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Summary

Intermittent energy sources such as wind and solar have recently been

growing a lot faster than dispatchable energy sources in Brazil, which made

investments in energy storage systems become an attractive possibility in the

country. Current operational policies for energy dispatch do not consider stor-

age systems and need adjustments to fit this technology. With this motivation,

we use reinforcement learning techniques to develop policies for managing

storage systems in a grid that can handle time-varying inputs and loads, with

rolling forecasts. We use a deterministic lookahead (DLA) policy which has

been parametrically modified to perform well in the presence of uncertain

forecasts. For realistic simulations, the base model considers important charac-

teristics in a grid that influence the interaction between scheduling and real-

time operation such as power and ramping capacities, notification times, and

stochastic forecasts. The parametric modification with tunable parameters

allows an optimal balance between two conflicting services provided by the

storage system: time-shifting and spinning reserves. Optimal reserves ranged

from 35% to 100%, depending on the tested dataset, which shows the impor-

tance of tuning. Differently from stochastic lookahead policies, which are com-

putationally expensive, parameterized DLA policies can be applied to real-time

operation after being optimized in a stochastic base model.
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1 | INTRODUCTION

Clean and renewable energy sources, which include
wind, solar photovoltaic, geothermal, hydro, biofuel, bio-
mass, and tidal, are rapidly growing their participation in
worldwide power capacity.1 The Renewables Global Sta-
tus Report 2019 points out that wind power capacity in
the world expanded from 540 GW in 2017 to 591 GW in
2018: an increase of 9.4%. In the same period, solar

photovoltaic power capacity increased 24.7%, from 405 to
505 GW.2

In accordance with global trends, wind and solar
sources have been growing rapidly in Brazil and are
quickly changing the energy mix of the country.3 Most of
Brazilian electricity generation capacity comes from
hydro. However, while it represented more than 90% of
the national capacity 20 years ago, it is now less than
70%. According to the Brazilian National Grid Operator,
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in August 2008, hydroelectric generation represented
83.2% of the total capacity and, in August 2018, this per-
centage was 67.8%. In addition, while there was virtually
no on-grid solar or wind capacity in 2008, by 2018, these
sources had grown to 0.8% and 8.3%, respectively
(Table 1).4

Wind and solar feature low environmental impacts,
and can be economically attractive in certain conditions.
These features are going to drive their growth for some
time. However, wind and solar introduce significant vari-
ability, as well as uncertainty, into the generation of
energy, complicating the problem of meeting power
needs with high reliability.5-7

Unlike hydroelectric plants, which allow regulation
of power output by controlling water flow through tur-
bines, generation from wind farms depends on wind
velocities, which are not only highly variable but also are
hard to forecast.8 Solar farms generation is also con-
trolled by an exogenous uncontrolled process (solar radi-
ation). For very sunny or very cloudy days, its prediction
can be considerably more precise than wind generation
prediction. However, days with spotted clouds are partic-
ularly hard. They can introduce very sudden jumps in
power, and they are hard to predict even an hour into the
future.9

To make generation meet demand, dispatchable
power plants must be capable of generating the difference
between demand and intermittent generation. Hydro and
thermal both represent dispatchable energy sources for
the grid, but not all of them have the ability to mitigate
the intermittency of renewables. The issue here is notifi-
cation times and ramping.10 Power sources which are
able to mitigate intermittency, also called load-following
plants, must be able to vary their output with sufficient
speed and within short enough notice.11,12

Concerning dispatchability, hydropower plants can be
divided into two categories: those with and those without
reservoirs.13 Those with reservoirs have the ability to vary
the level of their lakes, storing water to use in the future.

Hydro plants without reservoirs (also known as run-
of-the-river hydro plants) are constrained by the instanta-
neous incoming river flow, which limits the ability to
adjust their power output. In Brazil, hydro plants are still
the main source of electricity (68% of total), but, for envi-
ronmental reasons, run-of-the-river hydro plants have
been favored for new investments, which require less
flooded areas but are not dispatchable.8 Therefore, stor-
age capacity relative to demand has been decreasing in
the country (Figure 1).14

Thermal plants can be divided into two categories
with respect to dispatchability: gas turbine and steam.
While the first type usually has fast ramping capacities,
the latter can take hours to start up and its output varia-
tion is usually slow.15 Brazil has not experienced outages
due to sudden drops in wind or solar generation because
it has enough capacity of fast ramping thermal plants to
mitigate its current wind and solar capacity. However,
the generation of these thermal plants is relatively
expensive.16

The Brazilian Interconnected Grid covers 98.3% of the
demand for electricity in the country and is divided in
four large subsystems connected by transmission lines:
South, Southeast/CentralWest, Northeast, and North.17

The greatest part of the Brazilian intermittent installed
capacity is located in the Northeast. 84% of the installed
wind generation capacity is in this subsystem, along with
67% of the solar. The Northeast has only 10% of the Bra-
zilian hydro capacity.4 The energy mix of the Northeast
subsystem is represented in Table 2.

Wind farms are responsible for more than 40% of the
Northeast generation. In this subsystem, wind intermit-
tency is compensated by “imported” energy from other
subsystems. Energy import and export between subsys-
tems, called energy exchange, is possible through very
long distance transmissions, which allows surplus gener-
ation from one subsystem to complement generation
from another, but incurring transmission losses. In
Brazil, it is estimated that transmission losses consume
around 5% of total electricity production and, as that
number is the country's average percentage, it is reason-
able to assume that energy exchange losses are higher
than that, as these transmissions involve much longer
distances than the transmissions within the subsystems.
Moreover, the grid operator is concerned about over-
loading the existing transmission lines,17 as new ones are
not being built in a sufficient pace to keep up with the
increasing energy exchange needs.

The Northeastern subsystem is primarily an importer
of energy. Even though it exports surplus wind genera-
tion for around 70 days a year, in 2017, total energy
imports were 10 times greater than total exports.4

Figure 2 shows generation data from hydro, thermal, and

TABLE 1 Brazilian energy mix in 2009 and 2019

May, 2009 May, 2019

Capacity (GW) Capacity (GW)

Hydro 83.2 (82%) 110.4 (67%)

Thermo 16.5 (16%) 34.2 (21%)

Nuclear 2.0 (2%) 2.0 (1%)

Wind 0.3 (0%) 15.0 (9%)

Solar 0.0 (0%) 2.1 (1%)

Total 102.0 163.7

Source: Adapted from ONS.4
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wind plants in the Northeast subsystem for a 40 day
period. It can be observed in the graph how wind inter-
mittence is compensated by energy exchange at times
when wind generation is relatively low.

Just as Brazil is experiencing growth in renewables, it
has to manage both the variability and uncertainty of
wind and solar with the continuing need to meet their
peak demands. In addition, storage capacity (in the form
of hydroelectric reservoirs) is not growing with
demand,14 which means that it is shrinking as a percent-
age of total generation capacity, introducing limits on the
ability of the system to handle variability. This situation
indicates that energy storage systems can be useful solu-
tions to increase the economic efficiency of the Brazilian
electricity sector operation, as these systems are reliable
and widely tested in other countries for mitigation of
wind and solar intermittency, while also improving dis-
patchability and storage capacity in an electricity system.

Because of its predominantly hydro generation capac-
ity, the Brazilian grid has not experienced a need for
energy storage until the recent growth of intermittent
sources and, therefore, the Brazilian grid operator does
not have experience with energy storage systems opera-
tion nor an official dispatch model that considers this
kind of systems. However, the need for storage systems
has been cited for the first time in the 2017 Brazilian
Decennial Expansion Plan,18 a document with guidelines

for the development of the Brazilian electricity sector
infrastructure.

Another necessity that intermittent renewables growth
has brought to Brazil is the ability to deal with short-term
uncertainty. As demand is sufficiently predictable, before
wind capacity became significant, the Brazilian grid oper-
ator had to be concerned with the stochasticity related
only to rain forecasts, which determine hydro generation
availability. However, hydro availability is still predictable
for the next day and rain forecasts are more useful for a
longer term plan. On the other hand, wind generation
brings uncertainty for the next day or even for the next
few hours of planning the operation of a grid. Short-term
wind forecasting is hard because we do not know the state
of the atmosphere. Current short time models (up to
3-4 hours) tend to use “persistence forecasting,” which
means we assume that the wind will not change. This
brings a big challenge for short-term planning, as a small
drop in wind speed is enough to produce a rapid drop in
power moves (roughly with the cube) to create an outage.

There are many uses of storage systems on the grid.
Castillo and Gayme19 list as grid-scale storage systems
applications: spinning reserves, time-shifting (or energy-
shifting), power quality, transient stability, regulation,
voltage control, load following, firm capacity, congestion
relief, and upgrade deferral. In this work, we focus on
spinning reserve and time-shifting, the most common
applications in grid-scale.20

Energy storage systems can bring great benefits to
electricity grids, but only if operated appropriately.21-23

Finding the best policy to operate those systems can be
complicated as it depends on characteristics that can be
very specific for some grids. For instance, demand pat-
terns, energy mix, and spot market prices certainly have
a big influence not only in the choice of storage system
types, but also in their operational policies. Moreover, the
uncertainty involving solar and wind farms generation
brings an extra challenge to the development of efficient
policies to operate electricity grids.

Studies involving development of policies to make
sequential decisions are included in a vast research field

FIGURE 1 Evolution of storage

capacity relative to demand in Brazil14

[Colour figure can be viewed at

wileyonlinelibrary.com]

TABLE 2 Northeastern energy mix

May, 2019

Capacity (GW) % of subsystem

Hydro 11.0 34.2

Thermal 7.2 22.4

Nuclear 0.0 0.0

Wind 12.6 39.1

Solar 1.4 4.3

Total 32.2 100.0

Source: Adapted from ONS.4

de CARVALHO NEIVA PINHEIRO ET AL. 8637

http://wileyonlinelibrary.com


called Reinforcement Learning. The term Reinforcement
Learning, however, is still not well defined in the
research community. It started in the 1990's with
Q-Learning, but evolved to other proposed methods, as
Q-Learning often did not work for some problems.

There are many articles that use reinforcement learn-
ing to propose operational policies for storage systems, but
typically ignore the presence of rolling forecasts.24-27 Some
authors consider forecasts, but use them in deterministic,
rolling-horizon models which ignore the uncertainty in
the forecasts.28,29 Arnold and Andersson (2011) proposes a
model predictive control technique to schedule storage
systems operation. To deal with forecasts errors, they set
reserves, but the reserves are predefined and the storage
systems are only optimized for time-shifting.30

Joint optimization of time-shifting and reserves for stor-
age systems has been explored in References 31-33 and, 34
but they do not consider a grid with multiple sources of
energy with different operational constraints (ramping
capacities, power, and notification time) and whose genera-
tion has to be scheduled. A simulator for a large-grid that
addresses these issues, called SMART-ISO, was presented
in References 35,36. This two-part study models the effects
of large penetrations of offshore wind power into a large
electric system using realistic wind power forecast errors
and a complete model of unit commitment. Lu et al37 use
two-stage stochastic programming with scenario trees to
handle the uncertainty of the future. This produces large
models that are computationally expensive.

The computational burden of stochastic programs
increases rapidly with the number of scenarios and vari-
ables, and horizon length.38,39 In this article, we use a
method that handles uncertainty in the future, without
the computational overhead of stochastic programming.
Since the parameters are tuned in a realistic simulator
with real data from the Brazilian grid, the parameterized
lookahead model is optimized under very realistic condi-
tions. Moreover, in this work, we address a specific issue
of the Brazilian grid, which traditionally used hydro for

spinning reserves, but has an increasing need for more
reserve sources as wind and solar capacities grows.

Introducing storage systems to an existing grid may
require a careful reevaluation of its operational policies
to fully benefit from the features of these systems.40 With
this motivation, we present in this work a dispatch
model, in the form of a simulator, to evaluate and com-
pare different multistage policies to operate grids with
storage systems and high participation of intermittent
sources. The policies simulate planning tools similar to
the ones already used in Brazil for generation planning
and real-time operation, but with modifications to
increase the ability to deal with uncertainty and storage
systems. A lookahead (also known as Model Predictive
Control in the controls community) is run hourly and it
considers a wind generation forecast that is updated in
every run, while real-time operation is decided using a
parametric decision rule that has been optimized using
the simulator. Different parametric modifications are
used in the lookaheads for each policy, which changes
the role and behavior of the storage systems and hydros.

In one of the policies that we test, we assume that
storage systems can only provide time-shifting, while
reserves are provided only by hydro. In a second policy,
reserves are only provided by storage systems, which has
its time-shifting capability reduced as reserve needs
grows. In a third policy, both storage systems and hydro
can provide reserves and the amounts of reserves for each
source are mutually optimized. Results show that the
third policy, in which hydro and storage reserves are
jointly optimized while still allowing storage systems to
provide time-shifting, have significantly better perfor-
mances than the policies that only allow one source to
provide reserves.

The main contribution of this article is the develop-
ment of a novel technique that can handle energy storage
systems and stochastic rolling forecasts, which cannot be
found elsewhere in the literature. Instead of using sto-
chastic lookahead techniques, which are computationally

FIGURE 2 Energy exchange and

generation from different sources in

Northeast (adapted from Reference 8)

[Colour figure can be viewed at

wileyonlinelibrary.com]
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expensive and inapplicable to real-time operation, we use
a parameterized deterministic lookahead (DLA) that is
optimized in a stochastic base model. Both real-time and
planning policies are tuned with a very realistically
modeled grid. Another important contribution is a policy
that allows time-shifting and spinning reserve to be
jointly optimized for storage systems.

The article is organized as follows. In Section 2, we pre-
sent the base model, which is a detailed simulator of the
Northeast of Brazil used to evaluate different storage manage-
ment policies. In Section 3, we present a general framework
for designing policies, which includes four fundamental
classes of policies. In Sections 4 to 6, we design different
policies, focusing primarily on the principle of parame-
terized cost function approximations (CFAs) that com-
bine a deterministic forecast with tunable parameters to
improve the performance under uncertainty. Section 7
describes how the uncertainty involving the problem is
modeled. In Section 8, we describe the optimization pro-
cesses of the tunable parameters. In Section 9, we present
and compare the results. Section 10 concludes the article.

2 | THE BASE MODEL

We first present the base model in the form of a simula-
tor to test policies for managing energy generation. The
model requires that we represent the planning process
over time, which includes making advance commitments
as necessary. We also need to model the different forms
of uncertainty that enter our model as exogenous infor-
mation. Included in our aggregate model will be hourly
forecasts of wind, solar generation, and demand, as well
as generation costs. Decisions for each time-step are
hydro and thermal generation, imported or exported
energy from or to other subsystems, and energy flow
from or to the storage system.

Some approximations are made to reduce the com-
plexity of the problem. For instance, the model considers
only one subsystem of the country, the Northeast, which
is the one with the highest wind and solar capacity.
Moreover, the generation units are modeled as aggregate
and six sources of energy are considered: wind, solar,
hydro, thermal, storage system, and energy imports. We
also do not model the transmission grid, and hence trans-
mission losses and constraints are not considered.

Input data for the model include operational charac-
teristics of hydro, thermal, and energy storage system;
forecasts for wind and solar generation; and a demand
forecast. Thermal generation and energy exchange mar-
ginal costs are also input data.

The thermal plants were divided into two categories: slow
and fast ramping. Usually, these plants are simply divided
into steam and gas turbine to represent the difference in their
ramping capacities. However, we found it would be more
accurate to use the actual ramping capacities, provided by
the Brazilian Chamber of Electric Energy Commercialization
to categorize them. This resulted in a group of slow ramping
thermals which total of 2.5 GW of installed capacity and a
group of fast ramping thermals with 4.8 GW. From now on,
we will call these groups slow and fast thermals.

Five elements compose our model and are described
in this section: state variables, decision variables, exoge-
nous information variables, the transition function (that
captures the evolution of the state variables over time),
and the objective function, which is how we evaluate the
performance of different policies.

2.1 | State variables

The dynamic state variable St contains all the informa-
tion needed to model the system from time t onward,41

while the initial state S0 includes the initial values of all
dynamically changing variables, or fixed parameters that
do not change over time.

For t = 0, the observed actual wind generation PE
0 is

included in the initial state variable. We also include in
S0 the forecasts of demand f Dt and solar generation f PVt
for the whole simulation period, which are treated as per-
fect and static in the model and, thus are latent variables.
There are forecasts in 15minute increments over a
24 hour horizon, which means H = 96 time periods.

The initial state variable also contains: the vector Pcap

containing power capacities and minimum generation;
the vector ρcap containing ramping capacities; prices for
energy exchange cEEt , deficit cDFt , slow thermal cST(xST),
and fast thermal cFT(xFT); self-discharge ηSD� [0, 1],
round-trip efficiency ηRT� [0, 1], maximum storage RS

max,
and initial storage RS

0 for the energy storage system; and
initial available energy generation for hydro RHD

0 , which
will be further discussed.

S0 = f PVt , f Dt ,c
EE
t ,cDFt

� �T

t=0,P
E
0 ,P

cap,ρcap,ηSD,ηRT,cST xST
� �

,cFT xFT
� �

,RHD
0 ,RS

max,R
S
0

� �
, ð1Þ
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Demand and solar forecasts are considered perfect
here, and wind forecasts are updated in every time-step t.
For t > 0, the wind forecasts are in the dynamic state var-
iable, together with stored energy. We also include in the
dynamic state variable decisions that were made before
time t, to be implemented at times t

0
≥ t, which are com-

mitments that have to be made in advance because of
notification time constraints. The way the state variables
evolve is described in Section 2.4 (Transition function)
and in Section 7 (Modeling uncertainty).

St = PE
t , f Ett0
� �

t0≥t,R
S
t , xt−τ,t0f gt+ τ+3

t0 = t+ τ

� �
, ð4Þ

where τ is the notification time, which will be defined in
Section 4, and PE

t is actual wind generation.

2.2 | Decision variables

For each time-step, the decision variables for the model
are represented by xt:

xt = xHDt ,xSTt ,xFTt ,xSDt ,xSCt ,xEEt ,xDFt
� �

, ð5Þ

which are, respectively, hydro generation, slow thermal
generation, fast thermal generation, energy discharged
from the storage system, energy charged to the storage
system, energy imported from or exported to other sub-
systems (energy exchange), and energy deficit. We con-
sider that wind and solar generation cannot be curtailed
and, therefore, do not belong to the decision variable.

Decisions must respect the constraints in Equa-
tions (6) to (19). Total energy generation plus deficit in
the grid must be equal or greater than total consumption,
for each time-step:

xHDt + xSTt + xFTt + xSDt + xEEt + xDFt −xSCt ≥Dt−PE
t −PPV

t , ð6Þ

where Dt and PPV
t are, respectively, observed demand and

solar generation in time t. Because demand and solar

generation are considered deterministic, then PD
t = f Dt

and PPV
t = f PVt .

Energy generation from each source, in each time-
step, must not exceed its capacity:

PHD
min ≤ xHD

t ≤PHD
max , ð7Þ

PST
min ≤ xSTt ≤PST

max , ð8Þ

PFT
min ≤ xFTt ≤PFT

max , ð9Þ

PSD
min ≤ xSDt ≤PSD

max , ð10Þ

PSC
min ≤ xSCt ≤PSC

max , ð11Þ

PEE
min ≤ xEEt ≤PEE

max , ð12Þ

where PHD
max , P

ST
max , P

FT
max , P

SD
max , and PEE

max are, respectively,
the available generation capacity of hydro, slow thermal,
fast thermal, storage system, and energy imports, and
PSC
max is the charging capacity of the storage system. A

minimum generation for each source is also set to
approximate a constraint of minimum time on, pre-
sent in some generation units, and spinning
reserves.

Ramping capacities are also considered in the model.
Depending on the type of generation unit, ramping
capacity is not a constant value. It depends on the instan-
taneous output of the unit and whether it is ramping up
or down. In this version of the model, ramping capacities
are considered constant regardless of the output.

ρHD
min ≤ xHD

t+1−xHD
t ≤ ρHD

max , ð13Þ

ρTmin ≤ xSTt+1−xTt ≤ ρSTmax , ð14Þ

ρTmin ≤ xFTt+1−xTt ≤ ρFTmax, ð15Þ

ρSDmin ≤ xSDt+1−xSDt ≤ ρSDmax , ð16Þ

ρSCmin ≤ xSCt+1−xSCt ≤ ρSCmax , ð17Þ

Pcap = PHD
max,P

ST
max,P

FT
max,P

SD
max,P

SC
max,P

EE
max,P

HD
min,P

ST
min,P

FT
min,P

SD
min,P

SC
min,P

EE
min

� �
, ð2Þ

ρcap = ρHD
max,ρ

ST
max,ρ

FT
max,ρ

SD
max,ρ

SC
max,ρ

EE
max,ρ

HD
min,ρ

ST
min,ρ

FT
min,ρ

SD
min,ρ

SC
min,ρ

EE
min

� �
: ð3Þ
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ρEEmin ≤ xEEt+1−xEEt ≤ ρEEmax: ð18Þ

ρHD
min, ρ

HD
max , ρ

ST
min, ρ

ST
max , ρ

FT
min, ρ

FT
max , ρ

SD
min, ρ

SD
max , ρ

SC
min, ρ

SC
max , ρ

EE
min ,

and ρEEmax are the minimum and maximum ramps for,
respectively, hydro generation, slow thermal generation,
fast thermal generation, storage system discharge, storage
system charge, and energy exchange.

The storage system capacity constraint is represen-
ted by:

0≤RS
t ≤RS

max : ð19Þ

In the optimization process, a policy Xπ(St) produces
a decision xt that satisfies all the constraints. Three poli-
cies are tested for the base model. In all policies, some
decisions are made in advance of the time when they will
be implemented. The results of each proposed policy are
compared with a known-in-advance policy, in which
wind forecasts are perfect. More details on the policies
will be presented in Sections 4 to 6.

2.3 | Exogenous information

Changes in actual wind generation belongs to the exoge-
nous information, which also includes the changes in
forecasts for wind generation.

Wt+1 = P̂
E
t+1, f̂

E
t+1,t0

n ot+1+H

t0 = t+1
8t�T

� 	
: ð20Þ

New information Wt + 1 arrives every hour (every four
time-steps of 15 minutes), or at times t+1�T (defined in
Equation (21)). The policies are detailed in Section 3, but
we anticipate that all policies are each composed of a
combination of two policies, which are run with different
frequencies: hourly and real time. That means that the
hourly policy is run in every time t�T and the real-time
policy is run in every time-step t.

T = 0,4,8…Tf g, ð21Þ

The differences between wind forecasts and actual are
uncertain and were modeled as presented in Section 7.

2.4 | Transition functions

The transition function determines how the state variables
are updated when the system moves from St to St + 1. It
can be represented as:

St+1 = SM St,xt,Wt+1ð Þ: ð22Þ

Wind generation is updated according to:

PE
t+1 =PE

t + P̂
E
t+1: ð23Þ

Wind forecasts are updated in every time-step for
t�T :

f Et+4,t0 = f Et,t0 + f̂
E

t+4,t0 ,8t�T , ð24Þ

where f̂
E

t+4,t0 is the change in the wind forecasts.
Energy stored in time t + 1 depends on charge, dis-

charge, round-trip efficiency, and energy lost due to self-
discharge in time t. The energy storage equation is
given by:

RS
t+1 =RS

t − RS
t η

SD
� �

+ xSCt ηRT−xSDt : ð25Þ

Scheduled generation, which was previously decided
in time t − τ has to be updated:

xt+1−τ,t0f gt+ τ+3
t0 = t+ τ = xt−τ,t0f gt+ τ+4

t0 = t+1+ τ: ð26Þ

2.5 | Objective function

The contribution function is composed by costs of ther-
mal generation, energy exchange from or to other subsys-
tems and deficit:

C St,xtð Þ= cST xST
� �

xSTt + cFT xFT
� �

xFTt + cEEt xEEt + cDFt xDFt :

ð27Þ

Note that energy exchange costs can be negative, as
exports are allowed.

Both thermal and energy exchange prices are deter-
ministic. Each one of the eight slow thermal plants and
33 fast thermal plants in the modeled system has its own
generation cost. However, because thermal plants were
modeled as aggregate, two quadratic functions were
adjusted to determine marginal costs for thermal:

cST xST
� �

= θST0 + θST1 xST + θST2 xST
� �2

, ð28Þ

cFT xFT
� �

= θFT0 + θFT1 xFT + θFT2 xFT
� �2

: ð29Þ

For energy exchange prices, we consider the average
of spot market prices for all subsystems in Brazil other
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than the Northeast, weighted by their installed genera-
tion capacity. These prices are updated weekly in Brazil.

The objective function of the model looks for the best
policy π in a set of policies Π to plan the operation of the
modeled system with the lowest expected costs:

F =min
π�Π


XT
t=0

CðSt,Xπ Stð ÞÞjS0

( )
, ð30Þ

where

St+1 = SM St,Xπ Stð Þ,Wt+1ð Þ: ð31Þ

In Sections 4 to 6, we present the policies Xπ(St) that
we test to plan the operation of the system.

3 | DESIGNING POLICIES

Making decisions under uncertainty requires developing
policies that map a state to a feasible decision. In other
words, a policy defines the way a reinforcement learning
agent behaves.42,43 According to Powell44, these policies
can be divided into four fundamental classes:

• Policy function approximation (PFA)—These are ana-
lytical functions that directly map a state to an action,
without any embedded optimization problem. These
policies can be discrete lookup tables, parametric func-
tions, or statistical models. An example of a parametric
PFA, where a set of parameters θ would have to be
tuned, could be:

Xπ
t Stjθð Þ= θ0 + θ1St + θ2S

2
t : ð32Þ

• Cost function approximation—These are parametric
modifications of a cost function or constraints. The
cost function can be altered by, for example, adding an
error-correction term to it. The general form to repre-
sent a CFA is represented by the equation:

Xπ
t Stjθð Þ=argmin

x�X π
t θð Þ

�Cπ St,xjθð Þ
� �

: ð33Þ

• Value function approximation—Here, a function
approximates the value or cost of being in a estate as a
result of an action made in the previous time-step. This
class of policy is also generally known as approximate
dynamic programming and can be written as:

Xπ
t Stjθð Þ=argmin

x�X t

C St,xð Þ+ �Vt+1 St+1jθð ÞjStf gð Þ, ð34Þ

where St + 1 is updated by a transition function.

• Direct lookahead (DLA)—It solves an optimization
lookahead problem over a horizon H. A DLA policy
solves this problem deterministically, which, for
instance, can be modeled as a linear program. The
decision variables in the lookahead policy are repre-
sented with a tilde (~xtt0 ) not to be confused with the
decision variables from the base model. A DLA can be
represented as:

Xπ
t Stjθð Þ= argmin

~xtt ,…,~xt,t+H

Xt+H

t0 = t

C ~Stt0~xtt0
� �

: ð35Þ

It is also possible to combine more than one class of
policy to make hybrid ones. One example is using para-
metric CFAs in lookahead models, where modifications
in a DLA (made by the addition of parameters in the
objective function or constraints) are tuned in a stochas-
tic simulator.

Three of the four classes of policies are employed in
this work. The example of hybrid policy mentioned above
is tested in our simulator, as we adopt a CFA approach
by introducing parametric modifications in power capaci-
ties constraints and run a DLA to schedule the operation
of the next hour. We also use a PFA, with simple analyti-
cal functions that define an order of priority of sources to
cover demand in real-time operation.

4 | POLICY 1

The first policy we propose simulates a planning tool for
a grid operator. To plan the next hour, we consider that a
DLA would be run once an hour with 15 minute incre-
ments, which is short enough to capture the influence of
ramping constraints (Section 4.1). A PFA is applied to
decide the real-time operation by compensating wind
generation forecast errors with adjustments in hydro out-
put (Section 4.2).

We collectively represent the policy 1 as:

Xπ1
t Stð Þ= Xπ1−DLA

t Stð Þ,Xπ1−PFA
t Stð Þ

� �
: ð36Þ

4.1 | Policy 1 lookahead

Understanding the time-steps is very important to under-
stand this policy. The lookahead is run once an hour with
15 minute increments, which means that it is run every
time t�T , where T = 0,4,8…Tf g. The lookahead horizon
is 24 hours (H = 96). Figure 3 shows the framework of
the lookahead.
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As commitments are made in advance here, we define
the notification time τ as the number of 15 minute time-
steps in the future for which we plan the generation of
some sources. The notification times for all the energy
sources in the system are:

• τST = 48 (12 hours in advance for slow thermal plants)
• τFT = 4 (1 hour in advance for fast thermal plants)
• τSD = 4 (1 hour in advance for storage discharge)
• τSC = 4 (1 hour in advance for storage charge)
• τEE = 4 (1 hour in advance for energy exchange)

In the DLA, wind is treated deterministically and
Equation (37) can be optimized.

Xπ1−DLA
t Stð Þ= argmin

~xt,t ,…,~xt,t+H

Xt+H

t0 = t

C ~Stt0~xtt0
� �

, ð37Þ

subject to Equations (6) to (19), as well as Equa-
tions (38) to (41).

To address the notification time requirement, we fix
the decision variables from t

0
= t to t

0
= t + τ with the

decisions made before t. The following constraint has to
be satisfied:

xtt0f gt+ τ−1
t0 = t = xt−4,t0f gt+ τ+3

t0 = t+ τ: ð38Þ

In this policy, we add another constraint to limit the
use of hydro resources in the lookahead horizon H. The
need for that constraint comes from the fact that H is finite
and relatively short (24 hours) considering that it takes
months to fill some reservoirs, depending on its capacity
and incoming water flow. This short time horizon might
lead to an optimized solution that uses all hydro resources
(or most of it) during the optimization horizon, but would

actually leave the system without hydro resources for the
following periods. For this reason, a total hydro generation
resource RHD

t,t available for the lookahead horizon is set.
Hydro availability in each time-step evolves according to
the transition function in Equation (40).

RHD
t,t =RHD

0 , ð39Þ

RHD
t,t0 +1 =RHD

tt0 −xHD
tt0 ≥0: ð40Þ

To deal with the uncertainty related to wind forecast
errors, we plan hydro reserves to cover demand when
observed wind generation is lower than forecast. For that
purpose, we adopt a CFA approach to introduce a para-
metric modification in Equation (7) for the lookahead,
where a tunable parameter θHD � [0, 1] multiplies the
hydro maximum power capacity for the next hour:

~xHD
tt0

� �t+7

t0 = t+4 ≤PHD
max 1−θHD

� �
: ð41Þ

The parameter θHD is tuned with a one dimensional
search, with a 0.05 step-size, as detailed in Section 8.

The results from the DLA are planned hydro genera-
tion, fast thermal generation, storage discharge, storage
charge, and energy exchange for the next hour, and
planned slow thermal generation for the period between
12 and 13 hours ahead. These results are input data for
the real-time operation policy, a PFA described below.

4.2 | Policy 1 PFA

A PFA is used to define hydro generation in real-time
operation. This adjustment in hydro is necessary to
address the difference between forecast and observed

FIGURE 3 Lookahead

framework [Colour figure can be

viewed at wileyonlinelibrary.com]
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wind generation. In reality, some thermals have the abil-
ity to vary their outputs with short notice. However, in
the Brazilian grid, most of this adjustment is made by
hydro plants and, therefore, we reduce the dimensional-
ity of the problem allowing only hydro to provide real-
time reserve without significantly impacting the results.

When hydro cannot meet demand because of power
or ramping constraints, or because reserve is not suffi-
cient, we have a deficit. The following equation repre-
sents our PFA rule for real-time operation:

Because we consider demand and solar generation
forecasts perfect, Dt = f Dtt0 and PPV

t = f PVtt0 . The generation
from other sources, storage system charge, and energy
exchange (~xSTtt0 ,~x

FT
tt0 ,~x

SD
tt0 ,~x

SC
tt0 ,~x

EE
tt0 ) are previously decided by

the DLA. Here, they belong to the state variable St. Et is
the observed wind generation vector, which is different
from f Ett0 for t

0
> t and, therefore, require real-time adjust-

ments from hydro.

5 | POLICY 2

The only difference of this policy from policy 1 is that, here,
reserves are not provided by hydro anymore, but only by the
storage system. This difference between policies 1 and 2 may
seem subtle; however, not only does it change the source of
spinning reserve but it makes the storage system compromise

between two services. By adding a tunable parameter θS that
sets a minimum stored energy in the system, it can still pro-
vide time-shifting, but its capacity decreases as θS increases.

5.1 | Policy 2 lookahead

In this policy, the lookahead is almost the same from the
policy 1, except for the substitution of the constraint in
Equation (41) by a new one that, instead of modifying

hydro capacity, sets a minimum amount of energy in the
storage system to provide real-time reserves (Equation (43)):

RS
tt0

� �t+7

t0 = t+4≥θ
SRS

max: ð43Þ

The parameter θS is tuned with a one dimensional
search, with a 0.05 step-size, as detailed in Section 8.

Because hydro does not provide reserves in this policy, we
also set a 1-hour notification time for this source (τSCt =4).

5.2 | Policy 2 policy PFA

In this policy, as opposed to the policy 1, the operation of
the storage system is not fixed as previously decided in
the lookahead, which means that τSDt = τSCt =0 . Here,

Xπ1−PFA =

xSTt
� �t+3

t= t = ~xSTt−τST ,t0
� �t+ τST +3

t0 = t+ τST
,8t�T

xFTt
� �t+3

t= t = ~xFTt−τFT ,t0
� �t+ τFT +3

t0 = t+ τFT
,8t�T

xSDt
� �t+3

t= t = ~xSDt−τSD,t0
� �t+ τSD +3

t0 = t+ τSD
,8t�T

xSCt
� �t+3

t= t = ~xSCt−τSC ,t0
� �t+ τSC +3

t0 = t+ τSC
,8t�T

xEEt
� �t+3

t= t = ~xEEt−τEE ,t0
� �t+ τEE +3

t0 = t+ τEE
,8t�T

xHDt =maxðPHD
min,x

HD
t−1 + ρHD

min,minðPHD
max ,x

HD
t−1 + ρHD

max ,

Dt−PE
t −PPV

t −xSTt −xFTt −xSDt + xSCt −xEEt ÞÞ

xDFt =Dt−xHD
t −PE

t −PPV −xSTt −xFTt −xSDt + xSCt −xEEt :

0
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBB@

1
CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCA

ð42Þ
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instead of hydro generation, storage discharge and charge
are adjusted to fit wind forecast errors, while other
sources of generation have already been fixed according
to their notification time.

Let Bt be, at time t, the difference between the demand and
the sum of generation from all sources that were previously

decided or observed, including the planned energy charge
(Bt =Dt−xHDt −PE

t −PPV
t −xSTt −xFTt + ~xSCt −xEEt ). In other

words, Bt is the remaining energy balance at time t. Here,
when Bt is positive, energy can be discharged from the
storage system. Energy can also be charged to the storage
system if Bt is negative.

Xπ2−PFA =

xHDt
� �t+3

t= t = ~xHDt−τHD ,t0
� �t+ τHD +3

t0 = t+ τHD

xSTt
� �t+3

t= t = ~xSTt−τST ,t0
� �t+ τST +3

t0 = t+ τST

xFTt
� �t+3

t= t = ~xFTt−τFT ,t0
� �t+ τFT +3

t0 = t+ τFT

~xSCt
� �t+3

t= t = ~xSCt−τSC ,t0
� �t+ τSC +3

t0 = t+ τSC

xEEt
� �t+3

t= t = ~xEEt−τEE ,t0
� �t+ τEE +3

t0 = t+ τEE

Bt =Dt−xHD
t −PE

t −PPV
t −xSTt −xFTt + ~xSCt −xEEt

Bt≥0

xSCt =max 0,~xSCt −Bt
� �

xSCt >0

xSDt =0

xDFt =0

0
BBBB@

1
CCCCA

xSCt =0

xSDt =min RS
t ,x

SD
t−1 + ρSDmax ,P

SD
max ,Bt−~xSCt

� �

xDFt =Bt−~xSCt −xSDt

0
BBBB@

1
CCCCA

0
BBBBBBBBBBBBBBBBBBBBBB@

1
CCCCCCCCCCCCCCCCCCCCCCA

Bt <0

xSCt =min ~xSCt −Bt,RS
max−RS

t ,x
SC
t−1 + ρSCmax,P

SC
max

� �

xSDt =0

xDFt =0

0
BBBBBBBBBB@

1
CCCCCCCCCCA

0
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBB@

1
CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCA

ð44Þ
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6 | POLICY 3

This policy is a combination of policies 1 and 2. Here,
both hydro and storage system can provide reserves. The
storage system can still provide time-shifting but limited
by reserve needs.

6.1 | Policy 3 lookahead

This policy combines the lookaheads of policies 1 and
2, with two constraints modified by tunable parameters.
Here, the lookahead is subject to Equations (41)
and (43):

The parameter θS is tuned together with θHD in a grid
search, as described in Section 8.

6.2 | Policy 3 policy PFA

In this policy, the operations of hydro and storage system
are not fixed as previously decided in the lookahead, which
means that τHDt = τSDt = τSCt =0. Hydro generation, storage
discharge, and storage charge are adjusted to fit wind
forecast errors, while other sources of generation have
already been fixed according to their notification time.

We also make a small change in Bt, defined in policy
2, removing predecided hydro generation from the energy
balance and introducing a planned hydro generation
instead (Bt =Dt−~xHD

t −PE
t −PPV

t −xSTt −xFTt + ~xSCt −xEEt ).
Because we have two sources that can provide reserves,

we prioritize hydro to cover Bt and, when it is not sufficient,
energy can be discharged from the storage system. Energy
can also be charged to the storage system if Bt is negative.

Xπ3−PFA =

~xHDt
� �t+3

t= t = ~xHDt−τHD ,t0
� �t+ τHD +3

t0 = t+ τHD

xSTt
� �t+3

t= t = ~xSTt−τST ,t0
� �t+ τST +3

t0 = t+ τST

xFTt
� �t+3

t= t = ~xFTt−τFT ,t0
� �t+ τFT +3

t0 = t+ τFT

~xSCt
� �t+3

t= t = ~xSCt−τSC ,t0
� �t+ τSC +3

t0 = t+ τSC

xEEt
� �t+3

t= t = ~xEEt−τEE ,t0
� �t+ τEE +3

t0 = t+ τEE

Bt =Dt−~xHDt −PE
t −PPV

t −xSTt −xFTt + ~xSCt −xEEt

Bt≥0

xHDt =max PHD
min,x

HD
t−1 + ρHD

min,min PHD
min,x

HD
t−1 + ρHD

max ,Bt + ~xHD
t

� �� �

Bt + ~xHDt −xHDt ≥0

xSCt =max 0,~xSCt −Bt−xHD
t

� �

xSCt >0
xSDt =0

xDFt =0

0
@

1
A

xSCt =0
xSDt =min RS

t ,x
SD
t−1 + ρSDmax ,P

SD
max ,Bt−xHD

t −~xSCt
� �

xDFt =Bt−xHD
t −~xSCt −xSDt

0
B@

1
CA

0
BBBBBBBBBBBBBB@

1
CCCCCCCCCCCCCCA

Bt + ~xHDt −xHDt <0

xSCt =min ~xSCt −Bt−xHD
t ,RS

max−RS
t ,x

SC
t−1 + ρSCmax,P

SC
max

� �
xSDt =0

xDFt =0

0
BBBB@

1
CCCCA

0
BBBBBBBBBBBBBBBBBBBBBBBBBBBBB@

1
CCCCCCCCCCCCCCCCCCCCCCCCCCCCCA

Bt <0

xHDt = ~xHDt

xSCt =min −Bt + ~xSCt ,RS
max−RS

t ,x
SC
t−1 + ρSCmax ,P

SC
max

� �
xSDt =0

xDFt =0:

0
BBBBBB@

1
CCCCCCA

0
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBB@

1
CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCA

ð45Þ
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7 | MODELING UNCERTAINTY

Three exogenous uncertain processes need to be
modeled: forecasts for wind generation, solar generation,
and energy demand. Demand is relatively predictable,
especially for a large-grid like the Northeast subsystem in
Brazil and, for that reason, its forecasts are considered
perfect in the model, reducing the dimensionality of the
problem. We also assume that forecasts for solar genera-
tion are perfect because, regardless of being hard to pre-
dict in days with spotted clouds, solar generation is still
considerably smaller than other sources. It represents
around 5% of demand in its peak of generation on a
sunny day, thus its variability does not significantly affect
the operation of the grid.

Energy exchange prices are based on spot market
prices in Brazil and it could be uncertain if we were
modeling an energy system in a country with more vola-
tile prices or if the optimization horizon was longer.
However, considering how spot market prices are formed
in Brazil, energy exchange prices can be also treated as
deterministic in the model.

Spot market prices in Brazil are defined on a weekly
basis for each subsystem and for three different demand
levels: high (from 6:00 PM to 9:00 PM), medium (from
7:00 AM to 6:00 PM and from 9:00 PM to 0:00 AM) and low
(from 0:00 AM to 7:00 AM). These periods are slightly
altered during daylight saving times.17 This price arrange-
ment by demand levels, however, is in a process of change
and, by 2020, hourly prices will be defined on a daily basis
for the next day. Even with this new methodology, spot
market prices for the next day will be known in advance.

7.1 | Wind generation

Wind speed forecasts were modeled using the same tech-
nique presented in Ghadimi et al .45 This method allows
us to control the error in the forecast in our simulations.
To create a realistic nonstationary behavior of wind fore-
casts, we add synthetic errors to the forecast wind speeds
available at time t to create another forecast series avail-
able at time t + 4 (1 hour later). Letting f Vtt0 be the fore-
cast of wind speed at time t for time t

0
, Vt be observed

wind speed at time t and assuming f V0,t0
� �H

t0 =0
= Vtf gHt=0,

we define:

f Vt+4,t0 = f Vt,t0 + ϵt+4,t0 , ð46Þ

where ϵt+4,t0 is the noise.
To create this noise, a symmetric matrix

P
is con-

structed such that
P

i, jð Þ= σ2Ve
−αji− jj, where the values of

σ2V and α are constant and defined by the user to manipu-
late the quality of the forecasts. Then, a noise vector is
defined as ϵt = C×Zt, where C is the lower triangular
Cholesky decomposition of

P
and Zt

~N 0, IHxHð Þ . For
more details, refer to Reference 45.

The wind speed forecasts f Vtt0 were generated on an
hourly basis. However, to capture ramping effects, we
used Brownian bridge interpolation to create data dis-
cretized in 15minute intervals.

Wind speed forecasts f Vtt0 were converted into wind
power forecasts f Ett0 with a speed to power curve
(Figure 4) developed by Reference 46.

7.2 | Solar generation

Except for days with spotted clouds, solar generation
follows well-established patterns whose values depend
on the cloudiness. We could consider three different
patterns for the simulations, which would be for
sunny, cloudy, and with spotted cloudy days. The pat-
tern for cloudy days would follow the same pattern for
sunny days but with lower values. The pattern for days
with spotted clouds would have equal or lower values
than the one for sunny days. Nevertheless, because
solar generation in the modeled subsystem is too
small, it does not considerably affect the simulation
results and, therefore, only one pattern for sunny days
will be considered for solar generation forecast in the
article.

We recognize that, if solar capacity grows signifi-
cantly in Brazil, its variability may affect the planning of
the operation. However, the uncertainty modeled in wind
forecasts is sufficient to test the abilities of the model in
dealing with stochastic processes.

7.3 | Energy demand

Basically, the two main aspects that affect daily energy
demand profiles are temperature and whether it is a busi-
ness day or not. However, the region modeled in this
work, Brazilian Northeast, has almost constant warm
temperatures during all year. We can infer then that only
business and nonbusiness days affect its energy demand
profiles, which makes them reasonably predictable. For
that reason, demand forecasts were modeled as perfect.
We simply consider that demand forecasts are equal
observed data: f Dt =Dt.

The Brazilian grid operator provides demand data for
the Northeastern subsystem discretized in 1 hour periods.
To generate 15 minute time-step series, a simple linear
interpolation is used.
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8 | POLICY SEARCH

The policies 1, 2, and 3 are defined, but we still need to
find the values of the parameters θ that give the best per-
formance for each policy. We do that with policy search,
which aims to find values of θ for which the policy
Xπ(St| θ) performs well. Equation (47) represents the pol-
icy search:

min
θ�Θ


XT
t=0

CðSt,Xπ
t St,θð ÞjS0Þ

( )
: ð47Þ

where St + 1 = SM(St, xt, Wt + 1) and (S0, W1, …, Wt…) is a
given stochastic process.

The higher the dimension of θ, the bigger the chal-
lenge of finding its optimal values, as randomly trying
different values of θ can be highly inefficient.47 For those

cases, θ can be tuned using classic stochastic optimization
algorithms. In our case, however, θ in policies 1 and
2 have only one dimension and, in policy 3, two dimen-
sions. This means that we can do a full grid search for
these cases.

While the dimensions of θ are not a problem here,
the stochasticity of the simulations requires some atten-
tion. As explained in Section 7.1, wind forecasts for time
t + 4 were generated by capturing the errors in the fore-
casts for time t. The SD of the forecast errors were set at
10% of the average wind speed at time t for the lookahead
horizon (σ=0:10

Pt0 = t+H
t0 = t f Vt,t0=H ). To handle that noise,

we run a thousand simulations for each θ, and the θ
which gives the lowest average cost over the simulations
is the optimal.

We remind the reader that the policies are tuned off-
line, which means that the computational time to tune
the parameters is not relevant to the online electricity

FIGURE 4 Wind speed to power

curve46 [Colour figure can be viewed at

wileyonlinelibrary.com]
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dispatch because it is only done once. After the parame-
ters are tuned, the optimization processes used to make
the decisions in every time-step are simple and are calcu-
lated almost instantaneously.

The proposed policies were tuned for four different
sets of input data. The datasets are differentiated on the
basis of the capacities of the hydro and storage system, as
presented in Table 3.

All the other deterministic data used in the tuning
process, such as power capacities and ramping capacities,
are real data from the Brazilian Northeast subsystem.

8.1 | Tuning policy 1

Policy 1 has only one tunable parameter, θHD. This
parameter was tuned with a simple one dimensional sea-
rch, in which θHD ranged from 0 to 1 with a 0.05 step-size

that looks for the lowest average costs of the problem
over a thousand simulations solved with policy 1. Figure 5
shows the results of each search for different datasets:

With this policy, the storage system can only provide
time-shifting. When we compare dataset 1 to 2, and dataset
3 to 4, we can see that increasing storage capacity does not
significantly reduces costs. This shows that the storage sys-
tem cannot reduce costs only by providing time-shifting.

Comparing dataset 1 to 3, and dataset 2 to 4, we con-
clude that there is an optimal hydro reserve that changes
as a percentage of total hydro capacity, but does not
change its absolute value. For the simulated grid, the
optimal hydro reserve is 1.4 GW, which means θHD = 0.70
for datasets 1 and 2, and θHD = 0.35 for datasets 3 and 4.

8.2 | Tuning policy 2

Just as with policy 1, policy 2 also has only one tunable
parameter, θS, which was also tuned with a one dimen-
sional search, in which θS ranged from 0 to 1 with a 0.05
step-size. Figure 6 shows the results of each search for
different datasets:

With policy 2, the storage system can provide both
reserves and time-shifting. Results from tuning this pol-
icy show that, after a certain value, costs does not signifi-
cantly change when we increase θS. We can conclude
from this that there is an optimal value of storage

TABLE 3 Datasets for policy search

Dataset
Hydro power
capacity (GW)

Storage system
capacity (GWh)

1 2.0 1.5

2 2.0 3.0

3 4.0 1.5

4 4.0 3.0

FIGURE 5 Parameter tuning for policy 1 [Colour figure can be viewed at wileyonlinelibrary.com]
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FIGURE 6 Parameter tuning for policy 2 [Colour figure can be viewed at wileyonlinelibrary.com]

reserves and any capacity larger than that does not help
reducing costs.

As θS gets bigger, time-shifting capacity is reduced.
However, costs do not increase when we reduce the time-
shifting capability of the storage systems. This confirms
what was concluded in the results from tuning policy 1:
for the simulated grid, time-shifting does not help reduc-
ing costs significantly.

8.3 | Tuning policy 3

Policy 3 has two tunable parameters, θHD and θS. These
parameters were tuned with a grid search, in which each
θ ranged from 0 to 1 with a 0.05 step-size, to find the low-
est average costs over a thousand simulations solved with
policy 3. Figure 7 shows the results of each grid search
for different datasets:

Results from tuning policy 3 show that, usually, stor-
age systems should be prioritized to provide reserves over
hydro, as θS is usually greater than θHD. This can be
explained by the fact that hydro reserves have an indirect
potential cost, as reserved power may not be used in real-
time operation. In that case, hydro (the cheapest source
of energy in the system) is not being used in its total
capacity and another source (a more expensive one) is
scheduled to cover that difference.

9 | PERFORMANCE ANALYSIS

To evaluate the performance of each of the three pro-
posed policies, we use as a benchmark a fourth policy in
which we solve a deterministic nonlinear program for the
whole simulation horizon using actual observed wind
generation. This benchmark policy will produce an opti-
mistic estimate of performance, because it is being
allowed to see into the future.

Table 4 compares the results of each proposed policy
with the know-in-advance policy. The performances
ΔFπ(θ) are calculated according to Equation (48).
Because we are minimizing costs, smaller values for
ΔFπ(θ) mean better performances.

Performance=ΔFπ θð Þ= Fπ θð Þ
FKA , ð48Þ

where Fπ(θ) is the total cost over the simulation horizon
with policy π and FKA is the total cost with the know-
in-advance policy.

The optimal values of θ varied according to the input
dataset, but in all of them policy 2 outperformed policy
1. This shows that, for the modeled grid, it is economi-
cally advantageous to use storage system for spinning
reserves while scheduling generation for 100% of hydro
capacities (leaving no hydro reserves), than using hydro
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for reserves while leaving storage system just for time-
shifting.

Policy 3 outperformed both policies 1 and 2 for three
datasets (and matched policy 2 for the fourth dataset),
which shows that allowing hydro to provide reserves and
storage systems to provide both time-shifting and
reserves can be even more economical if reserves (θHD

and θS) are properly tuned.

In dataset 4, hydro and storage system capacities are
enough for policies 2 and 3 to cover demand, matching
the performance of the know-in-advance policy. In these
simulations, after proper tuning of θ, there was no deficit
or energy imports. Thermal generation was only enough
to satisfy the minimum output constraints and demand
was supplied by intermittent sources, hydro and storage
system.

FIGURE 7 Parameter tuning for policy 3 [Colour figure can be viewed at wileyonlinelibrary.com]

TABLE 4 Optimal tunable parameters and performances of each policy for different input datasets

Dataset
Hydro power
capacity (GW)

Storage system
capacity (GWh)

Policy 1 Policy 2 Policy 3

θHD ΔFπ1 θS ΔFπ2 θHD θS ΔFπ3

1 2.0 1.5 0.70 168% 1.00 121% 1.00 0.70 117%

2 2.0 3.0 0.70 210% 0.85 118% 0.35 1.00 109%

3 4.0 1.5 0.35 122% 0.70 116% 0.00 0.70 111%

4 4.0 3.0 0.35 173% 0.35 100% 0.00 0.35 100%

de CARVALHO NEIVA PINHEIRO ET AL. 8651

http://wileyonlinelibrary.com


10 | CONCLUSION

The article proposes an approach to design policies for
energy dispatch with uncertain forecasts that uses a DLA
policy with parametric modifications for scheduling and a
simple PFA for real-time operation. The parameters are
tuned in a stochastic simulator. These policies perform well
when handling storage systems with stochastic forecasts
and are easy to implement, but need to be properly tuned.

The lookahead with parametric modifications proposed
here is a novel technique to deal with storage systems. It
takes a lot of work to design the policies and test them, but
once they are tuned, decisions can be computed almost
instantaneously, which make the policies fast enough to be
used in real-time operation of energy storage systems.

The strategy of setting reserves is widely used to deal
with stochastic forecasts of generation or demand, but we
show that tuning the reserves is important. In the simula-
tions of this study, the optimal values of the tunable
parameters for each proposed policy changed depending
on the available hydro power and storage capacity, which
indicates that they capture the characteristics of the
modeled system and alter the optimal reserves depending
on available hydro and storage capacities.

Policy 3, which allows both hydro and storage system
to provide reserves, prioritizes the storage system to pro-
vide this service, leaving as much hydro power capacity
as possible, which is the cheapest source in the system,
available to be scheduled in the lookahead. Policy 3, when
properly tuned, determines an optimal balance between
the reserves of hydro and storage systems.

Policy 2 had better results than policy 1 because of
the modeled grid which captured the characteristics of
the Brazilian subsystem. However, policy 1 could have
had better results in other grids. For instance, in coun-
tries with less fast thermal capacities and more variable
spot market prices (represented here by energy imports),
time-shifting could be more useful, which would favor
policy 1, since this policy leaves all storage capacity for
that service while hydro is the only source that provides
spinning-reserves. In the grid modeled in this work, as
we can see in Figure 6, storage capacity should be enough
to provide reserves and any extra capacity for time-
shifting does not significantly reduce costs.

Future research may include the application of
parameterized lookaheads for type selection and sizing of
storage systems based on grid needs for reserves and
time-shifting that can be quantified with parameter tun-
ing. The policies that were proposed here can also be
applied, with only a few modifications, to grids without
storage systems. For instance, spinning-reserves for ther-
mal and hydro plants can be optimized with policy
search.
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