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In electrical power systems with strong hydro generation, the use of adequate techniques to generate
synthetic hydrological scenarios is extremely important for the evaluation of the ways the system
behaves in order to meet the forecast energy demand. This paper proposes a new model to generate nat-
ural inflow energy scenarios in the long-term operation planning of large-sized hydrothermal systems.
This model is based on the Periodic Autoregressive Model, PAR (p), where the identification of the p
orders is based on the significance of the Partial Autocorrelation Function (PACF) estimated via Bootstrap,
an intensive computational technique. The scenarios generated through this new technique were applied
to the operation planning of the Brazilian Electrical System (BES), using the previously developed meth-
odology of Stochastic Dynamic Programming based on Convex Hull algorithm (SDP-CHull). The results
show that identification via Bootstrap is considerably more parsimonious, leading to the identification
of lower orders models in most cases which retains the statistical characteristics of the original series.
Additionally it presents a closer total mean operation cost when compared to the cost obtained via his-
toric series.

� 2012 Elsevier B.V. All rights reserved.
1. Introduction

The purpose of the optimal operation planning of large-sized
hydrothermal systems is to determine the output power each hy-
dro and thermal unit must generate in order to minimize the ex-
pected operating cost of the system over the considered period
(Pereira, 1989).

Long-term planning is considered to be the 5–20 year range for
the BES. It presents the following main characteristics: (i) spatial
coupling, due to the construction of several power plants along
the same basin, which causes the operation of an upstream reser-
voir to interfere operation of downstream hydro plants (Grygier
and Stendinger, 1985; Ni et al., 1999); (ii) temporal coupling: the
generation decision in a month has an impact on the cost of the fol-
lowing months; thus, the use of hydroelectric generation in one
stage may lead the system to incur high cost thermal generation
or even a load shedding in the following stages; (iii) stochasticity,
due to the uncertainty in relation to future streamflows, which are
more significant when the study horizon is larger.
ll rights reserved.
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Thus, uncertainty in relation to the streamflows is very impor-
tant, making the problem more complex from a statistical stand-
point. Modeling this uncertainty is not a trivial task. In order to
adjust the statistical models, it is possible to use the data history
of Natural Inflow Energy (NIE), which is one of the realizations of
the generating stochastic process. Therefore, once a model have
been fitted to the original series, one is able of both, produce steps
ahead forecasts, as well as generate as many simulated series as
one may need. The scenarios generated are used in the specifica-
tion of the optimal policy of the hydrothermal BES.

In this paper, Stochastic Dynamic Programming (SDP) is used
with the Convex Hull algorithm, proposed by Dias et al. (2010) to
carry out the simulations. According to this approach, the Expected
Cost-to-go Functions (ECF) of each stage of the planning horizon
are modeled through the piecewise linear approximation using
the Convex Hull algorithm.

In order to reduce the computational burden, known as ‘‘curse
of dimensionality’’ related to the number of reservoirs taken into
consideration, the reservoirs of basins with similar hydrological
characteristics are aggregated in equivalent energy reservoirs
(Arvanitidis and Rosing, 1970). For example, in the BES, there are
four subsystems: Southeast/Mid-West, South, North and North-
east, which represent the aggregation of power plants of these
regions in one single equivalent energy reservoir.
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This study uses a model that generates hydrological scenarios,
known as the Autoregressive Periodic Model, PAR (p), whose
parameters present the periodic behavior based on the dry and
rainy seasons, to generate synthetic series for the long-term plan-
ning problem (5 years) of the BES. The use of the PAR (p) model
presents a critical stage: the identification of the p orders. In this
paper, a new approach for this stage is considered, as proposed
by Oliveira and Souza (2011). The generation of scenarios is made,
and the model performance is compared to the historic series of
NIE to the reservoirs within BES operation planning through a
series of statistical tests.

Additionally, it was evaluated the impact of using these syn-
thetic series in the long-term planning of the BES. To do so, the re-
sults obtained by this approach were compared with those
obtained with the natural inflow records. For that, the dynamic
optimization procedure adopted was that one proposed recently
by Dias et al. (2010), which uses an algorithm based on SDP-CHull.
As such, this study differs from previous one in the sense that a
new approach to generate the scenarios for the NIE has been used
in a conjugation with the SDP-CHull.

The remainder of the paper is organized as follows: Sections 2
and 3 are dedicated to bibliographical reviews. The first one related
to hydrological scenarios generation and the second to dynamic
optimization approaches. Section 4 describes the results of the
joint use of PAR (p)-Bootstrap and the SDP-CHull, while section 5
presents the main conclusions.
2. The Hydrological Scenario Generation model

With regard to electrical power generation, approximately 90%
of Brazil’s potential is composed of hydroelectric power plants,
which explains the high levels of investment and research, to en-
sure and improve the whole energy production system. One of
the main characteristics of the generating systems with hydraulic
prevalence is that they are strongly dependent on the hydrological
regimes. Thus, it is easy to notice the importance of flow simula-
tion models aimed at optimizing the system operation perfor-
mance, with a consequent increase in reliability and cost reduction.

According to Hipel and McLeod (1994), some historic series,
among them the seasonal hydrological series, show an autocorrela-
tion structure that depends not only on the interval between the
observations, but also on the period observed. Also according to
Salas and Obeysekera (1982), stochastic processes that represents
natural phenomena are usually second order stationary; that is,
the first and the second orders moments do not depend on the
choice of the time origin (Harvey, 1981). In the periodic process
class, two models stand out: PAR (periodic autoregressive) and
PARMA (periodic autoregressive-moving average). The PAR (p)
model adjusts an AR (p) model for each period of the series. In a
similar way, a PARMA (p, q) model consists of an ARMA (p, q) mod-
el for each period under study. According to Hipel and McLeod
(1994), in hydrology the PAR (p) modeling was developed after
the research made by Thomas and Fiering (1962).

According to Rasmussen et al., 1996), the extrapolation of PAR
(p) models into PARMA (p, q) models is not a trivial task and may
not be justifiable, since the autoregressive models perform well.
Besides that, according to Hosking (1984), the literature shows
descriptions of procedures for hydrological series modeling that
present long dependence, that is, they have the d parameter of
the ARIMA model (differentiation degree), assuming fractionary
values. These models are known as ARFIMA (Trevisan et al., 2000).

As can be observed in Oliveira and Souza (2011), the analysis
and the modeling of the hydrological series that present a periodic
behavior of its probabilistic properties can be performed through
periodic autoregressive formulations. These are known as
‘‘periodic autoregressive’’ and PAR (p) referenced models, where
p is the order of the model. In general, p is a vector, p = [p1,
p2, . . . , p12], where each element provides the order of each period
(month, in the case of monthly series).

The PAR (p) model is mathematically described by:
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The submitted paper uses the Moment estimation procedure by
the Yule–Walker system of equations to obtain the parameters for
each one of the 12 models identified to each month of the year. As
stated in Pagano (1978) and Troutman (1979), for autoregressive
structures, the Moment estimation procedure is consistent and
asymptotic efficient for Gaussian time series, equivalent to the
Maximum Likelihood estimation. In this particular paper, the 12
models are independently estimated. Therefore, in the case of a
PAR (1) model for a particular model m, only the autoregressive
parameter /m

1

� �
is estimated (besides the noise variance).

In other words, the PAR (p) model is adopted in the modeling
and simulation of NIE in the BES and thus adjusts an autoregressive
model of p order for each of the periods (months) of the historic
series of stream flows of each of the four subsystems that form
the Brazilian Interconnected System i.e., Southeast/Mid-West,
South, Northeast and North subsystems. In this work, we estimate
the PAR (p) structures independently for each mouth, although
some authors, as Lund et al. (2006), suggest a joint estimation ap-
proach, within a multivariate framework. For the generation of
hydrological scenarios, a Lognormal distribution is adjusted to
the residuals (Penna, 2009).

Presently, according to Maceira (1989), the traditional identifi-
cation of p orders of PAR (p) models is carried out based on the
evaluation of the significance of PACF coefficients, based on the
Bartlett (1946) and Quenouille (1949) asymptotic approximations.
For each m period, the largest i order is sought, so that all i coeffi-
cient estimates of PACF for k > i are no longer significant (Identifi-
cation criterion 1).

It is necessary to emphasize that the recommended structural
order identification of the Box & Jenkins family models is carried
out by the joint use of the ACF and PACF (Autocorrelation and Par-
tial Autocorrelation Functions) for any ARMA (p, q) structure. Such
procedure performs reasonably well for pure autoregressive and/
or moving averages structure. The problem arises when both AR
and MA structures are present, making it difficult the identification
of the correct orders. Other identification procedure have been pro-
posed aiming to improve on that, such us Inverse Autocorrelation,
Extended Autocorrelation, Neural Networks, Decision Tree etc., but
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none of them produced a clear cut solution to this problem
(Machado, 2000; Silva, 2005; Caldeira, 2009).

Stedinger (2001) criticizes the traditional identification proce-
dure, since, based on the criterion used, the non-significant inter-
mediate lags are considered and that may result in non
parsimonious structure. This author also suggests that identifica-
tion should be based on the following criterion: for each m period,
the largest order i is searched for, so that all k coefficient estimates
of PACF for k < i are significant (Identification criterion 2).

In other words, to construct confidence intervals for each of the
PACF lags, Oliveira and Souza (2011) proposes the use of the inten-
sive computational technique called Bootstrap, introduced by
Efron and Tibshirani (1993), in order to estimate the real signifi-
cance of PACF coefficients.

In operational terms, the technique consists of a drawing with
replacement of the elements of a random sample, generating a
‘‘Bootstrap sample’’ of the same size as the original. A sufficient
number of samples is extracted in order to obtain the ‘‘Bootstrap
distribution’’ of any statistic of interest. Thus, the set of Bootstrap
observations corresponds to an estimate of the true sampling dis-
tribution of the statistic under study. As shown in Efron and Tibsh-
irani (1993), as the sample size tends to infinity, Bootstrap
distribution of converges to theoretical parameter distribution.

The Information Criteria, as AIC (Akaike Information Criterion),
BIC (Bayesian Information Criterion), HQC (Hannan-Quinn Infor-
mation Criterion) consist in penalty functions for model selection.
Loosingly speaking, it consists of the tradeoff between bias and
variance in model construction, or between accuracy and complex-
ity of the model. These criteria are largely used in time series liter-
ature and could also be used in the order identification of the PAR
(p) structure of the present work. However, the main task of this
paper is the investigation and tests of the real significance of the
Quenouille asymptotic procedure (proposed by Box & Jenkins)
and that obtained via Bootstrap technique, which produces empir-
ical confidence intervals for the estimated ACF and PACF, as well as
the model autoregressive parameters. Neto (1991) defined the
Quasi White Noise (QWN), stochastic process whose estimated
ACF and PACF are accepted as significant, when, in fact they are
not. The Bootstrap approach used in this paper aims to investigate
and correct possible identification distortions.

The results obtained show, keeping the traditional structural or-
der identification via PACF, that the identification by Bootstrap is
fairly more parsimonious, leading to the identification of lower or-
ders in the majority of the cases and ratifying some issues raised in
previous studies on the traditional approach.
3. Stochastic Dynamic Programming Using Convex Hull
algorithm

This study adopts the methodology proposed by Dias et al.
(2010), which uses a Convex Hull algorithm to obtain ECF in the
Stochastic Dynamic Programming for troubleshooting the hydro-
thermal systems operation planning.
3.1. Stochastic Dynamic Programming

Dynamic Programming techniques have been used to solve
sequentially solvable problems, where a global optimal solution
can be obtained through the optimization of individual subprob-
lems (Bellman, 1957). As far as the long-term operations planning
of hydrothermal systems is concerned, the study horizon, which is
considered to be a 5-year period in the BES, is subdivided into
monthly stages.

Thus, the present optimal decision is linked to a set of future
events. The problem is solved the opposite way; that is, starting
with the last decision stage and making the recursion in time,
where the decisions of the stage under analysis and the future con-
sequences are considered for each stage (Silva, 2001).

Additionally, the hydrothermal planning depends on the water
streamflows to the system’s hydroelectric power plants, thereby
creating a stochastic problem. Thus, Stochastic Dynamic Program-
ming can be used to solve the problem. Taking the state vector Xt

into consideration with initial volume data referring to each
hydroelectric power plant in t stage that is under study, PDE
can be described based on the following recursive equation
(Silva, 2001):

atðXtÞ ¼ E
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where
T
 number of problem stages;

at(Xt)
 expected total operating cost of Xt state;

at+1
 future cost ($);

EytjXt
 expected total operating cost value considering the

possible streamflows at stage t, and related to state Xt;

Xt
 state vector at stage Xt;

Ut
 decision vector at stage t;

Ct(Ut)
 operating cost associated to decision Ut;

B
 discount rate;

gtt
 thermal generation ðMWÞ;

ght
 hydro generation ðMWÞ;

Deft
 deficit ðMWÞ;

Dt
 total demand ðMWÞ;

xt
 initial reservoir volume at stage t (hectometre3);

xt+1
 volume at the end of stage t (hectometre3);

yt
 streamflow to reservoir during stage t (hectometre3/mês);

ut
 turbinated flow at stage t (hectometre3/month);

ut
 maximum turbinated flow (hectometre3/month);

P
 hydroelectric power plant producibility (MW/

hectometre3);

st
 spilled flow at stage t (hectometre3/month);

xtþ1
 maximum reservoir volume (hectometre3);
xt+1
 minimum reservoir volume (hectometre3);
Eq. (1) represents the objective function, given by the immedi-
ate operating costs plus the operational decision future cost Ut,
where Ut is given by the vectors that correspond to the volumes
stored at the end of the stage, the turbined and spilled volumes
of hydroelectric power plants, the output power generated at ther-
mal power plants and load shedding.

Eq. (2) represents the restricted fulfillment of the demand,
where the quantity of hydro and thermal power generation must
meet the demand requested by the system. In Eq. (3), there is
the restriction of water balance.

Eqs. (4) and (5) represent, respectively, maximum and mini-
mum limits of the reservoirs and the maximum outflow volumes.
Eq. (6) represents the hydraulic generation according to the
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equivalent power plant production coefficients and the turbined
outflow.

This problem can be naturally solved by Dynamic Program-
ming, discretizing the state variables and numbering all combina-
tions of these variables. The disadvantage is the large number of
combinations, which increases the need for new procedures.
Stage = T

Start

Linear Programming
Acquisition of optimal costs of 

each state

Convex Hull
Approximation of the 

expected cost-to-go functions

Stage = stage - 1

Stage = 1 ?

End

Step 1

Step 2

Step 3

Step 4

Yes

No

Fig. 1. Acquisition algorithm of ECFs using Convex Hull.

0

0.5

1

1.5

2

2.5

x 10
5

0
0.5

0

2

4

6

8

10

12

x 10
5

E
[F

u
tu

re
 C

o
st

] 
($

)

SE Level
(MW−Month)

Fig. 2. ECF obtained at the last stage con
3.2. Convex Hull algorithm

Based on a set of points, the Convex Hull algorithms present the
smallest convex polygon that contains the points provided
(Cormen, 2001).

Several algorithms were developed to obtain the CHs, among
them the Graham algorithm, the Jarvis algorithm and the Quick-
Hull algorithm; the latter was used to develop this work (Barber
et al., 1996).

In this work, given the points that correspond to the optimal
solution of each state of the hydrothermal coordination problems,
the algorithm indicates the set of hyperplanes that correspond to a
Convex Hull, which are used as a linear approximation of ECF for
each stage of the problem.

The steps of the solution algorithm are shown in Fig. 1 (Dias
et al., 2010).

It can be observed that when using the dynamic programming
technique, the beginning should be at the last stage (t = T). At Block
1, the average operating costs are obtained for each operational
state through linear programming. The set of points that relate
the reservoir storage to the operating cost previously obtained is
given to the QuickHull algorithm, which provides the reduced
plane set that forms the Convex Hull. These planes are used in
the modeling of the ECF. This procedure is shown in Block 2. In
Block 3, there is a decrease in the stage number. The ECFs obtained
are taken as constraints in the next stage, and this procedure is re-
peated until the first stage is reached. The stop criterion is repre-
sented by Block 4.

An example of ECF is shown in Fig. 2 (Dias et al., 2010), obtained
for the last stage of a study case on equivalent reservoirs of South
and Southeast/Mid-West subsystems. It is seen that the ECF is a
curve with N + 1 dimensions, where N is the number of reservoirs.
The extra dimension is due to the operating cost.

The operational policy can be calculated based on the ECFs; this
calculus consists of the evaluation of a specific scenario (in this
article, chosen from the historic series) over the study horizon,
using the ECF’s information at each stage. Thus, the expected
optimal operating cost is obtained.
1
1.5

2
2.5

x 10
4

S Level
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sidering two equivalent reservoirs.



Table 2
Results of the orders identification for the Northeast and North subsystems.

Northeast North

Classic Bootstrap Classic Bootstrap

Criterion 1 Criterion 2 Criterion 1 Criterion 2 Criterion 1 Criterion 2 Criterion 1 Criterion 2

January 1 1 1 1 1 1 1 1
February 4 2 2 2 4 2 2 2
March 1 1 1 1 1 1 1 1
April 1 1 1 1 1 1 1 1
May 1 1 3 1 1 1 1 1
June 1 1 5 1 1 1 1 1
July 1 1 1 1 3 3 3 3
August 1 1 1 1 1 1 2 2
September 1 1 3 1 5 1 5 2
October 3 1 1 1 2 2 1 1
November 2 2 2 2 5 1 1 1
December 5 1 1 1 1 1 1 1

Table 1
Results of the orders identification for the Southeast/Midwest and South subsystems.

Southeast/Mid-West South

Classic Bootstrap Classic Bootstrap

Criterion 1 Criterion 2 Criterion 1 Criterion 2 Criterion 1 Criterion 2 Criterion 1 Criterion 2

January 5 1 1 1 1 1 1 1
February 6 1 1 1 1 1 1 1
March 1 1 1 1 4 1 1 1
April 2 2 2 2 5 1 1 1
May 3 1 3 1 1 1 1 1
June 1 1 1 1 5 1 1 1
July 3 3 3 3 4 2 1 1
August 1 1 1 1 1 1 1 1
September 1 1 1 1 1 1 1 1
October 3 3 1 1 1 1 1 1
November 1 1 1 1 6 1 1 1
December 4 1 1 1 1 1 1 1
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4. Results

4.1. Hydrological Scenario Generation model

The results obtained for the orders of each period of the Brazil-
ian subsystems are shown. It is important to point out that the
sample size used in these estimations corresponds to monthly
Fig. 3. PACF – December at the Southeast/Mid-West subsystem.
NIE covering the period ranging from January, 1931 till December,
2009, i.e., 79 years of monthly data. With each one of the 12 fitted
models, synthetic NIE series of size 60 (i.e., 5 years ahead) are gen-
erate as can be seen in Fig. 4. Using traditional identification, the p
values were found according the criteria established and are
shown (Tables 1 and 2). Therefore, the purpose is to compare the
results obtained through those two approaches and to check on
the applicability of the technique proposed.

The Fig. 3 below shows the PACF chart for the month of January
at the Southeast/Mid-West subsystem. The test asymptotic confi-
dence interval and the dots of PACF values for 1 to 11 lags are
shown. As can be confirmed in the results shown in Table 1,
according to Identification Criterion 1 using the traditional ap-
proach, the selected order would be equal to 4 (four). Nevertheless,
identification by Bootstrap points to the order choice equal to 1
(one), which coincides with Criterion 2 of the traditional approach.

In the following tables, the values of the selected orders are
shown.

Include a summary of the model diagnostics on the fitted PAR
(p) model, including whiteness and normality of the residuals of
the fitted model.

Through the analysis of the results shown in Tables 1 and 2, it is
possible to observe that out of the 48 periods considered
(12 months in each subsystem) there were only 9 cases where
the orders indicated by Criterion 2 of the traditional identification
and Criteria 1 and 2 of Bootstrap show any differences. For each of
these cases, a simulation was made, also through Bootstrap proce-
dures, for parameter confidence interval of the possible adjusted
model.



Table 3
Model diagnostics – whiteness and normality of the residuals of the fitted model.

Southeast/Mid-West South Northeast North

KS test LB test KS test LB test KS test LB test KS test LB test

January 0.571 0.217 0.010 0.455 0.504 0.4349 0.185 0.339
February 0.980 0.297 0.080 0.691 0.776 0.0024 0.479 0.133
March 0.810 0.389 0.053 0.801 0.494 0.0716 0.361 0.174
April 0.420 0.528 0.067 0.957 0.445 0.8478 0.484 0.509
May 0.197 0.309 0.011 0.732 0.035 0.7179 0.207 0.439
June 0.032 0.239 0.123 0.862 0.359 0.0969 0.654 0.000
July 0.108 0.596 0.048 0.227 0.774 0.9052 0.592 0.001
August 0.040 0.734 0.075 0.209 0.857 0.3939 0.908 0.478
September 0.754 0.031 0.243 0.806 0.473 0.0133 0.685 0.000
October 0.412 0.609 0.261 0.283 0.346 0.6742 0.025 0.493
November 0.539 0.989 0.543 0.983 0.532 0.2783 0.150 0.283
December 0.988 0.337 0.023 0.807 0.986 0.4969 0.343 0.065
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In the cases where the orders indicated by Criterion 2 classical
approach were larger than those indicated by Bootstrap (October at
Southeast/Mid-West and North subsystems and July at South sub-
system), simulations showed that these extra parameters were not
Fig. 4. Average of the scenarios (red line) and historic average (blue line) for the
Southeast/Mid-West subsystem. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)

Fig. 5. Historical and synthet
significant. In other words, the Bootstrap identification in these 3
cases were the correct ones.

For the months of May, at the Southeast/Mid-West, and May,
June and September, at the Northeast subsystem, where the orders
indicated by Criterion 1 of Bootstrap were larger than those of the
classical Criterion 2, it was shown that in all cases, only the first
and the last parameter were significant, while the intermediate
were not (both at 95% confidence level). In such cases, it is recom-
mended to use a more parsimonious structure, which confirms the
Bootstrap Criterion 2 proposed identification.

In the case of August at the North subsystem, at Criteria 1 and 2
of the identification by Bootstrap, the selected orders were larger
than the Criterion 2 of the traditional identification. The simula-
tions performed indicated that, at the 95% confidence level, both
model parameters are significant, but at the 99% confidence level,
of only the first parameter would remain at the model.

Finally, for the period of September at the North subsystem,
simulations showed that, for an order model equal to five, only
the first, the second and the fifth parameters are significant.
According to the parsimony principle, the model of order 2 is cho-
sen, which is the one indicated by Criterion 2 of the Bootstrap
identification.

Therefore, the Bootstrap technique proved to be efficient in
identifying model orders of each period (mainly in relation to Cri-
terion 2), getting closer to Criterion 2 of the classic identification
method in 90% of the cases. Therefore, as a better alternative, use
of the intensive computational technique at the critical phase of or-
der identification p is recommended. Another solution would be, as
ic natural inflow energy.
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an initial change in the methodology, to use Criterion 2 in substi-
tution for Criterion 1, which is presently implemented.

Therefore, the selected models (by Bootstrap Criterion 2) were
fitted and used for the scenario’s generation. A summary of the
residuals statistics is shown next. It was considered two tests:
normality and whiteness. For the former, it was used the Kolmogo-
rov–Smirnov (KS Test) to test the normality of these estimated
residuals (Conover, 1971). For the latter (whiteness of the residu-
als), the Ljung Box test (LB Test) was used (Hamilton, 1994).
Fig. 6. Energy stored at the end of each mont

Fig. 7. Average marginal operating costs o

Fig. 8. Average deficit of the Sou
Table 3 presents the p-values of the KS and the LB tests. For
both, the null hypothesis of normality and whiteness, respectively,
could not be rejected at the 99% confidence level for almost all
cases. Only for the periods of February of the Northeast subsystem
and June, July and September of the North subsystem, the white-
ness hypothesis was rejected, which may suggest that the orders
of the models should be revised. However, the estimated ACF of
residuals for each one of these months are rather small, except
for higher lags (greater than 6), which may be an indication of
h at the Southeast/Mid-West subsystem.

f the Southeast/Mid-West subsystem.

theast/Mid-West subsystem.
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spurious autocorrelations, especially if one takes into account the
model order structures that are quite small. Thus, the fitted models
with the Bootstrap Criterion 2 were the selected one in this paper.

The scenarios generated were shown to adhere to the historic
data in all subsystems. Average, variance, distribution adherence,
correlation and negative sequence tests were performed (Penna,
2009). All proved to be adequate, and the synthetic series gener-
ated kept the statistic properties of the original historic series. As
an example, Fig. 4 below shows, for the Southeast/Mid-West sub-
system, the average of the scenarios generated and the original his-
toric series average, practically superimposed.
Table 4
Results of the estimate of orders for the South-
east/Mid-West and South subsystems.

Expected total operating cost (R$)

Historic 2.1279 � 107

Synthetic 1.9780 � 107
4.2. Comparison between the scenario generation model and the set of
historic series

Based on the series obtained in the proposed model previously
described, the performance of these series was compared with the
historic series using Stochastic Dynamic Programming. The total
expected operating costs of both sets of hydrological series were
compared for the Brazilian hydrothermal system.

Initially, the set of series, composed of the historical NIE in
the Brazilian system since 1931, is used for the operational pol-
icy, that is the phase in which the ECF are calculated, also known
as the ‘‘backward phase’’. Two simulations were used: one using
the set of historic series and another using the set of synthetic
series.

Based on these functions, operational simulations were devel-
oped, where each series is used to calculate the optimal output
power to be generated by the set of thermal and hydro power
plants in order to minimize the expected total operating cost of
the hydrothermal system, which is known as the ‘‘forward phase’’.
In this phase, each historic series was simulated with the cost-to-
go functions obtained for the set of historic series and, at the
end, the average cost was calculated for all 70 simulations. The
same procedure was done for the synthetic series.
For the initial evaluation of the generated series, the plots of the
NIE of the 70 scenarios are shown in Fig. 5, for the Brazilian system.
NEI represents the energy that can be generated with the corre-
sponding water volume that flows to the system. Adherence can
be observed among the curves of the historic and synthetic series.
This plot shows that the generation model of NIE scenarios pre-
sents the expected statistical robustness. Additionally, possible dif-
ferences in the averages of decision variables may be associated
with critical periods, in which the severity of the synthetic series
differs from that of the historic series. Knowing that hydrological
series are available for BES hydroelectric power plants since
1931, a total of 70 historic series were selected. For this compari-
son, 70 synthetic series obtained with the model described in the
previous sections were also used.

The expected total operating cost that is calculated based on the
fuel expenses and possible energy deficits for both cases is shown
in Table 4. It can be observed that the use of synthetic series allows
for a cost nearly 7% lower than that of the historic series. This may
indicate that operation planning using synthetic series generated
by the proposed model is less restrictive than the historic one, sig-
nalizing for the systems operator that hydrological scenarios more
optimistic than the flow energy historical series are expected. Thus,
using synthetic series, it is noticed that, in average terms, operation
planning leads to a better use of water resources.

Although the analysis comprises the whole Brazilian System we
will present the results obtained for the Southeast subsystem, the
largest one. Fig. 6 presents the results of the average final stored
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Fig. 10. Average power generation for the complete system using synthetic series.
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energy in the considered subsystem. It can be observed that both
cases present similar characteristics.

Another important variable is the Marginal Operating Costs
(MOC). In Fig. 7, MOC for the Southeast subsystem is shown, where
a similar behavior can be observed again. However, due to a better
use of energy resources with synthetic scenarios, in average terms,
lower MOC were observed in synthetic series in comparison with
historic series.

The deficit average for the same subsystem is shown in Fig. 8,
and due to the explanations given above, in most occurrences there
are smaller average deficits than in the synthetic scenarios.

Finally, the total power generation for the complete system is
shown (for historic series in Fig. 9 and for synthetic series in
Fig. 10). It is observed that, in average terms, the behavior of hydro
and thermal resources use throughout the study period is similar
in both study cases employed.
5. Conclusions

This paper presents a new approach for the generation of syn-
thetic scenarios of NIE via PAR (p)-Bootstrap and implementation
within the SDP-CHull optimization algorithm. These series were
generated using the available monthly data for the four Brazilian
subsystems (Southeast/Mid-West, South, North and Northeast),
covering the period ranging from January 1931 to December
2009, to fit the PAR (p)-Bootstrap structures. In particular, the
Bootstrap technique was essential in the estimation of the confi-
dence interval for the PACF coefficients, leading to models far more
parsimonious than the traditional asymptotic approach to set such
intervals used previously. Once these scenarios, produced by more
parsimonious models were taken into the SDP-CHull optimization
algorithm the obtained mean operation cost falls within the ex-
pected range, which is a clear indication that the proposed ap-
proach performs correctly.
The main decision variables associated with the problem – Mar-
ginal Operation Cost, stored energy at the end of each month and
output power generation, for a 5-year monthly-base planning,
using both the synthetic scenarios and historical data show a gain
of 7% in the expected total operation cost.

As a consequence of these findings, one could state that the pro-
posed approach in this paper is quite promising, specially taking
into account that it has been used for the highly complex Brazilian
hydrothermal energy system. Therefore, the method could also be
recommended to be used for any other large scale hydrothermal
energy system.
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