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[1] The coordination of reservoir operation is critical for water systems’ efficiency.
Improved coordination requires sharing information, demanding a clear understanding of
the potential gains and its distribution among the users to motivate engagement in
coordinated operations and bearing of transaction costs. In a multiuser, multireservoir
system, the evaluation of the potential coordination gains is not trivial because it requires
the simultaneous evaluation of numerous trade offs. This paper presents a methodology to
identify the likely upper and lower bounds in multireservoir system benefits, providing a
reference framework for analyzing the economic value of coordination. The methodology is
applied to a large-scale multireservoir system in Brazil. The methods rely on the
comparison between two management scenarios. The first one mimics typical system
operation based on individually designed rule curves, which are likely to perform on the
lower bound. This is compared with fullscale system-wide optimization through an
Stochastic Dual Dynamic Programming algorithm to represent fully coordinated reservoir
operation (upper bound). For our case study, results indicate that better coordination
reduced spills and improved releases timing according to reservoirs characteristics and
location, allowing overall gains between 3% and 8% in energy and 7.9% in revenues, with
revenues mostly improved by coordination in dry years. Larger reservoirs presented the
highest gains in absolute terms, while the smaller ones presented the highest relative
increases. By indicating individual gains at each reservoir, valuable information is produced
to support future negotiations and benefit sharing among different agents, being water
agencies or power companies.
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1. Introduction

[2] Surface reservoirs are central infrastructure elements
responsible for a wide range of benefits, environmental
impacts, and water allocation opportunities in a water sys-
tem. While the world has water systems with different lev-
els of development and amount of surface storage
available, the need for improved performance and effi-
ciency in operation is a common denominator. This
improved efficiency will dampen the need for new infra-
structure in well-developed systems, as well as it will pro-
vide developing systems with smarter expansion plans,
preventing new infrastructure from interfering negatively
with existing ones.

[3] There has been extensive research on the evaluation
and improvement of the operation of water and reservoir
systems, especially multipurpose ones. The current and
future water benefits, coupled with uncertain future inflows,
place a critical importance on how the reservoirs are
designed and operated. Optimization of multireservoir
operation is reviewed in Labadie [2004] and Yeh [1985].
Recent examples include active-restrictive approach for
optimal reservoir operation to provide off-stream water
demands and supply multiple environmental flow targets in
Shiau and Wu [2010] and a path-based water distribution
optimization model that includes reservoir operating rules
to identify water trade strategies in Cheng et al. [2011].
Hedging rules to reduce the probability of more severe
future water shortage at the expense of present small defi-
cits are analyzed and extended in the work of You and Cai
[2008] and combined with reservoir rule curves in a mixed
integer linear programming optimization model in Tu et al.
[2003]. In Tilmant et al. [2012], a methodology is presented
to calculate the economic value of surface reservoir storage
services, and to help evaluate the individual benefits pro-
vided by current, and future storage infrastructure.

[4] In a multireservoir water system, the coordination on
reservoir operation is critical to maintain and increase
system-wide benefits under uncertain future adverse
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conditions (climate change, increase in conflicting water
demands, etc.). However, improving cooperation may
prove difficult. For Waterbury [1997], cooperation is chal-
lenging when multiple competing users are present and the
cooperation benefits are asymmetrical. The author points
out that by reducing the relevant variables to a water allo-
cation problem (e.g., measuring benefits through economic
returns to cooperation) and treating water as a scarcity val-
ued commodity will motivate users to engage in decisions
that, albeit unilateral, may be beneficial to the watershed as
a whole. Water systems models and methods can be very
useful in this context by providing information for negotia-
tion. While one should not expect that a single model will
result a prescriptive solution to a complex coordination
problem, the model building and analysis exercise will help
to consolidate a better and common understanding of the
system and screen out poorly performing alternatives.
Whittington et al. [2005] applied an optimization model to
calculate the economic benefits of hydropower and irri-
gated agriculture under different combinations of proposed
infrastructure in the Nile River basin, referring to the value
of coordination cooperation as the difference between not
building the infrastructure and building it. Anghileri et al.
[2012] discusses the importance of this coordination and
presents an approach to improve opportunities for negotia-
tions among competing users using a multiobjective central
solution to evaluate benefits of coordination.

[5] Thus, improved coordination requires sharing infor-
mation, objectives, and above all, it demands a clear under-
standing of the potential gains and their distribution among
the involved actors, so that they will be motivated to
engage in coordinated operations and bear the transaction
costs. In a system with several reservoirs, with different
sizes and economic demands (hydropower, irrigation, etc.)
which are owned and operated by different users, an evalu-
ation of the potential gains with coordination is not trivial.
For each reservoir in the system, the balance between
releasing or keeping water in storage requires the evalua-
tion of a temporal and spatial trade-off. When multiple res-
ervoirs are present, the assessment of the multidimensional
trade-off relationship is further complicated by the stochas-
tic nature of future reservoirs’ inflows.

[6] This paper presents a methodological development to
address this issue, and uses an example to investigate the
potential lower and upper bounds in reservoir system opera-
tion benefits, providing a reference framework for evaluating
the potential economic gains from improved coordination.
The methodology presented in this paper generalizes the
work of Goor et al. [2007], Marques et al. [2006], and
Anghileri et al. [2012] by removing the limitations on the
system’s size (number of reservoirs) and by explicitly cap-
turing the stochastic nature of the reservoir operation prob-
lem (no certainty equivalence assumption required).

[7] By treating the problem as explicit stochastic, our
method provides an extension of the deterministic methods
of Marques et al. [2006], resulting in a generalized
approach that is valid for systems that are not certainty
equivalent [Philbrick and Kitanidis, 1999]. Furthermore,
the value of coordination has a general meaning beyond the
difference between optimal individualized operations and
optimal system wide operations. Reservoir systems man-
agement has different operational objectives, risk aversion,

and political/institutional/social frameworks that guide
individual reservoir operation. Such mixed context is often
synthesized by rule curves in several systems in the world.
Thus, a broader meaning for the value of coordination in a
given system departs from some rule-based individual
operation (from which individual optimal solutions are a
particular case) and compares it to a full-scale system wide
operation. The value of coordination is then defined by
moving form the current system operation (usually based
on rule curves) and going to a full coordination, which pre-
supposes optimized operation of the whole system. Our
work captures this general concept, resulting in a method
readily applied to different systems.

[8] The results of the present paper should provide rele-
vant information about the potential gains with coordina-
tion, which are useful to support integrated water policies
and justify institutional development through water agen-
cies and watershed committees to engage in improved
operational coordination, i.e., how close it is to a fully coor-
dinated operation and is it worthwhile to further improve
coordination. Another key result produced here is the iden-
tification of benefit reallocation in the system when com-
paring different levels of coordination. This is especially
relevant when, for example, hydropower plants are owned
by different companies, and can be used to support negotia-
tions toward more equitable benefit sharing when compa-
nies participate in an energy market.

[9] The methodology is organized to provide a compari-
son between two scenarios: fully coordinated and noncoor-
dinated reservoir operation. A hydropower-dominated
system in Brazil involving 10 reservoirs in parallel and in
series is used to illustrate the methodology. Fully coordi-
nated means reservoirs are operated to maximize the
system-wide economic revenue, with water storage distrib-
uted and releases timed according to reservoirs capacity,
power plant size, position in the system, head-storage rela-
tionship, and incremental inflows. While most water sys-
tems do have some level of coordination, the fully
coordinated operation modeled here is likely to represent
an upper bound on the potential benefits, as it models in
detail all the individual reservoirs and takes into account
their individual contribution when operated to maximize
the system’s benefit.

[10] The noncoordinated operation means each reservoir
is operated to maximize its own energy production and reve-
nues, with releases from upstream reservoirs considered as
exogenous information and optimal releases to downstream
reservoirs calculated without taking into account their
energy production and revenues, as in Marques et al. [2006].
This is likely to represent a lower bound in terms of system-
wide benefit, as some obvious coordination opportunities
will be missed. This situation may be close to some interna-
tional transboundary river basins, where limited information
sharing may restrict coordination opportunities.

[11] The paper is organized as follows: the next section
presents some conceptual framework for reservoir opera-
tion, followed by the presentation of the methods, results of
an example application, and discussion and conclusions.

1.1. Reservoir Operation for Hydropower Production

[12] Reservoir systems need specification of operating
rules to guide operators during real time decisions. Early
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developments in the field [Clark, 1956; Bower et al., 1962]
explored principles of engineering optimization through
conceptual or mathematical deduction to arrive at general
and special case rules [Lund and Guzman, 1999].

[13] Such operating rules for hydropower objectives vary
according to the system’s configuration (reservoirs in series
or parallel) and the cycle (refill or drawdown). When reser-
voirs are in series, it is possible to transfer storage from
upstream to downstream if inflows are overestimated, and
to capture the excess water if inflows are underestimated
[Lund and Guzman, 1999]. Reservoirs in parallel do not
allow direct storage transfers, but if they share a common
water demand downstream, storage could be transferred in
lieu by releasing water from the reservoir with higher
storage.

[14] The general conceptual rule to increase hydropower
in reservoirs arranged in series is to prioritize storage in the
reservoirs with highest energy production. For the refill
cycle, this rule approaches the water storage rule by filling
the upper reservoirs first. For hydropower, this (a) maxi-
mizes the energy stored for future time as unwanted spills
can be captured by downstream reservoirs and are less
likely to leave the system and (b) increases the system’s
water energy content, as releases from upstream also gener-
ate power in downstream units. For the drawdown cycle,
the general rule allocates storage to the reservoirs with the
highest head-volume storage ratio, release capacities and
generating efficiencies [Lund and Guzman, 1999]. This
usually results in drawing down first the larger reservoirs,
where, for a given volume released, the heads will drop at a
slower rate then the smaller reservoirs, thus maximizing
generation.

[15] When hydropower reservoirs are in parallel, the
general guideline during the refill cycle is to avoid having
significant discrepancies in storage and spills. A conceptual
rule following this guideline is to adjust the releases at each
reservoir so that the probabilities of refill in the next season
are equalized [Clark, 1956]. An example of this includes
the NYC rule, where the chances of spilling are adjusted by
the value of the water at the reservoirs, which, for hydro-
power, represents the marginal value of energy foregone by
spilling [Lund and Guzman, 1999]. A variation of this rule
minimizes the total volume of spills [Bower et al., 1962] by
leaving more space in reservoirs where greater inflows are
expected, which equalizes the ratio of available storage to
the expected inflow. Johnson et al. [1991] adapted the
space rules for constant-head hydropower, using the reser-
voir’s energy content instead of water volumes and arriving
at similar recommendations as the space rule to minimize
energy spills.

[16] These rules have been tested, refined, and imple-
mented mostly with simulation models. Following develop-
ments have taken advantage of optimization approaches to
generate predefined solutions for posterior simulation with
increased detail. Ideally, the optimization model should
include an objective function able to value future opera-
tions as well as the trade-offs between energy production in
different locations and different times [Johnson et al.,
1991]. Examples of approaches include explicit stochastic
multiperiod optimization models as in Kelman et al.
[1990], Tejada-Guibert et al. [1993], Braga et al. [1991],
Raje and Mujumdar [2010], and implicit optimization mod-

els in Lund and Ferreira [1996] and Celeste and Billib
[2009]. Other examples have focused on the application of
Genetic Algorithms, including Oliveira and Loucks [1997],
Wardlaw and Sharif [1999], and Kerachian and Karamouz
[2006]. In Hejazi and Cai [2011], data mining techniques
are employed to enhance an existing reservoir optimization
approach with knowledge present in historical records, in
order to represent the decision process more realistically.

[17] The methodology presented here combines explicit
stochastic dynamic optimization with reservoir simulation,
to identify system-wide and individual operations and com-
pare results representing different levels of coordination. A
detailed description of the methods is presented in the next
section.

2. Method

2.1. Overview and Assumptions

[18] The methodology presented here is applied to a res-
ervoir system in Brazil, with hydropower as the dominant
use (further details about the system are presented in the
next section). In a first scenario (fully coordinated reservoir
operation), an optimization run is made with a monthly
Stochastic Dual Dynamic Programming (SDDP) model,
including all reservoirs and their connectivity in the system.
The inputs are time series of reservoir inflows, off stream
water demands, energy prices, and reservoir data (storage,
evaporation, power plant capacity, etc.). The SDDP model
maximizes the expected economic returns from system
operation (the sum of energy sales at all power stations
minus penalties for violating various operational con-
straints). This scenario corresponds to the fully coordinated
operation and the corresponding economic performance is
likely to be an upper bound. The main outputs are time
series of monthly releases, storage volumes, and energy
generation at each power station.

[19] The second scenario (noncoordinated reservoir
operation) represents the absence of coordination in a sys-
tem where the reservoirs are individually operated based on
rule curves, and the economic returns are likely to be a
lower bound. For Loucks and Sigvaldason [1982], operat-
ing policies and associated rule curves define storages and
releases throughout the year as a function of time, water
demands, and even inflows. The specification of operating
rules is also required to guide reservoir operators in practi-
cal real-time operations [Lund and Guzman, 1999].

[20] While we agree that rule curves do not take into
account present weather and watershed conditions and miss
a clearly defined objective function, as pointed out in
Howard [1999], they are still often used in defining reser-
voir operating policies [Loucks and van Beek, 2005] and
employed in many simulation models [Oliveira and
Loucks, 1997]. In this context, we believe that simulation
runs based on predefined, optimized, rule curves provide a
reasonable representation of typical reservoir operations
often still found in many systems, especially if operating
without coordination, which is the scenario we are investi-
gating here. Also, by using rule curves, the methodology
proposed here should be readily available to evaluate the
current level of coordination in a given system of interest,
i.e. if, and how it falls between the upper bound (fully coor-
dinated) and lower bound (noncoordinated) and even
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compare it to more sophisticated reservoir operation guide-
lines. However, before predefined rules are evaluated
through simulation, they should be properly defined. For
Oliveira and Loucks [1997], optimization models can help
with the latter.

[21] For this definition, considering the rule curves cur-
rently used in the system were not available, we assumed
each operator would optimize their own reservoir based on
the probability distribution of inflows from upstream opera-
tions, which are not under his control. In order to construct
such representation, we used a similar approach as in
Marques et al. [2006], optimizing reservoirs individually.
However, to maintain the method’s generality and repre-
sent a possible lower bound, the SDP policies were
converted to rule curves, and the system was simulated for
calculation of noncoordination benefits.

[22] To derive reasonable rule curves, Stochastic
Dynamic Programming (SDP) model runs are prepared
for each reservoir, one at a time, with the same incremen-
tal flows, water demands and energy prices as in the
SDDP model. The model runs are executed from upstream
to downstream, maximizing the expected economic
returns from the energy sales at each reservoir individu-
ally. The resulting optimal benefit-to-go functions are
then employed in the objective function of a forward reop-
timization model to simulate the corresponding reservoir
[Tejada-Guibert et al., 1993] and derive a typical rule
curve. For the reservoirs at the top of the cascade, the
inflows processed by SDP and SDDP are exactly the
same. However, as we move downstream in the cascade in
the second scenario (noncoordinated reservoir operation),
the inflows to a given reservoir are now the sum of the
local incremental flows and the optimal SDP forward
reoptimization releases and spills from the reservoir
immediately upstream (if the upstream reservoir is in
series, only its releases are considered, if multiple reser-
voirs are in parallel upstream, their releases and spills are
combined). Since the releases decisions made by both
optimization models are not necessarily the same, the total
inflow to a given reservoir in the cascade at a given time
is likely to be different.

[23] The percentiles of seasonal (monthly) reservoir stor-
age results from the SDP forward reoptimization were ana-
lyzed for identification of operating rules and storage
patterns, as in Lund and Ferreira [1996].

[24] Thus, while our rules curves were developed with
individualized reservoir optimization, the method itself
remains general in the sense that other individual reservoir
operation guidelines can be represented. Current operating
rules are strategic operational information and not dis-
closed by private owners given they compete in the energy
market. Since the objective at this point is to find the opti-
mal reservoir operation when operated individually (non-
coordination) we did not investigate the storage
relationship with the rest of the system, and the resulting
seasonal storage rules were very clear. The operating rules
identified in this section were applied to a HEC-RES SIM
simulation model, where a configuration of the whole reser-
voir system was built and repeatedly simulated using
exactly the same hydrologic sequences of incremental
flows as in SDDP. This output defines the noncoordinated
operation.

2.2. The Fully Coordinated Operation: SDDP Model

[25] Reservoir operation problems are time-coupled, sto-
chastic, and nonlinear. When formulated as an optimization
problem, the typical objective function seeks to maximize
the expected benefit Z from system operation from period 1
through period T

Z5 E
qt

XT

t

atbtðst; ut; qtÞ1aT11vðsT11; qT ; Þ
" #

(1)

subject to the following constraints :

u
t11
� ut11 � ut11 (2)

s
t11
� st11 � st11 (3)

st115st2Cut1qt2et (4)

where t is time, T is the end of the planning horizon, bt is a
one-stage benefit at t, ut is the decision variables (alloca-
tion) vector, st is a storage vector at the begin of t, qt are
stochastic inflows, et are evaporation losses, a is the dis-
count factor, v is a end-of-horizon value function, and E is
the expectation operator. The different reservoirs are linked
through a connectivity matrix C. Finally, the immediate
benefit function bt(�) includes the net benefits from hydro-
power and penalties for not meeting water deliveries to off-
stream uses (constraints violations). bt includes a hydro-
power term HPt and a penalty term n

0

tzt, such that

bt5HPt2n
0

tzt (5)

where zt is a vector of slack variables representing devia-
tion from given target operations (violations of constraints)
such as energy deficit, environmental flows, spills, and
other water demands. Any deviation is penalized by a vec-
tor of penalties n

0

t (in $/unit of penalty or surplus). This
approach avoids the use of hard constraints, which may
lead to unfeasibility problems, while still allowing the user
to configure other water uses and operational conditions
with higher or lower priority than hydropower. The hydro-
power term HPt sums over all system reservoirs j, and it is
given by

HPt5st

X
j

ðptðjÞ2hðjÞÞPtðjÞ (6)

where st is the number of hours in period t, pt is a vector of
energy values, based on the short-run marginal cost of
operating the Brazilian hydrothermal system ($/MWh), and
h is a vector of O&M cost of hydropower plants ($/MWh).
Pt is the hydropower in a given time step t, given by

Pt5cgðst; st11; utÞhðst; st11Þut (7)

where c is the specific weight of water, g is the turbine effi-
ciency, h is the net head (function of average storage), and
ut is the turbined flow.

[26] This problem can in principle be solved with dis-
crete Stochastic Dynamic Programming (SDP) provided
that the size of the state-space is not too large, i.e., the num-
ber of reservoirs does not exceed 3–4. To solve the
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optimization problem (1)–(4), SDP recursively construct a
benefit-to-go function Ft11 at the grid points defining the
state space. In order to model a group of 10 reservoirs and
avoid the so-called curse of dimensionality, we apply a Sto-
chastic Dual Dynamic Programming (SDDP) model. SDDP
greatly removes the computational burden of SDP by
approximating Ft11 with a set of hyperplanes based on a
limited number of points. Thus, while in a traditional SDP
there is a need to calculate the future function by interpolat-
ing over the state space (dimensionality problem), in SDDP
the primal and dual information is used to extrapolate the
future function only in the range of storage values of inter-
est. The latter requires far fewer points than interpolation,
avoiding the dimensionality problem.

[27] The SDDP algorithm iterates between two phases: a
forward simulation and a backward optimization. The for-
ward simulation corresponds to a Monte Carlo simulation
in which the system is simulated over K hydrologic sequen-
ces of T periods. The backward optimization corresponds
to the traditional DP recursion combined with Benders’
decomposition. The algorithm starts with a forward simula-
tion phase to identify a first trajectory fs1

1; s
1
2; :::; s

1
Tg. This

is achieved by assuming that the benefit-to-go functions
Ft11 are negligible, i.e., the one-stage optimization prob-
lems seek to maximize current benefits regardless of the
opportunity cost in the future. This trajectory is then used
in the first backward optimization phase to determine the
parameters of the hyperplanes which approximate
Ft11ðt5T ; T21;÷; 1Þ to provide an upper bound to the
objective function Z. To check if the quality of the approxi-
mation of Ft11 is satisfactory, a forward simulation is car-
ried out resulting in a new system’s trajectory
fs2

1; s
2
2; :::; s

2
Tg and a lower bound on Z. At each iteration,

additional hyperplanes are added to the constraints set and
used in the forward simulation phase which in turn gener-
ates new trajectories for use in the backward optimization
phase. This process continues until the lower and upper
bounds converge [Tilmant and Kelman, 2007; Tilmant
et al., 2012].

[28] Mathematically, the one-stage SDDP problem is a
Linear Program:

Ftðst; qt21Þ5 max
ut

btðst; ut; qtÞ1at11Ft11f g (8)

subject to the constraints (2–4). Equation (8) maximizes
the sum of hydropower benefits bt in the current stage to
the benefits in the next stage (one-to-go) Ft11. Note that the
hyperplanes used to approximate Ft11 in SDDP form addi-
tional linear constraints. Inequalities (9) represent a group
of hyperplanes that construct the linear approximation of
the future function Ft11. Additional hyperplanes are added
at each iteration of the method, improving the approxima-
tion until sufficient convergence is achieved.

Ft112j1
t11ut11 � c1

t11qt1b1
t11

�

Ft112jL
t11ut11 � cL

t11qt1bL
t11

8>><
>>: (9)

where L is the quantity of hyperplanes, jl
t11; c

l
t11, and bl

t11
define the parameters of the lth expected cut obtained from

the primal and dual variables calculated at stage t 1 1
[Tilmant and Kelman, 2007].

[29] To handle the nonlinear hydropower production
function, a convex hull P̂ is generated during the prepro-
cessing phase of the SDDP model, and the hydropower
term Pt in equation (6) replaced by the approximation
P̂t � q, where q is an adjustment coefficient to improve the
approximation. The difference between the convex hull
approximation and the true production function P is then
minimized according to the procedure described in Goor
et al. [2011]. This adds new linear inequalities to the con-
straints set :

P̂t2w1st11=22x1rt � d11w1st=2

�

P̂t2wH st11=22xH rt � dH 1wH st=2

8>><
>>: (10)

where H is the quantity of planes approximating the real
hydropower functions, and w, x, and d are the parameters
obtained from the respective convex hulls.

2.3. The Noncoordinated Operation, Part I: Stochastic
Dynamic Programming Model

[30] Recall that the ultimate goal of the second scenario
is to provide a lower bound on system-wide benefits (non-
coordinated reservoir operations). This is achieved when
the reservoirs are individually managed based on rule
curves. To derive reasonable rule curves, the operation of
each reservoir is first individually optimized and then simu-
lated using Stochastic Dynamic Programming (SDP).
Figure 1 presents an overall description of the methods.
The pseudo-fluxogram at the left indicates how the infor-
mation and data are processed and the steps taken, while
the system at the right indicates how this information fits in
a given reservoir cascade. Starting with the most upstream
reservoir, SDP-derived benefit-to-go tables are employed in
simulation (forward reoptimization) to produce simulated
outflows for that reservoir over the period (1 ÷ T). The pro-
cedure then moves to the next downstream infrastructure.
Here, the simulated outflows from the upstream dam are
combined with the incremental flows. The aggregated
hydrologic input is then processed by the SDP model
implemented on this second reservoir, which is in turn opti-
mized and simulated (forward reoptimization). The corre-
sponding outflows are then passed to the next downstream
reservoir and so on, until one reaches the most downstream
infrastructure. Times series of reservoir levels will be proc-
essed in the next part to extract the rule curves.

[31] In SDP, the one-stage objective function can be
written as

Ftðst; qt21Þ5 max
ut

fE qtjqt21½btðst; ut; qtÞ1at11Ft11ðst11; qtÞ�g

(11)

where bt is defined with equations (5), (6), and (7). The
SDP algorithm uses a spline interpolation for the benefit-
to-go function over the storage, so that for each inflow q,
Ft11 varies continuously with st11 and the final storage is
no longer restricted to the grid points [Tejada-Guibert
et al., 1993].
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2.4. The Noncoordinated Operation, Part II:
Reservoir Simulation Model

[32] In order to produce noncoordinated operation
results, the system was simulated with each reservoir fol-
lowing individual seasonal operating patterns developed in
part I. We understand that the SDP forward reoptimization
in part I already provides system-wide reservoir operation
results for a noncoordinated scenario, and could theoreti-
cally be used in a preliminary comparison with the SDDP
fully coordinated operations. However, we realize that by
taking a next step in producing rule curves and simulating
the system would better represent a typical reservoir opera-
tion given the common application of reservoir simulation
tools and rule curves.

[33] For this simulation, we chose the HEC-ResSim soft-
ware. HEC-ResSim is a rule-based simulation program for
reservoir operation with built in data management,
graphics, and reporting features. In a rule-based simulation,
operational rules defines the priority policy in the system
and drive the solution [Wurbs, 2005].

[34] ResSim simulates multipurpose reservoir systems
with ad hoc algorithms instead of mathematical program-
ming methods [Wurbs, 2005] and it allows configuration of
operating objectives and system constraints based on pool

zones and rules for their operation. Sets of operating rules
in ResSim take into account releases, downstream control,
pool elevation, inflow variation, and hydropower demands,
among other features [Klipsch and Hurst, 2007]. The DSS
tools built in ResSim, coupled with its Simulation module
and Alternative Editor allow the configuration of several
simulation runs with different inflow time series relatively
quickly, which is helpful when producing results that will
be compared to a stochastic model. This aspect and the
detailed operating goals configuration were important when
choosing ResSim.

[35] The input data consists in the reservoir physical
data, incremental flows to each reservoir and operating
rules. The operating rules were defined on the 100th per-
centile of the storage time series produced by the SDP for-
ward reoptimization run (reservoir storage, levels, and
energy). Each reservoir was fitted with a seasonal storage
rule for hydropower generation and two operating rules:
one for minimum monthly releases matching the down-
stream water demands, and another for minimum hydro-
power generation, following the seasonal hydropower
generation. The alternative editor in ResSim was used to
create a simulation ensemble of model runs strictly identi-
cal to those used by the SDDP algorithm. The results from
this simulation ensemble are K sequences of releases and
energy generation at each reservoir, exactly like in the
SDDP model.

2.5. The Optimization and Simulation Models of the
Upper Parana River Basin

[36] The study area is located in the upper portion of the
Parana River watershed. The Parana River is one of the
major Brazilian watersheds, and it is part of the Platina
watershed, which extends over the countries of Brazil, Uru-
guai, Bolivia, Paraguai, and Argentina. In Brazilian terri-
tory, the Parana watershed has 879,860 km2 drainage area
and 54.6 million hab. (32%) of the country’s population
[ANA, 2012]. This watershed also has the highest economic
development, with a significant concentration of urban and
industrialized areas, as well as 23% (57,801 MW) of Bra-
zil’s hydropower potential [ANEEL, 2008]. The climate is
tropical and subtropical, with monthly average tempera-
tures above 15�C and precipitation above 1500 mm/yr,
mostly concentrated in the summer months. The wet season
is from October through March, and the dry season is
between April and September.

[37] Within Parana River watershed, the study region
modeled in this paper includes the drainage area upstream
of the Itumbiara reservoir (94,728 km2) including 10
hydropower plants (Table 1), with a total installed capacity
of 5667 MW owned by five different power companies
under government long-term concession agreements. This
hydropower system is part of Brazil’s National Integrated
System (SIN), a large-scale hydrothermal system where
power generation and distribution decisions are integrated
countrywide under centralized operation and coordination
provided by an independent National System Operator
(ONS).

[38] The current operational results for this system are
generated by ONS taking into account the whole integrated
Brazilian hydrothermal system, with hydropower plants,
thermal units, and transmission lines. Given that our model

Figure 1. Method overview to calculate noncoordinated
benefits.
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includes a part of such system (10 hydropower plants), and
that specific reservoirs rule curves were not available for
this study, a direct evaluation of the current hydropower
operations and decisions is not made here. Instead, we
focus on proposing a methodological development to eval-
uate the economic value of cooperation by comparing two
very different scenarios of reservoir operation. In future
developments, the methodology proposed here can be
applied to evaluate current reservoir operations and explore
opportunities for further improving coordination in this
region, including quantification of additional benefit it
would bring and how it would be distributed among the dif-
ferent power plants.

[39] The water demands in the region are defined
based on ONS incremental demands data, and include

agricultural, urban, and industrial. Compared to the river
flows in this modeled region, these demands are not signifi-
cant (i.e., <1%). The water demands penalties are set just
above the hydropower benefit, to ensure they will take
priority in water deliveries over hydropower.

[40] Energy prices are affected by several aspects world-
wide, including fossil fuel negotiations, international mar-
kets, and geopolitical tensions. The energy prices used in
this paper are short-term prices calculated by the Brazilian
National System Operator (ONS) based on the marginal
operating cost of the integrated hydrothermal Brazilian sys-
tem. The prices vary by month but are fixed throughout the
years, ranging from the lowest 16.92US$/MWh in April to
123.88US$/MWh in September. Most importantly, the pri-
ces provide a signal to the optimization model, reflecting
the low flows in the dry winter (higher prices from June to
September) and the high flows in the wet summer (lower
prices in December to March). While the summer higher
temperatures result in increased energy demand for cool-
ing, the impact on the prices is not as significant as the
hydrology, given that (a) the residential and commercial
demands represent 41% of the country’s energy consump-
tion [Tolmasquim and Guerreiro, 2011] and (b) the sea-
sonal variation of the residential and commercial demands
is under 15% [de Oliveira et al., 2000]. Further energy
demand and price analysis is beyond the scope of this
paper.

[41] A multisite period autoregressive model of order
p MPAR(p) was used in SDDP during the backward opti-
mization phase to generate 20 inflow branches (openings)
at each reservoir. The order p of the MPAR model is 1,
which is consistent with the Markov chain description used

Table 1. Reservoir System in the Study Area

Reservoir

Storage
Million

(m3)
Powerplant

(MW)
Maximum
Head (m)

Drainage
Area (km2)

Nova Ponte 10,380 510 119 15,840
Miranda 145.6 408 71 18,124
Capim B. Ia 13.2 306 60 18,300
Capim B. IIa 13.1 210 45 19,100
Corumba IV 783.7 127 70.8 6994
Corumba III 259.7 115 46.4 8906
Corumba I 1030 375 75 27,800
Serra do Facao 5652 212 81 10,698
Emborcacao 13,056 1192 139.1 29,050
Itumbiara 12,454 2280 84.4 94,728

aRun-of-river power plants.

Figure 2. Study area with schematic of the modeled system.
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in SDP. Then the same model was applied in the forward
simulation to generate 20 streamflow sequences (K 5 20)
of 60 months each (T 5 60). Although historical flows can
be used in the simulation, we have chosen to work with
artificial sequences in order to ensure the coherence
between the hydrologic inputs used in both the backward
optimization and forward simulation, and thus reduce com-
putation time through a faster convergence. It must also be
stressed that the capacity to properly capture the envelope
of possible future hydrology is more important than the
number of sequences. Previous testings with the SDDP
model revealed that increasing the number of sequences to
50 provided finer statistical distribution functions, but not
necessarily more precise model results, at a noticeable
computation cost. The MPAR model reproduces the
monthly means, standard deviations, serial correlations and
cross correlations, preserving the hydrology information in
the historical time series. Hence, both SDP and SDDP use
the same hydrology information to guide reservoir
operation.

3. Results Analysis and Discussion

[42] Figure 3 presents a comparison of the energy and
revenue produced in the fully coordinated and noncoordi-
nated operations. The total energy generated in the non-
coordinated, rule-based operation was 25,698 GWh/yr
(average), while the fully coordinated (SDDP) provided
27,772 GWh/yr (average). The total expected gain in the
system is thus 2074 GWh/yr (78$Million/year). The total
energy production at 95% of the time increased by 7.5%,
while the total revenue increased by 9.9% with fully
coordinated operations. Considering equally probable

hydrologic scenarios (inflow time series), the expected
improvement in total energy production with fully coordi-
nated operations is 8%, with a correspondent 7.9% increase
in revenue.

[43] Since the noncoordinated operation is based on tra-
ditional rule-curves, the above gains can be decomposed in
two parts : (1) the gains associated with the individual opti-
mization whereby rule-curves are replaced by optimal
release policies (noncooperative but optimized) and (2) the
gains associated with joint operation (cooperative and opti-
mized). For the system modeled here, the noncoordinated
optimized policies resulted in 27,042 GWh/yr. This repre-
sents approximately 5% increase over the noncoordinated,
rule-based operation, while the remaining 3% correspond
to the gains with coordination (increase from noncoordi-
nated SDP direct optimal solution to fully coordinated
SDDP).

[44] However, while the SDP algorithm provides an
exact optimal solution, SDDP is an approximate method,
developed to handle state spaces too large for SDP. The
approximate solutions developed by SDDP are thus near-
optimal, meaning that the 3% gain observed when moving
from the SDP (noncoordinated) to the SDDP (fully coordi-
nated) is probably underestimated. The extent of this under-
estimation is difficult to assess, as no exact methods are
currently available to solve the entire problem. For that rea-
son, the economic value of coordination is likely to lie
between 3 and 8%.

[45] It is interesting to note that the energy gains with
coordination in reservoir operation are higher in the wet
years than in the dry ones (in the wettest year the coordina-
tion increased the energy production by 8.7%, while in the
driest year the increase was 5.9%). This is because

Figure 3. Energy and revenues produced in fully-coordinated versus noncoordinated reservoir
operations.
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coordination improves the releases timing, taking into
account downstream reservoirs storage capacity, current
storage and turbine capacity so that less water is released in
the wrong time for a downstream reservoir, and it is storage
can further adjust the remaining temporal imbalance. In the
wet years, the limited capacity of the available storage to
correct for bad timing releases is more evident given the
larger amount of water, and larger volumes may miss ideal
energy generation conditions in the downstream reservoirs
if operations are not coordinated. In the dry years it is the
opposite, as the reservoirs can use the storage more effec-
tively to correct for bad timing in upstream releases, given
the flows are smaller, and thus improved coordination still
provides additional gains, albeit smaller.

[46] However, revenue results present a different behav-
ior, with the gains with coordination in reservoir operation
being 12.6% higher in the driest year, and 7.5% higher in
the wettest. One possible explanation for this is that while
coordination energy gains in the dry years are smaller, the
fully coordinated scenario allows releases to be optimally

allocated throughout the system to the months when the
energy prices are higher, resulting in a higher difference in
revenue when water is scarce. In the wet years, while the
energy gains through coordination are slightly higher, they
do not translate to revenue gains in the same proportion, as
now there’s more water available for generation in other
months with lower energy prices. In summary, these results
indicate that, in dry years, coordination may be even more
critical to improve revenues, depending on the energy price
profile of the system.

[47] Figure 4 presents a comparison of variation in stor-
age for the fully coordinated and noncoordinated operations
for the four larger reservoirs (in storage and power plant
capacity). The boxplots represent the storage variation
across the 20 hydrologic scenarios, and each month repre-
sents the monthly average of the four last years in the
model runs. The first important aspect is the small differ-
ence between initial (January) and ending (December) stor-
age in both fully coordinated and noncoordinated
operations. This indicates a steady-state drawdown-refill

Figure 4. Reservoir storage, fully-coordinated versus noncoordinated operations.
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cycle for both operations, without the presence of multiyear
refilling/drawdown which could underestimate or overesti-
mate energy production.

[48] Figure 4 also indicates a significantly smaller varia-
tion in storage with fully coordinated operations consider-
ing the same 20 series of hydrology inflows. This was
expected, as the coordination improves the allocation of
storage throughout the system, based on reservoir storage
capacity, generating capacity, incremental flows, etc.,
reducing its susceptibility to uncertain inflows. This result
has three very important aspects. First, it shows that more
energy and revenues can be produced with the use of less
system storage under improved coordination. Second, the
smaller change in storage under full-coordination means
storage has a smaller marginal value [see Tilmant et al.,
2012] indicating that improvement in coordination will
lessen the pressure and demand for new infrastructure in
the system. Third, as reservoirs fill up with sediment in the
future and the available storage is reduced, coordination
will contribute to reduce the adverse effects by managing
storage more effectively.

[49] The effect of energy pricing, as well as the differ-
ence in seasonal operations for fully coordinated and non-
coordinated model runs can be seen in Figure 4. The
monthly average energy price in this system is $26.6/
MWh, based on Brazilian ONS data. Energy is usually
more expensive in April through September (dry season)
and least expensive in October through March (wet sea-
son). In the noncoordinated operations, all four largest res-
ervoirs refill quickly and peak storage in June/July,
followed by a long drawdown pattern afterwards, distrib-
uted over the higher energy price months. In contrast, the
fully coordinated operations delay the refill season over a
few months, and present a quick drawdown pattern. This
results in higher benefits under fully coordinated opera-
tions, given that (a) the quick drawdown better concentrates
the releases in the higher energy price months and (b) by
delaying the refill season, the reservoirs arrive at higher
energy price months with higher heads, further increasing
both generation and revenues.

[50] However, this delay in reservoir refill is not equal
for all reservoirs. The two downstream reservoirs (also
higher capacity power plants) of Emborcacao and Itum-
biara present the peaking storage shifted from June (non-
coordinated) to August/September (Fully coordinated)
resulting in a 2–3 month delay in reservoir refill. In the two
upstream, top of cascade reservoirs (Nova Ponte and Serra

do Facao) this delay is about 1 month only. This result is
consistent with the conceptual operating rule to fill up the
upstream reservoirs first, and the fully coordinated opera-
tion allows this to be implemented given reservoir storage
and releases are timed to maximize system-wide benefit.

[51] As expected, the benefits of the coordinated opera-
tion are not evenly distributed among the reservoirs, given
the different location on the system, individual characteris-
tics such as storage size, power plant size, and also local
incremental flows. The distribution is according to Table 2.

[52] With coordination, the highest gains in energy pro-
duction come from the four larger storage reservoirs, which
also have the highest production coefficients
ðMW=m 3�s 21Þ. This is consistent with the general con-
ceptual rule for hydropower operation. Out of these,
Emborcacao and Itumbiara alone increase energy produc-
tion by 1492 GWh/yr on average, which represents over
70% of the total energy gain and over 40% of the revenue
increase under coordination.

[53] While the largest reservoirs also present the highest
gain in revenue in absolute terms, it is interesting to note
that the highest relative gains in revenue take place at the
smaller reservoirs and power plants, which tend to be more
susceptible to operation changes. Given the amount of fac-
tors influencing the results (reservoir storage, power plants,
and production coefficients) and the complexity of the sys-
tem’s topology (multiple reservoirs is series and parallel) a
behavior following conceptual rules for upstream and
downstream reservoirs is not strictly evident for all the sys-
tem. In general, when reservoirs with similar production
coefficients are compared, the downstream one perceives
the highest gain in energy production and revenue, while
the average annual volume released through the turbines
also present a higher increase in the top of the cascade res-
ervoirs (for example, 985.5 Million m3 annual average in
Nova Ponte, a 12.2% increase, compared to 850 Million m3

annual average in Itumbiara, a 1.8% increase). This was
expected, as increasing releases at the top of the cascade
improves generation in all subsequent downstream reser-
voirs. As a consequence, the top reservoir of Nova Ponte
operates with lower storage (29231 Million m3 annual
average) while the last downstream reservoir (Itumbiara)
operates with significantly higher storage under coordina-
tion (35,230 Million m3 annual average or a 26.6% increase
when compared to noncoordinated operations).

[54] The two large reservoirs at the bottom of the cas-
cade (Emborcacao and Itumbiara) present the highest

Table 2. Energy, Revenue, and Storage Average Differences: Fully Coordinated-Noncoordinated Reservoir Operations

Reservoir
Storage

Million (m3)
Powerplant

(MW)
Energy

(GWh/yr(%))
Revenue

($ Million/yr(%))
Storage Million

(m3/yr(%))

Nova Ponte 10,380 510 181(7.4) 9.8(9.8) 29231(25.7)
Miranda 145.6 408 30(1.6) 7.2(10.3) 281(2.2)
Capim B. Ia 13.2 306 61(3.8) 7.6(12.7) 0(0)
Capim B. IIa 13.1 210 39(3.3) 4.9(11.6) 0(0)
Corumba IV 783.7 127 21(3) 2.3(14.4) 644(1.7)
Corumba III 259.7 115 10(1.9) 1.8(13.4) 2247(22.2)
Corumba I 1030 375 109(5) 9.2(18) 274(4.4)
Serra do Facao 5652 212 130(12.8) 3(7.4) 2503(4.6)
Emborcacao 13,056 1192 605(12.3) 10.2(5.1) 44,448(38)
Itumbiara 12,454 2280 888(9.5) 22.2(5.9) 35,230(26.6)

aRun-of-river power plants.
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increase in average annual storage under coordinated oper-
ations (38% and 26.6% increase, respectively). This results
in operation at higher heads, and, considering the high
capacity of the power plants (1192 and 2280 MW, respec-
tively), it allows a significant increase in energy: 605
GWh/yr (12.3%) and 888 GWh/yr (9.5%) respectively,
even though the average volume released is not increased
in the same proportion (3.8% in Emborcacao and 1.8% in
Itumbiara).

[55] By operating the two large reservoir at the bottom
of the cascade with higher storage under coordination,
spills are slightly increased in those reservoirs (by 18.3 and
27.5 Million m3 annual average, respectively) indicating
locally less conservative reservoir operation. The increase
in releases at the top of the cascade (Nova Ponte) produces
a much higher increase in spill in one of next downstream
run-of-river power plants (Capim Branco II, by 319 Million
m3 average per year). However, this increase in spill is off-
set by a larger spill reduction in a reservoir in parallel,
(Corumba I, by 438 Million m3 average per year). Since
the outflows of both Capim Branco II and Corumba I are
combined downstream to Itumbiara, the spill reduction in
Corumba I contributes to prevent further spills in Itumbiara
and water loss from the system. Considering all reservoirs
combined, the fully coordinated operation reduces total
spills by 55.6 Million m3 average per year. However, it is
interesting to note that the distribution of the risk is not
equal (i.e., some reservoirs operate at higher risk of spilling
than others).

[56] There is improvement in the run-of-river energy
production (Capim Branco I and Capim Branco II) in coor-
dinated operations. By adjusting the operation of the large
reservoir upstream (Nova Ponte), Capim Branco I and II
increase energy by 61GWh/yr (3.8%) and 39 GWh/yr
(3.3%), respectively. Although this improvement through
coordination represents only 5% of the total energy produc-
tion gain, it responds for 16% of the total average revenue
increase in the system (78 $Million/year).

4. Conclusions

[57] Reservoir systems management has different opera-
tional objectives, risk aversion, and political/institutional/
social frameworks that guide individual reservoir opera-
tion. Such mixed context is often synthesized by rule
curves in several systems in the world. In this paper, we
present a broader meaning for the value of coordination in
a given system as departing from some rule-based individ-
ual operation and comparing it to a full-scale system wide
operation.

[58] By combining explicit stochastic dynamic optimiza-
tion with reservoir simulation tools, the methodology pre-
sented in this paper provides a general approach that
captures the broader concept of the value of coordination,
allowing its evaluation in a multireservoir water system
without limitations of scale or certainty equivalence
assumptions. The economic value of coordination was cal-
culated in both revenues and energy generation of two dis-
tinct operational configurations: Fully coordinated and
noncoordinated.

[59] Better coordination improved timing in releases
according to reservoirs storage capacity, power plant

capacity, and energy prices, resulting in better use of the
available system storage. This conclusion is supported by
the significantly smaller variation in storage across the
hydrologic scenarios under fully coordinated operations.
For the example analyzed here, this result allowed overall
gains between 3% and 8% in energy production and 7.9%
in revenues, given that optimized reservoir operation and
better coordination also allows repositioning and concen-
trating releases to take more advantage of the seasonal vari-
ation in energy prices, which is a very limited possibility
under noncoordinated operations.

[60] The gains differ from the wettest to the driest hydro-
logic scenarios, highlighting that in dry years better coordi-
nation allowed improved revenues. The distribution of
gains and revenues vary throughout the system, with larger
reservoirs showing the largest gains in absolute terms, but
with the smaller ones presenting the highest relative
increases in energy and revenue. Improved coordination
also reduced spills system wide, however with an uneven
distribution of spilling risk across the system.

[61] The methodology can be applied to large-scale res-
ervoir systems (in this paper, the system has 10 reservoirs)
highlighting its potential for addressing a wide range of
problems, not being confined to one or two reservoirs. This
should be useful to support integrated water management
policies and justify institutional development capable of
engaging in improved operational coordination (i.e. by
evaluating how close it is to a fully coordinated operation,
and if it is worthwhile to further improve coordination).
Most importantly, by indicating individual gains at each
reservoir, valuable information is produced to support
future negotiations and benefit sharing among different
agents, being water agencies, or power companies.
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