bruno et al., 2006]. Thus, 
all rain water reaching the land surface is infiltrated into the soil and is either 
accumulated in the very deep soil columns or becomes subsurface flow that contributes to 
streamflow;  
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iii.  Third, many mechanisms are present in the formation of subsurface flow, such as pipe 
flow and preferential flow paths through macro pores [Elsenbeer and Vertessy, 2000; 
Elsenbeer, 2001]. Additionally, the hydraulic conductivity can increase with depth, 
causing discontinuities in the subsurface flow rates and even accumulation of subsurface 
water to near saturation, due to the presence of impeding, poorly permeable soil layers at 
greater depths. If that accumulation of water happens near the surface, saturation-excess 
runoff can occur. Moreover, topography and varying soil hydraulic properties can cause 
subsurface flow to return to soil surface and generate over land flow [Elsenbeer and 
Vertessy, 2000]; 
 

iv. Forth, the water accumulated as soil water storage (and as groundwater where the water 
table is shallow) is available for root water uptake, as long as the net balance of radiation 
fluxes is greater than the latent heat flux associated with transpiration and as long as the 
soil moisture is not too low to restrict root water extraction. Many strategies might be 
used by the trees to satisfy their water demands such as deep root systems [Nepstad et al., 
1994; Jipp et al., 1998; Harper et al., 2010], root niche separation [Ivanov et al., 2012] 
and hydraulic redistribution [Oliveira et al., 2005]. The radiation energy available for 
interception evaporation and transpiration is a function of the balance of radiation fluxes 
at the land surface, with cloudiness being an important factor controlling the incident 
solar radiation flux [Hasler and Avissar, 2007; Costa et al., 2010]; 
 

v. Fifth, the water that is not extracted by the tree root system or becomes subsurface flow 
either remains stored in the soil column or drains to the water table level, constituting 
recharge of the groundwater storage. The groundwater storage actively exchanges water 
with floodplains and rivers [Miguez-Macho and Fan, 2012], and contributes to 
streamflow as it releases water as base flow to the rivers [Elsenbeer and Vertessy, 2000].  

 
Although a few field studies have demonstrated their existence, these hydrologic processes and 
their role during drought events remain incompletely understood. In part, that is a consequence 
of the lack of adequate hydrologic data covering long periods of time, which is another important 
challenge in the study of droughts in the Amazon. As it is also perceived from the short period of 
records used in Table 1.2 (1975 to 2012), only a few extreme drought events (five events within 
that period) have been documented due to the limited time span of available rainfall and 
streamflow records. The spatial coverage of existing monitoring networks is also not adequate: 
there are currently 435 streamflow gauges and 612 rainfall gauges with available historical data 
in the Amazon, leading to a very low density of stations. Also, most gauges (nearly 95%) were 
installed after 1970 [ANA, 2009a, 2009b], leaving extensive areas missing hydrologic 
observations. Although the recent development of flux (or eddy covariance) towers have led to 
improved estimates of heat and water fluxes at the land surface from ten sites in the Amazonian 
[de Gonçalves et al., 2013], there are still uncertainties on watershed-scale evaporation rates and 
its controls by climatic forcing conditions. Thus, there is a need for the development of methods 
of analysis for droughts that can extract the most information out of the limited data available.  
 
Those challenges have been partially addressed in previous studies, but research gaps still 
remain. Most hydrologic studies focusing on the Amazon basin to date were based either on 
short-term observations of specific hydrologic processes at the plot scale [Hodnett et al., 1995; 
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Costa and Foley, 1997a; Bruno et al., 2006; de Moraes et al., 2006] or at the scale of small 
watersheds [Lesack, 1993; Fleischbein et al., 2006; Tomasella et al., 2008]. Also, hydrologic 
modeling studies have focused either on the simulation of the water balance of specific 
watersheds [Lesack, 1993; Vertessy and Elsenbeer, 1999; Tomasella et al., 2008; Cuartas et al., 
2012], or on the application of large-scale hydrologic models for the entire Amazon [Miguez-
Macho and Fan, 2012; Paiva et al., 2013], aiming at diagnosing water balance and specific 
hydrologic mechanisms. None of the modeling studies has focused on the hydrologic processes 
leading to drought conditions.  
 
The studies that actually focused on droughts or extreme events in the Amazon basin have been 
limited to the analysis of specific events, or short-term observations of impacts on the vegetation 
and hydrology. The strong El Nino of 1982/1983 motivated research efforts to evaluate the 
climatic conditions that were in place and their linkages with rainfall anomalies [Marengo and 
Hastenrath, 1993]. The strong El Nino of 1997/1998 and the recent extreme drought events of 
2005 and 2010 have also been studied with regards to their climatological causes [Zeng et al., 
2008; Espinoza et al., 2011] and resulting impacts on the hydrology [Marengo et al., 2008a, 
2008b; Lewis et al., 2011; Tomasella et al., 2011, 2013a], vegetation vitality [Xu et al., 2011], 
tree mortality [Williamson et al., 2000], and fires [Aragão et al., 2007]. Moreover, specific short-
term field studies have evaluated the impact of reduced rainfall on vegetation functioning 
[Phillips et al., 2009] and soil moisture depletion [Belk et al., 2007]. Those studies missed the 
characterization of the response of hydrologic systems to the range of possible drought-related 
climatic conditions, since they are restricted to the analysis of specific events or short-term 
experiments. 
 
Another set of studies have employed climate models as a means to simulate the Amazon 
physical systems under forcing conditions not previously observed. Climate modeling studies to 
date have focused on future projections of frequency and intensity of droughts in the Amazon 
due to climate change [Cox et al., 2004], aerosol pollution [Cox et al., 2008], and deforestation 
[Nobre et al., 1991; Costa et al., 2007; Coe et al., 2009, 2013]. However, climate models are still 
limited in their representation of atmospheric features, especially the characteristics of 
convective atmospheric systems like the SACZ [Marengo et al., 2012b], and small spatial scale 
land-surface interactions. More specifically, most climate models do not properly represent some 
specific hydrologic processes such as interception, evaporation, and soil moisture dynamics, 
which are important in the study of tropical droughts. Therefore, alternative approaches are 
required to simulate the hydrologic response of different climate scenarios. 
 
The study of droughts in the Amazon could benefit from the framework of analysis developed 
for drought analysis in other parts of the world, although the contexts and regional settings are 
different. According to that framework, it has been common to picture drought events as a 
sequence of physical processes starting from the climate anomalies causing suppression of 
rainfall and ending with socio-economic impacts of water deficits. The lack of rainfall 
propagates through the hydrologic system and results in declining soil moisture, groundwater 
storage and streamflow, resulting in water shortages and reduction or disruption of socio-
economic activities [Wilhite and Glantz, 1985; Kallis, 2008; Mishra and Singh, 2010]. Within 
this framework, a number of statistical methods have been applied to drought forecasting, 
probabilistic characterization, and identification of spatial-temporal patterns [Mishra and Singh, 
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2011]. Nevertheless, approaches have been concentrated on semi-arid regions and multi-year 
drought problems, with applications to tropical environments rarely reported in the literature. 
 
More specifically, the propagation of droughts through hydrologic systems has been recently 
studied at the catchment scale [Peters et al., 2006] and in comprehensive modeling efforts at the 
global scale [Van Lanen et al., 2013]. Those studies have identified lags and attenuations of 
rainfall deficits provided by soil, groundwater and river systems. Thus, besides climate 
seasonality [Van Loon et al., 2014], groundwater and catchment physical characteristics have 
important roles in controlling hydrologic droughts [Van Lanen et al., 2013]. However, current 
large-scale hydrologic models do not reproduce adequately hydrologic drought events, as they do 
not properly represent groundwater and evaporation processes, at least in cold and temperate 
climate settings [Van Loon et al., 2012]. As mentioned, soil and groundwater storages have large 
impact on streamflow dynamics in the Amazon, and thus need to be well represented in drought 
studies. 
 
However, none of those drought-modeling efforts has focused on tropical droughts, where 
specific hydrologic processes must be represented. For example, Van Loon & Van Lanen [2012] 
proposed a classification of droughts consisting of six typologies, but their study involved only 
five small-sized watersheds (120 to 180 km2, and one with 16,480 km2), all located in Europe, 
and driven by snow melting processes. The model comparisons of Van Loon et al. [2012] were 
also based on the same European watersheds. Consequently, their classifications and conclusions 
refer to mechanisms not present in tropical settings, such as the timing of the snow season.  
Finally, another aspect present in many studies of droughts worldwide are the land-atmosphere 
interactions and feedback mechanisms, which exert important controls on the dynamics of 
droughts. The physics of these mechanisms have been studied in mid-latitude regions and 
deserts, where changes in surface and atmospheric albedo were found to contribute to drought 
characteristics. In those simulation studies, drought-inducing thermal waves were found to 
increase cloudiness and reduce radiation fluxes into the ground, reducing evaporation rates and 
consequently increasing soil temperatures. The reduced evaporation and higher heat transfer 
from the ground led to a warmer atmosphere that prevented rainfall conditions [Bravar and 
Kavvas, 1991a, 1991b]. However, these results are model-dependent, and the net effects of 
reduced rainfall on cloudiness, and further impacts on the net radiation at the ground are 
uncertain [Betts et al., 1996; Bony et al., 2004; Betts, 2009], especially in the Amazon [Chagnon, 
2004]. 
 
Those specific physical processes related to land-atmospheric interactions are different in the 
Amazon, since the dry season is actually accompanied by less cloudiness, resulting in increase of 
solar radiation hitting the ground, and causing higher surface temperatures and even higher ET 
rates [da Rocha et al., 2004; Betts and Silva Dias, 2010; Costa et al., 2010]. The sustained 
transpiration rates are partially explained by the ability of deep-rooted vegetation to continue 
extracting water from the ground even during the dry season. However, a severe decline of soil 
moisture could interrupt transpiration and lead to higher soil temperature and heat fluxes [Lee et 
al., 2005; Markewitz et al., 2010; Ivanov et al., 2012]. That impact could be enhanced if the lack 
of cloudiness occurred during the wet summer season, when solar radiation is at its peak, an 
effect that has not been investigated. Moreover, ET is an important source of atmospheric 
moisture and rainfall in the Amazon, providing from 25% to 35% of annual rainfall, based on 
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modeling and reanalysis studies [Brubaker et al., 1993; Eltahir and Bras, 1994; Bosilovich and 
Chern, 2006]. Thus, an eventual reduction in ET rates could inhibit rainfall, and enhance drought 
conditions. 
 
Therefore, an improved modeling approach is required to better understand the role of Amazon 
hydrologic systems in modulating climate anomalies and shaping drought characteristics. That 
approach should take into account the complex functioning of Amazon hydrologic systems, and 
the interactions between climate forcing and local hydrologic responses. In addition, it should 
consider the stochastic nature of climatic anomalies and the uncertainties arising from the limited 
data available and incomplete knowledge on local hydrologic behavior. 
 
1.3 Research objectives 

 
The objective of this research is to quantify the effects of local hydrologic processes in 
attenuating or enhancing droughts in the Amazon, taking into account the uncertainties from 
limited data availability and climatic variability.  This research objective led to the following 
four research questions: 
 
i. What are the patterns of spatial and temporal variability of hydrologic droughts in the 

Amazon basin?  
 

The Amazon sub-basins respond differently to drought-inducing climate conditions. Those 
differences are observed in both spatial and temporal patterns of drought events. The 
identification of such patterns (i.e. regions more prone to droughts, and timing of hydrologic 
response to drought events) is a first step towards understanding the role of local hydrologic 
systems, a step required for further evaluations of hydrologic functions. However, the limited 
data availability restricts the identification of spatial and temporal patterns of hydrologic 
droughts and possible climatic links.  
 
This first question is addressed in Chapter 2 by the means of statistical correlations and principal 
component analyses adapted to this problem of limited data. Hydrologic droughts are defined 
based on monthly streamflow observations at conventional gauges, and used to compute wet and 
dry season indices denoting the magnitude of streamflow seasonal deficits. Such indices are used 
to analyze the spatial distribution of deficits during specific, known drought events, and to derive 
correlations with climatic indices. Then, different approaches are taken to characterize the spatial 
and temporal variability in the periods from 1975 to 2012 (with 58 gauges available) and from 
1931 to 2006 (with only 14 gauges available).  The analysis allow for the identification of the 
major modes of spatial and temporal variability of droughts, and the associated errors caused by 
uncertainties in streamflow data. The correlations between such principal modes and climatic 
indices characterizes the influence of climatic anomalies on droughts experienced at each 
Amazon sub-basin, and provide insights on hydrologic processes 
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ii.  How do the rainfall deficits propagate through the hydrologic system at the watershed scale 
to generate deficits in soil and groundwater storage, and streamflow? 

 
Soil water and groundwater dynamics dominates the terrestrial water variability in the Amazon 
basin. Thus, the study of the propagation of rainfall anomaly events through the hydrologic 
system requires a proper understanding of the dynamics of water storages within the soil column 
and aquifers. However, only a few short-term datasets of soil moisture and water table (a 
measurement of groundwater storage) are available at limited sites within the Amazon basin. 
Also, the hydrologic modeling efforts to date have not focused on the propagation of droughts. 

 
This second question is addressed in Chapter 3 by the means of water balance calculations at the 
watershed scale. Four key watersheds with adequate rainfall and daily streamflow data are 
selected at regions with different spatial patterns of hydrologic droughts, according to the 
patterns previously identified in Chapter 2. Since there are not sufficient data to adequately 
calibrate a distributed hydrologic model, a new hydrologic analysis approach is taken to quantify 
the temporal changes in soil water and groundwater storages. That approach starts from a 
conceptualization of the hydrologic functioning of Amazon watersheds, and then takes advantage 
of the recession pattern of streamflow during seasonal droughts to derive relevant expressions to 
describe the temporal change of water storages. Such estimates are used to compute soil moisture 
and groundwater deficits, which are compared to rainfall and streamflow deficits, completing the 
sequence of drought propagation. That analysis lead to the quantification of the differences in 
magnitude and duration of droughts in the different hydrologic compartments (e.g. soil water and 
ground water storages). Also, it allows the assessment of hydrologic effects trigged by rainfall 
deficits, such as the changes in watershed storages induced by changes in annual rainfall, and the 
changes in streamflow deficit from upstream to downstream reaches. 
   

iii.  How does rainfall partition in soil water storage and fluxes within typical soil columns in the 
Amazon during drought events? 

 
In some specific parts of the Amazon, the soil column and the root systems are very deep. Thus, 
the combination of the dynamics of soil water fluxes and root water extraction govern the 
temporal evolution of soil water storage and deep percolation. Those two components have 
important roles during droughts as they control the release of water to groundwater systems, and 
ultimately, streamflow. 
 
This third question is explored in Chapter 4 by the means of an integrated soil-vegetation model 
driven by synthetically generated rainfall time series at the hourly scale. A comprehensive soil-
vegetation model is developed to assess how soil water dynamics affects plant water extraction 
and deep layer percolation, which might affect groundwater recharge. The model employs a 
multiple wetting front scheme from the literature that allows for continuous and quick simulation 
of soil moisture within various layers. The model is applied in one site located at northeast of the 
Amazon basin, a region commonly affected by El Nino. That site is representative of Amazon 
environments and has been the subject of many previous studies that have provided the data 
needed for the analysis in this chapter. The model is driven by synthetically generated rainfall 
time series that represent the current statistics observed at rainfall gauges. Thus, this approach 
attempts to overcome the issue of data scarcity by using stochastic rainfall modeling techniques 
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to synthetize un-observed drought events, while retaining the statistical characteristics of the 
observed data. That approach is useful for the investigation of the impacts of unobserved rainfall 
patterns, the quantification of sensitivities and the detection of thresholds of water storages and 
fluxes in the soil-vegetation system.  
 

iv. How significant is the increase in evapotranspiration due to lack of cloudiness compared to 
the decrease of evapotranspiration due to reduced soil moisture? 

 
This topic is motivated by (i) the potential for enhanced evapotranspiration from the soil during 
drought periods to exacerbate hydrologic drought experienced in streams, and, conversely, (ii) by 
the potential for reduced evapotranspiration from dry soils to inhibit convective rainfall, and thus 
enhance climatic drought. Thus, both increase and decrease in evapotranspiration are possible 
and might have impacts on droughts. However, the importance of each effect has not yet been 
quantified.  
 
That forth question is addressed in Chapter 5 by the means of the analysis of statistical 
significance of changes in observations of latent heat fluxes (as measured at flux towers) when 
conditioned to different cloudiness and previous moisture conditions. The analysis allows for the 
quantification of the effects of each environmental factor on evaporation dynamics during 
drought and non-drought conditions, especially the effect of cloudiness. 
 
1.4 Organization of the dissertation 
 
The dissertation is organized in six chapters and three appendices. Chapter 1 presents an 
introduction to the topic, the motivation for the research, an overview of the hydrology processes 
within the Amazon basin and the challenges in the analysis of hydrologic droughts, the specific 
research questions, and how they are addressed. The four research questions are explored in 
Chapters 2 to 5, which present specific background to each topic, the methodology used to 
address them, the results and corresponding discussions. Chapter 6 presents a discussion of 
research approaches, limitations and results, the conclusions and future research needs that were 
identified. Appendix A lists rainfall and streamflow gauge data used in Chapter 2. Appendix B 
describes data sources and consistency analyses conducted to quantify uncertainties in rainfall, 
streamflow and evaporation data used in Chapter 3. Appendix C describes the consistency 
analysis of hydrologic data and procedures used for fitting and calibrating the models used in the 
Chapter 4. Literature references are presented after the Chapter 6. 
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2. Patterns of spatial-temporal variability of hydrologic 
droughts 1 

 
 
2.1. Introduction 
 
The patterns of rainfall and streamflow variability in the Amazon basin have been historically 
linked to known, large-scale climatic phenomena [Zhou and Lau, 2001; Waylen and Poveda, 
2002]. However, the recent extreme drought events of 2005 and 2010 occurred at unexpected 
locations and with unprecedented magnitudes, causing significant economic and ecological 
impacts. Those drought events have been explained as a result of new patterns of climatic 
anomalies and their interaction with hydrologic systems, which are specific of Amazon river 
systems [Marengo et al., 2008b, 2011; Lewis et al., 2011; Tomasella et al., 2011, 2013a]. Such 
studies also suggest that the large and complex basin such as the Amazon can exhibit distinct 
regional hydrologic responses to anomalous climatic forcing conditions; the distinct responses 
can interact across the extensive river network and modulate intensity and duration of seasonal 
droughts. This chapter focuses on the identification of those temporal and spatial patterns of 
droughts across the Amazon basin and their relationships with climatic anomalies. 
 
The El Nino - Southern Oscillation (ENSO) is the major climatic phenomenon explaining 
interannual variability of Amazon rainfall. The El Nino events (the warm phase of ENSO) are 
known to be associated with negative anomalies of rainfall over the Amazon. [Aceituno, 1988; 
Marengo, 1995; Waylen and Poveda, 2002; Nobre et al., 2006; Aceituno et al., 2009]. During El 
Nino events, anomalous high sea surface temperatures (SST) over the central Pacific Ocean are 
sustained beyond the warm season. The SST anomalies are coupled with changes in air pressure 
fields and wind patterns across the Pacific Ocean. That results in eastward shift in the east-west 
atmospheric circulation (the Walker cell), affecting the usual patterns of subsidence and 
ascendance of air, and seasonal rainfall totals, in many parts of the world [Ropelewski and 
Halpert, 1987]. In the Amazon, typical El Nino-related droughts occurred in 1963, 1983, 1997, 
and 2004, and were characterized by suppression of wet season rainfall, more notably in the 
northern regions.  
 
Amazon droughts and streamflow variability have also been associated with ENSO. Many 
studies have reported the decrease of rainfall and streamflow in the northern regions of the 
Amazon basin in association with the occurrence of El Nino events [Poveda et al., 2001, 2011; 
Zhou and Lau, 2001; Waylen and Poveda, 2002; Johnson et al., 2013; Misir et al., 2013]. 
However, a few studies have highlighted the differences between impacts on rainfall and 
streamflow. In one of those studies,  Dettinger et al. [2000] found two major spatial modes of 
streamflow response to ENSO, derived using principal component analysis. In the first mode, 
streamflow decreases in Amazon rivers and increases in southern South America rivers, during 
El Nino events (the linear correlation between this first mode and the ENSO index Nino 3 
                                                           
1 This chapter is based on a revised and extended version of the published paper: Lopes, A.V. & Dracup, 
J.A. (2011) Explaining Annual Streamflow Variability of Amazonian Rivers. In: Hydro-Climatology: 
Variability and Change - IAHS Publication n. 344, 112–117. Editors: Stewart, W.F., Boegh, E., Blyth, E., 
Hannah, D.M., Yilmaz, K.K.  
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was -0.46). The same pattern was obtained using gridded rainfall data instead of streamflow. In 
the second mode, streamflow decreases at only some rivers in the Amazon basin and increases at 
rivers in the Chilean coast, during El Nino events (although there was no significant correlation 
with Nino 3). However, no similar pattern could be obtained using gridded rainfall data. They 
also observed differences in rainfall and streamflow responses: monthly rainfall deficits are 
delayed with respect to the Pacific Ocean SST (an indicator of El Nino activity) by three months, 
while the delay in monthly streamflow deficits is six months. Also, the average deficit in rainfall 
corresponded to 10% of its long term mean, while the average deficit in streamflow represented 
34% of is long term mean.  
 
Contrary to typical dry events induced by El Nino, severe droughts hit the Amazon in 2005 and 
2010, when ENSO was in its neutral phase. Those drought events affected mostly the southern 
and southwestern regions of the Amazon basin, in sharp contrast with the typical droughts 
induced by El Nino, observed in the past. To explain such unusual drought pattern, recent studies 
have pointed to the anomalous warming of the North Atlantic SST and the intensification of the 
north-south SST difference across the Equator [Marengo et al., 2008a, 2008b; Lewis et al., 
2011]. That Atlantic SST difference is thought to be related to displacements of the intertropical 
convergence zone (ITCZ), which controls the seasonal variability of rainfall over the Amazon. 
The ITCZ is an equatorial region where northern and southern trade winds meet, resulting in 
predominantly ascendant air that sustains deep convection areas and intense rainfall. The ITCZ is 
displaced southwards during the austral summer (December to February). That southward 
displacement brings rainfall to large portions of the Amazon and drives the onset of the South 
American convergence zone (SACZ), a northwest-southeast convective region extending from 
the southern Amazon to southeastern of Brazil [Carvalho et al., 2010; Marengo et al., 2012b]. 
During the austral winter (June to August), the ITCZ is displaced northwards, reducing rainfall 
over the Amazon. The ITCZ displacements are thought to be related to the coupled dynamics of 
SST and wind across the Atlantic Ocean [Grimm, 2011]. More specifically, large north-south 
cross-Equator SST differences (with North Atlantic warming) is associated with early 
displacement of the ITCZ northwards, leaving southern Amazon regions with less rainfall. 
 
Thus, the two major climatic phenomena – ENSO from the Pacific and ITCZ from the Atlantic – 
affect the variability of rainfall and streamflow in the Amazon. Thus, the magnitude and location 
of hydrologic drought events must also be related to those climatic anomalies. However, the 
identification of the contribution of each forcing signal in historical records of streamflow droughts 
is a challenging task, due to the complexity of the hydrologic processes and limitation of 
hydrologic historical data. In the Amazon and other large tropical river basins, the large river 
networks propagate the rainfall deficit caused by climatic anomalies from one region to another, 
and cause delays in the hydrologic response. Consequently, the climatic signals are not easily 
identified in the historical streamflow observations. Moreover, the sparse gauged networks and 
shortness of existing hydrologic time series complicates statistical analysis aimed at explaining the 
sources of temporal variability and correlations with climatic forcing. 
 
The interannual variability of rainfall and of seasonal streamflow within the Amazon basin and 
its relationship with climatic indices have been studied with linear regression (in which ENSO 
indices are used as correlation parameters) and principal component analysis [Marengo, 1995, 
2005; Dettinger and Diaz, 2000; Dettinger et al., 2000]. Some studies have focused on the 
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characterization of climatic conditions and hydrologic mechanisms present during specific 
drought events [Marengo et al., 2008b, 2011]. However, previous studies have focused on 
monthly anomalies of rainfall and streamflow and missed the analysis of seasonal droughts, 
understood as sustained streamflow deficits. Thus, the previous approaches focused on climate-
induced monthly water deficits should be extended to include the analysis of seasonal droughts, 
their patterns of variability and possible connections with climate phenomena. Furthermore, the 
limitations in hydrologic data availability within the Amazon have not been considered in the 
studies that were focused on the identification of spatial-temporal patterns of droughts. 
 
This chapter investigates spatial-temporal patterns of variability of seasonal droughts within the 
Amazon basin and relationships with climatic anomalies, using new methods to overcome issues 
of limited data availability. First, specific drought events and individual gauge data are analyzed 
to identify possible relationships with climatic forcing originating from the Pacific and Atlantic 
Oceans. Then, principal component analysis is employed to extract major modes of space-time 
variability in dry and wet season anomalies, considering the errors introduced by estimation of 
missing data. Different approaches are taken for the recent period from 1975 to 2013, when more 
data are available, and the extended period from 1931 to 2006, with very limited data available in 
the period before 1968. Those two periods overlap because the two approaches are completely 
different, and in the extended period from 1931 to 2006, a more recent period from 1968 to 2006 
needed to be included in order to compute correlations that are useful to infer patters in the 
remote period from 1931 to 1968, as explained later. Finally, the association between the 
principal modes of variability of droughts and climatic indices is explored via Spearman rank 
correlation. 
 
2.2. Methods 

 
2.2.1. Data sources 

 
The streamflow data used to characterize seasonal droughts were extracted from a set of gauges 
sorted out from a pool of 405 existing streamflow gauges in the Amazon basin. For the period 
from 1975 to 2013, that large set was first narrowed down to 110 gauges based on data 
availability. Then, that selection was refined to 58 gauges based on the number of years with 
complete data, fraction of gaps in monthly time series, and the existence of other gauges in the 
same river, used for consistency checks. The final selected 58 gauges are located in the major 
Amazon rivers (see Figure 2.1); their records cover at least 15 years and present no more than 
21% of gaps in the monthly time series. The data from those gauges consisted of conventional 
measurements, i.e., streamflow computed from rate curves and daily water stage observations 
obtained from the Brazilian National Water Agency (ANA) hydrologic network [ANA, 2009a], 
available on-line at www.hidroweb.ana.gov.br. Details of those streamflow gauges are described 
in Appendix A. 
 
For the period from 1931 to 1974, another set of streamflow time series at 14 gauges (see Figure 
2.1) was defined from two sources: (i) time series observed at 11 gauges, selected out from the 
pool of 405 gauges, based on data availability in the period before 1968 [ANA, 2009a]; and (ii) 
reconstructed time series at three sites, developed within existing hydropower plant studies. 
Thus, that dataset consisted of monthly time series obtained from both measured and 
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reconstructed data, and its details are described in Appendix A. The reconstructed time series are 
available on-line at http://www2.snirh.gov.br/home/gallery.html, and had their consistency 
extensively verified and approved by Brazilian government agencies. For each river, the 
reconstructed time series derived from different methodologies: 
 

• In the Madeira River, the streamflow time series at the site Porto Velho was 
reconstructed using different methodologies in each period, according to the studies of 
Jirau and Santo Antonio hydropower plants [ANA, 2006]. From 1968 to 2005, streamflow 
was obtained from conventional observations at Porto Velho. From 1908 to 1946, 
streamflow was reconstructed using measurements of water stages and flow rate curves. 
From 1947 to 1967, streamflow was obtained from a multiple regression equation, in 
which monthly streamflow is a function of nine variables:  the observed streamflow in the 
previous two months, and the areal monthly rainfall at seven regions within the upstream 
river basin, obtained from 51 rain gauges. The coefficients of correlation of reconstructed 
and observed streamflow were 0.94 in the calibration period (May/1967 to 
December/1999) and 0.95 in the validation period (January/2000 to December/2001) 
[ANA, 2007];  
 

• In the Amazon River at Obidos, the time series from 1928 to 1998 was made up of field 
measurements of river stages and flows, with missing values in the period from 1949 to 
1967 [ANA, 2009a]; 
 

• In the Xingu River, the streamflow time series at Altamira was obtained using different 
methodologies in each period, according to the studies of Belo Monte hydropower plant 
[ANA, 2009b]. For the period from 1969 to 2007, streamflow was obtained from 
conventional measurements at Altamira. For the period from 1931 to 1968, monthly 
streamflow was obtained using a non-linear regression equation. In that equation, the 
logarithm of the accumulated streamflow over three months is a function of the 
accumulated areal rainfall over three months, and delayed two months with respect to 
streamflow. The three-month average rainfall over the drainage area was obtained using 
Thiessen polygons and rainfall data from six rain gauges. That rainfall-streamflow 
regression had correlation coefficient of 0.88. The obtained streamflow accumulated 
over three months was then disaggregated to the monthly scale using the monthly pattern 
observed in 2006, which was similar to the average pattern observed in the period from 
1969 to 2006. In the calibration period (January/1976 to December/1999), the coefficient 
of correlation of reconstructed and observed monthly streamflow was 0.99. In the 
validation period (January/1969 to December/1975 and January/2000 to December/2005) 
that coefficient of correlation was 0.98 [ANA, 2009c].  
  

• In the Teles Pires River, the streamflow time series at the site of the Teles Pires 
hydropower plant was obtained using different methodologies in each period, according 
to the studies of the Teles Pires hydropower plant [ANA, 2010a]. For the period from 
1976 to 2008, streamflow was obtained from conventional measurements at the reference 
streamflow gage 17380000, with missing data filled using linear correlations with the 
streamflow gauges 17340000, 17410000, 17420000 and 17280000, located in the same 
river (coefficients of correlation of 0.98, 0.97, 0.97 and 0.90, respectively). For the 
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period from 1931 to 1975, streamflow was generated at the upstream gauge 17280000 by 
rainfall-runoff modelling, and then transferred to the hydropower dam site by linear 
regression and the ratio of drainage areas: 
 

o First, the areal monthly rainfall in the catchment of the upstream streamflow 
gauge 17280000 (drainage area of 34,600 km2) was obtained for the period from 
1975 to 2008 using Thiessen polygons and observed monthly rainfall at 15 
rainfall gauges [ANA, 2010b]; 
 

o Second, that areal rainfall series was extended back to 1931 using linear 
regression with the observed rainfall gauge 1456005, located 150 km from the 
upstream basin (the only existing rainfall gauge with data extending back to 
1931). That regression had linear correlation coefficient of 0.76 [ANA, 2010b]; 
 

o Third, the monthly streamflow at the gauge 17280000 was obtained using the 
rainfall-runoff model CN3S [Taborga and Freitas, 1987] and the extended time 
series of areal rainfall in the upstream basin. The performance of that model was 
reported in terms of differences in the mean and the standard deviation of 
observed and modeled streamflow. In the calibration period (1980 to 1995), the 
mean and the variance of observed and modeled streamflow differed by -0.51% 
and 5.6%, respectively. In the validation period (1976 to 1979, and 1996 to 
2006), the mean and the variance of observed and modeled streamflow differed 
by -0.31% and 2.7%, respectively [ANA, 2010b]. 
 

o Forth, monthly streamflow time series at the gauge 17380000, with drainage area 
of 81,600 km2, was extended back to 1931 using a linear regression equation with 
the modeled streamflow at the gauge 17280000. In the common period of 
observations, that regression had linear correlation coefficient of 0.90 [ANA, 
2010c]; 

 
o Fifth, monthly streamflow at the Teles Pires hydropower dam site, with drainage 

area of 90,700 km2, was obtained by multiplying the reconstructed monthly 
streamflow at the gauge 17380000 by 1.11, which is the ratio of drainage areas 
[ANA, 2010c]. 
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Figure 2.1 – Sets of 58 streamflow gauges used for the analysis in the period between 

1975 and 2013 and set of 14 gauges and sites used in the analysis in the period between 
1931 and 2006. 

 
The Nino 3.4 index was used to identify ENSO phases. That index corresponds to the 
standardized monthly anomalies in Pacific SST, averaged over the area from 5° North to 5° 
South, and 170° to 120° West. The base period used to compute Nino 3.4 anomalies is from 
1981 to 2010 and the computed index time series covers the period from 1950 to 2012. That time 
series is provided by the Climate Prediction Center from the National Oceanic and Atmospheric 
Administration (NOAA), available online (http://www.cpc.ncep.noaa.gov/data/indices). Annual 
anomalies were also computed using the average SST within the Nino 3.4 region from June to 
May, which is the typical life-cycle period of El Nino events. The annual average was then 
normalized by subtracting the long term mean and dividing by the standard deviation. 
 
Anomalous SST cross-equatorial differences for the Atlantic Ocean (hereafter, the AGI) were 
computed from monthly SST time series for North and South Atlantic sectors, maintained by 
NOAA. First, North Atlantic SST averaged over the area from 5° to 20° North, and from 60° to 
30° West, and South Atlantic SST averaged over the area from 0° to 20° South, and from 30° 
West to 10° East were obtained from NOAA (http://www.cpc.ncep.noaa.gov/data/indices). Then, 
the difference between these SST at North and South Atlantic sectors was computed. The AGI 
was calculated as the standardized monthly anomalies of SST differences, by subtracting the 
monthly mean from each monthly value and dividing the result by the monthly standard 
deviation. Normalized annual anomalies were also computed for the period from April to March, 
the average life-cycle period of SST warming. 
 
2.2.2. Drought characterization 
 
A seasonal drought is defined here as the event in which the streamflow falls below the long term 
mean of the monthly streamflow time series QLTM (in mm/month), as illustrated in Figure 2.2. Once 
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a seasonal drought event is identified, its magnitude MD (in mm) is quantified as the accumulated 
deficit, i.e. the sum of the differences between the QLTM and the monthly streamflow Q over the 
duration of the seasonal drought, when Q is below QLTM, as it is stated in Equation 2.1. The 
magnitude of seasonal wet spells MW (in mm) occurring before or after a seasonal drought is also 
quantified as the accumulated surplus above the QLTM over the duration of the wet spell, when Q 
is above QLTM, as stated in Equation 2.2.   
 

�� ������ 	 � 																			��	���	� � ���� 

(2.1) 

�� ��� 	����																					��	���	� � ���� 

(2.2) 
 

 
Figure 2.2 – Identification and characterization of seasonal hydrologic droughts (in orange) from 
monthly streamflow records (in blue) for two water years at one of Amazon watersheds (Maicuru 

River), as accumulated deficits below the long term mean streamflow QLTM. 
 
The magnitudes of both seasonal droughts and seasonal wet spells are positive numbers, following 
the convention adopted in the literature [Dracup et al., 1980]. The quantification of magnitudes of 
wet spells are important given its potential relationship with the subsequent seasonal drought, as 
will be explored later. The time series of magnitudes computed with Equations 2.1 and 2.2 were 
extracted for the streamflow monthly time series. When more than one drought or wet spell event 
occurred in a given year, only the event with the larger magnitude was recorded as the seasonal 
drought or wet spell of that year, resulting in only one drought or wet spell event per year.  
 
The obtained time series of magnitudes of seasonal droughts and wet spells were normalized by 
their long term means (µD and µM) and standard deviations (σD and σM), resulting in the drought 
indices ID and IW, referred to as the dry season index and the wet season index, respectively. That 
normalization allows for the comparison of relative magnitudes across different sites and 
hydrologic regions. The dry season index ID, described in Equation 2.3, refers to the normalized 
drought magnitude for a specific event with magnitude MD, and the wet seasonal index IW, 

described in Equation 2.4, refers to the normalized wet spell magnitude for a specific event with 
magnitude MW, noting that there is only one value of each drought index for each year. Therefore, 
the ID takes on a positive value when the drought magnitude is above its long term mean (meaning 

Wet spells 

QLTM 
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drought more severe than average), and on a negative value when it is below its long term mean 
(meaning drought less severe than average). The IW takes on a positive value when it is above its 
long term mean (meaning the wet season streamflow is higher than average) and on a negative 
values when it is below its long term mean (meaning wet season streamflow lower than average). 
Those indices allow for the analysis of strength and spatial distribution of specific drought events, 
and relationships with climatic indices, as presented later. 
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(2.4) 

2.2.3. Patterns of variability of drought indices 
 

Spatial-temporal patterns of dry and wet season indices ID and IW were computed using principal 
component analysis, which is a statistical tool commonly used to reduce the dimensionality of 
multivariate datasets and extract major modes of variability that explain most of the remaining 
variance of the data. Principal component analysis finds those modes of variability by 
transforming an original set of time series with some correlation with each other into another set 
of time series (referred to as modes or the principal components) that are orthogonal and 
therefore have no correlation to each other. Each mode or principal component is a time series 
with the same length of the original set time series, but with decreasing variance. For example, 
the first mode explains the maximum variance of the original data; then the second mode 
explains the maximum of the variance not explained by the first mode; the other modes explain 
the maximum of the variance not explained by the previous modes [Wilks, 2006]. 
 
The described transformation is achieved by deriving the eigenvalues and eigenvectors of the 
covariance matrix of an original set of time series. In the present case, that original set of time 
series is the set of time series of drought or wet indices (ID or IW, respectively) computed at each 
streamflow gauge, which are manipulated as follows. Let D be the matrix of the time series of 
dry season indices ID, in which each column corresponds to a streamflow gauge and each row 
corresponds to a dry season index ID for each year. Thus, each component dt,i of that matrix D 
corresponds to the dry season index ID for year t at the gauge i. Now, let cov(D) be the 
covariance matrix of D, let V be the matrix of eigenvectors of the cov(D), and let ΛΛΛΛ be the 
diagonal matrix with the eigenvalues of cov(D) on the diagonal. With those definitions, Equation 
2.5 must hold and the principal component coefficients are given by the columns of V (which are 
the eigenvectors of cov(D)). The corresponding variances of each principal component are the 
diagonal values of ΛΛΛΛ (which are eigenvalues of cov(D)). 
 
������ ∙ � � ������ ∙ � 

(2.5) 
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The matrices V and ΛΛΛΛ are obtained by singular value decomposition of the matrix cov(D). Then, 
the time series of principal components are found by computing the matrix S, obtained by 
projecting the original matrix D onto the matrix of eigenvectors V, as stated in Equation 2.6. 
 
� � � ∙   

(2.6) 
 

Each column of V corresponds to a spatial mode of variability and its values are referred to as 
the loadings of that principal component. Since each row of V corresponds to a streamflow 
gauge, the loadings of a principal component represent a mode of spatial variability, in which the 
gauges with larger loadings explain more of the total variability. As it will be presented later, a 
map of those loadings allows the identification of regions (or group of gauges) associated with a 
specific spatial mode of variability. Also, each column of S corresponds to a time series of a 
principal component (or a temporal mode of variability) and its values are referred to as the 
scores of that principal component. That transformed set of time series (matrix S) can then be 
ordered by their variance in order to identify those that account for the greater amount of 
variance. It usually turns out that the first few principal components carry the major part of total 
variance [Wilks, 2006]. The same procedure is used to compute the principal components of wet 
season indices IW, using W (instead of D) as the matrix of the time series of wet seasonal indices 
IW. 
 
The “N rule” described by Wilks [2006] is employed here as a truncation criterion to select the 
first principal components that explain most of the total variance of the original matrix D. 
According to that criterion, the variances of each principal component are compared with 
corresponding variances obtained synthetically from random-generated, normally distributed 
data with the same dimensions (58 locations and 39 years). The synthetically generated variances 
are obtained from a large number of eigenvectors generated by conducting principal component 
analysis on matrices with same dimensions of D, formed by samples of normally distributed, 
independent random numbers. Then, the original principal components are retained if their 
variances are above the 95% percentile of the distribution of synthetic eigenvalues.  
 
In addition, the error in the original variances obtained from matrix D can be estimated using 
Equation 2.7, assuming that the original drought indices are approximately multivariate normal 
distributions and no pair of variances are equal [Wilks, 2006]. In that equation, the standard 
deviation sm of the mth eigenvalue λm (the mth element in the matrix ΛΛΛΛ) is a function of the 
eigenvalue itself λm and the number of streamflow gauges n (here, n=58). 
 

!" � #"
$2/' 

(2.7) 
 
The computation of matrices V and S require the absence of gaps in the matrix of drought 
indices D. That condition is difficult to achieve with Amazon hydrologic data because the 
streamflow time series cover different periods, sometimes with many gaps within them. 
Excluding all the missing data from the original time series of drought indices would result in 
severe reduction of the length of the resulting time series of principal components. Thus, in order 
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to overcome this issue of missing data and preserve a reasonable time extension of principal 
components, two approaches were taken for the distinct periods from 1975 to 2013, and from 
1931 to 2006, respectively, as is described as follows. 
 
2.2.3.1. Period from 1975 to 2013 
 
The derivation of principal components from the dataset of 58 gauges covering the period from 
1975 to 2013 involved the filling of existing gaps in the time series, the estimation of errors 
generated in that gap-filling procedure, and a Monte Carlo procedure to generate principal 
component loadings and scores, and corresponding errors. This whole procedure was possible 
because 374 new streamflow gauges became operational in the Amazon after 1975 [ANA, 
2009a], leading to a substantial increase in the spatial coverage of hydrologic data, and 
opportunities to study spatial patterns of variability. In addition, that period has less missing data 
and more gauges located next to each other and within the river, which allows for the application 
of gap-filling techniques based on correlations between gauges.  
 
First, the gaps in time series of magnitudes MD and MW were filled based on linear regressions 
with time series of the nearest gauges, within the same river or the same region. The linear 
regressions were constructed using the available data for the coincident period in each pair of 
gauges. It is important to note that those regression equations were obtained from the time series 
of magnitudes, which are the quantities of interest, and not the time series of monthly 
streamflow. 
 
The obtained linear regression equations include a residual error term ε that is assumed to have 
zero mean and to be normally distributed. When a single linear regression equation was not 
sufficient to fill all the gaps in a given time series, another nearby gauge was chosen to construct 
another linear regression. The order of the streamflow gauges used to fill up the gaps followed 
the differences between drainage area: the gauge with drainage area closer to that of the gauge of 
interest was chosen first. In other words, the missing seasonal drought or wet spell magnitude Yit, 
(i.e. the magnitude MD or MW for gauge i and year t) was estimated with an individual linear 
regression equation k as function of the corresponding seasonal drought magnitude Xjt (i.e. the 
magnitude MD or MW for the nearby gauge j in the same year t). That is described in Equation 
2.6, with parameters αk and βk (obtained by minimum least squares) and residual error εk. The 
parameters obtained for all regression equations and a measure of their performance are 
described in Appendix A. 
 
()* � +,-.* + 0, ± 2, 

 (2.6) 
When there was no nearby gauge with data available required for gap filling in a given gauge i, 
the missing data was estimated as the long term mean of observed values of MD or MW for that 
gauge, (34 , plus a random error δi, as stated in Equation 2.7. That random error was assumed to 
have zero mean, the same standard deviation of the observed values of MD at that gauge i, and to 
be normally distributed. The estimates of the standard deviation of the random error δi are 
presented in Appendix A. 
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()* � (34 ± 5) 
(2.7) 

After filling up all gaps in the dataset, a Monte Carlo simulation was employed to propagate the 
errors in the gap-filling process to the principal components. In that iterative procedure, 1000 
sets of estimates of errors εk and δi were randomly generated, resulting in 1000 sets of time series 
of MD and MW for each gauge. Then, the indices ID and IW were computed by normalizing the MD 
and MW, using Equations 2.3 and 2.4, resulting in 1000 matrices D and W. Also, covariance 
matrices were extracted for each one of the 1000 matrices D and W, allowing for the 
computation of 1000 sets of principal components loadings (matrices V) and scores (matrices E). 
That large set of principal components allowed for the computation of the mean and the standard 
deviation of the scores and loadings of the principal components. 
 
2.2.3.2. Period from 1931 to 2006 
 
There are only four streamflow gauges within the Amazon basin with data covering the period 
before 1975, with time series longer than 20 years and less than 20% missing data. That makes it 
difficult to identify the patterns of variability of droughts via direct application of principal 
component analysis, because large areas of the Amazon have no observations in this remote period. 
Moreover, the gaps in the existing streamflow time series are more difficult to be filled due to the 
lack of nearby gauges with data covering coincident periods, preventing the use of the Monte Carlo 
technique employed for the period after 1975. Thus, an alternative approach was required to 
identify drought patterns for the period before 1975. 
 
The approach taken here searches for similarities in the principal components derived from sets of 
streamflow time series covering the periods before and after 1975, in order to infer the spatial 
representativeness of the principal components derived from the few gauges that cover longer 
periods. To illustrate that procedure, let A be a matrix of time series of drought indices at five 
gauges covering the period from 1950 to 2000 and B be a matrix of time series of drought indices 
at 15 gauges covering the same period, but with gaps between 1960 and 1970. The columns of 
those matrices correspond to the streamflow gauges and the rows correspond to the years of the 
time series of drought indices. Then, let v1A and v1B be the first principal component time series 
extracted from the covariance matrices of A and B, respectively, using the procedures described 
in 2.2.3.1. In the case of the matrix A, the principal component v1A has 50 elements, covering 1950 
to 2000. In the case of the matrix B, all the years with missing data from 1960 and 1970 have to 
be excluded in order to compute the principal components and, thus, the principal component v1B 
has 40 elements (covering 1950 to 2000 but with gaps between 1960 and 1970). Now, if v1A and 
v1B are well correlated, then it can be inferred that the principal component v1A also represent the 
area covered by the principal component v1B, although derived from only five gauges. In addition, 
it is sufficient to use the five gauges from A to derive the first principal component in the period 
with missing data from 1960 to 1970.  
 
That procedure was employed to the set of 14 selected gauges in order to infer whether the 
principal components derived from the longer time series could represent the principal 
components derived from shorter time series. Those 14 gauges were grouped in seven different 
matrices, named from A to G. As presented in Figure 2.3, each gauge covers a different period, 
with some gaps in between. Since all the gaps have to be excluded from the matrices to be 
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formed with subsets of gauges, those matrices will have different sizes. For example, the matrix 
A has all 14 gauges but covers only the period 1978 to 2006, with many gaps in between. That is 
because the years with missing data in the time series of drought indices have to be excluded. 
The matrix G has only three gauges (HPP Teles Pires, HPP Belo Monte, and Porto Velho), but it 
covers the longer period from 1931 to 2006, since there are no gaps within it. In order to form 
the other matrices, a subjective search for subsets of gauges was conducted, varying the period 
covered and the number of gauges in each matrix between the limiting combinations of matrices 
A and G. 
 

 
Figure 2.3 – Years of available data in each one of the 14 gauges. 

 
Once a matrix is formed, its columns correspond to the streamflow gauges and its rows 
correspond to the years of the time series of drought indices. A description of the matrices is 
presented in Table 2.1, with the number of gauges, the total period covered, the number of years 
covered, and the name and drainage area of the streamflow gages included. The period covered 
in each matrix is presented in Figure 2.4. Each matrix A to G represents a specific spatial 
coverage and a specific period of time (eventually, with gaps in between). As presented in Table 
2.1, the time series subsets A, B and C include gauges at both northern and southern portions of 
the Amazon basin, while the sets D and E include mostly the gauges at southwestern and 
southern Amazon. Subsets F and G consists of gauges at southern Amazon. 
 

 
 
 
 
 

  

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

1
9

3
1

1
9

3
4

1
9

3
7

1
9

4
0

1
9

4
3

1
9

4
6

1
9

4
9

1
9

5
2

1
9

5
5

1
9

5
8

1
9

6
1

1
9

6
4

1
9

6
7

1
9

7
0

1
9

7
3

1
9

7
6

1
9

7
9

1
9

8
2

1
9

8
5

1
9

8
8

1
9

9
1

1
9

9
4

1
9

9
7

2
0

0
0

2
0

0
3

2
0

0
6

2
0

0
9

2
0

1
2

S
e

t 
o

f 
1

4
 g

a
u

g
e

s

HPP Teles Pires

HPP Belo Monte

Porto Velho 

Obidos

Manacapuru

Labrea

Seringal

Sto Ant. Ico

Serrinha

Boca Gariba

Fontanilhas

Ideco

Sao Francisco

Gaviao



29 

 

Table 2.1 – List of matrices of time series of drought indices and the corresponding number of 
gauges, covered period, years of observations and name of specific gauges used. Gauges 

included in each matrix are indicated in blue. HPP stands for hydropower plant site. 
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Figure 2.4 – Years of available data in each matrix. 

 

Principal components were then derived for each matrix and compared to each other, in order to 
evaluate the representativeness of groups of gauges. The comparison between principal 
component time series derived from the different matrix was done systematically by computing 
the linear correlation coefficients for the first three principal components. The highly correlated 
pairs of matrix indicated similar principal components and the possibility of using fewer gauges 
to derive longer principal component time series. The pairs associated with lower correlations 
indicated that each matrix actually represents distinct regions, with unique principal components. 
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2.3. Results 
 

2.3.1. Observed drought events and relationships with climate indices 
 

This first sub-section of results explores the temporal evolution and spatial distribution of 
drought indices, and relationships with climatic indices. First, the time series of indices ID and IW 
were averaged over all 58 gauges, in order to illustrate the average temporal evolution of 
droughts for the entire Amazon. Those averaged indices are presented in Figure 2.5, in which it 
is clear that the years of 1997 and 2010 were associated with the most severe droughts in the 
period, reflecting the larger values of dry season index ID. Moreover, those years were associated 
with lower than average wet season index IW, although there had been lower values before 1997 
(Figure 2.5b). The year of 1997 corresponds to the occurrence of a strong El Nino while the year 
2010 corresponds to the extreme hydrologic drought event observed in the Amazon.  
 

 

 
Figure 2.5 – Dry (a) and wet (b) season indices ID and IW averaged over all 58 gauges.  

 
Maps showing the spatial distribution of dry and wet season normalized indices for the years of 
1997 and 2010 are presented in Figures 2.6 and 2.7. As shown in Figure 2.6, the gauges in 
northern Amazon, located at the Negro and Branco Rivers, presented the worst (most positive) 
drought indices in 1997, consistent with previous studies pointing to negative rainfall anomalies 
in the north of Amazon associated with El Nino. The dry season in those sub-basins go from 
September to May, coincident with the period when El Nino events strengthen. In 1997, strong 
seasonal droughts were also observed at the Purus, Jurua, Aripuana and Tapajos sub-basins, to 
the southwest and south of the Amazon basin. 
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 Figure 2.6 – Dry season indices ID for the particular years of 1997 and 2010. 

 
The drought of 2010 presented a different spatial pattern (see Figure 2.6). The sub-basins to the 
southwest and south of the Amazon were the most affected, including Purus, Jurua, Tapajos, 
upper Amazon and Madeira Rivers, the impact on this last one being a marked difference 
compared to typical El Nino related droughts. Although the stronger droughts (higher indices ID) 
were observed at Purus and Jurua (southwest), worse-than-average droughts were seen all over 
the south of the Amazon, including the headwaters of Teles Pires and Juruena Rivers, and Xingu 
sub-basin. The drought in 2010 was worse than in 2005 (another extremely dry year as reported 
in the literature), as it affected more severely the main stem of the Amazon River, down to the 
gauge Obidos, with dry season indices above 1. The typical drought period in those southern 
sub-basins extends from May to October (except Madeira, which is from June to March), which 
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coincides with the period of warming in North Atlantic and intensification of the Atlantic SST 
cross-Equator difference.  
 
The maps of wet season indices (Figure 2.7) reveal that the El Nino of 1997/1998, the strongest 
ever recorded, affected both Negro and Branco sub-basins. In that event, the wet season of 1997 
coinciding with the beginning of the El Nino, was the most affected. The wet season index of 
2009, preceding the major drought of 2010, was already below average in the southern sub-
basins, especially in the Madeira sub-basin. The wet season index of 2010, subsequent to the 
drought of 2010, showed below average streamflow in the Madeira River and the headwaters of 
the Jurua River (west of the Amazon).   
 

 

 
Figure 2.7 –Wet season indices IW for the particular years of 1997 and 2010. 
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The Spearman rank correlations between dry and wet season indices, and Nino 3.4 and AGI 
climate indices are reported in Tables 2.2 and 2.3, for the statistically significant cases at 95% 
confidence level (p-value>0.05). The correlations were performed using the indices ID and IW for 
the same year and for the following years. The results for all gauges are presented in Appendix 
A. 
 
The Spearman rank correlations between dry season indices and Nino 3.4 and AGI for the same 
and the following years are shown in Table 2.2, only for the cases for which the statistical 
significance is above 95% (p-value>0.05). Consistent with previous studies, the positive 
correlations between dry season indices and Nino 3.4 are high for the northern sub-basins 
Maicuru, Curua, Jari, and Negro, i.e. more intense droughts associated with El Nino events. In 
addition, significant correlations were also found for southwest and south sub-basins (Madeira, 
Jurua, and Xingu), but for the dry season of the year following the Nino 3.4 year. Moreover, 
surprising negative correlations were found at gauges in the Madeira and Amazon rivers, for the 
dry seasons occurring in the same year of the Nino 3.4 index. 
 
As also described in Table 2.2, the significant correlations between dry season indices and AGI 
were positive (more intense droughts related to positive Atlantic SST gradients) for many sub-
basins to the southwest and south of the Amazon (Madeira, Purus, Jurua, and Xingu), and for 
some gauges on the Amazon River. Accordingly, two gauges in the Negro sub-basin (north of 
Amazon) presented dry seasons negatively correlated with AGI. Not expectedly, one gauge in 
the Tapajos sub-basin (to the south of Amazon) also presented negative correlation with AGI. 
 
The effect of ENSO on the wet season indices was observed in fewer gauges (see Table 2.3), 
with negative correlations (meaning less intense wet seasons in El Nino years) at gauges on the 
Purus, Negro, Northeast tributaries (Curua, Jari and Maicuru), and Amazon Rivers, most for the 
year following the Nino 3.4 index. A not expected positive correlation was found for two gauges 
in the Madeira sub-basin. Interestingly, the three gauges in the Amazon River with no correlation 
with Nino 3.4 in dry season (15030000, 13150000 and 14100000), had negative correlations in 
the wet season. In addition, the gauges with negative correlation in the dry season (11500000 and 
11400000) had no correlation in the wet season. 
 
As presented in Table 2.3, the effects of AGI on wet season indices were characterized by 
negative correlations (meaning lower than average wet seasons associated with positive Atlantic 
SST gradients) for gauges on the Maicuru, Amazon, Purus and Madeira Rivers. Not expectedly, 
a positive correlation was found at one gauge in the Negro sub-basin, located at northern 
Amazon. 
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Table 2.2 – Rank correlations considered statistically significant at the 95% level, between 
drought indices ID at the same year (t) and the following year (t + 1) and Nino 3.4 and AGI. 

Code Sub-basin 
Correlation of 

Nino 3.4 with ID at 
Correlation of 
AGI with ID at 

year t  year t + 1 year t  year t + 1 
15030000 Amazon   0.69 0.38 

13150000 Amazon   0.57  

14100000 Amazon   0.62  

17050001 Amazon  0.39 0.65  

11500000 Amazon -0.36    

11400000 Amazon -0.37    

10100000 Curua 0.75    

12700000 Jari 0.59    

12520000 Jurua  0.44 0.52  

12840000 Jurua  0.42   

12370000 Jurua -0.43 0.44   

15400000 Madeira  0.45 0.48  

15320002 Madeira -0.34  0.44  

15250000 Madeira  0.42  0.36 

15750000 Madeira   0.43  

15120001 Madeira  0.44   

18460000 Maicuru 0.71    

18850000 Maranhon -0.54    

14420000 Negro 0.53    

14250000 Negro 0.55    

14680001 Negro 0.56    

14515000 Negro 0.67    

14495000 Negro 0.64    

14330000 Negro 0.52    

14110000 Negro 0.59    

14710000 Negro 0.78   -0.38 

14260000 Negro   -0.34 -0.35 

13710001 Purus   0.39  

13750000 Purus   0.39  

13600002 Purus   0.34  

13650000 Purus   0.41  

13880000 Purus   0.41  

17200000 Tapajos   -0.40  

16100000 Xingu  0.38  0.34 
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Table 2.3 – Rank correlations considered statistically significant at the 95% level, between wet 
spell indices IW at the same year (t) and the following year (t + 1) and Nino 3.4 and AGI. 

Code Sub-basin 

Correlation of 
Nino 3.4 with IW at 

Correlation of AGI 
with IW at 

year t  year t + 1 year t  year t + 1 

15030000 Amazon  -0.47 -0.47  

13150000 Amazon  -0.38 -0.52  

14100000 Amazon  -0.52 -0.42  

17050001 Amazon  -0.62   

10100000 Curua  -0.54   

12700000 Jari  -0.42   

15400000 Madeira  -0.49 -0.46  

15320002 Madeira 0.41    

15250000 Madeira 0.45    

18460000 Maicuru  -0.53 -0.42  

18850000 Maranhon  -0.61   

14680001 Negro  -0.45   

14515000 Negro -0.44    

14710000 Negro -0.48   0.37 

13410000 Purus -0.60    

13880000 Purus   -0.54 -0.35 
 
The correlations between dry and wet season indices are shown in Figure 2.8, revealing that 34 
out of the 58 gauges presents significant, negative correlations between the dry season and the 
preceding wet season index. That means that more intense droughts are associated with lower-
than-average streamflow in the preceding wet seasons in most of the Amazon sub-basins. That 
pattern was observed in all gauges of the Madeira (southwest), Xingu (southeast) and Branco 
(north) sub-basins, and most gauges of the Purus sub-basin (southwest). The exception was the 
Negro sub-basin (north), where no significant correlation was found. However, the correlation 
between the dry season and following wet season were only significant in the Madeira River, 
Branco sub-basin, and one northeast sub-basin. 
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Figure 2.8 – Spearman rank correlation between dry season index ID and (a) the previous wet 

season index IW, and (b) the following wet season index IW 
 
2.3.2. Patterns in the period from 1975 to 2013 
 
The principal components derived in the period from 1975 to 2013 were tested for statistical 
significance by comparing their variances with corresponding variances obtained from random-
generated, normally distributed data with the same dimensions (58 locations and 39 years). That 
comparison is presented in Figure 2.9, in which the principal component variances, their relative 
errors (error bars correspondent to one standard deviation, computed with Equation 2.7), and the 
median and the 5th and 95th percentiles of the variances obtained from the randomly-generated 
data are plotted against their principal component numbers. The first three principal components 
are significantly different from noise, as they have variances larger than what is obtained 
randomly. From the forth component and on, the error in the variance intersect or are below the 
95th percentile of their synthetically counterparts, indicating that they are not different from 
random noise. 
 
The estimated error in the variances (error bars in Figure 2.9) indicate that the second and third 
principal components of ID and all the principal components of IW might not be statistically 
distinguishable from each other. That is a consequence of the small sample size (58 gauges) and 
does not prevent the further analysis of modes of variability. The fraction of the total variance 
individually and jointly explained by the first five principal components are described in the 
Table 2.4. The first two principal components jointly explained 43% of the total variance in dry 
season indices and 34% of the total variance in wet season indices. The spatial-temporal modes 
of variability for those first two principal components are presented in Figures 2.10 to 2.13. 
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Figure 2.9 – Variances of each principal component computed from dry and wet season indices, 
median of the variances of principal components obtained from randomly generated data, and 

corresponding 5th and 95 percentiles, for (a) dry season index, and (b) wet season index. 
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Table 2.4 – Fraction of the total variance explained by the first five principal components of dry 
and wet season indices, for the period from 1975 to 2013. 

Principal 
component 

Dry season index Wet season index 
Individual Cumulative Individual Cumulative 

PC1 26% 26% 20% 20% 
PC2 17% 43% 14% 34% 
PC3 14% 57% 11% 45% 
PC4 8% 65% 8% 53% 
PC5 6% 71% 7% 60% 

 
The first principal components revealed two major spatial modes of variability of both dry and 
wet seasonal indices (Figures 2.10 to 2.13). In the case of dry indices, the first mode, explaining 
26% of the total variance (see Table 2.4), is characterized by negative loadings in southern sub-
basins, especially the Madeira, Purus, and upper Amazon River. In those regions, severe 
droughts (positive ID) occur when the score of the principal component is negative, and moderate 
droughts (negative ID) occur when the score of is positive. Thus, the droughts of 1998, 2005 and 
2010 are noted as negative scores in the time series of this first principal component (shown in 
Figure 2.10). Moreover, there is a trend towards increasing drought magnitude in those southern 
sub-basins. That trend is statistically significant at 5% level according to results from the runs 
test (p-value=0.045). Additionally, this first mode is characterized by positive loadings in the 
northern sub-basins (notably the headwaters of Branco River). Now, in those regions, severe 
droughts (positive ID) occur when the score of the principal component is positive, and moderate 
droughts (negative ID) occur when the score of the principal component is negative. 
 
The first principal mode related to wet season indices is illustrated in Figure 2.11. That first 
mode explains 20% of the total variance (see Table 2.4), and is characterized again by a marked 
distinction between northern and southern sub-basins. There are positive loadings in southern 
sub-basins, specially the Madeira River, and negative loadings in the northern sub-basins, 
northeast tributaries and in the Amazon River main stem. Where the loadings are negative, a 
weak wet season (negative IW) translates into positive scores, and strong wet seasons (positive 
IW) translates into negative scores in the principal component time series. Where the loadings are 
positive, a weak wet season (negative IW) corresponds to negative scores, and a strong wet 
season (positive IW) corresponds to positive scores in the principal component time series. In 
addition, there is a (less pronounced) trend towards smaller magnitude wet seasons in the 
southern sub-basins. However, that trend is not statistically significant at 5% level, according to 
the runs test (p-value=0.647). The major negative peak coincides with the 1998 El Nino event.  
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Figure 2.10 – First principal mode of variability of the dry season indices ID. Spatial patterns 

(loadings ) are in the upper map and time series of scores are referred to as First PCA (in red) in 
lower plot.  The correspondent errors (one standard deviation) are referred to as PCA error (in 

dashed black). A linear fit to the PCA scores is also shown in dashed, thick line. 
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Figure 2.11 – First principal mode of variability of the wet season indices IW. Spatial patterns 
(loadings) are in the upper map. Time series of scores are referred to as First PCA (in blue) in 
lower plot.  The correspondent errors (one standard deviation) are referred to as PCA error (in 

dashed black). A linear fit to the PCA scores is also shown in dashed, thick line. 
 
The second principal components are presented in Figures 2.12 and 2.13. That mode individually 
explains 17% of the total variance of dry season indices and 14% of the total variance of wet 
season indices (see Table 2.4). Different patterns were found for dry and wet season indices. The 
dry season pattern has positive loadings all over the Amazon (but more noticeably in the 
northern sub-basins and Amazon river main stem), and negative loadings in the Madeira River. 
Several peaks coincided with El Nino events (1983, 1987, 1992, and 1998). The wet season 
pattern has positive loadings in the western sub-basins, and negative loadings in both northern 
(especially Branco sub-basin) and southern sub-basins (especially Tapajos sub-basin). 
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Figure 2.12 – Second principal mode of variability of the dry season indices ID. Spatial patterns 
(loadings) are in the upper map. Time series of scores are referred to as Second PCA (in red) in 
lower plot.  The correspondent errors (one standard deviation) are referred to as PCA error (in 

dashed black). A linear fit to the PCA scores is also shown in dashed, thick line. 
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Figure 2.13 – Second principal mode of variability of the wet season indices IW. Spatial patterns 
(loadings) are in the upper map. Time series of scores are referred to as Second PCA (in blue) in 

lower plot. The correspondent errors (one standard deviation) are referred to as PCA error (in 
dashed black). A linear fit to the PCA scores is also shown in dashed, thick line. 

 
The Spearman correlation coefficients between the climatic indices Nino 3.4 and AGI and the 
first three principal component time series are described in Table 2.5. The Nino 3.4 index is 
significantly correlated to the first and second principal components of ID, with correlations of 
0.49 and 0.33, respectively. Those correlations are positive, indicating that El Nino events (warm 
Pacific SST, positive Nino 3.4) are associated with positive values of those principal 
components. That means more severe droughts in the northern sub-basins (positive ID and 
positive loadings in Figures 2.10 and 2.11) and less severe droughts in southern sub-basins 
(negative ID and negative loadings in Figures 2.10 and 2.11). Thus, the El Nino events clearly 
affect the first two modes of spatial variability of droughts. That influence is stronger in the first 
mode, in which El Nino affects the droughts restricted to northern sub-basins. The effect is 
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relatively weaker in the second mode, in which El Nino affects droughts in both northern and 
southern sub-basins, except the Madeira River. 
 
The AGI index is significantly correlated to the first, second and third principal components of 
ID, with correlations of -0.29, 0.31 and -0.37, respectively. In the case of the first principal 
component, the correlation is negative and thus a positive north-south Atlantic SST difference 
(with warm Atlantic SST) is associated with negative values of that principal component. Those 
negative values mean more severe droughts in the southern sub-basins (positive ID and negative 
loadings in Figure 2.10) and less severe droughts restricted to northern sub-basins (negative ID 
and positive loadings in Figure 2.10). However, the correlation is positive for the second 
principal component indicating the opposite effect: a positive north-south Atlantic SST 
difference (with warm Atlantic SST) is now associated with also positive values of the second 
principal component. Those positive values mean more severe droughts in the northern and some 
southern sub-basins (positive ID and positive loadings in Figure 2.11) and less severe droughts in 
the Madeira sub-basin (negative ID and negative loadings in Figure 2.11). The correlations with 
the third principal component is similar to the correlation with the first one. 
 
Therefore, the correlations with AGI indicate a clear influence of the Atlantic SST on the two 
first modes of drought variability. In the first mode, a larger Atlantic SST difference leads to 
widespread droughts in the southern sub-basins (including the Madeira sub-basin) and inhibits 
droughts in northern sub-basins. In the second mode, that larger SST difference results in 
droughts in both northern and southern sub-basins (except the Madeira sub-basin), with more 
intense droughts to the north. However, the correlations between the principal components of IW 
and Nino 3.4 or AGI are not statistically significant, meaning that neither Pacific nor Atlantic 
SST warming explain the variability of wet season indices, at the 95% confidence level (since all 
p-values are larger than 0.05). 
 

Table 2.5 – Spearman rank correlations (Rho) between climatic indices and principal 
components of dry and wet season indices, and corresponding p-values. 

Correlation 
1st principal 
component 

2nd principal 
component 

3rd principal 
component 

Rho P-value Rho P-value Rho P-value 
Nino 3.4 and principal 
components of ID 

0.49 0.00 0.33 0.04 0.09 0.58 

Nino 3.4 and principal 
components of IW 

0.09 0.59 0.05 0.77 0.00 1.00 

AGI and principal 
components of ID 

-0.29 0.08 0.31 0.05 -0.37 0.02 

AGI and principal 
components of IW 

0.20 0.22 -0.05 0.78 0.26 0.11 
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2.3.3. Patterns in the period from 1931 to 2006 
 
The fractions of the total variance explained by each principal component in each matrix 
(corresponding to different subsets of the group of 14 gauge) are presented in Table 2.6. The first 
three principal components from each matrix accounted for 47% to 60% of the total variance. 
Due to the very small sample size, the error in the estimates of eigenvalues are very large and 
thus only the first principal component is explored here. 
 
Table 2.6 – Fraction of the total variance explained by each principal component in each matrix. 

Principal 
component 

Matrix (subset of gauges) 
A B C D E F G 

1 47% 48% 49% 56% 56% 39% 60% 
2 18% 22% 28% 27% 28% 35% 30% 
3 14% 15% 10% 10% 13% 21% 10% 
4 8% 5% 6% 6% 2% 5%  
5 7% 4% 4% 1%    
6 3% 3% 2%     
7 2% 2% 1%     
8 1% 0% 0%     
9 0% 0% 0%     
10 0% 0%      
11 0% 0%      
12 0%       
13 0%       
14 0%       

 
The correlations between the first principal components of all matrices are described in Table 
2.7. The first principal components of matrices E, F and G are significantly correlated with each 
other. That implies that the subset G, spanning a longer time period, could be used to represent 
that mode of variation. Similar result is obtained when the subsets D and E were compared: 
removing the location Obidos had a small effect on the first principal component and an 
extended period could be analyzed (1968 to 2006 instead of 1971 to 2007). However, the first 
principal components from subsets D and E (including six and seven sites only) were 
significantly different for the ones obtained from subsets A, B and C (including up to 14 sites). 
Thus, it can be inferred that these two groups represent different regions. 
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Table 2.7 – Correlations between first principal components from different subsets. 

Subset A B C D E F G 
A 1.00       
B 1.00 1.00      
C 0.77 0.66 1.00     
D 0.15 0.26 0.01 1.00    
E -0.28 -0.27 -0.40 0.48 1.00   
F -0.51 -0.49 -0.53 -0.47 0.38 1.00  
G -0.36 -0.29 -0.52 0.15 0.79 0.85 1.00 

 
Considering the subsets of shorter time series (from 1968 and on), it was found that some 
locations could be excluded without much loss of information in the first principal component. 
The first principal components derived from the matrices A, B, and C were well correlated, 
showing that removing five locations did not affect the principal component and increased the 
period covered.  
 
Considering the longer time series from subsets F and G, similar analysis showed that removing 
the location Obidos (the only one in the Amazon River) resulted in similar first principal 
component. Again, those principal components were significantly different from the ones 
obtained with subsets from A to E. Thus, the shorter time series set carry important information 
not present in the longer time series set, making it difficult to extend the analysis from the shorter 
time series to longer periods. Furthermore, the results from the longer time series should not be 
extrapolated to represent principal components at other locations. 
 
The first mode from the matrices covering longer periods are shown in Figure 2.14. As noticed 
from the correlations described in Table 2.7, the first principal component of matrix G is similar 
to the ones obtained from the matrices E and F. That matrix G covers the longer period with few 
gaps, and consists of southern sub-basins. Additionally, its first principal component exhibits a 
slowly increasing trend towards more intense droughts. Although such trend is not statistically 
significant at 5% level according to a runs test, this is in agreement with the previous analysis 
considering only the period from 1975 to 2013. 
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Figure 2.14 – Location of gauges corresponding to matrices D, E, F and G, with gauges included 
in blue and gauges excluded in red, corresponding areas included in green and areas excluded in 
orange, the first principal component extracted from matrices E, F and G, and a linear fit to the 

first principal component extracted from matrix G. 
 

The influence of Pacific and Atlantic SST on the principal components was analyzed by correlating 
them with the appropriate climatic indices, as presented in Table 2.8. Consistent with the result in 
the previous section, there is large, positive correlation between the first principal component for 
the matrices A and B, covering the period after 1978, and both Nino 3.4 and AGI. However, the 
correlations change signs for the matrices F and G, covering the longer times. That is an artefact 
of the selection of gauges in each matrix: while matrices A and B contain most of the gauges, 
matrices F and G contain more gauges located in the southern of Amazon. That reflects the sign 
of the matrices of eigenvectors and principal components extracted. 
 
When most of the gauges are included, representing all sub-basins of the Amazon (matrices A and 
B), high, positive correlations with both Nino 3.4 and AGI are obtained in the first principal 
component. Excluding some gauges to the south of the Amazon (forming matrix C) still preserves 
the high correlation with Nino 3.4 in the first principal component, but leads to no correlation with 
AGI, except in the third principal component. When only the gauges located to the south are 
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retained (matrix E), the correlations with AGI appear in the first principal component, while the 
correlations with Nino 3.4 appear in the second principal component. When the gauge Obidos is 
included together with gauges in southern Amazon (forming matrix D), no significant correlation 
is found with Nino 3.4, but a strong correlation of 0.62 appears between the first principal 
component and AGI. When some gauges to the south of Amazon are excluded, leaving the matrix 
F with only four gauges covering the remote period up to 1931, the correlations of the first 
principal component with Nino 3.4 and AGI become larger, negative, and significant (with 
correlations of the second principal component with AGI also significant). When Obidos is 
excluded from matrix E in order to form matrix G with only three gauges sited in the south of 
Amazon, the correlation with AGI becomes significant only with the second and third principal 
components, while the first principal component remains significantly correlated with Nino 3.4. 
All those correlations illustrates the evolution of spatial-temporal patterns of droughts, suggesting 
that Nino 3.4 has been always associated with droughts, more strongly in northern sub-basins, 
while AGI has been associated with droughts mostly in the southern sub-basins, but more strongly 
in the recent records, after 1975. 
 

Table 2.8 – Spearman rank correlations (Rho) between climatic indices and principal 
components obtained from each matrix. 

Climatic 
index 

Matrix 
1st principal 
component 

2nd principal 
component 

3rd principal 
component 

Rho P-value Rho P-value Rho P-value 

Nino 3.4 

A 0.71 0.00 -0.18 0.53 0.21 0.44 

B 0.55 0.02 0.10 0.70 0.22 0.37 

C 0.57 0.01 0.19 0.41 0.09 0.71 

D 0.15 0.38 0.28 0.10 0.06 0.72 

E -0.10 0.55 0.37 0.03 0.02 0.91 

F -0.41 0.01 0.05 0.79 -0.03 0.88 

G -0.27 0.04 0.02 0.91 -0.22 0.10 

AGI 

A 0.53 0.04 0.01 0.96 0.28 0.31 

B 0.56 0.02 -0.34 0.17 0.37 0.13 

C 0.22 0.33 -0.16 0.49 -0.77 0.00 

D 0.62 0.00 -0.05 0.78 -0.16 0.34 

E 0.34 0.04 0.26 0.12 -0.03 0.88 

F -0.43 0.01 0.64 0.00 0.14 0.41 

G 0.01 0.94 -0.34 0.01 -0.36 0.01 
 
2.4. Discussion and conclusion 
 
The presented analysis allowed for a characterization of the temporal and spatial patterns of dry 
and wet seasons in the Amazon basin, and its possible links to climatic forcing events and 
hydrologic behavior. By focusing on seasonal streamflow surplus and deficits, that analysis 
complements previous studies that have mainly focused on the analysis of anomalies of rainfall 
and streamflow [Dettinger and Diaz, 2000; Dettinger et al., 2000; Chiew and McMahon, 2002; 
Coelho and Goddard, 2009]. Moreover, the techniques employed here took advantage of more 
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extensive datasets by resolving issues of limited data availability and allowing for the evaluation 
of uncertainties related to missing data. 
 
Specific events revealed distinct timing and spatial distribution of effects of ENSO and Atlantic 
SST cross-Equator differences on seasonal droughts and wet spells. Previous studies had already 
identified the link between El Nino events and negative streamflow anomalies in northern 
Amazon sub-basins[Ropelewski and Halpert, 1987; Marengo, 1995; Dettinger et al., 2000; 
Chiew and McMahon, 2002; Grimm, 2003; Grimm and Ambrizzi, 2009; Lopes, A.V. and Dracup, 
J.A., 2011; Tomasella et al., 2011, 2013a]. The present analysis confirms that and adds that such 
El Nino effects lead to both higher magnitude of seasonal droughts and lower magnitude of 
seasonal wet spells. Moreover, the timing of the impacts of El Nino varies from event to event 
and can even extend to the dry and wet seasons following an El Nino year. For example, the El 
Nino of 1982/1983 affected the wet and dry seasons of the northern Negro and Branco sub-basin 
in both years, while the stronger event of 1997/1998 only affected the dry season of 1997, at the 
early stage of El Nino. 
  
Furthermore, the southern sub-basins were also impacted and had high correlations of seasonal 
indices with El Nino events, but for the year following the start of the climatic anomaly. For 
example, the dry and wet seasons of both 1983 and 1998 indicated low streamflow at southern 
sub-basins, while the seasonal drought of 1997 was already stronger than average. Such 
differences might be related to the phasing of El Nino events and regional hydrologic 
seasonality, and temporal dependency of streamflow exhibited by most of Amazon sub-basins.  
 
The start of dry seasons in southern sub-basins occurs in May and usually coincides with the 
initial stages of El Nino. That is different from northern sub-basins, where the dry season starts 
in late September, when El Nino events are already entering their mature phase. When El Nino 
events reach their mature, stronger phase, the southern sub-basins are already in their late wet 
seasons, while the northern sub-basins are in the end of their dry seasons. Also, there are delays 
of about three and six months in rainfall and streamflow responses to El Nino events in the 
Amazon region [Dettinger et al., 2000]. Therefore, the southern sub-basins are more affected in 
the following year, especially if El Nino events have a late intensification. Differently, the 
northern sub-basins are readily affected in the same year that an El Nino event starts. Also, the 
high correlation between wet and dry season indices helps to explain the sustained impact of El 
Nino events in the following dry seasons, when the climatic event has already vanished. 
 
Another forcing mechanism inducing intense droughts and weak wet seasons in the southern 
sub-basins is the anomaly in the Atlantic cross-equatorial SST difference. This has already been 
pointed out as an explanation for the extreme droughts of 2005 ad 2010 [Marengo et al., 2008a, 
2008b, 2011, 2012a; Tomasella et al., 2011]. An important complementation from the present 
analysis is the fact those two years had both wet and dry seasons affected, and although the 2010 
seasonal drought was more intense (reaching up the Amazon River main stem), the wet season of 
2004 (preceding the 2005 drought) wet season was the weakest, especially in the Madeira River. 
Moreover, while the anomalous Atlantic north-south SST difference was well correlated with 
intense dry seasons in many gauge data in southern sub-basins, the correlation with wet seasons 
were mostly seen in gauges in the Amazon River, and for the year following the climatic 
anomaly. That suggests that the effects of the climatic anomaly propagate from sub-basins to the 
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main stem and from one year to the other: while the following year wet season in the sub-basins 
were not correlated with AGI, the Amazon River wet seasons were. That conclusion is in 
agreement with the large inertia in the response of the Amazon basin and the complex 
hydrodynamic interactions between the Amazon river and its tributaries [Paiva et al., 2013], also 
pointed out as important factors controlling droughts [Tomasella et al., 2011, 2013b]. 
 
The principal component analysis permits the investigation of spatial modes of variability of wet 
or dry season magnitudes at all 58 gauges in the Amazon. However, the direct application of 
principal component analysis to Amazon hydrologic data results in severe reductions in either 
temporal or area coverage of the resulting scores and loadings, due to the limitation of gauges 
covering long periods of time and the high presence of missing data. Although principal 
component analysis has already been employed to identify spatial-temporal patterns of 
variability of streamflow [Dettinger et al., 2000] and droughts [Santos et al., 2010], such 
applications have not accounted for the uncertainty in scores and loadings due to data gap filling 
errors. Also, traditional applications of principal component analysis in the presence of missing 
data (e.g. probabilistic principal component analysis [Ilim and Raiko, 2010]) have not been 
applied yet to hydrologic data and thus have not taken advantage of its specific correlation.  
 
Thus, the gap filling procedure and the Monte Carlo approach taken here for the identification of 
principal components in the period from 1975 to 2013 represent an improvement over existing 
methods, which deals with the issue of incomplete streamflow datasets. That approach takes 
advantage of the high correlation among streamflow gauge data and provides for a way to 
quantify the uncertainty in principal components time series and loadings propagated from the 
estimation of missing data. Moreover, the search for correlations between principal components 
from different datasets (approach taken in the period from 1931 to 2006) allows for the 
identification of long principal component time series, although representing specific modes of 
variability within specific regions. The longer time series are useful for the analysis of trends and 
provides for correlations with climatic indices that are more robust. 
 
The two main spatial modes of variability of seasonal droughts in the period from 1975 to 2013 
confirm the important role of ENSO and Atlantic SST anomalies. The high correlation between 
the first mode and AGI, with larger loadings in mostly the southwestern and southern sub-basins, 
is in agreement with the previous analysis of specific drought events of 2005 and 2010, and 
correlations of individual gauge data and AGI. The identified recent trend towards increased 
drought magnitudes, possibly associated with intensification of Atlantic SST differences, is 
confirmed in the first principal mode derived from the longest time series available in the 
Amazon (Figure 2.14). That is also in agreement with previous studies that evaluated the causes 
of the recent drought events in the Amazon [Marengo et al., 2008a, 2008b, 2011, 2012a], and 
studies focused on future scenarios of hydrologic change in the Amazon [Neelin, 2003; Malhi 
and Wright, 2004; Cox et al., 2008; Malhi et al., 2008; Grimm, 2011]. However, it is interesting 
to note that although there is a clear trend towards more intense seasonal droughts, no clear trend 
in either annual or seasonal streamflow had been identified in previous studies [Marengo, 1995; 
Marengo and Tomasella, 1998]. 
 
The effect of ENSO on inter-annual variability of seasonal droughts is clear in the second mode 
extracted from the 58 gauges covering the period from 1975 to 2013. This second mode is 
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mainly associated with northern sub-basins, which is in agreement with the previous correlation 
analysis using individual gauge data. The correlations with Nino 3.4 are also present in the 
principal modes derived in the longer period from 1931 to 2006. The effect of ENSO in driving 
streamflow variability has been recognized in previous studies [Dettinger et al., 2000; Chiew and 
McMahon, 2002; Grimm, 2003; Grimm and Ambrizzi, 2009], and now its impact on seasonal 
droughts is also confirmed. However, no clear trend were found in the principal modes correlated 
that are more with Nino 3.4 in the period from 1975 to 2013, suggesting no intensification of 
ENSO-related droughts in the Amazon. That contradicts some studies focused on predictions of 
future climate change impacts in the Amazon [Costa and Foley, 2000; Coelho and Goddard, 
2009]. 
 
The findings from this study have important implications for future research focused on causes 
and predictions of droughts within the Amazon basin. First, the differences in the responses to 
climatic forcing events across regions and seasons suggest that the hydrologic behavior of each 
sub-basin is important in shaping the characteristics of a drought. That is corroborated by the 
high correlations across streamflow gauges and between dry and wet season accumulated 
streamflow, which should result in propagation of climatic signals through seasons and river 
networks. That results in the persistence of streamflow drought conditions, even with rainfall 
returning to normal conditions and the absence of climatic anomalies. Thus, further 
understanding the hydrologic response of Amazon watersheds during wet and dry seasons is 
needed in order to evaluate its physical controls and the role of initial moisture conditions.  
 
Second, the identified recent trend towards intensification of droughts results in exacerbation of 
several environmental and economic impacts and needs to be further investigated, in order to 
consider other intervening factors. More specifically, many factors such as deforestation and land 
cover change [Costa et al., 2003, 2007; Bevan et al., 2009; Coe et al., 2009; Butt et al., 2011; 
Chappell and Tych, 2012; Brando et al., 2014], cloud dynamics [Chagnon, 2004], global 
warming and related feedbacks [Costa and Foley, 2000; Cox et al., 2004; Cowling and Shin, 
2006], land-atmosphere feedbacks [Coe et al., 2009, 2013; Betts and Silva Dias, 2010; Barreiro 
and Díaz, 2011], and even interactions between climate anomalies originating from the Pacific 
and Atlantic oceans [Grimm, 2003] could be controlling the trends in droughts patterns and 
should be investigated.  
 
2.5. Notation 
 
A to G Matrix of seasonal drought indices  
S Matrix of principal component scores 
V Matrix of principal component loadings, or eigenvectors of the covariance matrix,  
ΛΛΛΛ Diagonal matrix with eigenvalues of the covariance matrix on the diagonal 
ID Seasonal drought index 
IW Seasonal wet spell index 
dt,i Components of the matrix D, drought index for year t and gauge i 
i Gauge index 
j Gauge index 
k Linear regression equation index 
n Number of columns in the matrices D, W, E and V, or streamflow gauges  
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sm  Standard deviation of the mth eigenvalue λm 
MD Magnitude of a seasonal drought event (mm) 
MW Magnitude of a seasonal wet spell event (mm) 
QLTM Long term mean of a monthly streamflow time series (mm/month) 
Q Monthly streamflow (mm/month) 
Rho Spearman rank correlation 
TD Duration of a seasonal drought event (month) 
TW Duration of a seasonal wet spell event (month) 
Xjt Seasonal drought or wet spell magnitude for gauge j and year t (mm) 
Yit Seasonal drought or wet spell magnitude for gauge i and year t (mm) 
(34  Long term mean of seasonal drought or wet spell magnitudes at gauge i (mm) 
W Matrix of seasonal wet spell indices  
αk First parameter of the linear regression equation k 
βk Second parameter of the linear regression equation k 
δi Random error of seasonal drought or wet spell magnitudes at gauge i 
εk Error of the linear regression equation k 
λm  mth eigenvalue (the mth element in the diagonal of the matrix ΛΛΛΛ 
µD Mean of seasonal drought magnitudes (mm) 
µW Mean of seasonal wet spell magnitudes (mm) 
σD Standard deviation of seasonal drought magnitudes (mm) 
σW Standard deviation of seasonal wet spell magnitudes (mm) 
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3. Analysis of hydrologic droughts at the watershed scale 
 
 
3.1. Introduction 

 
The Amazon River basin is vulnerable to severe seasonal droughts resulting in significant 
impacts on regional and global climate and ecosystems [Marengo et al., 2008, 2011; Lewis et al., 
2011]. Such events are characterized by a temporary anomalous rainfall deficit that propagates 
through the regional hydrologic system, resulting in low streamflow and river water levels and 
drastic impacts on river transportation, ecosystems, and regional economy [Zeng et al., 2008; 
Tomasella et al., 2013]. Also, the reduced soil moisture restrict the ability of forests to extract 
water from the ground, resulting in slow biomass growth, reduced carbon uptake [Saatchi et al., 
2013], increased risk of fires [Aragão et al., 2007] and even tree mortality [Williamson et al., 
2000; Phillips et al., 2009]. Thus, quantification of hydrologic fluxes and storages that drive 
observed streamflow patterns is crucial to predict and manage the risks and impacts from 
droughts. This chapter focuses on those hydrologic processes at the watershed scale to unveil the 
functioning of Amazon hydrologic systems under drought conditions. 
 
Droughts and interannual variability in river flow in the Amazon basin are associated with the 
occurrence of El Niño events, characterized by the anomalous warming of the Pacific sea surface 
temperature [Ropelewski and Halpert, 1987; Marengo, 1995; Waylen and Poveda, 2002]. That 
climatic anomaly leads to changes in the large-scale atmospheric circulation which usually 
suppresses rainfall from November to January in the northern portion of the basin [Poveda et al., 
2001, 2011; Zhou and Lau, 2001; Waylen and Poveda, 2002; Johnson et al., 2013; Misir et al., 
2013]. Strong El Niño-driven droughts occurred in 1983 and 1997 and led to significant but 
episodic decreases in observed flow in major Amazon rivers [Dettinger et al., 2000; Ronchail et 
al., 2005]. However, severe droughts also hit the Amazon in 2005 and 2010, when ENSO was in 
its neutral phase. Those events affected mostly the southern and southwestern regions of the 
Amazon basin, in sharp contrast with the typical El Niño-induced droughts. Previous studies 
have explained such events based on reduced rainfall from November to February at southern 
portions of the basin, and additional and larger rainfall deficits during the dry season from April 
to August [Marengo et al., 2008; Lewis et al., 2011]. The hydrologic response to those droughts 
began with low streamflow in headwater catchments that progressed downstream. By the end of 
the dry season, streamflow in headwater catchments had started to rise while the major rivers 
downstream remained low until the following wet season [Tomasella et al., 2011]. Thus, the 
specific hydrologic characteristics of southern Amazon watersheds also shaped the spatial and 
temporal patterns of drought within the basin as a whole. 
 
The decline of streamflow and river water levels in the Amazon is a complex phenomenon that is 
difficult to study in a spatially explicit manner due to the scarcity of data. A few field studies at 
specific sites have demonstrated the existence of large soil water storage provided by deep soil 
columns, which actively move water from one season to another [Hodnett et al., 1995; Bruno et 
al., 2006]. Water balance studies using detailed short-term field data on specific, small-sized 
watersheds have also identified a large soil water storage capacity, which controls the seasonal 
dynamics of infiltration, groundwater and streamflow [Lesack, 1993; Fleischbein et al., 2006; 
Tomasella et al., 2008]. The water flow and storage within such large soil columns are known to 
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obey highly non-linear functions that depend on local hydraulic properties of tropical soils, 
which are much different from the soils on temperate regions [Hodnett and Tomasella, 2002]. 
Also, preferential flows are common in tropical, dense forested watersheds, greatly affecting 
infiltration rates and runoff processes [Bonell, 1993; Elsenbeer and Vertessy, 2000; Elsenbeer, 
2001]. Thus, the results from those site-specific, short-term experiments cannot be directly 
extrapolated to larger sized watersheds or to extreme, historical drought conditions. Given the 
lack of information on the spatial variability of hydrologic processes within Amazon watersheds 
of medium size, alternative approaches for hydrologic analysis of droughts must be developed. 
 
Modeling studies have also focused on quantifying historical hydrologic fluxes and storages, and 
understanding hydrologic processes controlling soil moisture, evaporation, and streamflow 
[Collischonn et al., 2007; Miguez-Macho and Fan, 2012]. Large-scale hydrologic models 
applied to the entire Amazon basin have shown that water table can be as deep as 10 m (from the 
land surface downwards) in nearly 60% of the Amazon, and as shallow as 2 m in the remaining 
40% (mostly northwestern regions) [Miguez-Macho and Fan, 2012]. In seasonally dry regions 
with deep soil columns and great depth to the water table, soil water variations were shown to 
dominate terrestrial water variations, as water is carried over from wet to dry seasons [Paiva et 
al., 2013; Pokhrel et al., 2013]. Also, the simulations demonstrated that groundwater exerts an 
important role in controlling streamflow in headwater catchments, the exchange of floodwater 
and groundwater within the large floodplains, the persistence of wetlands maintained by shallow 
water table, and the seasonal dynamics of surface waters [Miguez-Macho and Fan, 2012]. High 
resolution hydrologic models have also been applied to small-sized watersheds, but with 
difficulties in reproducing observed hydrologic data [Vertessy and Elsenbeer, 1999]. However, 
those modeling efforts have focused on reproducing either the overall temporal pattern of 
observed hydrologic or short-term observations. Therefore, the identification of the major 
hydrologic processes present during drought events is a first step towards improving the 
applicability of hydrologic models to drought prediction. 
 
Recent studies have developed a conceptual framework for the analysis of hydrologic droughts 
and its propagation through hydrologic systems [Van Loon and Van Lanen, 2012].  These studies 
have employed hydrologic models to identify common features of hydrologic droughts in 
temperate regions. For example, many watersheds exhibited a lag between rainfall and 
streamflow deficits, and an attenuation of drought magnitude and enhancement of drought 
duration caused by the slowly-varying groundwater storage [Van Lanen et al., 2013; Van Loon et 
al., 2014]. Also, both climate variability and physical catchment characteristics influenced these 
drought features [Van Lanen et al., 2013]. The extension of their concepts to tropical regions 
such as the Amazon is useful, but also faces the challenges related to the limitation of hydrologic 
models and the scarcity of data. The rainfall gauge network is very sparse and incapable of 
capturing all features of the high spatial variability of convective rainfall [Buytaert et al., 2006; 
Clarke et al., 2011]. Moreover, both large and small scale hydrologic models demand the 
calibration of numerous parameters, but the models are not always validated against field 
observations and consistent with the spatial variability of hydrologic processes [Collischonn et 
al., 2008; Paiva et al., 2013]. The pre-defined model structures are often forced to match the 
observed hydrologic data, and might not be reproducing the reality of hydrologic processes. 
Thus, the analysis of hydrologic droughts in the Amazon requires a new approach, consistent 
with the limited data available. 
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In this chapter, an analytical framework is developed to characterize the propagation of rainfall 
deficits through the soil and groundwater systems within Amazon watersheds, using the limited 
data available. In this framework, soil moisture and groundwater water deficits are extracted 
from the existing daily rainfall and streamflow data using analytical expressions derived based 
on a hydrologic model conceptualized for Amazon watersheds. The sequences of deficits in soil 
water, groundwater and streamflow are then useful to explore (i) the dynamics of propagation of 
rainfall deficits within a watershed; (ii) the relationships between inter-annual rainfall and 
watershed storage variability; and (iii) the propagation of streamflow deficits from upstream to 
downstream river reaches. Sources of uncertainties associated with the proposed framework are 
also discussed. 
 
3.2. Methods 
 
The methodological approach is based on the analysis of existing hydrologic data within four 
Amazon watersheds selected based on both data availability and representativeness of Amazon 
environments. First, the existing hydrologic data (rainfall, streamflow, and evaporation observed 
at flux towers) were submitted to detailed consistency checks described in Appendix B. Then, a 
conceptual framework was employed to characterize different phases of seasonal droughts and 
link them to a conceptual model of the hydrologic function. This framework was then used to 
derive expressions describing the dynamics of soil and groundwater storages, and subsurface and 
base flow, which are the hydrologic components of streamflow. That allowed for the 
quantification of changes in the watershed water storage and the evaluation of their sensitivity to 
reduced annual rainfall. Finally, an extended set of streamflow gauge data were used to evaluate 
the propagation of drought characteristics from upstream to downstream river reaches. 

 
3.2.1. Selected Amazon watersheds and data sources 
 
The four watersheds indicated in the map of Figure 3.1 were selected for analysis of seasonal 
droughts in the Amazon basin. Those watersheds were selected from a pool of 64 watersheds 
with areas less than 100000 km2 that are monitored by conventional streamflow gauges and at 
least two rainfall gauges, with coincident historical records covering at least 20 years. The 
general characteristics of those four watersheds are presented in Table 3.1, including the 
drainage area, the mean annual rainfall over each watershed (PM), the mean annual streamflow 
(QM), the mean annual evapotranspiration (EM), and a brief description of the hydrology of the 
sub-basins they represent. 
 
PM and QM were computed using all the water years on record, after excluding the years that had 
incomplete daily data. Also, all gauges were checked for their consistency, as described later in 
this section and in more detail in Appendix B. EM was obtained from the balance between PM and 
QM, since the change in watershed storage over such periods (longer than 20 years) can be 
neglected, and thus EM =PM – QM [Brutsaert, 2005]. The exception was the Cachoeira Caju 
watershed, for which different values of EM were compute for the periods from 1982 to 1996 
(14 years), and from 1997 to 2011 (15 years), because a trend in annual rainfall was identified 
(see Appendix B). 
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Figure 3.1 –Amazon watersheds selected for analysis of seasonal droughts, along with 

streamflow gauges within each watershed for upstream-downstream analysis. 
 

Table 3.1 – Characteristics of four selected Amazon watersheds. 

Watershed 
(streamflow 

gauge) 

Area 
(km2) 

Watershed annual averages 

Description PM 
(mm) 

(1) 

QM 
(mm) 

(2) 

EM  
(mm) 

(3) 

Jaru 
(15565000) 

3960 1820 680 1140 
Jaru River, small tributary of the Madeira 
River basin, located in the southeastern 
Amazon. Mostly covered with pasture 

Seringal 
Caridade 

63100 1750 680 1070 
Headwaters of the Purus River basin, 
located in the eastern Amazon, severely 
affected by the droughts of 2005 and 2010 

Arapari 
(18200000) 

12400 1690 350 1340 

Maicuru River, small tributary of the 
Amazon River, located in the northeastern 
Amazon, commonly affected by El Nino 
events 

Cachoeira 
Caju (after 
1996) 
(14350000) 

13100 3290 2250 1040 

Curicuriari River, headwaters of the 
Negro River basin, located in the northern 
Amazon, commonly affected by El Nino 
events 

(1) Mean area annual rainfall, obtained from spatial interpolation of rainfall gauge data. 
(2) Mean annual streamflow, as measured at the streamflow gauge. 
(3) Mean annual evapotranspiration, obtained from the difference EM = PM – QM. 
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The daily streamflow time series at each watershed were obtained from the conventional gauges 
listed in Table 3.2, maintained by the Brazilian National Water Agency (ANA), and available 
on-line at www.hidroweb.ana.gov.br. The consistency of the daily streamflow data was checked 
by comparing them with data from 19 other streamflow gauges located at rivers with similar 
drainage areas and within the same river basins. At all four watersheds, at least one gauge was 
found with linear correlation above 0.77, usually a gauge sited in the same river of the reference 
gauge, attesting the consistency of data. Details of all consistency check procedures and results 
are presented in Appendix B. 
 
Table 3.2 – Streamflow gauges located in the four selected watersheds, with location and long-

term mean streamflow (QM). 

Watershed 
Streamflow 

gauge 
River Sub-basin 

Latitude 
(º) 

Longitude 
(º) 

QM 

(m3/s) 
Jaru 15565000 Jaru Madeira -10.4 -62.5 85 
Seringal Caridade 13410000 Purus Purus -9.0 -68.6 1340 
Arapari 18200000 Maicuru Purus -1.8 -54.4 129 
Cachoeira Caju 14350000 Curicuriari Negro -0.2 -67.0 945 

 
Daily rainfall data are available at several rainfall gauges maintained by ANA located within or 
nearby the boundaries of each watershed. The consistency of the rainfall data was checked as 
described in detail in Appendix B and summarized here. First, a group of 27 rainfall gauges 
located around each watershed was screened for inconsistencies. Then, that group was narrowed 
down to the set of 14 gauges described in Table 3.3, after excluding inconsistent gauges. 
Monthly rainfall totals beyond two standard deviations were rejected and then gaps in the 
monthly time series were filled with weighted averages of the nearby, best correlated gauges. 
Then, double mass curves were constructed for each rainfall gauge, using the Climate Research 
Unit (CRU) rainfall gridded global dataset, version 3.21, produced by University of East Anglia 
with a resolution of 0.5 degrees, as the reference regional rainfall [Harris et al., 2014]. The 
consistency of the double mass curves was checked by its relative deviation from the double 
mass curve of average slope. Gauges associated with relative deviations larger than 3.5% were 
considered inconsistent. Double mass curves were also constructed for pairs of rainfall gauges in 
each watershed. Again, the gauges associated with more than 3.5% of relative deviation to their 
average-slope curves were considered inconsistent and were rejected.  
 
As mentioned, from the original selection of 27 gauges, 14 had consistent double mass curves. 
The characteristics of those 14 rainfall gauges are listed in Table 3.3. Those gauges were further 
compared against the satellite rainfall estimates from the Terrestrial Rainfall Measuring Mission 
(TRMM) from the National Aeronautics and Space Administration (NASA), available in the 
period from 1998 to 2012 and at the resolution of 0.25 degrees. The comparison revealed no 
significant bias, but some variability, with coefficients of correlation ranging from 0.21 to 0.66 
and root mean squared errors (RMSE) in monthly rainfall varying from 46 mm/month to 
95 mm/month. The magnitude of the RMSE is consistent with previous studies and is related to 
errors in the TRMM estimates and spatial variability of rainfall within each grid cell [Clarke et 
al., 2011]. See Appendix B for a detailed comparison of gauge and TRMM rainfall data. 
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Table 3.3 – Rainfall gauges located in the four selected watersheds checked for consistency, with 
the number of years covered, percentage of gaps and annual rainfall long term mean (PM). 

Watershed Code Latitude 
(º) 

Longitude 
(º) Period Years 

(1) 
Gaps 

(2) 
PM 

(mm) 

Cachoeira 
Caju 

8067002 0.18 -67.95 Sep-1982 Apr-2013 27.5 14% 3420 

8067001 0.37 -67.31 Jan-1978 Mar-2013 32.6 12% 2770 

8069004 0.14 -69.21 Aug-1992 Sep-2013 19.1 13% 3360 

8066002 0.39 -66.65 Mar-1989 Sep-2013 20.7 17% 3130 

Arapari 
8154000 1.22 -54.66 Aug-1980 Sep-2012 28.5 14% 1960 

154000 -1.77 -54.40 Jun-1972 Apr-2013 38.6 8% 1650 

154003 -1.94 -54.74 May-1989 Aug-2013 23.3 7% 1620 

Jaru 
1062001 -10.45 -62.47 Feb-1977 May-2013 33.4 10% 1900 

1062003 -11.00 -62.66 Sep-1983 Mar-2013 26.5 15% 1750 

1063001 -9.76 -63.29 Aug-1980 Nov-2013 27.5 21% 1950 

Seringal 
Caridade 

968001 -9.04 -68.58 Nov-1972 Jan-2006 30.3 26% 1820 

969001 -9.11 -68.99 Jan-1983 Nov-2012 23.1 23% 1850 

1069000 -10.94 -69.57 Jul-1980 May-2013 27.8 18% 1600 

972000 -9.40 -72.70 Jul-1982 May-2012 21.0 32% 1930 
(1) Complete years of observed daily rainfall totals 
(2) Percentage of gaps in monthly time series 

 
Mean areal rainfall over each watershed was computed at monthly and daily scales. For the 
monthly scale, the spatial interpolation was computed using the inverse of squared distances to 
the rainfall gauges. The consistency of these monthly mean areal rainfall estimates was checked 
against mean area monthly rainfall estimated from TRMM and CRU datasets, for the period of 
data availability from 1998 to 2013, and from 1975 to 2012, respectively. Again, that comparison 
led to no significant bias in the gauge-based estimates, and some variability. The RMSE with 
respect to TRMM-based estimates ranged from 44 mm/month to 81 mm/month, which are 
comparable to the previously mentioned errors in the grid-point estimates. The RMSE with 
respect to CRU-based estimates were somewhat larger and varied from 54 mm/month to 
89 mm/month, a result of the fewer number of rainfall gauges and interpolation procedures used 
in the CRU dataset. See Appendix B for details on the consistency checks of the monthly mean 
rainfall estimates. 
 
For daily scale, large spatial variability is expected due to the nature of convective rainfall 
systems. Hence, three methods were tested for computing daily mean  rainfall: (i) spatial 
interpolation using the inverse of squared distances; (ii) simple average of gauge data; and (iii) 
multiple regression of daily gauge data against TRMM-based mean  rainfall. The spatial 
interpolation using the inverse of squared distances resulted in the best result in terms of RMSE 
with respect to the monthly mean  rainfall previously obtained from gap-filled monthly gauge 
data. A further adjustment factor to these daily time series was employed in order to make then 
consistent with the monthly time series previously obtained. Appendix B describes the details of 
daily mean rainfall calculations. 
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As previously mentioned and described in Table 3.1, watershed long term averages of annual 
evapotranspiration (EM) were obtained from the difference between long term PM and QM, since 
for long periods, EM = PM – QM [Brutsaert, 2005]. The consistency of EM was checked against 
existing flux tower data and against annual potential evapotranspiration (PET) derived from the 
CRU dataset. Flux tower data was obtained at six locations (four at sites covered with forest and 
two at sites covered with pasture or crops) from the Large Scale Biosphere-Atmosphere Project 
(LBA) [ de Gonçalves et al., 2013; Keller et al., 2013]. The differences between the watershed 
average evapotranspiration, EM, computed from the balance of PM  and QM, and point-scale 
annual evapotranspiration computed from flux tower observations were 11%, 4%, 14% and -11% 
at Jaru, S.Caridade, Arapari, and C.Caju, respectively. Those small differences indicate that EM 
derived from long term water balances is consistent with actually observed evapotranspiration. In 
addition, there is little spatial variability in evapotranspiration, as expected due to the 
homogeneity of land cover. Furthermore, the watershed averaged evapotranspiration, EM, 
differed from watershed average PET derived from the CRU dataset by 11%, -1%, 16% and -3% 
at Jaru, S.Caridade, Arapari, and C.Caju, respectively. Thus, the estimated EM values were a little 
higher than CRU-based PET estimates (which might be underestimated), indicating that actual 
evapotranspiration is close to potential rates. That  is in agreement with previous studies [Hasler 
and Avissar, 2007; Juárez et al., 2007; Costa et al., 2010]. Details of that consistency check are 
presented in Appendix B. 
 
The flux tower observations show no identifiable pattern of seasonal variability of 
evapotranspiration. Thus, such variability was not considered in this chapter: the estimated daily 
evapotranspiration (E) was considered constant over the year. The time series of E was obtained 
by dividing the calculated EM by the number of days in each year. The variability of daily 
evapotranspiration and its dependency on solar radiation and soil moisture is further explored in 
Chapters 4 and 5. 
  
The overall consistency of rainfall, evapotranspiration and streamflow was checked by assessing 
the annual change in watershed storage ∆S = Σ(P – Q – E), in which P is the daily rainfall 
(mm/day), Q is daily streamflow (mm/day) and E is daily evapotranspiration (mm/day).The 
annual ∆S was computed for each water year with available data, in each watershed. The 
maximum change in watershed storage in a given water year was -412 mm, 429 mm, 172 mm 
and 236 mm for C.Caju, Arapari, Jaru and S.Caridade, respectively. The maximum accumulated 
change in watershed storage was -975 mm, -668 mm, -139 mm and -348 mm, after five, five, 
three and five years for C.Caju, Arapari, Jaru and S.Caridade, respectively. Those changes in 
storage are considered compatible with the deep soil layers with large storage capacity 
characteristics of Amazon watersheds. For example, assuming porosity of 0.4, the largest change 
in storage found (-975 mm over five years) would result in a decline of about 2.4 m in the water 
table, assuming that all change in storage results from changes in the groundwater storage. 
 
Additionally, the consistency of rainfall and streamflow was evaluated by computing the error ∆ 
in the water balance closure (∆ = PM – QM – EM) that would have been obtained if other estimates 
of EM were used (instead of the balance between PM and QM). If it is assumed that those other 
estimates of EM are correct, then the error ∆ provides an order of magnitude estimate of the errors 
in P and Q.  If EM is obtained from averaged daily observations of latent heat fluxes from flux 
towers, the error ∆ is -29 mm, 203 mm, -2 mm and -13 mm, corresponding to -4.2%, 11%, 6% 
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and 2.3% of PM for C.Caju, Arapari, Jaru and S.Caridade, respectively. Alternatively, if EM  is 
assumed to be equal to PET obtained from the CRU dataset, the error ∆ is -140 mm, 186 mm, 
109 mm and 40 mm, corresponding to -0.9%, 12%, -0.1% and -0.7% of PM at C.Caju, Arapari, 
Jaru and S.Caridade, respectively. Thus, the largest errors found are 11% and 12% of PM, both at 
Arapari, which can be attributed to errors in hydrologic observations and due to spatial averaging 
of the sparsely distributed rainfall gauge data. Details of consistency checks based on water 
balance closure are described in Appendix B.  
 
3.2.2. Conceptual model for drought characterization and analysis 

 
A conceptual model was developed for drought analysis of Amazon watersheds, as illustrated in 
Figure 3.2. In that model, all rainfall water (P) is assumed to infiltrate into a layer of soil as thick 
as the unsaturated zone. That layer has soil water storage SS and loses water due to 
evapotranspiration (E), and subsurface flow (QS) directly into the river. Evapotranspiration is 
equal to the root water uptake (T) plus evaporation of intercepted water, and is limited only to its 
atmospheric potential rate (E ≤ PET). Groundwater storage (SG) is fed by water transfers (QT) 
from the soil water storage, and loses water as base flow into the river (QG). The water transfer 
QT is intended to account for all mechanisms acting to restore groundwater storage, such as deep 
percolation from the soil layer and direct seepage from floodplains. At any time, streamflow (Q) 
is the sum of subsurface and base flow (Q = QS + QG), but specific assumptions are employed 
during characteristic seasonal drought periods, as described later. Such assumptions are needed 
to derive key hydrologic parameters directly from the data available. Equations 3.1 and 3.2 
describe the temporal change in soil water and groundwater storages as a function of each flux 
term.  
 

   
Figure 3.2 – Conceptual hydrologic model of Amazon watersheds. 
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 − 	� 

(3.2) 
 
A seasonal drought is defined as an event during which streamflow Q is below its long term 
daily mean QDM, as illustrated in Figure 3.3. The start of a drought (the white circle in Figure 
3.3) is defined when streamflow falls below and stays below its long term daily mean for more 
than 10 consecutive days. Similarly, the end of a drought (the grey circle in Figure 3.3) is defined 
when streamflow goes and stays above its long term daily mean for more than 10 consecutive 
days.  Between the start and end of a drought, streamflow reaches its minimum value Qmin in a 
given year (the black circle in Figure 3.3). Once a seasonal drought event is identified, two 
variables describing the timing of droughts are defined: the recession period (TA), which is the 
time from the start of a drought to the time of minimum streamflow, and the recovery period 
(TB), which is the time from the minimum streamflow to the end of the drought. The period 
between the end of a recovery and the start of the following recession is referred to as the wet 
period (TW), when streamflow is above its long term mean.  

 

 
Figure 3.3 – Identification and characterization of a seasonal drought from daily streamflow 
observations (continuous blue line) and its long term daily mean QDM (dashed line). Drought 
start, minimum and end are indicated with white, black and grey circles, respectively, which 

define duration of recession (TA), recovery (TB), and wet (TW) periods. Drought starts and ends 
when streamflow falls below or stays above QDM for more than 10 days, respectively. 
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The hydrologic processes acting during recession and recovery periods are completely different, 
meaning that such a separation provides a useful way to analyze the evolution of the hydrologic 
fluxes within a drought. The conceptual model previously described is used here to derive 
hydrologic storages and fluxes from available data during such drought periods. As illustrated in 
Figure 3.3, each drought period is described by the coupled dynamics of soil and groundwater 
storages. During the recession, streamflow is formed from the slow release of water from the 
groundwater storage and rapid release of water from the subsurface storage, with rainfall and 
evapotranspiration only influencing soil water levels. During the recovery, some soil water is 
released as evapotranspiration and as subsurface flow, which contributes to river flows, but there 
is no groundwater recharge. Thus, streamflow is formed by both base flow and subsurface flow. 
During the wet period, some water infiltrates from the soil to the groundwater, and both 
contribute to river flows. 
 
3.2.3. Hydrologic fluxes and storages during droughts: vertical propagation 
 
The conceptual model was used to quantify hydrologic storages and fluxes directly from the 
available hydrologic data, and to derive their average evolution through a typical seasonal 
drought in each watershed. This section presents the derivation of expressions describing the 
dynamics of base flow, subsurface flow, groundwater storage and soil water storage, and 
correspondent assumptions. The derived daily time series of those variables were then averaged 
through a typical drought cycle, starting from January 1st (beginning of the wet season), passing 
through the recession, recovery, and wet periods, and ending with the following recession period. 
That analysis allowed for the examination of the propagation of rainfall deficits through 
hydrologic compartments within each watershed.   
 
3.2.3.1. Recession period 
 
During the recession period, the groundwater storage decline is modeled as a linear reservoir 
with no recharge and thus QG = KGSG, where 1/KG is a characteristic residence time for the 
groundwater (KG has unit d-1). The integration of Equation 3.2 with QT = 0 results in the 
exponential expression describing streamflow recession (eq. 3.3), where QG0 = QG (t = t0) is the 
base flow at the beginning of the recession period, assumed to be equal to streamflow 
Q0 = Q(t = t0).  
   
	��� = 	�����������                                                         ���  �� < � < ���� 

(3.3) 
 

After taking the logarithm of Equation 3.3, the recession rate parameter, KG is estimated by the 
linear regression of the logarithm of daily streamflow data over time. Before computing the 
linear regression, the episodic events of subtle increase in daily streamflow (when streamflow 
increases more than 10% with respect to the previous day streamflow) were excluded from the 
recession periods. Thus, the resulting daily streamflow sequences during the recessions had 
predominantly monotonic decreasing streamflow.  
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The recession rate parameter KG is estimated for each watershed and for each year with complete 
data available during the recession period, and recognizing the linear form of the logarithm of 
Equation 3.3. The goodness of fit for each linear regression is quantified by computing the 
Pearson linear correlation coefficient (R²), and fits with correlations lower than 0.6 are rejected. 
The number of years with sufficient data to compute recessions, and the range of correlations and 
recession rate parameters obtained are described in Table 3.4. As an example of the linear 
regressions, the best and the worse regressions obtained for the Jaru watershed are presented in 
Figure 3.4. Plots of the regressions for the other watersheds are presented in Appendix B. 
 

 

 
Figure 3.4 – Linear regressions of log(Q) on time during drought recessions at watershed Jaru, 

for years presenting the (a) best regression, and (b) worse regression. 
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Table 3.4 – Number of identified and valid recessions, correlation coefficients, and average 
recessions constants for each watershed. 

Watershed 

Length of 
streamflow 
time series  

(years) 

Number of 
years with 
data during 
recessions 

Valid 
recessions 
(R2>0.6) 

Linear 
correlation 

coefficient R² 

KG 
(day-1) 

1/KG 

(days) 

Jaru 26 17 17 0.92 to 0.99 0.024 to 0.040 25 to 42 

S. Caridade 47 40 40 0.80 to 0.98  0.013 to 0.029 35 to 75 

Arapari 42 21 20 0.87 to 0.99 0.011 to 0.022 45 to 92 

C. Caju 32 27 25 0.67 to 0.98 0.004 to 0.057 17 to 230 
 
As shown in Table 3.4, a significant number of years has sufficient data to compute recession 
constants (17 at Jaru, 40 at S. Caridade, 21 in Arapari, and 27 in C.Caju). In Jaru and S. 
Caridade, all of the years with sufficient data have their correlation coefficients surpassing the 
0.6 limit, while in Arapari, 20 of the recessions qualified and in C.Caju, 25. The range of 
correlation coefficients (also shown in Table 3.4) varied from 0.67 to 0.99, certifying the 
adequacy of the linear reservoir model in describing groundwater release. The characteristic 
recession times (1/KG) ranged from 25 to 92 days in Jaru, S.Caridade and Arapari, as presented 
in Table 3.4, denoting a quick water release form groundwater storage. C.Caju watershed 
presented the worse regressions and the largest variability in 1/KG, ranging from 17 to 230 days.  

 
The groundwater storage during recession is obtained by integrating Equation 3.3, leading to 
Equation 3.4, in which SG0 = SG (t = t0) is the groundwater storage at the beginning of the 
recession period. SG0 is estimated as total active storage that would be released at the rate KG if 
the recession period were infinite. That is computed by again integrating Equation 3.3 from time 
zero to infinity, resulting in SG0 = Q0/KG. Then, the groundwater storage at the end of the 
recession period SGmin is computed with Equation 3.5. Equation 3.6 giver the change in 
groundwater storage during the recession period (∆SGA). 
 
���� = ������������                                                         ���  �� < � < ���� 

(3.4) ����� ≡ ���� = ����  =   ��� ������� ! ���
 

(3.5) 
∆��# =  ����� −  ��� = ���$ ���%��� ! ��� − 1'  

 (3.6) 
 
The time evolution of soil water storage is given by the balance between rainfall, evaporation 
and subsurface flow, as described in Equation 3.7, obtained after integrating Equation 3.1. In that 
equation, SS0 is the subsurface storage at the beginning of the recession period. 
 

���� =  ���  +    ) *��+ − ��+ − 	��+,  �+�
��

             ��� �� < � < ���� 

(3.7) 
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During the recession period, the total rainfall is usually below evapotranspiration, but sporadic 
rainfall events can produce short-term subsurface flow (see Figure 3.3). Such subsurface flow 
events are identified as the periods when the observed streamflow is above the modeled base 
flow, i.e. Qs(t) = max [0; Q(t) – QG(t)], for ta < t < tmin. Assuming that no aquifer recharge 
occurred (QT  = 0), the soil water storage is depleted only by evapotranspiration and those 
sporadic subsurface flow events. Additionally, the soil water storage by the beginning of the 
recession period SS0 equals the soil water storage by the end of the previous wet period, as will 
be described in following sub-section. Then, the soil water storage by the end of the recession 
SSmin is computed with Equation 3.7 using t = tmin. Finally, the change in soil water storage during 
the recession ∆SGA only depends on the rainfall, evapotranspiration and subsurface flow, as 
described in Equation 3.8. 
 

∆��# =  ����� −  ��� =  ) *��+ − ��+ − 	��+,  �+�� !

��
 

(3.8) 
 
The unknown initial conditions for Ss0 at the very beginning of the time series (i.e. the initial soil 
water storage of the very first recession) is arbitrarily set to a value so as not to cause any 
negative soil water storage throughout the entire time series.  

 
3.2.3.2. Recovery period 
 
The recovery period goes from t = tmin to t = tb. The groundwater storage and base flow are 
assumed to continue the declining pattern from the previous recession period, with the same 
recession constant and still with no aquifer recharge. Thus, base flow is described by Equation 
3.8, obtained from integration of Equation 3.2. In Equation 3.8, QGmin is the base flow by the end 
of recession, obtained from Equation 3.4 for t = tmin. The evolution of groundwater storage SG 
during recovery is given by Equation 3.9, obtained by integrating Equation 3.8 and using SGmin 
obtained from Equation 3.5. The groundwater storage by the end of recovery SGb = SG (t = tb) is 
then given by Equation 3.10. 
 
	��� = 	������������� !                               ���  ���� < � < �- 

(3.8) 
���� = �������������� !                                ���  ���� < � < �- 

(3.9) ��- ≡ ���� = �-  =   ����� ������. ��� !
 

(3.10) 
 

The change in groundwater storage during recovery ∆SGB is given by Equation 3.11, in which SGb 
is obtained from Equation 3.10. 

 
∆��/ =  ��- −  ����� = �����$ ������. ��� ! − 1'  

 (3.11) 
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The subsurface flow is then estimated as the difference between the observed streamflow and the 
computed base flow, i.e. QS(t) = Q(t) – QG(t), for tmin < t < tb. All rainfall water that does not 
evaporate or forms subsurface flow is considered to accumulate as soil water storage SS. The 
evolution of SS is computed with Equation 3.12, obtained from integration of Equation 3.2 during 
recovery period. The soil water storage in the beginning of recovery SSmin is obtained from 
Equation 3.7, for t = tmin.  
 

���� =  �����  +    ) *��+ − ��+ − 	��+,  �+�
�� !

             ��� ���� < � < �- 

(3.12) 
The change in soil water storage during recovery ∆SSB is estimated by Equation 3.13, in which 
SSb = SS (t = tb) is the soil water storage by the end of recovery, obtained with Equation 3.12 for 
t = tb 
 

∆��/ =  ��- −  ����� =  ) *��+ − ��+ − 	��+,  �+�.

�� !
 

(3.13) 
 
3.2.3.3. Wet period 
 
During the wet period, there is a water transfer flux QT from the soil water storage to 
groundwater storage in order to replenish it, as described in Figure 3.3. The average transfer flux 
QT(t) = QTM is computed from the change in groundwater storage during the wet period and 
assuming the same KG computed for the previous recession period. The computation of QTM is 
conducted in three steps. First, the base flow QG(t) during wet period is obtained from the 
integration of Equation 3.2 for that period, assuming the parameterization QG(t) = KGSG(t) and a 
constant transference flow QTM. That integration leads to Equation 3.14 in which 
QGb = QG (t = tb) is the base flow at the end of the recovery, obtained from Equation 3.8 for t = tb. 
 
	��� = 	�-��������. + 	
0$1 − ��������.'              ��� �- < � < �1 

(3.14) 
Second, the total change in groundwater storage ∆SBW is computed by integrating Equation 3.2 
for the entire wet period, with QT(t) = QTM  and substituting QG(t) from Equation 3.14. That 
integration leads to Equation 3.15. 
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�.
�� 

= 	
0 61 − ������3��.
7� 8 − 	�- 61 − ������3��.

7� 8 

(3.15) 
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Equation 3.15 is then solved for QTM and rearranged to arrive at Equation 3.16. That is an 
expression for QTM as a function of the change in groundwater storage, the base flow at the end 
of recovery QGb, and KG.  
 

	
0 = 	/- + ∆�/27�1 − ��������. 
(3.16) 

 
Third and last, the change in groundwater storage during the wet period ∆SGW is computed as the 
difference between the groundwater storages by the end of recovery SGb = SG (t = tb) and at the 
beginning of the following recession SGc = SG (t = tc ) = QGc/KG, as described in Equation 3.17. In 
that equation, SGb is obtained from Equation 3.10 and KG is the same already computed for the 
previous recession period. The result from Equation 3.17 is substituted in Equation 3.16 to obtain 
QTM. 
 ∆��2 = ���� = �1 − ���� = �- = ��1 − ��- = ��1 − ���������.��� 

(3.17) 
  
The evolution of groundwater storage SG(t) during the wet period is also obtained by integrating 
Equation 3.2 from tb to t, and assuming QT(t) = QTM, resulting in Equation 3.18. 
 

���� = ��-��������. + 	
091 − ��������.:
7�                          ��� �- < � < �1  

(3.18) 
 
Once again, the subsurface flow QS(t) is computed by the difference between the observed 
streamflow and the base flow QS(t)  = Q(t)  – QG(t), with base flow QG(t) computed with 
Equation 3.14. The evolution of soil water storage is then obtained by integrating Equation 3.1 
from tb to t, as described in Equation 3.19. 
 

���� =  ��-  +    ) *��+ − ��+ − 	��+,  �+�
�.

             ��� �- < � < �1 

(3.19) 
 
Finally, the change in soil water storage during the wet period ∆SSW is estimated by Equation 
3.20, in which SSc = SS (t = tc) is the soil water storage by the end of the wet period, obtained with 
Equation 3.19 for t = tc 
 

∆��2 =  ��1 −  ��1 =  ) *��+ − ��+ − 	��+,  �+�3

�.
 

(3.20) 
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3.2.3.4. Drought magnitude 
 
Once all storages and fluxes are calculated, the drought magnitude during recession and recovery 
periods are computed as the accumulated deficits, which is similar to the sum of absolute 
negative anomalies. The first drought magnitude of interest is the accumulated deficit of rainfall. 
That is quantified here by computing the magnitude of deficits in the average daily rainfall over 
the past 30 days (P30), which is computed as described in Equation 3.21. That 30-day average 
rainfall P30 is calculated for each day and is convenient for the present drought analysis, as it 
filters out the high frequency rainfall events. Also, it facilitates the comparison with other 
hydrologic quantities (storages and fluxes), which are dependent on the accumulated rainfall, and 
not only isolated rainfall events. 
 

�;��� = 1
30 ) ����

��;�
 

(3.21) 
 

The drought magnitudes are computed for all calculated hydrologic quantities: the average daily 
rainfall over the past 30 days (P30), for the storages SS and SG, and the fluxes Q, QS and QG. The 
drought magnitudes allow for the evaluation of the propagation of the drought in terms of 
differences in timing, duration and magnitude in soil water and groundwater systems. In the case 
of fluxes (units of [mm/d]), the magnitudes in the recession and recovery periods (MFA and MFB) 
are computed as integrals of flux deficits over each period, and have units of [mm]. For example, 
Equations 3.22 and 3.23 describe the magnitudes of streamflow droughts during recession and 
recovery, respectively.  

 

>?# = ) �	@0 − 	���� !

��
 

(3.22) 

>?/ = ) �	@0 − 	���.

�� !
 

(3.23) 
 

In the case of storages (units of [mm]), the drought magnitudes in the recession and recovery 
periods (MSA and MSB) are computed as integrals of storage deficits over each period, and have 
units of [mm d]. For example, Equations 3.24 and 3.25 describe the magnitudes of groundwater 
storage droughts during recession and recovery, respectively, in which SGM is the daily mean 
groundwater storage. 
  

>�# = ) ���0 − ������ !

��
 

(3.24) 

>�/ = ) ���0 − �����.

�� !
 

(3.25) 
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3.2.4. Upstream-to-downstream streamflow deficits: horizontal propagation 
 
Up to this point, only the “vertical” propagation of rainfall deficits through the hydrologic 
system was considered. In the Amazon, the “horizontal” propagation is also important, i.e. the 
propagation of streamflow deficits from upstream to downstream river reaches. That propagation 
is characterized here by computing the magnitude of streamflow deficits for sequential gauges 
from upstream to downstream reaches. The drought magnitude is computed as MFA + MFB 
(Equations 3.21 and 3.22) for the gauges located on the rivers Amazon, Purus, Madeira, and 
Negro. The location of those gauges are described in Figure 3.1. The mean, the 25th and 75th 
percentiles of such drought characteristics allowed an evaluation of the sign and significance of 
changes in seasonal droughts along the major river channels.  
 
3.2.5. Impact of rainfall variability on seasonal droughts 
  
The impact of anomalous annual rainfall totals on streamflow and watershed storage is evaluated 
by analysis of the correlation between the annual change in total watershed storage and the 
annual rainfall. The annual change in total watershed storage ∆Si is computed with Equation 
3.26, as function of rainfall P, evapotranspiration E and streamflow Q, integrated over the water 
year i. 
 

∆�� =  )*��+ − ��+ − 	�+,  �+ 

(3.26) 
 
The total change in storage does not provide any information on the actual deficit in watershed 
storage (which combines both soil and groundwater storages), as a negative change may occur 
when the total storage is either above or below its long term average. However, the change in 
storage does inform whether the watershed storage is directing towards or away from a deficit. 
Thus, the correlation between annual rainfall and the change in storage indicate the extent to 
which the interannual rainfall variability is affecting groundwater and soil water deficits. 
 
3.3. Results 

 
3.3.1. Drought characteristics 
 
The average and standard deviations of duration of recession and recovery periods in each 
watershed are presented in Table 3.5. Duration are always larger in recession than recovery 
periods. Also, duration of recession and recovery periods present similar temporal variability, 
which are higher than the total drought duration variability. Moreover, recession and recovery 
durations are inversely proportional: longer recessions are associated with shorter recovery 
periods. 
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Table 3.5 – Drought characteristics in each watershed. 

Watershed 
Drought duration in each period (days) Drought timing (days from January 1st) 
Recession 
duration 

Recovery 
duration 

Total 
duration 

Time to 
start 

Time to reach 
minimum streamflow 

Time to 
end 

Jaru 138 ± 23 93 ± 25 229 ± 15 135 ± 10 274 ± 22 364 ± 13 
Caridade 137 ± 25 82 ± 26 219 ± 24 124 ± 15 261 ± 18 343 ± 20 
Arapari 141 ± 26 72 ± 26 205 ± 31 208 ± 16 349 ± 23 417 ± 22 
Caju 112 ± 49 62 ± 44 168 ± 44 226 ± 22 336 ± 58 391 ± 44 

 
3.3.2. Hydrologic fluxes and storages during droughts: vertical propagation 
 
The hydrologic fluxes and storages derived for each watershed are presented in Figures 3.5 and 
3.6, for southern watersheds, and Figures 3.7 and 3.8, for northern watersheds. For every year, 
the daily time series of the 30-day mean rainfall (mm/day), streamflow (mm/day), base flow 
(mm/day), subsurface flow (mm/day), groundwater storage (mm) and soil water storage (mm) 
were obtained as described in Section 3.2.3. Each period starting from January 1st, passing 
through a recession period, then a recovery and finally a wet period represents a realization of 
the sequence of drought events. The figures present the average of all those realizations of 
drought events, i.e., the daily averages of each hydrologic quantities for a typical drought cycle 
going from January 1st to the end of the wet period. That averaging of all realizations allows for 
the assessment of the expected propagation of rainfall deficits into soil water and groundwater 
fluxes and storages during a typical drought cycle (recession-recovery-wet periods). Those 
average deficits in hydrologic storages and fluxes, and the delays to start and end a seasonal 
drought with respect to the start and end of the rainfall deficit are described in Table 3.6. 
Moreover, the variability of groundwater and soil water storages during the different drought 
phases is illustrated as box-plots in Figure 3.9.   
 
The drought cycles presented in Figures 3.5 to 3.8 have similar patterns at Jaru, S.Caridade, and 
Arapari, and a much different pattern at the C.Caju, the wettest watershed. As soon as the 30-day 
mean rainfall starts to decrease, the subsurface flow decreases rapidly, reaching nearly zero by 
the beginning of the seasonal drought. However, streamflow is kept high (although declining 
slowly) due to the large groundwater storage and base flow. The soil water storage also declines 
faster than groundwater storage, but does not reach zero, as it increases again some time after the 
30-day rainfall mean starts to rise. That coincides with the rise in sub-surface flow in the 
recovery period, which once again dominates streamflow, as the base flow is fully depleted. By 
construction, the groundwater storage and the base flow only start to increase again after the 
recovery period, reaching the highest levels by the mid-wet period. 
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Figure 3.5 – Daily hydrologic storage (top panel) and fluxes (bottom panel) averaged-out for a 

typical drought cycle, going from January 1st to the end of the wet period, at Jaru. 
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Figure 3.6 – Daily hydrologic storage (top panel) and fluxes (bottom panel) averaged-out for a 
typical drought cycle, going from January 1st to the end of the wet period, at Seringal Caridade. 

 
In those first three watersheds, the soil water storage is much larger and more variable compared 
to groundwater. The largest difference was found at Arapari: while soil water storage varied 
between 100 mm and 600 mm, groundwater storage only varied between nearly zero and 
100 mm. At those watersheds, subsurface flow dominates the streamflow dynamics during the 
wet season (wet period), even with the higher groundwater storage and base flow. During the 
recessions, the base flow dominates the streamflow, as the subsurface flow drops to nearly zero.  
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Figure 3.7 – Daily hydrologic storage (top panel) and fluxes (bottom panel) averaged-out for a 

typical drought cycle, going from January 1st to the end of the wet period, at Arapari. 
 
At C.Caju (see Figure 3.8), the dynamics of soil and groundwater storages are poorly 
represented, due to the assumptions of the conceptual model. The base flow is forced to describe 
all streamflow during the recessions, making the subsurface flow drop to nearly zero. That also 
produces a rapid increase in groundwater storage during the wet period, unrealistically reducing 
soil water storages in that period. As a result, soil water and groundwater storages appear out-of-
phase, with low soil water storage and high groundwater storage at the start of the recession 
period, and high soil water storage and low groundwater storage at the end of the recovery 
drought. That limitation of the methodology at this particular watershed is discussed in Section 
3.4. 

0 100 200 300 400 500

0

100

200

300

400

500

600

700

Time from January 1st (days)

S
to

ra
g

e
 (

m
m

)

Arapari

Groundwater Storage Soil water storage

0

2

4

6

8

10

12

0 100 200 300 400 500

F
lu

x 
(m

m
/d

a
y

)

Time from January 1st (days)

30-day mean rainfall Streamflow

Base flow Subsurface flow



73 
 

 
Figure 3.8 – Daily hydrologic storage (top panel) and fluxes (bottom panel) averaged-out for a 
typical drought cycle, going from January 1st to the end of the wet period, at Cachoeira Caju. 

 
As a result of that dynamics, the magnitude of drought deficits are much larger in terms of soil 
water storage (8200 mm×day to 17400 mm×day, for the first 3 watersheds) than in terms of 
groundwater storage (2860 mm×day to 5330 mm×day, for the first three watersheds), as 
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of subsurface flow than in terms of base flow.  
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deficit.  
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The southern watersheds presented a progressive delay in the start of droughts, going from the 
streamflow, to base flow, to groundwater and then to soil water storage deficits, but also an 
anticipation of sub-surface flow deficits. Differently, the Arapari watershed had its soil water 
storage depleted before the groundwater storage, and a delayed deficit in the subsurface flow. 
 

Table 3.6 – Average magnitude, duration, and delays to start and end of seasonal droughts 
observed as deficits of hydrologic storages and fluxes 

Drought 
characteristic 

Watershed 

Drought characteristics 
in terms of storages 

Drought characteristics  
in terms of fluxes 

Groundwater 
Soil 

Water 
30-day 
Rainfall 

Streamflow 
Base 
flow 

Subsurface 
flow 

Magnitude 
(storage  

[mm d] and 
fluxes [ mm]) 

Jaru 3930 15600 554 281 110 169 

S.Caridade 5330 8200 469 270 107 181 

Arapari 2860 17430 453 100 43 87 

C.Caju 14300 21340 280 274 303 230 

Duration 
[d] 

Jaru 205 169 182 222 208 212 

S.Caridade 199 135 181 212 200 215 

Arapari 180 174 206 199 183 226 

C.Caju 183 166 167 190 171 165 
Delay from 

start of 
rainfall 
deficit 

[d] 

Jaru 51 58 0 11 45 -8 

S.Caridade 47 63 0 2 45 -13 

Arapari 96 81 0 39 90 7 

C.Caju 87 -78 0 24 53 -47 
Delay from 

end of 
rainfall 
deficit 

[d] 

Jaru 74 45 0 51 71 22 

S.Caridade 65 17 0 33 64 21 

Arapari 70 49 0 32 67 27 

C.Caju 103 -79 0 47 58 -54 
 
The delays of hydrologic deficits from the end of the rainfall deficit also varied across the 
watersheds. At the southern watersheds, both subsurface flow and soil water deficits recovered 
before streamflow, and then base flow and groundwater storages returned to their normal levels. 
At Arapari, the subsurface flow recovered just before the streamflow recovery, and then the soil 
water storage, base flow and groundwater storages replenished in sequence. 
 
Figure 3.9 focuses on the variability of soil water and groundwater in each drought phase. In all 
watersheds, the change in soil water storages had the largest absolute values and the largest 
variability, with deep depletions during the recessions and equally large replenishments during 
the recoveries. In comparison, the change in groundwater storages had much smaller absolute 
values and variability, with the larger reductions during recessions, and nearly zero change 
during recoveries (a result of model assumptions). During the wet periods, the changes in soil 
water storages are also more variable, but the absolute values are sometimes higher, sometimes 
lower than the changes in groundwater storage. 
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Figure 3.9 – Change in soil water and groundwater storage during recession and recovery of 
seasonal droughts and subsequent wet periods, in eight Amazon watersheds. 

 
The annual total change in storage is large in all watersheds, varying from -180 mm/year to 
210 mm/year at Jaru, -255 mm/year to 209 mm/year at S.Caridade, from -380 mm/year to 
343 mm/year at Arapari, and from -497 mm/year to 386 mm/year at C.Caju. Those changes in 
total storage mainly consist of changes in soil water storage, as the changes in groundwater 
storages are much smaller, as illustrated in Figure 3.9. Also, as presented in Appendix B, the 
change in total storage can remain positive or negative for a number of years, continuously 
transferring water from one year to the other and compensating for the extreme increase (as in 
Arapari) and decrease (as in C.Caju) in individual years.  
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3.3.3. Upstream-to-downstream streamflow deficits: horizontal propagation 
 
The average streamflow drought magnitude for various streamflow gauges located along major 
Amazon basin rivers are plotted against their drainage area in Figure 3.10, in which the error bars 
correspond to the 25th and 75th percentiles. The gauges with larger drainage area exhibited more 
stability of drought magnitude. In the Amazon River, drought mean magnitudes increased in the 
first three gauges with areas less than 1500 103 km2, and then decreased to more stable values, up 
to the area of 4600 103 km2. The Purus River (draining southwestern portions of the Amazon) 
presented quite stable drought magnitudes from drainage areas up to 250 103 km2. The drought 
mean magnitudes along the Madeira River (with snow-dominated headwaters in the Andes 
mountains, and draining southern portions of the Amazon) increased up to 900 103 km2, where 
they stabilized, up to 1200 103 km2. A distinguished pattern was found along the Negro River 
(draining northern portions of the Amazon, often affected by El Nino events). In that river, 
drought mean magnitudes steadily decreased for areas from 50 103 km2 to 300 103 km2. 
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Figure 3.10 – Mean drought magnitude at gauges located from upstream to downstream reaches 
of (a) Amazon River, (b) Purus River, (c) Madeira River, and (d) Negro River. The error bars 

correspond to the 25th and 75th percentiles. 
 
3.3.4. Impact of rainfall variability on seasonal droughts 
 
Figure 3.11 presents the annual change in total watershed water storage (mm/year) plotted 
against the annual rainfall (mm/year), computed for southern and northern watersheds, 
respectively. The annual watershed change in storage was significantly correlated to the annual 
rainfall at S.Caridade and Arapari, where wet years were associated with positive changes in 
watershed total water storage and drier years had losses in stored water. That means that annual 
streamflow is non-linearly related to annual rainfall: during wetter years, a larger fraction of 
rainfall is kept stored while a lower fraction is available for streamflow formation; during drier 
years, more water is released from storage and contributes to streamflow formation. At Jaru, the 
correlation is not significant, but on average, drier years are accompanied by reduction on total 
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water storage within the watershed. At Cachoeira Caju, there is no identifiable relationship 
between the annual change in total storage and annual rainfall. 
 

  

 
Figure 3.11 – Annual change in watershed total water storage as a function of annual rainfall at 

(a) Jaru, (b) Seringal Caridade (c) Arapari, and (d) Cachoeira Caju. 
 
3.4. Discussions and conclusions 
 
This chapter presents an analytical framework that allows for the derivation of hydrologic 
storages and fluxes using solely daily rainfall and streamflow records, and estimates of 
evaporation from the long-term water balance closure at the watershed scale. In regions where 
hydrologic data are scarce, that methodology is a valuable tool to get insight about the key 
hydrologic processes governing the dynamics of droughts. In addition, the results can help to 
plan the improvement of monitoring networks, to design enhancements in existing hydrologic 
models to represent better the reality observed in the ground, and then organize strategies for 
managing impacts of droughts. 
 
The overall pattern of the propagation of rainfall deficits through the Amazon hydrologic 
systems is consistent with the results from previous studies focused on watersheds with large 
storage capacity in temperate regions [Van Loon et al., 2012; Van Lanen et al., 2013]. In such 
systems, the magnitude of the rainfall deficit is greatly attenuated by the watershed storages, 
while its duration is amplified [Van Loon and Van Lanen, 2012; Van Loon et al., 2014]. Also, the 
the size and timings of those attenuations and amplifications depend on both the specific physical 
characteristics of each watershed and the prevailing climate conditions [Van Lanen et al., 2013]. 
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All those characteristics are also seen in Amazon watersheds, but with some variability across 
them (expect C.Caju, which has unique features, as it will be discussed later). Moreover, some 
specific features of the Amazon hydrology add complexity to the analysis of drought dynamics. 
Therefore, the analysis in this chapter extends previous findings to a tropical environment, which 
had not been explored in the cited studies.  
 
The hydrology of the Amazon watersheds includes specific features that shape drought 
characteristics. A notable feature is the large watershed storage capacity, which was found to be 
mostly formed by soil water storage. The size of such storages computed here are consistent with 
the findings from previous field studies conducted at Amazon sites and small watersheds 
[Lesack, 1993; Hodnett et al., 1995, 1996]. In addition, the recession analysis conducted here 
revealed a quite similar annual pattern of streamflow decline in the beginning of seasonal 
droughts, with characteristic times of 25 to 92 days (excluding C. Caju watershed). That quick 
recession pattern and the very low streamflow found at mid-drought seasons suggest that 
groundwater storage has very little inter-annual carry over. Since large watershed total storage 
was found from the balances of annual rainfall, streamflow and evaporation, there must be large 
soil water storage inter-annual carry over, which is also consistent with the field observations at 
Amazonian sites [Hodnett et al., 1995, 1996]. 
 
The annual change in watershed water storage was found to be directly related to the annual 
rainfall, at least in two watersheds (S. Caridade and Arapari). That is in sharp contrast with other 
hydrologic systems with low water storage interannual carry over, in which the water balance 
equation ∑Q = ∑(P – E) holds (summation over the water year). In those systems, a low-rainfall 
year results in a proportionally low-streamflow year. In the two watersheds studied here, the 
water balance must include the annual change in watershed storage (∆S) and thus 
∑Q = ∑(P – E) – ∆S. In low-rainfall years, ∆S was negative, implying that streamflow received 
more water from storage release; the opposite occurred in high-rainfall years, when ∆S was 
positive and streamflow received less water from storage release. Therefore, the partitioning of 
rainfall water into watershed storages (mainly soil water storages) and streamflow (and 
mechanisms driving it) is highlighted as a key process determining drought characteristics in 
Amazonian watersheds. 
 
The deep soil water storage allied with also deep root systems allows for a quasi-permanent loss 
of water due to transpiration [Shuttleworth, 1988; da Rocha et al., 2004; Goulden et al., 2004; 
Juárez et al., 2007]. From the analysis conducted here, the constant evaporation loss results in a 
rapid, steady decline of soil moisture that takes place just at the onset of a seasonal drought. 
Thus, if the following rainy season is delayed (due to anomalous climate conditions), low soil 
moisture levels could easily restrict the root water uptake, causing vegetation stress. Also, the 
response of the subsurface flow to rainfall was found to be significantly delayed, making the 
reestablishment of normal streamflow levels to occur long after the rainfall deficit is over 
(streamflow is mostly formed by subsurface flow during recoveries, by the model assumptions). 
Thus, a delayed rainy season would also produce even further delays in subsurface flow and 
streamflow.  
 
Additionally, the streamflow deficit in an upstream watershed can reverberate through major 
Amazonian rivers. For example, the low streamflow caused by the delay in the rainy season can 
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reduce the supply of water to downstream reaches, prolonging the drought there too. That effect 
would tend to increase drought magnitude from the headwater catchment to certain drainage 
area, after which the contribution of other major rivers, eventually not affect by the delayed 
rainfall season, would stabilize (Madeira River) or even decrease (Amazon River) the magnitude 
of a drought. If the river basin is located within a very wet region, with little seasonality in 
streamflow, the drought magnitude tend to decrease from upstream to downstream, as it was the 
case of the Negro River. However, other mechanisms such as the river hydraulics and backwater 
effects must be considered in future research focused on investigating the issue of upstream-
downstream propagation, identified here. 
 
The results in this chapter and the discussions above point to the need to further understand the 
functioning of soil water storages in Amazon environments. That piece of the watershed 
hydrologic system was found to be very important due to (i) its large water storage capacity, (ii) 
its ability to hold and supply the water needed to satisfy vegetation demands, (iii) its role in 
determining streamflow formation during recovery periods through subsurface flow, and (iv) its 
role in determining annual streamflow, given its sensitivity to annual rainfall. However, the 
water flow within the unsaturated zone is non-linearly dependent soil hydraulic properties that 
are unknown and spatially variable. Moreover, soil hydrologic data and field observations are 
even scarcer than streamflow and rainfall records in the Amazon. Those issues related to soil 
water dynamics are explored more in depth in Chapter 4. 
 
Although useful, the methodology used here has some limitations that require further 
improvements and points to future research needs. A notable deficiency was the inability to 
consistently separate soil and groundwater fluxes at the northern watershed C.Caju. That is a 
very wet watershed (annual rainfall of 3290 mm) in which streamflow stays high even during 
seasonal droughts. The application of the linear reservoir model assumptions was incapable of 
reproduce groundwater and soil water dynamics in a consistent manner. A plausible explanation 
is that the soil water storages and subsurface flows should control streamflow even during 
seasonal droughts, due to higher magnitude and variability of rainfall. Other assumptions that 
require further investigations are the definition of the timing of recession periods, which 
conditioned the base flow calculations, the consideration of zero groundwater recharge during 
recessions and recoveries, and computation of an average water transfer flow from soil water to 
groundwater storages during the wet period. 
 
3.5. Notation 
 
E Daily evapotranspiration (mm/day) 
EM Long term mean of annual evapotranspiration (mm/year) 
KG Characteristic time for the residence time of water in groundwater storage (day-1) 
MFA  Magnitudes of drought in terms of fluxes during recession (mm) 
MFB Magnitudes of drought in terms of fluxes during recovery (mm) 
MSA  Magnitudes of drought in terms of storages during recession (mm × day) 
MSB Magnitudes of drought in terms of storages during recovery (mm × day) 
P Daily rainfall (mm/day) 
PM Long term mean of annual rainfall (mm/year) 
Q Daily streamflow (mm/day) 
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QDM  Long term mean of daily streamflow (mm/day) 
QM Long term mean of annual streamflow (mm/year) 
QT Daily water transfer flow from the subsurface to the groundwater (mm/day) 
QTM Average daily water transfer flow from the subsurface to the groundwater (mm/day) 
QS Daily subsurface flow (mm/day) 
QG Daily base flow (mm/day) 
QG0 Base flow at the beginning of the recession period  (mm/day) 
QGmin Base flow at the end of the recession period and beginning of recovery  (mm/day) 
QGb  Base flow at the end of recovery (mm/day) 
QGc  Base flow at the end of wet period (mm/day) 
QS0 Subsurface flow at the beginning of the recession period (mm/day) 
QSmin Subsurface flow at the end of the recession period and beginning of recovery (mm/day) 
QSb  Subsurface flow at the end of recovery (mm/day) 
QSc  Subsurface flow at the end of wet period (mm/day) 
Q0 Streamflow at the beginning of the recession period (mm/day) 
Qmin Streamflow at the end of the recession period and beginning o (mm/day)f recovery 
Qb  Streamflow at the end of recovery (mm/day) 
Qc  Streamflow at the end of wet period (mm/day) 
SS  Subsurface water storage (mm) 
SG  Groundwater storage (mm) 
SG0 Groundwater storage at the beginning of the recession period (mm) 
SGmin Groundwater storage at the end of the recession period and beginning of recovery (mm) 
SGb Groundwater storage at the end of recovery (mm) 
SGc Groundwater storage at the end of wet period (mm) 
SS0 Subsurface storage at the beginning of the recession period (mm) 
SSmin Subsurface storage at the end of the recession period and beginning of recovery (mm) 
SSb Subsurface storage at the end of recovery (mm) 
SSc Subsurface storage at the end of wet period (mm) 
T Daily root water uptake (equal to transpiration) (mm/day) 
TA  Duration of drought during recession (day) 
TB  Duration of drought during recovery (day) 
TW  Duration of wet period (day) 
ta  Time of beginning of recession (day) 
tmin  Time of minimum streamflow (end of recession and beginning of recovery) (day) 
tb  Time of end of recovery (and beginning of wet period) (day) 
tc  Duration of end of wet period (and beginning of the following recession) (day) 
∆ Error in annual water balance closure (mm/year) 
∆S Total change in watershed storage within a water year (mm) 
∆SGA Change in groundwater storage in the recession (mm) 
∆SGB Change in groundwater storage in the recovery (mm) 
∆SGW Change in groundwater storage in the wet period (mm) 
∆SSA Change in subsurface storage in the recession (mm) 
∆SSB Change in subsurface storage in the recovery (mm) 
∆SSW Change in subsurface storage in the wet period (mm) 
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4. Stochastic simulation of the soil-vegetation system 
 
 
4.1 Introduction 
 
As already discussed in the previous chapters, hydrologic droughts in the Amazon basin can 
significantly impact the regional economy and ecological systems [Marengo et al., 2008, 2011; 
Zeng et al., 2008; Phillips et al., 2009; Tomasella et al., 2011], with important consequences to 
global climate and carbon cycle [Cox et al., 2004; Zeng et al., 2008]. Those drought events are 
likely to become more frequent in the future due to deforestation [Coe et al., 2009; Costa and 
Pires, 2010] and global climate change [Nobre et al., 1991, 2009; Cox et al., 2004]. However, 
field observations of Amazon hydrologic systems are scarce and do not cover long periods of 
time, making it difficult to study their physical functioning under unobserved climate forcing 
conditions. Consequently, the response of Amazon hydrologic systems to droughts is poorly 
understood. This chapter focus on the functioning of Amazonian soil-vegetation systems at the 
point scale, and on its sensitivity to different climate conditions. To overcome issues related to 
data scarcity, a new stochastic modeling approach is employed to derive the statistical properties 
of the water balance components of a typical Amazon soil-vegetation system, when subjected to 
a range of synthetically generated patterns of rainfall and potential evaporation (PET).  
 
Intense drought events, as observed in 2005 and 2010, led to severe impacts due to depletion of 
different hydrologic quantities. First, low streamflow and river water levels lead to interruption 
of navigation systems [Tomasella et al., 2011] and fish mortality [Tomasella et al., 2013]. 
Second,  reduced soil moisture restricted root water uptake, which combined with higher 
temperatures and lower air humidity lead to increased risk of fires and tree mortality [Brown et 
al., 2006; Moran et al., 2006; Aragão et al., 2007]. Third, lower soil moisture also lead to slower 
rate of biomass growth and decreased the amount of carbon photosynthesized by the vegetation 
[Phillips et al., 2009; Lewis et al., 2011]. All those impacts are related to the functioning of the 
soil-vegetation systems, since there is a strong interdependency between them and 
evapotranspiration, groundwater recharge and streamflow, as demonstrated in Chapter 3. 
Therefore, it is crucial to understand the behavior of such Amazon hydrologic systems and the 
processes leading to depletion of soil water storages, under anomalous rainfall patterns.  
 
However, complex processes acting in an integrated and non-linear fashion drive the Amazon 
soil-vegetation systems. First, soil moisture and water table dynamics dominate the water 
balance and streamflow formation in most of the Amazon [Miguez-Macho and Fan, 2012a; 
Paiva et al., 2013].  The deep soil columns provide for large capacity of soil water storage, 
which allows for the transference of rainwater from one season to another, through accumulation 
in the wet season and depletion in the dry season.  That helps to buffer effects of seasonal 
droughts, as the water accumulated in the previous wet season supplies both streamflow and 
vegetation transpiration demands during the dry season. The hydrology of such deep soil layers 
is difficult to model because of the non-linear nature of water flux in unsaturated soil layers and 
the expected vertical heterogeneity of soil hydraulic properties. 
 
Second, the root systems can reach depths of up to 18 m [Nepstad et al., 1994; Jipp et al., 1998], 
making the large soil water storage available for the vegetation transpiration demands. Thus, 
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despite the long dry seasons, lasting up to six months, plant water uptake can still be sustained at 
high levels [Malhi et al., 2002; da Rocha et al., 2004]. Although a number of different 
mechanisms have been suggested to explain such vegetation resilience (e.g. deep root water 
uptake [Nepstad et al., 1994], hydraulic redistribution [Oliveira et al., 2005] and root niche 
separation [Ivanov et al., 2012]), it is clear that tree water uptake happens at deeper layers in 
Amazon environments. That might affect many hydrologic processes that are important 
controllers of droughts, such as transpiration rates, soil water dynamics, and groundwater 
recharge.  
 
Third, evaporation of intercepted rainwater is an important process in Amazonian dense forests, 
representing up to 17% of the annual rainfall and 25% of annual evaporation [Shuttleworth, 
1988; Cuartas et al., 2007; Oliveira et al., 2008]. The amount of rainwater intercepted varies 
with intensity and duration of rainfall events [Cuartas et al., 2007]. Moreover, evaporation of 
intercepted water and transpiration are linked through the energy balance at the land surface. The 
sensible heat flux and the latent heat flux corresponding to the sum of evaporation and 
transpiration is limited to the net balance of incoming and outgoing shortwave and longwave 
radiation fluxes at the land surface. Thus, the latent heat flux corresponding to the evaporation of 
intercepted water reduces the net radiation energy available for transpiration. The resulting 
variations in the transpiration rates (and corresponding root water uptake) potentially affects soil 
water dynamics and drought characteristics. In addition, since soil water is largely accessible to 
the vegetation, transpiration is mostly controlled by the weather factors, such as cloudiness,  
rather than soil moisture [Costa et al., 2010]. That makes evapotranspiration rates dependent on 
rainfall patterns, as the occurrence of rainfall is associated with cloudiness that often reduces the 
net radiation at the land surface. The high variability of rainfall in space and time due to its 
convective nature in tropical regions adds complexity to the coupled dynamics of cloudiness and 
evapotranspiration.  
 
To a limited extent, the complexity of Amazonian hydrologic processes have been included in 
the land-atmospheric schemes of large-scale climate and hydrologic models. However, such 
models often assume shallow soil layers and root depths that do not properly describe the 
specific characteristics of Amazon environments and fail to adequately model evaporation rates 
during dry seasons [Nepstad et al., 1994; Werth and Avissar, 2004; Harper et al., 2010; Wang et 
al., 2011]. Recent large-scale hydrologic models have employed improved versions of such land 
surface models. Those recent models can represent soil profiles as deep as the water table levels 
and account for lateral water fluxes and water exchanges between groundwater, rivers and 
floodplains [Miguez-Macho and Fan, 2012a, 2012b; Pokhrel et al., 2013]. Still, those models 
often use global-scale datasets describing land cover, soil and vegetation properties, averaged 
over large grid cells. Although useful for large-scale simulations and identification of major 
hydrologic interconnections, the model results poorly represent local physical properties and soil 
characteristics at great depths  [Miguez-Macho and Fan, 2012a]. Moreover, those modeling 
efforts have not analyzed hydrological responses under drought conditions and thus have not 
identified the specific hydrologic mechanisms that are important during droughts. 
 
Previous studies of Amazon soil-vegetation systems have undertaken site-specific, short-term 
field experiments, and modeling efforts. For example, a 21-month field experiment studied the 
dynamics of soil moisture and found that the depth of active water withdrawal by plants extend 
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up to 10 m and varies by season: the upper 2 m layer supplied 56% of transpiration during the 
wet season and 28% of transpiration during the dry season [Bruno et al., 2006]. Other 
experiments have evaluated the effects of artificial rainfall exclusion on vegetation functioning, 
root water uptake and tree mortality rates at specific Amazonian sites [Nepstad et al., 2002; 
Fisher et al., 2007; Markewitz et al., 2010]. Moreover, soil-vegetation coupled models were 
applied to specific sites to investigate the effects of rainfall reduction on transpiration [Belk et 
al., 2007], and evaluate plant strategies used to avoid drought stress during dry seasons [Ivanov 
et al., 2012]. However, those studies have focused on limited time periods, and they do not offer 
information on how the soil-vegetation systems might respond to different drought scenarios.  
 
Due to the shortness of hydrologic time series in the Amazon, only a few extreme drought events 
have been observed in historical records. Thus, there is a wide range of unobserved climate and 
rainfall patterns that might lead to extreme droughts, whose response is yet unknown. That limits 
the study of droughts using solely the existing data and calls for modeling approaches to simulate 
unobserved events. Here, a stochastic modeling approach emerges as a useful way to derive the 
range (and correspondent statistics) of responses of soil-vegetation systems to plausible climate 
conditions. However, that requires some adaptation of current hydrological models.  
 
The current hydrological models were designed to reproduce the existing historical records (e.g. 
a time series of streamflow) and not the stochastic response of the hydrologic systems. They 
often represent soil water fluxes and storage using either simple bucket models [Collischonn et 
al., 2007] or one-dimensional simplifications of the Richards equation, which in its original form 
is a three-dimensional, non-linear differential equation describing the water flow within the 
unsaturated zone [Brutsaert, 2005]. The bucket models do not resolve the vertical variations of 
soil moisture and thus are not adequate to represent deep soil layers, in which water travel times 
are large [Struthers et al., 2006]. The Richards equation is the benchmark for adequately 
modeling soil moisture and fluxes in unsaturated zones, but it needs to be solved numerically and 
its application might require long computation time, depending on the scale of the problem. One-
dimensional numerical solutions to the Richards equation have been successfully included in 
large-scale land surface and hydrologic models aimed at reproducing historical hydrologic 
records in the Amazon covering a few years [Miguez-Macho and Fan, 2012a]. However, if a 
large number of climatic forcing conditions are to be simulated (in order to represent a large 
range of rainfall patterns), the computational time involved in such models might be excessively 
large. Therefore, for the purposes of this chapter, a more specific model of the soil-vegetation 
system is needed to properly represent the hydrological processes involved while allowing for 
the quick simulation of a large number of climate forcing scenarios.  
 
This chapter presents a new stochastic modeling approach to derive the statistical characteristics 
of responses of a typical Amazon soil-vegetation system, when subjected to a large range of 
climatic conditions. The purpose of such an approach is to overcome the limitations imposed by 
the limited availability of hydrological data within the Amazon basin. Since the observed rainfall 
time series extend only for a few decades, extreme droughts were most likely not recorded. As an 
alternative to the hydrologic record, a stochastic rainfall model was developed to synthetically 
generate long time series of precipitation with statistical properties similar to the observed 
records. Synthetic time series of the PET were also generated using hourly-scale estimates that 
accounts for PET dependency on rainfall occurrence. The rainfall and PET time series were then 
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used as inputs to an integrated model for the soil-vegetation system (hereafter, the SVI model) 
that properly represents the hydrologic processes that are important in the Amazon environments 
(e.g. interception and deep root water uptake). In order to reduce computational time, a modified 
version of the multiple wetting front model developed by Struthers et al. [2006] was applied to 
model the water flow through the deep soil column. After calibrating the SVI model using 
existing hydrological data, it was applied to derive: (i) probabilistic response of water fluxes and 
storages through the soil-vegetation system under dry conditions (both seasonally and annually) 
and (ii) the sensitivity of such water fluxes and storages to shifting rainfall patterns, described by 
changing intensity, duration, and frequency of rainfall.  
 
This chapter is organized as follows. After this introduction, the methods section (4.2) presents 
an overview of the stochastic modeling framework (4.2.1), a description of the site and data used 
in this chapter (4.2.2), the rainfall model (4.2.3), the PET model (4.2.4), and the SVI model 
(4.2.5). The methods section also includes the description of procedures for fitting of stochastic 
model parameters, calibration of hydrologic models and checking of the performance of the 
models. Then, the results section (4.3) presents results from the model performance checking 
(4.3.1), the stochastic characteristic of the water balance components within the base scenario, in 
which the stochastic parameters of the rainfall model are fitted to the observed data (4.3.2), and 
the sensitivity of those water balance components to changing rainfall model parameters (4.3.2).  
Finally, the discussion and conclusion section (4.4) elaborate on the major findings, limitations 
of the proposed approach, and possible future enhancements. 
 
4.2 Methods 

 
4.2.1 Overview of the stochastic modeling framework 
 
Figure 4.1 illustrates the stochastic modeling framework developed for this chapter. First, a 
stochastic model was developed to synthetically generate hourly time series of rainfall and PET, 
as shown in the first left block in Figure 4.1. That stochastic model consists of a 
non-homogeneous Markov model for the rainfall time series (hereafter, the rainfall model), and 
averaged 24-hour cycles of PET conditioned to rainfall occurrence (hereafter, the PET model). 
The stochastic parameters of the rainfall model were fitted to existing rainfall data, observed at a 
selected conventional gauge (daily data) and at a flux tower site (hourly data). Those stochastic 
parameters represent the observed conditions, but will be varied to represent unobserved 
conditions, as discussed later. The rainfall-conditioned 24-hour cycles of PET were computed 
from existing hourly flux tower data. After verification of their performance against the statistics 
of rainfall and PET at the same sites, those models were applied to generate 100-year long 
synthetic hourly time series, used to drive the SVI model. 
 
Second, the SVI model was modified to incorporate a 12 m deep soil column, driven by the 
synthetically-generated rainfall and PET time series, as shown in the central block in Figure 4.1. 
The SVI model is an adaptation of the multiple wetting front model developed by Struthers et al. 
[2006], and consists of physically-based sub-models that represent interception, infiltration, 
vertical soil water flow through the deep soil column, and root water uptake. The adaptations 
from Struthers et al. [2006] consisted of (i) the inclusion of an interception model parameterized 
to Amazon dense forest environments, (ii) the computation of the fraction of PET available to 
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transpiration, after subtracting the evaporation from intercepted water, (iii) the use of soil 
hydraulic parameters from published field studies of Amazon sites, including vertically-varying 
hydraulic conductivity, and (iv) the adaption for a stochastic simulation, in which the SVI model 
is run repeatedly for a large number years, with the same initial conditions. After 
parameterization of interception parameters and saturated hydraulic conductivity, and calibrating 
soil hydraulic parameters using soil moisture observations at a specific site in the Amazon, the 
model was run at an hourly time step using the synthetic rainfall and PET time series.  
 
Third, the outputs from the SVI runs were analyzed in terms of statistics of the water balance 
components, as shown in the last right block in Figure 4.1. Those water balance components 
consist of interception evaporation, transpiration (which corresponds to the root water uptake), 
drainage (the flux F3 in Figure 4.4, presented later, which corresponds to the deep percolation at 
the bottom soil layer, that contributes to the recharge to groundwater systems), and monthly and 
annual changes in total water storage within the soil column. The analysis of those statistics 
between dry and wet seasons, and between dry and wet years allows for an evaluation of the 
response of the soil-vegetation system to extreme drought conditions. 
 
After running the SVI model with rainfall and PET time series generated with stochastic 
parameters fitted to the observed data, the stochastic parameters of the rainfall model were 
changed in order to produce new time series representing unobserved climate conditions. The 
changes in parameters were designed to vary the duration of the dry seasons, the seasonal 
patterns of daily dry and wet spells, and the intensity and duration of storms. For each set of 
stochastic parameters, new 100-year long synthetic time series of rainfall and PET were 
generated to drive the SVI model. The results were compared in terms of statistics of water 
balance components. That procedure allowed for the evaluation of sensitivity of the stochastic 
characteristics of the water balance components to the different rainfall patterns.  
 

 
Figure 4.1 – Overview of the stochastic modeling framework. 
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4.2.2 Site description and data sources 
 
The Santarem site, located within the Tapajos Brazilian national forest reserve at the northeastern 
Amazon basin, was chosen to conduct the analysis based on data availability and 
representativeness of Amazon environments. Three flux towers and four rainfall gauges are 
located within that site (see Figure 4.2), where reduced rainfall conditions have been associated 
with El Nino events [Foley et al., 2002]. That site has also been used in previous studies that 
focused on water and heat fluxes between land and atmosphere [da Rocha et al., 2004], gas 
transfer fluxes [Goulden et al., 2004], and deep soil moisture dynamics [Bruno et al., 2006; 
Markewitz et al., 2010]. The three flux towers are equipped with weather stations, rainfall 
gauges, and soil moisture observations along with field data collected during previous studies. 
 
The site represents a typical flat upland Amazon environment, covered with dense forest with 
trees reaching up to 40 m in height, deep soil column, and rooting depth of 12 m [Bruno et al., 
2006]. Previous field studies found the water table was greater than 10 m deep, and researchers 
speculate that the water table is located more than 100 m from the land surface [Nepstad et al., 
2002; Hutyra et al., 2007], since the site’s elevation is 150 m above the Tapajos river, located 
13 km West from the site [Belk et al., 2007].  
 

 
Figure 4.2 – Flux towers and rainfall gauges within the selected site in the Amazon basin. Names 

and further description of flux tower and rainfall gauges are in Tables 4.1 and 4.2.  
 
The three flux towers named SK67, SK77 and SK83 were installed as part of the Large Scale 
Biosphere-Atmosphere (LBA) project [de Gonçalves et al., 2013; Keller et al., 2013]. Their 
general characteristics are presented in details in Appendices B and C, and are summarized in 
Table 4.1. SK67 is located at a primary rainforest site in a flat terrain, with trees up to 40 m 
height and roots extending to 10 m deep. Weather (radiation fluxes, air temperature, wind speed), 
and eddy covariance (latent and sensible heat fluxes) data were continuously collected between 
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2002 and 2006, after a 64m tall flux tower was erected [Hutyra et al., 2007]. SK77 is located at a 
pasture-agriculture site, developed after forest clearance occurred in 1991 [Sakai et al., 2004]. 
From 2001 to 2005, data were collected from a 20 m flux tower, within agricultural land 
including bare soil, pasture, and fields cultivated in rice and soybean or left fallow. For this 
research, only the periods corresponding to pasture and cultivated land covers were used, as 
indicated in Table 4.1. SK83 is located at a primary forest site subjected to selective logging for 
research purposes after September of 2001. Logging removed around 5% of aboveground 
biomass (two to three trees per ha) [Goulden et al., 2004]. The SK83 flux tower operated from 
2000 to 2004 [da Rocha et al., 2004; Goulden et al., 2004]. Soil moisture was also measured 
from March of 2002 to December of 2003 at the same site and to a depth of 10 m, as part of 
specific field experiments [Bruno et al., 2006]. The datasets from those flux towers were 
obtained from ftp://lba.cptec.inpe.br/lba_archives/CD/CD-32/CD32_Brazil_Flux_Network/. 
 

Table 4.1 – Flux tower data sources, land cover, location, and period covered. 
Flux 
tower 

Full 
name 

Latitude 
(º) 

Longitude 
(º) 

Land cover Observation 
Period 

SK67 Santarem Km67 -2.86 -54.96 Primary forest 1/2002 to 1/2006 

SK77 Santarem Km77 -3.02 -54.89 

Pasture 1/2001 to 11/2001 

Cultivated 

2/2002 to 12/2002 
 1/2003 to 5/2003 
5/2003 to 1/2004 
1/2004 to 4/2004 
5/2004 to 3/2005 
4/2005 to 11/2005 

Bare soil 

11/2001 to 2/2002 
12/2002 to 1/2003 
5/2003 
1/2004 
4/2004 
3/2005 to 4/2005 

SK83 Santarem Km83 -3.01 -54.98 Logged forest 7/2000 to 3/2004 
 
The hourly rainfall data from those flux towers cover only a few years and thus a longer time 
series is needed to derive the parameters for the rainfall model. Thus, longer time series of daily 
rainfall were obtained at a conventional rain gauges maintained by the Brazilian National Water 
Agency [ANA, 2009], selected from a groups of four existing gauges located less than 150 km 
from the flux towers (see Figure 4.2). Those rainfall data are routinely submitted to quality 
control procedures and are publicly available on-line (http://hidroweb.ana.gov.br/).  
 
The consistency between gauge and flux tower rainfall observations was checked by plotting 
double mass curves of monthly rainfall, after filling the missing data in the rainfall time series 
from the three flux towers. The gap filling procedure used only rainfall data from the three flux 
towers and was similar to that described in Appendix B, in which the missing values are filled 
using the ratio of long-term mean rainfall between flux towers. The double mass curves indicated 
the consistency between SK67 and SK77 monthly rainfall, and some underestimation of rainfall 
at SK83. Also, only the rainfall gauge 354000 (described in Table 4.2) was considered consistent 
with the SK67 and SK77 flux tower rainfall data, so the other three rainfall gauges were rejected. 
Details of that consistency analysis are presented in Appendix C. 



 

 

90

 
Table 4.2 – Rainfall gauge information. 

Rain 
Gauge 

Latitude 
(º) 

Longitude 
(º) 

Period Gaps1 Years2 Distance3 
(km) 

354000 -3.89 -54.32 1978 to 2012 7% 31.2 137 
1 Percentage of days with missing data in the daily rainfall time series. 
2 Number of years with valid data in the time series.  
3 Distance from rainfall gauge to flux tower SK67. 

 
A further comparison between the selected rainfall gauge and the flux tower data showed no 
bias. The Pearson linear correlation coefficients were 0.63, 0.78, and 0.80, for SK67, SK77, 
SK83, respectively, although there were some dispersion of monthly values. That dispersion is 
explained by the great spatial variability of convective rainfall within the Amazon basin, as was 
also noticed in previous studies [Khan et al., 2007; Collischonn et al., 2008; Fitzjarrald et al., 
2008; Clarke et al., 2011; Cuartas et al., 2012]. The root mean squared errors were computed as 
96 mm/month, 71 mm/month, and 63 mm/month, which corresponded to 87%, 73%, and 81% of 
the standard deviations at SK67, SK77, and SK83, respectively. Thus, the errors are lower than 
one standard deviation of monthly rainfall observations at each flux tower. Also, the gauge data 
exhibited the same seasonal pattern and similar annual rainfall of flux towers (the 2000-2004 
annual mean rainfall was 1546 mm at the rain gauge 354000, compared to 1600 mm, 1565 mm, 
and 1423 mm at SK67, SK77, and SK83, respectively). Finally, the frequency distributions of 
the daily rainfall total and the daily dry spell durations were quite similar, implying that a 
stochastic model with parameters fitted to the rainfall gauge data should also reproduce the 
rainfall observations at the flux tower. Therefore, although the distance of 137 km from the flux 
tower is large, the rainfall gauge data was considered statistically similar to the flux tower 
rainfall data, which is a result of convective nature of rainfall and the absence of orographic 
effects. Details of the data consistency checks are presented in Appendix C.  
 
4.2.3 Rainfall model 
 
The rainfall model was developed to represent the stochastic characteristics of the observed 
rainfall at the sites of the selected flux towers and rainfall gauge, from hourly to inter-annual 
time scales. The representation at the hourly scale is needed for consistency with the time scale 
of the hydrologic processes being simulated with the SVI model. The rainfall model takes into 
account specific features of Amazon rainfall, as observed in the rainfall data: 

a) statistical independence of annual rainfall; 
b) seasonally smooth variations in rainfall totals and frequency; 
c) daily persistence of wet and dry spells; 
d) persistence of storms and dry hours within daily wet spells; 
e) skewed probability distribution of hourly rainfall amounts.  

 
The rainfall model embodies those features by coupling two probabilistic sub-models: a non-
homogeneous Markov chain sub-model to represent the occurrence of rainfall at the daily, 
seasonal and inter-annual scale; and renewal-reward sub-model to represent the occurrence and 
intensity (in mm/h) of storms at the hourly scale. 
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The first sub-model is a non-homogeneous Markov chain model of daily rainfall occurrence and 
is used to generate wet and dry spells within a water year. This sub-model has two monthly 
parameters: the probability of occurrence of a dry day given that the previous day was dry (Pdd) 
and the probability of occurrence of a wet day given that the previous day was wet (Pww). Those 
parameters Pdd and Pww were estimated by directly computing the transition probabilities using 
the daily data from the chosen rainfall gauge 354000 (described in Table 4.2).  
 
The Pww was estimated as the ratio of the number of two consecutive wet days for a given 
month across all years, to the total number of observations in that month, also across all years. 
The Pdd was estimated as the ratio of the number of two consecutive dry days (zero rainfall) for 
a given month across all years, to the total number of observations in that month, also across all 
years. That is described in Equations 4.1 and 4.2, in which Nmon is the number of daily rainfall 
observations for a given month (mon) across all years and Xmonj is the daily rainfall for day j and 
month mon. The sub-model generates a sequence of wet and dry days by randomly sorting a state 
(dry or wet) of the following day using the appropriate probabilities Pww and Pdd, given the 
state of the current day. 
 ���(���) = (	���|����, > 0, ����,�� > 0)	���  

(4.1) ���(���) = (	���|����, = 0, ����,�� = 0)	���  

(4.2) 
 
The non-homogeneous Markov chain model assumes that the state of a given day (dry or wet) 
only depends on the state of the previous day and thus is statistically independent from the states 
of all previous days. That also implies that dry and wet spells generated by the model in a given 
month are statically independent from the dry and wet spells generated in the other months. 
Thus, the model does not account for the persistence of dry and wet spells from one month to the 
other. Still, the model is able to represent the seasonal pattern of monthly rainfall and inter-
annual statistics of dry and wet spells, as will be described in Section 4.3.1.  
 
The performance of that first sub-model was verified by comparing the empirical probability 
distribution (PDF) of durations of the dry and wet spells in each month, extracted from the 
rainfall gauge data, with the corresponding PDFs resulting from a 100-year long model 
simulation. The significance of the differences between the two PDFs was tested using 
Komolgorov-Smirnov test, as described in Appendix C. The empirical and simulated PDFs of 
daily wet spell durations were considered statistically equal at the 90% confidence level for all 
months. In the case of daily dry spell durations, those PDFs were considered equal at the 90% 
confidence level for all months except for November. The transition probabilities obtained Pdd 
and Pww are described in Figure 4.3, and details of the performance verification are presented in 
Appendix C. 
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Figure 4.3 – Transition probabilities Pdd and Pww fitted to the rainfall data of gauge 354000. 

 
The second sub-model is an alternating renewal-reward sub-model used to represent hourly 
storm durations (Twet, has unit of [h]) and the time between storms (Tdry, has unit of [h]), within 
daily wet spells. In that sub-model, the duration of storms and periods between storms are 
randomly generated alternately, until the total duration of the daily wet spell is reached. Once the 
hourly occurrence of storms is defined, the daily rainfall total is randomly sampled from a 
previously defined PDF. Finally, rainfall intensity (P, has unit of [mm/h]) is generated for each 
hour of the storm events, again by sampling from a previously defined PDF. The hourly rainfall 
intensities P are generated iteratively until the daily rainfall total is close to the previously 
sampled value. The variables in this sub-model are considered statistically independent, so the 
timing of storms and intra-storm rainfall distribution are not modeled.  
 
The parameters Twet, Tdry and P were estimated by fitting theoretical PDFs to the empirical 
PDFs of storm duration, inter-arrival times (the time between storm events) and hourly storm 
intensity (with unit of [mm/h]), all extracted from the flux tower SK67 hourly rainfall data. For 
each one of the three parameters, and for the daily rainfall total, five probability distribution 
functions were tested: log-normal, exponential, gamma, generalized extreme value and Weibull. 
The parameters of the theoretical PDFs were found by the maximum likelihood method. The 
performance of each theoretical PDF in representing the empirical PDFs was verified using the 
Komolgorov-Smirnov and the Qui-squared statistics. The gamma distribution was found to be 
the best for daily rainfall totals. The exponential distribution was found to be the best for all three 
hourly-scale variables (Tdry, Twet and P) according to both Komolgorov-Smirnov and the Qui-
squared statistics. The parameters for the exponential distribution are the mean hourly storm 
intensity, mean storm duration, and mean time between storms. At SK67, those parameters were 
5.33 mm/h, 1.67 hours, and 10.17 hours, respectively. Details of that parameter fitting and 
performance verification results are described in Appendix C. 
 
The link between the two sub-models is illustrated in the example shown in Figure 4.4. Once the 
transition probabilities are found from the gauge daily rainfall data (Equations 4.1 and 4.2), the 
non-homogeneous Markov chain sub-model generates sequences of daily dry and wet spells. In 
Figure 4.4, two wet days are followed by a dry day. Then, after finding the parameters of the 
PDFs of Tdry, Twet and P from the flux tower hourly rainfall data, the renewal-reward model is 
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applied. In Figure 4.4, within the sequence of two wet days, that renewal-reward model generates 
two storm events, one lasting six hours and the other lasting four hours. Those storm events are 
generated by sampling sequences of storm durations Twet and inter-arrival times Tdry from 
previously fitted PDFs. Finally, for each wet day, daily rainfall totals are generated by sampling 
from the previously fitted PDF (gamma), and then, for each storm event, hourly storm intensities 
P are generated by sampling from the corresponding previously fitted PDF (exponential).  
 

 
Figure 4.4 – Representation of the stochastic sub-models at the daily and hourly scales. Twet is 
the duration of a storm event (hours), Tdry is the inter-arrival time, also called the time between 

storm events (hours), P is the hourly storm intensity (mm/h). 
 
The overall performance of the rainfall model was checked by comparing the daily, monthly and 
annual statistics from a 100 year-long synthetic generated rainfall time series and the empirical 
daily data from the rainfall gauge 354000 (Table 4.2). 
 
In the model application, the wet and dry spells are generated independently for each water year, 
preserving the feature (a) mentioned above. Also, the parameters are allowed to vary for each 
month, making the model non-homogeneous and capturing the slowly varying nature of rainfall 
occurrence (feature b). The Markov chain model preserves the low autocorrelation structure of 
convective rainfall systems (feature c). Moreover, the features (d) and (e) discussed above are 
preserved in the renewal-reward model.  
 
In the sensitivity analysis, each parameter of the stochastic rainfall model was varied 
individually, keeping all other parameters fixed to their fitted values. Also, the monthly-varying 
Markov parameters Pdd and Pww, and the storm duration and inter-arrival time parameters were 
changed for the whole wet and dry seasons, separately. With that approach, the effects of 
changing rainfall patterns on the subsurface water balance in each season can be analyzed 
individually. Details of the simulations performed with model are described in Section 4.2.6. 
 
4.2.4 PET model 
 
Light limitation due to cloudiness and the resulting reduction of shortwave radiation reaching the 
land surface is the most important factor controlling the variability of PET in the Amazon [Costa 
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et al., 2010]. It generates a significant seasonal cycle in PET, which accompanies the rainfall 
seasonal pattern. The interannual variability in PET is less significant [da Rocha et al., 2004; 
Werth and Avissar, 2004], thus the key feature to be kept within the PET model is the 
dependency on cloudiness. However, the dynamics of clouds is a complex atmospheric process 
that depends on both large scale circulation and local land-atmospheric feedbacks [Bony et al., 
2004]. Modeling the stochastic characteristics of cloud dynamics is active research area. Thus, its 
inclusion in the present modeling framework is beyond the scope of this chapter. Instead, the 
rainfall occurrence was used as a surrogate of cloudiness, as described next. The dependency of 
PET on rainfall and cloudiness patterns are further explored in Chapter 5.  
 
First, hourly PET was computed at the flux tower at SK67 using the widely used Penman-
Monteith equation [Monteith, 1965, 1981], described in Equation 4.3. In that equation, Rnet is 
the net radiation balance (W/m2), ρa is the dry air density (kg/m3), Cp is the specific heat capacity 
(J kg−1 K−1), qs is the saturated vapor pressure (kPa), q is the vapor pressure (kPa), ra is the 
aerodynamic resistance (s/m), rs is the surface resistance (s/m), γ is the psychometric constant 
(= 66 Pa K-1 at sea level), and ∆ is the slope of the saturation vapor pressure versus temperature 
curve.  

��� = ���� + ���(����) !Δ + # $1 +  � !&  

        (4.3) 
 
The net radiation (Rnet) is computed from the balance of incoming and outgoing short-wave and 
long-wave radiation, and ground thermal fluxes observed at the flux tower. The saturated vapor 
pressure (qs) is a function of air temperature and air pressure, both observed at the flux tower.  
The water vapor pressure (q) is also observed at the flux tower.  
 
The roughness model for aerodynamic resistance (ra ) and the optimal surface resistances (rs) 
were found using a calibration procedure (described in Appendix C and summarized here). In 
that procedure, the PET computed with Equation 4.3, plus four roughness models and a range of 
surface resistances (for each roughness model), was compared to field estimates of PET. Those 
field estimates of PET corresponded to flux tower observations of latent heat fluxes in days 
following daily rainfall totals above 4 mm (since the maximum PET reported in the region varies 
from 3.5 to 3.8 mm/day [Shuttleworth et al., 1984; Shuttleworth, 1988]). Those wet conditions 
correspond to 23% of all the flux tower measurements at SK67. That procedure revealed that the 
roughness model of Shaw and Pereira [1982] and the daily mean aerodynamic resistance of 86 
s/m are the best choices to represent field estimates of PET at SK67, with average absolute errors 
in daily, monthly, and annual simulated PET corresponding to 1.7%, 4.0% and 0.7% of daily, 
monthly and annual observed PET, respectively. Once the roughness model was chosen, the 
PETc, which is the PET for wet canopy conditions (required for interception calculations, as 
described later) was also computed using Equation 4.4 (similar to Equation 4.3, but with zero 
surface resistance). Details of PET computations are in Appendix C. 
 ���' = ���� + ()*(+, − +)//0Δ + #  

(4.4) 
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Second, the mean 24-hour PET and PETc cycles for each month and for rainy and non-rainy days 
was extracted from the PET and PETc time series (computed with Equations 4.3 and 4.4, 
respectively), assuming rainfall occurrence indicates cloudy conditions. The obtained PET cycles 
for the period from 6:00 to 18:00 are illustrated in Figure 4.5, for dry and wet days in the wettest 
month (March) and the driest month (August). With those rainfall-conditioned, 24-hour PET 
cycles, long-term hourly PET time series could be constructed solely based on rainfall 
occurrence time series, generated using the rainfall model. Thus, that approach allows for the 
construction of hourly PET time series conditioned to a synthetically-generated rainfall time 
series, avoiding the need to generate synthetic PET time series from weather variables, that 
would also need be modeled stochastically otherwise. 
 

 
Figure 4.5 – Period from 6:00 to 18:00 of the mean 24-hour cycle PET for wet and dry days in 

(a) the wettest month (March) and (b) the driest month (August), at SK67. 
 
The performance of that approach was checked by comparing the error in daily, monthly and 
annual PET computed in two other different ways, with respect to the Penman-Monteith 
estimates within the period of flux tower observations: (i) using the unconditioned mean 24-hour 
cycle PET; and (ii) using mean 24-hour cycle PET conditioned to reduced radiation, used as a 
surrogate of cloudiness occurrence. In this last alternative, a cloudiness condition was assumed 
to occur whenever the incoming shortwave radiation at the land surface dropped below 95% of 
its maximum hourly value observed in each month. The corresponding average absolute errors in 
daily, monthly and annual PET at SK67, with respect to Penman-Monteith estimates, are 
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presented in Table 4.3, which includes the errors associated with the chosen method of using the 
24h cycle PET conditioned on rainfall. As it can be seen in that table, the errors decrease in 
importance from daily to annual scales. Also, using the 24h-cycle PET conditioned on reduced 
radiation results in the smaller errors, but not significantly smaller than the errors involved in 
using the 24h cycle PET conditioned on rainfall, which were 11.6%, 3.5% and 2.9% of daily, 
monthly and annual PET estimated using Penman-Monteith (Equation 4.3), respectively. More 
details are present in Appendix C. 
 

Table 4.3 – Average absolute errors in daily, monthly and annual PET resulting from different 
estimation methods with respect to Penman-Monteith estimates. 

Absolute error 
Unconditioned 
24h cycle PET 

24h cycle PET 
conditioned on 

rainfall 

24h cycle PET 
conditioned on 

radiation reduction 
Error in daily PET 15.3% 11.6% 9.3% 
Error in monthly PET 3.9% 3.5% 1.3% 
Error in annual PET 3.5% 2.9% 2.2% 

 
4.2.5 Integrated soil-vegetation model (SVI model) 
 
The SVI model includes representations of the interception of rainwater by the tree canopy, the 
soil water fluxes through a three-layer soil column with total depth of 12 m (each layer with 
different hydraulic properties), and the root water uptake conditioned on simulated soil moisture. 
The SVI model was adapted to run stochastic simulations, so it is driven by the previously 
generated synthetic hourly time series of rainfall and PET, which are 100 years long. The outputs 
from the model are the hourly time series of the water balance components: evaporation of 
intercepted water, transpiration (corresponding to the root water uptake), overland runoff, 
infiltration, drainage (corresponding to the deep percolation out of the bottom of the deepest soil 
layer), and total change in soil water storage (see Figure 4.6).  
 
As is illustrated in Figure 4.6, the SVI model assumes that the vegetated canopy intercepts a 
proportion 1 – pt – ps of incoming rainfall P, and the remaining rainfall directly reaches the land 
surface either by throughfall (fraction of rainfall pt) or stemflow (fraction of rainfall ps). The 
vegetated canopy functions as a storage with capacity S, from where the accumulated water 
either evaporates (with the rate of evaporation of intercepted water EI) or drips through onto the 
soil surface (with rate of D). The evaporation of intercepted EI water is limited to PETC. Once 
calculated, EI is subtracted from PET to compute the potential transpiration PETVk at each soil 
layer k, which limits the root water uptake, as explained later in Section 4.2.5.3.  
 
Water that is incident on the soil surface (from throughfall, stemflow, and dripping from the 
canopy) either forms runoff or infiltrates (with rate I).  Overland runoff is generated either when 
the unsaturated hydraulic conductivity of the upper soil layer is surpassed by the rainfall rate 
(infiltration excess runoff) or when the soil moisture at the upper soil layer reaches its saturation 
(saturation excess runoff). The infiltrated water propagates as a series of coherent wetting fronts 
through three layers of unsaturated soil [Struthers et al., 2006], changing the soil moisture in 
each layer θk.  
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Within the rooting depth of the vegetation, soil moisture is lost to root uptake Wk in each soil 
layer k.  Root water uptake occurs at a rate suitable to match the potential transpiration PETVk , 
obtained from the subtraction of evaporation of intercepted water EI from the potential 
evapotranspiration PET, and provided the vegetation is not water stressed due to low soil 
moisture.  If soil moisture levels in each soil layer θ k are low enough to induce water stress in 
the vegetation, the rate of water uptake is proportionally reduced, until it reaches zero when the 
soil moisture is equivalent to the permanent wilting point. 
 
 

 
Figure 4.6 – Conceptual model of the soil-vegetation system, in which z is the depth from the 

land surface, P is the precipitation (stochastic input), EI the evaporation of intercepted water, S is 
the water storage within the canopy, D is the dripping of intercepted water from the canopy, θ k is 

soil moisture in soil layer k, Wk is the root water uptake at soil layer k, Fk  is drainage at the 
bottom of soil layer k, I is the infiltration at the upper soil layer, R is the overland runoff, and F3 

is the drainage at the bottom of the soil column. 
 
The SVI model performs a running balance of the canopy water storage, similar to the model 
developed by Rutter et al. [1971], and with parameters taken from previous field studies in the 
Amazon forest. Moreover, the SVI model can resolve the vertical variability in soil moisture by 
the means of the multiple wetting front model developed by Struthers et al. [2006]. The soil 
column was arbitrarily divided in three layers in order to allow for the calibration of soil 
hydraulic parameters at the key soil layers of 0 m to 1 m, 1 m to 2 m, and 2 m to 12 m. That 
calibration strategy aims to capture the vertical variations in soil composition and hydraulic 
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properties, which are characterized by increasing clay content and exponentially decreasing 
saturated hydraulic conductivity, with more variability in the upper 2 m [Belk et al., 2007]. Also, 
previous field studies have demonstrated that the soil moisture varies much more rapidly within 
the upper 2 m soil layer [Bruno et al., 2006], and that a significant portion of total evaporation is 
extracted above the depth of 2 m [Nepstad et al., 1994; Hodnett et al., 1995; Jipp et al., 1998; 
Bruno et al., 2006]. The governing equations, the parameterization and the calibration of the 
components of the SVI model are described in the next sections. 
 
4.2.5.1 Interception 
 
For the computation of interception and canopy water storage, the SVI model uses the approach 
developed by Rutter et al. [1971], which has successfully been used in previous studies in the 
Amazon [Lloyd et al., 1988; Shuttleworth, 1988]. In that approach, the temporal change in 
canopy water storage S is given as a balance between the intercepted rainfall P(1-pt-ps), 
evaporation of intercepted water EI and dripping from the canopy D, as described in 
Equation 4.5. The parameter pt is the fraction of rainfall that falls through the canopy and the 
parameter ps is the fraction of rainfall corresponding to stem flow.  
 �1�� = �(1 − 23 − 2,) − �4 − 5 

(4.5) 
 

Evaporation of intercepted water was computed as a fraction of the PETc (PET with zero surface 
resistance). That fraction is the ratio of the stored water within the canopy S to the canopy water 
storage capacity C [Rutter et al., 1971], as described in Equation 4.6. The water dripping from 
the canopy is modeled as a linear reservoir assumption, as presented in Equation 4.7, in which a 
and b are empirical parameters to be found from field studies [Rutter et al., 1971]. 
 �4 = 1) ���' 

            (4.6) 
 5 = 6�7(8��) 

          (4.7) 
 

The parameters pt, ps, C, a and b were taken from previous studies [Cuartas et al., 2007], who 
measured throughfall and stemflow every five minutes at a forest site at the Cueiras Biological 
Reserve, in central Amazon. In that study, interception was modeled using the model developed 
by Gash [1979] and estimated parameters for the model of Rutter et al. [1971]. Those parameters 
are described in Table 4.4. 

 
Table 4.4 – Parameters for the interception model in forest sites, after [Cuartas et al., 2007]. 

pt    ps C (mm) a (mm/h) b 

0.03 0.01 1.05 0.12 3.70 
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4.2.5.2 Soil water flux  
 
The SVI model uses the multiple wetting front model developed by Struthers et al. [2006] to 
represent the water storage and fluxes within the soil column and their coupling to root water 
uptake in each soil layer. This model uses a square wave representation of wetting fronts and a 
mass balance approach to emulate gravity-only water redistribution in the soil column. The 
model allows for rapid computation of soil moisture conditions (suitable for stochastic 
simulations) while retaining the essential relationships between water content and flow in the 
unsaturated media. Also, the model was successfully validated against numerical solutions of the 
Richards equation and field observations, and presented superior performance when compared to 
the conventional linear reservoir model [Struthers et al., 2006]. Finally, it has been used to 
successfully reproduce evapotranspiration dynamics across a wide range of vegetation and 
climate types in the United States [Thompson et al., 2011]. The present study is the first 
application to a tropical rainforest environment, characterized by deep soil columns and root 
systems. 
 
First, the SVI model computes the partitioning of dripping water (D), plus stemflow (ps P) plus 
throughfall (pt P) into infiltration (I) and runoff (R). Runoff can occur either by infiltration excess 
(when runoff is the rainfall excess above the unsaturated hydraulic conductivity K(θ1) at the top 
soil layer), or saturation excess (when soil moisture reaches its saturation, and runoff is the 
rainfall excess above the saturated hydraulic conductivity Ksat). Then, the infiltration rate is 
computed as the difference between the sum D+ ps P + pt P and runoff, and once it is computed, 
the propagation of wetting fronts is calculated. 
 
A wetting front i is defined by its soil moisture θi (ratio between the total water volume to the 
total soil volume), its depth xi, and its total water storage Vi=xi(θi – θi-1). When the infiltration 
rate is above or equal to the unsaturated hydraulic conductivity, it is assumed that the front 
redistributes without changing its water content, but only changing its depth. When the 
infiltration rate is less than the unsaturated hydraulic conductivity, both water content and depth 
of the front changes. The multiple wetting front model updates those characteristics at each time 
step (hourly) from expressions that describe the temporal change in water content and depth of 
the fronts, as described as follows.  
 
The temporal change in the total water storage of a given front dVi/dt must equal the net 
infiltration into the front qi, which corresponds to the sum of water fluxes in and out of the front. 
Differentiating the expression for Vi results in the Equation 4.8, which relates the changes in 
front depths and water contents [Struthers et al., 2006]. 
 (9: − 9:��) �;:�� + ;: ��� (9: − 9:��) = +: 

(4.8) 
Now, two relationships are employed to derive an expression for dθι/dt, which updates the water 
content in each front at each time step. First, the total water storage of a front is described as in 
Equation 4.9, in which the subscripts τ in a time index referring to different points in time and ∆t 
is time step, i.e. t = τ ∆t [Struthers et al., 2006]. 
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;:<(9:< − 9:<)  = ;:<��(9:<�� − 9:��<��) + +:∆� 
(4.9) 

That expression is rearranged to find Equation 4.10, which describes the depth of a front in terms 
of the differences in water content and the total net infiltration. 
 ;:< = ;:<��(9:<�� − 9<��<��) + +:Δ�(9:< − 9:��< )  

(4.10) 
Second, an expression for the time change in the front depth as a function of ratio of differences 
in unsaturated hydraulic conductivity and water content in sequential fronts is employed, as 
described in Equation 4.11. That expression was derived in previously published work [Struthers 
et al., 2006]. 
 �;:�� = ?(9:<) − ?(9:��< )(9:< − 9:��< )  

(4.11) 
 
Substituting Equations 4.10 and 4.11 onto Equation 4.8 results in the desired Equation 4.12. That 
equation express an approximation of the temporal change in water content of a front as a 
function of the unsaturated hydraulic conductivities and water content of the current and the 
previous front, the net infiltration rate qi and the previous time gradient of water content 
[Struthers et al., 2006].  
 �9:�� = +: − @?(9:<) − ?(9:��< )A;:<��(9:<�� − 9:��<��) + +:Δ� (9:< − 9:��< ) + �9:����  

(4.12) 
 
The net infiltration qi is found from the balance of inflow and outflow of a given front. The water 
flux into a front is the minimum between its unsaturated hydraulic conductivity K(θi) and the 
infiltration rate I. When rainfall is less than K(θi), then infiltration equals rainfall and is also less 
than K(θi). The water flux out of a front is the minimum between the unsaturated hydraulic 
conductivity of the previous front K(θi-1) and the infiltration rate [Struthers et al., 2006]. Thus, qi 
is found from the knowledge of unsaturated hydraulic conductivities of the current and previous 
fronts.  
 
In the present application, the unsaturated hydraulic conductivities K(θi) is computed using the 
Van Genuchten form of the flow retention curve, described in Equation 4.13 [van Genuchten, 
1980]. In that equation, ψ is the absolute value of the matric potential (in kPa), the θr  and θs are 
the water contents at residual and saturation levels, respectively, and α, n, and m are empirical 
parameters obtained from field experiments.  
 9: − 9/9B − 9/ = C 11 + (DE)�F�

 

(4.13) 
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From the knowledge of the soil-water retention curve, the unsaturated hydraulic conductivities 
K(θi) are computed from the Equation 4.14 [van Genuchten, 1980], in which m = 1 – 1/n. 
 

?(9:) = ?B6�G H9: − 9/9B − 9/I�/J K1 − L1 − H9: − 9/9B − 9/I�/�M�NJ
 

(4.14) 
The average Ksatk for each soil layer k is computed by integrating the power law equation 
Ksat = 58 z-0.9 (in which Ksat has units of [cm/day], and z is the soil depth, with units of [m]), 
obtained from several field measurements near the sites SK67, SK83 and SK77 [Belk et al., 
2007]. The integration of that power law equation results in Equation 4.15, in which Ksatk has 
units of [mm/h], and zk is the depth of each soil layer, i.e. z0 = 0 m, z1 = 1 m, z1 = 2 m, and 
z3 = 12 m.   

 ?B6�G = 237.5 TGU.� − TG��U.�TG − TG��  

         (4.15) 
Finally, a calibration procedure was undertaken to estimate the parameters θr, θs, α, n, and m for 
each soil layer at the site SK83, the only one with available soil moisture data (covering 21 
months). Directly calibration of each one of those parameters could lead to inconsistent 
combinations of values, given the large range of possible values each parameter can assume. 
Instead, the calibration procedure focused on estimating the average soil composition in each soil 
layer, from which the desired parameters can be calculated using pedo-transfer functions. Here, a 
set of pedo-transfer functions derived specifically for Brazilian soils was used [Tomasella et al., 
2000]. 
 
In that calibration procedure, 100 sets of fractions of sand, silt and clay were randomly sampled 
from uniform distributions, thus each fraction was allowed to vary from 0% to 100%. The 
fraction of organic matter was fixed at 1.3% (the average obtained from 15 field studies at 
Amazon sites [Brondizio and Moran, 2009]). For each sampled set of soil composition, the 
parameters θr, θs, α, n, and m were computed using the pedo-transfer functions [Tomasella et 
al., 2000] and the SVI model was run for the 21 months with soil moisture data available at 
SK83. Thus, the SVI model was run 100 times with 100 sets of soil composition. In each run, the 
difference between observed and modeled soil water content in each soil layer was calculated by 
the root mean squared error (RMSE). Finally, the soil composition leading to the minimum 
RMSE was selected as the best soil composition, which is described in Table 4.5.  

 
Table 4.5 – Calibrated soil composition and hydraulic parameters (m = 1 – 1/n). 

Layer 
(m) Soil composition (%) 

Hydraulic parameters 
(see Equations 4.13 and 4.15) 

Coarse 
Sand 

Fine 
Sand Clay Silt 

Ksat 
(mm/h) θθθθs θθθθr  n αααα 

0 m to 1 m 3.0 2.8 37.1 54.8 88.5 0.55 0.26 1.51 0.15 
1 m to 2 m 24.2 10.6 27.0 37.1 17.0 0.52 0.21 1.37 0.57 
2 m to 12 m 9.2 9.7 34.4 45.5 5.0 0.54 0.23 1.41 0.24 
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The performance of that calibration procedure was checked by comparing observed and 
simulated soil water content (using the calibrated soil composition from Table 4.5) at the three 
soil layers at SK83. The RMSE in terms of total soil water content was 13 mm, 25 mm, and 
218 mm for each layer, respectively. Those errors correspond to 2.6%, 5.1% and 4.3% of the 
average observed soil water content in each soil layer, respectively. Those results are presented 
in more details in Appendix C. 
 
4.2.5.3 Root water uptake 
 
Water is abstracted from the wetting fronts by root water uptake due to plant transpiration, and 
that is limited to the potential transpiration rate PETvk (in mm/h) and the soil matric potential. In 
each layer, PETv,k was defined as the fraction (proportional to the soil layer thickness (zk – zk-1) 
of remaining PET after all evaporation of intercepted water, as described in Equation 4.16. As 
noted in previous studies, the multiple wetting front model has little sensitivity to the allocation 
of the water uptake by depth [Thompson et al., 2011]. 
 ���V,G = W6;X0, ��� − �4Y(TZ − TU) (TG − TG��) 

         (4.16) 
 
The root water uptake Wk in each soil layer occurs at that potential rate whenever the average 
moisture is above a threshold for full stomatal opening θC (a value that is lower than the field 
capacity) and decreases linearly with the soil moisture until the permanent wilting point θw is 
reached, when transpiration is zero. If the water content in each soil drops below the wilting 
point θw, root water uptake from that soil layer stops. The expressions describing the root water 
uptake are described in Equation 4.17. As the discretization used here adopts three soil layers, 
root uptake might stop in one of the layers and continue in the others. The total plant 
transpiration ET is the sum of each soil layer root water uptake so ET = ΣWk. 
 
 

[G = \ ���V,G                 �ℎ�� 9G ≥ 9'_`�_a_b�_a ���V,G          �ℎ�� 9c < 9G < 9'0              �ℎ�� 9G ≤ 9c
        

(4.17) 
 
4.2.6 Stochastic simulations and analysis 
 
As already mentioned, the SVI model was forced with two sets of synthetic rainfall and PET 
time series. First, the SVI model was driven by rainfall and PET time series generated with 
parameters fitted to available data, as described in previous sections. That simulation represents 
the current climate conditions and is referred hereafter as the base scenario. The simulations with 
parameters fitted to current climate conditions resulted in 100 year-long hourly time series of 
rainfall, PET, evaporation of intercepted water, transpiration, drainage (deep percolation out of 
the deepest soil layer), and change in soil water storage (see Figure 4.6). The relationships 
between rainfall and each water balance component (for example, interception) were evaluated at 
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annual and monthly scales. That analysis was useful to detect threshold values that separate 
different behaviors in terms of water partitioning. In addition, the monthly averages of all water 
balance components were computed considering the entire 100 year-long time series, only the 
25% wettest years, and only the 25% driest years. That allowed an assessment of changes in the 
seasonal patterns of water balance components in extreme dry years, as compared to normal and 
wet years. Finally, the relationship between mean soil moisture and drainage was explored.  
 
Once the base scenario was defined, the parameters of the stochastic rainfall model were varied 
individually in each season in order to perform a sensitivity analysis of water balance statistics to 
different rainfall patterns. Seven sensitivity analysis simulations were performed, as presented in 
Table 4.6. In each simulation, only one parameter was varied, while all the others were kept 
constant and equal to their base scenario values. In the case of the parameters Pdd and Pww, the 
parameter values were varied all together for months in wet season (January to May), and then 
for months in dry season (June to November), totaling four simulations. Each set of parameter 
values was then used to generate distinct rainfall and PET time series and drive the SVI model. 
Those series represent the individual effect of each parameter in the rainfall model, which 
correspond to daily dry and wet spell persistence, and storm duration, intensity, and inter-arrival 
times. A description of those simulations, the value corresponding to the base scenario and the 
range of values simulated are presented in Table 4.6. 
 

Table 4.6 – Description of the sensitivity analysis simulations, parameters varied, values in the 
base scenario, and range of values simulated in the sensitivity analysis. 

Sensitivity analysis 
simulations 

Parameter 
to be varied 

Value of the 
parameter in the 

base scenario 
Range of values in the sensitivity analysis 

Sensitivity to storm 
intensity 

P  
[mm/hour] 

5.33  3.3 4.0 4.9 6.0 7.6 

Sensitivity to storm 
duration 

Twet  
[hour] 

1.67 1.3 1.6 2.0 2.4 3.1 

Sensitivity to time 
between storms 

Tdry  
[hour] 

10.17 4.3 6.5 8.6 10.8 12.9 

Sensitivity to Pdd in 
wet season (e.g. 
March) 

Pdd  0.32 0.01 0.12 0.27 0.57 0.72 0.87 

Sensitivity to Pdd in 
dry season (e.g. 
September) 

Pdd 0.79 0.34 0.49 0.64 0.94 0.99 0.99 

Sensitivity to Pww in 
wet season (e.g. 
March) 

Pww 0.77 0.32 0.47 0.62 0.92 0.99 0.99 

Sensitivity to Pww in 
dry season (e.g. 
September) 

Pww 0.34 0.01 0.04 0.19 0.49 0.64 0.79 
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4.3 Results 
 
4.3.1 Checking of the performance of the rainfall model 

 
The performance of the rainfall model was checked by the means of comparing the overall 
statistics of a 100-year synthetically generated time series (modeled) with the 31-year statistics 
from the daily rainfall data observed at the gauge 354000 (empirical). The results are presented 
in Figure 4.7, which presents the cumulative probability distributions of daily dry and wet spells 
and daily rainfall totals. As it can be seen in Figure 4.7, the empirical and modeled cumulative 
frequencies of dry and wet spell durations and rainfall totals are similar, with a slight 
overestimation of daily rainfall when it is lower than 10 mm/day (Figure 4.7c). 

 

 
Figure 4.7 – Overall comparison of cumulative distributions of dry and wet spell durations, and 
daily rainfall totals, from empirical rainfall data at the gauge 354000 and from a 100-year long 

simulation with the rainfall model 
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Figure 4.8 presents the rainfall monthly mean and standard deviation, and the cumulative 
probability distributions of annual rainfall. As presented in Figure 4.8a, the monthly rainfall 
means from the empirical data and model results have the same seasonal pattern. However, there 
is some overestimation of modeled monthly rainfall from June to October (dry season), and some 
underestimation from February to April (wet season). Those discrepancies might be related to the 
fact that hourly-scale parameters (P, Twet and Tdry) in the model are not varied by month, when 
they actually might vary in the observed records. The standard deviations of monthly rainfall are 
similar for the modeled and empirical data.  
 

 
Figure 4.8 – Overall comparison of (a) mean monthly rainfall in each month from empirical data 
(thick black line) and model (light grey line), and respective standard deviations (Empirical S.D., 
dashed thick black line, and Model S.D., dashed light grey line), and (b) cumulative distributions 

of annual rainfall from the empirical rainfall data at the gauge 354000 (Empirical, light grey 
line), from a 100-year long simulation (Model, dashed black line). 
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The cumulative probability distributions presented in Figure 4.8b indicate that the variance of 
modeled annual rainfall is lower than the variance in the empirical data. That means that the very 
dry years and very wet years are generated with less frequency by the model, although the long 
term rainfall mean is similar to the empirical data. The more variable annual rainfall observed in 
the data is possibly related to the fact that there is an autocorrelation in monthly-scale rainfall, 
which might induce persistence from one month to the other and increase the generation of 
extreme years. This was not taken into account in the rainfall model, which assumed statistical 
independence of monthly rainfall.  
 
4.3.2 Stochastic characteristics of the water balance components: base scenario 
 
The first set of simulations corresponds to synthetic rainfall time series generated with 
parameters fitted to current climate conditions, referred to as the base scenario. That synthetic 
rainfall time series was used to drive the SVI model, resulting in 100 year-long times series for 
each water balance component, whose statistical properties are analyzed here. The relationships 
between the annual totals of each water balance component (ET, EI, drainage and change in soil 
water storage) and the annual rainfall were drawn from the model outputs. 

 
The relationships between the annual totals of water balance components and rainfall are 
described in Figure 4.9 (annual scale). Transpiration and interception evaporation are quite 
constant for the entire range of annual rainfall values, implying that neither soil water limitation 
nor variations in PET due to cloudiness result in significant effects at the annual scale. However, 
the annual change in soil water storage and the drainage vary significantly as annual rainfall 
changes. The change in soil water storage (Figure 4.9b) increases steadily with rainfall in the 
driest years (rainfall below its long term mean) and stabilizes for rainfall above its long term 
mean. Drainage (Figure 4.8c) varies around 200 mm/year for drier years and steadily increases 
for rainfall above the long term mean. 
 
Figure 4.9 illustrates the non-linear partition of annual rainfall into drainage (F3) and change in 
soil water storage (∆S). The total change in soil water storage is given by ∆S =P – ET – EI – F3. 

Since annual ET+EI remains constant and roughly equal to 1200 mm/year, regardless of the 
annual rainfall, P = 1200 + ∆S + F3. When annual rainfall is below its mean, drainage decreases 
and the change in soil water storage goes negative, meaning that there is a reduction in soil water 
storage during that water year. For the driest years (average annual rainfall of 1200 mm/year), 
F3 = –∆S, and the change in soil water storage is roughly -200 mm/year, because drainage is 
200 mm/year. Thus, drainage and ET are at least partially supplied by the change in soil water 
storage. For the wettest years (average annual rainfall of 1800 mm/year), the change in soil water 
storage goes positive, but remains limited to roughly 200 mm/year. Thus, all the surplus water 
(P – ET – EI – ∆S) goes to drainage (roughly 400 mm/year). That partitioning is further explored 
at the monthly scale as follows. 
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Figure 4.9 – Relationships between annual rainfall and (a) annual transpiration (ET) and 

interception evaporation (EI), (b) annual change in soil water storage, and (c) annual drainage 
out of the deepest soil layer. 
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The analysis developed at the monthly scale are shown in Figures 4.10 and 4.11. Monthly means 
of each water balance component are presented in Figure 4.10, considering the entire synthetic 
series (Figure 4.10a), only the 25% wettest years (Figure 4.10b) and only the 25% driest years 
(Figure 4.10c). The marked seasonality of rainfall is apparent in all plots. That strong seasonal 
variation in rainfall is followed closely by changes in storage, which absorbs the rainfall 
seasonality and attenuates substantially seasonal variations in drainage. Because of that seasonal 
change in soil water, the drainage peak flux of 40 mm/month occurs only in August, already in 
the dry season, five months later than the rainfall flux peak of 210 mm/month (in March). The 
increased drainage in the dry season occurs in spite of the deficit (EI + ET higher than rainfall) 
that lasts more than five months, and slightly higher ET + EI compared to the wet season. That 
effect is associated with the lack of cloudiness and the resulting increase in PET. Additionally, 
the change in soil water storage helps the supply of ET, EI and drainage. The soil water 
decreases at a rate of -80 mm/month in the driest month and refills at a rate of 100 mm/month in 
the wettest month. 
 
The slight increase in ET + EI during the dry season (months 9 and 10) is supported by 
previously published studies and are explained by the less cloudiness leading to more 
transpiration [Hutyra et al., 2007; Juárez et al., 2007; Costa et al., 2010]. As shown later in 
Figure 4.11, EI actually decreases in the driest months (due to less rainfall), but ET compensates 
for that (on average) and hence ET + EI increases. ET can be sustained because there is sufficient 
soil moisture, although the soil water storage is declining during the dry season. The soil water 
storage fills up during the wet season because P is larger than ET + EI, and there is little drainage 
below the bottom layer (low hydraulic conductivity). Then that storage empties during the dry 
season by root water extraction, since ET + EI is larger than P.  The dynamics of soil water 
storage is related to the non-linear relationship between soil moisture and drainage, which is 
further explored later in Figure 4.12. 
 

Wetter years are associated with higher rainfall during the wet season (Figure 4.10b). However, 
the higher rainfall does not result in higher drainage in the wet season, but in an increase in 
drainage during the dry season. The peak in drainage occurs earlier and the deficit (ET + EI – P) 
is shortened to 4.5 months. Still, ET + EI and the change in soil water storage do not change 
much. In drier years (Figure 4.10c), wet season rainfall is reduced significantly, making the 
deficit last more than six months. Change in soil water storage is also reduced, reaching only 
80 mm/month in the wettest month and -70 mm/month in the driest month. That reduction seems 
to completely eliminate the dry-season peak in drainage, which stays constantly equal to 
30 mm/month. Finally, ET + EI remain constant when compared to the wettest years values.  
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Figure 4.10– Components of the monthly water balance from the synthetic generated time series 
and the soil-vegetation model (SVI). a) considering the entire time series; b) considering only the 
25% wettest years (with annual rainfall above the 75th percentile); c) considering only the 25% 

driest years with annual rainfall below the 25th percentile). 
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Figure 4.11 – Relationships between monthly rainfall and (a) monthly transpiration (ET) and 

interception evaporation (EI), (b) monthly change in soil water storage, and (c) monthly drainage 
out of the deepest soil layer. 
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Most of the seasonality in the water balance components is driven by variations in monthly 
rainfall, as shown in Figure 4.11 (monthly scale). The effect of increased PET in the absence of 
rainfall (due to less cloudiness) is clear in Figure 4.11a, which shows the increase in ET as 
monthly rainfall is reduced. That is partially compensated by a reduction in interception 
evaporation (EI), a consequence of fewer storm events. Thus, at the annual scale, ET + EI 
remains constant, as seen in Figure 4.9a. Figure 4.11b shows an almost linear decrease of the 
change in soil water storage as rainfall decreases, becoming negative when the monthly rainfall 
drops below 100 mm/month, which is roughly equivalent to the average monthly ET + EI. As 
shown in Figure 4.11c, drainage remains fairly constant at 15 mm/month when rainfall is above 
150 mm/month (wet months), but increases and exhibits higher variability during the dry season, 
when rainfall goes below 100 mm/month. 
 
The relationship between the mid-month soil moisture averaged for the entire 12 m deep soil 
column (all three layers) and monthly drainage out of the bottom soil layer is further explored in 
Figure 4.12. Two modes of drainage behavior are clear here. First, drainage out of the bottom 
soil layer is not dependent on soil moisture during the wet season, from December to May, when 
monthly rainfall is usually above 150 mm/month (Figure 4.12a). Under that situation (wet 
seasons), most rainfall is absorbed by the soil column (as the soil water storage in the deepest 
layer is empty by the beginning of the wet season), resulting in increased water storage without 
change in drainage. Second, drainage varies non-linearly with soil moisture during the dry 
season, from June to November, when rainfall is below 100 mm/month. Now, the soil column is 
starts full and very little rainfall is added, making the drainage dependent on the amount of water 
stored in the soil column, especially in its deepest layer.  
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Figure 4.12 – Relationships between monthly average soil moisture in the entire soil column and 
monthly drainage during (a) wet period from December to May, and (b) dry period from June to 

November. 
 

4.3.3 Sensitivity of water balance components to changing rainfall patterns 
 

A sensitivity analysis was performed to assess the change in average water balance components 
resulting from variations in the parameters of stochastic rainfall model. Each parameter was 
varied individually while all the other parameters were kept fixed. The results are presented in 
Figures 4.13 and 4.14, in which the base scenario refers to the current climate. In those Figures, 
the long-term mean annual fluxes (rainfall, EI + ET, and drainage) are plotted against mean 
rainfall-related variables: mean duration of dry (days) and wet spells (days), mean intensity 
(mm/h), mean duration of storms (h), and mean time between storms (h). The variation in those 
mean values corresponds to changes in the stochastic rainfall model: dry and wet spell 
persistence (meaning the transition probabilities Pdd and Pww), and parameters of the 
exponential PDF used to model rainfall intensity, storm duration, storm interarrival time. 
 
The effect of changes in storm patterns is shown in Figure 4.13. It is apparent that rainfall 
intensity (Figure 4.13a) and duration (Figure 4.13b) promote similar effects on the water balance 
components. Since the average sum ET + EI is insensitive to the amount of rainfall, drainage 
essentially follows the rainfall trends. The average ET + EI decreases slightly only for intensities 
and durations lower than the base scenario values of 5.33 mm/h and 1.67 h, respectively. Those 
effects are more pronounced when the inter-arrival time is changed, as shown in Figure 4.13c. 
Since the mean annual rainfall is more sensitive to that parameter, a more drastic reduction in 
average drainage is observed as the time between storms increases (or frequency decreases). The 
increase of only 2 h in the average inter-arrival time is sufficient to damp the drainage to zero 
and reduce ET + EI by 20%.  
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In all three figures, ET + EI approaches rainfall asymptotically as the amount of rainfall 
decreases due to lower intensity or duration, or due to higher inter-arrival time. That highlights 
the non-linear behavior of the system, in which average ET + EI starts declining even when there 
is some water draining out from the soil, due to restrictions to plant water uptake. When average 
drainage approaches zero, all rainfall is extracted by ET + EI, which occur at a much lower rate 
compared to PET. 
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Figure 4.13 – Sensitivity of rainfall, drainage, transpiration (ET) and evaporation from 

interception (EI) to hourly rainfall patterns: (a) intensity, (b) duration, and (c) inter-arrival time 
within wet spells. Square symbol corresponds to the base scenario patterns, with parameters 

fitted to rainfall gauge and flux tower data. 
 

Similar responses are obtained when the parameters controlling duration of daily dry and wet 
spells are changed, as shown in Figure 4.14. The transition probabilities Pdd and Pww were 
varied by season and the resulting average water balance components are plotted against the 
mean duration of dry and wet spells, also computed for each season. Figures 4.12a and 4.12b 
present the effects during wet seasons. Sensitive is higher for dry spells compared wet spells: a 
drastic reduction of 50% in the base scenario average drainage accompanied the small increase in 
the dry spell duration from 1.4 days to 1.8 days. However, the average ET + EI did not decline 
substantially until the dry spell duration reached 2.6 days. Again, as drainage goes to zero, the 
average ET + EI approached rainfall in a non-linear fashion. Figures 4.14c and 4.14d present the 
effects of changing dry and wet spells durations during the dry season. The effect of dry spell 
durations are more pronounced, as both average rainfall and drainage rise significantly for mean 
dry spell duration below the current base scenario value of 5 days. Also, average rainfall and 
drainage increase almost linearly when mean wet spell durations are higher than the current 
mean value of 1.5 days. However, average ET + EI remain constant for the entire ranges of dry 
and wet spells tested in the dry season. 
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Figure 4.14 – Sensitivity of average rainfall, drainage, transpiration (ET) and evaporation from 
interception (EI) to daily rainfall patterns: (a) Pdd in wet season, (b) Pdd in dry season, (c) Pww 

in wet season, and (d) Pww in dry season. Square symbol corresponds to the base scenario 
patterns, with parameters fitted to rainfall gauge and flux tower data. 
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4.4 Discussions and conclusions 
 
The strong seasonality in monthly rainfall imposes the need to use non-homogeneous stochastic 
models for representation of rainfall amounts from hourly to annual scales. In this study, the 
rainfall features are shown to vary smoothly from month to month, such as dry and wet spell 
frequencies. Although not incorporated in the model, rainfall intensity, storm duration and 
frequency also vary with season.  
 
The seasonality of rainfall also impacts the PET patterns, which are closely associated with 
cloudiness and net radiation balance at the land surface. As shown in Appendix C, the Penman-
Monteith estimates of PET results in low absolute error but still high variance at hourly and daily 
scales. Using the 24h PET cycles conditioned to cloudiness or rainfall occurrence implies in 
additional errors, but those errors diminish at monthly and annual scales. Also, using rainfall 
occurrence leads to errors just as high as the errors obtained using reduced solar radiation as a 
surrogate indicator of cloudiness. Moreover, the PET monthly and annual patterns obtained 
exhibit a remarkable stability at annual scales and slight increases of PET during dry months, due 
to lack of cloudiness. That is accordance with previous studies which attribute those patterns to 
the effect of light limitation in the Amazon [Hasler and Avissar, 2007; Costa et al., 2010]. Thus, 
the use of PET patterns conditioned to rainfall occurrence is a reasonable approach to obtain long 
time series and to evaluate seasonal to inter-annual variations. 
 
Previous studies have reported on the ability of Amazon trees to extract water from deep soil 
layers as a strategy to avoid effects of droughts [Nepstad et al., 1994; Jipp et al., 1998; Ivanov et 
al., 2012]. This chapter shows that the soil hydraulic characteristics might also help to maintain 
high evaporation rates, considering the high infiltration rates at top layers and the large storage 
capacity combined with low hydraulic conductivity at the deep soil layers. As a consequence, 
runoff rarely occurs and the top soil layer is kept wet throughout the entire wet season. The 
infiltrated water is accumulated in the deeper layer but that layer starts draining only during the 
dry season. The capacity of the soil water storage is sufficient to sustain both drainage from deep 
soil layers and tree water demands even in the extremely dry years. Therefore, the plant 
transpiration remains high for a wide range of rainfall patterns, including the driest years.  
 
The double behavior of soil moisture-drainage relationship is another characteristic highlighted 
in this chapter. During the wet season, the soil water storage increases as a consequence of the 
surplus of rainfall over evaporative demand. However, it takes some time (about four months) 
for the water to be transferred to the bottom soil layers, and for the soil to reach the field capacity 
and start leaking from the deeper soil layer. When that occurs, drainage starts increasing, even 
though the rainfall rate is decreasing. During the dry season, evaporative demand is higher than 
the rainfall rate, and deep-soil drainage reaches its maximum. As the deeper layer starts drying, 
drainage rates decrease, and soil water storage reaches its minimum by the end of the dry season. 
When the rainfall rates rise again in the following wet season, soil water storage starts to recover 
as the top soil layers get humid, but drainage remain low until the bottom soil layer is wet again. 
Therefore, during the dry season, drainage is mostly regulated by soil water content and, during 
the wet season, is fairly insensitive to soil moisture, as the soil water storage is filling up. 
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The long lag time required for infiltrated water to drain out of the soil profile does not change 
much when rainfall patterns are varied around their climatological values. As the model used 
here does not account for biomass feedbacks to rainfall patterns, tree water uptake remains 
constant even for large increases in the rainfall amount (resulting from increasing in storm 
intensity, duration or frequency). However, some studies have reported that the Amazon biomass 
is actually increasing in time [Baker et al., 2004]. Thus, it would be expected that the average 
plant water uptake increase with average rainfall, a hypothesis that could be verified by the 
means of coupling the models used here with a dynamic vegetation model.  
 
In the other direction, the decrease in transpiration resulting from reduced rainfall might be large. 
Slightly changes in all the rainfall features investigated here (storm intensity, duration and 
frequency) from their current climatological values result in decreases in vegetation water use, 
the frequency of storms being the most significant factor. Moreover, the increases in dry spell 
duration during wet seasons (and decreases in wet spell durations during dry seasons) also result 
in notable reduction in vegetation transpiration, compared to current rainfall patterns conditions.  
That highlights the sensibility of Amazon trees to changing rainfall patterns resulting in 
droughts, which is consistent with previous field [Phillips et al., 2009; Martínez-Vilalta et al., 
2012; Saatchi et al., 2013] and modeling studies [Nobre et al., 1991, 2009; Cox et al., 2000, 
2004]. The reduction in transpiration might have important consequences to the increased risk of 
fire [Aragão et al., 2007], reduced biomass growth rate [Saatchi et al., 2013] and rates of carbon 
assimilation [Zeng et al., 2008; Phillips et al., 2009; Lewis et al., 2011]. 
 
Even more noticeable, is the reduction in deep-soil drainage as the rainfall amounts decrease. 
Since vegetation transpiration does not decrease as fast as rainfall and considering that the long-
term change in the soil water storage is nearly zero, the remaining water to produce drainage 
reduces significantly for slight changes in current rainfall patterns. That effect is already present 
in the current climate of the driest years, when drainage can be severely reduced during the driest 
years. With changing rainfall patterns, that driest-year behavior might become much more 
common, with important consequences for groundwater recharge and streamflow formation. 
That has direct impact on the magnitude of droughts, an effect that has not been investigated in 
previous studies.  
 
However, the link between  drainage out of the deepest soil layers, groundwater recharge and 
streamflow requires more detailed analysis at the watershed scale. As pointed out in previous 
studies [Elsenbeer and Vertessy, 2000; Miguez-Macho and Fan, 2012a], there a range of 
hydrologic mechanisms controlling streamflow in the Amazon basin and the behavior of a point 
with deep soil column (as simulated here) might not be representative of the entire watershed 
behavior. For example, riparian zones and flood plains adjacent to rivers have much shallower 
soil columns and, thus, there should be much less delay between infiltration and groundwater 
recharge, and streamflow response. Therefore, the importance of the soil water storage and 
delayed drainage from deep soil columns in controlling streamflow droughts should be 
investigated in future works by the means of distributed hydrologic models at the watershed 
scale, that effectively account for lateral subsurface flows and the interactions between soil and 
groundwater storages. 
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The SVI model applied in this chapter has some weakness. First, dense forest hydrology is 
known to have macro pores and preferential flow paths that substantially change soil water 
fluxes [Elsenbeer and Vertessy, 2000; Elsenbeer, 2001]. Those types of water flow are not 
represented within the SVI model. Also, the root systems are known to drive specific water flux 
patterns, such as upward night time water movements known as hydraulic redistribution 
[Nepstad et al., 1994; Oliveira et al., 2005]. Those features still imposes challenges in the 
modeling of soil water fluxes, which are not addressed here. Moreover, the spatial variability of 
hydrologic behavior and lateral water movements are important in many Amazon sites [Miguez-
Macho and Fan, 2012b], although such effects are thought to be reduced in the site studied here, 
due to the flat topography, the great depth to the water table, and the large distance from river 
banks and floodplains. Finally, the Amazon basin presents land-atmospheric feedbacks and 
significant rainfall recycling [Brubaker et al., 1993; Eltahir and Bras, 1994; Bosilovich and 
Chern, 2006]. In such processes, the increased soil moisture and evaporation might lead to 
higher rainfall rates, a feature not included in rainfall model developed here. Nonetheless, those 
features can be further investigated by means of incorporating additional features in the models 
described here, and coupling them with other large-scale existing hydrologic and climate models. 
 
4.5 Notation 

 
PET Potential evapotranspiration (mm/h) 
PETC Potential evaporation of intercepted water (using zero surface resistance) (mm/h) 
PETV Potential transpiration (mm/h) 
RNET Net radiation balance at the ground surface (W/m2) 
ρa Dry air density (kg/m3) 
Cp  Specific heat capacity (J kg-1 K-1) 
q Vapor pressure (kPa) 
qs Vapor pressure at saturation (kPa) 
ra  Aerodynamic resistance (s/m) 
rs  Surface resistance (s/m) 
γ  Psychometric constant (= 66 Pa K-1 at sea level) 
∆  Slope of the saturation vapor pressure versus temperature curve 
P Precipitation (mm/h) 
EI  Evaporation of intercepted water (mm/h) 
ET  Transpiration (mm/h) 
S  Water storage within the canopy (mm) 
C  Water storage total capacity within the canopy (mm) 
D  Dripping of intercepted water from the canopy (mm/h) 
θi  Soil moisture at soil layer i  
Wi  Root water uptake at soil layer i (mm/h) 
Fi  Drainage at the bottom of soil layer i (mm/h) 
Hi  Thickness of soil layer i (m) 
I  Infiltration at the upper soil layer (mm/h) 
R  Runoff (mm/h) 
F3  Drainage at the bottom of the soil column (mm/h) 
pt  Fraction of rainfall that falls through the canopy 
ps  Fraction of rainfall corresponding to stemflow 
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K(θi)  Unsaturated hydraulic conductivity for soil moisture θi at soil layer i (mm/h) 
Ksat Saturated hydraulic conductivity (cm/day) 
Ksatk Average saturated hydraulic conductivity for the soil layer k (mm/h) 
a Empirical parameter of the interception model (mm/h) 
b Empirical parameter of the interception model 
i Number of the wetting front 
xi Depth of the wetting front i (m) 
Vi Total water storage of the wetting front i (mm) 
qi Net infiltration into the wetting front i (mm/h) 
∆t Time step (h) 
ψ  Absolute value of the matric potential (kPa) 
α  Empirical parameter of the Van Genuchten form of the flow retention curve 
n  Empirical parameter of the Van Genuchten form of the flow retention curve 
m  Empirical parameter of the Van Genuchten form of the flow retention curve 
θr Soil moisture at residual level 
θs Soil moisture at saturation level 
θC Soil moisture threshold for full stomatal opening 
θW Soil moisture threshold for permanent wilting point 
z1 Soil layer at upper depth (m) 
z2 Soil layer at lower depth (m) 



 

   

 

121

5. Atmospheric controls of evapotranspiration 
 
 
5.1 Introduction 
 
The previous chapters demonstrated that hydrological droughts in the Amazon basin are trigged 
by large-scale climate anomalies, but are modulated by the response of hydrologic systems at the 
watershed scale. A key process connecting the land and atmospheric systems is the 
evapotranspiration (ET) from dense forests, which both depletes soil water and supplies the air 
moisture required to rainfall, generated by atmospheric convective systems. Another important 
role of ET is related to the energy exchanges between land and atmosphere, as it controls the 
latent and sensible heat fluxes between the land and the atmosphere, which directly affects 
atmospheric convective processes [Betts et al., 1996; Betts, 2009]. This chapter investigates the 
land and atmospheric factors that might increase or decrease ET in the Amazon, and the potential 
consequences to hydrological droughts. 
 
The water vapor flux from ET is an important source of atmospheric moisture that partially 
sustains rainfall in the Amazon basin. The fraction of rainfall that is fed by the ET within the 
basin has been estimated at 25% based on simplified calculations using meteorological data 
[Brubaker et al., 1993], at 25% to 35% based on reanalysis data [Eltahir and Bras, 1994; Costa 
and Foley, 1999], at 27% from climate simulations [Bosilovich and Chern, 2006], and at 50% 
based on analysis of isotopes of oxygen [Salati et al., 1979]. Therefore, a reduction in ET might 
result in proportional decrease in rainfall and enhancement of droughts [Marengo, 2006]. From a 
different perspective, the increase in ET also results in faster declines in soil moisture, leading to 
potential restrictions to root water uptake and further impacts on vegetation vitality [Nepstad et 
al., 1994; Ivanov et al., 2012; Miguez-Macho and Fan, 2012b], as also noted in the previous 
chapters. Lower soil water storage can also affect groundwater recharge and streamflow 
formation [Miguez-Macho and Fan, 2012a], and prolong hydrological droughts. Therefore, it is 
important to quantify the factors that control ET in the Amazon with an emphasis on drought 
conditions. 
 
However, both soil water availability and the net radiation balance (Rnet) at the land surface can 
influence ET rates. By definition, Rnet is given by the sum of incoming minus outgoing 
shortwave (Sin and Sout) and longwave radiation (Lin and Lout), and therefore 
Rnet = Sin – Sout + Lin – Lout. In order to close the energy balance, Rnet must equal the sum of 
latent, sensible, and soil heat fluxes. Thus, lower Rnet results in less latent heat flux and, 
therefore, less ET. In the Amazon, a significant part of the incoming solar radiation at the top of 
the atmosphere is reflected to outer space as an effect of properties of the atmospheric 
composition and clouds. That reflection of solar radiation is referred to as atmospheric albedo, 
and results in the reduction of the incoming solar radiation at the land surface (Sin), affecting 
Rnet and thus, ET. 
  
The impact of atmospheric albedo on ET has contradicting results reported in the literature. Both 
early [Shuttleworth, 1988] and recent [Malhi et al., 2002] field studies using flux tower 
measurements have confirmed that ET is higher during the dry season, in phase with the net 
surface radiation. That is consistent with the large soil water storage and deep root systems, 
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which maintains the supply of water to vegetation even during the long dry season [Jipp et al., 
1998; Markewitz et al., 2010; Ivanov et al., 2012]. Also, analytical studies that used the same 
data from those flux towers have argued that atmospheric processes (mainly cloudiness) are the 
principal factors controlling ET from the Amazon dense forests, compared to biological factors 
[Hasler and Avissar, 2007; Costa et al., 2010]. However, climate models often indicate that ET 
peaks in the wet season, coinciding with the peak in solar radiation and consistent with a reduced 
transpiration in the dry season, due to depleted soil moisture [Werth and Avissar, 2004]. Indeed, 
global climate models overestimate dry season water stress in the Amazon, as they do not 
include an adequate representation of deep soil columns and root systems [Hasler and Avissar, 
2007]. Although those limitations of climate models have been acknowledged and progressively 
addressed in model updates, there is still controversy about when and how the atmospheric 
albedo might affect ET in the Amazon. 
 
Those questions on the impact of atmospheric albedo were further explored during the extreme 
drought event of 2005 [Marengo et al., 2008; Zeng et al., 2008], when the reduced cloudiness 
might have affected ET. Using remote sensing, Saleska et al. [2007] quantified the biomass 
production during the dry season of 2005 and concluded that the drought had led to wide spread 
greening and enhanced ET, due to reduction of cloudiness. However, that has been contested by 
a more recent study, which could not identify the claimed increase in vegetation activity using 
the same satellite products [Samanta et al., 2010]. Also, those studies have exposed the severe 
limitations of satellite images in quantifying ET in the Amazon exactly because of the presence 
of cloudiness and aerosols [Samanta et al., 2012]. The problem is worsened during the wet 
season, when atmospheric convective activity and cloudiness are enhanced, restricting the use of 
remote sensing products. Thus, alternative approaches are needed to further explore the impacts 
of atmospheric albedo on ET within the Amazon basin. 
 
Also missing from both field and modeling studies is the analysis of the direct relationship 
between atmospheric albedo and rainfall conditions, already discussed in Chapter 4. For 
example, reduced frequency of rainfall events during the wet season could lead to reduced 
cloudiness and increased solar radiation reaching the ground. That would elevate the ET to even 
higher rates compared to the dry season ET, when solar radiation is lower. The potential impacts 
of such an increase in ET on hydrological droughts remain unexplored. 
 
In this chapter, the impact of atmospheric albedo on ET is quantified using data from four flux 
towers in the Amazon. First, statistical tests are employed to distinguish the response of ET to 
previous soil moisture (inferred based on the previous rainy conditions) and current cloudiness 
conditions (inferred based on current rainy conditions). That analysis allowed for the 
determination of whether and when the ET is impacted by the atmospheric albedo. Second, 
synthetic daily time series of ET are constructed by combining rainfall time series with empirical 
probability distributions of observed ET, conditioned to rainfall occurrence. Those time series 
are used to compute the sensitivity of annual and monthly ET to annual and monthly rainfall in 
order to infer the impact of reduced rainfall conditions on ET. 
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5.2 Methods 
 
5.2.1 Data Sources and consistency checks 
 
For this chapter, quality-controlled, hourly data from four flux towers located at primary forest 
sites in the Amazon were used, as illustrated in Figure 5.1 and described in Table 5.1. All the 
flux towers are located in non-flooded, upland terrain, where the dense forest trees reach up to 45 
m in height and the leaf area index varies between 5 and 6. The flux towers were installed as part 
of the Large-Scale Biosphere-Atmosphere project [de Gonçalves et al., 2013; Keller et al., 2013] 
and data are available on-line at http://lba.cptec.inpe.br/beija-flor/. More details and analysis of 
the data from those flux towers are found in the references within Table 5.1. 
 
 

 
Figure 5.1 – Location of flux towers used in this chapter. 
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Table 5.1 – Flux tower data and references. 
Flux 

Tower 
Full name Latitude 

(º) 
Longitude 

(º) 
Period of 

observation Reference 

JJAR 
Jaru biological 
reserve 

-10.08 -61.93 3/1999 to 11/2002 
[Kruijt et al., 2004; 
Von Randow et al., 
2004] 

SK67 

Santarem at 
Tapajos 
national forest 
at Km67 

-2.86 -54.96 1/2002 to 1/2006 

[Saleska et al., 
2003; Rice et al., 
2004; Hutyra et 
al., 2007] 

MK34 

Manaus at 
Cuieiras 
biological 
reserve Km34 

-2.61 -60.21 6/1999 to 9/2002 
[Araújo et al., 
2002; Malhi et al., 
2002] 

CAIX 
Caxiuana 
National Forest 

-1.72 -51.46 1/1999 to 7/2003 
[Andreae et al., 
2002] 

 
The data from those flux towers used in this chapter were the incoming and outgoing short-wave 
radiation fluxes (Sin and Sout, in W/m2), the incoming and outgoing long-wave radiation fluxes 
(Lin and Lout, in W/m2), the latent and sensible heat fluxes (E and H, in W/m2), the water vapor 
concentration (q, in kg/m3), the air temperature (Ta, in oC), and wind speed (u, in m/s). All those 
quantities were measured at heights from 50 m to 60 m, above the top of the canopy of the trees. 
The reported latent and heat fluxes were computed using the eddy covariance technique, based 
on observations of the turbulent fluxes of water vapor, heat and momentum at the top of the 
canopies [Baldocchi et al., 2001]. 
 
Flux tower data are known to present problems of energy balance closure [Juárez et al., 2007; 
Wohlfahrt et al., 2009]. Apparently, the cause is related to underestimations of latent and 
sensible heat fluxes, due to limitations of the eddy covariance method. Many different 
approaches have been used to deal with that problem. Those approaches include (i) the inclusion 
of energy storage terms in the energy equation; (ii) the systematic increase in both latent and 
sensible heat flux observations in equal amounts to match the net radiation flux; (iii) increasing 
the heat fluxes while preserving the Bowen ratio; and (iv) the simple filtering out of observations 
associated with large energy imbalances beyond some pre-specified threshold [Juárez et al., 
2007; Ivanov et al., 2012]. 
 
Here, the flux tower data were subjected to consistency checks and procedures that filtered out 
the possibly wrong observations, associated to large daily energy imbalances. First, all data 
associated with less than eight hours of observations during a given daytime period (of 12 hours) 
were rejected. Then, a verification of the daily energy balance closure was conducted using 
Equation 5.1. In that equation, ε is the error in the daily energy balance closure (in %), Sin and 
Sout are the daily incoming and outgoing short-wave radiation (W/m2), Lin and Lout are the daily 
incoming and outgoing long-wave radiation (W/m2), G is the soil heat flux (W/m2), and E and H 
are the latent and sensible heat fluxes, respectively. The soil heat flux G was assumed to be 1% 
of Rnet, a value that was observed at the flux tower MK34 (the only tower with soil heat flux 
measurements).  
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(5.1) 
 

The averages of all daily errors ε over the period of observations were 31%, 29%, 20% and 17% 
at JJAR, SK67, MK34 and CAIX, respectively. After discarding all data associated with daily 
energy imbalances above 20% of Rnet, those average errors became 11%, 15%, 11% and 10% at 
JJAR, SK67, MK34 and CAIX, respectively. 
 
In addition to flux tower data, daily rainfall observations from four conventional gauges listed in 
Table 5.2 were used to generate synthetic times series of ET and infer on the impact of rainfall 
variability on ET, as it will described in the methods section. Those gauges were selected based 
on their correlation with flux tower data: the rainfall data observed at those gauges present the 
best correlations with the rainfall observed at the flux towers, among all existing gauges within 
150 km from each flux tower. The correlation coefficients of monthly rainfall (between flux 
tower and rainfall gauge data) are 0.87, 0.63, and 0.75, for JJAR, SK67 and MK34, respectively. 
The correlations at CAIX cannot be computed, since there are only four months of observed 
rainfall data at that flux tower. The root mean squared errors are 120 mm/month, 92 mm/month, 
92 mm/month, 34 mm/month, for JJAR, SK67, MK34 and CAIX, respectively. As described in 
Table 5.2, the gauges cover at least 27.8 years of complete data, and have at most 12% of 
missing data. The rainfall gauges are maintained by the Brazilian National Water Agency [ANA, 
2009], and are routinely checked for consistency; all data are available on line at 
www.hidroweb.ana.gov.br. 
 
Table 5.2 – Rainfall gauges used to construct synthetic time series of evapotranspiration (ET) at 
each flux tower site, including the fraction of gaps in the daily time series (in %), the number of 

years with complete data, and distance from the respective flux tower. 

Flux 
Tower 

Rainfall 
gauge 

Latitude 
(º) 

Longitude  
(º) Period Gaps Years Distance 

(km) 

JJAR 1062001 -10.45 -62.47 1977 to 2012 6% 33.5 68 

SK67 354000 -3.89 -54.32 1978 to 2012 7% 31.2 136 

MK34 259000 -2.11 -59.34 1974 to 2013 12% 27.8 114 

CAIX 250001 -1.99 -50.37 1982 to 2013 2% 30.4 126 

 
5.2.2 Testing the effects of water and solar radiation limitation 
 
The sensitivity of the observed ET to previous and current soil moisture and solar radiation 
conditions was evaluated by testing the statistical significance of differences of sub-samples of 
daily ET, as described in Table 5.3. Each sub-sample was first tested for normality using the 
Lilliefors test, which is appropriate for small samples with unknown frequency distribution 
[Lilliefors, 1967]. Then, the significance of differences was tested using the two-sided t-test, 
when the subsamples were normally distributed, and the Wilcoxcon-Mann-Whitney rank sum 
non-parametric test, when they were not [Wilks, 2006]. 
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A day was considered wet when its total rainfall P was greater than or equal to 4 mm, and dry 
otherwise. That threshold of 4 mm/day is sufficient to fully supply the potential evaporation 
(PET), whose maximum value is reported to be in the range of 3.6 mm/day to 3.8 mm/day at 
MK34, which is similar to the other sites [Shuttleworth et al., 1984; Shuttleworth, 1988]. Also, a 
day was considered cloudy when the average incoming short-wave solar radiation was below 
95% of its maximum observed value in each month (Sin,,max), and clear-sky otherwise. Adopting 
these definitions, eight subsamples of daily ET were formed in order to enable the four 
hypothesis tests described in Table 5.3: 
 

(i) First hypothesis, that the daily ET in a wet day is equal to daily ET in a dry day; 
(ii)  Second hypothesis, that the daily ET in a clear sky day is equal to the daily ET in a 

cloudy sky day; 
(iii)  Third hypothesis, that the daily ET following a wet day is larger than the daily ET 

following a dry day, both when current day is dry (i.e. absence of restrictions to ET 
due to cloudiness); 

(iv) Fourth hypothesis, that the daily ET in a dry day is larger than the daily ET in a wet 
day, both following a wet day (e.g. absence of soil water availability restriction to 
ET). 

 
Table 5.3 – Hypothesis tests and corresponding conditions used to form the subsamples of daily 

evapotranspiration (ET). 
Hypothesis  

tests 
Subsamples Condition in the 

previous day 
Condition in the 

current day 
i) ET in a wet day is equal to 
ET in a dry day 

Wet  - P >= 4 mm 
Dry  - P < 4 mm 

ii) ET in a clear sky day is 
equal to ET in a cloudy day 

Cloudy  - Sin/Sin,max < 95% 
Clear sky  - Sin/Sin,max >= 95% 

iii) ET is larger when the 
previous day is wet 

Previously wet  P >= 4 mm P < 4 mm 
Previously dry  P < 4 mm P < 4 mm 

iv) ET is larger when the 
current day is dry 

Currently wet  P >= 4 mm P >= 4 mm 
Currently dry  P >= 4 mm P < 4 mm 

 
5.2.3 Relating ET to rainfall conditions 
 
The daily rainfall time series observed at the conventional gauges, which are well correlated with 
each flux tower, were used to generate synthetic time series of daily ET. First, empirical 
probability distributions of daily ET conditioned on rainy (P >= 4 mm) and non-rainy (P < 4mm) 
conditions were obtained directly from the latent heat flux data measured at each flux tower. 
Then, a synthetic daily time series of ET was obtained by sampling daily estimates of ET from 
those empirical distributions according to the rainfall condition as indicated by the rainfall daily 
time series from the rainfall gauge. That procedure was repeated 500 times in order to generate a 
large number of daily ET time series and evaluate the resulting uncertainty in seasonal and 
annual total ET. Finally, annual and seasonal ET totals (from months December to February, 
from March to April, from June to August, and from September to November) were computed 
from the synthetic daily ET time series. 
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The obtained daily time series of ET enabled the analysis of the relationships between rainfall 
and ET patterns. That relationship was quantified by computing the sensitivity λ of the total ET 
at annual and seasonal scales to the number of dry days within a year or a season, as stated in 
Equation 5.2, where (d|P < 4 mm) is the number of days with daily rainfall below 4 mm. The 
sensitivity λ was computed for each one of the 500 daily ET time series, allowing for the 
analysis of its statistics. 
 

� =
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(5.2) 

5.3 Results 
 
5.3.1 Limitation in soil water versus solar radiation 
 
The results of the first and second hypothesis tests previously described in Table 5.3 are 
presented in Table 5.4, while the results of the third and fourth hypothesis tests are presented in 
Table 5.5. When the subsamples are considered normally distributed, as indicated by the 
Lilliefors test, the results are from the two-sided t-test; otherwise, the results are from the 
Wilcoxcon-Mann-Whitney test. When the size of the sub-sample was too small (less than 20 
values), there was no sufficient data to perform the hypothesis tests and no results were reported, 
which is indicated with nsd in Tables 5.4 and 5.5. 
 
The results in Table 5.4 refer to the comparisons of daily ET under wet (P >= 4 mm/day) and dry 
(P < 4 mm/day) conditions, and under clear sky (Sin/Sin,max >= 95%) and cloudy (Sin/Sin,max < 
95%) conditions. For the flux towers JJAR and SK67, the tests could not attest differences 
between ET under wet and dry conditions, while MK34 and CAIX had significant differences 
considering the entire year or only the dry season (as at CAIX) or the wet season (as at MK34). 
For the second hypothesis test, there were less than 20 days considered as under clear sky 
conditions at SK67 and CAIX, preventing the hypothesis test. Where the sample size was 
sufficient to perform the tests (at JJAR and at MK34), a significant difference between clear sky 
and cloudy conditions was detected.  
 
Table 5.4 – Results of hypothesis tests of daily evapotranspiration (ET) under wet/dry and clear 
sky/cloudy conditions, in which 0 corresponds to acceptance, 1 corresponds to rejection, and nsd 
indicates that the subsample has less than 20 values and thus has no sufficient data to perform the 

hypothesis test. 

Flux 
tower 

ET in a wet day is equal to 
 ET in a dry day 

ET in a clear sky day is equal to 
 ET in a cloudy day 

Annual Dry season Wet season Annual Dry season Wet season 

JJAR 0 0 0 1 1 nsd  

SK67 0 0 0 nsd nsd  nsd  

MK34 1 0 1 1 nsd  nsd  

CAIX 1 1 0 nsd nsd  nsd  
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The results in Table 5.5 refer to the third and fourth hypothesis tests. First, it was tested whether 
a dry-day daily ET is larger when the previous day is wet, compared to a previously dry 
condition (first three columns in Table 5.5). In that case, no statistically significant difference 
was found in any flux tower, expect for MK34 and CAIX during the wet season. Second, it was 
tested whether daily ET is larger when the current day is dry (and supposedly less cloudy), 
compared to when the current day is wet (and supposedly more cloudy), both following a wet 
day. Here, significant differences were found for SK67 and CAIX, and also for MK34 during the 
dry season. 
 
Table 5.4 – Results of hypothesis tests of daily evapotranspiration (ET) under previously wet/dry 

and currently wet/dry conditions, in which 1 corresponds to acceptance, 0 corresponds to 
rejection, and nsd indicates that there is not sufficient data to perform the hypothesis test. 

Flux 
tower 

ET is larger when the 
 previous day is wet 

ET is larger when  
the current day is dry 

Annual Dry season Wet season Annual Dry season Wet season 

JJAR 0 nsd 0 0 nsd  nsd 
SK67 0 0 0 1 nsd  0 

MK34 0 0 1 0 1 0 

CAIX 0 0 1 1 nsd 0 
 
The differences described above are further illustrated in Figure 5.2, which refers to the average 
hourly ET for each hour of the day, and conditioned to different wetness conditions, for the flux 
tower MK34 (where the differences were more evident). First, Figure 5.2a presents the averaged 
ET hourly pattern for a dry day following previously wet and dry days, indicating the effect of 
previous soil moisture conditions. In that Figure, ET is even slightly lower when the previous 
day is wet. Then, Figure 5.2b presents the same ET hourly pattern but for a wet day and a dry 
day, both following a wet day, indicating the effect of current cloudiness conditions. As can be 
seen for that Figure, the effect of cloudiness is much more pronounced than the effect of 
previous wetness, which was also evident from the statistical tests. 
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Figure 5.2 –Average hourly evapotranspiration (ET) for each hour of the day at MK34 and 
conditioned to (a) previously wet and dry, and (b) currently wet and dry conditions. 
 

5.3.2 Sensitivity of ET to rainfall patterns 
 
The sensitivities (λ) of seasonal and annual ET totals to the number of dry days within a year and 
within seasons, computed from the synthetic daily ET time series and Equation 5.3, are presented 
in Table 5.5. At the annual scale, the sensitivity varied from 0.43 mm per dry day at CAIX to 
0.63 mm per dry day at MK34. For all four flux towers, the larger sensitivity was found during 
the wet season DJF (December, January, February) and the lower sensitivity was found during 
the dry season JJA (June, July, August), with the extreme low value of 0.06 at CAIX for MAM 
(March, April, May).  
 
Table 5.5 – Sensitivity (λ) of seasonal and annual evapotranspiration (ET) to number of dry days 

(mm/day). 
Flux 

Tower 
December to 

February 
March to 

May 
June to 
August 

September to 
November Annual 

JJAR 0.91 0.38 0.19 0.57 0.61 

SK67 0.63 0.54 0.49 0.57 0.54 

MK34 0.82 0.61 0.45 0.78 0.63 

CAIX 0.94 0.06 0.42 0.47 0.43 
 
The effect of increasing the number of dry days on annual ET is further illustrated in Figure 5.3, 
which presents the annual ET estimates (from the synthetic time series) as a function of the 
number of dry days in each year.  A linear fit to those synthetic-generated data and 
corresponding 95% confidence intervals are also shown. In that figure, when the total number of 
dry days is above its climatological mean, then the annual ET is also above its long term average. 
In that case, droughts are enhanced, since more water is extracted by root water uptake, as long 
as the soil water content is sufficiently high to maintain plant transpiration. When the total 
number of dry days is below its climatological mean, then the annual ET decreases. Now, 
droughts are attenuated, since less water is extracted by root water uptake and more water 
remains in the soil or is released to groundwater and river systems. 
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Figure 5.3 – Annual estimates of evapotranspiration (ET) as a function of the number of dry days 

in each year, linear fit and 95% confidence intervals. 
 
5.4 Discussion and conclusion 
 
The results are consistent with previously reported findings that transpiration from Amazon 
vegetation generally is more limited by solar radiation than soil water, even during the dry 
seasons. Those previous studies were based on short-term flux tower observations and on 
modeling of the soil-vegetation-atmosphere system [Hasler and Avissar, 2007; Hutyra et al., 
2007; Juárez et al., 2007; Costa et al., 2010]. In this study, statistical tests were used to conclude 
that ET in not larger when the antecedent day condition is wetter, regardless of the season and 
the site. The absence of water limitation implies that, at least at the daily scale, the measured 
latent heat fluxes are equivalent to the potential evapotranspiration rate.  
 
The light limitations on ET are much more important than the water limitation. The daily ET in 
dry days overcomes daily ET in wet days by 16% to 43%. Those differences are statistically 
significant even during the dry seasons, when cloudiness is less frequent. Moreover, daily 
variations in ET due to lower incoming radiation are even larger than seasonal variations at all 
flux towers. Therefore, atmospheric albedo (the reflection of incoming solar radiation at the top 
of the atmosphere resultant from atmospheric composition and clouds) is the most important 
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factor controlling ET variability in the Amazon. The understanding of its dynamics is crucial for 
the assessment of ET patterns.  
 
The total ET amounts for each season or hydrologic year are directly related to rainfall patterns 
that define the cloudiness conditions. That dependency is clearly observed in the wet seasons at 
all sites by the analysis of the sensitivity of ET to the number of dry days. Thus, the suppression 
of atmospheric convective processes, as occurs in El Nino years or anomalously early 
displacement of the Intertropical Convergence Zone, not only result in less rainfall events, but 
also in larger total ET, since non-rainy days are associated with lower albedo and higher ET. 
 
5.5 Notation 
 
E Latent heat flux (W/m2) 
H Sensible heat flux (W/m2) 
Lin Incoming longwave radiation (W/m2) 
Lout Outgoing longwave radiation (W/m2) 
Rnet Net radiation balance (W/m2) 
Sin Incoming shortwave radiation (W/m2) 
Sout Outgoing shortwave radiation (W/m2) 
P Daily rainfall (mm) 
ET Daily evapotranspiration (mm) 
ε Error in the daily energy balance closure (%) 
λ  Sensitivity of the total ET to the number of dry days (mm/day) 
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6. Conclusion 
 
 
This research has developed and applied new methods for the analysis of hydrological droughts 
within the Amazon basin. The methods focused on overcoming some of the challenges related to 
the data scarcity and the complexity of hydrologic processes that are specific to tropical, dense-
forested environments. This chapter presents a summary of the major findings of the research 
(Section 6.1), a discussion of the applicability and limitations of the methods used and the results 
(Section 6.2), and presents future research needs (Section 6.3). 
 
6.1. Summary of findings 
 
Four aspects of hydrological droughts in the Amazon basin constituted the focus of this research. 
First, the spatial and temporal patterns of seasonal droughts and wet spells were identified 
through an extensive analysis of the data available in the region. Second, a systematic analysis of 
water balances was conducted to investigate the propagation of rainfall deficits through the 
system of soil water, groundwater and surface water, at the watershed scale.  Four representative 
watersheds along four major rivers were selected in that analysis. Third, a stochastic modeling 
framework was employed to simulate the functioning of the soil-vegetation system at the point 
scale. That analysis allowed for the determination of the statistical characteristics of the 
partitioning of rainfall water into interception, evaporation, deep percolation, and soil water 
storage, and their individual sensitivity to changing rainfall patterns. Finally, statistical tests and 
stochastic simulation techniques were applied to assess the sensitivity of evaporation to changes 
in solar radiation, as quantified by cloudiness and rainfall occurrence. 
  
Limited data availability has been an obstacle to the comprehensive analysis of hydrologic 
drought patterns in the Amazon. That problem of identification of space-time patterns of 
seasonal hydrologic droughts was tackled in Chapter 2 by taking a principal component analysis 
approach. That approach incorporated the uncertainties from gaps in the streamflow data in the 
period after 1975, and handled the scarcity of gauge data in the period before 1975. First, the use 
of a normalized seasonal drought index allowed for the identification of different patterns of 
hydrological droughts at southern and northern rivers within the Amazon basin and of specific, 
observed drought events. Those different patterns and the high correlation between dry and wet 
season normalized indices suggest a propagation of climatic signals across seasons and though 
the hydrologic systems and the extensive river network.  
 
Moreover, the derived principal components allowed for the identification of two major modes 
of spatial-temporal variability, consistent in both periods of analysis. The first mode is 
characterized by strong seasonal droughts at the southern sub-basins, while the second mode 
refers to more intense seasonal droughts at the northern sub-basins. The first mode is well 
correlated with both the Nino 3.4 climatic index (whose positive anomalies indicate El Nino 
events) and the anomalous sea surface temperature (SST) difference across the Equator (which 
positive anomalies indicate northward displacement of the Intertropical Convergence Zone). The 
second mode is more correlated with Nino 3.4 and weakly correlated with the Atlantic cross-
Equator SST difference. In addition, a statistically significant trend in the first mode was found, 
suggesting an increase in the magnitude of season droughts in southern basins. Those findings 
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are in agreement with previous studies that investigated the relationships between El Nino events 
and low streamflow at the northern Amazon sub-basins. Also, the results agree with previous 
research that suggested the warming of northern Atlantic SST as a cause of recent droughts in the 
Amazon. 
 
The hydrologic functioning of Amazon watersheds during seasonal droughts was further 
explored in Chapter 3. The major problem approached in this chapter was the derivation of daily 
hydrologic storages and fluxes associated with the subsurface and groundwater compartments, 
using only conventional streamflow and rainfall data, and estimates of evaporation (validated 
against flux tower observations). An analytical framework was developed to derive expressions 
to quantify the temporal evolution subsurface and groundwater storage and fluxes, after a few 
assumptions on the behavior of the hydrologic systems, supported by the observations. The 
application of such a framework allowed for the analysis of the propagation of the rainfall deficit 
through the soil and groundwater storages. That “vertical” propagation is characterized by a 
quick recession but delayed recovery of groundwater storage, allied with a much larger change in 
the soil water storage. That hydrologic response resulted in the attenuation of the drought 
magnitude, but an enhancement of the drought duration in terms of streamflow, subsurface and 
base flow, compared to rainfall deficits. Those findings extend the results from previous studies 
focused on temperate climates [Van Lanen et al., 2013; Van Loon et al., 2014] to tropical-
environment watersheds.  
 
Moreover, in two watersheds, there was a significant modulation of the annual water balance and 
streamflow promoted by the large capacity of soil water storage. Through that modulation, soil 
water storage increases in wet years and decreases in dry years. Consequently, droughts are 
attenuated during dry years since more streamflow is formed from water released from soil water 
storage. That is in agreement with previous studies that noted the large storage capacity enabled 
by deep soil columns in the Amazon. Moreover, this result is in sharp contrast to other 
hydrologic systems with lower inter-annual carry-over of watershed water storage. Finally, the 
analysis identified coherent patterns of drought propagating from upstream to downstream 
reaches. This “horizontal” propagation of droughts along the major rivers within the Amazon 
basin was also noted in previous studies focused on specific drought events. Drought propagation 
in the northern sub-basins decreased in magnitude downstream while southern sub-basins had 
increasing drought magnitude downstream.  This observation might be related to the seasonality 
of rainfall and streamflow, which are different for northern and southern sub-basins and even 
within the same sub-basin, varying from upstream to downstream. 
 
The analysis from Chapter 3 indicated that the soil water storage exerts important controls on 
streamflow formation, inter-annual water carry over and maintenance of evaporation rates 
through the long dry season.  That motivated a more in-depth analysis of the response of water 
balance components of typical soil-vegetation systems in the Amazon, which was the focus of 
Chapter 4. The problem tackled in that chapter was the determination of the partitioning of 
rainfall into evaporation of water intercepted by the tree canopy, plant transpiration, deep 
percolation at the bottom of a deep soil column (reaching up to 12 m deep) and changes in soil 
water storage. Since those processes occur at the hourly scale and due to the limited long-term 
data availability, a stochastic modeling framework was developed in order to derive the 
statistical response of each water balance component to synthetically generated rainfall time 
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series.  A stochastic rainfall model was developed to generate synthetic time series that 
reproduce the major statistical characteristics of Amazon rainfall. In addition, 24h-cycle patterns 
of potential evaporation (PET), conditioned to rainfall conditions, were derived from the existing 
flux tower data. The synthetically-generated time series of rainfall and PET were used as input to 
an integrated model of the soil-vegetation system, including representations of interception, soil 
water fluxes (using an adaptation of a previously developed multiple wetting front model 
[Struthers et al., 2006]), and root water uptake. 
 
At the annual scale, the results indicated no identifiable variability in evaporation and 
transpiration, while substantial decrease in both soil water storage and deep percolation was 
found during dry years. The opposite was found during wet years, with large increase in soil 
water storage and deep percolation. That annual change in point-scale soil water storage during 
dry years is consistent with the watershed-scale soil water interannual carry over, previously 
identified in Chapter 3. At the monthly scale, an increase in transpiration and decrease in 
evaporation of intercepted water was detected when the monthly rainfall dropped below 
100 mm/month. Those low rainfall months were also associated with soil water depletion and 
high variability in deep percolation. Additionally, the patterns of monthly change in soil water 
storage and rainfall were similar to each other, only displaced by an amount equivalent to 
evaporation plus interception. The monthly deep percolation did not vary much throughout the 
year. Also, a double relationship between the vertically-averaged soil moisture and the deep 
percolation was identified: during the dry season, the deep percolation varies non-linearly with 
the amount of water stored in the soil column, while during the wet season the deep percolation 
is maintained at low values, apparently not being controlled by the soil moisture.  
 
Finally, a sensitivity analysis was conducted to evaluate how the long-term average of water 
balance components change with rainfall patterns, such as storm duration and frequency. That 
analysis suggested that the deep percolation is more sensitive to the time between storm events 
(with longer times leading to less deep percolation), than to storm duration and intensity. Also, 
deep percolation was more sensitive to the duration of daily dry spells than to the duration of wet 
spells. Evapotranspiration experienced some reduction as the total rainfall intensity or frequency 
decreased. However, the decrease in deep percolation due to reduction in rainfall was always 
more pronounced. Those findings are in agreement with previous observational and modeling 
studies that suggested little reduction in evapotranspiration rates from Amazon vegetation even 
during long dry season. The present analysis extends those previous results as it suggests that 
deep percolation can be drastically affected by reduced rainfall, even though evapotranspiration 
rates are kept high. That suggests that the major impact of the reduction of rainfall is on the 
decline of soil water storage and deep percolation, which might directly affect streamflow. 
 
Chapter 4 detected the low inter-annual variability in evaporation rates, which remain 
remarkably stable even when the soil-vegetation system is subjected to reduced rainfall 
conditions. That motivated a search for atmospheric controls on evaporation that might adversely 
enhance drought conditions, by the means of increasing root water extraction. That was the focus 
of Chapter 5. Statistical tests were applied on the existing short-term (less than four years) flux 
tower observations to evaluate whether previous wet conditions had enhanced the observed 
evaporation, or whether the reduced solar radiation had limited the observed evaporation. Then, 
empirical probability distribution functions of daily evaporation were obtained from the flux 
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tower data. Those functions were then used to construct long-term daily time series of 
evaporation, conditioned on rainfall occurrence, as observed at gauges located less than 150 km 
from the flux towers. The statistical tests indicated no or very little influence of previous wet 
conditions on the observed total evaporation (including evaporation from intercepted water and 
transpiration). That is agreement with the results from the previous Chapter 4 and also the 
previous studies already mentioned [Nepstad et al., 1994; Bruno et al., 2006; Hasler and 
Avissar, 2007; Hutyra et al., 2007; Juárez et al., 2007; Ivanov et al., 2012]. However, the 
statistical tests suggested a significant impact of reduced solar radiation, especially during the 
wet seasons. In addition, a low but significant variability in the annual evaporation total was 
found, based on the rainfall-conditioned synthetically generated time series. That finding extends 
the previous results on the role of cloudiness in controlling evaporation in the Amazon by 
pointing out the coupling between rainfall and evaporation patterns. That coupling can 
potentially affect seasonal droughts: low rainfall conditions are also accompanied by higher 
evaporation, with direct effects on the water balances within the soil column. 
 
6.2. Applicability and limitations 

 
The methods and results from this research have the potential to be applied in other tropical 
hydrologic systems. Most of these environments have limited coverage of conventional 
hydrologic monitoring networks and thus could be further explored using the techniques 
developed here to identify spatial-temporal patterns of droughts and simulate the functioning of 
the soil-vegetation systems. Moreover, the hydrologic analysis framework using existing rainfall 
and streamflow data can be applied not only to better understand the tropical system at hand but 
also to help design the expansion of existing monitoring systems, focused on the relevant 
hydrologic quantities revealed by the analysis. Moreover, the analytical framework for analysis 
of droughts at the watershed scale and the stochastic modeling framework for simulation of soil-
vegetation systems at the point scale can also be adapted for drought risk analysis, or integrated 
drought forecast systems, providing important basic information to support management actions. 
 
However, there are some limitations of the methods and results described here. First, the 
identification of spatial-temporal patterns of droughts requires a minimum amount of hydrologic 
data covering a representative area through the period of analysis. Although the gaps in the data 
and absence of gauges at some sub-basins can be handled by the procedures described in 
Chapter 2, a number of streamflow gauges whose data correlate with each other are needed.  
Without multiple records, the uncertainty in the derived principal components might be too large 
and preclude them from being statistically significant.  
 
Second, the framework for the analysis of the propagation of hydrological droughts adopts some 
assumptions that need to be verified by further data analysis and field experiments. For example, 
it was necessary to arbitrarily establish that the water transfer from subsurface to groundwater 
storage is constant and occurs only during wet periods, an assumption that needs further 
confirmation from field data. Also, dry season streamflow recession was modeled using a linear 
reservoir approach, which might not be suitable to watersheds with different characteristics. 
Indeed, the hydrology of the northern watershed (C.Caju) analyzed in Chapter 3 could not be 
well represented with the analytical procedures employed.  
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Third, some models used in Chapter 4 could not represent all features of reality. More 
specifically, the rainfall stochastic model could reproduce the extreme drought events observed 
in the Amazon, but not with the same frequency observed in the records, as the synthetic time 
series could not mimic the interannual variability of annual rainfall. That would limit the use of 
the model, for example, to risk analysis, although the adjustment of the model parameters could 
allow for the specific analysis of extreme dry or wet years. Moreover, the soil-vegetation model 
could not reproduce with fidelity the observed soil moisture at deep soil layers, although the 
computed error was not large. That points to the need for more detailed data on soil composition 
and hydraulic parameters at great depths, and possibly to the need to further improve the soil flux 
models.  
 
Fourth, Chapter 5 assumed a direct relationship between rainy conditions and cloudiness, as 
indicated by the reduction of solar radiation, in the construction of synthetic time series of 
evapotranspiration.  However, rainy conditions are not always associated with cloudiness (or 
reduction in solar radiation), as rainfall events can last only a few hours and not cause relevant 
reduction in daily average solar radiation. Similarly, non-rainy conditions are also associated 
with low solar radiation, as cloudiness might occur with no rainfall. Where convective rainfall is 
the dominant form of rainfall events, as occurs in the Amazon, those relationships between 
rainfall and cloudiness are even more complex. Thus, improvements can be developed in order to 
unveil the more complex relationship between atmospheric albedo, rainfall and evaporation in 
the Amazon. 
 
6.3. Future research 
 
The research presented here can be improved in several aspects, in order to tackle further related 
research questions. First, the challenges of identification of spatial-temporal patterns of droughts 
in regions with limited data availability raises the need to develop methods to measure the 
uncertainty in the identified patterns. Such methods should be able to evaluate the gain in terms 
of accuracy of drought space-time patterns when the data are more consistent. For example, other 
gap-filling techniques of streamflow records could be employed and their gain (in terms of 
reduced uncertainty) could be compared with the technique used here.  
 
The analysis of propagation of rainfall deficits conducted in Chapter 3 highlighted the potential 
importance of “horizontal” propagation of droughts through Amazon rivers, from upstream 
reaches to downstream reaches. Modeling that type of propagation would require advanced 
representation of hydrologic features such as the hydrodynamic and backwater effects, and the 
soil-groundwater-river-floodplain water exchanges. Moreover, a more detailed analysis of the 
mechanisms of “vertical” propagation of droughts requires an adequate distributed model to 
identify subsurface and groundwater flow components. Although there have been many 
modeling initiatives in the Amazon [Collischonn et al., 2008; Miguez-Macho and Fan, 2012; 
Paiva et al., 2013], the current models could be improved in order to better represent the water 
fluxes within the soil columns, making use of the sub-models applied in Chapter 4. Those 
improvements are required to better represent and analyze droughts in basins with deep soil 
columns.  
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The analysis of the effects of rainfall reduction on the soil-vegetation systems could be extended 
to the watershed scale. In that direction, a distributed hydrologic model could be adapted to run 
stochastic simulations, in order to evaluate the statistical characteristics of the responses of water 
balance components (as done in Chapter 4) and to evaluate the uncertainties in hydrological 
parameters. That analysis at the watershed scale would require a rainfall stochastic model that 
represents the spatial statistics of rainfall variability within the Amazon basin. Also, the SVI 
model used in Chapter 4 could be applied to evaluate the uncertainties in the soil parameters, to 
indicate where hydrologic monitoring needs to be improved, and to identify different hydrologic 
mechanisms present at different points in a watershed (such as at the hillslope, at the floodplains, 
and the upland). Moreover, improvements in the SVI model could include the representation of 
lateral and hill-slope water flow, different vegetation covers, extension of the modeled soil 
column depth up to the water table level, and water exchanges with river, floodplains and surface 
water bodies. All those modeling efforts should be preceded by adequate field campaigns, new 
data colleting and analysis. As illustrated in Chapter 3, simple models could be developed solely 
based on data observations, in order to get insight on the major hydrologic processes. 
 
Finally, the two-way feedback mechanisms between the land and the atmosphere could be 
further explored by coupling the SVI model with an atmospheric boundary layer model. That 
would particularly useful to investigate the effects of reduced evaporation due to soil moisture 
restrictions on the supply of water vapor into the atmosphere and the consequences to rainfall 
reduction. Additionally, that model coupling would enable the evaluation of a cascade of effects 
of reduced cloudiness at the land surface resulting in an increase in evaporation, such as 
increased air temperature due to higher net surface radiation and increased water vapor deficit. 
The net effects of such processes on drought magnitude and duration could be further assessed 
by the analysis of its propagation through the hydrologic system. 
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Appendix A - Streamflow data used in Chapter 2 
 
 

This Appendix A presents a set of tables describing data used in Chapter 2. The sets of 58 and 14 
streamflow gauges used in the identification of spatial-temporal patterns are presented in Tables 
A.1 and A.2, respectively. The parameters and the R2 statistic associated with all linear 
regression equations used to fill up the gaps in time series of drought magnitudes and wet spell 
magnitudes are described in Tables A.3 and A.5, respectively. The residual errors used to 
estimate the missing data in those time series, when there was no well correlated gauge available, 
are presented in Tables A.4 and A.6, for drought magnitudes and wet spell magnitudes, 
respectively. The Spearman correlation coefficients between Nino 3.4 and dry and wet season 
indices, for the same year and the following year, are presented in Table A.7. Similar 
correlations between AGI and dry and wet season indices are presented in Table A.8. Finally, the 
Spearman correlation coefficients between dry season indices ID and antecedent and subsequent 
wet season indices IW are described in Table A.9. 
 

Table A.1 – Set of 58 streamflow gauges selected for analysis in the period from 1975 to 2013 
(Lat stands for latitude and Lon stands for longitude, both in degrees). 

Code Basin River 
Lat 
(º) 

Lon 
(º) 

Area* 
(km²) Begin End Years Gaps 

11400000 Amazon Amazon -3.44 -68.76 1010000 1973 2013 35 3% 
11500000 Amazon Amazon -3.11 -67.93 1130000 1973 2013 32 5% 
13150000 Amazon Amazon -4.06 -63.03 1780000 1971 2012 34 4% 
14100000 Amazon Amazon -3.31 -60.61 2200000 1972 2013 36 0% 
15030000 Amazon Amazon -3.06 -59.65 2930000 1977 2013 32 4% 
17050001 Amazon Amazon -1.92 -55.51 4670000 1968 2013 36 3% 
17090000 Curuá Curua -1.50 -54.87 19800 1973 2013 32 4% 
19150000 Jari Jari -0.57 -52.57 51500 1968 2013 36 3% 
12360000 Juruá Jurua -9.41 -72.72 7690 1982 2012 20 9% 
12370000 Juruá Jurua -8.93 -72.79 16100 1981 2012 26 6% 
12520000 Juruá Jurua -7.06 -71.69 56100 1981 2012 24 7% 
12550000 Juruá Jurua -6.68 -69.88 77300 1979 2012 21 8% 
12700000 Juruá Jurua -6.44 -68.25 144000 1981 2012 23 8% 
12840000 Juruá Jurua -4.84 -66.85 164000 1972 2013 30 7% 
15750000 Madeira Aripuana -10.17 -59.47 15200 1979 2007 20 13% 
15800000 Madeira Aripuana -7.71 -60.59 70100 1977 2013 32 6% 
15120001 Madeira Guapore -15.01 -59.96 22500 1976 2007 25 7% 
15130000 Madeira Guapore -13.49 -61.05 54400 1983 2006 18 5% 
15150000 Madeira Guapore -12.85 -62.90 110000 1981 2006 22 5% 
15320002 Madeira Madeira -9.70 -65.36 921000 1976 2004 24 11% 
15400000 Madeira Madeira -8.75 -63.92 976000 1967 2013 38 1% 
15630000 Madeira Madeira -7.50 -63.02 1090000 1967 2013 34 7% 
15700000 Madeira Madeira -5.82 -61.30 1150000 1967 2013 36 2% 
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Code Basin River 
Lat 
(º) 

Lon 
(º) 

Area* 
(km²) Begin End Years Gaps 

15250000 Madeira Mamore -10.79 -65.35 609000 1970 2014 32 11% 
15910000 Madeira Sucundiri -6.80 -59.04 12700 1975 2013 33 5% 
18200000 Maicuru Maicuru -1.78 -54.40 12400 1972 2013 34 3% 
10100000 Maranhon Amazon -4.23 -69.94 874000 1995 2013 15 6% 
14710000 Negro Branco 1.82 -61.12 126000 1967 2013 34 6% 
14680001 Negro Macajai 2.87 -61.44 12200 1973 2013 36 4% 
14110000 Negro Negro 1.22 -66.85 74300 1980 2013 31 3% 
14250000 Negro Negro 0.37 -67.31 124000 1977 2013 34 4% 
14330000 Negro Negro -0.20 -66.80 194000 1977 2013 35 3% 
14420000 Negro Negro -0.48 -64.83 293000 1977 2013 34 3% 
14495000 Negro Urarucoera 3.44 -61.04 36900 1979 2013 27 9% 
14515000 Negro Urarucoera 3.21 -60.57 50200 1977 2013 29 5% 
14260000 Negro Vaupes 0.48 -69.13 40200 1977 2013 34 3% 
14280001 Negro Vaupes 0.13 -68.54 44300 1977 2013 35 3% 
13550000 Purus Acre -10.65 -68.51 8270 1967 2013 23 14% 
13600002 Purus Acre -9.98 -67.80 23500 1967 2013 32 6% 
13650000 Purus Acre -9.07 -67.40 34400 1967 2013 21 13% 
13410000 Purus Purus -9.04 -68.58 63100 1967 2013 35 4% 
13710001 Purus Purus -8.65 -67.38 105000 1975 2013 29 8% 
13750000 Purus Purus -7.72 -67.00 154000 1967 2013 37 2% 
13870000 Purus Purus -7.26 -64.80 226000 1931 2013 22 16% 
13880000 Purus Purus -6.54 -64.39 236000 1973 2013 38 0% 
17093000 Tapajós Juruena -11.36 -58.34 55900 1978 2013 29 7% 
17430000 Tapajós Tapajos -7.34 -58.16 333000 1975 2009 20 20% 
17500000 Tapajós Tapajos -6.05 -57.64 363000 1983 2009 17 19% 
17200000 Tapajós Tele Pires -13.56 -55.33 10800 1973 2013 31 9% 
17300000 Tapajós Tele Pires -10.96 -55.55 40700 1990 2012 15 18% 
17340000 Tapajós Tele Pires -10.11 -55.57 52200 1975 2013 29 7% 
17380000 Tapajós Tele Pires -9.64 -56.02 81600 1980 2013 20 21% 
17410000 Tapajós Tele Pires -8.86 -57.40 131000 1982 2009 17 17% 
17420000 Tapajós Tele Pires -7.61 -57.95 138000 1975 2009 22 16% 
16100000 Urubu Uatama -2.11 -59.34 20400 1973 2013 27 13% 
18430000 Xingu Xingu -10.78 -53.10 139000 1975 2005 30 2% 
18460000 Xingu Xingu -6.74 -52.00 210000 1976 2009 31 3% 
18850000 Xingu Xingu -3.21 -52.21 448000 1971 2013 37 0% 

* Drainage area upstream of the streamflow gauge. 
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Table A.2 – Set of 14 streamflow gauges selected for analysis in the period from 1931 to 2006 
(Lat stands for latitude and Lon stands for longitude, both in degrees, HPP stands for 

hydropower plant). 

Code Gauge River Lat  
(º) 

Lon 
(º) 

Area* 
(km²) Period Years Gaps 

11500000 
Santo 
Antonio Ico 

Amazon -3.11 -67.93 1130000 1973-2013 32 7% 

14100000 Manacapuru Amazon -3.31 -60.61 2200000 1972-2013 36 2% 
17050000 Obidos Amazon -1.92 -55.51 4670000 1968-2013 36 3% 

19150000 
Sao 
Francisco 

Jari -0.57 -52.57 51500 1968-2013 36 3% 

12840000 Gaviao Jurua -4.84 -66.85 164000 1972-2013 30 10% 
15400000 Porto Velho Madeira -8.75 -63.92 976000 1908-2005 97 0% 
14420000 Serrinha Negro -0.48 -64.83 293000 1977-2013 34 3% 
13750000 Seringal Purus -7.72 -67.00 154000 1967-2013 37 4% 
13870000 Labrea Purus -7.26 -64.80 226000 1931-2013 22 8% 
17093000 Fontanilhas Juruena -11.36 -58.34 55900 1978-2013 29 7% 

- 
HPP Teles 
Pires 

Tele Pires -9.34 -56.78 90700 1931-2008 77 0% 

- 
HPP Belo 
Monte 

Xingu -3.13 -51.78 447000 1931-2007 76 0% 

17340000 Indeco Tele Pires -10.11 -55.57 52200 1975-2007 29 7% 

15800000 
Boca do 
Guariba 

Aripuana 
(Madeira 
basin) 

-7.71 -60.59 70100 1977-2013 32 6% 

* Drainage area upstream of the streamflow gauge. 
 

Table A.3 – Parameters αk, βk and εk of the linear regression equations used to fill the gaps in the 
time series of drought magnitudes in gauge i based on observations in gauge j, when R2 > 0.4, 

and residual errors used to fill the remaining gaps. 
Equation k Gauge i Gauge j ααααk ββββk εεεεk R2 δδδδk 

1 15030000 14100000 1.61 -110.2 87.8 0.43 114.6 
2 14100000 15030000 0.27 130.9 35.8 0.43 52.2 
3 11500000 11400000 0.96 17.0 51.8 0.64 82.8 
4 11400000 11500000 0.67 57.7 43.2 0.64 71.3 
5 15400000 15630000 1.03 -9.6 11.5 0.88 37.2 
6 15130000 15150000 1.03 -9.2 1.3 0.58 15.9 
7 15700000 15630000 1.11 -17.9 27.7 0.61 47.3 
8 15320002 15400000 1.03 4.9 9.1 0.95 38.9 
9 15250000 15320002 0.62 11.2 22.2 0.60 31.7 
10 15630000 15700000 0.55 73.7 19.5 0.61 32.2 
11 15630000 15400000 0.86 27.3 1.6 0.88 32.2 
12 15750000 15800000 0.84 19.4 21.8 0.53 28.7 
13 10100000 11400000 0.88 0.1 19.2 0.92 63.6 
14 14420000 14330000 0.87 -31.5 94.4 0.69 166.3 
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Equation k Gauge i Gauge j ααααk ββββk εεεεk R2 δδδδk 

15 14250000 14330000 1.25 -58.3 21.5 0.88 72.5 
16 14680001 14495000 0.73 16.5 18.3 0.90 36.9 
17 14515000 14710000 0.77 63.1 9.0 0.64 132.5 
18 14515000 14495000 0.94 18.2 31.4 0.95 132.5 
19 14495000 14680001 1.24 3.1 14.2 0.90 48.4 
20 14110000 14250000 0.97 77.3 28.9 0.88 74.6 
21 14710000 14515000 0.91 39.4 92.1 0.64 147.5 
22 13710001 13750000 0.71 43.4 3.9 0.77 16.1 
23 13750000 13880000 0.97 24.0 16.3 0.82 38.0 
24 13410000 13710001 0.97 29.1 16.2 0.81 33.2 
25 17200000 17300000 0.88 161.5 21.5 0.66 30.0 
26 17410000 17420000 0.87 44.7 2.3 0.72 41.5 
27 17410000 17340000 1.47 -31.6 38.4 0.55 41.5 
28 17340000 17410000 0.37 94.3 19.3 0.55 24.7 
29 17500000 17430000 1.00 19.4 8.7 0.95 39.0 
30 17300000 17340000 1.02 -28.3 11.7 0.88 26.8 
31 17430000 17500000 0.95 -7.2 8.5 0.95 38.4 
32 17420000 17410000 0.83 29.9 19.5 0.72 38.5 
33 18430000 18460000 0.67 -1.1 2.4 0.98 16.2 
34 18460000 18430000 0.65 26.7 13.7 0.72 23.8 
5 18850000 18460000 1.11 30.6 17.8 0.72 31.6 

 
Table A.4 - Residual errors δk used to fill the remaining gaps in the time series of drought 
magnitudes in gauges i for which there are no well correlated gauge with R2 > 0.4. 

Gauge i δδδδk Gauge i δδδδk Gauge i δδδδk 
13150000 88.8 12370000 89.0 13870000 35.7 

17050001 4.3 15910000 7.9 13600002 24.8 

17090000 98.0 15150000 11.7 13650000 55.3 

19150000 17.2 15800000 27.3 13880000 35.7 

12700000 47.7 15120001 1.5 13550000 52.8 

12520000 63.3 18200000 99.5 17380000 28.5 

12840000 66.5 14280001 149.0 17093000 2.9 

12360000 77.9 14330000 159.4 16100000 261.8 

12550000 37.0 14260000 13.6   
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Table A.5 – Parameters αk, βk and εk of the linear regression equations used to fill the gaps in the 
time series of wet spell  magnitudes in gauge i based on observations in gauge j, when R2 > 0.4, 

and residual errors used to fill the remaining gaps. 
Equation k Gauge i (Y) Gauge j (X) ααααk ββββk εεεεk R2 δδδδk 

1 15030000 14100000 1.15 -12.9 44.4 0.75 89.7 

2 17050001 15030000 0.60 45.2 39.6 0.59 68.7 

3 11500000 11400000 0.88 27.4 53.2 0.72 98.4 

4 11400000 11500000 0.83 27.8 51.8 0.72 95.4 

5 17090000 18200000 0.88 -3.4 36.5 0.86 111.2 

6 17090000 16100000 0.16 52.8 45.5 0.54 111.2 

7 12700000 12840000 0.96 58.8 78.7 0.68 58.0 

8 12700000 12520000 0.90 112.2 59.9 0.66 58.0 

9 12520000 12700000 0.76 49.6 49.7 0.68 85.6 

10 12520000 12370000 0.38 133.7 63.6 0.45 85.6 

11 12840000 12700000 0.74 -1.2 54.4 0.66 75.1 

12 12370000 12520000 1.19 23.7 11.6 0.45 159.6 

13 15400000 15630000 0.77 31.5 43.7 0.53 6.2 

14 15130000 15150000 0.82 13.3 13.9 0.72 22.3 

15 15700000 15630000 1.42 0.7 48.7 0.62 86.4 

16 15320002 15400000 0.89 1.3 8.7 0.98 53.0 

17 15250000 15320002 0.83 -14.3 45.9 0.57 54.8 

18 15630000 15700000 0.70 65.6 41.6 0.53 61.4 

19 15630000 15400000 0.60 7.3 36.9 0.62 61.4 

20 15120001 15130000 1.67 -56.6 21.4 0.79 38.6 

21 18200000 17090000 0.98 22.7 38.6 0.86 121.2 

22 10100000 11400000 0.74 17.8 16.1 0.95 75.4 

23 14420000 14330000 0.96 -58.2 55.0 0.83 121.2 

24 14250000 14330000 1.27 3.3 56.0 0.82 128.9 

25 14515000 14710000 0.82 31.7 81.8 0.66 139.2 

26 14515000 14495000 0.95 36.2 71.2 0.78 139.2 

27 14495000 14680001 0.89 61.4 96.5 0.56 143.4 

28 14110000 14250000 1.67 25.9 67.8 0.78 15.7 

29 14710000 14515000 0.84 56.2 8.8 0.66 137.1 

30 13710001 13750000 0.77 55.6 51.5 0.55 71.9 

31 17500000 17430000 0.88 5.7 27.6 0.76 72.7 

32 17430000 17500000 0.87 -0.4 27.5 0.76 68.9 

33 16100000 17090000 3.59 -61.9 222.5 0.54 48.8 

34 18430000 18460000 0.61 15.3 21.9 0.79 41.5 

35 18460000 18430000 0.59 43.2 44.2 0.58 61.6 
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Table A.6 - Residual errors used to fill the remaining gaps in the time series of wet spell 
magnitudes in gauges i for which there are no well correlated gauge with R2 > 0.4. 

Gauge i δδδδκκκκ    Gauge i δδδδκκκκ    Gauge i δδδδκκκκ    
13150000 61.5 14680001 128.9 17200000 148.7 

14100000 69.3 14330000 113.7 17410000 18.7 

19150000 149.6 14260000 12.0 17380000 93.9 

12360000 154.7 13870000 53.7 17340000 62.5 

12550000 41.2 13750000 84.2 17093000 29.0 

15910000 18.2 13410000 98.2 17300000 73.6 

15150000 24.1 13600002 75.2 17420000 97.8 

15800000 66.7 13650000 117.1 18850000 83.5 

15750000 92.4 13880000 54.4   
14280001 149.1 13550000 159.8   

 
Table A.7 – Spearman correlations (Rho) between Nino 3.4 and the dry and wet season indices 
ID and IW for the same year t and for the subsequent year t + 1. Significant correlations at 95% 

confidence level (p-value > 0.05) are indicated in blue. 

Sub-
basin Code 

I D at year t ID at year t + 1 IW at year t IW at year t + 1 

Rho P-value Rho P-value Rho P-value Rho P-value 

Amazon 15030000 0.06 0.76 0.34 0.06 0.26 0.15 -0.47 0.01 
Amazon 13150000 -0.25 0.14 0.10 0.56 0.23 0.20 -0.38 0.03 
Amazon 14100000 -0.13 0.44 0.29 0.08 0.30 0.07 -0.52 0.00 
Amazon 17050001 0.02 0.93 0.39 0.02 0.12 0.49 -0.62 0.00 
Amazon 11500000 -0.36 0.04 -0.02 0.90 0.06 0.77 -0.30 0.10 
Amazon 11400000 -0.37 0.02 0.21 0.22 0.13 0.49 -0.15 0.43 
Curua 10100000 0.75 0.00 0.33 0.08 -0.28 0.13 -0.54 0.00 
Jari 12700000 0.59 0.00 0.30 0.08 0.03 0.86 -0.42 0.01 
Jurua 12520000 -0.26 0.24 0.44 0.04 0.04 0.89 0.27 0.28 
Jurua 12840000 -0.01 0.97 0.42 0.03 0.03 0.89 0.21 0.35 
Jurua 12360000 -0.08 0.65 0.18 0.35 0.11 0.59 -0.05 0.80 
Jurua 12550000 0.11 0.62 0.03 0.88 0.03 0.90 -0.19 0.38 
Jurua 12370000 -0.43 0.04 0.44 0.03 -0.23 0.33 0.20 0.39 
Jurua 15910000 0.00 1.00 0.20 0.30 -0.03 0.88 -0.03 0.90 
Madeira 15400000 0.25 0.14 0.45 0.01 0.05 0.81 -0.49 0.01 
Madeira 15130000 -0.21 0.23 0.00 0.99 0.15 0.47 0.00 0.99 
Madeira 15150000 0.03 0.89 0.11 0.63 -0.27 0.32 -0.01 0.98 
Madeira 15700000 0.03 0.89 0.16 0.50 0.13 0.55 -0.35 0.10 
Madeira 15320002 -0.34 0.05 -0.04 0.83 0.41 0.02 0.05 0.81 
Madeira 15800000 -0.20 0.36 -0.04 0.86 -0.08 0.75 -0.10 0.69 
Madeira 15250000 -0.08 0.67 0.42 0.01 0.45 0.01 -0.27 0.15 
Madeira 15630000 -0.22 0.24 -0.07 0.73 0.15 0.47 -0.07 0.73 
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Sub-
basin Code 

I D at year t ID at year t + 1 IW at year t IW at year t + 1 

Rho P-value Rho P-value Rho P-value Rho P-value 

Madeira 15750000 -0.24 0.18 0.24 0.18 0.31 0.11 0.09 0.65 
Madeira 15120001 -0.15 0.50 0.44 0.04 0.31 0.20 -0.15 0.54 
Madeira 18430000 0.08 0.71 0.05 0.80 -0.27 0.19 -0.29 0.16 
Maicuru 18460000 0.71 0.00 0.19 0.30 -0.25 0.16 -0.53 0.00 
Maranhon 18850000 -0.54 0.02 0.31 0.22 0.15 0.62 -0.61 0.02 
Negro 14280001 0.01 0.97 -0.01 0.98 0.22 0.20 0.02 0.92 
Negro 14420000 0.53 0.00 0.01 0.97 0.01 0.94 -0.18 0.30 
Negro 14250000 0.55 0.00 -0.01 0.94 -0.17 0.33 -0.16 0.36 
Negro 14680001 0.56 0.00 0.21 0.24 0.07 0.67 -0.40 0.01 
Negro 14515000 0.67 0.00 0.24 0.19 -0.44 0.01 -0.23 0.21 
Negro 14495000 0.64 0.00 0.18 0.34 -0.16 0.40 -0.34 0.06 
Negro 14330000 0.52 0.00 -0.06 0.73 0.09 0.60 -0.08 0.63 
Negro 14110000 0.59 0.00 -0.07 0.72 -0.11 0.55 -0.11 0.57 
Negro 14710000 0.78 0.00 0.04 0.81 -0.48 0.00 -0.32 0.07 
Negro 14260000 0.03 0.85 -0.07 0.68 0.27 0.11 0.05 0.79 
Purus 13710001 -0.19 0.29 0.13 0.49 -0.27 0.20 0.04 0.84 
Purus 13870000 -0.19 0.27 0.27 0.12 0.13 0.52 -0.14 0.49 
Purus 13750000 -0.25 0.14 0.18 0.29 -0.11 0.56 -0.20 0.30 
Purus 13410000 -0.12 0.49 0.13 0.47 -0.59 0.00 -0.26 0.19 
Purus 13600002 -0.16 0.38 0.08 0.66 -0.09 0.67 -0.05 0.81 
Purus 13650000 -0.38 0.07 0.17 0.44 -0.21 0.35 -0.12 0.59 
Purus 13880000 -0.25 0.14 0.27 0.11 0.26 0.14 -0.11 0.55 
Purus 13550000 -0.04 0.84 0.19 0.39 -0.43 0.05 0.01 0.95 
Tapajos 17200000 -0.24 0.20 -0.08 0.66 0.05 0.78 0.18 0.37 
Tapajos 17410000 -0.02 0.95 0.15 0.56 0.09 0.75 0.09 0.74 
Tapajos 17380000 -0.22 0.37 0.20 0.41 0.25 0.32 -0.01 0.98 
Tapajos 17340000 -0.20 0.28 0.01 0.97 0.05 0.82 0.16 0.47 
Tapajos 17500000 -0.09 0.72 0.22 0.39 0.25 0.34 -0.24 0.35 
Tapajos 17093000 0.12 0.55 0.11 0.57 -0.18 0.40 0.06 0.77 
Tapajos 17300000 -0.37 0.12 -0.30 0.21 0.06 0.85 0.25 0.45 
Tapajos 17430000 0.14 0.54 -0.18 0.42 -0.10 0.69 0.06 0.81 
Tapajos 17420000 -0.09 0.65 0.09 0.67 0.07 0.76 0.20 0.41 
Urubu 17090000 0.25 0.26 -0.03 0.90 0.09 0.68 -0.25 0.26 
Xingu 19150000 0.10 0.61 -0.14 0.48 0.05 0.80 0.01 0.96 
Xingu 18200000 0.04 0.82 -0.12 0.54 0.10 0.62 0.02 0.92 
Xingu 16100000 -0.04 0.81 0.38 0.03 0.24 0.15 -0.22 0.20 
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Table A.8 – Spearman correlations (Rho) between AGI and the dry and wet season indices ID 
and IW for the same year t and for the subsequent year t + 1. Significant correlations at 95% 

confidence level (p-value > 0.05) are indicated in blue. 

Sub-
basin Code 

I D at year t ID at year t + 1 IW at year t IW at year t + 1 

Rho P-value Rho P-value Rho P-value Rho P-value 

Amazon 15030000 0.69 0.00 0.38 0.03 -0.47 0.01 -0.12 0.49 
Amazon 13150000 0.51 0.00 0.30 0.09 -0.52 0.00 -0.01 0.97 
Amazon 14100000 0.61 0.00 0.27 0.11 -0.42 0.01 -0.08 0.66 
Amazon 17050001 0.65 0.00 0.20 0.25 -0.31 0.07 0.10 0.59 
Amazon 11500000 0.21 0.24 0.28 0.12 -0.36 0.05 0.18 0.35 
Amazon 11400000 0.27 0.10 0.15 0.37 -0.34 0.06 0.10 0.60 
Curua 10100000 0.08 0.67 0.15 0.44 -0.28 0.13 -0.11 0.55 
Jari 12700000 0.20 0.23 0.05 0.77 -0.07 0.66 -0.16 0.36 
Jurua 12520000 0.52 0.01 0.24 0.28 -0.07 0.79 0.05 0.85 
Jurua 12840000 0.34 0.08 0.07 0.73 0.12 0.59 0.04 0.85 
Jurua 12360000 0.25 0.17 0.19 0.30 -0.17 0.39 -0.18 0.38 
Jurua 12550000 0.28 0.19 -0.06 0.78 -0.18 0.41 0.09 0.67 
Jurua 12370000 0.38 0.07 0.29 0.16 0.06 0.81 0.00 0.98 
Jurua 15910000 0.16 0.39 -0.21 0.26 -0.03 0.90 0.11 0.61 
Madeira 15400000 0.41 0.02 0.25 0.15 -0.45 0.01 0.00 0.99 
Madeira 15130000 0.15 0.39 0.04 0.84 -0.02 0.93 -0.10 0.63 
Madeira 15150000 0.02 0.93 0.30 0.18 -0.24 0.36 0.22 0.41 
Madeira 15700000 -0.03 0.89 0.11 0.64 -0.29 0.18 0.01 0.95 
Madeira 15320002 0.44 0.01 0.22 0.22 -0.32 0.08 -0.22 0.23 
Madeira 15800000 0.03 0.90 -0.27 0.20 0.02 0.93 0.02 0.93 
Madeira 15250000 0.29 0.10 0.36 0.04 -0.04 0.82 -0.04 0.84 
Madeira 15630000 0.24 0.21 0.26 0.17 -0.14 0.48 -0.09 0.66 
Madeira 15750000 0.43 0.01 0.09 0.63 -0.25 0.21 -0.37 0.06 
Madeira 15120001 0.00 0.99 0.26 0.24 0.13 0.60 0.08 0.74 
Madeira 18430000 0.18 0.39 0.12 0.57 -0.18 0.40 0.21 0.32 
Maicuru 18460000 0.31 0.09 0.24 0.20 -0.42 0.01 -0.22 0.21 
Maranhon 18850000 0.47 0.06 0.31 0.23 -0.40 0.16 0.14 0.63 
Negro 14280001 -0.14 0.42 -0.23 0.18 -0.20 0.24 -0.12 0.47 
Negro 14420000 0.25 0.14 0.00 0.98 -0.33 0.05 -0.08 0.64 
Negro 14250000 -0.12 0.51 -0.14 0.44 -0.11 0.52 0.20 0.26 
Negro 14680001 -0.02 0.92 -0.18 0.31 -0.12 0.47 0.13 0.46 
Negro 14515000 -0.05 0.77 -0.29 0.11 -0.13 0.46 0.17 0.34 
Negro 14495000 -0.12 0.53 -0.23 0.21 -0.15 0.41 0.11 0.57 
Negro 14330000 -0.12 0.47 -0.19 0.27 -0.31 0.06 -0.04 0.81 
Negro 14110000 -0.19 0.28 -0.21 0.25 -0.07 0.70 0.30 0.11 
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Sub-
basin Code 

I D at year t ID at year t + 1 IW at year t IW at year t + 1 

Rho P-value Rho P-value Rho P-value Rho P-value 

Negro 14710000 -0.13 0.46 -0.38 0.03 0.14 0.42 0.37 0.04 
Negro 14260000 -0.34 0.05 -0.35 0.04 -0.16 0.35 -0.11 0.55 
Purus 13710001 0.39 0.03 0.06 0.76 -0.24 0.26 -0.27 0.20 
Purus 13870000 0.24 0.17 -0.03 0.87 -0.20 0.31 -0.02 0.91 
Purus 13750000 0.39 0.02 0.24 0.17 -0.17 0.40 -0.11 0.57 
Purus 13410000 0.30 0.08 -0.11 0.55 0.08 0.67 0.02 0.91 
Purus 13600002 0.34 0.05 0.18 0.31 -0.18 0.41 -0.07 0.76 
Purus 13650000 0.41 0.05 0.41 0.05 0.01 0.95 -0.22 0.33 
Purus 13880000 0.41 0.01 0.18 0.29 -0.54 0.00 -0.35 0.05 
Purus 13550000 0.29 0.17 0.06 0.79 0.13 0.59 -0.17 0.45 
Tapajos 17200000 -0.40 0.03 -0.06 0.77 0.24 0.22 0.12 0.56 
Tapajos 17410000 0.12 0.63 0.24 0.34 0.00 0.99 -0.22 0.41 
Tapajos 17380000 0.19 0.44 0.35 0.14 -0.14 0.57 -0.21 0.40 
Tapajos 17340000 -0.32 0.08 -0.09 0.63 0.11 0.62 0.09 0.69 
Tapajos 17500000 0.14 0.59 0.40 0.10 -0.23 0.38 -0.23 0.38 
Tapajos 17093000 0.08 0.68 -0.05 0.81 0.15 0.47 0.28 0.18 
Tapajos 17300000 -0.29 0.22 0.35 0.14 -0.05 0.87 -0.10 0.77 
Tapajos 17430000 -0.04 0.86 0.06 0.79 -0.07 0.77 0.11 0.66 
Tapajos 17420000 0.10 0.62 0.20 0.33 -0.04 0.86 0.02 0.94 
Urubu 17090000 0.30 0.17 -0.05 0.83 -0.04 0.86 -0.06 0.79 
Xingu 19150000 -0.15 0.44 0.29 0.13 0.27 0.19 -0.05 0.82 
Xingu 18200000 -0.12 0.54 0.30 0.10 0.23 0.23 -0.08 0.67 
Xingu 16100000 0.23 0.19 0.34 0.05 -0.02 0.89 -0.18 0.30 
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Table A.9 – Spearman correlations (Rho) between dry season index ID and antecedent and 
subsequent wet season index Iw. 

Sub-basin Code I D and antecedent IW I D and subsequent IW 
Rho P-value Rho P-value 

Amazon 15030000 -0.31 0.07 -0.50 0.00 
Amazon 13150000 -0.10 0.57 -0.16 0.40 
Amazon 14100000 -0.21 0.23 -0.47 0.00 
Amazon 17050001 -0.12 0.50 -0.45 0.01 
Amazon 11500000 0.04 0.82 0.01 0.96 
Amazon 11400000 0.04 0.83 -0.34 0.08 

Maranhon 10100000 -0.05 0.78 -0.22 0.47 
Jurua 12700000 -0.26 0.12 -0.81 0.00 
Jurua 12520000 -0.24 0.15 -0.71 0.00 
Jurua 12840000 -0.07 0.69 -0.24 0.27 
Jurua 12360000 -0.17 0.34 -0.31 0.27 
Jurua 12550000 -0.01 0.94 -0.29 0.39 
Jurua 12370000 -0.01 0.97 -0.27 0.25 

Madeira 15910000 -0.35 0.04 -0.44 0.02 
Madeira 15400000 -0.43 0.01 -0.56 0.00 
Madeira 15130000 -0.17 0.36 -0.68 0.02 
Madeira 15150000 -0.29 0.10 -0.58 0.01 
Madeira 15700000 -0.61 0.00 -0.70 0.00 
Madeira 15320002 -0.45 0.01 -0.66 0.01 
Madeira 15800000 -0.26 0.12 -0.36 0.07 
Madeira 15250000 -0.54 0.00 -0.56 0.00 
Madeira 15630000 -0.50 0.00 -0.54 0.01 
Madeira 15750000 -0.29 0.09 -0.63 0.01 
Madeira 15120001 -0.39 0.02 -0.52 0.02 
Xingu 18430000 -0.06 0.74 -0.65 0.00 
Xingu 18460000 -0.13 0.47 -0.65 0.00 
Xingu 18850000 -0.19 0.27 -0.66 0.00 
Curua 17090000 -0.26 0.16 -0.58 0.00 
Jari 19150000 -0.52 0.00 -0.60 0.00 

Negro 14280001 0.00 0.98 -0.11 0.54 
Negro 14420000 -0.26 0.11 -0.13 0.48 
Negro 14250000 0.01 0.95 -0.32 0.06 
Negro 14680001 -0.63 0.00 -0.54 0.00 
Negro 14515000 -0.17 0.30 -0.81 0.00 
Negro 14495000 -0.52 0.00 -0.46 0.01 
Negro 14330000 -0.03 0.84 -0.08 0.63 
Negro 14110000 -0.11 0.52 -0.23 0.20 
Negro 14710000 -0.34 0.04 -0.73 0.00 
Negro 14260000 0.05 0.77 0.02 0.93 
Purus 13710001 0.00 0.98 -0.35 0.17 
Purus 13870000 -0.05 0.78 -0.47 0.02 
Purus 13750000 -0.03 0.86 -0.43 0.03 
Purus 13410000 0.12 0.48 -0.47 0.04 
Purus 13600002 -0.03 0.85 -0.68 0.00 
Purus 13650000 0.17 0.35 -0.17 0.57 
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Sub-basin Code I D and antecedent IW I D and subsequent IW 
Rho P-value Rho P-value 

Purus 13880000 -0.26 0.13 -0.42 0.02 
Purus 13550000 -0.22 0.20 -0.54 0.04 

Tapajos 17200000 0.00 0.99 -0.28 0.20 
Tapajos 17410000 -0.16 0.35 -0.31 0.32 
Tapajos 17380000 -0.31 0.07 -0.68 0.01 
Tapajos 17340000 -0.26 0.15 -0.13 0.62 
Tapajos 17500000 -0.23 0.21 -0.86 0.00 
Tapajos 17093000 -0.18 0.29 -0.68 0.00 
Tapajos 17300000 -0.23 0.18 -0.39 0.26 
Tapajos 17430000 -0.17 0.35 -0.33 0.25 
Tapajos 17420000 -0.23 0.18 -0.37 0.20 
Maicuru 18200000 -0.25 0.15 -0.77 0.00 
Urubu 16100000 -0.14 0.42 0.12 0.67 
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Appendix B – Consistency analysis of hydrologic data used 
in Chapter 3 

 
 
This Appendix B describes the details of data sources and procedures used to obtain and check 
the consistency of hydrologic data used in Chapter 2. The data consist of observed daily and 
monthly time series of streamflow and rainfall from conventional gauges located at four Amazon  
watersheds, referred to as Cachoeira Caju, Arapari, Jaru and Seringal Caridade. In addition, 
evapotranspiration estimates were obtained from data from flux towers located at sites with 
similar characteristics of the four watersheds. Both procedures and results are presented in four 
sub-sections related to the analysis of streamflow, rainfall, evaporation data, and the consistency 
of water balance closures within those four Amazon watersheds. 
 
B.1. Streamflow data 
 
The consistency of streamflow time series at the four reference gauges in each watershed was 
checked by comparing them with data from other 15 existing streamflow gauges within the same 
or nearby watersheds. The time series of daily streamflow at all those 19 points nearby each of 
the four watersheds were obtained from conventional streamflow gauge data maintained by the 
Brazilian National Water Agency [ANA, 2009] publicly available on-line 
(http://hidroweb.ana.gov.br/). The characteristics of those gauges are listed in Table B.1, with the 
reference gauge in each watershed indicated in bold. The differences between reference and 
other gauge data were quantified by the Pearson linear correlation coefficient and the root mean 
squared error (RMSE). The results are also presented in Table B.1 and scatter plots of the best 
correlated streamflow gauges are presented in Figure B.1. 
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Table B.1 – Streamflow gauges, correlation coefficients and RMSE with respect to the reference 

streamflow gauge within the four watersheds (reference gauges are in bold, Lat stands for 
latitude and Lon stands for longitude, both in degrees). 

(1) Long term mean annual streamflow (m³/s) 
(2) Long term mean specific runoff  (mm/year) 
(3) Linear correlation coefficient with watershed reference gauge data 
(4) Root mean square error with regards to the watershed reference gauge (mm/day) 

 
The reference streamflow gauge data in each watershed are significantly correlated with all 
nearby streamflow gauges. The correlation coefficients varied from 0.41 to 0.85. At all four 
watersheds, at least one gauge was found with correlation above 0.77, usually a gauge sited in 
the same river of the reference gauge. Scatter plots of daily streamflow at the reference gauge 
against the best correlated gauge data are presented in Figure B.1. Also, the RMSE were very 
small compared to the mean specific runoff in all gauges. Those numbers suggest that the 
reference gauges are consistent with the data from nearby gauges. In addition, all nearby gauges 
showed similar specific runoff (streamflow per unit area) within each watershed. Finally, all 
scatter plots present no significant bias, also confirming the similar specific runoff values for 
both dry and wet periods (see Figure B.1). 

Watershed / 
Gauge code River Area  

(km2) 
Lat 
(º) 

Lon 
(º) 

QLTM
(1)

  

(m3/s) 
QMEAN 

(2)
 

(mm/year) 
R2 

(3) 
RMSE 

(4) 

C
ac

ho
ei

ra
 C

aj
u 14350000 Curicuriari 13100 -0.2 -67.0 945 2275 - - 

14310000 Tuquie 4250 0.2 -69.4 332 2465 0.50 2.07 

14325000 Curicuriari 10800 -0.3 -67.5 825 2410 0.85 0.75 

14280001 Vaupes 44300 0.1 -68.5 2750 1960 0.41 2.27 

14250000 Negro 124000 0.4 -67.3 8180 2080 0.45 2.16 

14330000 Negro 194000 -0.2 -66.8 12600 2050 0.53 1.85 

A
ra

pa
ri 18200000 Maicuru 12400 -1.8 -54.4 129 328 - - 

18150000 Maicuru 7030 -1.0 -54.4 33 148 0.77 0.09 

18121006 Curua-Una 16200 -2.8 -54.3 183 356 0.64 0.61 

17090000 Curua 19800 -1.5 -54.9 157 251 0.85 0.37 

Ja
ru

 

15565000 Jaru 3960 -10.4 -62.5 85 676 - - 
15431000 Branco 988 -9.9 -63.0 26 819 0.73 0.80 

15575000 Machadinho 4650 -9.3 -61.9 125 851 0.60 1.10 

15430000 Jamari 8140 -9.9 -63.1 176 683 0.75 0.53 

15560000 Ji Parana 32800 -10.9 -61.9 711 684 0.77 0.80 

15571000 Ji Parana 46900 -9.9 -61.9 1100 736 0.46 0.87 

S
er

in
ga

l C
ar

id
ad

e 13410000 Purus 63100 -9.0 -68.6 1340 669 - - 
13405000 Caete 6110 -9.1 -69.0 128 659 0.74 0.72 

13300000 Iaco 11200 -9.4 -68.7 240 676 0.62 0.70 

13180000 Purus 32800 -8.9 -69.3 808 777 0.57 0.82 

13650000 Acre 34400 -9.1 -67.4 633 580 0.65 0.80 

13200000 Purus 36400 -8.9 -68.6 774 670 0.71 0.34 

13710001 Purus 105000 -8.7 -67.4 2050 617 0.82 0.54 
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a) Cachoeira Caju    b) Arapari 

 
c) Jaru     d) Seringal Caridade 

 
 

Figure B.1 – Scatter plots of monthly-averaged daily specific streamflow (in mm/day) of the 
reference streamflow gauges against the best correlated gauges at each watershed. 

 
As described in Chapter 3, the daily streamflow data at the reference gauges were used to derive 
soil water and groundwater fluxes and storages during drought periods. The recession periods were 
identified when streamflow dropped below its long term mean for more than 10 consecutive days, 
until the day streamflow reached its annual minimum value. The streamflow was then modeled as 
a linear reservoir in which Q(t) = Q(t = ta) exp[ – KG(t – ta)], where KG is a recession rate parameter 
[d-1], t is time [d] and ta is the time of the beginning of the recession. Taking the logarithm of that 
equation, one obtains log(Q) = log[Q(t = ta)] – KG(t – ta). Thus KG is obtained plotting log(Q) 
against t and deriving the linear regression equation. 
 
However, episodic rainfall events occur even during the recession period, causing the subtle and 
temporary increase in streamflow. Those events were identified whenever a daily streamflow is 
higher than in the previous day by more than 10%, until the day when streamflow drops below its 
value before that episodic event. After removing all those events, the recession periods were left 
with predominantly monotonic decreasing streamflow records, used to compute the linear 
regressions and the parameters KG.  
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A number of regressions were computed for each watershed, as presented in Table 3.4 in Chapter 3. 
All regressions with R2 < 0.6 were rejected, resulting in 17, 40, 20 and 25 regressions at Jaru, 
S.Caridade, Arapari, and C.Caju, respectively. The best and worse regressions (in terms of R2) for 
Jaru were presented in Figure 3.4 in Chapter 3. Here, the best and worse regressions for the other 
watersheds are presented in Figures B.2 (S. Caridade), B.3 (Arapari), and B.4 (C.Caju). 
 

 

 
Figure B.2 – Linear regressions of log(Q) on time during drought recessions at watershed 
Seringal Caridade, for years presenting the (a) best regression, and (b) worse regression. 
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Figure B.3 – Linear regressions of log(Q) on time during drought recessions at watershed 

Arapari, for years presenting the (a) best regression, and (b) worse regression. 
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Figure B.4 – Linear regressions of log(Q) on time during drought recessions at watershed 

Cachoeira Caju, for years presenting the (a) best regression, and (b) worse regression. 
 
B.2. Rainfall data 
 
The time series of mean areal rainfall over each watershed were obtained from conventional 
rainfall gauge data maintained by the Brazilian National Water Agency [ANA, 2009], publicly 
available on-line (http://hidroweb.ana.gov.br/). A first selection of all existing 27 rainfall gauges 
(selected from a pool of 1648 existing rainfall gauges in the Amazon basin), located up to 25 km 
from the rectangular area enclosing each watershed, are escribed in Table B.2. Then, gap filling 
and consistency check procedures were applied to further select a set of 14 rainfall gauges whose 
data was considered consistent. The mean areal rainfall time series were obtained from that set of 
14 gauges. Such procedures are illustrated in Figure B.5 and described as follows. 
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Figure B.5 – Procedures to obtain consistent mean areal rainfall time series. 

 
 

Table B.2 – First selection of rainfall gauges in each watershed (Lat stands for latitude, Lon 
stands for longitude, both in degrees). 

Watershed Code Lat 
(º) 

Lon 
(º) Period Years 

(1) 
Gaps 

(2) 

PLTM   
(mm/year) 

(3) 

Cachoeira 
Caju 

8067002 0.18 -67.95 Sep-1982 Apr-2013 27.5 14% 3415 

8067001 0.37 -67.31 Jan-1978 Mar-2013 32.6 12% 2768 

8068000 0.13 -68.54 Jan-1997 Apr-2013 13.8 74% 2606 

8069004 0.14 -69.21 Aug-1992 Sep-2013 19.1 13% 3363 

8066002 0.39 -66.65 Mar-1989 Sep-2013 20.7 17% 3131 

Arapari 

8154000 1.22 -54.66 Aug-1980 Sep-2012 28.5 14% 1957 

53000 -0.42 -53.70 Jan-1973 May-1989 15.8 12% 2275 

253000 -1.18 -53.60 May-1984 May-2013 26.9 10% 1911 

154000 -1.77 -54.40 Jun-1972 Apr-2013 38.6 8% 1652 

154001 -1.50 -54.87 Jun-1975 Sep-2013 36.2 7% 2032 

154003 -1.94 -54.74 May-1989 Aug-2013 23.3 7% 1621 

Jaru 

1062001 -10.45 -62.47 Feb-1977 May-2013 33.4 10% 1899 

1062002 -10.24 -62.63 Nov-1978 Oct-2013 32.7 9% 1898 

1062003 -11.00 -62.66 Sep-1983 Mar-2013 26.5 15% 1749 

1062004 -10.24 -62.35 Jan-1987 Jun-2013 24.5 9% 1930 

1063001 -9.76 -63.29 Aug-1980 Nov-2013 27.5 21% 1947 

1061003 -10.52 -62.00 Apr-1987 Jul-2013 24.3 10% 1911 

Selection of rainfall gauges for each watershed

Linear correlations between pairs of gauges

Correlation-based gap filling

Consistency check with double mass curves 
using CRU regional rainfallExclude 

inconsistent 
gauges

Mean area rainfall by spatial interpolation of 
consistent rainfall gauge data

Error in mean area 
rainfall using 
TRMM data

Consistency check with double mass curves 
using pairs of gauges

Reject monthly rainfall beyond two standard 
deviations as missing data
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Watershed Code Lat 
(º) 

Lon 
(º) Period Years 

(1) 
Gaps 

(2) 

PLTM   
(mm/year) 

(3) 

Seringal 
Caridade 

869000 -8.88 -69.27 Jan-1984 Oct-2012 13.6 58% 1986 

968001 -9.04 -68.58 Nov-1972 Jan-2006 30.3 26% 1820 

969001 -9.11 -68.99 Jan-1983 Nov-2012 23.1 23% 1850 

968004 -9.57 -68.28 Sep-1992 May-2013 16.4 25% 1881 

1068000 -10.65 -68.51 Jan-1978 May-2013 31.4 15% 1624 

1168002 -11.08 -68.87 Jan-2006 Mar-2014 7.8 88% 1836 

1069000 -10.94 -69.57 Jul-1980 May-2013 27.8 18% 1596 

870002 -8.16 -70.36 Sep-1980 Apr-2012 28.2 15% 1782 

872000 -8.94 -72.79 Jan-1981 May-2012 22.3 32% 1368 

972000 -9.40 -72.70 Jul-1982 May-2012 21.0 32% 1929 
(1) Complete years of observed daily rainfall totals 
(2) Percentage of gaps in monthly time series 
(3) Annual rainfall long term mean 
 
As shown in Table B.2, the data from the first selection of 27 gauges cover at least 7.8 years, 
with 21 gauges covering more than 20 years of data. Each gauge time series was screened for 
suspect monthly rainfall totals and all values above or below two standard deviations were 
considered inconsistent data. Even considering such values as missing data, most gauges 
presented gaps in the monthly time series, but as many as 18 gauges had less than 20% of gaps.  
 
The gaps in monthly rainfall series were filled using up to three gauges among the best 
correlated, nearby gauges with available data. The best correlated gauges were identified using 
the Pearson linear correlation coefficient, computed with Equation B.1 for each pair of gauges i 
and j within each watershed, in which Pi and Pj are the monthly rainfall, and ��� and ��� are the 
long term rainfall means observed in each gauge. 
 

��,�	 =
�
� ∑��� − ������� − ����

�∑��� − ����	 �∑��� − ����	�
�

	
 

(B.1) 
 
The number of gauges and the range of correlations obtained for all pair of gauges within each 
watershed are shown in Table B.3. The ranges of root mean square error (RMSE) between pairs 
of gauge time series and the gauge-averaged rainfall long term monthly mean are also presented. 
Although the correlations are low for some pair of gauges, they are always statistically 
significant and, in many cases, above 0.5, a threshold commonly used to select gauges for gap 
filling. In addition, the RMSE ranges are large when compared with the rainfall long term 
monthly means, but that is expected due to the high spatial variability of rainfall in regions 
dominated by convective rainfall. Thus, the low correlation and high RMSE are not sufficient to 
indicate inconsistence of rainfall gauge data and further consistency checks are required.  
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Table B.3 – Number of gauges, range of Pearson correlation coefficients and RMSE between 
pair of gauges within each watershed, and gauge-averaged rainfall monthly mean (Pmean). 

Watershed Number 
of gauges 

R2 
min 

R2 
max 

RMSE min 
(mm/month) 

RMSE max 
(mm/month) 

Pmean 
(mm/month) 

Cachoeira Caju 5 0.05 0.24 96 144 255 
Arapari 6 0.34 0.62 63 110 159 
Jaru 6 0.50 0.67 65 83 157 
Seringal Caridade 10 0.06 0.49 67 121 147 

 
Moreover, since only a small portion of the time series has missing data, the gap filling 
procedure is not expected to change significantly the statistics of each time series. Gaps were 
filled by applying Equation B.2, in which Pi,m is the monthly rainfall to be filled in gauge i and 
month m, ��� and ��� are the long term rainfall means in gauges i an j, Pj,m in the known monthly 
rainfall in gauge j in month m, and n is the number of best correlated gauges used. Thus, each 
missing monthly value was estimated as the weighting average of monthly values observed at 
nearby gauges, in which the weights were the ratios of rainfall long term means between pairs of 
gauges. 

��,� = 1� �� ������ ��,�
�

��� � 

(B.2) 
 
The consistency of the gap-filled rainfall time series was checked by plotting double mass curves 
using the Climate Research Unit (CRU) rainfall dataset, version 3.21 [Harris et al., 2014], as the 
reference for the regional rainfall time series. That dataset, developed by the University of East 
Anglia, consists of gridded monthly rainfall estimates for the global land surface (excluding 
Antarctica) at the spatial scale of 0.5 degrees. Those gridded rainfall estimates obtained by 
spatial interpolation of data from thousands of meteorological stations, including roughly 500 
rainfall stations over South America [New et al., 1999; Mitchell and Jones, 2005]. That dataset 
has been extensively used in climate and drought studies (e.g. [Axelson et al., 2009; Barichivich 
et al., 2009; Boninsegna et al., 2009; Briffa et al., 2009; Christie et al., 2009; 2010]) and thus 
offer a consistent reference for the regional rainfall to compare gauge data with. The version 3.21 
used here spans the period from 1901 to 2012 [Harris et al., 2014]. 
 
Here, regional rainfall time series were computed as the average of all CRU grid points within 
each watershed. Then, double mass curves were plotted for each rainfall gauge and visually 
inspected for inconsistencies. Moreover, the relative deviations (RD) from the double mass curve 
of average slope were quantified by the ratio of the sum of absolute errors to the total 
accumulated rainfall (RM) for the given rainfall gauge, as stated by Equation B.3. In that 
equation, Rm is the expected accumulated rainfall by the month m, computed with the average 
slope line of the double mass curve, Pik is the observed monthly rainfall in a given gauge at 
month k, and M is the total number of months of the time series. The double mass curves 
associated with RD > 3.5% were considered inconsistent and the respective rainfall gauge was 
rejected. 
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 (B.3) 
The consistency of gap-filled time series was further checked by evaluating double mass curves 
plotted for coincident periods of each pair of gauges. Again, the RD of each double mass curve 
were evaluated using Equation B.3, now applied for pair of gauges. When RD > 3.5% the double 
mass curve was considered inconsistent and the respective gauges were also rejected, even if the 
double mass curve plotted with the CRU data was consistent. The RD for all double mass curves 
using CRU data and paired gauges are shown in Table B.4, which also indicates the inconsistent 
gauges that were rejected. 
 
Table B.4 – Relative deviations from the average slope double mass curves, obtained with pair-
wise comparisons of gauges (RD for paired gauges) and CRU-based regional rainfall (RD for 
regional rainfall). Rejected gauges are indicated by (*) when based on regional rainfall and by 

(**) when based on pair-wise gauge comparisons. 
a) Cachoeira Caju 

Code 
RD paired gauges RD regional 

rainfall 8067002 8067001 8068000* 8069004 8066002 
8067002 0.0% 1.6% 4.5% 1.3% 1.1% 1.3% 
8067001 1.6% 0.0% 4.9% 1.8% 2.1% 1.4% 

8068000* 4.5% 4.9% 0.0% 7.2% 6.2% 2.9% 
8069004 1.3% 1.8% 7.2% 0.0% 0.8% 1.2% 
8066002 1.1% 2.1% 6.2% 0.8% 0.0% 1.6% 

 
b) Arapari 

Code 
RD paired gauges RD 

regional 
rainfall  8154000 53000** 253000** 154000 154001** 154003 

8154000 0.0% 2.8% 4.3% 1.3% 2.1% 1.4% 1.6% 
53000** 2.8% 0.0% 5.4% 2.4% 4.0% 4.1% 2.8% 

253000** 4.3% 5.4% 0.0% 4.1% 4.1% 5.0% 3.7% 
154000 1.3% 2.4% 4.1% 0.0% 1.1% 1.5% 2.8% 

154001** 2.1% 4.0% 4.1% 1.1% 0.0% 1.7% 4.0% 
154003 1.4% 4.1% 5.0% 1.5% 1.7% 0.0% 1.6% 

 
c) Jaru 

Code 
RD paired gauges RD 

regional 
rainfall  1062001 1062002** 1062003 1062004* 1063001 1061003** 

1062001 0.0% 1.8% 2.8% 1.0% 1.3% 0.9% 1.9% 
1062002** 1.8% 0.0% 4.0% 1.3% 1.9% 1.4% 2.7% 

1062003 2.8% 4.0% 0.0% 4.2% 2.2% 4.1% 1.3% 
1062004* 1.0% 1.3% 4.2% 0.0% 2.4% 0.9% 4.1% 
1063001 1.3% 1.9% 2.2% 2.4% 0.0% 2.6% 1.6% 

1061003* 0.9% 1.4% 4.1% 0.9% 2.6% 0.0% 3.7% 
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d) Seringal Caridade 

Code 

RD paired gauges 
RD 

regional 
rainfall  

86
90

00
* 

96
80

01
 

96
90

01
 

96
80

04
**

 

10
68

00
0*

 

10
69

00
0 

87
00

02
* 

87
20

01
 

87
20

00
* 

97
20

00
 

869000* 0.0% 5.1% 4.5% 6.9% 2.3% 6.2% 3.7% 4.1% 5.2% 4.7% 6.2% 
968001 5.1% 0.0% 1.6% 2.8% 4.3% 2.2% 7.9% 1.7% 4.9% 1.2% 1.8% 
969001 4.5% 1.6% 0.0% 1.1% 3.0% 3.2% 9.5% 1.5% 4.0% 1.6% 2.1% 

968004** 6.9% 2.8% 1.1% 0.0% 3.1% 1.3% 11.0% 4.0% 5.2% 3.6% 1.4% 
1068000* 2.3% 4.3% 3.0% 3.1% 0.0% 5.0% 4.6% 3.0% 3.2% 3.5% 6.5% 
1069000 6.2% 2.2% 3.2% 1.3% 5.0% 0.0% 9.4% 3.4% 5.8% 3.0% 1.5% 
870002* 3.7% 7.9% 9.5% 11.0% 4.6% 9.4% 0.0% 7.9% 6.9% 8.4% 9.2% 
872000* 5.2% 4.9% 4.0% 5.2% 3.2% 5.8% 6.9% 4.3% 0.0% 4.5% 6.3% 
972000 4.7% 1.2% 1.6% 3.6% 3.5% 3.0% 8.4% 0.9% 4.5% 0.0% 2.2% 

 
After rejecting the gauges with inconsistent double mass curves, each watershed was left with at 
least three rainfall gauges whose time series were considered consistent, among each other and 
with the CRU-based regional rainfall. Then, the gap-filling procedure was run again using only 
the remaining consistent gauges to produce new consistent, gap-filled rainfall time series at each 
gauge. 
 
That gap-filled monthly rainfall time series at each gauge was then used to estimate the areal 
mean rainfall within each watershed. That mean rainfall was computed by spatial interpolation of 
gap-filled, gauge-data, using the inverse of squared distances to each gauge as the weighting 
factor, as described in Equation B.4. In that equation, PA is the mean area monthly rainfall over a 
given watershed, Pi is the monthly rainfall total at gauge i, di,k is the distance between the gauge i 
and the grid point k, n is the number of consistent gauges and m is the number of grid points 
within the watershed. 
 

�% = 1& � '∑ ���(�,#�)	����∑ �(�,#�)	���� *�
#��  

(B.4) 
 

In order to evaluate errors involved in gauge-based mean rainfall computations, the CRU and the 
Tropical Rainfall Measuring Mission (TRMM) datasets were used to produce alternative 
estimates of mean area rainfall for each watershed. As mentioned earlier, the CRU dataset 
provides estimates of monthly rainfall for the global land surface at the spatial resolution of 0.5 
degree. TRMM is a gridded rainfall dataset developed by the National Aeronautics and Spatial 
Administration (NASA), obtained from satellite observations of cloud reflectance, covering the 
tropical regions since 1998, when the mission started. The product used here (3B42) consists of a 
multi-satellite precipitation analysis that combines precipitation estimates based on microwave 
and infrared radiation, on a 3-hour temporal resolution. The spatial resolution is 0.25 degrees, 
covering the global belt between 50º South to 50º North [Huffman et al., 2010]. That data source 
has been proved to be consistent with ground rainfall conventional gauge data and has been used 
in many hydrologic studies in the Amazon [Collischonn et al., 2008; Clarke et al., 2011]. 
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A comparison of monthly rainfall gauge observations and TRMM estimates at the nearest grid 
cell is presented in Table B.5, in terms of Pearson correlation coefficients and RMSE. As 
expected, there is a significant correlation between gauge-based rainfall observations and 
satellite estimates from TRMM. The RMSE varies from 45.8 mm/month to 95.2 mm/month, 
which correspond from 30% to 47% of the monthly long term mean rainfall at each gauge. The 
sources of such differences are related to known uncertainties in the algorithms used to convert 
satellite observations cloud reflectance into precipitation estimates. Also, the spatial correlation 
structure of rainfall even within TRMM grid cells were reported to induce an overestimation of 
the significance of differences between gauge observations and TRMM estimates of rainfall in 
the Amazon [Clarke et al., 2011].  
 
Table B.5 – Selected rainfall gauges, Pearson correlation coefficients and RMSE of TRMM grid 

point estimates with respect to observed gauge rainfall. 

Watershed Rainfall gauge code R² 
RMSE 

(mm/month) 
% of rainfall 

monthly mean 

Cachoeira 
Caju 

8067002 0.25 85.4 30% 
8067001 0.23 87.6 38% 
8069004 0.28 87.5 31% 
8066002 0.21 95.2 37% 

Arapari 
8154000 0.49 76.2 47% 
154000 0.59 63.3 46% 
154003 0.65 58.5 43% 

Jaru 
1062001 0.60 66.8 42% 
1062003 0.66 53.0 36% 
1063001 0.64 72.2 44% 

Seringal 
Caridade 

968001 0.27 70.9 47% 
969001 0.57 45.8 30% 
1069000 0.59 55.4 42% 
972000 0.35 59.7 37% 

 
The comparisons between areal mean monthly rainfall from gap-filled gauge observations, 
TRMM, and CRU datasets are shown in Table B.6, in terms of RMSE and absolute errors. The 
RMSE values are smaller with respect to TRMM than with respect to CRU estimates. Also, 
RMSE respective to TRMM estimates varied from 43.8 mm/month to 80.5 mm/month, and are 
comparable to the errors in grid-point TRMM estimates previously shown in Table B.5. The 
negative absolute errors show that the gauge-based interpolations are slightly lower than the 
TRMM estimates for all four watersheds, and higher than CRU estimates for Arapari and 
Seringal Caridade. Figure B.6 presents scatter plots of gauge-based and TRMM-based mean 
areal rainfall, which show no significant bias. Therefore, the mean areal monthly rainfall 
computed here by spatial interpolation of gap-filled data is consistent with both TRMM and 
CRU products.  
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Table B.6 – RMSE and absolute error of gap-filled, monthly mean areal rainfall with respect to 
TRMM and CRU mean areal monthly rainfall. 

Basins 
RMSE (mm/month) Absolute error (mm/month) 

TRMM  
(1998 to 2013) 

CRU  
(1975 to 2012) 

TRMM  
(1998 to 2013) 

CRU  
(1975 to 2012) 

C. Caju 80.5 85.8 -5.4 -4.8 
Arapari 53.4 61.6 -18.4 16.8 
S. Caridade 52.7 88.9 -17.2 44.9 
Jaru 43.8 54.4 -2.4 -9.0 

 

 

 
 
Figure B.6 – Scatter plots of monthly areal rainfall from TRMM and from gap-filled gauge data 

at (a) Cachoeira Caju, (b) Arapari, (c) Jaru, and (d) Seringal Caridade. 
 
Three methods were tested to compute the mean areal daily rainfall from the consistent-checked 
rainfall gauge data within each watershed: (i) spatial interpolation, using the inverse of the 
squared distance as the weighting factor; (ii) simple average of daily rainfall at each gauge; and 
(iii) multiple regression of TRMM-based daily mean area rainfall on daily rainfall at each gauge. 
The performance of each method was checked by computing the RMSE and the absolute errors 
with respect to the monthly areal mean rainfall previously computed with gap-filled, consistent 
gauge data, as presented in Table B.7. 
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As shown in Table B.7, there are significant errors involved in any attempt of computing daily 
mean area rainfall over medium-sized Amazon watersheds from only a few existing rainfall 
gauges. Similar, but even higher, errors are obtained when the comparisons are made with 
respect to TRMM estimates of mean areal rainfall (not shown). Such differences highlight the 
high spatial variability of daily rainfall, which is not captured by the existing sparse network of 
rainfall gauges [Collischonn et al., 2008]. However, it is clear that the spatial interpolation 
method leads to better results in terms of lower RMSE and absolute errors.  

 
Table B.7 – RMSE and absolute error of mean areal rainfall computed from gauge daily data 

with respect to gap-filled, monthly mean areal rainfall. 

Basins 
RMSE (mm/month) Absolute error (mm/month) 

Spatial 
interpolation 

Simple 
average 

Multiple 
regression 

Spatial 
interpolation 

Simple 
average 

Multiple 
regression 

C. Caju 56.6 69.5 83.3 7.8 -36.6 -62.6 
Arapari 35.8 36.2 59.0 5.2 7.8 20.5 
S. Caridade 33.1 48.8 68.1 2.2 -23.9 -52.6 
Jaru 29.6 39.5 64.6 4.2 10.3 0.9 
Average 38.8 48.5 68.8 4.9 -10.6 -23.4 

 
Given the results from Table B.7, the spatial interpolation using the inverse of squared distance 
was applied to generate daily mean areal rainfall over each watershed (PA,d). However, a scaling 
factor was applied to those estimates in order to maintain the consistency between the daily and 
monthly estimates. As stated in Equation B.5, the scaling factors were the monthly ratios between 
the monthly mean areal rainfall obtained from the sum of daily mean areal rainfall (∑ �%,+, ), 
obtained by spatial interpolation of daily observation in each gauge, and the monthly means areal 
rainfall (PA), obtained by spatial interpolation of gap-filled, monthly rainfall at each gauge.  
 

�%,+ = �%,+, ∑ �%,+,�+���%  

(B.5) 
 

B.3. Evapotranspiration 
 
In Chapter 3, mean annual evapotranspiration (ET) was estimated from the difference between 
the long term mean annual rainfall and streamflow (ET = P – Q). The consistency of that 
estimate was checked against gridded estimates of potential evapotranspiration (PET) obtained 
from the CRU dataset and against flux tower observations of latent heat fluxes at the land 
surface. 
 
The mean areal PET for each watershed obtained from the CRU dataset was computed by 
averaging all grid point monthly values within each watershed. The point scale observations of 
evapotranspiration (corresponding to latent heat fluxes) were obtained at six existing flux towers. 
Those flux towers were installed as part of the Large Scale Biosphere Atmosphere Experiment 
(LBA), whose description and results are largely reported in the literature [de Gonçalves et al., 
2013; Keller et al., 2013]. Table B.8 presents information on those flux towers, whose 
characteristics are described as follows.  
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• SK67, SK77 and SK83 are all installed in the northeastern Amazon as part of the LBA 
Project [Keller et al., 2013].  SK67 is located in a primary rainforest site in a flat terrain, 
with trees up to 45 m tall and root systems extending up to 12 m deep. Weather and eddy 
covariance data were continuously collected between 2002 and 2006 after a 67 m tall flux 
tower was erected. SK77 is a pasture/agriculture site, developed after forest clearance, 
occurred in 1991 [Sakai et al., 2004].  From 2000 to 2005, data were collected from a 
20 m tall flux tower, over a variety of agricultural land uses including bare soil, to 
pasture, fallow, rice, and soybean. For this research, only the periods corresponding to 
pasture and soybean land covers were used. SK83 is a primary forest site subjected to 
selective logging and monitored with two flux towers from 2000 to 2004 [da Rocha et 
al., 2004; Goulden et al., 2004; Bruno et al., 2006], where soil moisture records to a 
depth of 10 m have been kept. 

 
• JJAR and JFNS are both located in the southeastern Amazon and were originally 

installed as part of the Anglo-Brazilian Amazonian Climate Observation Study 
(ABRACOS) project [Shuttleworth et al., 1984].  JJAR is a primary forest site with two 
periods of data collection: the “A” tower, height 53 m, which collected data from 
1991 to 1993, and the “B” tower, height 60 m, which collected data from 1999 to 2002.  
Additionally, soil moisture (to a depth of 3.6 m) and weather data were collected for a 
two-year period from 1991 to 1993. JFNS is a pasture site located near JJAR. A first 5 m 
tall flux tower was installed in 1991 and collected eddy covariance measurements in 
specific campaigns between 1991 and 1993. Continuous eddy covariance observations 
were made from a second, 8 m tall tower, from 1999 to 2002.  Soil moisture and weather 
data were also collected from 1991 to 1993, and groundwater level was found at 6.5 m 
deep [Andreae et al., 2002].  
 

• MK34 is a pristine rainforest site located in the Ducke reserve, located 25 km from the 
city of Manaus, at the northern Amazon. The tower is 45 m tall and extends above the 
canopy, which has average height of 40 m. Radiation, latent and sensible heat fluxes were 
measured from 1999 to 2002 [Araújo et al., 2002; Malhi et al., 2002]. 

 
Table B.8 – Flux tower data sources, land cover, location, and period covered. 

Site Full name Land 
cover 

Latitude 
(º) 

Longitude 
(º) 

Observation Period 

JJAR Jaru Forest -10.08 -61.93 3/1999 to 11/2002 
JFNS Fazenda Nossa Senhora Pasture -10.76 -62.36 3/1999 to 11/2002 
SK67 Santarem Km67 Forest -2.86 -54.96 1/2002 to 1/2006 
SK77 Santarem Km77 Pasture -3.02 -54.89 1/2001 to 11/2005 
SK83 Santarem Km83 Forest -3.01 -54.98 7/2000 to 3/2004 
MK34 Manaus Km34 Forest -2.61 -60.21 6/1999 to 9/2002 

 
Observed evapotranspiration correspond to latent heat fluxes measured at those flux tower sites. 
PET was computed using the Penman Monteith equation (Equation 4.3 presented in Chapter 4, 
assuming zero surface resistance) and meteorological data from the flux towers (net radiation 
fluxes, wind speed, air pressure, and water vapor deficit). Annual evapotranspiration and PET 
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from flux tower data and from the CRU dataset at the grid cells encompassing the flux tower 
sites are presented in Table B.9. 
 

Table B.9 – Comparison statistics between evapotranspiration (ET) from flux towers and PET 
from CRU data at coincident grid points. 

Flux 
Tower 

Land 
cover 

ET Flux 
tower 

(mm/year) 

PET 
Flux tower 
(mm/year) 

CRU 
(mm/year) 

Difference in 
PET (%) 

JJAR Forest 1030 1580 1080 32% 
JFNS Pasture 788 1390 1090 22% 
SK77 Crops 971 1430 1150 20% 
SK83 Forest 1260 1360 1150 15% 
SK67 Forest 1090 1330 1150 14% 
MK34 Forest 1170 1400 1120 20% 

ET = Evapotranspiration corresponding to the latent heat flux as measured at flux towers 
PET = Potential evaporation, computed with Peman-Monteith equation and flux tower data 
 

As shown in Table B.9, the differences between PET from flux tower observations and PET 
estimates from the CRU dataset vary from 14% to 32%. That suggests an underestimation of 
CRU-based PET, which might be explained by the fact that those estimates use only temperature 
and water vapor data. The ET observations at the flux towers are 7% to 43% lower than the PET 
estimated using the same flux tower data. The larger differences correspond to flux towers 
located at pasture and crop sites, in which the observed ET is expected to be lower than the PET.  
 
A comparison of annual ET obtained from P – Q, from flux tower observations, and from the 
CRU dataset is presented in Table B.10. The error in the ET estimated from P – Q with respect 
to the flux tower observation of annual ET varies from -11% to 14%. That suggests that (i) 
ET = P – Q is consistent with flux tower observations, and (ii) there is great homogeneity in 
watershed ET (since point scale and watershed scale estimates are similar). The ET estimated 
from P – Q is close to the CRU-based annual ET and that suggests evapotranspiration is close to 
potential rates. However, the CRU-based PET is possibly underestimated and, thus is not reliable 
to support that suggestion. On the other hand, ET = P – Q is below the PET estimated at all flux 
towers (see Table B.10), attesting its consistency. The consequences of using different ET 
estimates are further explored in next section. 
 

Table B.10 – Comparison of annual evapotranspiration (ET) and PET at each watershed 
estimated as ET = P – Q, from flux tower data, and from CRU datasets (all in mm/year). 

Watershed ET = P – Q Flux Tower PET Flux Tower ET PETCRU Error with respect 
to flux tower ET 

Jaru 1140 1580 1030 1140 11% 

S Caridade 1070 1580 1030 1080 4% 

Arapari 1340 1345 1175 1160 14% 

C Caju 1040 1400 1170 1070 -11% 
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A comparison of monthly averages of flux tower-based ET and CRU-based PET is presented in 
Figure B.7. The range of daily ET observations at each flux tower is also presented. Although the 
magnitude of CRU-based  PET (grid cell scale) and flux tower ET (point scale) matches, their 
temporal dynamics are not coincident, since the first follows the averaged seasonal change of 
radiation, temperature and water vapor deficit, while the later is more dependent on local, highly 
variable environmental conditions. The errors involved in measuring latent heat fluxes at flux 
towers also contribute to such differences at high spatial resolutions [Costa et al., 2010]. 
Moreover, it is apparent that there is a high variability of daily ET observations within a single 
month. That intra-month variability which is even higher than the seasonal variability of PET 
from CRU data. While PET follows a clear seasonal pattern, the ET does not present an evident 
seasonal cycle. Although those flux towers are located nearby only a few watersheds, their data 
represent typical values of evaporation from dense Amazon forests, which are expected to be 
similar in all studied watersheds, as indicated by the CRU dataset.  
 

 

 
Figure B.7 – Comparison of monthly mean and range (monthly maximum and minimum) of 
evapotranspiration daily observations at flux towers and corresponding monthly mean PET 

estimates from the CRU dataset at coincident grid points. 
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Since there was no evident seasonal pattern of ET from flux tower observations, daily ET was 
considered constant for the purposes of the analysis of Chapter 3. Further analysis of the daily, 
seasonal and inter-annual variability in ET are explored in Chapter 4 and 5, and in Appendix C. 
 
B.4. Water balance closure 
 
As a final consistency check, the long term annual water balance was computed for each 
watershed using three different estimates of mean areal ET. First, ET computed as the difference 
between annual mean areal rainfall and annual streamflow. Second, ET was taken as equal to 
flux tower observations. Third, ET was taken as equal to PET estimates from CRU data. In the 
first case, there will be no water imbalance as the long term change in storage is forced to equal 
zero. In the second and third cases, there will be some imbalances as the correspondent annual 
changes in storage will differ from zero, and that deviation is a measure of the overall error in 
hydrologic data for the watershed. That error is compared with the long term mean rainfall and 
with the other sources of errors related to the area mean estimates of rainfall and PET.  
 
The annual rainfall, streamflow, estimates of watershed ET, and corresponding water imbalances 
∆S are shown in Table B.11. For each watershed, flux tower ET was taken from the closest flux 
tower, and as the average of the closest flux towers SK67 and SK83 in the case of Arapari. As 
shown in Table B.11, those ET observations from flux tower data are close to the ET estimates 
from watershed water balance (P – Q), and CRU-based PET estimates. When the flux tower ET 
are used, imbalances from -4% to 10% of annual rainfall result, and when ET is taken as equal to 
PET, the imbalances reduce to -1% to 11% of annual rainfall.  
 

Table B.11 – Long term annual water balance terms, change in storage and relative error. 

Watershed 
P 

(1) 
Q 

(2) 
ET=P-Q 

(3) 
ET fluxtower 

(4) 
PETCRU 

(5) 
∆∆∆∆S/P (6) 

(%) 
∆∆∆∆S/P (7) 

(%)  
Cachoeira Caju 3290 2250 1040 1170 1070 -4% -1% 
Arapari 1690 350 1340 1175 1160 10% 11% 
Jaru 1820 680 1140 1030 1140 6% 0% 
Seringal Caridade 1750 680 1070 1030 1080 2% -1% 
(1) Long term annual rainfall obtained by averaging gauge data 
(2) Long term annual streamflow obtained from gauge data 
(3) Long term annual ET obtained from P – Q 
(4) Long term annual ET from flux tower data (Cachoeira Caju: MK34, Arapari: average of SK83 and SK67; 

Jaru and Seringal Caridade: JJAR) 
(5) Long term annual PET from CRU data 
(6) Watershed mean water imbalance using ET from flux towers (as percentage of annual rainfall). 
(7) Watershed mean water imbalance using ET=PET from CRU data (as percentage of annual rainfall). 

 
In order to use ET estimates consistent with the long term water balance closure in each 
watershed, mean annual ET is taken as the difference between P and Q for the purposes of 
Chapter 3. The resulting values are compatible with ET estimates from flux towers, as shown in 
Table B.11. Also, since there is little interannual variability (as shown by the CRU PET 
estimates), the daily ET was estimated as the mean annual ET divided by the number of days in 
each year. 
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The calculated annual rainfall at Cachoeira Caju watershed had a slight trend: the mean annual 
rainfall from 1982 to 1996 was 3070 mm/year while the mean annual rainfall from 1997 to 2011 
was 3290 mm/year. However, the annual streamflow had no significant trend: 2300 mm/year 
from 1982 to 1996 and 2250 mm/year from 1997 to 2011. If the estimates of annual rainfall and 
observations of annual streamflow are correct, then there must have been some increase in 
annual ET in order to close the water balance. In order to assure water balance closure, two mean 
annual ET estimates were computed for the different periods: 780 mm/year, for 1982 to 1996, 
and 1040 mm/year, for 1996 to 2011.  
 
The resulting time series of annual water balance components (evapotranspiration, streamflow 
and change in storage) in each watershed are shown in Figure B.8. It is apparent the large inter-
annual change in storage in all watersheds, varying from -133 mm/year to 172 mm/year at Jaru, 
from -222/year to 236 mm/year at S.Caridade, from -394 mm/year to 429 mm/year at Arapari, 
and from -512 mm/year to 346 mm/year at C.Caju. That change in storage can remain positive or 
negative for a number of years, which implies in large, sequential accumulations or releases of 
soil and groundwater. The maximum accumulated change in storage was -139 mm at Jaru (after 
three years), -348 mm at S.Caridade (after five years), 668 mm at Arapari (after five years), 
and -975 mm at C.Caju (after five years). Those values compatible with the physical 
characteristics of the Amazon watersheds, with deep soil columns and large storage capacity. 

 

 

 
Figure B.8 – Time series of annual water balance components in each watershed. 
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Appendix C – Consistency analysis, parameter fitting, and 
calibration of the rainfall, PET and soil-vegetation models 

used in Chapter 4 
 
 
This Appendix C presents the results from consistency analysis of basic hydrologic data and 
details of the calibration and validation of the rainfall, potential evaporation and soil-vegetation 
(SVI) models used in Chapter 4. Section C.1 presents the consistency analysis of the rainfall data 
observed at flux towers and at nearby rainfall gauges, all located at the Santarem region, at the 
Tapajos National Forest, northeast of the Amazon. Section C.2 presents the results from the 
parameter fitting of the rainfall stochastic model, used in Chapter 4 to generate synthetic hourly 
rainfall time series. Section C.3 describes the results from the calibration of the PET model 
against field estimates from flux tower observations. Section C.4 presents the calibration of the 
SVI model against observations of soil moisture and evaporation from flux towers, also used in 
Chapter 4. 
 
C.1. Rainfall data from eddy-covariance towers and nearby conventional gauges 
 
This section described the consistency analysis of the rainfall data used in Chapter 4 to fit 
parameters and check the performance of the rainfall stochastic model. Hourly rainfall data was 
obtained from observations at the flux towers SK67, SK77, and SK83, which are located 20 km 
apart from each other (described in Table C.1). Daily rainfall data was obtained from the 
conventional rainfall gauge code 354000 (described in Table C.2), located 137 km from the flux 
tower SK67. As already mentioned in Appendix B, the flux towers SK67, SK77 and SK83 were 
all installed in the northeastern Amazon as part of the Large Scale Biosphere-Atmosphere (LBA) 
project [Keller et al., 2013]. Their data have been used in numerous research studies [Saleska et 
al., 2003; da Rocha et al., 2004; Goulden et al., 2004; Sakai et al., 2004; de Gonçalves et al., 
2013; Keller et al., 2013]. Those flux tower data are available on-line at 
ftp://lba.cptec.inpe.br/lba_archives/CD/CD-32/CD32_Brazil_Flux_Network/.  

 
Table C.1 – Flux tower sites, land cover, location, and period of observation. 

Site Full name Land cover 
Latitude 

(º) 
Longitude 

(º) 
Observation 

Period 
SK67 Santarem Km67 Forest -2.86 -54.96 1/2002 to 1/2006 
SK77 Santarem Km77 Agriculture/Pasture -3.02 -54.89 1/2001 to 11/2005 
SK83 Santarem Km83 Forest -3.02 -54.98 7/2000 to 3/2004 

 
 
The conventional rainfall gauge 354000 [ANA, 2009] was selected after the assessment of the 
data consistency of the four nearest rainfall gauges to the site SK67, described in Table C.2.  
Those rainfall gauges are maintained by the Brazilian National Water Agency (ANA) and the 
data are also available on-line at http://hidroweb.ana.gov.br/. The assessment of those four 
gauges had the objectives of checking the consistency of the rainfall time series and the 
identification of the rainfall gauge that had statistical characteristics more similar to those 
observed at those observed at SK67. Once that rainfall gauge was identified, the stochastic 
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rainfall model could be developed with parameters fitted to both hourly data from the flux tower 
SK67 (covering four years) and the daily data from the selected rainfall gauge (covering 31 
years). 
 

Table C.2 – Rainfall gauge sites, location, period of observation, gaps (percent of days with 
missing data), years (complete years of data), and distance from SK67. 

Code 
Latitude 

(º) 
Longitude 

(º) 
Observation 

Period 
Gaps 
(%) Years 

Distance from 
SK67 (km) 

254000 -2.44 -54.71 1968 to 2013 2% 43.6 55 
354000 -3.89 -54.32 1978 to 2012 7% 31.2 137 
455004 -4.09 -54.90 1982 to 2012 1% 29.1 136 
454001 -3.97 -54.64 1982 to 2012 17% 24.6 128 

 
The consistency analysis consisted in the construction of monthly double mass curves using the 
pairs of flux tower data and gauge data, and the computation of correlation coefficients and root 
mean squared errors (RMSE) from pair-wise comparisons of flux tower and gauge monthly and 
annual rainfall totals. The double mass curves were constructed after filling the existing gaps in 
the data, using the same procedure described in Appendix B. The gaps in the monthly time series 
were filled by applying Equation C.2. In that equation, Pi,m is the monthly rainfall to be filled in 
gauge i and month m, ��� and ��� are the long term rainfall means in gauges i an j, Pj,m in the known 
monthly rainfall in gauge j in month m, and n is the number of best correlated gauges used. Thus, 
each missing monthly value was estimated as the weighting average of monthly values observed 
at nearby gauges, in which the weights were the ratios of rainfall long term means between pairs 
of gauges. 
 

��,� = 1� �� ������ ��,�
�

��� � 

(C.2) 
 
Figure C.1 presents the double mass curves obtained for pairs of flux tower data and for pairs of 
flux tower and the four conventional gauges described in Table C.2, for the coincident period 
from 8/2000 to 12/2005. The percentage of gaps filled within that period of 65 months was 12%, 
48% and 28%, for the flux towers SK77, SK83 and SK67, respectively, and 0%, 11%, 8% and 
8% for the rainfall gauges 254000, 354000, 455004, and 454001, respectively. The curves in 
Figure C.1 indicate great coherence between rainfall data measured at SK67 and SK77, but some 
underestimation of rainfall at SK83. In addition, the other double mass curves (Figure C.1b and 
C.1c) indicate a large overestimation of the rainfall data observed at 254000, compared to the 
other rainfall gauges. The gauge 254000 is located at the city of Santarem and nearby the 
Amazon river, where more rainfall is expected due to river breeze processes already identified in 
previous studies [Fitzjarrald et al., 2008; Paiva et al., 2011]. Since the data from that gauge is 
clearly not consistent with the others, it was excluded from subsequent analysis. The other three 
rainfall gauges presented more consistency among each other and with the data from the flux 
tower SK67.  
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Figure C.1 – Double mass curve of gap-filled monthly rainfall time series for (a) pairs of flux 
towers SK67, SK83 and SK77, (b) pairs of flux tower SK67 and rainfall gauges 254000 and 

354000, and (c) pairs of flux tower SK67 and rainfall gauges 455004 and 454001. 
 
Table C.3 presents the annual rainfall for the period of observation at flux towers, computed 
from the gap-filled monthly totals. The average annual rainfall at the flux towers are similar to 
those observed at the gauges, but the gauge 354000 had the closest annual total, compared to the 
flux tower measurements. Also, the highest rainfall measured at 254000 is confirmed, indicating 
that the rainfall characteristics at that site are different from what is observed at the flux towers 
and the other gauges.  
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Table C.3 – Annual rainfall from gap-filled monthly data from flux towers and rainfall gauges. 

Year 
Flux towers Rainfall gauges 

SK77 SK83 SK67 254000 354000 455004 454001 
2000 1720 1636 1867* 2831 1661 1856 1662 
2001 1477* 1253* 1559* 2288 1406 1461 1395 
2002 1603 1550* 1267 2356 1606* 1874 1886 
2003 1555* 1515* 1999 2620 1745* 1692* 1527* 
2004 1471* 1159* 1308* 2315 1315 1735 1867 

Average 1565 1423 1600 2482 1546 1724 1667 
*Years when the annual rainfall was computed from gap-filled monthly data. 

 
Additional assessments of the differences between flux tower and gauge data were performed 
using only the observed data (not gap-filled). As presented in Figure C.2 (a, b and c), the 
observed monthly rainfall data at all three conventional gauges exhibited no significant bias and 
are highly correlated among each other. The linear correlations coefficients were 0.79, 0.72 and 
0.76, and the RMSE were 67 mm/month, 61 mm/month and 55mm /month, for the pairs of 
gauges 454001 x 455004, 354000 x 455004, and 354000 x 454001, respectively. The 
comparisons among the flux towers (Figure C.3, d, e and f) indicate a high correlation of 0.91 
between SK77 and SK83, and lower correlations with SK67 (0.57 when compared to SK77 and 
0.58 when compared to SK83). The RMSE is much lower for the comparison between SK77 and 
SK83 (28 mm/month), but in the other comparisons it is similar to the values computed for the 
rainfall gauges: 71 mm/month for SK67 x SK77, and 69 mm/month for SK67 x SK83.  
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Figure C.2 – Scatter plots of observed monthly rainfall for pairs of conventional rainfall gauge 
data and pairs of flux tower data: (a) rainfall gauges 454001 and 455004, (b) rainfall gauges 

354000 and 455004, (c) rainfall gauges 354000 and 454001, (d) flux towers SK77 and SK83, (e) 
flux towers SK77 and SK67, and (f) flux towers SK67 and SK83. 

 
Figure C.3 presents further comparisons between gauge and flux tower monthly rainfall data. 
Since SK83 is highly correlated with SK77, only SK77 and SK67 were included in those plots. 
The monthly rainfall at SK77 presented similar linear correlations with all three gauges (0.61, 
0.62, and 0.62 for gauges 354000, 455004, and 454001, respectively), while at SK67 the linear 
correlations were lower (0.40, 0.40, and 0.31 for gauges 354000, 455004, and 454001, 
respectively). Those correlations are lower than the correlations among rainfall gauges or among 
flux towers because the gauges are located 130 km from the flux towers, but are 20 km apart, 
while the flux towers are sited even closer to each other.  
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Figure C.3 – Scatter plots of monthly rainfall observed at the flux tower SK77 against observed 
rainfall at the conventional gauge (a) 354000, (b) 455004, and (c) 454001, and at the flux tower 

SK67 against observed rainfall at (d) 354000, (e) 455004, and (f) 454001. 
 
Also noticeable is the lower correlations with SK67 (from 0.61 to 0.62) compared to SK77 (from 
0.31 to 0.40. That discrepancy is also apparent from the RMSE of monthly and annual rainfall, 
presented in Table C.4, which are also larger for all comparisons of SK67 with all rainfall 
gauges, for both monthly and annual rainfall. Also, as saw in Figure C.2, the SK67 had the worse 
correlations with the nearby flux towers. Those discrepancies might indicate inconsistencies in 
the rainfall data from SK67, but might also be a result of the spatial variability of convective 
systems at the local scale [Silva Dias, M.A. et al., 2004; Fitzjarrald et al., 2008; Paiva et al., 
2011]. SK77 and SK83 are located more close to each other, while SK67 is located 20 km away; 
that may explain the highest correlation between the first two towers. Moreover, SK67 is more 
distant from the group of three rainfall gauges, compared to SK77, and that could explain its 
lower correlation with those gauges. Furthermore, the differences between flux tower and rainfall 
gauges are also associated with the distinct measurement equipment. While the flux towers use 
automatic tipping buckets that are able to measure rainfall at the hourly scale, the conventional 
gauges use totalizing buckets, which require daily observations of daily rainfall totals. The 
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differences in the equipment are known to result in underestimation of daily rainfall totals of up 
to 15% [Fitzjarrald et al., 2008]. Although some underestimation of monthly rainfall from the 
flux towers is noticed from Figure C.3, no significant bias was identified. 
 
From the above analysis, the rainfall data at SK77 and SK83 can be considered consistent, as 
they are highly correlated to each other (Figure C.2d). Additionally, the rainfall data from the 
three conventional gauges 35400, 454001, and 455004 can be considered consistent among each 
other (Figures C.2a, C.2b and C.2c). The correlations between SK77 and the conventional 
gauges are lower (Figure C.3a, C.2b and C.2c), but the RMSE have the same order of magnitude 
of the RMSE among the conventional gauges (Table C.4). Therefore, considering the distance 
between them, the SK77 and the gauges can be considered consistent between each other. The 
correlations between SK67 and the conventional gauges are even lower (Figure C.3d, C.2e and 
C.2f), and the RMSE are somewhat higher (Table C.4). That can indicate either an inconsistency 
in the rainfall data at SK67, or a consequence of the spatial variability of convective rainfall at 
the local scale. Finally, the gauge 354000 had the lower monthly RMSE and annual RMSE 
(Table C.3), indicating that its rainfall characteristics are the closest compared to what is 
observed at the flux towers. Thus, the gauge 354000 was chosen for fitting the daily-scale 
parameters of stochastic model used in Chapter 4. 
 
Table C.4 – RMSE of monthly and annual rainfall at rainfall gauges with respect to monthly and 

rainfall at each flux tower. 
Flux 
tower 

Monthly RMSE (mm/month) Annual RMSE (mm/year) 
354000 455004 454001 354000 455004 454001 

SK77 71 66 71 118 190 223 
SK83 63 66 73 145 335 357 
SK67 96 93 107 221 362 444 

 
For the purposes of the analysis in Chapter 4, the hourly scale parameters of the stochastic model 
were individually fitted to data from all three flux towers, as it will be described later. Since 
those parameters were similar to each other and since the SK67 is the only flux tower at a forest 
site with sufficient data of evaporation, the parameters from SK67 were chosen to generate the 
synthetic hourly time series. However, in the sensitivity analysis developed later in Chapter 4, 
those hourly parameters were varied within a range of values, which also included the 
parameters values fitted to data from SK77 and SK83. Thus, regardless of the differences 
between flux tower and rainfall gauges, the synthetic time series and resulting simulations in 
Chapter 4 encompassed all the range of rainfall characteristics observed in both flux towers and 
rainfall gauges. 
 
C.2. Fitting of the parameters of the rainfall model 
 
As described in Chapter 4, the daily-scale parameters of the stochastic rainfall model correspond 
to the transition probabilities Pdd (probability of occurrence of a dry day, given that the previous 
day was dry) and Pww (probability distribution of occurrence of a wet day, given that the 
previous day was wet), in each month. Those parameters were computed directly from the daily 
rainfall data at the gauge 354000, using Equations 4.1 and 4.2, and are described in Table C.5.  
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The goodness of the fit of those parameters was further verified by comparing the cumulative 
probability distributions of the duration of dry and wet spells in each month, obtained from the 
empirical data (observed at the gauge 354000), and from a stochastic simulation of 100 years of 
sequences of dry and wet days. The stochastic simulation used the non-homogenous Markov 
model described in Chapter 4 and the fitted parameters described in Table C.5. The obtained 
cumulative probability distributions are presented in Figures C.4 and C.5. The empirical and 
modeled cumulative probability distributions were compared using the Komolgorov-Smirnov 
statistic [Massey, 1951; Wilks, 2006] and the results are presented in Table C.5. According to the 
Komolgorov-Smirnov test, the modeled and empirical distributions of durations of wet spells are 
statistically equal for all months, while the distributions of duration of dry spells are not 
statistically equal for November only. 

 
Table C.5 – Transition probabilities for daily dry and wet spells, computed from daily rainfall 

data at the gauge 354000, and corresponding Komolgorov-Smirnov statistic. 

Month 
Fitted parameters Komolgorov-Smirnov statistic 

Pdd Pww Dry spell Wet spell 

Jan 0.42 0.74 0.07 0.06 

Feb 0.38 0.81 0.05 0.08 

Mar 0.32 0.77 0.01 0.05 

Apr 0.37 0.79 0.02 0.04 

May 0.55 0.67 0.08 0.08 

Jun 0.74 0.47 0.09 0.01 

Jul 0.80 0.38 0.05 0.03 

Aug 0.83 0.31 0.07 0.01 

Sep 0.79 0.34 0.06 0.02 

Oct 0.78 0.41 0.05 0.01 

Nov 0.77 0.41 0.11* 0.02 

Dec 0.63 0.52 0.01 0.04 
*Distributions not considered statistically equal. 
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Figure C.4 – Cumulative probability distributions of daily dry spell durations obtained from the 
daily rainfall data at the gauge 354000 (empirical) and from model simulations (model) with the 

fitted daily scale parameters (transition probabilities Pdd and Pww), for each month. 
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Figure C.5 – Cumulative probability distributions of daily wet spell durations obtained from the 
daily rainfall data at the gauge 354000 (empirical) and from model simulations (model) with the 

fitted daily scale parameters (transition probabilities Pdd and Pww), for each month. 
 

A number probability distribution models were evaluated to identify the best one to represent 
daily rainfall totals at the gauge 354000. The parameters of each distribution model were fitted 
using the maximum likelihood method. The goodness of each fit was evaluated with the 
Komolgorov-Smirnov statistic [Wilks, 2006], computed from theoretical and empirical 
probability distributions. The computed Komolgorov-Smirnov statistics were 0.15, 0.18, 0.15, 
0.27, 0.22 and 0.15, for the lognormal, exponential, gamma, extreme value, generalized extreme 
value (GEV) and Weibull distributions. The gamma distribution was then chosen as the best 
distribution, with shape and scale parameters 0.706 and 15.64, respectively. 
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At the hourly scale, the performance of a number probability models was tested in order to 
choose the best model to represent the frequency distribution of storm duration (in hours), 
intensity (in mm/h) and inter-arrival time (or the time between storms, in hours) obtained from 
the hourly rainfall at the flux tower SK67. The probability distribution models evaluated were 
the lognormal, the exponential, the gamma, the extreme value, the generalized extreme value 
(GEV) and the Weibull distributions. The parameters of each distribution model were fitted 
using the maximum likelihood method and the goodness of each fit was evaluated with both the 
Komolgorov-Smirnov and chi-square tests [Wilks, 2006]. The resulting statistics are presented in 
Table C.6 and the cumulative probability distributions obtained from hourly rainfall data at SK67 
(empirical) and from each probability model are presented in Figure C.6.  
 

Table C.6 – Assessment of the goodness of the fitting of different probability models to the 
frequency distribution of rainfall intensity, duration and inter-arrival time obtained at SK67, 

using the Komolgorov-Smirnov and the Qui-square statistics. 

Probability  
distribution  

Komolgorov-Smirnov statistic Qui Square statistic 

Intensity Duration Interarrival 
time Intensity Duration  Interarrival 

time 
Lognormal 0.21 0.39 0.12 0.32 0.25 0.33 

Exponential 0.17 0.19 0.10 0.25 0.10 0.16 

Gamma 0.22 0.38 0.09 0.39 0.26 0.22 

Extreme Value 0.36 0.31 0.14 0.79 0.25 0.33 

GEV* 0.37 0.37 0.37 0.38 0.22 3.27 

Wiebull 0.19 0.33 0.09 0.30 0.22 0.24 
*Generalized Extreme Value distribution. 
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Figure C.6 – Cumulative probability distributions of (a) hourly rainfall intensity, in 

mm/h, (b) storm duration, in hours, and (c) storm inter-arrival times (time between storms), in 
hours, obtained from different probability distribution models with parameters fitted to the 

hourly rainfall data at the flux tower SK67. 
 
The exponential distribution resulted in the best goodness of fit for all rainfall characteristics, 
according to the chi-square statistic. That was also true according to the Komolgorov-Smirnov 
statistic, except for the inter-arrival time, in which the gamma and the Weibull distributions 
resulted in slightly better performance. Thus, the exponential distribution was chosen to model 
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all three hourly-scale rainfall characteristics: storm intensity, duration and inter-arrival time. The 
parameters fitted to the exponential distribution using the hourly rainfall data from each flux 
tower are presented in Table C.7. The similarity of the parameters is noticeable and thus very 
small differences are expected in the synthetic times series generated with parameters fitted to 
different flux tower data. Therefore, using the parameters fitted to the data from SK67 should 
lead to results similar to what would be obtained with parameters from the other flux tower data.   
 

Table C.7 – Exponential distribution parameters fitted to each flux tower data. 
Flux tower Intensity (mm/h) Duration (h) Interarrival time (h) 

SK77 5.11 1.63 9.79 
SK83 5.31 1.67 9.45 
SK67 5.33 1.67 10.17 

 
C.3. Calibration of parameters of the PET model 
 
The parameterization of the PET model requires the determination of suitable aerodynamic and 
surface resistance terms. Thus, a calibration procedure was conducted to choose the best model 
for the aerodynamic (ra) and surface resistances (rs).  In that procedure, four different roughness 
models to compute ra and a range of values of rs were tested so as to find the combination that 
minimized the difference between simulated PET (from Equation 4.3) and observed PET 
(estimated from flux tower observations of latent heat fluxes in days of abundant soil water). 
That condition of abundant soil water was inferred as the days when previous daily total rainfall 
was above 4 mm, a threshold selected based on the maximum observed PET, which lies the 
range 3.5 to 3.8 mm/day at MK34 [Shuttleworth, 1988], with similar land cover compared to 
SK67. Those observations (hourly ET following rainy days with more than 4 mm/day) 
correspond to 23% of all the flux tower measurements at SK67. 
 
The aerodynamic resistances ra (s/m) were computed using Equation C.1. In that equation, Zw 
and Zr are the height (in [m]) of measurement of water vapor and momentum, respectively, Zom 
and Zov are the roughness heights (in [m]) for momentum and water vapor, respectively, d is the 
zero displacement height (in [m]), k is von Kalman’s constant (0.41), and u is the wind speed (in 
[m/s]). The four roughness models were tested to define the values of Zom, Zov and d, as described 
in Table C.8. Those four different roughness models differ in their empirical parameterizations 
of the surface roughness as a function of vegetation characteristics and wind speed. Those 
models use (i) stem density and exponential functions of leaf area index (LAI) [Nakai et al., 
2008], (ii) logarithmic functions of LAI [Shaw and Pereira, 1982], (iii) only empirical functions 
of the height of observations at the flux tower [Shuttleworth et al., 1991], and (iv) the ratio of 
wind speed to the observed friction velocity [Brutsaert, 2005].  
 
For the roughness model of [Nakai et al., 2008], the stem density of 3000/ha was taken from 
field measurements at the Cueiras forest near the city of Manaus, central Amazon [Shuttleworth, 
1988], a dense forest site with characteristics similar to the SK67 site. For the roughness model 
of [Shaw and Pereira, 1982], LAI was obtained from products from the Moderate Resolution 
Spectroradiometer (MODIS), on board of ACQUA and TERRA satellites, available on-line at 
http://modis.gsfc.nasa.gov/. For the generic roughness model, parameters f1 and f2 were taken 
from previous field studies conducted at the Cuieiras forest [Shuttleworth et al., 1989].  
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�- = ./0 12 − (13� ./0 14 − (135 6)	7)� 

(C1) 
 

Table C.8 – Roughness models tested to obtain estimates of the aerodynamic resistance ra. 

Model Equations Parameterization 

[Nakai et al., 2008] 

8+ = 91 − exp �−>?�@>?  

8- = 91 − exp �−ABCD�@ABCD  ( = ℎ�1 − 8+8-� 13� = 13F8+8- 135 = 0.113� 

α = 0.000724 
β = 0.273 
Zoc=0.246 

σ=3000 stem/ha 
[Shuttleworth, 1988] 

h=40m 

[Shaw and Pereira, 
1982] 

( = 1.1ℎ./0 I1 + KBCD5 MN.	OP 13� = 0.3ℎ�1 − (/ℎ� 135 = 0.113� 

LAI taken from MODIS 
h=40m 

Generic 
( = 8�ℎ 13� = 8	ℎ 135 = 0.1S3� 

f1 = 0.86, f2 =0.06  
[Shuttleworth et al., 1989] 

h=40m 

Friction velocity ra=u/u*
2 

u*=friction velocity,  
observed at the flux 

towers 
 

For each model, a range of values of surface resistance (rs) was tested and the absolute error in 
daily, monthly and annual PET, with respect to the observed PET, was computed. The roughness 
model developed by Shaw and Pereira [1982] resulted in the best results (lowest absolute error 
of simulated daily PET compared to field estimates of daily PET). The resulting mean absolute 
error in daily PET (mm/day) for a range of surface resistances are presented in Figure C.7 for the 
flux towers SK77 and SK67.  The optimal, daily mean surface resistances obtained were 86 s/m 
and 66 s/m, for SK67 and SK77, respectively. Those results and the average absolute errors in 
daily, monthly, and annual PET, as a fraction of the long-term daily, monthly and annual means 
are presented in Table C.9. 
 

Table C.9 – Results from the calibration of the roughness model and surface resistance. 
Flux tower SK67 (forest) SK77 (agriculture) 
Best roughness model [Shaw and Pereira, 1982] 
Optimum daily mean surface resistance (s/m) 87 66 
Minimum mean absolute error in daily PET 0.19 mm/day 0.45 mm/day 
Daily absolute error 1.7% 0.2% 
Monthly absolute error 4.0% 0.8% 
Annual absolute error 0.7% 1.8% 
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Figure C.7 – Mean absolute error in daily PET, simulated using the Penman-Monteith and 

the roughness model of Shaw and Pereira [1982], with respect to field estimates of PET, for 
a range of daily mean surface resistances at the flux towers SK67 and SK77. 

 
The average absolute errors described in Table C.9 derived from the evaluation of the 
performance of the Penman-Monteith in simulating the PET with the calibrated surface and 
aerodynamic resistances at SK67, presented in Figure C.8. Figures C.8a and C.8b present scatter 
plots PET from model and from field estimates at hourly and daily scales, respectively. It can be 
seen that the model presents no bias. Also, there is large variability at hourly scale, and lower 
variability at the daily scale. Figures C.8c and C.8d present a comparison of modeled and 
empirical time series of monthly and annual PET, respectively. There is a good agreement in 
both monthly and annual values, although the large number of gaps in observations prevents a 
statistical assessment of the differences in annual PET. 
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Figure C.8 – Comparisons between observed PET estimated as eddy covariance measurements 

of ET on days following at least 4mm/day of rainfall, and modeled PET as computed by 
Penman-Monteith equation at SK67, forest site. Plots (a) and (b) are scatter plots for hourly and 
daily values and the black line represents the perfect match of observed and modeled values (1:1 

line). Plots (c) and (d) are time series for monthly and annual totals. 
 
As described in Chapter 4, the best roughness model and the optimal daily-mean surface 
resistance were used to compute the hourly PET for the period of data availability at the flux 
tower SK67. That tower has 47 months of available data, compared to only 34 months at SK83, 
the other flux tower at a forest site. Thus, SK67 was chosen to extract the patterns of 24-hour 
cycle of PET, associated to rainy and non-rainy conditions. Those patterns were then used to 
synthetically generate hourly time series of PET based on the also synthetic time series of hourly 
rainfall, generated with the stochastic model described before. 
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The performance of using the 24h-cycle of rainfall-conditioned PET was verified by comparing 
it with actual Penman-Monteith estimates. That comparison is presented in Figure C.9 for SK67 
and for hourly, daily, monthly and annual time scales. Figures C.9a and C.9b are scatter plots of 
hourly and daily PET computed with Penman-Monteith and from the 24-hour cycles of PET. 
Those figures indicate that there is no bias in using rainfall-conditioned PET patterns, but the 
errors persist at hourly and daily scales. Figures C.8c and C.8d refer to monthly and annual PET 
estimates, indicating small errors at those time scales. 
 

 
Figure C.9 – Comparisons between estimates of PET as computed by Penman Monteith and 

estimates of PET computed using the 24-hour cycles conditioned to rainfall occurrence, at SK67. 
Plots (a) and (b) are scatter plots for hourly and daily values and the black line represents the 

perfect match of estimates. Plots (c) and (d) are time series of monthly and annual totals. 
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In order to further verify the performance of using the rainfall-conditioned 24h-cycle PET 
estimates, two other alternatives were tested: (i) using the unconditioned mean 24-hour cycle 
PET, and (ii) using mean 24-hour cycle PET conditioned to reduced radiation, used as a 
surrogate of cloudiness occurrence. In this last alternative, the cloudiness condition was assumed 
to occur whenever the land incoming shortwave radiation dropped below 95% of its maximum 
hourly value observed in each month. The results, presented in Table C.10 for SK67 and SK77, 
indicate that conditioning on rainfall or incoming solar radiation reduces the errors in all scales, 
compared to the unconditioned PET estimates. However, conditioning on rainfall occurrence or 
on incoming radiation result in similar errors. In addition, the errors represent a small fraction of 
the long-term means, and tend to decrease from daily to monthly, and to annual scales. 

 
Table C.10 – Absolute error in daily, monthly and annual PET resulting from different PET 

estimation methods, with respect to Penman-Monteith estimates of PET. 

Flux tower 
Unconditioned 
PET 24h cycle 

PET 24h cycle 
conditioned on 

rainfall 

PET 24h cycle 
conditioned on reduced 

solar radiation 
Absolute error in daily PET (% of long term mean) 

SKM67 – forest 15.3 11.6 9.3 
SKM77 - agriculture 21.5 11.2 18.1 

Flux tower Absolute error in monthly PET (% of long term mean) 
SKM67 – forest 3.9 3.5 1.3 
SKM77 – agriculture 8.8 3.6 6.2 

Flux tower Absolute error in annual PET (% of long term mean) 
SKM67 – forest 3.5 2.9 2.2 
SKM77 – agriculture 7.0 1.8 3.8 
 

C.4. Calibration of the soil parameters of the SVI-model 
 

As described in Chapter 4, the strategy for the calibration of the soil-vegetation integrated model 
(SVI model) focused on the search of best estimates of the soil composition fractions (coarse 
sand, fine sand, silt, and clay) for three layer of soil (0 m to 1 m, 1 m to 2 m, and 2 m to 12 m) at 
the site of the flux tower SK83. Then, from the optimal soil composition, the soil-water retention 
curve parameters from the Van Genuchten equation [van Genuchten, 1980], Equation 4.13, could 
be estimated using pedo-transfer functions developed for the Brazilian soils [Tomasella et al., 

2000]. Those pedo-transfer functions are empirical expressions that relate soil hydraulic 

parameters to soil composition and have been constructed from numerous field experiments.  

 

The calibration procedure consisted in conducting 100 sequential simulations with the SVI 

model and data from the flux tower SK83, each on them using a different set of soil composition 

fractions, randomly sampled from uniform distributions (from 0% to 100% of either coarse sand, 
fine sand, silt, and clay). The simulations used 21 months of weather data observed at SK83, for 
period from 3/2002 to 12/2003, when soil moisture data was also available at depths up to 10 m.  
For each simulation, the RMSE of the simulated average soil moisture at each soil layer with 
respect to the observed average soil moisture was computed. After the 100 simulations, the soil 
composition fractions leading to the minimum RMSE was chosen. Those optimal soil 
composition fractions are presented in Table 4.5 in Chapter 4.  
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A comparison of observed and modeled (resulting from the optimal soil composition fractions of 
Table 4.5) vertically averaged soil moisture, for at each soil layer (the total soil water content 
divided by the soil layer thickness), is presented in Figure C.9. The upper, middle and lower 
Figures C.9a, C.9b, and C.9c refer to the soil layers between 0 m to 1 m, 1 m and 2 m, and 2 m 
and 12 m, respectively. It is clear that a very good match between observed and modeled soil 
moisture was obtained for the top and middle soil layers, while a relatively worse calibration 
were achieved at the bottom soil layer. 
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Figure C.10 – Observed and modeled soil moisture (%) in the (a) top soil layer (0 m to 1 m), (b) 

middle soil layer (1 m to 2 m), and (c) bottom soil layer (2 m to 12 m), at SK83. 
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The performance of the calibration was quantified by computing the RMSE in each layer, in 
terms of total soil water content [mm], and the results are presented in Table C.11. The RMSE is 
the square root of the average of the squared differences between observed and modeled total 
soil water content in each layer. Thus, it is a measure of the average model error in terms of soil 
water content. The RMSE was also compared to the observed average soil water content SM, as 
described in Table C.11. 
 
Table C.11 – RMSE in terms of soil water content and percent of the average water content for 

each soil layer, with respect to observed soil water content at SK83. 
Soil layer RMSE  

(mm) 
Observed Average Soil 

Water Content SM (mm) 
RMSE / SM 

0 m to 1 m 13 mm 492 mm 2.6% 
1 m to 2 m 25 mm 492 mm 5.1% 
2 m to 12 m 218 mm 5022 mm 4.3% 

 
The RMSE at each soil layer was 13 mm, 25 mm and 218 mm. Although the RMSE at the 
bottom layer is much larger, it still represents a small fraction (4.3%) of the average water 
content, which is large for this deep soil column. In addition, the general seasonal pattern of soil 
moisture variation is capture by the model, which is sufficient for the purposes of the analysis in 
Chapter 4, focused on the identification of the statistical characteristics of water balance 
components.  
 
A noticeable feature in the comparison of modeled and observed soil moisture (Figure C.10) is 
the faster rate of decline of soil moisture observations compared to model results, in both middle 
and bottom layers. That might be related to even more intense root water extraction, or to lateral 
soil water fluxes, which are not represented in the SVI model. Those differences point to the 
need to further improve the representation of soil water fluxes and to enhance model calibrations 
from more detailed data on soil composition and hydraulic parameters. Those improvements are 
beyond the scope of Chapter 4 and are left as future research needs, as described in Chapter 6. 
 




