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Abstract. Recent extreme events in the Amazon River basin
and the vulnerability of local population motivate the development of hydrological forecast systems using process
based models for this region. In this direction, the knowledge of the source of errors in hydrological forecast systems
may guide the choice on improving model structure, model
forcings or developing data assimilation systems for estimation of initial model states. We evaluate the relative importance of hydrologic initial conditions and model meteorological forcings errors (precipitation) as sources of stream
flow forecast uncertainty in the Amazon River basin. We
used a hindcast approach that compares Ensemble Streamflow Prediction (ESP) and a reverse Ensemble Streamflow
Prediction (reverse-ESP). Simulations were performed using the physically-based and distributed hydrological model
MGB-IPH, comprising surface energy and water balance,
soil water, river and floodplain hydrodynamics processes.
The model was forced using TRMM 3B42 precipitation estimates. Results show that uncertainty on initial conditions
plays an important role for discharge predictability, even
for large lead times (∼ 1 to 3 months) on main Amazonian
Rivers. Initial conditions of surface waters state variables are
the major source of hydrological forecast uncertainty, mainly
in rivers with low slope and large floodplains. Initial conditions of groundwater state variables are important, mostly
during low flow period and in the southeast part of the Amazon where lithology and the strong rainfall seasonality with
a marked dry season may be the explaining factors. Analyses
indicate that hydrological forecasts based on a hydrological
model forced with historical meteorological data and optimal
initial conditions may be feasible. Also, development of data
assimilation methods is encouraged for this region.

1

Introduction

Recent extreme hydrological events have occurred in the past
years in the Amazon River basin, such as the 2009 flood
(Chen et al., 2010) and the 1996 (Tomasella et al., 2010),
2005 (Marengo et al., 2008; Zeng et al., 2008; Chen et al.,
2009) and 2010 (Espinoza et al., 2011; Marengo et al., 2011)
droughts. These extreme events caused several impacts on local population, since most settlements lie along the Amazon
and its main tributaries where susceptibility to floods is large.
Also, local population strongly depends on these rivers for
transportation of people and goods, agriculture, generation
of hydroelectricity, among other needs. The vulnerability to
hydrological extremes could be reduced with information
provided by Hydrological Forecast Systems.
Currently, the attempts for developing hydrological forecasts in the Amazon are all based on statistical methods. Uvo
and Grahan (1998) and Uvo et al. (2000) developed seasonal
water level and discharge forecasts (March–May period) for
6 river stream gauges in the Brazilian Amazon, including
Belo Monte, Samuel and Balbina reservoirs sites and also
Negro River at Manaus, based on rain gauge data, streamflow
data and Pacific and Atlantic Ocean sea surface temperatures
(SSTs) using a canonical correlation analysis in the first and
an artificial neural network approach in the latter. The authors conclude that, in the Amazon, it is possible to forecast
seasonal runoff one season in advance with a certain degree
of accuracy using empirical models, SST and/or precipitation data, with correlation coefficient between observed and
estimated discharges ranging from −0.38 to 0.74 in Uvo and
Grahan (1998) and from 0.53 to 0.86 in Uvo et al. (2000).
Schongart and Junk (2007) presented retrospective forecasts
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of the maximum water level in Central Amazonia (Manaus)
using El Niño – Southern Oscillation (ENSO) indices. Cappalaere et al. (1996) developed flood forecasts methods for
Central Amazonia (Manaus) for lead times ranging from 10
to 60 days, using statistical-type modelling of the stage time
series recorded at the main river gauges in the Brazilian
Amazon basin.
However, hydrological forecast systems based on physically based hydrological models such as Wood et al. (2002),
Collischonn et al. (2005) or Thielen et al. (2009) were not
evaluated in the region, although hydrological modelling of
the Amazon is being continually developed (e.g. Beighley et
al., 2009; Decharme et al., 2008; Coe et al., 2007; Getirana
et al., 2010; Paiva et al., 2011, 2012a, b; Trigg et al., 2009;
Yamazaki et al., 2011; Guimberteau et al., 2012).
Prediction errors of the hydrological forecast systems arise
from uncertainty on (i) model structure and parameters, (ii)
atmospheric forcing such as precipitation and (iii) initial
states (e.g. preceding soil moisture or volume of water stored
in rivers and floodplains). The type of model forcings can
range from simple climatology to an ensemble of historical meteorology (Day, 1985) or to more complex weather
forecasts obtained from general or regional circulation models (e.g. Collischonn et al., 2005; Wood et al., 2002). In
contrast, several data assimilation methods (Reichle, 2008;
Liu and Gupta, 2007) can be employed to improve initial
states estimates. Numerous hydrologic remote sensing products that can be assimilated have been developed recently,
such as river water levels from nadir altimeters (Alsdorf et
al., 2007; Santos da Silva et al., 2010), Terrestrial Water Storage from GRACE mission (Tapley et al., 2004a, b; Chen et
al., 2009), soil moisture estimates from SMOS mission (Kerr
et al., 2001), flooded inundation extent (Hess et al., 2003;
Papa et al., 2010; Prigent et al., 2007), energy fluxes and
evapotranspiration (e.g. Vinukollu et al., 2011) and in future flooded extent with water level from the SWOT mission (Durand et al., 2010). Therefore, the knowledge of the
relative importance of each source of errors plays an important role on the hydrological predictability and also supports the choice of technique to be developed first: improving model structure, improving or looking for better model
forcings, or developing data assimilation systems for better
initial conditions estimates. In the later case, it is also important to evaluate what are the key state variables and what data
to assimilate.
In this direction, Wood and Lettenmaier (2008) developed
an approach to evaluate the relative importance of errors in
hydrologic initial conditions and model meteorological forcings as sources of hydrologic uncertainty. Latter, Shukla and
Lettenmaier (2011) and Shukla et al. (2011) applied this approach to evaluate seasonal forecasts of cumulative runoff
and soil moisture in the United States and globally, respectively. We use a similar approach to evaluate the relative importance of hydrologic initial conditions and model meteorological forcings errors (precipitation) as sources of stream
Hydrol. Earth Syst. Sci., 16, 3127–3137, 2012

flow forecast uncertainty in the Amazon River basin. We
assess (i) when each of these features are more important,
i.e. at which lead time uncertainty arising from meteorological forcings errors becomes larger than from initial conditions errors and in which season; (ii) where, i.e. in which
rivers; (iii) what are the key state variables contributing for
uncertainty; and (iv) how it relates to Amazon River basin
characteristics.

2
2.1

Methods
Amazon River basin

The Amazon River basin is the largest hydrological system
of the world. It has an area of approximately 6 million km2 ,
is responsible for ∼ 15 % of fresh water released into the
oceans and covers several South American countries, including Brazil, Bolivia, Peru, Colombia, Ecuador, Venezuela and
Guiana (Fig. 1a). The Amazon consists of three main morphological units, namely the Andes, Amazon plain and the
Guyanese and Brazilian shields (Fig. 1). Extensive seasonally flooded areas are found at the Amazon plains (Hess et
al., 2003; Papa et al., 2010; Prigent et al., 2007) (see Fig. 1b),
which store and release large amounts of water from the
rivers and consequently attenuate and delay flood waves into
several days or months (Paiva et al., 2012a, b).
Due to its size, the Amazon basin presents important spatial rainfall variability, as briefly described below following
Espinoza et al. (2009a). Extremely rainy regions (more than
3000 mm yr−1 ) are found in the northeast, in the Amazon
delta exposed by the intertropical convergence zone (ITCZ)
and in the southeast close to the South Atlantic Convergence Zone (SACZ). Rainfall decreases towards the southeast (∼ 1500–2000 mm yr−1 ) and also in the Andes as a function of altitude (rainfall is generally less than 1000 mm yr−1
in areas over 3000 m). Concerning the seasonal cycle, contrasting rainfall regimes are found in northern and southern
parts of the basin, with rainy season in June, July and August – JJA (in December, January and February – DJF) in
the North (South). Seasonal variability, with defined wet and
dry seasons, is present at southern and eastern parts of the
basin, including Xingu, Tapajós, Madeira, Purus and Juruá
river basins, but also at northern areas from Branco river
basins (see Fig. 1a). Areas located at the Northwest (Maranon, Japurá and Negro river basins) exhibit weaker seasonal
regime with large amounts of rainfall rates during the whole
year (see Fig. 1a).
Spatial variability in the discharge regime is also observed
in the Amazon, as described by Espinoza et al. (2009b) and
as can be seen in Table 1. Rivers draining southern areas such
as the Xingu, Tapajós, Madeira, Purus and Juruá (Fig. 1a)
exhibit a southern tropical regime, with a maximum from
March to May (MAM) and a minimum from August to October (Table 1). A northern tropical regime is found at Branco
www.hydrol-earth-syst-sci.net/16/3127/2012/
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Fig. 1. (a) Amazon River basin with main tributaries, international limits, relief from SRTM DEM (Farr et al., 2007) and sites used in
analyses (black circles), (b) mean flooded area (%) derived from Papa et al. (2010) and (c) Lithological map derived from Durr et al. (2005).

River, where maximum flow occurs during June to August
and minimum during December to March. Other rivers have
weaker seasonal regimes (see sVC values from Table 1), in
some cases due to rainfall characteristics (e.g. Negro and
Japura Rivers), and in the Solimões/Amazon main stem due
to the contribution of lagged hydrographs from northern and
southern areas. In the latter, high water occurs generally from
May to July and low water from September to November but
1–3 months earlier in upper Solimões due to the flood wave
travel time.
2.2

ESP versus rev-ESP approach

We used a hindcast approach developed by Wood and Lettenmaier (2008) that contrasts Ensemble Streamflow Prediction (ESP) and a reverse Ensemble Streamflow Prediction (reverse-ESP) (see Fig. 2). This approach uses ensemble model runs from a large scale distributed and process
based hydrological model to evaluate the relative importance
www.hydrol-earth-syst-sci.net/16/3127/2012/

of errors in hydrologic initial conditions – ICs (e.g. soil
moisture, groundwater storage, river discharge, floodplain
storage, etc.), and model meteorological forcings – MFs
(e.g. precipitation, surface air temperature, incoming solar
radiation, etc.) as sources of stream flow forecast uncertainty.
In the ESP (Day, 1985), the model uses “perfect” initial
conditions and runs forced by an ensemble of observed meteorological data from past years (see Fig. 2a). An estimate of
“perfect” initial conditions is computed using a hydrological
model driven by observed meteorological forcings up to the
time of forecast (e.g. forecast starts with model states from
15 June 2000). Then, an ensemble forecast is obtained using observed meteorological data resampled from past years
(e.g. meteorological data from 15 June to 25 September of
years 1998, 1999, . . . , 2009). As a result, ESP shows a proxy
of stream flow forecast uncertainty due to meteorological
forcing errors (Wood and Schaake, 2008). In contrast, in
reverse-ESP the model runs from an ensemble of simulated
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Table 1. Gauging stations from Fig. 1a with summary of discharge regime, MGB-IPH model skill and results.

ID

Station

River

Sol 10075000
Neg 14840000
Mad 15860000
Tap 17730000
Pur 13880000
Am 17050001

Tamshiyacu
Moura
Faz. Vista Alegre
Itaituba
Canutama
Obidos

Upper Solimões
Negro
Madeira
Tapajós
Purus
Amazon

Area
(103 km2 )

Qmean
(103 m3 s−1 )

Qmin
(103 m3 s−1 )

Qmax
(103 m3 s−1 )

sVC
(103 m3 s−1 )

ENS

T
(days)

724
648
1320
461
238
4714

29.5
31.4
26.9
11.2
6.4
182.8

14.5 (Sep)
10.7 (Jan)
6.5 (Sep)
3.5 (Sep)
1.3 (Oct)
98.6 (Nov)

43.0 (May)
55.6 (Aug)
53.0 (Apr)
22.8 (Mar)
12.8 (Apr)
250.1 (Jun)

0.35
0.59
0.65
0.64
0.71
0.31

0.74
0.65
0.92
0.87
0.91
0.77

37
56
53
41
34
72

Qmean – mean discharge, Qmin and Qmax – minimum and maximum monthly discharge derived from climatology with respective time of occurrence, sVC – seasonal coefficient
of variability computed as the ratio between the standard deviation of monthly discharges and Qmean , ENS – Nash and Suttcliffe index from simulated and observed discharges, T
values as described in Sects. 2.2 and 3.1.

initial conditions from past years forced by a perfect forecast
(see Fig. 2b). The initial conditions ensemble is obtained
using the hydrological model forced by observed meteorological data resampled from past years during the spin-up
period (up to the date of forecast) (e.g. model initial states
from 15 June of years 1998, 1999, . . . , 2009). Observed meteorological data from current year is used as perfect meteorological forecast (e.g. meteorological data form 15 June
to 25 September 2000). Consequently, the reverse-ESP produces a proxy of stream flow forecast uncertainty due to
model initial conditions errors. Model climatology (Fig. 2c),
where either initial conditions and meteorological forcings
are unknown, is used as a reference for comparing ESP and
reverse-ESP model runs.
We use the ensemble spread (either for ESP, reverse-ESP
and model climatology) as a measure of uncertainty in stream
flow forecasts. For a given forecast j starting at the time interval t0 and at τ lead time, the ensemble spread S is computed as the mean square deviation using simulated discharge
Qsim , as a reference:
S (τ, j ) =

N
2
1 X
Qensi − Qsim ,
N i=1

(1)

where N is the ensemble size and Qensi is stream flow from
ensemble member i. The indexes t and τ were omitted for
simplicity. S is computed for the ESP (SESP ), reverse-ESP
(Srev-ESP ) and model climatology (SCLIM ) ensembles. For a
proper evaluation of stream flow uncertainty in different time
periods, the model climatology is used as a reference and
∗
relative spreads are computed as SESP
= SESP / SCLIM and
∗
Srev-ESP = Srev-ESP / SCLIM . Finally, results are averaged from
all forecasts:
S ∗ (τ ) =

M
1 X
S ∗ (τ, j ),
M j =1

(2)

where M is the total number of forecasts performed in the test
period and S ∗ (τ ) is the relative ensemble spread as function
of the lead time τ .
The comparison of the spread of both sets of ensembles
allows the evaluation of the relative importance of the iniHydrol. Earth Syst. Sci., 16, 3127–3137, 2012

tial conditions and meteorological forcings on model predictability as functions of lead time (see Fig. 2d). Moreover, a
proxy of the river “memory” T can be obtained by verifying
in which lead time τ the spread of ESP ensemble becomes
larger than the reverse-ESP:
∗
∗
T = min(τ ) | Srev-ESP
(τ ) < SESP
(τ ).

2.3

(3)

Hydrological model

We used the MGB-IPH model (Collischonn et al., 2007;
Paiva et al., 2011), which is a large scale, distributed
and process-based hydrological model with a hydrodynamic
module described in Paiva et al. (2011b). It simulates surface
energy and water balance and also discharge, water level and
flood inundation on a complex river network. We used results
from a model application in the Amazon River basin (Fig. 1a)
presented in Paiva et al. (2012b), as briefly described below. The model was forced using TRMM 3B42 precipitation estimates (Huffman et al., 2007), with spatial resolution
of 0.25◦ × 0.25◦ and daily time step for a period spanning
12 yr (1998–2009) and meteorological data obtained from
the CRU CL 2.0 dataset (New et al., 2002). Stream gauge
data were provided by the Brazilian Agency for Water Resources (ANA), the Peruvian and Bolivian National Meteorology and Hydrology Services (both SENAMHI) and the
HYBAM program (Hydrology, Biogeochemistry and Geodynamic of the Amazon Basin, http://www.ore-hybam.org/).
The model parameters related to soil water budget were calibrated using discharge data from part of the stream gauges
(47 stations). Then, the model was validated against discharge and water level data from stream gauge stations (111
and 69 sites, respectively), water levels derived from ENVISAT satellite altimetry data (Santos da Silva et al., 2010)
(212 sites), Terrestrial Water Storage from GRACE mission (Tapley et al., 2004a, b) and flood inundations extent from Papa et al. (2010). Comparisons between simulations and observations showed relatively high Nash and
Suttcliffe index (ENS ) values and a good model performance.
ENS values were larger than 0.6 in ∼ 70 % of discharge
gauges, and Table 1 shows ENS ranging from 0.65 to 0.91
at the 6 discharge gauging stations analyzed in Sect. 3.1
www.hydrol-earth-syst-sci.net/16/3127/2012/
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Fig. 2. Schematic representation of evolution of hydrologic states in spin-up and forecast for (a) ESP approach, (b) reverse-ESP approach,
(c) climatology and (d) relative ensemble spread S* as function of lead time τ . Modified from Wood and Lettenmaier (2008).

(Fig. 1a). Also, ENS values were larger than 0.6 in ∼ 60 %
of the water level stations derived from satellite altimetry.
Similarly, total Amazon flood extent and terrestrial water
storage agreed with observations, with ENS values of 0.71
and 0.93, respectively.
2.4

Model runs

We performed 6 different model runs: (i) a retrospective simulation from which the ensemble of model climatology is derived and used as initial conditions for rev-ESP runs; (ii) an
ESP run; (iii) a reverse-ESP run; and three restricted reverseESP runs, where (iv) in the first only surface waters state
variables (river discharge and water level, floodplain storage
and surface runoff) are considered; (v) in the second only soil
moisture state variable is considered; and (vi) in the latter
only groundwater state variables are considered. In all model
runs, simulations used the 1998 to 2009 time period and ensembles have 12 members. ESP and reverse-ESP model runs
generated 4 forecasts per year with up to 100 days lead time
www.hydrol-earth-syst-sci.net/16/3127/2012/

starting on 15 March, 15 June, 15 September and 15 December. Note that since we are using meteorological data
obtained from the CRU CL 2.0 dataset (New et al., 2002),
which provides only climatological values, uncertainty of
meteorological variables different from precipitation is not
accounted. We choose this simplification because MGB-IPH
model using CRU CL 2.0 showed a reasonable performance
when results were compared with observations (Paiva et al.,
2012b), and most of Amazon discharge variability is due to
precipitation variability.

3
3.1

Results
Forecast uncertainty in main rivers

We first explore forecast uncertainty results in 6 sites located
in the main tributaries of Amazon River basin (see Fig. 2a
and Table 1) using the 2003/2004 hydrological year as an
Hydrol. Earth Syst. Sci., 16, 3127–3137, 2012
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example (Fig. 3). Results show to be different for each site,
although some characteristics are found in all of them.
In upper Solimões River, discharge starts to rise in
September, and the spread of the ESP run rapidly surpasses
the spread of the reverse-ESP run, showing that the importance of uncertainties in meteorological forcings is larger
than from initial conditions (Fig. 3a). This situation changes
in the other forecasts (at high water period in forecasts starting on 15 December and 15 March and in flow recession
starting on 15 June) when the uncertainty in initial conditions appears to be more important than meteorological forc∗
takes
ings. On average, the spread of the ESP ensemble SESP
37 days to surpass the spread of the reverse-ESP ensemble
(T = 37 days in Fig. 3b).
At the Negro River site, discharges rise during the MAM
period, and differently from upper Solimões River, the forecast uncertainty due to initial conditions shows to be comparable, with uncertainty due to meteorological forcings even
for large lead times (Fig. 3a). This characteristic is also
present at high water (JJA) and flow recession periods (SON
and DJF), and as a consequence, only after 56 days uncertainty in meteorological forcings becomes more important
than in initial conditions (Fig. 3b).
At the rivers draining the southeast part of the Amazon
with a southern tropical regime – namely Madeira, Purus and
Tapajós Rivers – some common features are found. In the
DJF period when discharge slowly starts to rise, and in the
MAM period when it increases rapidly almost to flood peak,
initial conditions uncertainties are important at the beginning
of forecasts but the weight of meteorological forcings uncertainty becomes larger for smaller lead times. In contrast, at
high water periods (JJA), flow recession and low water period
(SON), the spread of reverse-ESP ensemble greatly surpasses
the spread of the ESP ensemble, showing that initial conditions errors may have a large influence in flow forecasts uncertainty (Fig. 3a). T values of Purus, Tapajós and Madeira
Rivers showed to be different and approximately 34, 41 and
53 days, respectively (Fig. 3b).
In the Amazon main stem, analysis show that the spread
of reverse-ESP ensemble greatly surpass the spread of ESP
ensemble in all periods of the year, including high water
(MAM), low water (SON), rising (DJF) and falling (JJA) periods (Fig. 3a). Uncertainty in meteorological forcings becomes more important than in initial conditions only after 72
days (Fig. 3b).
Meteorological forcings seem to play an important role
in forecast uncertainty at the rising water period, but this
is not valid or not so strong in some of the largest rivers,
such as Solimões, Negro and Amazon. Perhaps this is due
to the flood travel times in these rivers and the contribution
of lagged hydrographs from areas with different hydrological
regimes (Sect. 2.1). In all rivers, the influence of initial conditions greatly surpasses MF’s in high water period and mostly
in flow recession and low water period. This characteristic in
flow recession and low water period is very strong in rivers
Hydrol. Earth Syst. Sci., 16, 3127–3137, 2012

with southern tropical regime where rainfall seasonality is
stronger and there is a very marked dry season (Espinoza et
al., 2009a, b), as described in Sect. 2.1. In all Amazon large
rivers, T values can be considered very large, ranging from
∼ 30 days at Purus Rivers to ∼ 70 days in the Amazon River,
showing that uncertainty on initial conditions may play an
important role for hydrological predictability even for large
lead times (∼ 2 or 3 months).
3.2

Spatial analysis

We investigate the spatial distribution of T values, indicating at which lead time uncertainty in meteorological forcings becomes more important than initial conditions for hydrological predictability, serving as a proxy of river “memory”. According to Fig. 4a, large T values are found at almost all Amazonian Rivers. T values smaller than 10 days
are found mostly in headwater and in the Andean region at
west part of the Amazon where high river slopes are present
(see also Fig. 1a). In most of the Amazon main tributaries,
including Solimões, Juruá, Purus, Madeira, Tapajós, Xingu
and Negro River, it is larger than 30 days and in Amazon
main stem it is between 2 and 3 months. Results show that
initial conditions may be the main source of discharge forecast uncertainty, even for large lead times (∼ 1 to 3 months)
in most Amazonian Rivers.
Results from restricted reverse-ESP runs (Fig. 4b, c and
d) show larger T values in analyzes considering only surface waters state variables (Fig. 4b). This suggests that initial
conditions of surface waters state variables, which include
river discharge and water levels, surface runoff and floodplain storage, are the major source of hydrological forecast
uncertainty. This characteristic is present mostly in Solimões,
Negro, Purus, Japurá, Madeira and Amazon Rivers that are
located in low slope regions (Fig. 1a) with large seasonally
inundated floodplains (see Fig. 1b), as described in Sect. 2.1.
T values in analyses using soil moisture restricted reverseESP run (Fig. 4c) are always less than 10 days, showing that
initial conditions of soil moisture are not as important as initial conditions of other state variables. Finally, groundwater
state variables showed to be important mostly in Tapajós and
Xingu River basins located at southeast part of the Amazon.
The relative importance of meteorological forcings and
initial conditions as sources of hydrological prediction uncertainty is variable according to the period of the year, as shown
by seasonal analyses of T values (Fig. 5). At rivers draining extensive floodplains, such as Solimões, Negro, Juruá,
Madeira and Purus, T values are always large, especially
in high water and falling periods (MAM and JJA, see also
Fig. 3). In these time periods, T values larger than 90 days
are found in the Amazon main stem.
The southeast part of the basin, including Xingu, Tapajos
and Brazilian Madeira River basins, presents the most pronounced seasonal variation of T values. At high water periods (DJF and MAM, see also Fig. 3), T values range from
www.hydrol-earth-syst-sci.net/16/3127/2012/
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Fig. 3. Retrospective simulation (black), ESP (blue) and reverse-ESP (red) (a) discharge results and (b) relative ensemble spread S ∗ (τ ) as
function of the lead time τ . Results are presented at upper Solimões (Sol), Negro (Neg), Madeira (Mad), Tapajós (Tap), Purus (Pur) and
Amazon (Am) Rivers at sites shown in Fig. 1a.

10 to 30 days. But it increases a lot in low water period (JJA,
SON), reaching values larger than 90 days. It shows that in
this region, initial conditions are more important for hydrological prediction during low flows.
Results show that in rivers with extensive floodplains, initial conditions of surface waters state variables are the ma-

www.hydrol-earth-syst-sci.net/16/3127/2012/

jor source of prediction uncertainty and their importance increases during high water and falling period. This behavior may be related to the large flood wave travel times of
these rivers, where these flood waves are delayed because
floodplains store large volumes of water and release it slowly
(Paiva et al., 2012a, b).

Hydrol. Earth Syst. Sci., 16, 3127–3137, 2012
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Fig. 4. Spatial distribution of T values considering (a) all, (b) surface water, (c) soil moisture and (d) groundwater model states variables.
Results are shown only in rivers reaches with upstream drainage area larger than 3000 km2 .

On the other hand, at the southeast part of the basin
(mainly at Tapajós and Xingu Rivers), initial conditions play
an important role for prediction of low flows and groundwater state variables showed to be important. This region is
the one that presents the strongest rainfall seasonality with a
marked dry season, as discussed in Sect. 2.1 and by Espinoza
et al. (2009a, b). It is also located mostly in the Brazilian
Shield where lithological characteristics differ from the rest
of the basin (Figs. 1a and 2c). So, a possible explanation for
this behavior is that during low flows period, river discharge
may be dominated by base flow, which is directly related to
groundwater storage.
Finally, in a first comparison, our results disagree with
Shukla et al. (2011), who applied the same methodology
in a global analysis, presenting results that show that meteorological forcings uncertainties dominate the hydrological prediction uncertainty in the Amazon, even for shorter
lead times. However, the results are not fully comparable
since we evaluated river discharge while these authors studied cumulative runoff, which does not take into account
flow routing throughout river, floodplain and groundwater

Hydrol. Earth Syst. Sci., 16, 3127–3137, 2012

reservoirs. Consequently, the water time traveling throughout
these hydrological compartments and the associated memory to initial water storage in these reservoirs are not considered, which is probably the reason for the disagreement
between results.

4

Conclusions

We investigate the importance of model initial conditions
and meteorological forcings as sources of hydrological
predictions uncertainty in the Amazon River basin. Our
investigations show that in the Amazon River basin:
1. Uncertainty on initial conditions may play an important
role for discharge forecasts even for large lead times
(∼ 1 to 3 months) on main Amazonian Rivers. This suggests that an Ensemble Streamflow Prediction approach
(ESP), based on a hydrological model forced with historical meteorological data and using optimal initial
conditions, may be feasible for hydrological forecasting even for large lead times (∼ 1 to 3 months). Also,
www.hydrol-earth-syst-sci.net/16/3127/2012/
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Fig. 5. Spatial distribution of T values considering (a) DJF, (b) MAM, (c) JJA and (d) SON time periods. Results are shown only in rivers
reaches with upstream drainage area larger than 3000 km2 .

development of data assimilation methods is encouraged for reducing model initial conditions uncertainty.

because floodplains store large volumes of water and
release it slowly.

2. Initial conditions of surface waters state variables are
the major sources of hydrological forecast uncertainty,
mainly in rivers with low slope and large floodplains,
such as Solimões, Juruá, Japurá, Madeira, Negro and
Amazon Rivers. Initial conditions of groundwater state
variables are important mostly in the southeast part of
the Amazon, in Tapajós as Xingu Rivers. Soil moisture
is not as important as other state variables as a source of
hydrological prediction uncertainty.

5. Meteorological forcings are more important in the beginning of the rainy season when hydrographs are
rising, especially at the rivers draining southeast.

3. The relative importance of meteorological forcings and
initial conditions as sources of hydrological prediction uncertainty is variable according to the period of
the year.
4. At rivers draining extensive floodplains, initial conditions are more important in all time periods but especially in high water and falling periods (MAM and JJA).
This can be related to the large flood wave travel times
of these rivers, where these flood waves are delayed
www.hydrol-earth-syst-sci.net/16/3127/2012/

6. At the southeast part of the basin, mainly at Tapajós and
Xingu Rivers, initial conditions play an important role
for prediction of low flows (JJA, SON), and groundwater state variables showed to be important. A possible
reason is that this region is the one that presents the
strongest rainfall seasonality with a marked dry season.
Lithology may be an explaining factor, since this region
is located mostly over the Brazilian Shield.
Other kind of errors, such as in model structure and parameter, may also play an important role in hydrological predictability. However, we chose not to focus on it, supposing
that the hydrological model is already calibrated with sufficient skill and that the main source of errors in a forecast
situation would be in initial conditions and meteorological
forcings.
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Results indicate that hydrological forecasts based on physically based and distributed hydrological models forced with
past climate and optimal initial conditions may be feasible
in the Amazon River basin and possibly in other world large
rivers. It should also be mentioned the potentiality of recent
remote sensing developments for providing past meteorological forcings (e.g. Tropical Rainfall Measurement Misson,
Huffman et al., 2007, and others) and information to update
model states, such as radar altimetry based water levels or
discharge derived from previous (Alsdorf et al., 2007; Santos
da Silva et al., 2010) or the future SWOT mission (Durand
et al., 2010).
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