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s u m m a r y
Efﬁcient management of water and energy is an important goal of sustainable development for any
nation. Streamﬂow forecasts, have been used in complex optimization models to maximize water use
efﬁciency and electrical energy production. In this paper we develop a statistical model for the long term
forecasts of hydroenergy inﬂow into the Brazilian hydropower system, which consists of more than 70
hydropower reservoirs. At present, the planning of reservoir operation and energy production in Brazil
is made with no reliable long term (one season or longer lead times) streamﬂow forecasts. Here we
use the NINO3 index and the main modes of the tropical Paciﬁc thermocline structure as climate predictors in order to achieve skillfull forecasts at long leads. Cross-validated results show that about 50% of the
total hydroenergy inﬂow can be predicted with moderate accuracy up to 20 month lead time.
Ó 2009 Elsevier B.V. All rights reserved.

Introduction
With more than 70 interconnected (hydraulically and through
transmission lines of electrical energy) hydropower reservoirs
across the country, the Brazilian hydropower system uses complex
optimization models (e.g. Barros et al., 2003) to produce electrical
energy to maximize reliability and minimize cost. For instance, if in
September most hydropower plants have low levels of energy storage (i.e. low levels of water head in the hydropower reservoirs and
hence more water needed to produce a unit of energy) and if the
upcoming rainy season (January–April) is expected to be drier than
normal, then the System National Operator (ONS) usually starts
producing higher cost energy from stand-by thermal plants in order to reduce the hydroenergy production and avoid a complete
depletion of the reservoirs, which would lead to a more dramatic
rise in the cost of electrical energy in the subsequent season.
However, the use of thermal plants and reduction in hydropower production before an upcoming above normal wet season
may lead to unnecessary losses of hydroenergy through spillage
and evaporation and to an avoidable increase in the electrical energy cost due to the use of thermal plants. In order to make better
decisions during such situations, forecasts of inﬂow (e.g. Costa et
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al., 2003; Guilhon et al., 2007; Maceira et al., 2005; Silva et al.,
2007) have been used extensively by ONS to anticipate unusual
scenarios of energy supply and demands. In particular, energy supply forecasts have been made through the use of streamﬂow forecasts for the short (daily, weekly), medium (monthly) and long
term (seasonal, annual).
More recently, the Brazilian community of researchers and
hydrologists has attempted to improve the classical, auto-regressive moving average (ARMA) based streamﬂow model utilized by
ONS (for instance, Guilhon et al., 2007). Most alternatives have
been based on the coupling of dynamical models of rainfall (general or regional circulation models) and hydrological models (e.g.
Silva et al., 2007). Since dynamical models of rainfall do not produce reliable forecasts with more than two weeks in advance, their
use has been limited to short term forecasts. Recently developed
mathematical tools (e.g. artiﬁcial neural networks) have also been
used for seasonal streamﬂow forecasts, but again with limited success (e.g. Guilhon et al., 2007).
Here we use the leading modes of the Tropical Paciﬁc thermocline structure identiﬁed using maximum variance unfolding
(MVU, see Weinberger and Saul, 2006, 2004) and also used (Lima
et al., 2009) for long term forecasts of El Niño-Southern Oscillation
(ENSO) events, as climate predictors of seasonal hydroenergy inﬂow across Brazil. Since ENSO has a marked inﬂuence on rainfall
and streamﬂow patterns in South America (e.g. Diaz et al., 1998;
Grimm, 2004; Grimm et al., 2000; Grimm et al., 1998), it is natural
to consider a climate predictor originally developed for ENSO forecasts in a prediction model for streamﬂow whose inter-annual
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variability is directly affected by ENSO. This paper is organized as
follows: in the next section we describe the hydroclimate data.
In ‘‘Methodology” we present the methodology used to obtain
the seasonal hydroenergy inﬂow from streamﬂow series. The forecast model framework is also presented in this section. Cross-validated results are ﬁnally shown in ‘‘Results”.
Data
Streamﬂow data
Naturalized monthly series of streamﬂows from 54 hydropower
reservoirs in Brazil (location shown in Fig. 2) are provided by the
Brazilian National Operator of the Electrical System (ONS), which
is the institution in charge of deﬁning operational rules for the
Brazilian system of hydropower reservoirs. The time series cover
the January 1931–December 2006 period and span a large range
of power capacities (80–14000 MW) and catchment areas
2
(322—823555 km ). A consolidation and consistency process is
used by ONS to obtain the naturalized ﬂows from artiﬁcial and natural streamﬂow gauges. Reservoir operations upstream of the
streamﬂow gauge are removed from the original series whereas
evaporation from the hydropower reservoir and water withdraws
across the reservoir basin are estimated and added to the original
series. Some streamﬂow gauges are atypical and involve pumping,
transpositions between river and canals, bypasses, etc., adding
more complexity to the consistency process. More details can be
found in ONS (2007).
These are naturalized time series, i.e., any anthropogenic effect
upstream of the river ﬂow gauge, such as reservoir operations and
water withdraws, has been estimated and removed from the original series. The time series have been revised by the Brazilian National Water Agency (ANA) and do not have any missing values.
Climate data
As a climate predictor, we use the extended NINO3 index
(Kaplan et al., 1998; Reynolds and Smith, 1994), available through
the International Research Institute for Climate and Society (IRI)
dataset website (http://iridl.ldeo.columbia.edu/SOURCES/.Indices/
.nino/.EXTENDED/.NINO3/). The NINO3 data set covers the period
from January 1980–December 2006. It is deﬁned as the monthly
mean sea surface temperature (SST) anomalies (with annual cycle
removed) averaged over the geographical area 5 N–5 S latitude,
150 W–90 W longitude.
We also use the ﬁrst three leading modes of the D20 data set,
which represents the thermocline depth of the Tropical Paciﬁc
ocean at the 20  C isotherm and is a proxy for the Tropical Paciﬁc
thermocline and heat content. The D20 data is derived from a model-based ocean analysis system (Ji et al., 1995; Ji and Smith, 1995;
Behringer et al., 1998) and is available at the IRI website (http://
iridl.ldeo.columbia.edu/SOURCES/.NOAA/.NCEP/.EMC/.CMB/.Paciﬁc/.monthly/.D20eq/). The leading modes were obtained using
standard principal component analysis (PCA, see Wilks (2006) for
some deﬁnitions) and the nonlinear maximum variance unfolding
(MVU, see Weinberger and Saul, 2006; Weinberger et al., 2004).
Details about MVU and the physical interpretation of the D20 leading modes can be seen in Lima et al. (2009).
Methodology
Clustering and the average energy inﬂow
Given the large number of interconnected hydropower reservoirs, the ﬁrst challenge in deﬁning the best operational policies
for the hydropower system in Brazil is to build a forecast model

that is able to reproduce the entire streamﬂow spatio-temporal
variability observed in the historical data. Such models are complex and have several parameters (including large covariance
matrices) to estimate given a limited amount of data, which in turn
leads inevitably to large uncertainties in model outputs and consequently unreliable models. One alternative is to consider the concept of the equivalent reservoir of energy, where one deﬁnes
large clusters of hydropower reservoirs, optimizes the equivalent
energy of each cluster and thereafter, given the optimal energy
to be produced for each cluster, optimizes the individual energy
production of the reservoirs within each cluster. It turns out that
this approach signiﬁcantly reduces the dimension of the problem
and consequently the computational effort to optimize the entire
system.
Several techniques to identify clusters of streamﬂow homogeneous regions and for watershed classiﬁcation have been used in
hydrological studies. Among them, principal component analysis
(PCA) is arguably one of the most common methods used to identify clusters within data points (e.g. Chiang et al., 2002; Kahya et
al., 2008), especially when the data set lie on large dimensional
spaces.We use the K-means algorithm, a standard, robust and efﬁcient technique in cluster analysis (Hastie et al., 2001) with several
applications in hydrology (e.g. Isik and Singh, 2008) to reduce the
problem dimension. The clusters are found by minimizing the distance between the center of the cluster and the data points that belong to that cluster. Here we choose the inﬂow seasonality of each
hydropower reservoir as the classiﬁcation criterion. This leads to
clusters with similar (up to some scale) rainfall and streamﬂows
patterns and under like climate forcings, so that forecasts of the
equivalent energy of each cluster can be downscaled to each reservoir within the cluster.
In order to identify the wet and dry seasons for each streamﬂow
site, we ﬁrst deﬁne the seasonal index for site s and month j as:

^
y

qsj ¼ ^sj
ys

ð1Þ

^sj is the median ﬂow of site s for month j and y
^s is the
where y
median ﬂow for site s across the entire historical record. The
wet season for a given reservoir can be deﬁned for values of j in
which qsj P 1 whereas the dry season may be deﬁned whenever
qsj < 1.
The seasonal index qsj , with j ¼ 1; . . . ; 12, is considered the signature of each hydropower site. Fig. 1 displays the seasonal index
qsj and the clusters obtained after applying K-means (K ¼ 4) to
qsj , whose computation was based on the streamﬂow series from
1931 to 1979. The ﬁrst cluster of reservoirs shows well deﬁned
wet and dry seasons. The timings of these seasons are similar to
those of the third cluster, which has a less pronounced seasonality.
The second cluster has the wet season in the second half of the
year. Finally, the fourth cluster with only one reservoir has a peak
ﬂow in April but the wet season period is similar to that of clusters
1 and 3. Note that in all clusters the seasonal index is relatively
tight, i.e., the reservoirs within each cluster have very similar seasonal patterns of inﬂow.
The geographical location of the clusters (Fig. 2) is clearly
demarcated. The ﬁrst cluster of hydropower reservoirs is mostly located in the Southeast and Southern Northeast regions of Brazil,
which have a rainy season characterized by the South-Atlantic
Convergence Zone (Barros et al., 2000; Carvalho et al., 2004;
Lenters and Cook, 1995). Cluster 3 is located in a transition region
between cluster 1 and cluster 2, whose rainfall is largely inﬂuenced
by cold fronts as well as ENSO (Grimm et al., 2000, 1998). Finally,
cluster 4 (Tucurui Hydropower reservoir) is located in North Brazil.
2
Giving its large catchment area (757577 km ) that extends up to
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Fig. 1. Seasonal index for reservoirs within each cluster.

 s  c  106
1k ðsÞ  ysij  h

−20

S
X

qkij ¼

−25

−15

−10

−5

0

central Brazil, much of this cluster’s energy ﬂow is also inﬂuenced
by the rainfall patterns associated with cluster 1.
Based on the literature of remote climate inﬂuences on rainfall
patterns in Brazil (Barros et al., 2000; Lenters and Cook, 1995;
Grimm et al., 2000), it turns out that these four clusters’ series
are effectively representing the interannual variability of the main
rainfall regimes in Brazil. Hence, for each cluster k the average
monthly inﬂow of hydroenergy can be deﬁned as:

where qkij is the average hydroenergy inﬂow in megawatts (MW) of
cluster k at month j of year i; ysij is the correspondent inﬂow (in m3 /
s is
s) of hydropower reservoir s, S is the total number of reservoirs, h
the average head (based on reservoir technical speciﬁcations) of
reservoir s, c ¼ 9:81  103 is the speciﬁc weight of water in SI units
and 1k ðsÞ is the indicator function given by:

ð2Þ
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Fig. 2. Four clusters found for the 54 Brazilian hydropower reservoirs.



1 if reservoir s belongs to cluster k
0

otherwise

ð3Þ
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Fig. 3 shows the monthly energy ﬂow qkij for each cluster k.
Based on a weighted average of the long term (1931–1979) mean
energy ﬂow, cluster 1, with 36 reservoirs, contributes with more
than 50% of the total energy produced by the hydropower system.
As we expected from Fig. 1, the second cluster has a very weak seasonal cycle. No monotonic trends appear visible in any of the cluster time series.
Finally, we can deﬁne the seasonal index of cluster k as the average of the seasonal indexes of the reservoirs that belong to cluster
k:
S
1 X
q kj ¼
1k ðsÞqsj
nk s¼1

ð4Þ

where nk is the total number of hydropower reservoirs within cluster k.
The wet season period for each cluster is then deﬁned as the
 kj P 1. Table 1 shows the months corresponding
months in which q
to the wet and dry seasons for each cluster. For practical purposes,
we deﬁne the wet season for clusters 1, 3 and 4 at year i as the period from December of year i  1 to May (or April in the case of cluster 3) of year i.
The wet season ﬂow, which is more important than the dry season ﬂow in terms of deﬁning the operational policies for the annual
planning of the hydropower system, is deﬁned here as the average
monthly ﬂow of the wet season:
je
X
1
q
je  j0 þ 1 j¼j kij

ð5Þ

0

Wet season

Dry season

1
2
3
4

Dec–May
Jun–Nov
Dec–Apr
Dec–May

Jun–Nov
Dec–May
May–Nov
Jun–Nov

Analysis of the auto-correlation function (Brockwell and Davis,
ki shows no sign of lagged correlations (i.e. no annual
2002) of q
ki is indepenpersistence), suggesting that, for a ﬁxed k, the series q
dent across years. On the other hand, the cross-correlation funcki show statistically signiﬁcant correlations
tions (Fig. 4) of q
across the clusters. As expected from the rainfall patterns across
Brazil, one has signiﬁcant correlation among clusters 1, 3 and 4
(open circle, ﬁlled square and open triangle curves showed in
Fig. 4) and an uncorrelated behavior of cluster 2. More interesting,
however, is the negative lagged correlation between the northern
clusters (1 and 3) and cluster 2 (ﬁlled circle and open square curves
in Fig. 4). It suggests a somewhat seesaw structure lagged by one
and two years, where an above (below) than normal wet season
in clusters 1 and 3 at year i is associated with a below (above) than
normal wet season in cluster 2 at years i þ 1 and i þ 2. Note that
the wet season periods are not the same (see Table 1).
Climate predictors and the forecast model
In order to take into account the effects of large scale climate
forcings on rainfall and streamﬂow patterns across Brazil, particularly the remote inﬂuence of the tropical Paciﬁc SST (a description
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Table 1
Wet and dry seasons deﬁned for each cluster according to Eq. (4).
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Fig. 3. Time series of monthly energy inﬂow (in MW) of each cluster of hydropower reservoirs. The contribution of each cluster to the total energy of the system is a weighted
average based on the mean energy ﬂow (dashed line) for the 1931–1979 period.
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Fig. 4. Cross-correlation function of wet season energy ﬂow across clusters.
Correlations outside the dashed line interval are statistically signiﬁcant at the 5%
signiﬁcance level. Lead and lag times are given in years. The wet season period for
each cluster in shown in Table 1.

of the climate patterns and teleconnections of the region of interest
can be found in Ropelewski and Halpert (1987), Diaz et al. (1998),
Grimm et al. (2000), Carvalho et al. (2004), Grimm (2004), Vera
et al. (2006)), we use the NINO3 index and the tropical Paciﬁc thermocline structure as predictors in a forecast model for the wet season hydroenergy ﬂow of each hydropower cluster. As a proxy for
the tropical Paciﬁc thermocline depth, we use here the three main

modes of the Paciﬁc thermocline data D20 . Both linear (obtaining
through PCA) and non-linear (obtained through MVU) D20 modes
are evaluated here. Lima et al. (2009) provides a detailed description of the ﬁrst three modes of the D20 data set.
As a preliminary analysis, Fig. 5 shows the lagged correlations of
the wet season energy ﬂow and the climate predictors NINO3 and
ﬁrst three MVU modes ½Y 1 Y 2 Y 3  of D20 . The effect of ENSO on the
energy ﬂow appears statistically signiﬁcant for short lags in all
but cluster 1, which shows some inﬂuence but it is not statistically
signiﬁcant. The correlations with the ﬁrst MVU mode Y 1 appear
statistically signiﬁcant only for the ﬁrst cluster. A detailed look at
both time series (not show here) suggests that this large correlation between them is probably associated with a monotonic trend
observed in both series. The second MVU mode, which turns out to
be a very good predictor for NINO3 (see Lima et al., 2009), also has
signiﬁcant lagged correlations with all clusters, especially clusters
2 and 3.
Lagged correlations with the ﬁrst three PCs of the D20 data are
shown in Fig. 6. Unlike the MVU modes, the PCs do not show any
signiﬁcant lagged correlation with the wet season ﬂow of any of
the ﬁrst three clusters.
A forecast model for the wet season energy ﬂow can now be
built based on the cross-correlation functions of response variable
and predictors (Figs. 5 and 6). Since Y 1 and Y 3 do not show signifki (except for the trend correlation of clusicant correlations with q
ter 1 and the ﬁrst MVU mode), we consider here that the average
wet season ﬂow can be modeled as a function of NINO3 and Y 2 ,
both lagged by some time s1 and s2 :

i ¼ f ðNINO3ðti  s1 ðsÞÞ; Y 2 ðti  s2 ðsÞÞÞ
q
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Fig. 5. Lagged correlation between climate predictors (NINO3 and the ﬁrst three MVU modes Y 1 ; Y 2 and Y 3 of the D20 thermocline data) and the energy inﬂow series of the
hydropower clusters. The gray shaded region shows the rainfall season (as deﬁned in Table 1), where s ¼ 0 represents the last month of the rainy season. For instance, s ¼ 6 in
panel a (cluster 1) represents the correlation between the climate predictor of November of year i  1 and the wet season energy inﬂow (average of the Dec–May ﬂows) of
cluster 1 at year i.
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where s refers to the lead time of the forecast, t i is the end month of
the wet season (as deﬁned in Table 1) of year i, and
s1 ¼ s2 ¼ f0; 1; 2; . . . ; 32g are referred as the set of lag times of
NINO3 and Y 2 , which turns out to be functions of the lead time of
the forecast (s1 ; s2 P s). We have also omitted the cluster subscript
k of all variables and parameters for the sake of simplicity.
In order to reduce the number of parameters and simplify model (6), we ﬁrst assume that the function f in (6) is linear. For a given
cluster and lead time s of forecast, we also consider only one element of the set of lag times s1 and s2 , but we let it vary according
to the predictor used in the model (i.e. s1 and s2 need not to be the
same). The most common alternative to select those lag times is
just to consider them equal to the lead time of the forecast, such
that s1 ¼ s2 ¼ s. However, in some cases longer lag times are preferred than shorter ones since they may have better correlations
(see, for instance, the cross-correlation of Y 2 in panel (5a)). Hence,
^ P s in which the correlation
we deﬁne s1 and s2 as the lag time s
function q (Figs. 5 and 6) between response variable and predictors
is maximum:

s1 ðsÞ ¼ s^ j qðNINO3ðt  s^Þ; qÞ is maximum and s^ P s
s2 ðsÞ ¼ s^ j qðY 2 ðt  s^Þ; qÞ is maximum and s^ P s:

ð7Þ
ð8Þ

and t is the end month of the wet season (as deﬁned in Table 1).
Note that seasonal forecasts imply that we must have the
inequality s1 ; s2 P s. For instance, a March–May wet season with
s ¼ 3 and s1 ¼ s2 ¼ 4 would imply forecasts issuing in February
using NINO3 and Y 2 dated back to January of the concurrent year.
Typically, we vary s from 0 to 24 months while s1 and s2 can go up
to 32 months.
Fig. 7 shows the lag times s1 and s2 selected for NINO3 and the
second MVU mode Y2, respectively. Clusters 1 to 3 present similar
lag times, with the NINO3 lag time being close to s for short lead

forecasts, whereas larger lags are selected for Y2. On the other
hand, a variety of lag times is selected for the Y 2 obtained trough
PCA (Fig. 8).
A general framework for a long term forecast model for the wet
i can ﬁnally be deﬁned as:
season ﬂow q

i  Nða þ b  NINO3ðt i  s1 ðsÞÞ þ h  Y 2 ðt i  s2 ðsÞ; r2 Þ
q

ð9Þ

where s is the forecast lead time that we are interested in, s1 and s2
are the individual lag times of each predictor, Y 2 is the second MVU
or PC mode of the D20 data and we have omitted the cluster subscript k of all variables and parameters for simplicity.
Results
Cross-validated r2 and rmse scores
We use the leave-one-out cross-validation scheme (Michaelsen,
1987; Hastie et al., 2001) to compare the forecast skills of three
models (description in Table 2) derived from (9). The cross-validation is done as follows: (i) one data point is withheld and the model
parameters are estimated using the remaining data; (ii) forecasts
are made for the removed data point; (iii) this process is repeated
until all data points are predicted. The wet season energy ﬂow
from 1980 to 2006 is used as validation data. Note that the

Table 2
Seasonal forecast models tested.
Model #

Predictors

Y 2 from

Equation

1
2
3

NINO3
NINO3, Y 2
NINO3, Y 2

–
MVU
PCA

Þ ¼ a þ b  NINO3
Eðq
Þ ¼ a þ b  NINO3 þ h  Y 2mv u
Eðq
Þ ¼ a þ b  NINO3 þ h  Y pca
Eðq
2
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Fig. 9. Cross-validated r2 score for each cluster as a function of lead time (months) of forecast and model used. Model deﬁnitions are shown in Table 2.
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Fig. 10. Cross-validated rmse score for each cluster as a function of lead time (months) of forecast and model used. Model deﬁnitions are shown in Table 2.
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unavailability of D20 data before 1980 limits the validation period
to a short extent.
In order to compare the forecast skills of the proposed models
over the simplest model (or null model) based on the average
wet season ﬂow, we use the r2 score deﬁned as:

PN
^i  q
 i Þ2
ðq
r 2 ¼ 1  Pi¼1
N
 2
i¼1 ðQ  qi Þ

ð10Þ

^i is the forecast for year i; Q represents the historical average
where q
i is
(based on the 1931–1979 period) wet season hydroenergy ﬂow, q
the observed wet season energy ﬂow at year i and N is the total
number of years in the validation period. For 0 < r2 6 1, the model
performs better than if one had used a model based on chance, in
this case based on the average wet season ﬂow.
Fig. 9 displays the r 2 score for each cluster as function of lead
time of forecast and model utilized as deﬁned in Table 2. The inclusion of climate predictors is able to improve the skill over the null
model in all clusters but cluster 1, whose long term average provides a better forecast. NINO3 turns out to be a good predictor
for clusters 2–4, especially for leads less than 8 months. Clusters
1–3 have improvements in the forecast skill when the second
MVU mode Y 2 is also used as predictor (model 2), in particular

for lead times greater than 8 months. Cluster 4 shows similar performances across all models for short lead times (<7 months), but
model 2 has a sharp drop in the skill as the lead time increases.
The skills of the models obtained for the r2 score are corroborated by the rmse scores showed in Fig. 10. Cluster 1 has a high
forecast error across all models. Cluster 2 shows similar forecast
errors across models for lead times less than 7 months. Thereafter
model 2 has the lowest rmse. Models 1 and 2 have close rmse for
cluster 3 up to 8 months, where for leads greater than this the
inclusion of Y 2 (from MVU) through model 2 leads to a sharp decrease in the rmse. Cluster 4 shows no difference in the model
skills up to seven months lead. Beyond that models 1 and 3 have
similar rmse up to 13 months lead and thereafter model 1 has
the lowest error.
Cross-validated forecasts
Cross-validated forecasts at six month lead are made using
model 2, which overall showed the best skill among the models
as evidenced in Figs. 9 and 10. Fig. 11 shows the 95% conﬁdence
interval for the mean forecast. Cluster 1, as expected, does not have
good forecast results. Forecasts tend to follow the observed data for
clusters 2–4, with substantial improvement over the null model
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Fig. 11. Cross-validated forecasts for lead time = 6 months. The gray region shows the 95% conﬁdence interval for the mean forecast. The dashed line shows the historical
average based on the 1931–1979 period.
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based on the average ﬂow. Interestingly cluster 3 shows a somewhat trend of ﬂows above the average for the validation period
that is well reproduced by the forecasts. A drop in the model skill
evidenced by the r2 score is observed for clusters 1, 2 and 4 when
forecasts are made with 18 month lead (Fig. 12). One does not see
this deterioration in the skill for cluster 3.

Summary
A climate informed statistical model was developed and applied
to predict wet season hydroenergy inﬂow of clusters of hydropower reservoirs located in Brazil. Climate predictors were used
to reduce the variance of the forecasts. The NINO3 index and the
tropical Paciﬁc thermocline D20 were used in the model. Due to
the high-dimensionality of the D20 data, the maximum variance
unfolding and the principal component methods were used to obtain the ﬁrst three modes of variability of D20 in order to have
uncorrelated climate predictors.
A preliminary analysis of cross-correlation between seasonal
ﬂows and climate predictors showed statistically signiﬁcant lagged
correlations between the seasonal energy ﬂow of all clusters and
the climate predictors NINO3 and second MVU mode. Lagged correlations obtaining with the PCs were usually very weak. The ob-

served 20-month lagged correlation of NINO3 and the second
MVU mode as described in Lima et al. (2009) suggests that the seasonal ﬂow of clusters 2–3, located respectively in south and southeast Brazil, might be affected by the second MVU mode through
ENSO. Cluster 4 shows relatively high correlations with NINO3
and the second MVU mode at lag times less than 8 months. A
monotonic decreasing trend observed in the seasonal ﬂow of cluster 1 correlates well with the uptrend of the ﬁrst MVU mode (Lima
et al., 2009). Whether such high correlations are pure by chance or
linked to some physical mechanisms is not clear yet and deserves
further investigations by climate based models.
Finally, cross-validated probabilistic forecasts show that model
2 (NINO3 and second MVU as predictors) performs better than the
null model (based on the long term average ﬂow) for clusters 2, 3
and 4. The performance of the models was not dramatically affected as the lead time increases and forecast of the wet season energy ﬂow across Brazil were made up to 20 months in advance
with moderate skill. Therefore, ONS could operationally use the
models proposed here for long term forecasts of seasonal hydroenergy ﬂow. Future work could focus on reducing parameter
uncertainties through hierarchical Bayesian modeling, where
regression parameters of each cluster are shrunk towards a common mean. Concurrent and lagged correlations across clusters
could also be considered through a multivariate forecast model,
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where inter-cluster variability would also be modeled. The predictability of the dry season ﬂow could also be analyzed and explored.
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