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“As you set out for Ithaka

hope the voyage is a long one,

full of adventure, full of discovery.
Laistrygonians and Cyclops,

angry Poseidon—don’t be afraid of them.:
you’ll never find things like that on your way
as long as you keep your thoughts raised high,
as long as a rare excitement

stirs your spirit and your body.
Laistrygonians and Cyclops,

wild Poseidon—you won’t encounter them
unless you bring them along inside your soul,
unless your soul sets them up in front of you.

Hope the voyage is a long one.

May there be many a summer morning when,
with what pleasure, what joy,

you come into harbors seen for the first time;
may you stop at Phoenician trading stations
to buy fine things,

mother of pearl and coral, amber and ebony,
sensual perfume of every kind—

as many sensual perfumes as you can;

and may you visit many Egyptian cities

to gather stores of knowledge from their scholars.

Keep Ithaka always in your mind.

Arriving there is what you are destined for.
But do not hurry the journey at all.

Better if it lasts for years,

so you are old by the time you reach the island,
wealthy with all you have gained on the way,
not expecting Ithaka to make you rich.

Ithaka gave you the marvelous journey.
Without her you would not have set out.
She has nothing left to give you now.

And if you find her poor, Ithaka won’t have fooled you.
Wise as you will have become, so full of experience,
you will have understood by then what these Ithakas mean.”

C.P. Cavafy, Collected Poems. Translated by Edmund Keeley and Philip Sherrard.
Edited by George Savidis. Revised Edition. Princeton University Press, 1992
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Summary

Nowadays, power systems are transitioning to an increasing penetration of
vast low-cost wind and solar generation in order to achieve the greenhousel’
gas-emission reduction targets in the electricity sector, which will require sys(
tem flexibility for balancing requirements to maintain system performance.
The current technologies have limited technical capabilities to provide this
flexibility, and new alternatives are required. In this context, energy storage
is one of the most promising options that can deliver technical and economic
benefits. However, modeling energy storage systems represents a challenge
because they have a wide range of technologies from pumped hydro units to
batteries, each one with different characteristics that make them more suit!’
able either short- (e.g., hours) or long-term (e.g., months) applications.

This thesis proposes optimization models that improve current operational

and investment planning tools by a better consideration of short- and long[]
term operational decisions for different grid-level energy storage technologies

that impact tactical and strategic planning in power systems. This thesis then

tackles the energy storage operation and investment problem in the following

aspects:

e Representation of Energy Storage Operation: we propose improvements in
current decision support models to deal with short-term storage such as
batteries and seasonal storage at the same time, including network-con[’
strained analysis. In addition, it determines the main drawbacks of the
traditional modeling approaches using an hourly unit commitment model
as a benchmark for the comparison of the current and proposed models.

e Co-optimization of Energy Storage Technologies in hydrothermal dispatch
models: we assess the impact of short-term energy storage decisions on the
opportunity cost of long-term storage through the proposal of a new optil
mization model for hydrothermal coordination in which hourly oppor(
tunity costs or short-term signals are co-optimized with seasonal storage.

e Investment Decision Models for Energy Storage: we formulate and test the
main modeling approaches to evaluate energy-storage-systems investl]
ment in power systems with high penetration of renewable energy sources.
Moreover, we analyze the influence of transmission constraints, losses,
and increased renewable energy penetration on planning energy-storage!’
systems allocation and investment.

o Investment Decision Models for Energy Storage using Power-based Unit
Commitment: we improve current investment models by correctly modell
ing power system flexibility requirements that lever different energy stor(
age investment. Moreover, we compare energy-based and power-based
unit commitment models and analyze the main advantages and disadl]
vantages for the energy storage investment decisions.

The proposed models can support energy storage owners, investors, system
operators, planning entities, and regulatory authorities in their decisions re[’
garding energy storage in the future context of high share of variable renew!(
able energy sources.






Dissertation

This doctoral thesis analyzes the energy storage systems (ESS) modeling in
power system tactical and strategic planning (also known as medium- and
long-term planning) with emphasis on the co-optimization of different ESS
technologies considering two main aspects: operation and investment. This
document is based on the work of 7 articles (4 in journals with JCR, 1 in jour(!
nals without JCR, 2 under review), which are included at the end of this doc!!
ument (labelled Article I-VII) and listed as follows. Further details of the thel’
sis structure and roadmap are given in Section 1.4.
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1 INTRODUCTION

1.1 Motivation and Context

The effects of global warming and climate change have mobilized several
countries around the world to mitigate and reduce the greenhouse gas emis![]
sions, making the transition into a decarbonized power system one of the
main challenges of the 21st century in the electric power industry. This has
led to the integration of renewable energy sources such as solar and wind
power. In the last decade, the installation of variable renewable energy
sources (VRES) has continuously increased in almost all electric power sys[]
tems around the world. This is mainly due to regulatory incentives as well as
reductions on renewable technology manufacturing costs. In addition, accord[’
ing to the International Energy Agency (IEA) renewables account for 80% of
new capacity in the European Union, and by 2040, they will represent twol
thirds of global investment in power plants [4]. The main advantages of rel!
newable energy sources are their low variable cost and clean energy produc!!
tion, i.e., without causing CO2 emissions, unlike traditional thermal general’
tion sources whose fuel is coal or natural gas. However, high penetration of
renewables in the electricity sector also has important negative side effects
[5], such as:

e Non-controllable variability: the total output in VRES depends on the
renewable source availability (e.g., wind flow or sunlight). Thus, VRES
cannot produce a constant output within the short-term planning hori
zons (e.g., day-ahead unit commitment). Thus, system operators face
changes on the VRES planned production in real-time operation that
usually are controlled using other generation resources.

e Partial unpredictability: Although forecasting renewable production
has improved in the last years [6], climate change and large-scale
ocean-atmosphere climate interactions, such as El Nino y La Nina [7],
still lead to an uncertainty the VRES production.

e Locational dependence: VRES are often located in remote locations (es!
pecially onshore or offshore wind farms), far from load centers. Therel’
fore, current transmission infrastructure will be more congested while
new transmission investments are developed.

This situation brings additional problems to the operation of the system, such
as flexibility reduction because of this non-dispatchable characteristic, the in[]
termittent output of this renewable energy, and the increased level of uncer!’
tainty in their production. Energy storage systems (e.g., pumped hydro stor[’
age, compressed air energy storage, or batteries) are one of the options to in-
crease the flexibility of power systems because they can store energy at offl]
peak times and discharge it at peak times (i.e., time shifting) [8]. Therefore,
energy storage systems represent a suitable candidate to soften the transition
to decarbonization of power systems and, therefore, achieving a “clean elec(’
trical power industry”. In fact, thermal systems, renewable technologies, and
energy storage technologies are already co-existing in several electric power
systems. Nevertheless, new energy storage technologies, e.g., batteries, rep[’
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resent a small part of the total installed generation capacity due to their cur!!
rent investment cost. However, these investment costs are expected to de-

crease in the forthcoming years, as well as having different stream of reve(!
nues due to multiple services of energy storage in the power system (e.g., rel’
serves, frequency control, capacity mechanisms) due to the large-scale penel]
tration of renewable energy sources. This situation will boost the integration

of energy storage system (e.g., batteries or equivalent storage technologies) in

order to achieve the full decarbonization of power systems. Leading to a need

of adaptation of current planning models in order to consider operational and

investment decisions in this new context.

This thesis aims to improve current operation and investment optimization
tools by properly modeling different types of energy storage systems technoll
ogies. Short-term characteristics of energy storage systems can provide solul]
tions to diurnal generation cycles of renewable energies that do not match
load cycles. Advantages of renewable energy integration due to energy stor![]
age systems have been analyzed in [5], [9]. This shows that energy storage
could improve operational flexibility in the decarbonization of the power sec!!
tor. However, short-term energy storage (e.g., battery energy storage sys[]
tems) has not been analyzed and co-optimized with seasonal storage, which
represents a challenge to properly consider the chronological constraints of
both types of storage at the same time. In addition, short-term energy storage,
e.g., batteries, could provide multiple services in power systems such as: load
shifting (a.k.a. energy arbitrage), renewable support, reserve markets, etc.;
and consequently, new ways to consider these multiple services in the plan(]
ning tools or decision support models are needed. As part of the state-of-the(]
art research in this thesis, in Article IV [10] we have assessed recent regulal’
tory proposals in the US and the EU in order to understand their implications
for ESS providing multiple services. Together with the other publications in
this thesis, full content of Article IV [10] is included at the end of this docul
ment.

Among the different power system planning models, there are short-term
models with high resolution times such as unit commitment models, with in[]
formation pertaining to every hour, half hour, or 10 minutes; and long-term
models such as investment models that ignore small time-scale changes to
make the calculations in a reasonable amount of time. The introduction of
VRES into the energy system, however, makes it necessary to include more
short-term dynamics in long-term models [11]. Realistically modeling energy
storage requires the preservation of chronological information, because the
amount of stored energy available at any given moment depends on the
amount of energy stored in all previous time periods [12]. However, most of
the current models and tools for tactical and strategic planning do not fully
consider these chronological constraints:

e Tactical planning: The hydrothermal dispatch has been one of the most
studied problems in tactical planning [13]—[16] due to the hydro inflows
uncertainty for seasonal storage. The main tools that are available to per[!
form a hydrothermal dispatch analysis are: SDDP developed by PSR [17],
PLEXOS® Integrated Energy Model developed by Energy Exemplar [18],
ProdRisk developed by SINTEF [19], and StarNet Model developed by II'T

22



[20]. For medium- or long-term studies, these tools use a load levels ap(’]
proach with monthly or weekly stages. Moreover, no relevant effort has
been performed in the last years to improve the short-term operational
decisions on hydro-thermal dispatch models. Therefore, there is a lack of
studies and analyses of the economic impact of short-term storage operal’
tional decisions on seasonal storage opportunity costs in hydrothermal dis[’
patch problems such as Moreno et al. explain in [21].

e Strategic planning: Investment decisions are one of the most important
decisions in strategic planning [22]—-[24]. Investment models that incorpo!’
rate information at both time scales include the TIMES modeling frame!(
work [25], the Regional Energy Deployment System (ReEDS) framework
[26], Resource Planning Model (RPM) [27], and COMPETES [28]. These
models have multi-year investment decisions as well as time slices within
each year that represent a wide variety of possible demand and VRES pro(]
duction levels. Although some models have endeavored to incorporate enl’
ergy storage investment and operational decisions, they do not preserve
chronological information and thus do not fully model storage evolution
[29], [30].

Finally, current tactical and strategic planning models use energy-based for[
mulations. However, recent studies [31], [32] have shown that energy-based
formulations overestimate the actual flexibility of the system. Instead, power!!
based UC models overcome these problems by correctly modeling operating
reserves and ramping constraints. As mentioned before, energy storage sys[!
tems are important to increase the power system flexibility, therefore, a
proper modeling of energy storage systems in the power-based formulations
1s needed. However, modeling of energy storage systems in the power-based
formulation has not been analyzed nor considered so far.

1.2 Objectives

1.2.1 Main Objective

The main objective of this thesis is to improve current operational and invest!]
ment planning tools for a better consideration of short- and long-term decil]
sions for different grid-level energy storage technologies that affects tactical
and strategic planning in power systems.

1.2.2 Specific Objectives
The main objective can be broken down into the following specific objectives:

Objective 1. Representation of Energy Storage Operation: To propose iml[]
provements in current decision support models to deal with short-term
storage such as BESS and seasonal storage at the same time, including
network-constrained analysis. In addition, determine the main draw!’
backs of the traditional modeling approaches using an hourly unit com[!
mitment model as a benchmark for the comparison of the current and
proposed models.
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Objective 2. Co-optimization of Energy Storage Technologies in hydrother-
mal Dispatch Models: To assess the impact of short-term energy stor-
age decisions on the opportunity cost of long-term storage through the
proposal of a new optimization model for hydrothermal coordination
(1.e., considering the uncertainty in the natural hydro inflows) in which
hourly opportunity costs or short-term signals are co-optimized with
seasonal storage.

Objective 3. Investment Decision Models for Energy Storage: To formulate
and test the main modeling approaches to evaluate energy-storage-sys-
tems investments in power systems with high penetration of renewable
energy sources. Furthermore, to analyze the influence of transmission
constraints, losses, and increased renewable energy penetration on
planning energy-storage-systems allocation and investment.

Objective 4. Investment Decision Models for Energy Storage using Power-
based Unit Commitment: To improve current investment models by
correctly modeling power system flexibility requirements (mainly due
to VRES production) that lever different ESS technologies investment.
Moreover, compare energy-based and power-based unit commitment
models and analyze the main advantages and disadvantages for the
ESS investment decisions.

1.3 Thesis Structure

This thesis focuses on the co-optimization of energy storage technologies for
medium- and long-term planning tools, especially on modeling of operational
and investment decisions, see Figure 1-1. To achieve this, it is necessary to
properly consider the chronological constraints of ESS while maintaining a
tractable solution time.

Co-optimization of ESS

technologies
|
v v
Operational Planning Investment Decision Planning
(Tactical) (Strategic)

Figure 1-1. Thesis Structure

First, for the ESS operational planning, we analyze the main available meth-
ods to reduce the computational time in medium- and long-term models that
consider the ESS constraints. We review the main limitations in these meth-
ods and propose enhanced versions to overcome these limitations. In particu-
lar, we focus on the representation of the short-term operational decisions by
using a Unit Commitment model as a benchmark. Therefore, short-term op-
erational decisions are detailed in our proposed models, allowing to co-opti-
mize the operational decisions of both intra-day and inter-day storage. In ad-
dition, most of the current reduction techniques for time representation rely
on clustering techniques and yet the impact of the transmission network on
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these clustering techniques has not been adequately analyzed. We analyze
this impact to draw some conclusions and give some recommendations about
this matter. We finish the analysis of operational planning in ESS by extend!’
ing the proposed models to a stochastic hydrothermal dispatch model to del’
termine the impact of intra-day storage on the seasonal storage (i.e., inter[
day storage). The storage and water value are analyzed in the proposed mod[!
els in order to obtain the economic signals of energy storage in both types of

ESS.

Second, for the ESS investment decision planning, once we have ensured a
good representation of operational decisions for the intra-day and inter-day
storage, it 1s possible to analyze the investment decisions for different ESS
technologies in a more accurate manner. We test the proposed models includ [’
ing investment decisions for different ESS technologies. In addition, we study
the impact of two important aspects in the ESS investment: 1) transmission
congestion and losses, 2) Power-based UC for flexibility representation in
power systems. Regarding transmission congestion and losses, they are tral’
ditionally neglected in investment decision planning, however, we discuss the
main implications for ESS investment once a more detailed transmission net[’
work 1s considered. Power-based UC models are getting more and more rele(’
vance for their accuracy in the representation of power system flexibility rel’
quirements. Since, ESS are one of the options to increase the flexibility in
power systems, we investigate the investment decisions in ESS with a more
detailed representation of these requirements considering different types of
ESS technologies. Therefore, we provide a wide range of aspects that impact
the ESS investment decisions in different types of technologies.

Finally, this thesis proposes computational efficient optimization models to
determine the operation and investment decisions of different types of ESS
technologies at the same time. These models can support ESS owners, inves/’
tors, ISOs, planning entities, and regulatory authorities in their decision/’
making process regarding ESS in the future context of high share of VRES.

1.4 Thesis Outline

This section presents the roadmap of the thesis. This roadmap or outline is
based on a partition into two parts, each of which covers two specific objecl’
tives. In addition, each objective is supported by one or more scientific contril
butions (i.e., articles or papers). We associate the papers with the different
objectives, nevertheless, some of the following papers relate to more than one
objective, as shown in Figure 1-2.
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Co-optimization of ESS

technologies
State-of-the-art Article IV

v v

Operational Planning Investment Decision Planning
(Tactical) (Strategic)

Objective 1. ESS Operation represen-

Objective 2. Co-optimization in Hy-

Objective 3. ESS investment [Article

tation [Article I and Article II] IT and Article ITI]

Objective 4. Power-based UC invest-
ment model for ESS [Article VII and

drothermal models [Article V) Article V]

Figure 1-2. Relationship among structure, objectives, and contributions

Article 1. This paper proposes a model to carry out analysis of storage facili-

ties operation including a transmission network. The model represents
short-term storage operation in an approximated way that reduces
computational requirements, which makes it suitable for operational
planning in power systems with a high level of renewable energy pen-
etration. In the proposed model, we cluster hourly data using the so-
called system-states framework developed in previous work. Within
this framework, non-consecutive similar time periods are grouped,
while chronological information is represented by a transition matrix
among states. We extend the system-state framework from a single-
bus system to a transmission network. We define and analyze two al-
ternative sets of representative variables for clustering hours to obtain
system states when the transmission network is considered. This ex-
tension of the system states framework allows us to evaluate the im-
pact of transmission congestions in medium- and long-term planning
models in a reasonable computation time. A case study shows that the
proposed model is 235 times faster than an hourly approach, used as
benchmark, whereas the overall system cost is approximated with less
than 2% error. The overall charging/discharging trends are similar
enough to those of the hourly model, being hydro storage better approx-
imated than fast-ramping batteries. Besides, for the analyzed case
study, it is shown how congestion in the transmission net-work in fact
improves the accuracy of the proposed approach.

Article II. This paper analyzes different models for evaluating investments
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in ESS in power systems with high penetration of VRES. First of all,
two methodologies proposed in the literature are extended to consider
ESS investment: a unit commitment model that uses the System States
(SS) method of representing time; and another one that uses a Repre-
sentative Periods (RP) method. Besides, this paper proposes two new
models that improve the previous ones without a significant increase

of computation time. The enhanced models have been called the System
States Reduced Frequency Matrix (SS-RFM) model which addresses



short-term energy storage more approximately than the SS method to
reduce the number of constraints in the problem, and the Representall
tive Periods with Transition Matrix and Cluster Indices (RP-TM&CI)
model which guarantees some continuity between representative peril]
ods, e.g. days, and introduces long-term storage into a model originally
designed only for the short term. All these models are compared using
an hourly unit commitment model as benchmark. While both system
state models provide an excellent representation of long-term storage,
their representation of short-term storage is frequently unrealistic.
The RP-TM&CI model, on the other hand, succeeds in approximating
both short- and long-term storage, which leads to almost 10 times lower
error in storage investment results in comparison to the other models
analyzed.

Article III. This paper investigates the effects of transmission losses, con!]
straints and increased renewable energy penetration on planning en']
ergy storage allocation and investment. By modifying a DC Optimal
Power Flow model using a linearized approximation for ohmic losses
we were able to understand which network characteristic or inhibitor
drives the most change in expanding utility scale storage. Four differ(’
ent storage technologies were explored: Compressed Air Energy Stor![’
age, Pumped Hydro Storage, Lithium-Ion Battery and Fly Wheel. Each
had different charging, capacity and cost characteristics. The results of
the storage allocation trials revealed that network congestion was a
more influential network inhibitor than were line losses. Losses only
had substantial effects on a free-flowing network but produced mar(]
ginal changes in allocation in congested ones. The conclusion of the in[]
vestment trials revealed two things: 1) Storage investment is not sigl!
nificantly affected by transmission constraints so long as renewable
generation stays constant and relatively low; 2) More flexible technoll]
ogies like Flywheels are favored at lower volumes of renewable penel!
tration for their load balancing capabilities while cheaper technologies
are best as the volume of renewable power generated increases.

Article IV. This paper focuses on the current possibilities for energy storage
systems (ESS) to participate in different power system services. ESS
can provide multiple services such as spinning reserve, deferral upl!
grades, and energy management. However, this versatility of ESS
poses a challenge for regulators in designing markets where ESS have
prominent roles. We assess recent regulatory proposals in the US and
the EU in order to understand their implications for ESS. These pro!]
posals attempt to improve the current rules for efficient ESS deployl!
ment. Nevertheless, they have different approaches to the same prob(]
lem. We discuss these differences in an attempt to shed light on the
regulatory debate about ESS ownership and market design. The sucl
cessful integration of ESS will depend on proper incentives to provide
multiple services without hampering the current market structure.
New asset definitions could help to define the roles of ESS as either a
generation or a transmission asset.

Article V. This paper proposes a Clustered Unit Commitment (CUC) formul]
lation to accurately model flexibility requirements such as ramping,
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reserve, and startup/shutdown constraints. The classic CUC intrinsi(]
cally and hiddenly overestimates the individual unit’s flexibility, thus
being unable to replicate the result of the individual UC. This paper
presents a set of constraints to correctly represent the units’ hidden
flexibility within the cluster. Different case studies show that the prol’
posed CUC replicates the results of the individual UC while solving
significantly faster. Therefore, the proposed CUC correctly represents
the individual unit’s flexibility within the cluster and could be used in
large-scale planning models without significantly increasing their com!]
putational burden.

Article VI. Short-term energy storage systems (STESS), e.g., batteries, are

becoming one promising option to deal with flexibility requirements in

power systems due to the accommodation of renewable energy sources.

Previous work using medium- and long-term planning tools has mod!’
eled the interaction between STESS and seasonal storage (e.g., hydro

reservoirs). Despite these developments, opportunity costs considering

the impact of STESS signals in stochastic modeling have not been an/’
alyzed. This paper proposes a new formulation to include STESS oper![’
ational decisions in a stochastic hydrothermal dispatch model, which

1s based on Linked Representative Periods (LRP) approach that allows

an analysis of both short- and long-term storage at the same time. This

proposal models operating decisions of STESS with errors between 5%

to 10%, while the classic Load Duration Curve (LDC) approach fails by

an error greater than 100%. Moreover, the LDC model cannot deter(]
mine opportunity costs on an hourly basis and underestimates the wal
ter value by 6% to 24% for seasonal hydro reservoirs. On the other

hand, the proposed LRP model produces an error on the water value

lower than 3% and can determine hourly opportunity costs for STESS

using dual variables from both intra- and inter-period storage balance

equations. Therefore, hourly opportunity costs in the LRP model sucl]
cessfully internalize long-term signals due to seasonality in hydro res[!
ervoirs.

Article VII. Flexibility requirements are becoming more relevant in plan(]
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ning process due to the integration of variable Renewable Energy
Sources (VRES). In order to consider these requirements Generation
Expansion Planning (GEP) models have recently incorporated Unit
Commitment (UC) constraints, using energy-based formulations. How!!
ever, recent studies have shown that energy-based UC formulations
overestimate the actual flexibility of the system. Instead, power-based
UC models overcome these problems by correctly modeling operating
reserves and ramping constraints. This paper proposes a power-based
GEP-UC model that improves the existing models. The proposed model
optimizes investment decisions on VRES, Energy Storage Systems
(ESS), and thermal technologies. In addition, it includes transmission
network constraints, real-time flexibility requirements, and the flexil]
bility provided by ESS. The results show that power-based model uses
the installed investments more effectively than the energy-based mod![’
els because it is more accurate in the representation of flexibility rel!



quirements. For instance, the power-based model obtains less invest/]
ment (6-12%) and yet it uses more efficiently this investment because
operating cost is also lower (2-8%) in a real-time validation. We also
propose a semi-relaxed power-based GEP-UC model, which is at least
10 times faster than its full-integer version and without significantly
losing accuracy in the results (less than 0.2% error).

Finally, the structure of this document is described as well as a summary of
all models that have been developed in this thesis.

Chapter 2. Background. This chapter shows the basic background of the the!(’
sis research topics. It shows an overview of the different available ESS
technologies, which is followed by a discussion on the common ap!(!
proaches to deal with the chronological constraints. It analyzes the
main advantages and disadvantages of the common approaches in or[]
der to determine the main gaps in the current state-of-the-art in this
topic. In addition, it shows a general overview of the unit commitment
problem, which is used as the benchmark formulation to determine the
operational decisions in the proposed models of this thesis. Finally, it
discusses the main challenges in the representation of ESS for flexibil [
1ty requirements in unit commitment formulations.

Chapter 3. ESS operation modeling. This chapter aims at developing Objecl]
tive 1 of this thesis and it is based on the analysis and results in Article
I and Article II. Optimization models for ESS operation in medium-
and long-term planning are studied in two main parts. The first part
analyzes the impact of transmission network in the clustering methods
used to reduce the temporal information while conserving chronologil
cal information for the ESS. The second part compares the system
states and representative periods methods when short-term energy
storage and seasonal storage are included in the optimization models.
In addition, enhanced versions of each method are proposed in order to
overcome the main drawbacks in their former methods.

Chapter 4. Hydrothermal dispatch using linked representative periods. This
chapter aims at developing the Objective 2 of this thesis and it is based
on the analysis and results in Article VI. This chapter proposes a new
model to include short-term ESS operational decisions in a stochastic
hydrothermal dispatch model, which is based on the proposed enl!
hanced version of the representative periods approach that allows an
analysis of both short- and long-term storage at the same time. This
proposal models operating decisions of short-term ESS, while the clas(
sic Load Duration Curve (LDC) approach fails on this representation.
Moreover, the LDC model cannot determine opportunity costs on an
hourly basis and underestimates the water value for seasonal hydro
reservoirs. The proposed model can determine hourly opportunity costs
for short-term ESS using dual variables from both intra- and inter-pel’
riod storage balance equations. Therefore, hourly opportunity costs in
the proposed model successfully internalize long-term signals due to
seasonality in hydro reservoirs.

Chapter 5. ESS investment modeling. This chapter aims at developing the
Objective 3 of this thesis and it is based on the analysis and results in
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Article IT and Article III. Therefore, it analyzes optimization models for

ESS investment in medium- and long-term planning in two main parts.

The first part investigates the effects of transmission losses, conl!
straints and increased renewable energy penetration on planning ESS

allocation and investment. By modifying a DC Optimal Power Flow

model using a linearized approximation for ohmic losses we were able

to understand which network characteristic or inhibitor drives the

most change in expanding utility scale storage. The second part com]
pares the system-states type and representative-periods type methods

when short-term energy storage and seasonal storage are included in

the optimization models for ESS investment decisions. Finally, it anal
lyzes the close relationship between renewable curtailment and ESS

investment in both type of models.

Chapter 6. Power-Based Model for Flexibility Requirements. This chapter

aims at developing the Objective 4 of this thesis and it is based on the

analysis and results in Article V and Article VII. Therefore, it proposes

a power-based GEP-UC model that improves the classic energy-based

models by representing more accurately the flexibility requirements of
power systems (i.e., reserve decisions and ramping constraints), as well

as a real-time validation stage (e.g., 5-min simulation) in order to evall’
uate the quality of investment and operational decisions obtained with

the model. Moreover, it also proposes a semi-relaxed version of the

power-based GEP-UC model, which aims at reducing the computal]
tional burden without losing accuracy in the results.

Chapter 7. The last chapter of this thesis draws the conclusions and remarks
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Table 1-1. Summary of optimization models in this thesis

Type of Planning Section

ESS technologies

Case studys3

Temporal represental’ Unit .
. . Annex with
Model! tion for one target Short Long Commit/] IEEE IEEE Stylized Stylized equations
Tactical Strategic* year? Term Term ment Spanish Dutch
14-bus 118-bus
ESS ESS case case
Deterministic (A.2)
3.1, 3.2, Energy!]
HM 43 5.2 (ESS) 8760h BESS Hydro based X X Stochastic
hydrothermal (B.2)
3.1, 3.2, Energyl! Deterministic
SS 43 5.2 (ESS) 96ss BESS Hydro based X X (A.3)
Enhanced version with Energyll Deterministic
SS-RFM 3.2,4.3 5.2 (ESS) 96ss BESS Hydro based X (A.4)
Energyll Deterministic
RP 3.2,4.3 5.2 (ESS) 18rp (24h) BESS Hydro based X (A5)
RPO Enhanced version with Energyll Deterministic
TM&CI 3.2,4.3 5.2 (ESS) 18rp (24h) BESS Hydro based X (A.6)
Energyll Stochastic
LDC 4.3 1211 per month BESS Hydro based X hydrothermal (B.3)
Enhanced version with Energyl! Stochastic
LRP 4.3 4rp (24h) per month BESS Hydro based X hydrothermal (B.4)
1rp (24h divided in 5-min  PSH, CAES Energy(] Deterministic
AIM 5.1 (ESS) time steps) BESS, FES based X (C.2-C.4) including

transmission losses

(continued)
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Type of Planning Section

ESS technologies

Case studys3

Temporal represental’ Unit Annex with
Model! tion for one target Short Long Commit(] IEEE, IEEE, Stylized Stylized equations
Tactical Strategic* year? Term Term ment Spanish Dutch
14-bus 118-bus
ESS ESS case case
6.2 (ESS, PSH, .
EB VRES, and 4rp (168h) CAES, E}?erggm X X St‘g‘;i“
thermal units) BESS ase ’
6.2 (ESS, Stochastic (D.2)
EBs VRES, and 4rp (168h) CAES, Energy() X X including startup/shut’
. BESS, PHS based . .
thermal units) down trajectories
6.2 (ESS .
§ CAES, Powerl] Stochastic
PB VRES, an'd 4rp (168h) BESS, PHS based X X (D.3)
thermal units)
6.2 (ESS, _ Stochastic (D.3)
CAES, Powerl] . . _
SR-PB VRES, and 4rp (168h) BESS, PHS based X X using semi-relaxed ap(]

thermal units)

proach in 6.4

1 The models in this table correspond to: Hourly Model (HM), System States (SS), System State with Reduced Frequency Matrix (SS-RFM) Representative Periods (RP), Representative Periods
with Transition Matrix and Cluster Index (RP-TM&CI), Load Duration Curve (LDC), Linked Representative Periods (LRP), Allocation and Investment Model (AIM), Energy-based Generation
Expansion Planning (EB), Energy-based Generation Expansion Planning with startup and shutdown trajectories (EBs), Power-based Generation Expansion Planning (PB), and Semi-relaxed Power(’
based Generation Expansion Planning (SR-PB).

2 The temporal representation is shown for the main case study. However, more sensitivities to this value are analyzed in the corresponding section. The units in this column stand for, h: hours,
ss: system states, rp: representative periods, 11: load levels.

3 The stylized Spanish and Dutch case studies are solved as a single node considering a fixed interchange with the neighborhood countries.

4 'The information in round brackets represents the technologies in which the model can invest.
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2 BACKGROUND

Contents

2.1 INtroduction .....ccccoeiiiiiiiiiiiiiiii, 34

2.2 Energy Storage Technologies and its Representation.................... 34
2.2.1 ESS Technologies OVErVIEW .......ccceevvvvuieeeeiiiiieeeeeiiiieeeeeeeiieeeeeeenens 35
2.2.2 Challenge on Chronological Constraint Representation............ 36

2.3 Common Approaches to Deal with Chronological Constraints.....38
2.3.1  System States .....cccceeeiiiiiiiiiiiiiieee e 39
2.3.2 Representative Periods............coveeiiiiiiiiiiiiiiiieeeeeeeee e, 41
2.3.3 Challenges on Current Approaches .........cccoeeeeeiiviiiiiiiiieeeeeennnnn, 42

2.4  Generic Formulation of the Unit Commitment Problem............... 43
2.4.1 Flexibility Requirements in Power Systems and the UC .......... 44
2.4.2 Energy- vs Power-based UC for Flexibility Requirements......... 45
2.4.3 Challenges on Power-based UC Model to Represent ESS ......... 47

2.5 Energy Storage Regulation Background...............cccoeeeeiiiivniennnnnnn. 47
2.5.1 ESS Policiesinthe US........ccceoiiiiiiiiiiiiiieeeeeeeeeeeee 47
2.5.2 ESS Policies in the EU ........ooooiiiiiiiiiiiiiiiiiiiiieeeeeeeeeeeeeeee 49
2.5.3 Challenges on ESS Regulation..........cccccccviiiiiiiiiiiiiiiiiniiinnnnnn, 50

This chapter shows the basic background of the research topics in four main
sections, each one with general concepts that will be necessary to develop the
remaining chapters in this thesis. The first section starts with an overview of
the different available ESS technologies, which is followed by a discussion on
the common approaches to deal with the chronological constraints within the
second section. We analyze the main advantages and disadvantages of the
common approaches in order to determine the main gaps in the current statel
of-the-art in this topic.

The third section in this chapter shows a general overview of the unit commit!]
ment problem, which is used as the benchmark formulation to determine the
operational decisions in the proposed models of this thesis. In addition, we
discuss the main drawbacks of energy-based formulations for unit commitl]
ment models and how power-based formulations are recently getting more at!]
tention because the overcome this drawback, especially when flexibility rel]
quirements are relevant in power systems. We also discuss the main challenges
in the representation of ESS for flexibility requirements in unit commitment
formulations.

The last section presents a review on ESS regulation in the US and the EU,
including the main challenges for the operation and investment of ESS tech!]
nologies. Finally, we discuss these challenges and shed some light on different
option to face them.
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2.1 Introduction

Population growth around the world, climate change, and so-called green pol
icies are transforming our way of producing and consuming energy. For in[J
stance, green policies are demanding increasing energy production from var(]
1able renewable energy sources (VRES) [12]. Due to government support and

market reforms, wind, and solar generation has been increasing over the last

decade [33]. Nevertheless, integrating these vast quantities of VRES into cur!(]
rent electric power systems leads to several technical and economic chall’
lenges. For instance, the planning and operation of power systems is more

difficult to predict and manage due to the intermittent production of VRES.

Furthermore, potential VRES locations are frequently geographically scat[
tered and rarely correlated with demand profiles. These characteristics pose

challenges for voltage and frequency regulation specifically and the adequacy

of power systems generally [34]. As a consequence, power systems operation

and planning should become more flexible and embrace new technologies that

could facilitate the integration of VRES [35]. Flexibility in power systems can

be attained through many different approaches such as demand-side man(]
agement, VRES curtailment, intra-day markets, integration of different en(]
ergy sectors (e.g., electricity, transport, heat), reinforcement of the transmis/’
sion infrastructure, addition of flexible generation technologies (e.g., open cy!(!
cle gas turbines), and energy storage systems (ESS) [9], [36].

ESS are often touted as potential solutions for VRES integration [5], [37]. For
instance, the Hornsdale Power Reserve Battery Energy Storage System in
Jamestown, Australia is a recent prominent case because it helped to inte[!
grate wind farms in its region [38]. This case has shown that ESS can provide
multiple services to integrate VRES such as load shifting (a.k.a. energy arbil’
trage), reserves, and frequency control ancillary services. In addition, ESS
technologies have a wide range of investment costs (i.e., per power capacity
and per energy capacity), losses, maximum number of cycles, ramping capac!’
ities, and efficiency [8], [39]. This leads to potential applications in power sys(]
tems such as [40], [41]:

e (Generation Services: load shifting or energy arbitrage, balancing ser(
vices, frequency response services (e.g., primary, secondary, and ter[
tiary reserve), ramping/load following, black start, firm supply in call
pacity markets, and VRES curtailment reduction.

e Transmission & Distribution Services: System reliability improvel!
ment, congestion management, and deferral upgrades.

o FEnd-User Services: power quality maintenance, demand reduction, un/’
interruptable power supply, and back-up power.

2.2 Energy Storage Technologies and its Representation

As 1t was mentioned in the previous section, ESS can provide different ser(’]
vices in the power system that could be classified in three groups: generation,
network, and end-user services. This thesis focuses on operation and invest[
ment decisions for ESS in the context of high shares of VRES, considering
generation services such as load shifting or energy arbitrage, reserves, and
VRES curtailment reduction.
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The combination of ESS and VRES improves short-term planning for power
system operation as well as mitigates the VRES production uncertainty.
Moreover, at very high shares of VRES, electricity will require to be stored
over different time periods (minutes, hours, days, weeks, or months) [42] in
order to mitigate either short-term fluctuations or seasonal variations related
to VRES production. Depending on the type of technology, ESS can provide
solutions to these requirements as we discuss in the following section.

2.2.1 ESS Technologies Overview

The current state-of-the-art in ESS shows a wide range of technologies with
different energy-to-power ratio (EPR), which is the relationship between enl(
ergy capacity and power capacity expressed as kilowatt-hour divided by kilo[’
watts (kWh/kW) [42]. Therefore, ESS with higher values of EPR can dis[]
charge at their rated power for several hours, while ESS with lower values of
EPR can discharge at their rated power only for a few seconds or minutes,
see Figure 2-1. Depending on the technology, the ESS can provide different
services to power systems. On the one hand, compressed air energy storage
(CAES) and pump hydro storage (PHS) have discharge times in tens of hours
(e.g., weeks), with high power ratings (e.g., 1000 MW). This allows them to
provide bulk power management, such as electric energy time shift (e.g., ar(!
bitrage), and electric supply capacity. On the other hand, battery energy stor!’
age systems (BESS) and flywheels energy storage (FES) have lower power
ratings (per module) with shorter discharge times (e.g., minutes, or few
hours). In this case, these technologies fit into other kind of power system
services, such as ancillary services (spinning reserves, frequency regulation,
voltage support), transmission and distribution services (upgrade deferral,
congestion relief), and even load shifting for short time periods (commonly
within a day). Therefore, we establish two main groups of ESS technologies
which we refer throughout this thesis: long-term energy storage systems
(LTESS) and short-term energy storage systems (STESS). Figure 2-1 shows
a general overview for conceptual purpose, however, some ESS technologies
have broader power ratings and discharge times than shown. In Figure 2-1
we could classify as LTESS the ESS that are in the bulk power management
column (i.e., pumped hydro and CAES), while ESS in the second column (i.e.,
transmission & distribution grid support load shifting) with discharge time
longer than minutes are classified as STESS. ESS that could only provide
uninterruptible power supply power quality (i.e., first column in Figure 2-1)
or with their discharge time within a few seconds are out of the scope of this
thesis, since power quality phenomenon in power systems is not commonly
included in tactical and strategic planning models, mainly because it has a
negligible impact in the medium- and long-term operational and investment
decisions.
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Figure 2-1. Power vs Energy Capacity for main ESS technologies [43]

2.2.2 Challenge on Chronological Constraint Representation

In the previous section, we have shown that ESS can store energy over
minutes to months depending on the type of ESS technology. However, we
can use a general mathematical representation for all ESS technologies:

Stored energy (p)
= Stored energy (p — 1)
+ Charged energy(p) - Discharged energy(p)

Therefore, the stored energy at time period p is the stored energy in the pre-
vious time period (p — 1), plus the charged energy and minus the discharged
energy, both at time period p. A more detailed mathematical representation
of ESS could include energy losses due to charge, discharge, and self-dis-
charge [44]. Here one important aspect arises: representing properly the ESS
in an optimization model requires the preservation of chronological infor-
mation. In other words, the sequence of time periods is highly important for
the ESS representation. Furthermore, due to the different type of ESS tech-
nologies, this constraint could be representing ESS that store energy in
minutes, hours, days, or months. For instance, Figure 2-2 shows a typical
storage level for two different ESS technologies: BESS and a hydro reservoir.
In this example, the BESS has completed almost seven full cycles® in one
week, while the hydro reservoir only has completed almost one full cycle in
one year (due to the seasonal behavior of this type of ESS).

5 Full Cycle: The complete discharging and charging of a storage system.
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Figure 2-2. Example of energy storage level over time

On the one hand, the mathematical representation for the battery needs at
least an hourly time period in the storage level equation. On the other hand,
the hydro reservoir only needs a weekly or even monthly time period. This
means that we need a mathematical representation of this technical conl!
straint in which both type of storage LTESS and STESS can be properly con[’!
sidered at the same time.

A naive approach could be solving a detailed model with the lower time resol’
lution (e.g., hourly), however, this is not an easy task because MLTOP models
solved using chronological hourly information can become computationally
intensive for long-time horizon problems [45]. Instead, the practical approach
1s to use the Load Duration Curve (LDC) method [46], which groups together
hours into load levels, a.k.a. load blocks, that have a predefined power and
duration. Figure 2-3 shows an example with an hourly demand in a year and
the correspondent LDC with five load levels. Instead of using the whole hours
in the year to solve the model, the LDC method uses five load levels such that
their durations sum 8760 h. Therefore, it is faster to solve the model using
the LDC method than solving it with the hourly approach.

Despite the fact that the LDC method is more computationally efficient than
the detailed hourly approach, chronology among individual hours is lost, and
hence, chronological constraints cannot be represented. This information is
necessary to properly model some technical constraints, such as the short[
term operation of a storage facility [47]. The following section analyzes the
main approaches in the literature to overcome this situation, including their
major advantages and disadvantages.
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Figure 2-3. Example of Load Duration Curve

2.3 Common Approaches to Deal with Chronological Con-
straints

There are two common ways to reduce temporal information while maintain-
ing some chronology that can be found in the literature: representative periods
(RP) and system states (SS). The system states are also referred to as load
levels, load duration curves, or time slices in more simplified versions. Both
methods are based on clustering techniques in order to obtain the representa-
tive periods or the system states. The input data in the clustering process is
usually hourly demand and renewable energy (e.g., wind and solar) time se-
ries. The main difference in the clustering process is that representative pe-
riods are constrained to a predefined length of the representative period,
while the system states are not. To illustrate this point, Figure 2-4 and Figure
2-5 show an example of the input data in both approaches. On the one hand,
Figure 2-4 shows the input data for demand and wind production as a 8760x2
matrix for one year, and then after the clustering process the result is N sys-
tem states each one with its demand and wind production. On the other hand,
Figure 2-5 shows the input data for demand and wind production as a 365x48
matrix for the same information, assuming a representative period equiva-
lent to a one day. After the clustering process, M representative days are ob-
tained in a Mx48 matrix with the information of demand and wind production
for each representative day.

Input ) Output
Demand,; Wind; C%Ster mng Demand,; Windg,
Demand, Wind, rocess Demand,, Wind,,

Demandg;60 Windgzeo Demand,y Windgy

Where N « 8760

Figure 2-4. Input and output data format in the clustering process for SS
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Output
Demandrpl_l e Demandrp1_24 Windrpl—l e Wlndrp 1-24
Demand,py—; .. Demand,,, 4 Wind,pp—y - Wind,pr_os
DemandrpM_l DemandrpM_24 WindrpM_l e WlndTpM—24-

Where M « 365

Figure 2-5. Input and output data format in the clustering process for RP

In this section, we show that the system states method is better than repre-
sentative periods method from the point of view of LTESS, nevertheless, the
representative method is better than the system states method from the point
of view of STESS. In addition, we describe the main characteristics of both
methods and review publications that present them for their application in
medium- and long-term planning models.

2.3.1 System States

The system states approach, was introduced in [48]. It is designed to be an
improvement on the entirely non-chronological LDC method. The SS method
characterizes each time period (e.g., hours) in the time horizon by a set of
features such as demand, wind, and solar power availability. For instance, if
we consider hours as the time periods then hours with similar values of these
features are considered to belong to the same system state, see Figure 2-6.
Every hour in the time horizon is then assigned to one of the system states,
s ={8,,5,, ...,Ss}, and calculations are done for each system state in the same
way they would be done for each hour of an hourly model. Each system state
gets a weight or duration that depends on the number of real time periods in
the time horizon that are represented by it. This is also called time slices in
models such as ReEDS [49]. The innovation of SS method in [48] is the tran-
sition matrix (Ng ), where each element in the matrix represents the expected
number of times that we have a transition from state s to state s’, such as a
transition matrix in a Markov chain. In other words, each number in N
could translate to the number of times that we go from state s to either state
s’ during the whole-time horizon. For instance, Figure 2-7 shows four system
states with the corresponding transitions among them. In this example, the
element N, 3 = 2 indicates that during the whole-time horizon, two times,
hours belonging to system state s, are followed by hours belonging to system
state s3. Note that this matrix does not necessarily have to be symmetric,
since it depends on the chronological information of the hourly information
(e.g., element Ng3 ¢, = 3). All this information is used in operational planning
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models as chronological constraints, such as start-up constraints, which rep-
resents an improvement compared to the classic LDC method. These con-
straints are shown in Appendix A.3. However, the works based on SS frame-
work have not considered the influence of transmission networks so far. The
incorporation of the transmission network data into MLTOP models is im-
portant because congestion between different areas of the network could in-
crease operational costs [11], [50].

Transition matrix
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Figure 2-6. Example of SS definition by clustering method
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Figure 2-7. Transitions among system states [48]

The representation of ESS using the SS approach is not elementary. Since a
system state represents a group of different hours in the year (continuing
with time periods equal to hours), the definition of the storage level per sys-
tem state would imply that all hours belonging to the system state have the
same storage level. This is not necessarily true because if a system state in-
cludes hours in spring and some others from summer then the storage level
of a hydro reservoir will hardly be the same for these hours that belong to the
same system state. In [51], the authors propose an extension of the SS ap-
proach to tackle this problem. Instead of determining the storage level in each
system state, the authors propose to calculate the change in stored energy
between two system states. This proposal relies on the assumption that the
change in the storage level between to system states is the same, no matter if
each system state groups different hours. For instance, if the change in the
stored level between S; and S, is positive, 1.e., charging energy, then you can
assume that each hour belonging to S; that is followed by an hour belonging
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to S, implies a positive change in the storage level. Therefore, the total storage
in any given hour can be calculated ex post by adding up all the changes in
storage from the beginning of the time horizon to the hour of interest.

The total storage is kept within bounds during the modeling process by back(’
tracking to calculate the total storage at certain chosen hours in the time
horizon and constraining storage in those hours to be within bounds. This is
achieved by introducing a frequency matrix in the formulation, which contains
those hours where the storage must be within the bounds. In addition, an
Incremental Bounding Algorithm (IBA) is used to determine the hours in the
frequency matrix. For the sake of briefness, the frequency matrix and the IBA
are not explained in this section, however, a more detailed explanation is
given in Appendix A.3. The time to calculate and pre-select the hours in which
the total storage must be in bounds is the main drawback of ESS represental’
tion using the SS method, especially for STESS, because several hours must
be included to maintain its storage level within bounds. Moreover, as the
number of hours in the frequency matrix increases it also increases the CPU
time to solve the model. In Chapter 3, we show the implications of this situal’
tion in the approximation made by the SS method and propose a solution to
1improve this drawback on the representation of STESS. In contrast, LTESS
only reaches its storage limits a few times in a week or month, making it
easier to determine the hours in the frequency matrix. Therefore, LTESS are

represented more accurately and efficiently in the SS method than the
STESS.

2.3.2 Representative Periods

In the representative periods® method, a certain number of days, groups of
days, or in some cases weeks that are representative of the variety of situal’
tions that can be found during the course of the time horizon (e.g., year) are
chosen. All calculations (e.g., investment decisions and unit dispatch) are
done for the selected days or weeks. Figure 2-8 shows three representative
days selected from the hourly demand and wind time series in a year. Each
representative period represents the periods in the year that are similar, so
one can reconstruct the behavior of the system over the whole year by using
the values calculated for the RPs in place of the periods they represent. The
RP method preserves the internal chronology of the hours, yielding a more
realistic representation of changing storage levels over the course of a day or
week. However, the RP method does not preserve the chronology among the
RPs. Therefore, any ESS with a full cycle longer than the representative pel’
riod (e.g., weekly, monthly, or yearly rather than daily) will not be chronolog[’
ically represented with the highest accuracy. This means that STESS is rep[!
resented more accurately in the RP method than the LTESS. The RP method
has also been used for some of the models that try to incorporate both long-

and short-term dynamics, such as the RPM model in ref. [54]. However, these
attempts use iterative approaches to integrate both dynamics, and therefore,

they lose the possibility to co-optimize both types of energy storage systems.

6 In this thesis, we use the name representative periods when general concepts and model formulation are ex[]
plained. However, some authors call it representative days because the selected period is equal to a day [52], [53].
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Figure 2-8. Example of RP definition by clustering method

There has been much research about the best way to choose these RPs. Some
authors use a heuristic method, choosing one day for each season or one day
in each season for the week and for the weekend. However, most of the meth-
ods rely on clustering techniques such as k-means [55], k-medoids [56], or
hierarchical clustering [52], [57]. Others have proposed more tailored meth-
ods that involve optimizing the number of RPs that minimizes the difference
between the load duration curve and the approximate one created by the se-
lected RPs [53], [565]. There has also been research about the optimal length
for RPs. For instance in [58], the authors suggested representative groups of
days or representative weeks, whose advantage is that they increase the
amount of chronology preserved, and whose disadvantage is that it increases
the computational burden. The most versatile method for grouping RPs comes
from Nahmmacher et al. [52], and relies on clustering techniques to group a
number of hours with any number of normalized characteristics (solar energy,
demand, wind energy, etc.) in network-constrained European case study us-
ing the LIMES-EU model. No matter how long the periods or how they are
chosen, the drawback of this RP method is that it can only deal with relatively
short-term storage cycles, those that charge and discharge in the course of a
period (e.g., day), but not, for example, with seasonal storage (e.g., hydro res-
ervoirs) with monthly or yearly cycles.

2.3.3 Challenges on Current Approaches

Table 2-1 shows the main advantages and disadvantages for each method an-
alyzed. We can summarize this analysis by stating that SS method is better
than RP method from the point of view of LTESS representation, neverthe-
less, the RP method is better than the SS method from the point of view of
STESS. Therefore, the main challenge is how to combine them in order to
obtain the best of both methods. This idea is explored in Chapter 3 to propose
a new method that can handle both types of ESS and, therefore, co-optimizing
both operational and investment decisions. In addition, the Chapter 3 ana-
lyzes the operation of a network-constrained power system using the SS
method, considering that this is one of the identified drawbacks for this
method.
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Table 2-1. ESS representation in SS and RP methods

Method Advantage Disadvantage
The definition of ESS bounds
The representation at the before solving the complete
System [S5tlz}tes (8S) same time of short-term ESS  model, which hinders the accull
and long-term ESS. rate representation of shortl]
term ESS.

ESS that can store energy for
a time period longer than the
Representative Pell The accurate representation of RP, i.e., long-term ESS, cannot
riods (RP) [52] short-term ESS within the RP.  be represented and normally
its production is predefined
within the RP.

2.4 Generic Formulation of the Unit Commitment Prob/]
lem

The UC problem is widely used for a System Operator? (SO) to schedule the

generation resources in order to achieve an economical energy production in

the power systems subject to technical constraints of these resources [59]. Rel
cent studies [60], [61] include the UC formulation in medium- and long-term

planning to correctly represent the power system operation and its main con[’
straints. For instance, authors in [62]—[64] have shown the importance of in[’
cluding short-term dynamics on strategic planning (i.e., investment decisions)

in order to consider the increased need of operational flexibility due to VRES

integration. In this thesis, the UC formulation is used as the base set of con[’
straints to perform the analysis of operational and investment decisions. Here

we show a compact matrix formulation based on [65]:

min a'x+b'p+d'r

X,p,r,C,s

s. t. Fx <f, xis binary (2-1)
Hp+Jr <h (2-2)
Ax+Bp<g (2-3)
r<R (2-9)
Dp+Ec+Ks<e (2-5)

where x,p, 1, ¢, and s are decision variables. The binary variable x is a vector
with on/off status and startup/shutdown decisions for each generation unit
and time interval (e.g., hours) over the whole planning horizon. The continul’
ous variable p is a vector for each unit production decision and time interval,
including ESS (i.e., discharge decisions). The continuous variable r is a vector
of renewable production decision (e.g., wind, solar productions) for each time
interval. The continuous variable c is a vector of charging decisions for each

7 Depending on the regulation of the country, SO could be an independent organization (Independent System
Operator — ISO) or part of the transmission company (Transmission System Operator — TSO).
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ESS and time interval. The continuous variable s is a vector of stored energy
for each ESS and time interval.

The objective function is to minimize the sum of the commitment cost a'x (i.e.,
non-load, start-up and shut-down costs), production cost b'p, and renewable
production cost d'r over the planning horizon. ESS production cost and re-
newable production cost are usually considered to be zero. However, their cost
parameters are explicitly included to consider the possibility where these
costs are different than zero. In both cases, these parameters could represent
operation and maintenance cost.

Equation (2-1) contains only commitment-related variables, e.g., minimum
up and down times, startup and shutdown constraints, variable startup costs.
Equation (2-2) includes production-related constraints, e.g., energy balance,
reserve requirements, transmission limits, ramping constraints. Equation
(2-3) combines the commitment and dispatch decisions for thermal generation
units, e.g., minimum and maximum generation capacity constraints. Equall
tion (2-4) states that renewable production cannot exceed its predicted values
R. Equation (2-5) defines the ESS constraints, e.g., maximum charge/dis-
charge capacity, maximum storage capacity, and storage balance constraints.

Appendices A to D detail all the models used in this thesis. Operational decil!
sions in these models are based on the described UC generic formulation in
this section.

2.4.1 Flexibility Requirements in Power Systems and the UC

Among the strategic planning models, Generation Expansion Planning (GEP)

1s one of the classic long-term problems in power systems that aims at deter!!
mining the optimal generation technology mix [66]. Environmental policies,

such as renewable targets [67] or CO2 emission reduction [68] influence in

GEP decisions, leading to the integration of vast amounts of Variable Renew!!
able Energy Sources (VRES), i.e., wind and solar, in GEP. Nevertheless,

VRES integration has consequences in GEP modeling. For instance, previous

studies [62]-[64] have shown the importance of including short-term dynam/’
ics on GEP decisions in order to consider the increased need for operational

flexibility due to VRES integration. Therefore, correctly modeling flexibility

in GEP models is crucial to reach the right conclusions in the energy transil’
tion process.

In order to consider operational flexibility in GEP, Unit Commitment (UC)
modeling is needed to determine system operation [64], [60]. For example, it
is known that units are being cycled more frequently due to higher VRES
flexibility requirements [69]. Studies have shown that ignoring startup and
shutdown processes highly overestimates the flexibility and underestimate
the costs of the system [31]. Another example is ramping constraints. If we
focus on flexibility and want to know a good (optimal) future generation-mix
and interconnection capacities for a given scenario, the GEP problem must
include at least detailed ramping constraints. Moreover, operating reserve
decisions have also become more relevant in GEP with the integration of
VRES because they may ensure that generation technologies have an extra
income to recover their investment costs through these types of ancillary ser(!
vices.
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Despite the recent developments to consider flexibility requirements in GEP,
classic GEP models are proposed using energy-based UC models. The follow-
ing section discusses the implications of energy-based UC models to consider
the flexibility requirements in power systems. Moreover, it compares the en-
ergy-based UC model with its alternative, the power-based UC model.

2.4.2 Energy- vs Power-based UC for Flexibility Requirements

Power® and energy? are concepts that are tied to each other, and yet they may
have a different impact on the optimal scheduling of generation units. For
instance, Figure 2-9 shows the power and energy values of demand in two
consecutive hours. The energy value of demand in both hours is the same
(15 MWh), while the power value of demand at the end of each hour is 20 MW
and 10 MW respectively. Therefore, if we consider energy value of demand to
schedule the generation units, the load ramp is zero. However, this is not true,
since the power values of demand show that the upwards and downwards
ramps are 10 MW/h. Thus, scheduling decisions in the UC problem may
change depending on whether they were taken using one concept or the other.
Nevertheless, the power-based schedule will be better prepared than the en-
ergy-based schedule because the latter cannot capture the variation of the
demand during the hour through the load ramp. This is something that sys-
tem operators deal with in real-time operation by using secondary reserve or
rescheduling generation units within the hour.

Load ramp-up/down

20-10 =10 MW'/h
220 MW
10 MW & ® 10 MW
| Jl ]
1h 1h

Figure 2-9. Differences between energy and power

Recent studies [31], [32], [70] have shown that energy-based UC models can-
not capture variability on demand, and cannot deliver the flexibility that is
expected (i.e., overestimate the flexibility of the system). This is mainly be-
cause average energy levels (e.g., average level in one hour) do not provide
detailed information about the instantaneous output of a generator, and con-

8 Power (MW): Instantaneous value of electric demand, generation production, or transmission flow

9 Energy (MWh): the accumulative value of power in a period of time (e.g., 1h). It is proportional to the average
value of power in that period of time.
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straints such as ramping-limits and demand-balance are dependent on in[J
stantaneous outputs rather than average levels. This means that more flexil|
bility than planned by energy-based models can be used and thus is used in
real-time operation (through operating reserves and allowing deviations on
schedules) in order to deal with all the problems introduced by these tradil’
tional energy-based models.

Power-based models have been proposed [71] to overcome the energy-based
model flaws. This is achieved by better representing the exploitation of sys[’
tem flexibility [31] and allowing the correct modeling of operating reserves
and ramping constraints [32], [70] in order to deliver the expected flexibility
from the generation resources. This is possible because a power-based model
has a clear distinction between power and energy in its formulation. Demand
and generation are modeled as hourly piecewise-linear functions representing
their instantaneous power trajectories. The schedule of a generating unit outl
put is no longer an energy stepwise function, but a smoother piece-wise power
function. Figure 2-10 shows an example of demand in both models.
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Figure 2-10. Power and energy demand

Another important aspect to determine the flexibility requirements in power
systems is time resolution. In order to model correctly the real operation of
power systems a high resolution is needed (e.g., minutes). Current GEP mod/’
els are based on hourly resolution where the underlying assumption is that it
1s enough to capture the variability and flexibility requirements of power sys!|
tems. However, reducing the time resolution (e.g., from hours to minutes) in
long-term investment models would make them almost impossible to solve.
Instead, it has already been shown in [31] that real-time simulations (e.g., 5[]
min time step) help to determine the performance of different schedules (opl!
erational decisions) to meet the real-time flexibility requirements in the
power system. This type of real-time validation is not common to be carried
out because it is considered unnecessary. Nevertheless, to validate correctly
flexibility capabilities and requirements of the system, this real-time evaluall
tion is paramount [31].
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Chapter 6 shows a detailed comparison among the different constraints using
either energy- or power-based formulation.

2.4.3 Challenges on Power-based UC Model to Represent ESS

Despite the recent developments and research in power-based UC formulal
tions, ESS have not been integrated in this formulation so far. Moreover, ESS
are one of the most promising options to provide flexibility in power systems
[41], and the representation of flexibility requirements is one of the main ad[’
vantages in power-based UC formulations. However, the main challenge here
1s to exploit correctly the ESS capabilities to provide flexibility through a carel’
ful modeling of ESS using power-based formulations (ramping and reserve
constraints). Chapter 6 shows a proposed model for strategic planning in
which ESS investment and operational decisions are considered using a
power-based formulation.

2.5 Energy Storage Regulation Background

So far, we have analyzed technical aspects of ESS modeling in tactical and

strategic planning models, which is the focus of this thesis. Nevertheless, an[’|
other important aspect is the regulatory framework of ESS technologies.

Therefore, here we take a quick look on policies related to ESS in order to add

a complementary point of view on ESS topic in the context of this thesis.

The applications of ESS will depend on the power system characteristics,
their own characteristics, and on the type of VRES installed. As we have seen
in this chapter, ESS can play different services in the power system. There[]
fore, one question arises: are the ESS generators, loads, or transmission/dis[’
tribution assets? The answer to this question leads to a regulatory debate,
1.e., whether ESS should be considered as network assets, as generation as-
sets, or as a new separate asset category [72]. On the one hand, if ESS are
considered as generation assets, then unbundling conditions are needed to
prevent network businesses (i.e., natural monopolies) from owning and oper!’
ating ESS in liberalized activities. On the other hand, if ESS are classified as
network assets, then they must provide network services only, i.e., avoid par[]
ticipating in liberalized activities. Therefore, given the diverse roles that ESS
can play, some authors have even suggested that ESS should be considered
as a new type of asset to solve this dilemma [72], [73]. Moreover, Conejo and
Sioshansi [74] analyze the major challenges in designing electricity markets
to embrace new technologies that provide opportunities for a more active par!]
ticipation by consumers, including those related to ESS and distributed en!!
ergy sources. These challenges show the need for new design principles for
electricity markets in order to regulate the ESS technical operation while
guaranteeing a proper remuneration of their services. The complete analysis
and discussion in this section were published in Article IV [10].

2.5.1 ESS Policies in the US

US policies can be divided into state and federal jurisdictions. At the state
level in recent years, several states have introduced policies aiming to support
the integration of ESS in electricity markets. Some states have included ESS
in their energy capacity planning, creating specific programs and even col]
funding some projects [40]. However, these policies at the state level show a
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lack of a common approach in the US for ESS deployment. Each state pro-
poses rules depending on its own priorities to incentivize utility-scale or dis[’
tributed ESS. This situation explains why ESS have thrived in some states
and not in others [75], [76]. At the Federal Energy Regulatory Commission
(FERC) jurisdictional level, the PJM system is one successful case in the US
for ESS integration [77]. In PJM’s wholesale markets, ESS can participate in
energy, capacity, and ancillary service markets. Pumped-hydro storage par(]
ticipates in all these markets; however, battery and flywheel storage technol(
ogies participate only in regulation markets (i.e., ancillary services) providing
fast regulation service. The main reason for this situation is that battery and
flywheel owners have enough economic signals from the reserve markets
without the risk of penalization in the capacity market. Nevertheless, this
situation could change due to recent federal rules.

On 15 February 2018, the FERC published the Order (Order 841) [78] to in[]
tegrate ESS more effectively into wholesale markets in order to enhance com[’
petition with proper economic signals. The Order 841 derives from concerns
regarding the barriers that ESS may face, which would hinder their particil’
pation in organized wholesale electric markets. Three key challenges can be
drawn from Order 841: the participation models for ESS in the security-con(]
strained unit commitment, economic evaluation, and regulatory treatment
(i.e., ownership).

First, Order 841 establishes that ISOs must represent the physical and oper(!
ating characteristics of ESS through bidding parameters or other means.

FERC includes the following parameters in this bidding format: charging/dis(]
charging limits, rates, times, and run time, as well as the state of charge

(SoC). These bidding parameters will allow the ISOs to optimize ESS dispatch

more efficiently. Moreover, ESS agents should have the option of self-managl(’
ing the SoC using this bidding format. This option offers to ESS agents the

possibility of providing multiple services in the power system. However, Or/]
der 841 supports the idea that the ESS is more efficiently dispatched when it

1s in the hands of the system operator.

Second, the economic evaluation of ESS needs a wider perspective. Therefore,

the Order establishes that ESS is eligible to provide all services (e.g., capacity,

energy, and ancillary services) that the resource is technically capable of
providing. As a result, ESS could find different revenue streams to leverage

their investment. Nevertheless, ESS could be still expensive to provide some

services 1n the power system (e.g., as an alternative to peaking plants with

fast capabilities). In addition, ESS enable the integration of a high VRES pro!’
portion, and they should be properly compensated for these benefits in order

to guarantee their cost recovery. Other mechanisms such as forward capacity

markets should be adapted to enable the participation of ESS, e.g., allowing

them to be aggregated with renewables sources, demand response, or energy

efficiency.

Third, FERC does not explicitly mention rules regarding ESS ownership. Rel’
cently, FERC issued a policy statement [79] in which the scenario of ESS as
a transmission asset is analyzed. This statement mentions that there is no
regulatory impediment for ESS to provide transmission and generation ser!]
vices at the same time. However, several concerns arise in this scenario. For
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instance, RTO/ISO independence and double recovery of costs are among the
main concerns. In order to tackle these concerns, the California Public Utili[
ties Commission (CPUC) issued a decision on multiple-use application issues
[80], which provides direction to the utilities on how to promote the ability of
ESS to realize their full economic value when they can provide multiple ben(]
efits and services to the electricity system. This decision defines eleven rules
to determine the evaluation of these multiple-use ESS applications, as well
as definitions of service domains, reliability services, and non-reliability ser[
vices. Nevertheless, this decision still leaves some open issues such as tariffs,
aggregation with distributed energy resources, appropriate metering, meas/’
urement, and accounting methodologies. Therefore, the discussion on ESS
ownership versus the provision of multiple services is still an open topic, and
its resolution will condition future ESS deployments in the US.

2.5.2 ESS Policies in the EU

At the European Union level, the electricity industry is regulated by The Elec(!
tricity Directive - Directive 2009/72/EC and The Renewable Energy Directive
- Directive 2009/28/EC. These Directives aim for the completion of the Target
Model for the Single Energy Market for Europe. There are many references
to electricity storage in the existing regulation. However, further details are
required. For instance, The Electricity Directive includes a list of definitions
regarding power generation, transmission, distribution, and supply terms.
Nevertheless, the concept of ESS 1s not mentioned in the document. The Dil’
rective fails to include ESS as a separate component in the electricity sector
structure. As result, ESS is generally treated as a generation asset in Member
States [81].

This situation is changing in the Commission's “Clean Energy for All Europe!
ans” proposals [82] and, particularly, with an improved regulatory framework
proposed under the Market Design Initiative (MDI). For instance, the follow!
ing definition of energy storage is included: “Energy storage in the electricity
system would be defined as the act of deferring an amount of the energy that
was generated to the moment of use, either as final energy or converted into
another energy carrier.” However, ESS is not established as a separate com![]
ponent of the power system with its own characteristics, and this could rel’
strict the potential of ESS [83]. The proposal also removes discriminatory net[|
work tariffs (e.g., double grid fees) that unnecessarily disadvantage ESS.

The development and operation of storage facilities is promoted in the new
MDI as a commercial activity to be performed by market participants rather
than regulated entities. TSOs and DSOs should not own, manage, or operate
ESS facilities. In exceptional cases, the system operators could be allowed to
invest in an ESS facility under regulatory approval and supervision only if
other market parties are not interested in providing a specific ESS service.
According to the EU [84], in these cases, the regulatory authorities should
regularly reassess the potential interest of market parties to be involved in
such activity.

In February 2017, alongside the Second State of the Energy Union report, the
European Commission published a Staff Working Document entitled: “Energy
storage — the role of electricity” [84]. This document outlines the role of energy
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storage in relation to electricity, presents the advantages of different technoll
ogies and innovative solutions in different contexts, and discusses possible
policy approaches. In summary, the development and financing of ESS should
depend on the following principles:

e KESS should be developed to the extent that the overall costs of the new
power system are lower with storage than without storage.

e In relation to the electricity grid, ESS should be rewarded for the ser(’
vices provided with alternative suppliers for those services, either de!l’
mand response or flexible generation.

e The supporting role of ESS in integrating VRES should be rewarded
for its contribution to improved energy security and electricity sector
decarbonization. In addition, the avoided costs of VRES curtailment
and the carbon reductions could also support the business case for
large-scale ESS.

e If either a consumer or a generator wants to integrate an ESS at its
current facilities, then this should not lead to less favorable treatment
(e.g., discriminatory grid access, or paying at the same time grid fees
as both consumer and producer) either in terms of obligations or in
terms of eventual support that it receives in the power system.

The EU is addressing these principles for ESS by promoting innovation in key
technologies and developing suitable market rules. Technological innovation
in storage falls under the Horizon 2020 programme [85] and the Strategic
Energy Technology Plan [86]. Moreover, large storage projects above 225 MW
are included in the selection process for the EU's projects of common interest

(PCI).
2.5.3 Challenges on ESS Regulation

From the regulatory point of view and according to the reviewed legislation

In earlier sections, it is possible to summarize the key challenges on ESS reg!’
ulation into two: (1) the regulation of the ownership of storage to avoid an

outcome with insufficient unbundling, which may hamper market operations,

among other considerations; and (i1) the need to rethink market design across

timeframes (i.e., capacity, day-ahead, intra-day, and real-time markets).

Regarding ESS ownership, unbundling principles forbid its ownership by regl!
ulated entities. Nevertheless, in the particular case of ESS, this leads to an
inefficient realization of the full ESS potential. By contrast, allowing ESS
ownership by regulated entities (i.e., TSOs or DSOs) may enable ESS to prol’
vide network services; however, it may create a conflict of interest or market
inefficiencies due to the monopoly nature of these entities. Therefore, the crul’
cial regulatory challenge is to guarantee that ESS can provide market and
network services as well as market efficiency. This efficiency of market mech!’
anisms could be made possible by eliminating cross subsidies between regul’
lated and market parties and avoiding conflicts of interest. As a possible sol
lution, some authors [83], [87] have proposed allowing grid operators to prol]
cure system flexibility services from third-party ESS operators in the market.
The creation of a proper market for ESS services could mitigate concerns
about ESS ownership. In addition, more competition could be introduced to
this market if small players are allowed to participate, individually or
through aggregation. If properly implemented, then this reform could also
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address issues related to the provision of cost- and market-based services. A
third-party ESS provider has advantages because TSOs or DSOs could use
competitive offers to obtain network services and, through their bids, incor[’
porate potential revenues from market-based services that are unrelated to
network services. Therefore, the ESS owner could deliver network services
and participate in the markets (e.g., DAM, intraday, or balancing), every time
the TSO or DSO has not contracted the ESS services, and incomes (or penall’
izations) from the operation of the ESS in the wholesale market would belong
to the third party and liberalized owner of the ESS. In contrast to a third[!
party ESS provider, Sioshansi [88] has proposed a solution where storagel’
capacity rights are auctioned to third parties that use their rights for cost- or
market-based services. As in the third-party ESS provider proposal, the ben[!
efits that the storage asset provides are separated from the regulatory treatl]
ment of those benefits (e.g., either competitively priced or unpriced), guaran’]
teeing that ESS assets can recover their cost. A special characteristic of stor[]
age-capacity rights is that they are agnostic to who operates the storage call
pacity auction. Therefore, even an ISO may be able to operate the auction
without threatening its market independence. Authors in [41] show the in-
crease in the commercial value derived from ESS provision of network and
market services. This is possible only in a regulatory framework that balances
synergies and conflicts among the provision of different types of services while
maximizing ESS revenues.

Regarding market design, it was shown that ESS are eligible to participate
in DAMs of both the EU and the US. However, the inter-temporal constraints
of ESS provide challenges to guarantee that the ESS is scheduled within their
operational parameters in the most efficient way. The bidding options for ESS
in DAMs should give market signals for flexibility in the power system. On
the one hand, the EU approach does not guarantee the most efficient operal’
tion of ESS because the linked block order limits the charging/discharging
hours to some predefined values that cannot be optimized in the DAM in order
to increase total system welfare. On the other hand, this is different from the
FERC approach, which suggests that ISOs could more efficiently optimize
their dispatch. However, the FERC approach is suitable only if there are no
market failures (e.g., lack of competition) and market rules are fulfilled; oth[]
erwise, it could hamper ESS development if there are market failures such
that the efficient dispatch, performed by the ISO, does not allow ESS to obtain
sufficient revenues on their investments. The lack of market signals makes it
challenging for an ESS investor to make a business case for deployment. In
fact, the authors in [89] have shown in the EU context that the revenues of
ESS performing arbitrage in the DAM horizon are far from ensuring profital]
bility in different markets. The authors of [73] state: “when the electricity
market is well conceived, it remunerates correctly the services valuable to the
electric system (e.g., capacity, energy, congestion management, real time balll
ancing and frequency regulation) and it internalizes externalities such as conl[!
gestion in nodal or zonal pricing of electricity.” In conclusion, current DAM
rules in the US and the EU should be adapted to enable ESS participation in
both network services and liberalized activities in order to obtain an optimal
integration of these resources in power systems.
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Outside the US and the EU, an example from Chile may provide a pathway
for ESS in terms of regulation and new opportunities. The Chilean case is
interesting because, for the first time in that country, the law 20.936(2016)
[90] explicitly defined ESS as a power system asset, which is different from
the existing definitions of generation and transmission assets. This opens the
door to a wider possibility for integrating ESS properly with different kinds
of services. Although the current definition allows ESS to participate only in
the energy market, new regulation is under development to define the partic[]
ipation of this new asset in ancillary and network services. This could be a
litmus test for future regulatory developments integrating ESS into power
systems combining both liberalized market and network services. Both the
US and EU market structures could benefit from this approach, which adl’
dresses the two key issues for ESS mentioned at the beginning of this discus(’
sion: ownership and market design. As a new asset, ESS should reduce the
risk of insufficient unbundling for its owners in the market because they
should be third party apart from generation and transmission activities. In
addition, new market rules can be developed for this new asset, especially for
situations when it provides part of its capacity for a network service (e.g.,
congestion management) and the remaining part in the liberalized markets
(e.g., DAM, intraday, balancing, or capacity markets). Apart from the new
asset approach, there has been discussions that focus on services that can be
provided rather than the asset definition [91]. This approach also aims to un/]
lock the ownership dilemma and market design issue by stacking multiple
services that can lever ESS investment. In addition, focusing on services
might provide other technological solutions such as aggregation of distributed
generation, demand response, and distributed ESS. No matter the approach
(i.e., either a new asset or new services), in both the US and EU frameworks,
the major challenge is making new rules efficient enough that ESS owners
have the right incentives to participate in both kinds of services while they
recover the ESS investment without support mechanisms or subsidies.

Finally, it is important to mention that technology costs are currently the
greatest barrier preventing further development of ESS. Despite recent cost
reductions, ESS are still far from being treated as an economically competil’
tive technology, although there are exceptions for particular uses, such as frel
quency regulation in PJM [77], integration of renewables in Australia [38],
grid-balancing services in the UK [92], and transmission congestion managel’
ment in Italy [93]. As a consequence, some R&D is still needed, and, as it is
usually the case with immature technologies.
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3 ESS OPERATION MODELING
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This chapter studies optimization models for ESS operation in medium- and

long-term planning. The results are divided in two main sections. The first

section analyzes the impact of the transmission network in the clustering meth!)
ods used to reduce the temporal information while conserving chronological

information for the ESS. We analyze two main options to define the input data

in the clustering process for this reduction: net demand per node, and demand

and renewable production per node. These options are tested in a network!]
constrained case study in order to draw conclusions and recommendations for

the representation of ESS operation. The second section compares the system

states and representative periods methods when short-term energy storage and

seasonal storage are included in the optimization models. In addition, en[]
hanced versions of each method are proposed in order to overcome the main

drawbacks in their former methods. Our results show that, on the one hand,

system state models provide an excellent representation of long-term storage,

however, their representation of short-term storage is frequently unrealistic.

On the other hand, we proposed a new model called RP-TM&CI, which is one

of the main contributions of this thesis. This model succeeds in approximating
both short- and long-term storage by combining ideas from system states and

representative periods.
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The analysis and results in this section were published in Article I [94] and in
Article IT [95].

3.1 Impact of Transmission Network in Clustering Meth-
ods

This section analyzes the impact of including a transmission network on the
clustering methods used to reduce the temporal information while conserving
chronological information for the ESS in comparison with the single node
case. In order to do so, we define two alternative sets of representative varia-
bles for clustering hours when the transmission network is considered. The
analyses are made on the system states modeling approach.

3.1.1 Optimization Models

As described in Section 2.4, a UC formulation is used to represent the opera-
tion in power system including ESS. In this section, an hourly UC model is
used as a benchmark, while a system states (SS) model including transmis-
sion constraints and ESS is analyzed with different clustering processes. Ap-
pendices A.2 y A.3 show both models in detail. Figure 3-1 shows an overview
of the analysis. On the one hand, hourly input data is used to run the hourly
model including the transmission network topology in order to obtain the
hourly benchmark results. On the other hand, the hourly time series are clus-
tered in order to obtain the system states. These system states are used to
solve the system states model. The results are obtained for each system state.
Then, it is possible to reproduce the hourly results considering that as an out-
put of the clustering process the relationship among hours and system states
is known. Therefore, it is possible to determine the quality of the approxima-
tion by analyzing both hourly results. This quality is measured by calculating
the error of the hourly results in the system states model in comparison with
the full hourly model, allowing to determine the best clustering process for
each case study.
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Figure 3-1. Analysis of transmission network in the SS model
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3.1.2 Clustering Process in Transmission Constrained Networks

In order to determine the system states for different features of the system
(e.g., demand time series, wind or solar production, or network topology), pat(’
tern recognition techniques such as Principal Components Analysis (PCA),
Decision Tree (DT), or Cluster Analysis (CA) can be applied. PCA and DT
approaches can be used first to obtain a dimension reduction in the features
of the system. Once the main features are identified, a clustering algorithm
(e.g., k-means++ or k-medoids [96]) can be applied to reduce the amount of
elements at each feature. The goal of the clustering algorithm is to divide a
set of features into a predefined number of subsets or system states so that
the subsets minimize the sum of distances between a feature and the center
of the measurement's cluster or system state. After the clustering-process has
finished and the states have been defined, we can determine the transition
matrix by calculating the number of changes from one state to another state
considering the chronological sequence.

For a single node case, the information per hour of each feature is needed,
1.e., demand, renewable production, or net demand. Figure 3-2 (left) shows an
example using the feature net demand (ND;) at each hour h =1, ...,H. Each
system state has its centroid ND,. In this thesis, we extend this definition
from a single node system to multiple nodes in a network. The main difference
1s the requirement to include spatial dimensions (i.e., bus or node n =1, ...,N)
in the clustering process. Consequently, a vector with net demand per hour
at each node (NDj, ,,) is required as input data. In this situation, each system
state is a vector 1 X N (i.e., one centroid for each node). The clustering process
minimizes the Squared Euclidian Distance (SED) between the information at
each hour and the system states, and each hour is assigned to only one system
state. Figure 3-2 (right) shows an example for clustering with a net demand
feature. However, information such as demand and renewable production (in[
stead of net demand) per node could be also used in the clustering process.
The dimension of the input data vector for each hour is 1 x 2N, therefore, each
system state will be a vector 1 X 2N. In Section 3.1.4, we analyze two ways of
selecting the features for clustering and we draw some conclusions about
them. The first one uses the dimensions of demand and wind per node (SS[!

DW) whereas the second one only uses net demand (demand minus wind) per
node (SS-ND).

Finally, it is important to highlight that, the system-state framework attempts
to reduce the information on time dimension and while it is not trying to rel!
duce the spatial dimension (i.e., reduction of network nodes), such as other
authors have studied [97], [98]. Further research could be addressed in order
to combine both types of reductions techniques, i.e., temporal and spatial.
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Figure 3-2. Clustering process for SS definition

3.1.3 Case Study Data

The network data used in this section is based on the 14-bus IEEE benchmark
system, see Figure 3-3. The maximum transmission capacity is assumed to
be 1500 MW for all lines and transformers in order to adapt it to the new
demand and wind data. Based on [51], 11 different thermal generators were
considered: 1 nuclear (NU) unit, 4 different types of coal (CO) units, 3 identi-
cal combined-cycle gas turbine (CC) units, 2 identical fuel-oil (FO) units, and
1 gas turbine (GT) unit. The models also consider two different storage tech-
nologies: a large long-term hydro reservoir at bus 1 and a fast-ramping BESS
at bus 2. Efficiency data for the storage units are assumed taking into account
the values shown in [99]. It is also assumed that the BESS is initially empty,
and that the minimum final storage level is zero. The initial storage level of
the hydro reservoir is 3000 GWh and the final level is required to be above
3000 GWh. Inflows are not considered for neither the hydro reservoir nor the
BESS. These assumptions attempt to ensure that only energy arbitrage is
driving changes in storage levels between the hydro reservoir and the BESS,
as opposed to purely charging and discharging just to meet the initial and
final level requirements.
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Figure 3-3. Modified 14-bus IEEE test system

3.1.4 System States Clustering in the Case Study

For the system states model, 100 different states were defined, two of which
correspond to the first and last hour of the time horizon. The remaining 98
clusters were obtained via the clustering algorithm k-means++10. Section
3.1.8 shows a sensitivity analysis changing the number of states to validate
the initial number of selected clusters. As mentioned in Section 3.1.2, two
ways of selecting the features for clustering are analyzed: 1) demand and
wind per node (SS-DW), and 2) net demand (demand minus wind) per node
(SS-ND). These two ways of clustering are compared to the hourly model in
the remainder of this section.

3.1.5 General Case Study Results

In order to compare the results of both models, two error metrics are defined.
First, the normalized root mean squared error NRMSE) defined in equation
(3-1). The NRMSE measures how well of a fit the model is at each period, i.e.,
hour (power error). Second, the accumulated error (AE) defined in equation
(3-2). The AE measures how well a model fits over all time horizons (energy
error).

2ol (3-1)
N
AE = Brto ZssTexul g 60, (3-2)
YpXp

Where:

N: Total number of periods (e.g., hours)

10 10000 replications have been performed to select the 98 clusters. At the end of the clustering process, the 98
clusters that have the minimum distance are selected (i.e., squared Euclidean distance) from the 10000 replications.
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x,: result from the hourly model per period p (e.g., production)

Xss: Tesult from the system states model at each state ss

x,°: result from the system states model associated to period p
XYB: Upper bound of variable associated to result Xp
X'B: Lower bound of variable associated to result x,

The optimization problems of this case study were formulated in GAMS 24.6.1
and solved using GUROBI 6.0 on an Intel® Core™ 17—4770 3.40 GHz with
16 GB RAM. Table 3-1 provides a breakdown of the model statistics for both
models: hourly and system states. The number of constraints, nonzero elel
ments, continuous variables, and binary variables in the hourly model are
respectively 10.1, 7.7, 9.5, and 4.3 times the corresponding variables in the
system states model. This reduction on the size of the problem led to lower
CPU times in the system states model. The system state approximation is
faster than hourly approach by a factor of 235 for 0.1% relative optimality
gap, and 315 for 10~*% relative optimality gap.

Table 3-1. Model Statistics for Transmission Constrained UC Case Study

Results Hourly System States
Constraints 108193 10759
Nonzero elements 891396 115437
Continuous variables 130537 13712
Discrete variables 25861 5951
CPU time [s] (0.1% gap) 46803 199
CPU time [s] (107*% gap) 64800@ 215

@ This time corresponds to the time limit, i.e., 18 hours. Therefore, the 107™*% gap for this
case was not reached at this time. The gap obtained at time limit was 0.0676%.

3.1.6 Results for Non-congested Network

Calculated error measurements are shown in Table 3-2 for this case. The ob![]
jective function error is lower for the clustering defined using net demand per
node (SS-ND) compared to the one obtained using demand and wind per node
(SS-DW). However, in both situations the objective function is approximated
with less than 2% error. The error measurements show the same pattern for
both clustering approaches, however, SS-ND has lower values for error in 12
of the 19 error measurements compared to SS-DW. For this reason, it was
concluded that using just the dimension of net demand per node to define
system states resulted in a better representation of the hourly model in this
case study. This situation is explained because the SS-ND has lower objective
function in the clustering process (0.4506) than the SS-DW (0.5240). A
smaller SED means that the system states are more closely representing a
real value of a real hour and this proximity is important in the network-con!’
strained system states model. A clustering representation with three features
(demand per node, wind production per node, and net demand per node) was
also analyzed, however, the distance measure at the end of the clustering prol!
cess 1s higher than the one obtained for SS-ND. The representation of the
storage level is more accurate for the long-term hydro reservoir, than it is for
the BESS. Although both energy storage technologies can be used for energy
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arbitrage, it is more difficult to model faster technologies such as batteries in
system states approximation. That being said, the resulting storage level still
followed the general shape of the hourly solution seen Figure 3-4 (top). The
representation of production technologies to meet base loads such as nuclear,
coal, and combined-cycle (CCGT) was more accurate than those commonly
used for peak or marginal loads (i.e., open cycle gas-turbines — OCGT, and
fuel oil). These peaker-plant-type generation technologies are more difficult
to represent when there is no congestion on the network. In fact, for the SS[
ND approach, the total amount of energy produced by gas-turbines was 5.65
times larger than the value obtained in the hourly model. As a consequence
of system states approximation, errors shown in Table 3-2 associated to power
flow are strongly related to errors in approximating thermal production.

Table 3-2. Error Measurements Non-Congested Network

Results SS-DW SS-DW SS-ND SS-ND
NRMSE [%] AE [%] NRMSE [%] AE [%]
Objective function N.A. 1.6 N.A. 1.6
Hydro storage level 0.2 0.2 0.2 0.2
BESS storage level 18.1 11.4 18.1 15.8
Nuclear production 1.1 0.1 0.6 0.0
Coal production 15.9 3.2 14.5 4.0
CCGT production 29.1 14.9 30.9 4.6
OCGT production 31.6 769.4 29.7 565.3
Fuel O1l production 6.6 25.3 11.4 80.7
BESS production 12.4 22.3 12.7 10.5
Line 1-2 power flow 17.8 22.2 16.6 20.2

N.A.: Not Applicable
3.1.7 Results for Congested Network

For this case study, the transmission capacity of line 1-2 is reduced to
800 MW. Table 3-3 shows the error measurements for this case study using
each clustering approach. It is important to highlight that, in both clustering
approaches, the objective function error is lower in the congested case. This
can be attributed to the improved approximation of marginal generation tech!!
nologies (i.e., OCGT and fuel oil), which had highly reduced AE values and
therefore led to the model providing a better overall system cost approximal]
tion. Another observation was that although the error in measuring storage
level increased, the AE in the quantity charged by the BESS decreased sig!’
nificantly. This improvement in calculating thermal production and charged
BESS power is due to the congestion on line 1-2. The limitation of the trans(]
mission network reduces the feasible region of the optimization problem. Con(]
sequently, the optimal solution value of the hourly model and the system
states approximation are closer. This increased accuracy is also observed in
the reduced approximation error of the power flow through line 1-2. From the
congestion network case study, it is possible to draw two main conclusions:
the first one is that, despite some error measurements increases in Table 3-3
compared to Table 3-2, the overall accuracy of the system state model is im[’
proved. Secondly, as mentioned in the non-congested network case, the net
demand per node (SS-ND) for clustering displayed better accuracy in the sys(|
tem state approach than the demand and wind per node (SS-DW) clustering
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strategy. As in the non-congested case, the resulting storage level still foll
lowed the general shape of the hourly solution seen Figure 3-4 (bottom).
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Figure 3-4. Non-congested network and congested network results

Table 3-3. Error Measurements Congested Network

Results SS-DW SS-DW SS-ND SS-ND

NRMSE [%] AE [%] NRMSE [%] AE [%]
Objective function - 1.3 - 1.1
Hydro storage level 0.2 0.2 0.2 0.3
BESS storage level 24.0 17.4 20.3 14.4
Nuclear production 5.2 1.4 0.8 0.1
Coal production 33.7 13.2 15.4 3.3
CCGT production 46.4 57.3 28.9 1.2
OCGT production 27.7 99.3 28.2 73.2
Fuel Oil production 9.8 23.6 10.1 19.8
BESS production 10.9 6.7 11.5 3.4
Line 1-2 power flow 11.8 9.8 11.6 4.4

Table 3-4 shows the weighted average energy price for the hourly model and
the system states approach. Furthermore, the average prices at peak and off[
peak hours are presented in order to compare the prices at extreme condil

tions.

Table 3-4. Weighted Energy Price [$/MWHh]

Results Average Peak Off-Peak
non-congested network Hourly Model 26.27 28.08 21.87
System State 28.97 34.89 20.33
congested network Hourly Model 24.45 27.76 8.21
System State 24.16 27.22 8.49

The average error in a non-congested network 1s near to 10%; however, with
a congested network the error is reduced to 0.6%. Peak and off-peak prices
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are also improved when the network is congested as a consequence of the en-
hancements of the overall accuracy of the system state model. Figure 3-5
shows the weighted energy price in both models; for the sake of simplicity
only the first 500 hours are plotted, the rest of the hours showed a similar
behavior.
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Figure 3-5. Non-congested network and congested network results

3.1.8 Sensitivity Analysis

Three sensitivity analyses are conducted over the case study shown before.
First a sensitivity analysis related to the number of system states. Second, an
analysis exploring different levels of congestion in the line 1-2. Finally, a sen-
sitivity analysis surveying the effects of simultaneously congesting multiple
elements in the network (i.e., lines and transformers).

1. Sensitivity to number of system states: As mentioned before, system states
are obtained through a clustering technique. Therefore, the number of
clusters is a key issue in applying this framework. Table 3-5 shows for
different number of clusters or system states the distance measure (i.e.,
squared Euclidean distance - SED), objective function error with respect
to the hourly model, and CPU time. It can be observed that adding further
clusters beyond 100 does not have a significant effect on the model since
the errors in the objective function, charged power, and storage level in
the BESS remains relatively stable. In fact, the difference in the objective
function error between 100 clusters and 200 clusters is only 0.24%. An-
other important conclusion to be drawn is that generally, adding more
clusters increases CPU time. This result makes sense in that additional
clusters leads not only to growth in the number of system states but also
to the size of the frequency matrix (see section 2.3.1 and appendix A.3). It
is important to note that there can be exceptions for specific cases since
we are solving MIP models. For example, for 80 clusters the CPU time is
longer than the one value obtained with 100 clusters. This behavior is an
exception and is a result of using a MIP model. The CPU time will depend
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also on the Branch and Bound algorithm applied by the solver. For this
particular case study, 100 clusters (8.53% of the 1172 hours in the hourly
UC of reference) displayed a good balance between approximation error
and solution time.

Table 3-5. Sensitivity to number of clusters or system states

Num-

Obj.
Frequency SED CPU Func
matrix size time [s] error

[%]

SS BESS pro- BESS stor-

duction age level

ber NRMSE [%] AE [%]

60 11394 0.827422 41 1.7 13.2 16.2
80 14486 0.595395 495 1.6 13.4 14.5
100 16471 0.450577 215 1.6 12.7 15.8
120 18234 0.352573 1803 1.4 12.4 14.2
200 23759 0.173679 14005 1.3 12.8 15.6

Sensitivity to different levels of congestion in line 1-2: In Sections 3.1.6 and

0, the results for two case studies—with and without congestion in line 1[
2—were presented. We observe that congestion in the network improves

the system state model’s accuracy. To check the validity of this conclusion,

different levels of congestion along the line 1-2 were analyzed. Four differ(’
ent congestion levels were analyzed: none (line 1-2 limit =1500 MW), low

(line 1-2 limit =800 MW), moderate (line 1-2 limit =750 MW), and high (line

1-2 limit =700 MW). These levels correspond to 0%, 22%, 48%, and 89%

congestion of the time horizon respectively. Table 3-6 compares, the errors

obtained for the objective function, charged power, storage level in the

BESS, and power flow in line 1-2 for each congestion level. There is an

observed decreasing trend in the errors amongst these criteria as conges’’
tion levels increase. The main reason for this behavior is the fact that a

congested network limits the feasible region of the optimization problem

in both models. Therefore, the set of possible values for each variable is

smaller than in the case without congestion. In fact, the power flow in line

1-2 is the variable that improves most when the congestion level increases.

It is important to note that the objective function error for moderate conl’
gestion level is a slightly lower (0.02%) than the value for high congestion

level. However, both values are lower than the objective function for the

non-congestion level. Consequently, it is still possible to conclude for this

particular case that if the network is congested then the approximation of
the objective function is improved.

Table 3-6. Sensitivity to congestion level

Obj. Func- BESS produc- BESS stor- Line 1-2
tion error tion age level power flow
[%] NRMSE [%] AE [%] NRMSE [%]

Congestion
levels

None (1500 MW) 1.6 12.7 15.8 16.6
Low (800 MW) 1.1 11.5 14.4 11.6

Moderate (750 MW) 1.1 9.6 13.7 7.8

High (700 MW) 1.1 8.9 11.8 3.0

62



3. Sensitivity to multiple elements congested: In the previous section, the rel]
sults for congestion in line 1-2 were analyzed. In order to identify the bel’
havior of the system states approach when there is more than one conl!
gested element, different scenarios with reduced transmission capacity in
transformers 5-6, 4-9, and 4-9-8 were analyzed (transformer 5-6 limit=
transformer 4-9 limit = transformer 4-9-8 limit = 400 MW). Table 3-7
shows the error metrics for these cases. As in the case study for congestion
only in line 1-2, it 1s possible to observe that error measurements are im/[]
proved for marginal thermal generation technologies, BESS charge, and
power flow in line 1-2. It is important to note that the objective function
error is even lower in this case than in the case study with only one con!’
gested element in the network. This is again related to the reduction in
the feasible region due to the congestion in the network.

Table 3-7. Sensitivity to multiple elements congested

Results SS-ND SS-ND

NRMSE [%] AE [%]
Objective function - 0.7
Hydro storage level 0.3 0.3
BESS storage level 10.1 6.9
Nuclear production 0.6 0.0
Coal production 18.0 4.5
CCGT production 39.8 25.2
OCGT production 8.9 85.2
Fuel Oil production 19.8 64.4
BESS production 10.9 2.8
Line 1-2 power flow 13.3 0.1

3.2 System States and Representative Periods Compari’]
son

This section compares the system states and representative periods methods
that we have described in Section 2.3. Both short-term energy storage
(STESS) and seasonal storage (LTESS) are included in the optimization mod[]
els in order to analyze different types of ESS technologies. In addition, enl]
hanced versions of each method are proposed in order to overcome the main
drawbacks in their former methods. A Spanish case study is used to test all
methods and draw conclusions at the end of this section.

3.2.1 Optimization Models

Five optimization models are solved in this section. All optimization models
are detailed in Appendix A.2 to A.6:

e Hourly UC Model (HM), which is used as a benchmark.

o The classic System States (SS).

e The System States Reduced Frequency Matrix (SS-RFM), which is the
enhanced version of the SS model. Section 3.2.3 explains the main dif(’
ference between this model and the classic SS model.

e The classic Representative Periods (RP).
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¢ The Representative Period with Transition Matrix and Cluster Indices
(RP-TM&CI), which is the enhanced version of the RP model. Section
3.2.4 explains the main difference between this model and the classic
RP model.

Figure 3-1 shows an overview of the analysis. We have as an input data the
hourly demand, wind, and solar time series. Therefore, we can solve the HM
model to obtain the benchmark results. In addition, two different clustering
procedures are applied. First, we cluster individual hours in order to obtain
the system states for the SS and SS-RFM models. Second, we cluster grouping
by days the time series in order to obtain the representative periods for the
RP and the RP-TM&CI. Finally, the hourly results of each model are com-
pared to determine the quality of the approximations in terms of objective
function cost, productions, stored energy, and prices.
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Figure 3-6. Analysis overview: comparison of SS and RP models

3.2.2 Main Drawbacks of SS and RP Models

The SS and RP models have some drawbacks, which are detailed in a case
study in Section 3.2.6. In this section, we summarize these drawbacks:

e The SS model results and CPU time are highly dependent on the size of
the frequency matrix (see Appendix A.3). This matrix is used to guarantee
that storage levels are between the maximum and minimum bounds for
each storage unit throughout the time horizon. Furthermore, it helps to

11Tn Chapter 4, the RP-TM&CI model is renamed as the Linked Representative Periods (LRP), because this name
fits better in the context of that Chapter.
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keep some chronological information for ESS in the optimization process.
However, this proposal has two disadvantages. First, short-term storage
devices such as batteries require several bounds in a day to ensure that
storage levels are within bounds, but the greater the number of bounds,
the greater the frequency matrix size and, therefore, the longer the CPU
time. Second, in order to determine the number of bounds we need an it!]
erative process called Iterative Bounding Method (detailed in Appendix
A.3), which adds even more CPU time to the SS model.

e The RP model solves each representative period (e.g., day) independently
and with the same constraints as the HM model. CPU time thus depends
on the number of representative periods instead of on the number of
bounds for storage units, as it does in the SS Model. The main drawback
is that chronology among the representative periods is lost and storage
levels of storage units with a cycle longer than the representative period
(e.g., hydro units) are not determined adequately. This is especially im[]
portant in hydrothermal power systems or power systems with pumped
hydro storage potential.

In the following sections, we propose enhanced versions of the SS and RP
models to tackle these drawbacks. These models were published in [95].

3.2.3 Enhanced System States Model

The main drawback in the classic system states modeling is the increase of
computational burden when several storage bounds constraints are needed.
Therefore, the System States Reduced Frequency Matrix Model (SS-RFM) is
proposed in this thesis to overcome this drawback. Instead of using the frel
quency matrix (Fss ) to establish the storage bounds constraints, the SS-
RFM uses a reduced frequency matrix (RFM; g ;) in these constraints. Figure
3-7 shows an example to explain the difference between these two matrices.
In this example, we have a set of twelve hours h = {h1, h2...h12}, four system
states s = {s1, s2, s3, s4}, and three hours in which we want to impose storage
bound constraints k = {h4,h8,h12}. The example shows the cluster index,
which is the vector that contains the relationship between hours and system
states. For instance, the hours h1, h3, h4, h7, and h9 belong to system state
s1, while h12 is the only hour that belongs to system state s4. The frequency
matrix is calculated for each hour in the set k as the total number of transi-
tions among the system states considering the cluster index vector. In Figure
3-7, the frequency matrix at hour k = h4 has three values that correspond to
the transitions among system states from h1 to h4. The reader can verify that
the same logic applies to the frequency matrix at hours h8 and h12. Here it is
also possible to observe that the frequency matrix increases (as well as the
non-zero elements in the optimization problem) every time we want to impose
storage bounds constraints. This is the main reason why the computational
burden increases when several hours are considered in the set k.

The Reduced Frequency Matrix (RFM; ;) is just the difference between the
frequency matrix corresponding to the current hour k and that corresponding
to the previous element in set k, that 1s, k — 1. In other words, the difference
between these two elements or hours in the set k could be understood as a
moving window. In Figure 3-7, the RFM at h8 is the difference between the
frequency matrix at h8 and h4, and the RFM at h12 is the difference between
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the frequency matrix at h12 and h8. The RFM at each hour in set k remains
with the same number of elements if the moving window is constant. There-
fore, the non-zero elements in the optimization problem do not increase with
the number of storage bounds constraints. This leads to an advantage in the
CPU time that is shown in Section 3.2.6. However, it is important to mention
that despite the use of the RFM, the storage level could be out of bounds be-
cause the hours in set k are predefined in the model and we do not know in
advance the storage level value at each hour in set k. The best practice for
reducing the number of hours in which the storage levels can be out of bounds
is to predefine the moving window considering the smallest storage cycle in
the power system (e.g., 4h to 8h for a BESS).

The complete optimization problem for the SS-RFM is shown in Appendix A.4.

Cluster Index

hours —| h1 | h2 | h3 | h4 | h5 | h6 | h7 | h8 | h9 | h10 | h1l | h12
system states —| sl s2 sl sl s3 s2 sl s2 sl s3 s3 s4

chosen hours to impose bounds in the SS models: k = {h4, h8, h12}
Frequency Matrix Fg o,

k=h4 sl s2 s3 s4 k=h8 s1 s2 s3 s4 Lk=h12 sl s2 s3 s4

sl 1|1 sl 1121 sl 1122

s2 1 s2 2 s2 3

s3 s3 1 s3 1|11
s4 s4 s4

Reduced Frequency Matrix RFM_

k=h4 sl s2 s3 s4 k=h8 s1 s2 s3 s4 k=hl2 sl s2 s3 s4

sl 1|1 sl 1|1 sl 1

s2 1 s2 1 s2 1

s3 s3 1 s3 1|1
s4 s4 s4

Figure 3-7. Frequency matrix and reduced frequency matrix

3.2.4 Enhanced Representative Periods Model

The Representative Period with Transition Matrix and Cluster Indices (RP-
TM&CI) model is the second original contribution of this thesis. This model
overcomes the main drawbacks of the classic representative periods model by
introducing two main concepts: 1) linking representative periods using a tran-
sitton matrix, 2) superposing inter- and intra-period storage balance con-
straints. Both concepts are explained through the following examples in Fig-
ure 3-8 and Figure 3-9. Although the RP-TM&CI model is sufficiently general
to be able to work with representative periods of any length, we will speak of
representative days for the sake of simplicity in these examples.

Figure 3-8 shows how the representative days are linked. In this example, we
have a set of seven days d = {d1,d2, ..., d7} (e.g., seven days in a week) and a
set of two representative days rp = {rp1, rp2} (e.g., one day to represent the
working days and other to represent the weekend days). We show the cluster
index, which is the vector that contains the relationship between days and
representative days. For instance, the days d1 to d5 belong to rpl, while d6
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and d7 belong to rp2. The transition matrix is calculated using this infor-
mation: four times we jump from rpl to rpl, one time from rpl to rp2, and
one time from rp2 to rp2. This information is used to link the days and create
continuity between the representative days. Therefore, the thermal units that
are committed in the last hour of the first RP are also committed in the first
hour of the second RP, see equation (A.6-1) in Appendix A.6. As a consequence
in Figure 3-8 example, the thermal units that are on in the last hour of rp1
are also on in the first hour of rp2 as well as in the first hour of rpl. Notice
that last hour of rp2 is not linked to the first hour of rp1 since the transition
from rp2 to rpl is zero in the transition matrix. As written here, if there is
even one transition between the two days, this constraint is applied. However,
the constraint could be set to take effect only if there is a considerable number
of transitions between the two days, 5 or 10% of the transitions in the time
horizon, for example. This consideration in the current example would lead
to only linking last hour of rpl to its first hour since the other transitions
would be disregarded.

Cluster Index

representative

days — [ d1

d2

d3

d4

d5

dé

days — | rpl

rpl

rpl

rpl

rpl

Transition Matrix

rpl

rpl

4

representative day 1 (rpl)

representative day 2 (

)

Figure 3-8. Example of transition matrix use in RP method

Figure 3-9 shows the second innovation of this model; it creates the continuity
in storage across the entire time horizon that allows for the modeling of long-
term storage. Once more, we take advantage of the information in the cluster
index. Since we have the hourly chronology within each representative day,
it 1s possible to determine the hourly storage level and, therefore, imposing
bounds to this variable. These constraints are called intra-day (or intra-pe-
riod) storage balance equations. In this example, we obtain 24 equations per
ESS for each representative day. These constraints are imposed only to short-
term energy storage (STESS) because they are more likely to do more than a
full cycle within the representative period (e.g., a BESS with a 4-hours dis-
charge time could have more than one full charge/discharge cycle in one day).
We also propose a set of constraints that checks at regular intervals (e.g., 1
week) the ESS storage level. These constraints are called inter-day (or inter-
period) storage balance equations, and they are defined using the cluster in-
dex information. In this example, the storage level at the end of the week (i.e.,
hour 168) is the storage level at the beginning (i.e., initial storage level)
plus/minus 5 times the sum of all charge/discharge decisions in rpl and
plus/minus 2 times the sum of all charge/discharge decisions in rp2. The rpl
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decision variables are multiplied by 5 because, according to the cluster index
vector, the rpl represents days d1 to d5. The same logic applies to rp2, which
represents 2 days within the example. In other words, this model is superpos-
ing the inter- and intra-period storage balance constraints to create chrono-
logical continuity in the problem. These is highly important to model seasonal
storage and reducing the time representation at the same time. The inter-day
balance equations are imposed to both STESS and LTESS because it allows
both ESS to internalize long-term signal in the short-term decisions. In Chap-
ter 4, we analyze this situation using the storage/water value concept in the
RP-TM&CI model.

The complete optimization problem for the RP-TM&CI is shown in Appendix
A.

Cluster Index
days—|d1 |d2 |d3 |d4 |d5 |d6 |d7

representative days — | rpl | vpl | rpl | rpl | rpl
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Figure 3-9. Example of superposing inter- and intra-day in ESS balance

3.2.5 Case Study Description

As a case study, we chose the Spanish power system in target year 2030. The
Spanish case is interesting because it has hydro reservoirs (i.e., LTESS with
monthly or yearly cycle) and, according to ENTSO-E [100], the next ten years
will likely bring investment in Battery Energy Storage System (BESS) and
Pumped Hydroelectric Energy Storage (PHES), i.e., STESS with daily or
weekly cycle. We ran four different scenarios for 2030 on the hourly model
and the four approximate models. The wind and solar profiles for these sce-
narios were taken from [101], [102] while hourly demand data and annual
production per technology were taken from the ENTSO-E Ten Year Network
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Development Plan 2016 [100]. Scenario 1 and 3 were based on national pre(]
dictions, whereas scenarios 2 and 4 were designed with the whole of Europe
and climate protection goals in mind. The scenarios include a significant del
velopment of renewable electricity sources, supplying 35% to 60% of the total
annual demand, depending on the Scenario. Moreover, the hourly demand
curve of each Scenario reflects the potential for demand response, which rises
from 5% in Scenario 1 to 20% in Scenario 4.

For each of the four scenarios, the SS and RP models were run with four difl’
ferent numbers of clusters for increasing time resolution. The RP and RP[)
TM&CI models used 4, 9, 18, and 37 representative days which corresponds
respectively to 1%, 2%, 5% and 10% of the time horizon. Time resolution
within each representative day is hourly. The SS and SS-RFM models used
26, 48, 96, and 216 system states. These numbers of states were chosen be-
cause they provided a fair comparison with the clusters used with the RP
models by having roughly the same number of binary variables.

The representative days were chosen by normalizing time series for the
hourly demand, wind availability, solar availability, and hydro inflows, and
combining 24 hours of those time series (96 dimensions in all) into a single
point to be clustered with the rest of days of the year using k-medoids. The
system states were chosen in an analogous manner. The four-time series were
normalized, but this time each point to be clustered represented only one hour
(4 dimensions) and the clustering method was k-means so that the resulting
system state was the centroid of the cluster (a composite hour) rather than a
true hour.

3.2.6 Case Study Results

For this case study, we considered a total BESS installed capacity of 10 GWh
with a maximum output of 1IGW and a 0.9 efficiency coefficient. Figure 3-10
shows a box & whisker plot for CPU Time while Figure 3-11 objective function
error considering the results for each scenario. All models were solved until
optimality, i.e., until the integrality gap equaled 107°. Figure 3-10 shows the
time necessary for the solution of each model as a fraction of the time taken
by the hourly model as the number of clusters (i.e., system states or reprel’
sentative days) increases.
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Figure 3-10. CPU time for each tested model
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Figure 3-11. Objective function error for each tested model

As expected, the amount of time necessary for model solution increases with

the temporal resolution, but up to the 3rd time resolution (18rp, 96ss) all four

approximate models took less than 5% of the time that the hourly models

took. Moreover, as expected, increasing the number of system states or rep(!
resentative days reduced the error in the objective function, see Figure 3-11.

In addition, the results show the improvement obtained with the SS-RFM and

RP-TM&CI models proposed in this thesis. The SS-RFM model took between

4 and 20 times less CPU time than the SS model without hampering the per[’
formance of the approximation in the objective function error. Moreover, the

RP-TM&CI model reduced the objective function error of RP model as the

number of representative days increase without a significant rise in the CPU

time. For the sake of simplicity, the rest of this section shows only the results

for the 3rd time resolution (18rp, 96ss) because it has a good trade-off between

CPU time and objective function error.

Table 3-8. Average errors [%] for each tested model

Result SS SS-RFM RP RP-TM&CI
Nuclear -0.3 -0.2 5.4 -0.2
g Coal 1.9 1.2 10.5 -2.0
§ CCGT 2.3 2.8 -10.6 1.3
9 Hydro -0.2 -0.2 -10.4 0.8
& BESS 7.3 11.3 17.0 4.8
Renewable -0.5 -0.5 -0.4 -0.5
VRES curtailment 24.7 24.9 18.4 18.6
% s Coal 53.9 54.3 52.4 9.3
& CCGT -73.6 -75.2 -91.3 -21.0
o Average -0.5 0.03 8.0 0.7
E Max -25.4 -85 -22.7 2.1
Min 0.0 0.0 0.0 0.0
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So far, we have used objective function error to judge the accuracy of the ap!(]
proximate models, nevertheless, results such as annual production per tech’
nology, total number of startups, and energy prices allow for a more detailed
comparison. Table 3-8 shows the average error for these results when com[’
paring each approximate model to the hourly model. Negative values in Table
3-8 show overestimation in the approximate model while positive values are
underestimation. For thermal production SS, SS-RFM, and RP-TM&CI mod!!
els have errors lower than 3% while the RP model has error between 5% and
11% because it solves each representative day individually. The SS and SS[!
RFM models give the estimation of total hydro production closest to that of
the hourly model while the RP model gives a very poor estimate. This is be-
cause the RP model constrains the storage at the end of each day to be higher
than at the beginning so hydro storage cannot evolve according to its natural
yearly cycle. The RP-TM&CI model, however, does succeed in estimating the
annual hydro production, which is what it was designed to do. The SS and
SS-RFM models do not approximate the annual BESS production very well,
as the models cannot keep the energy fully within bounds throughout the time
horizon. The RP-TM&CI model gives a value of the total annual BESS prol’
duction that is closest to the HM model. VRES production is estimated with
good accuracy (i.e., errors less than 0.5%) for all models, while the VRES cur(
tailment has more error and is underestimated in all models. However, rep!’
resentative periods-type models have slightly better accuracy than system(]
states-type models. The RP model overestimates the number of necessary
startups during the year of peaking units (CCGT), which is only to be expected
since it treats each day as separate from the others. Because they maintain
some chronology between periods using the transition matrix, SS and SS[!
RFM do a better job of estimating startups than the RP. However, the RP[]
TM&CI model has the number of startups closest to that of the HM model, as
it uses its transition matrix to keep continuity between the thermal units at
the end of one day and the beginning of the next. These results also demon!’
strate the effectiveness of the RP-TM&CI model over the RP model. In the
case of the energy prices, the RP model makes the worst estimate due to the
previous results. The average prices in SS, SS-RFM, and RP-TM&CI are all
quite accurate, but the maximum price is better estimated in the enhanced
models, SS-RFM and RP-TM&CI. This is important because the storage in[’!
vestment results are partially driven by the differences between the maxil]
mum and mini-mum prices. We analyze this situation in Chapter 5.

Figure 3-12 shows the storage level evolution for hydro unit in scenario 1,
while Figure 3-13 shows it for the BESS. Not only is the total yearly hydro
production estimated by SS, SS-RFM, and RP-TM&CI very close to that of
the HM as shown in Table 3-8, but the overall storage evolution closely follows
that of the HM, Figure 3-12. The RP model cannot correctly estimate the evol]
lution of storage levels considering the production, consumption, inflows, and
spillages for each representative day because the representative days are not
related among themselves. The RP-TM&CI model fixes this by considering
chronology among the representative days using the transition matrix and
cluster indices. In fact, the RP-TM&CI model yields the prediction of hydro
storage levels that is most similar to that of the HM model.
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Figure 3-12. Hydro storage level for each tested model

The BESS storage level is shown in Figure 3-13 for a week of the year. RP
and RP-TM&CI models perform best when the BESS charge and discharge in
a single day. If, however, the true BESS charges and discharges over the
course of more than one day then the RP and RP-TM&CI have trouble ap!’
proximating that, as they are limited to the representative days. Despite this,
the RP-TM&CI model performs better than the RP model due to the chronol!
logical information shared among the representative days. The SS and SS[J
RFM models have better performance than the representative days models
because they are not limited to the period length, i.e., 24 hours, and this all’
lows them to capture charging and discharging periods longer than a day.
However, the SSs models cannot guarantee that BESS storage levels stay
within bounds.
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Figure 3-13. BESS storage level for each tested model

In Figure 3-13 both SS and SS-RFM predict that BESS storage levels will

exceed the upper bound, which is unrealistic in a power system operation. To

correct that behavior, the number of constraints should be increased, but this

vastly increases CPU time in the SS model and increases the error in the SSI’
RFM model. If the extra constrained hours are chosen using the iterative

method, this increases the CPU time still further.

Storage Level [GWh]
(2]

3.2.7 Discussion

In this section we want to highlight the link between short- and long-term
storage. In this thesis we focus on modeling energy storage operation operal]
tional details, considering long-term (i.e., seasonal) hydro storage generation
as well as short-term (i.e., hours) storage systems such as batteries. These are
very different resources in the power system. Therefore, the following ques!!
tion arises: why try to model both with the same methodology? To answer this
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question, we need to consider that hydro storage already exists in most real
power systems and more could be built in the future, and short-term storage
(e.g., BESS) is getting cheaper and could be a good technical solution to reduce
VRES curtailments even with relatively low energy to power ratios (e.g., 1-4
h). Moreover, if both types of storage are not considered at the same time,
then an assumption must be included regarding storage operation. For exam-
ple, it is possible to consider maximum available hydro energy without track-
ing the storage level, or to assume a peak shaving for short-term ESS. In ei-
ther case, one decision is fixed while the other is optimized. Therefore, possi-
ble synergies between both storage systems are neglected. This is the case of
more traditional hydrothermal dispatch models.

The RP-TM&CI model co-optimizes both types of storage. Hence, the opera-
tional decisions of short- and long-term storage are now linked and depend on
each other. The benefits of this co-optimization are shown in the results. In
fact, the best results are obtained with the RP-TM&CI model, which repre-
sents the relationship between both types of storage better than the other
approximate models. It should also be noted that the RP-TM&CI model could
be used to improve traditional hydrothermal models in which the water value
serves as a consistent way of coupling long-term reservoir management with
short-term operations of storage units. Using the RP-TM&CI model it might
be possible to obtain the water value of long-term reservoirs internalizing the
information of short-term storage, which is not possible in traditional hydro-
thermal models. Chapter 4 analyzes the application of the RP-TM&CI model
in the hydrothermal dispatch problem.

3.3 Main Takeaways in this Chapter

Through this chapter we have analyzed several optimization models for ESS
operation in medium- and long-term planning. These analyses are divided in
two studies. First, we have evaluated the impact of transmission network in
the clustering methods used to reduce the temporal information while con-
serving chronological information for the ESS. Second, we have compared the
classic versions of system states and representative periods methods when
short-term energy storage and seasonal storage are included in the optimiza-
tion models. In addition, enhanced versions of each method have been pro-
posed in order to overcome the main drawbacks in the classic methods.

The main analysis and results in this chapter can be summarized in the fol-
lowing conclusions:

e The system states approach can be extended to include transmission
network constraints, it requires an enhancement of the method used for
clustering the hourly time periods. It is shown that this extension does
not hamper its computational benefits.

e If the transmission network is constrained, the accuracy of the system
state approach improves. This conclusion is quite relevant and some-
how counterintuitive, because it means that it is not necessary to in-
clude in-formation of the congestion of the network in the clustering-
process to improve the results when the system state framework is used
to represent ESS operation in MLTOP models.




The SS model was originally developed to include chronology and high
time resolution details in MLTOP models. While it can deal with long-
term storage (LTESS), it cannot accurately estimate short-term storage
(STESS), and quickly becomes computationally intensive because of
the storage constraints. The SS-RFM model takes much less time to run
than the regular SS model, because it reformulates the storage con-
straints, but it does not improve the accuracy of the short-term storage
modeling. Moreover, SS models could lead to infeasible results (i.e.,
more energy stored than the maximum storage capacity), which is their
major drawback, and means that they require additional adjustments
for most practical applications.

Unlike the SS models, the RP model cannot handle long-term storage
(LTESS), however, it deals well with short-term storage (STESS) as it
preserves within-day chronology. The RP-TM&CI model combines as-
pects of the SS and RP models to account for both short and long-term
storage. According to the case study results, it is the most accurate of
the four approximate models and does not require a significant increase
of CPU time.

We expect that this behavior can be replicated in different case studies,
because the results in this chapter support the idea that including
chronological information among representative periods may be an ef-
ficient way to include small time scale variations in longer-term plan-
ning models that involve storage. Doing so is a critical need in the ad-
equate representation of power systems that include a significant and
increasing quota of variable renewable sources and energy storage sys-
tems.
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This chapter proposes a new formulation to include STESS operational deci!]
sions in a stochastic hydrothermal dispatch model, which is based on the prol]
posed enhanced version of the representative periods approach that allows an
analysis of both short- and long-term storage at the same time. For the anal
lyzed case study, this approach models operating decisions of STESS with er!]
rors between 5% to 10%, while the classic Load Duration Curve (LDC) apl]
proach fails by an error greater than 100%. Moreover, the LDC model cannot
determine opportunity costs on an hourly basis and underestimates the water
value by 6% to 24% for seasonal hydro reservoirs. On the other hand, the prol]
posed LRP model produces an error on the water value lower than 3% and can
determine hourly opportunity costs for STESS using dual variables from both
intra- and inter-period storage balance equations. Therefore, hourly oppor!]
tunity costs in the LRP model successfully internalize long-term signals due to
seasonality in hydro reservoirs.

The analysis and results in this chapter were published in Article IV [103] as
working paper, which is under review at the time of this thesis publication.

4.1 Current Hydrothermal Dispatch Models

Among the hydrothermal commercial tools utilized in scientific research, the
main ones are: SDDP developed by PSR, PLEXOS Integrated Energy Model
by Energy Exemplar, ProdRisk by SINTEF, NEWAVE by CEPEL, and Star-
Net Model by IIT. For medium- or long-term studies, these tools use a Load
Duration Curve (LDC) approach (a.k.a., load-levels approach) with monthly
or weekly stages. This is mainly due to the computational efficiency of LDC
for large-scale systems. However, the LDC approach lacks chronological in![]
formation within stages (e.g., weeks or months) and fails to represent short[
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term constraints (e.g., ramps, storage balance, etc.) [48]. Despite this situal’
tion, no relevant work has aimed to improve the representation of short-term
operational decisions in hydrothermal dispatch models.

As stated 1n Section 2.3.2, the representative periods (RP) method has been
applied to long-term models in order to consider either renewable energy var(!
1ability in the short-term [52] or UC constraints [104]. Generation dispatch
and investment decisions are made for the selected periods (e.g., days or
weeks). The RPs preserve the internal chronology of their hours, rendering a
more realistic representation of changing storage levels over the course of a
day or week. However, the basic definition of the RP does not preserve the
chronology among them. Therefore, any Energy Storage System (ESS) with a
full charge-discharge cycle longer than the RP (e.g., monthly or yearly) will
not be adequately represented. In order to improve this situation, in Section
3.2.4, the proposed model RP-TM&CI overcomes this shortcoming [95]. The
continuity among the RPs is included through the superposition of intra-pe!’
riod and inter-period storage balance equations. This idea is also analyzed by
some authors in [57], [105]. In this chapter, we rename the RP-TM&CI as
Linked Representative Periods (LRP) in order to emphasize in the concept of
representative periods that share information among them. Despite these de!
velopments in short-term and seasonal storage interaction, opportunity costs
in stochastic modeling have not been analyzed. Opportunity costs for energy
storage systems are not as intuitive as in the LDC models due to the super(’
position of both balance equations, 1.e., intra-period and inter-period. There!
fore, in Sections 4.3 and 4.4, the LRP model is extended to a stochastic hydrol
thermal dispatch model to define the opportunity costs for energy storage,
considering short- (intra-period) and long-term (inter-period) operation.

The selection of RPs is an important aspect of the RP approach. Some authors
have debated about the optimal length for RPs [106]. For instance, in [58],
the authors suggested representative groups of days or representative weeks,
which gives the advantage of increasing the amount of chronology preserved.
However, the effectiveness of linking shorter RPs versus longer RPs has not
been analyzed in the LRP approach. In Section 4.5, we analyze the impact
and draw conclusions regarding our proposed model.

The challenge that we have tackled in this chapter is to obtain the hourly
opportunity cost for storage technologies that usually operate on very differ(]
ent time scales. For example, batteries might have a full charge/discharge
cycle within a couple of hours or days, whereas a pumped hydro storage facil(}
ity — depending on the size of the reservoir — could have cycles of weeks,
months or even years. Other important aspects of hydrothermal dispatch
models such as uncertainty modeling [107] are out of its scope. A general for(]
mulation is proposed based on stochastic programming, which is compatible
with different techniques to solve the dimensionality problem such as scell
nario reduction [108] and stochastic dual dynamic programming [109], [110].

In this context, the main contribution of this chapter is the derivation and
analysis of the hourly opportunity cost of storage technologies when the prol!
posed LRP model is solved. In other words, the LRP model can obtain an apl(’
proximation of the ESS hourly opportunity cost within the studied time horil’
zon without solving an hourly model. Moreover, the LRP model gets hourly
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opportunity cost for different types of ESS technologies which operate on dif-
ferent time scales (hydro vs battery). So far this has not been possible because
classic LDC-type models lack chronological information among the load lev-
els.

4.2 Hydrothermal Topology and Scenario Tree

In the context of hydrothermal dispatch, it is important to establish the hydro
topology in order to determine the relationship among the water basins. This
1s important to determine the opportunity cost or water value in hydro gener-
ators. Figure 4-1 shows an example a hydro topology where three reservoirs
(rl, r2, r3), including their hydro units (h1, h2, h3), are related among them.
For instance, reservoir r3 receives its hydro inflows, turbined water and
spilled water from reservoirs r1 and r2, and the pumped water from its own

hydro unit h3.

Spillage from Spillage from
rl tor3 ____ ____ infloys _r2 to r3
i 1 1 1
1 1 1 1
1 1 1 1
1 1
: SR Boovinnns
i i
1 1
I 1
I 1
I 1
: 1
1 Turbined water :
- from hl and h2 !
: to r3 1
1
A e

Pumped water

from h3 to r3 : Pumped water

from h3 to r2:

Turbined water
from h3

Figure 4-1. Example of hydro topology or water basin

The main source of uncertainty in hydrothermal power systems is the water
inflows [111]. This uncertainty is normally represented as a scenario tree
[107], in which each node in the tree represents a hydro inflow level with a
certain probability. In addition, the nodes are related among them, creating
different scenarios to sample different realizations of the hydro inflows. Fig-
ure 4-2 shows an example of a simple scenario tree with three scenarios: wet
season, average inflows, dry season. In this example, the first stage decisions
are taken in the first month represented in the tree (i.e., October) and the
second stage decisions are taken for the following months. In addition, for
each month in the second stage there are three different value of hydro in-
flows from each scenario.

~1
~1
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I First :ISecond Scenario 3 - High inflows (wet season)
Stage | Stage Probability = @.2

Scenario 1 - Average inflows
Probability = ©.5

Scenario 2 - Low inflows (dry season)
Probability = 0.3

Figure 4-2. Scenario tree example

Both hydro topology and scenario tree shown in this section are used as a
reference in the remainder of this chapter.

4.3 Optimization Models and Time Division

Three optimization models are solved in this chapter using a stochastic for-
mulation. These models are detailed in Appendix B.2 to B.4:

Hourly Model (HM), which is used as a benchmark.
The classic Load Duration Curve (LDC).
The Linked Representative Periods (LRP), which is the stochastic ex-

tended version of the Representative Period with Transition Matrix
and Cluster Indices (RP-TM&CI) proposed in Section 3.2.4.

Figure 4-3 shows an overview of the analysis in this section. We have as an
input data the hourly demand, wind, and solar time series. Therefore, we can
solve the HM model to obtain the benchmark results. In addition, two differ-
ent clustering procedures are applied per each node of hydro inflow uncer-
tainty, (i.e., per month). First, we cluster individual hours in order to obtain
the load levels (as in the system states approach) for the LDC model per
month. Second, we cluster grouping by periods (e.g., days) the time series in
order to obtain the representative periods for the LRP model per month. Fi-
nally, the hourly results of each model are compared to determine the quality
of the approximations in terms of objective function, productions, energy
stored, and dual variables (e.g., prices, storage value, and water value).
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Figure 4-3. Analysis overview: comparison of LDC and LRP models

It i1s important to highlight that both load levels and representative periods
are selected per month because the uncertainty in the hydro inflows is per
month, see Figure 4-2. Therefore, the load levels and representative periods
are different among months. This is guaranteed through a time division struc-
ture in both models. Figure 4-4 shows an example of the structure for the LDC
model, where two months (m,, m,) have a subdivision in weekdays (w;) and
weekend (w,), each one with three different load levels (l4, [,, l3). Figure 4-5
shows an example of the structure for the LRP model, where the two months
have their own representative periods (i.e., rp; and rp, for m;, and rp; and
rps for m,), each one with a set of chronological hours (k; to ky4 in a 24-hour
representative period example).
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Figure 4-4. Structure of LDC time division
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Figure 4-5. Structure of LRP time division

These time divisions facilitate the formulation of storage balance constraints
in both models considering the scenario tree structure. Table 4-1 shows the
storage balance constraints in the three optimization models. Although the
detailed optimization models are shown in Appendix B.2 to B.4, the storage
balance equations are shown to help with the analysis in the following sec-
tions.

Table 4-1. Storage Balance Constraints

Storage .
Model Typf Formulation
intra,o’ intra,® ‘W _ Cw @
Rp 1r —-R S. zr’ € RURrr’r Spr' +
N ——————————
Water spillage from upstream reservoirs
w
N P ph / —
h € HURp » Ch
B —
Turbined water from upstream hydro plants
HM LTESS » Pph /
heRUH., = /cp +

Turbined water from hydro plants in reservoir r

Shennn, P/ — Tnewmn e, =
h € HPRp Ch h € RPHy p Ch
R — R ——
Pumped water from hydro plants to reservoirr  Pumped water to other reservoirs
0 Vopr w'e a(w)
HM STESS SoCIMTaw" — SocinTaw — p@ 4 €4 =0 Vapb w'ea(w)

Rmter,m R inter,w
m-1r mr

—_ Cw @
+ lmr Smr + Zr’ €RUR.s . Smr’ +
N————
Water spillage from upstream reservoirs

w, Py
Ywt Lh € HURp, N/ &

Turbined water from upstream hydro plants
@
WZGmwi * Prmwin
LDC LTESS Zwl Zh €RUHyp /Ch +

Turbined water from hydro plants in reservoir r
als)
WGmwi melh / -
Ch

ZwiXne HPRy ,

Pumped water from hydro plants to reservoirr
Whmwi * C‘r‘;)twlh '
2wl Lh € RPH. 1 /Cn =0 Vomr w'ea(w)

Pumped water to other reservoirs

inter,w’ inter,w w 0] —
LDC  STESS §0Cy 1" —S0Cm,""" = ZwitWmwt * Prwip + Zwt Wmwt - Couwip =
0 Yomb w'e a(w)
intra,w’ intra,w [0}
Rrp k-1, Rrp k,r + bpkr — Srp,k,r +
Y €RUR . Sy iyt +
' rUTRRT
Intra-pe- Water spillage from gitream reservoirs
] rp,k,h _
LRP ngés Thenvry, ey

Turbined water from upstream hydro plants

Prpkh
Zhervn,, = /c,l +

Turbined water from hydro plants in reservoirr
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Storage

Model Type Formulation
@ )
3 Crp.k.h / _ 3 Crp.k,h / _
hEHPRh’T Cn hGRPHr’h Ch -
Pumped water from hydro plants to reservoir r Pumped water to other reservoirs
0 Vw,mp,k,r w'ealw)
inter,w’ inter,w intra,w intra,o’
Intgr-pe- Ry — Ry + [Rrp,k,r - Rrp,k—1,r]
LRP riod (rp,K)E(CLy 1p kNMP )}
LTESS N e aley
=0 Vomr w'ea(w)
Intra-pel] ,
LRP riod SoCH o, — SoCH Ty — PY wy + Cioy =0 Vo, rp, kb e a(w)
STESS
Inter-pe U interw inter,w intra,w intra,o
: SoC,—1), —SoCy, © + % rpk)e{cl, . NMP SoCryy —S0C, 1 1, =
LRP riod prpkMPrp
STESS 0 Yomb wea(w)

Where indices 7, h, b, p, and w represent the elements in sets for reservoirs,
hydro units, STESS (e.g., batteries), periods (e.g., hours), and scenarios, rel]
spectively. Lowercase terms are used for parameters while uppercase terms
denote variables. For instance, iy, is the hydro-inflows parameter for each

reservoir r and period p at scenario w. Moreover, Rj,"“® and SoCy,"** are
variables for the intra-period reservoir level and state-of-charge for each res!’
ervoir r and STESS b in period p at scenario w. The complete list of parame-
ters and variables is detailed in Appendix B.1. In the HM model, the storage
balance constraints are imposed for each period p. Therefore, reservoir level
and SoC are determined for each hour in the time horizon. These results are

used as benchmark to test the LDC and LRP model, see Figure 4-3.

Constraints for LTESS and STESS are stated for w'e a(w), which allows to
relate the different scenarios through the scenario tree. For instance, Figure
4-2 shows a scenario tree with three scenarios: wet season, average inflows,
dry season. In this example, the ancestor a(w) of scenario 3 in November is
scenario 1 in October. Therefore, the set a(w) 1s relating a scenario with the
corresponding predecessor scenario in the tree.

In the LDC model, both storage balance equations (i.e., LTESS and STESS)
include the load-level duration (Wg,,,,;) to consider the number of hours that
are represented for each load level. In other words, the multiplication by
Wmw Suarantees that all the charged/discharged energy is considered within
the month m. These equations are for the inter-period variables. Intra-period
variables are not available in this model due to the lack of chronology within
the month m.

In the LRP model, the storage balance constraints are defined for inter- and
intra-periods. These equations create the continuity in storage across the en-
tire time horizon that allows for the modeling of short-term and long-term
storage simultaneously. Intra-period constraints ensure the storage balance
within the RP, while inter-period constraints guarantee the storage balance
by checking at regular intervals (e.g., aggregation of hours such as months m)
that all the energy charged and discharged since the previous month plus the
total energy at the last checkpoint are within bounds. This is possible because
the cluster index, CI,,, x, and the relationship between periods and months,

MB,, ,, are known as a result of the clustering procedure to determine the RPs,
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see Section 3.2.4. The intersection of both sets {Clp,rp,k N MPm,p} indicates
which RPs belong to the month and, therefore, must be considered in the in[J
ter-period balance.

Finally, notice that constraints for LTESS and STESS are equivalent if, for
example, a hydro reservoir has a pump unit which is not in a hydro basin and
1t has no hydro inflows. However, we keep both constraints in order to facilil’
tate the distinction between both types of storage technologies. In real hydro
power plants, there is a nonlinear dependence between the reservoir head and
the reservoir volume [112]. Nevertheless, and for the sake of simplicity in
storage balance constraints for LTESS, we assume a linear function of the
turbine outflow. Although nonlinear dependence could be considered at the
expense of more complex optimization models such as in [112].

4.4 Analysis of Energy Storage Opportunity Cost

In Appendix B.2 to B.4, we formulated three models for the hydrothermal
dispatch as Mixed Integer Programming (MIP) problems. As it is mentioned
in [113], the value of dual variables in a MIP are not well-defined Hence, we
apply the common practice to approximate the dual variables of interest by
fixing the integer variables (e.g., commitment decisions) obtained in the MIP
solution and then solving the model again as a Linear Programming (LP)
problem [112]. Under this assumption, the opportunity cost of ESS can be
obtained from the dual variable of the storage balance equations of each
model, while the opportunity cost of hydro reservoirs is normally called water
value [113]. However, the name water value cannot be applied to BESS since
there are no hydro inflows for this type of technology. Instead, we use storage
value to describe the opportunity cost of short-term storage (i.e., BESS).

Hourly Model (HM): The opportunity costs for each type of storage are obl]
tained from the dual variables of LTESS and STESS constraints in Table 4-1.

Therefore, water value (ugﬁtm’w) is obtained from HM-LTESS constraint and

) from HM-STESS constraint. These opportunity costs

intra,w
pb
are for each hour in the time horizon.

Load Duration Curve Model (LDC): The water value (,uf,’fﬁer"“) 1s obtained
from LDC-LTESS in Table 4-1 and storage value (,ui"ter'“’) from LDC-STESS

mb
in Table 4-1. Since there is no chronology between load levels, the opportunity

cost for each type of storage is obtained only for an aggregation of hours (e.g.,
months).

Linked Representative Periods Model (LRP). This model has two balance
equations for each storage technology. One for the storage balance inside the
representative period (intra-period) and another for the storage balance
through the aggregation of hours in the time horizon (inter-period). Each ball’
ance equation has its dual variable; however, the combination of both dual
variables is necessary to determine the equivalent hourly dual variable from
the HM model. Equation (4-1) defines the hourly storage/water value for

storage value (,u

short- and long-term storage using the LRP model. ,u;';f,:i“’ is obtained from
the dual variables of intra-period constraints in Table 4-1. In the same way,

UteT® is obtained from the dual variables of inter-period constraints in Table
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4-1. Equation (4-1) shows the opportunity cost of energy storage as a linear
combination of short- (intra-period balance) and long-term decisions (inter!!
period balance). Therefore, the LRP model distinguishes the impact of short
term decisions within the total opportunity cost, which is not possible in the
HM model.

1 intra,w
pTas — z z -(“ rples +ui,’i’§e”"> Vwps (4-1)

w
w
(rpJ)ECIyrpr  MEMPmyp Pm Grp

4.5 Case Study and Results

As a case study, we chose a stylized Spanish power system in target year
2030. The Spanish case is relevant because it has hydro reservoirs (i.e., seal]
sonal storage) and, according to ENTSO-E [100], the next ten years will likely
bring investment in Battery Energy Storage System (BESS), i.e., short-term
energy storage. The wind and solar profiles were taken from [101], [102] while
hourly demand data and annual production per technology were taken from
the scenario 1 in the ENTSO-E Ten Year Network Development Plan 2016
[100].

The water basin is represented by three reservoirs. Reservoirs 1 and 2 are
upstream of reservoir 3, and, therefore, reservoir 3 receives, besides its hydro
inflows, the hydro production and water spillage from reservoirs 1 and 2, such
as in Figure 4-1. The scenario tree is a simplified structure of three scenarios
in order to consider monthly hydro inflows in dry, average, and wet seasons,
see Figure 4-2. The probabilities for each scenario are 30%, 50%, and 20%,
respectively. The first-stage decision is taken for October!? and second-stage
decisions are taken from November to September. For the sake of simplicity,
the stability of the solution for different scenario trees is not verified. This
will be addressed in future research to determine the impact of different sce!’
nario trees in the results.

Load levels and representative periods are obtained via the k-means cluster!’
ing procedure for each month. The clusters were chosen by normalizing time

series for the hourly demand, wind availability, and solar availability, see

Figure 4-3. We have defined 12 load levels (6 for weekdays and 6 for the week! !
end) per month for the LL model. For the LRP model, we defined some sensil|
tivities for the selection of the representative periods: 1 representative period

with 24h per month (1RPx24h), 1 rp with 48h per month (1RPx48h), 1 rp with

96h per month (1RPx96h), 2 rp with 24h per month (2RPx24h), and 4 rp with

24h per month (4RPx24h). These sensitivities are performed in order to iden[’!
tify if it is better to have only one rp per month sharing information or to have

more rp per month sharing information among them and between months.

Based on previous results in [95], we expect that more rp per month sharing

information is better than one rp per month.

12 October is the beginning of the hydrological year in Spain.
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Finally, we consider a BESS with a power rating of 200 MW, energy capacity
of 4 hours, and round-trip efficiency of 90%. The BESS is installed to deal
with hourly variation of variable renewable energy sources.

4.5.1 Objective Function and CPU Time

Table 4-2 shows the results using as a reference the results obtained for the
HM. The objective function error is calculated using the value of the objective
function of the hourly model as the theoretical value, while the CPU time is
shown as a fraction of the time taken by the hourly model to solve the prob!(]
lem. All models were solved until optimality, 1.e., until either their optimal
point or the integrality gap equaled zero.

The analysis of the results shows two main situations. First, the LRP
4RPx24h as the best performance in terms of the objective function. The ob[]
jective function error is lower than 1% compared to the HM model, and it only
takes one tenth of the time to solve. In addition, all the LRP results for the
different sensitivities have objective function errors lower than 4%. Second,
although the LDC is one of the fastest models to solve the problem, its objecl’
tive function error exceeds 10%!3. Therefore, the LRP improves the results of
the hydrothermal dispatch problem without hampering the computational efl’
ficiency.

The results obtained for the sensitivities of the LRP model confirm that more
rps per month sharing information is better than one longer rp per month.
For instance, the 1RPx48h and 2RPx24h take the same number of hours per
month and produce similar CPU time performance. However, the objective
function error in 2RPx24h is half of that obtained with 1RPx48h. Therefore,
and for the sake of simplicity, we show only the LRP 4RPx24h model results
in the following sections.

Table 4-2. Objective Function Error and CPU Time

LRP LRP LRP LRP LRP

ARPx24h 2RPx24h  1RPx96h 1RPx48h 1RPx24h 'PC
OF Error [%] 0.1 1.7 3.4 3.6 3.6 11.7
CPU Time [p.u.]  0.10 0.02 0.05 0.02 0.01 0.01

4.5.2 First- and Second-Stage Production Results

Table 4-3 shows the errors in production per technology for both LDC and
LRP model. Negative values indicate an underestimation in comparison to
the HM result, while positive values indicate an overestimation. The black
color is used to highlight absolute values lower or equal to 5%, light orange
color for absolute values greater than 5% and lower or equal to 10%, and the
dark red color for absolute values higher than 10%. Technologies such as coal
and fuel oil are not shown because their total production is negligible. Addil]
tionally, technologies such as wind, solar, and run-of-river are also not shown,
in this case because the total production error is lower than 1% in both mod/’
els.

13 Considering twice the number of LL, the LDC objective function error reduces to an error of 6%, but the CPU
time increases six-fold.
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The results are classified into two groups: first and second stage. The LRP
model has better results than LDC model in both groups. In fact, BESS prol]
duction error in the LRP model is almost ten times lower than the result with
the LDC model for the first stage, and almost twenty times smaller for the
second stage. The Open Cycle Gas Turbine (OCGT) is more difficult to estil]
mate in both models because it is the peak technology, and yet the LRP im[!
proves the approximation made by the LDC.

Table 4-3. Total Production Error per Technology [%]

Tech First Stage Second Stage
LDC LRP LDC LRP
Scl 2.9 Scl -0.3
Nuclear 4.6 1.7 Sc2 2.8 Sc2 -0.4
Sc3 3.3 Sc3 -0.7
Scl -3.5
CCGT -35.8 -0.5 Sc2 -4.4
Sc3 -2.6
Scl -68.4 Scl -49.0
OCGT -30.7 -22.7 Sc2 -44.3 Sc2 -0.5
Sc3 -68.8 Sc3 -16.9
Scl -0.4 Scl -0.3
Hydro -4.3 Sc2 0.6 Sc2 -0.5
Se3 -0.3 Se3 -0.3
Scl 133.9
BESS 110.9 Sc2 115.1
Sc3 123.7 Sc3 4.6

The LDC model underestimates Combined Cycle Gas Turbine (CCGT) prol]
duction (marginal technology most of the time) due to the loss of chronology
among the load levels that overestimates BESS production, see Table 4-3.
This leads to an underestimation of BESS storage values, see Table 4-3. On
the other hand, the CCGT production error in the LRP model is lower than
5% as well as the BESS storage value in Table 4-4 thanks to the more accul’
rate representation of chronological constraints. These results show the in[]
terdependence between the marginal technologies and the BESS storage
value.

4.5.3 Hydro Reservoir and SoC Results

In this section, we analyze the storage level for both technologies, i.e., hydro

(seasonal storage) and BESS (short-term storage). First, the storage level for

hydro reservoir is approximated with more accuracy in the LRP model com[’
pared to the LDC model. For instance, Figure 4-6 (top) shows the storage level

for reservoir 2 in scenario 1 for both models in comparison to the HM model.

The storage-level-average error over all the scenarios and reservoirs is 4.5%

for the LRP model and 9.0% for the LDC model. Therefore, the LRP model is

twice as accurate as the LDC model for the reservoir levels.

Second, the hourly BESS SoC can be obtained for the LRP model, which is
not possible with the LDC model. Figure 4-6 (middle) shows the hourly evo!!
lution of the SoC in a particular week for the HM and the LRP model. We can
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observe the daily cycles of the BESS and how the LRP model results mimic
the HM solution. We also want to compare the BESS results obtained from
the LDC model. Therefore, we have estimated the total number of cycles!4
obtained from each model in the target year. Figure 4-6 (bottom) shows the
total number of cycles per scenario for each model. The total number of cycles
determined from the LDC results doubles the number obtained with the HM
model, which was expected due to the overestimation in the BESS production
shown in Table 4-3. By contrast, the average error in the number of cycles for
the LRP model is 5%. This result is important because the number of cycles
1s key to determine replacement or maintenance in BESS.
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Figure 4-6. Reservoir Level, BESS SoC, and BESS total number of cycles

4.5.4 Marginal and Opportunity Costs

Table 4-4 shows the errors with Stochastic Marginal Cost (SMC) and Oppor![’
tunity Cost (OP). The HM results are chosen as a reference for the error call’
culation. The SMC is calculated as the weighted dual variable from the ball’
ance equation in each model. The OP is calculated as the weighted dual varill
able from the inter-period storage balance equation in each model in Table
4-1. We use the same color notation as in Table 4-3. On the one hand, the LRP

14 The cycles are estimated for all models using the total charge/discharge energy over the year and dividing it by
the BESS’ maximum energy capacity.
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model mostly leads to errors lower than 5% and is the most accurate model in
almost all results. On the other hand, the LDC model yields in most of the
cases errors higher than 10% and, as expected from the results in previous
sections, exhibits the worst performance in the opportunity cost of the BESS
throughout the time horizon.

The errors in reservoir 3 are higher than those in reservoir 1 and 2. This is a
reasonable result, considering that reservoir 3 is downstream of reservoir 1
and 2. Therefore, errors in reservoirs 1 and 2 propagate to reservoir 3 and
complicate the estimation.

Table 4-4. Stochastic Marginal Cost and Opportunity Cost — Error [%]

Month SMC OP Res 1 OP Res 2 OP Res 3 OP BESS
LDC LRP LDC LRP LDC LRP LDC LRP LDC LRP
Oct -13.7 1.3 -16.3 -06 6.6 -0.6 -23.9 2.8 -6.7 -2.0
Nov -4.7 -2.0 -16.3 -06 66 -0.6 -23.9 2.8 -4.7 -0.4
Dec -28.5 0.3 -16.3 -06 66 -06 -23.9 2.8 -16.3 -3.6
Jan -10.8 -1.3 -17.7 -24 82 24 226 -1.2 -32.2 -0.9
Feb -8.7 0.7 -12.5 -04 82 -04 -226 -1.0 -32.4 -3.1
Mar -13.5 6.6 -12.5 -04 82 -04 -214 -1.0 -27.4 5.6
Apr -9.5 0.6 -12.5 -04 82 -04 -214 -1.0 -29.0 -3.2
May -14.0 0.2 -12.5 -04 82 -04 -214 -1.0 -26.7 0.0
Jun -9.4 1.4 -12.5 -04 82 -04 -214 -1.0 -26.3 4.3
Jul -23.1 2.0 -12.5 -04 82 -04 -214 -1.0 -37.9 4.3

Aug -13.8 4.7 -11.9 1.2 -69 -06 -223 -14 -30.2 1.9
Sep -15.0 1.5 15.4 0.4 -6.9  -0.6 6.0 0.3 -28.8 -0.9

In Section 4.4, we have defined the equation (4-1), which allows us to deter!!
mine the intra-period or hourly opportunity cost in the LRP model. This rep(’
resents the main advantage over the LDC. Figure 4-7 shows the opportunity
cost (or storage value) of BESS in the HM, LRP, and LDC models for a par[]
ticular week. The opportunity cost obtained from the LRP model mimics the
trend followed by the results in the HM model. In fact, almost 75% of the time,
the difference between the results of both models is lower than 10%. Figure
4-7 shows one value for the LDC model throughout the week because it only
determines one opportunity cost value per month, see Table 4-1.

1 1 1

84 96 108 120 132 144 156 168
Hour

Figure 4-7. Opportunity Cost or Storage Value of BESS [€/ MWh]

87



4.6 Discussion

The coordination of short- and medium-term hydrothermal models has been
traditionally performed by using two models and sharing information be-
tween them [114]-[116]. One medium-term model runs first using a reduced
chronology, such as the LDC model described in Section 4.3, in order to obtain
the end volume or the water value from each reservoir. Under the assumption
that a Stochastic Dual Dynamic Programming (SDDP) [114], [117] approach
has been used to solve the medium-term model, a piecewise-linear Future
Cost Function (FCF) can be utilized to meet end-point conditions from the
medium-term model in the short-term model [118]-[120]. This information is
used as input data in a short-term model to find the daily levels and hourly
economic signals.

The main drawback of this process is that the medium-term model, i.e., LDC
model, does not consider short-term chronological information. In fact, as
shown 1n Section 4.5.1, the LDC model has the worst performance. All the
time resolutions tested for the LRP model have shown a better performance
than the LDC model. This means that LRP succeeds in the internalization of
short-term chronological information in the medium-term hydrothermal
problem, which enables inclusion of the operation of BESS without solving
the HM model for the entire medium-term horizon. In other words, the LRP
model co-optimizes both medium- (or long-) and short-term decisions.

The LRP model is also compatible with decomposition techniques, such as
Benders' decomposition or SDDP, in order to consider a large number of sce-
narios in the scenario tree. Therefore, we could obtain the FCF internalizing
the hourly dynamics of short-term storage, which is not possible with the cur-
rent LDC model approach.

4.7 Main Takeaways in this Chapter

Through this chapter we have proposed a new formulation to include short-
term ESS operational decisions in a stochastic hydrothermal dispatch model,
which is based on the proposed enhanced version of the representative peri-
ods approach that allows an analysis of both short- and long-term storage at
the same time. The main analysis and results can be summarized in the fol-
lowing takeaways:

o We have validated the initial hypothesis that short-term energy storage
(e.g., BESS) decisions on energy production impact the opportunity cost
(or water value) of seasonal storage.

e For the analyzed case study, the classical LDC approach underesti-
mates the water value to be between 6% and 24% for seasonal hydro
reservoirs.

e Operational results (e.g., productions, number of cycles for short-term
storage, and storage levels) have a better estimation in the LRP model
than in the LDC model.

e Hourly opportunity costs internalize long-term signals due to seasonal-
ity in the power system. In other words, the water value in seasonal
storage includes the impact of short-term operational decisions.
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This is important to help market participants or planning authorities
in their decision-making process (bids or investment decisions) by de-
termining correct economic signals (i.e., short-term prices and long-
term expected values) with the co-optimization approach in the LRP
model and therefore avoiding sub-optimal solutions from iterative pro-
cesses (e.g., fixing the hydro reservoirs levels obtained from a medium-
term model in a short-term operational model).
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This chapter studies optimization models for ESS investment in medium- and
long-term planning. The results are divided in two main sections. The first
section investigates the effects of transmission losses, constraints and in!]
creased renewable energy penetration on planning ESS allocation and invest[
ment. By modifying a DC Optimal Power Flow model using a linearized ap!]
proximation for ohmic losses we were able to understand which network char!
acteristic or inhibitor drives the most change in expanding utility scale stor!]
age. The results show that network congestion is a more influential network
inhibitor than ohmic losses representation. Ohmic losses representation only
has substantial effects on an uncongested network and produce marginal
changes in ESS allocation when in congested ones.

The second section compares the system-states type and representative-periods
type methods when short-term energy storage and seasonal storage are inl]
cluded in the optimization models for ESS investment decisions. As in Section
3.2, the proposed enhanced version of the representative periods method suc!]
ceeds in a more accurate representation of both short- and long-term storage,
leading to almost 10 times lower error in ESS investment results in compari!]
son to the other models analyzed. Finally, we analyze the close relationship
between renewable curtailment and ESS investment in both type of models.
The results show that models in which the renewable curtailment is underes!]
timated, the ESS investment is underestimated as well.

The analysis and results in this section were published in Article II1 [121] and
Article I1 [95].
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5.1 Analysis of Transmission Network in ESS Investment

Designing a storage network on a grid-scale requires examining capacity rel
quirements, resource allocation, and grid-specific properties [50]. A common
method used to account for this is the optimal power flow (OPF) framework.
Studies [122], [123] have explored adding charge and discharge dynamics to
AC OPF functions in order to explore the effects of energy trading, demand
reduction and power regulation. Others e.g., [124], [125] have looked at ex!]
panding this type of modeling to include multiperiod storage location optimi!’
zation. Studies such as [126] have also used AC OPF models to study the ecol’
nomic benefits realized using energy storage for emissions reductions and/or
congestion relief.

In general, OPF Problems are nonconvex and NP-hard making them difficult
to solve. Therefore, DC OPF linear approximations [127] as opposed to the AC
OPF models mentioned above, have been used extensively to explore optimal
storage siting problems for both customary and renewable energy grids. Much
attention has been brought to using DC OPF Functions to fluctuation chall]
lenges associated with high renewable penetration [128]. These models have
also been used to understand how storage can be used as a risk mitigating
measure regarding the uncertainty of renewable generation [129].

The choice of model for this analysis was based on the following: General

transportation models only consider Kirchhoff’s First Law of energy/power
conservation which is not a viable means of planning technology expansion.

Contrarily DC power flow models (DCPF) consider both Kirchhoff’s First Law

and a linearized version of his second law to account for voltage balance.

These models allow users to approximately represent losses but not stability

considerations in transmission. This makes them suitable for medium and

long-term planning for investment and allocation of new elements in the

power grid (i.e. generators, transmission lines, transformers, etc.) [130]. As

this study 1s not concerned with exploring voltage and stability problems as/’
sociated with grid operation, building upon the DC OPF-based model in [50]

was sufficient. This allows for increased computational tractability that

would be lost had this model been expanded to an AC power flow represental’
tion. [50] expanded on the DC OPF-based storage allocation formulas to in[J
clude a portfolio of storage technologies operating on different time-scales into

the OPF-based siting and dispatch problems. This was used to optimally all’
locate and invest in storage in both congested and uncongested networks.

Congestion can strongly impact the sizing and siting of storage facilities by
preventing proper power distribution, leading to outages or increased system
stress. Losses in power flow throughout a network can similarly affect grid
reliability by preventing the right amount of power from reaching demand
centers. Studies such as [131] have explored how energy storage technologies
can improve overall grid efficiencies by relieving congestion, stabilizing power
and minimizing transmission and BESS round-trip losses. While this is crul’
cial in effectively integrating distributed storage solutions, it neglects to give
a system planner an optimal network-level strategy for designing new storage
projects. Ignoring line losses may initially show lower total system costs, how!’
ever, it can lead to expensive investment adjustments down the road due to
disregarding transmission losses [132]. This work expands on [50] to account
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for both network congestion and transmission losses. A linearized approxima/
tion of ohmic losses was adapted to do this [133]. By investigating physical
constraints in a transmission network, the impact that storage expansion will
have on grids operating with non-dispatchable power can be better analyzed.

5.1.1 Optimization Models

In order to analyze the impact of transmission losses and congestion in ESS

allocation and investment, two optimization model are defined. Appendix C

details both models, one for the allocation analysis and another for the invest[’
ment problem. Moreover, the models are an extension of the OPF problem

with chronological constraints (e.g., ramping constraints, energy storage ball’
ance). It includes multiple options for storage technologies, creating a larger

problem size. To increase the tractability of the problem a linearized DC OPF

approximation was adopted. The allocation model fixes the total storage call
pacity available for the mix of technologies and optimizes the sitting of these

resources throughout the network while considering linearized ohmic losses.

The investment model further extends the allocation model to include invest[]
ment costs for installing storage capacity. Section 5.1.2 breaks down how the

linearized approximation and subsequently its related terms and constraints

are formulated.

Both models in Appendix C aim to analyze the allocation and investment de’
cisions for STESS only. Section 5.2 analyzes the ESS investment problem
while considering both STESS and LTESS at the same time.

5.1.2 Transmission Losses Modeling

The key attribute of this analysis is the consideration of losses throughout the
system. To maintain the optimization model’s tractability, a linearized piecel
wise ohmic loss approximation is used [133]. Doing this requires starting with
cosine and quadratic estimations of transmission losses. First, a cosine curve
was used to represent the active power dissipated in a circuit. This provides
a good approximation of transmission losses. While the function itself is con(’
vex, the problem remains non-convex and non-linear preventing a globally
optimal solution from being found. To address this, we first use a Taylor Sel’
ries expansion of the cosine function to obtain a quadratic approximation of
transmission losses.

The resulting losses can be estimated to the first two elements of the expan(’
sion since the subsequent terms yield negligible values. This is a relatively
standard method of simplifying the optimization problem. However, it results
in the same problem as before—the model remains non-convex and non-lin[}
ear. To correct for this, the quadratic approximation can be estimated using
a linearized piecewise function [133]. Figure 5-1 shows the linear piecewise
approximation relative to the quadratic representation, where index k de-
notes the linear segments in the piecewise function, m; is the slope for each
linear segment k at time t, A,,,,(t) is voltage angle difference between nodes
n and m at time t, and A;,,(t) is the approximated quadratic function for
transmission losses.
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Figure 5-1. Piecewise Linear Approximation of Ohmic Losses

In addition, two new parameters are introduced in order to perform the linear
approximation: X; Original x-axis values used, and I, y-intercept values for
each segment. These parameters allow us to calculate the equations of each
segment used to approximate the quadratic function with linear curves at
specific points via (5-1), where subset 0, guarantees that only connected
nodes through a transmission line are considered. Using them we find that
the values of A;,,,,(t) are approximately equal to the square of the voltage an[]
gle differences used in the general quadratic approximation. Therefore, trans(]
mission losses on a line can then be represented as O.S(G tnmﬁgm(t)), where
Gtum 18 the circuit conductance. Note that this product is halved as to prevent
counting both the positive and negative sides of the approximated curve.

A () = (22X D () + I, vk,me 6,,t (5-1)

With this approximation, the optimization problem becomes both linear and

convex. It can therefore be solved to obtain a globally optimal solution. Gen!!
erally, it is possible that the optimal solution could choose a fictitious amount

of system losses (e.g., a point above the approximation curve). This is most

likely to occur in a unit commitment problem, where the model would find it

more economically favorable to artificially increase transmission losses to

prevent a thermal generator from incurring relatively large shut-down costs.

But it is not physically possible to make a transmission line more resistive

than its material composition allows for. To correct this, binary variables can

be used to restrict power loss values to the piecewise function, thereby creat!’
ing a MIP, and consequently an increasingly complex problem [134]. Because

this analysis did not deal with unit-commitment decisions, this additional

complication was unnecessary.

5.1.3 ESS Performance Metrics

To best comprehend model output and draw conclusions on allocation and in(’
vestment decisions, three additional metrics were calculated using the afore(’
mentioned parameters. These metrics are defined as follows:

~ max{s;,(t)}

kj

OM;,, Vj,n (5-2)
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CM;,,
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Where index j denotes the set of energy storage technologies, s;, (t) represents
the storage level, k;, represents the installed storage capacity, 7, (t) correl!

spond to the charging rates of each storage technology, and At is the duration
of time step.

The Overall Capacity Metric (OM) in (5-2) compares the maximum storage
level in MWh attained over the time horizon to the actual amount of capacity
of that technology installed at each node. The Cycling Metric (CM) in (5-3)
keeps track of how many full charging cycles a technology goes through over
the total time horizon at each node. Lastly, the Overall Storage Level Metric
(OSL) in (5-4) provides an idea of how much energy each technology stores
throughout a day for each scenario in comparison to the base case of an un!/
constrained network.

5.1.4 Case Study Description

The numerical examples are based on the 14-bus IEEE benchmark system
[135]. Transmission constraints are adopted into this model via TCJ}3* param-
eter. Unless otherwise stated the transmission capacity between any two
nodes is 400 MW. Note that all data inputs (excluding those relevant to the
losses formulation) are adopted from [50].

This includes information regarding the charge/discharge rates [8] and total
storage capacity and charge/discharge efficiencies [99]. Relevant information
regarding the available storage portfolio is presented in Table 5-1.

Table 5-1. Storage Technology Parameters

Storage Dis/Charge Effil] Investment Cost C]‘: Discharge Duration
Technology ciency ¢, 14 [p.u.] [$/MW per day] DD; [h]
PSH 0.87 250 12
CAES 0.78 24 24
BESS 0.94 800 4
FES 0.96 550 1/12

Four different storage technologies were considered: pumped-storage hydro
(PSH), compressed air energy storage (CAES), battery energy storage system
(BESS), and flywheel energy storage (FES). Studies were run over a 24-hr
time horizon with time steps At = 5-min throughout the day allowing for both
long- and short-time scale observations. Both conventional thermal and wind
generation occur at buses 1, 2, 3, 6 and 8. Wind production is treated as a
parameter. As such, the model is set up to force all wind generated power to
be accepted. The information is adopted from the 2006 NREL Western Wind
Resources Dataset [136]. Wind data was available in 10-min intervals. A set
of interpolated 5-min intervals was used to run these cases.

In Sections 5.1.7 and 5.1.8, the wind generation was scaled up and down by
fixed multipliers to represent different generation scenarios. The optimizall
tion models are developed in GAMS 25.1.1 and solved using the commercial
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solver GUROBI 8.0. The solver defaults settings were used for all the experil]
ments, which were run on an Intel-17 CPU@3.4-GHz computer with 16GB of
RAM memory and four cores.

5.1.5 Results for ESS Allocation in an Unconstrained Network

Here we analyze the allocation of storage in an unconstrained network with
losses. We assume in this scenario that the maximum amount of capacity for
each storage technology will always be allocated throughout the network.

Excluding losses, we find that the locational marginal pricing (LMP) at every
node is the same. No technology is favored, and the capacity of each technoll’
ogy 1s distributed evenly system wide. However, no CAES storage was chosen
at all. The absence of this technology is likely the result of its low round-trip
efficiency. The introduction of losses into the model led to changes in the spal’
tial distribution of storage capacity and the temporal usage of each technol
ogy. FES and PSH technologies exhibited the greatest changes. We can ob[J
serve the changes in nodes 3 and 9 to best understand this.

Table 5-2. Storage Allocation, Additional Storage Metrics

Case Study Tech CM [p.u.] OM [%] OSL [p.u.]
n3 n9 n3 n9 -

PSH 0.003 0.003 100.0 100.0 1.000
Congestion = NO CAES 0.003 0.003 100.0 100.0 0.000
Losses = NO LION 1.734 1.734 92.9 92.9 1.000
FES 5.305 5.305 92.9 92.9 1.000
PSH 0.004 0.001 100.0 100.0 1.242
Congestion = NO CAES 0.000 0.000 100.0 100.0 0.000
Losses = YES LION 3.119 1.044 88.6 98.0 0.999
FES 18.091  10.661 70.9 86.7 0.999
PSH 0.127 0.000 99.2 100.0 15.525
Congestion = YES CAES 0.000 0.000 100.0 100.0 0.000
Losses = NO LION 1.174 2.110 9.4 100.0 1.071
FES 6.640 0.000 24.5 100.0 1.111
PSH 0.090 0.000 99.2 100.0 15.797
Congestion = YES CAES 0.000 0.000 100.0 100.0 0.000
Losses = YES LION 1.040 0.000 10.8 100.0 1.073
FES 6.178 0.000 25.8 100.0 1.095

As expected, the CM in Table 5-2 indicates that FES goes through the most
full-cycles of any technology in the portfolio. This is likely attributed to its
short ramp time which allows it to fully charge and discharge within a single
timestep. When losses are introduced, the number of cycles more than triples
at node 3 and doubles at node 9 even though the overall capacity remains
unchanged. FES is the “fastest” technology allowing it to stabilize short term
fluctuations in load caused by wind generation. This characteristic becomes
increasingly advantageous when there is less flexibility in power transmis(]
sion to ease load volatility. PSH is a slow-moving technology but its large all’
lowable capacity permits it to employ a day/night arbitrage pattern of operal’
tion. The OSL in Table 5-2 illustrates this trend with an increase of 24% in
PSH storage usage midday, allowing a system operator to dissipate stored
energy at the evening peaks. Looking at Figure 5-2 we see this pattern of
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storage deployment illustrated by the step down in network-wide PSH stor[’
age level starting around time-step 175. The storage level remained at a plat[’

eau midday when demand was lower in order to be discharged when it was
needed most.

PSH Free Flowing Network

e X —No Losses
b S With Losses

O = N WA LN 0e 0
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Network Storage Level [MWh]

Time Step, 7 [5 min intervals]
Figure 5-2. PSH Storage level in a free-flowing network

5.1.6 Results for ESS Allocation in a Constrained Network

In this section we explore how network congestion impacts storage allocation.

Originally values representing a very congested network were used to simul’
late the case of “full” congestion. Congestion was introduced into the network

as follows: TCMAX = 8OMW, TCMAX = 40MW, TCYAX = TCMAX = 30MW . The re-

maining lines had a capacity of 400 MW.

Storage in an uncongested network exhibited significant changes in location
and usage when losses were introduced, however this was not the case for the
constrained case. In this scenario, a system operator is limited as to where
they can route power to meet demand. This makes the system unable to deal
with rapidly changing power flows such as those discharging from flywheels.
The CM and OM metrics at bus 3 for FES in Table 5-2 indicate this. The CM
did not change significantly, and the OM dropped to 24%, indicating that FES
storage was not used at full capacity in the constrained network. Considering
losses did not change these values significantly. For PSH storage network
congestion increased the OSL fifteen-fold system-wide from the base case.
Again, considering losses yielded no significant changes.
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Figure 5-3. PSH Storage in a congested network
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Figure 5-4. PSH storage with and without congestion

In Figure 5-3 and Figure 5-4, we see that losses take a backseat as the driver
of capacity allocation in congested networks, creating no significant shifts in
storage operations. This is best illustrated in Figure 5-3 by looking at how the
storage level curve with losses has negligible differences to the based case
curve. introduced. However, when congestion was introduced on its own, we
observe a drastic impact on PSH storage as shown by the dramatic increase
In system wide storage level in Figure 5-4. Thus, while it may be important
to consider transmission losses in a free-flowing network, in a congested they
will not significantly impact how a storage system should be integrated.

5.1.7 Results for ESS Investment in an Unconstrained Network

While the previous cases worked on the premise that all the available storage

capacity 1s allocated and free of charge, the next two cases will include the

cost of installation as well. In every one of the four scenarios investigated for

allocation, FES was the only storage technology worth investing in. This is

because of its flexibility in deployment, and ability to stabilize load. However,

no significant changes in capacity investment were observed when losses, con!’
gestion, or both forms of blockage were introduced. We can conclude that net(’
work inhibitors did not increase the marginal value of storage capacity, mak!]
ing the investment costs too high to bare for large-scale expansion at the base

level of renewable penetration.

To investigate the value-add that storage can provide as a load stabilizing
technology, the net demand profile was shifted by introducing different del’
grees of wind generation. Since the erratic generation pattern of wind was
likely pushing all investment into FES, we wanted to understand what would
happen with different magnitudes of wind generation. The NREL Western
Wind Sources Data Set [136] was applied to the model at 25%, 50%, 100%,
200%, 250% and 300% of the base values used in Sections 5.1.5 and 5.1.6. The
Standard Value of wind production will be used to refer to the case of 100%
of production provided in the NREL Western Wind Data Set.

For the case of an unconstrainted network at or below standard wind produc(’
tion, FES was the only storage technology invested in. In fact, when wind

generation was reduced to the lower boundary of 25% of standard production,

the total invested capacity of FES only dropped by 5% as indicated by the

capacity investment values in Table 5-3.

This implies that the need for FES capacity may primarily be to provide genl[
eral load balance as opposed to just dealing with fluctuations from volume of
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wind generation. Despite this, when wind production is increased in the net-
work, a significant change in investment strategy is observed.

At a 2.5-fold increase, investment in FES capacity increases by 41% and with
an additional 103 MWh of CAES being invested as shown in the second to last
column of Table 5-3. This is the first instance where the model chose to invest
in CAES across all scenarios. Recall that in the allocation cases, the low effi-
ciency of this technology seemed to make it an unfavorable choice. Similarly,
at low levels of wind generation, CAES was not advantageous to install.

However, when wind production rose (and thus overall energy produced in
the network increased) there grew a need for large-scale energy reservoirs.
Table 5-3 indicates this pattern in the first case, right-most column, by the
high volume of capacity investment (i.e., darkest green cells). The cost of in-
stalling new technologies is a function of the discharge duration as well as a
capacity cost. Technologies with longer discharge durations have a lower cost
per MWh. Looking back to Table 5-1, we see that likely this caused the model
to favor CAES despite its inefficiency. In the Standard Wind case, a signifi-
cantly more expensive technology like FES is favorable because of its ability
to smooth out the energy balance. In the high production scenarios, the sheer
increase in volume of energy seems to be the most significant driver of invest-
ment decisions. The model chooses to find a way to use all the power in the
network anyway it can as a priority. It should be noted that in the 300% case,
no energy was produced from thermal generation.

Table 5-3. Total invested capacity for each technology in kWh

Wind production

Case Study Tech
x 0.25 x 0.50 x10 x20 x25 x3.0
PSH 0 0 0 0 9 206
Congestion = NO CAES 0 0 0 0 103 535
Losses = NO LION 0 0 0 0 0 55
FES 200 200 211 237 298 0
PSH 0 0 0 0 19 211
Congestion = NO CAES 0 1 0 0 123 538
Losses = YES LION 0 0 0 0 0 57
FES 204 204 217 257 312 0
PSH 0 0 49
Congestion = YES CAES 1 1 0 0 209
Losses = NO LION 0 0 14
FES 188 266 212 363 309
PSH 0 0 0 0 53
Congestion = YES CAES 0 1 0 0 204 818
Losses = YES LION 0 0 0 0 13 117
FES 184 262 221 361 326 17

Figure 5-5 can be used to get an idea of the distribution patterns for the in-
vestment models using the FES investment results in the base case wind pro-
duction scenario. First, transmission congestion has more impact on the dis-
tribution of investment than the transmission losses. However, if transmis-
sion losses are not considered then the FES capacity is invested in evenly
throughout the network, making it impossible to differentiate among the
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nodes for investment. This situation changes when losses are introduced, for
Iinstance, there are significant increases at nodes 3, 4 and 9, which comprise
the three largest demand nodes. There is also a significant increase in storage
capacity at nodes 7 and 8. These two nodes house major wind generation and
losses along them must be incurred to reach the other parts of the network.
By storing power at the generation source, a system operator gains some flex-
1bility in where he can distribute stored power when it is needed. Generally,
in the unconstrained case, losses are a major driving force in ESS investment
throughout the network. This causes the system operator to change his in-
vestment strategy to best serve locations where demand is highest and thus
power 1s needed most. Keeping storage capacity nearby allows the system op-
erator to prevent additional losses that would occur if power had to be first
transmitted from generator nodes to storage nodes and then back to the de-
mand centers.

Congestion = NO & Losses = NO Congestion = NO & Losses = YES
x3.0000]J0f0]O0]O]JOJOfOf[fO]O]JO]JO]JO[|O ofojfojojofo]JOojOojoOfO]JOjJOfO]|O
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x2.000 171717 | 17| 17| 17| 17|17 17| 17| 17| 17| 17| 17 13[20(39]|26| 9 |37[16|16]|16]| 8 | 5 | 14| 23] 16
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x0.50[ 14| 14| 14|14 (14| 14| 14| 14| 14| 14| 14| 14| 14| 14 9111|1926 2 |20|16|16|13|10| 4 [ 11| 23|24
x0.25) 14| 1414 14| 14| 14| 14| 14| 14| 14| 14| 14| 14| 14 9 [11]18(23| 4 |15| 171714 | 11| 4 | 12| 23| 26

Congestion = YES & Losses = NO Congestion = YES & Losses = YES
x3.0000[0]13]0[0[0]0]|0]|O0 0[0|[0]O0O 0|0|13/]1]|]0[0]|]0O]JO]J]O|[O]JO]J]O[O|O
x2500 2 | 2 (189017 5| 7 |14|14]12|11| 9| 8 | 8 [10 5|5 198/ 15 6 |30]|10|10|10[ 5[ 3| 8[12] 9
x2.00] 4 [25|281| 10| 1 |2 | 7| 7|6 4123 124|275/ 6| 1|15/ 6 |6|6|3[1|4]|6]|6
x1.000 0 | 4]137|34| 0 [0 |14|14| 6| 2| 0| 0[0]| 1 0| 3(135/36|0|3]|6|6|1[2]0]6]|12|10
x0.50 0 | 1 [66[116] 0 | O |34[34]12 0]0|0 0| 166|117 0 2002000 2] 1]5]13[13
x02500[1]50|81|0|0]|24|24|/6|1]0|0[0]0 0| 1(50|81|0|1]10]10}0[1]0]|5/[12]13

nl|n2|n3|n4|n5|n6|n7|n8|n9nl0jnll|nl2(nl3|nl4| [nl|n2|n3|n4|nb|n6|n7|n8|n9 |nl0jnll|inl2|nl3|nl4

Figure 5-5. FES invested capacity per node

5.1.8 Results for ESS Investment in a Constrained Network

Congestion was introduced identically to the allocation case, as follows:
TCMAX = 80MW, TCMAX = a0MwW, TCYAX = TCMAX = 30MW. As was the case in
the allocation model, congestion had a more significant impact on the invest-
ment strategy than did losses. In the free-flowing case, most of the system
wide storage capacity was sited at the bus with the greatest load—bus 3.
When wind generation increases over twice the standard rate, FES is re-
placed with CAES. The introduction of losses alone only led to a slight in-
crease in system storage capacity while maintaining the same technology se-
lection shown in Figure 5-7. This held true even for the highest wind genera-
tion scenarios. When congestion was introduced into the network, system-
wide storage capacity nearly doubled. Most of this change can be attributed
to an 80% increase in CAES capacity investment.

Much like the free-flowing case, the largest share of storage capacity, specifi-
cally CAES, was located at bus 3. Looking at Table 5-3, we observe that as
wind generation increased from 250% to 300%, this pattern was exemplified.
It manifested itself in a nearly 5-fold increase in CAES, 5.5 times increase in
PSH and a doubling of LION at bus 3. These results are reflected in the two
right-most columns of Table 5-3. This was significantly higher than the in-
creases observed when introducing losses alone. The model seemed to gener-
ally follow this pattern as wind generation in the system increased.
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Adding both transmission constraints and losses into the model dampened
these effects slightly. While there were significant changes in storage capacity
investment from observing losses alone in the model, the network appears to
be too constrained to invest in quite as much storage. Inhibiting power flow
makes it less economic to have storage located only at demand and generation
hubs. Since losses must be incurred when moving throughout the network, it
makes less sense both logistically and economically to rely on stored power.
For this reason, a decrease in overall storage capacity of 10% is observed.

5.1.9 Analysis and Discussion

To better understand the results of the case studies, we will explore the im-
plications of the observations made earlier. For the various allocation scenar-
10s, we find that round-trip efficiency governs the way the storage capacity is
sited, and therefore the technology with the lowest efficiency, CAES was
never chosen. When investigating the effects of losses and congestion, we find
that congestion is a more forceful driver in capacity allocation than are losses.
Both network inhibitors push capacity siting towards nodes with high de-
mand and high wind generation, with congestion doing so to a much greater
degree. Introducing losses to a congested network results in no change in ca-
pacity siting or in technology deployment. It is therefore imperative for a sys-
tem operator to consider network congestion above losses as an unforeseen
cost when planning grid-scale storage integration. As for transmission losses
alone, ignoring them may lead to some initial saving but long term will re-
quire network upgrades.

The second set of cases focused on storage capacity investment. When run-
ning the same scenarios as the allocation model, we find that the model out-
put did not vary significantly with the introduction of congestion or losses.
The model always favors investment in FES storage since the marginal value
of storage capacity is tied to its load stabilizing capabilities. To study different
degrees of load variability, the cases were rerun with varying levels of renew-
able penetration.

When wind production is scaled down no substantial changes to the FES in-
vestment strategy are observed, affirming that this technology’s primary use
1s for system load-balance needed irrespective of non-dispatchable genera-
tion. However, when production is increased, the investment strategy
changes greatly, buying mostly into CAES capacity. Since the model does not
allow for any spillage, all wind power generated must be consumed to meet
demand, lost via transmission or stored. We find that losses do not signifi-
cantly change the ESS investment mix at any level of renewable penetration,
however, they can help to differentiate among the nodes for provide a spatial
distribution for ESS investments. On the other hand, congestion leads to
nearly double system-wide storage capacity for the highest wind production
case. This is in line with the observations made when looking at the allocation
model—congestion plays a more important factor in planning large-scale en-
ergy storage integration than losses do.

Looking at the objective function output for these cases we can reaffirm this
observation. Note that the demand in every case was held constant. The base
case objective function value (equivalently system operating cost) was
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$841,891. For the allocation model, introducing losses, only causes a 2.4% in-
crease 1n operating cost, while congestion results in a 13.5% increase. When
adding losses to the constrained network, we only see an additional increase
of 2% to the objective function value.

The objective function in the base case for the investment model was $836,343
(0.7%). A summary of the per-unit change in system operating costs for the
set of investment studies can be seen in Table 5-4. It can be seen that with
standard wind generation, losses again only add 2.4% to the objective function
value while congestion increases costs by a factor of 12.9%. As was shown in
the allocation model, the addition of losses to a congested system only in-
creases the overall operating cost by 2%. Moving horizontally across the table
we observe that operational cost has an inverse relationship to the amount of
wind generation available. Since demand is held constant in all cases, as free
wind generation decreases, thermal generation must be deployed to compen-
sate. This cost increase becomes larger in a constrained network.

Table 5-4. Change in objective value [p.u.] for investment case studies

Wind Production

Case Study

x 0.25 x 0.50 x 1.0 x 2.0 x 2.5 x 3.0
Congestion = NO 1.645 1.419 1.000 0290 0031  0.000
Losses = NO
Congestion = NO
L T ES 1.681 1.451 1.024 0.301  0.037  0.000
Congestion =YES o7, 1.598 1.129 0.307  0.035  0.000
Losses = NO
Congestion = YES
L YES 1.880 1.622 1.149 0.320  0.041  0.000

5.2 System States and Representative Periods Compari-
son

The previous Section has shown the impact of transmission congestion and
losses in the ESS investment decisions. The results were focused on STESS
investment, while the LTESS was not considered in the case studies. In this
section, we address the ESS investment considering at the same time STESS
and LTESS. This is especially important in power systems with seasonal hy-
dro reservoirs. In Section 3.2, the models based on the SS and RP approaches
were compared from the operational point of view. Here the classic SS and
RP approaches and their enhanced versions (SS-RFM and RP-TM&CI) are
tested considering ESS investment decisions. The procedure to compare the
results 1s the same as the one used to compare the operating results, see Sec-
tion 3.2.1. Therefore, the HM model is used as a benchmark in the compari-
son. All formulations are detailed in Appendix A.

5.2.1 Case Study and Results

For the investment analysis, we use the same case as in Section 3.2.5. How-
ever, only the investment results are shown because the trend is similar to
that of the operational results (e.g. production, number of start-ups, prices),
see Section 3.2.6.
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We consider the possibility of investment in BESS technology. Unlike the op-
eration case study in Section 3.2.5, BESS initial capacity is not predefined.
We consider an investment cost of 20 [€/kW] for BESS according to the report
“Technology development roadmap towards 2030° [137] and a maximum en-
ergy to power ratio of 4 hours. Table 5-5 shows objective function error and
investment error for each scenario using the HM model results as a reference.
All four models underestimate the objective function, especially when there
is a high share of VRES (scenario 4). However, the range of the error values
remains similar to those shown in Figure 3-11 in the operation analysis in
Section 3.2.6. As for the investment error, the RP-TM&CI model offers the
best approximation. This is because it is the model that most accurately esti-
mates energy prices and energy production of each technology, as it was
shown in Section 3.2.6. Both the SS-RFM and RP-TM&CI models, the original
contributions of this thesis, represent significant improvements on their for-
mer versions of SS and RP.

Table 5-5. Investment result error [%] per scenario

Result Scenario SS SS-RFM RP RP-TM&CI
\% 0.5 0.1 0.8 0.1
Objective V2 1.2 1.0 4.4 0.7
Function
Error V3 0.5 0.4 4.8 5.4
V4 6.4 6.5 1.8 5.6
\%! 79.4 52.0 38.3 -10.3
BESS In- V2 35.4 32.9 929.9 8.3
vestment
Error V3 57.1 49.8 32.3 2.5
V4 34.4 28.8 31.7 3.9

Figure 5-6 shows BESS investment obtained with all the models for each sce-
nario, and the share of VRES (i.e., wind and solar productions). As expected,
BESS investment increases when the VRES share increases in the power sys-
tem. The SS model and the SS-RFM model underestimate the investment by
the greatest amount due to their main drawback, which is that they do not
fully guarantee that the energy stored in the batteries is lower than the ca-
pacity of the batteries. This means that they permit energy to be stored be-
yond what investment has paid for, and therefore require less investment to
achieve the same results as the RP model and the RP-TM&CI model.
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Figure 5-6. BESS investment and VRES share for each scenario
5.2.2 ESS Investment and VRES Curtailment

There is an intrinsic relationship between ESS investment and VRES curtail-
ment. For instance, Figure 5-7 shows the VRES curtailment as a percentage
of the total available VRES for each scenario.
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Figure 5-7. Variable VRES curtailment for each tested model

The amount of curtailment determined by all models underestimates the ref-
erence values from the hourly model. While a portion of the under-investment
in storage shown in Figure 5-6 is due to the inaccuracies in the way storage
1s represented in each model, some of the underinvestment may also come
from the models’ underestimation of VRES curtailments. This is based on the
tight connection between VRES curtailment and storage needs, as shown in
[138]. Models such as ReEDS and RPM use exogenous estimations to relate
these two aspects in systems with high share of VRES. However, the models
proposed in this thesis determine this relationship endogenously, because the
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renewable production is a variable in the optimization problem. Improve-
ments in the clustering process could be performed to improve this relation-
ship; however, further research is needed to verify this hypothesis.

5.3 Main Takeaways in this Chapter

Through this chapter we have studied optimization models for ESS invest-
ment in medium- and long-term planning. The analyses are divided in two
main sections. First, we have investigated the effects of transmission losses,
constraints and increased renewable energy penetration on planning ESS al-
location and investment, using a DC Optimal Power Flow model with a line-
arized approximation for ohmic losses. Second, we have compared the system-
states type and representative-periods type methods when short-term energy
storage and seasonal storage are included in the optimization models for ESS
investment decisions. The analysis and results can be summarized in the fol-
lowing conclusions:

e Transmission losses in the case study had a relatively small effect on
storage siting and investment decisions, while congestion significantly
impacted the model output. Congestion drove higher storage capacity
siting with more of it located close to demand centers. When both forms
of network constraints were introduced simultaneously, losses did not
drastically change the results.

e In addition, the case studies showed that faster ramping technologies
such as flywheels were favored for increased renewable penetration for
their load stabilizing capabilities. However, after a certain threshold of
renewable capacity was reached the investment model favored larger-
scale ESS to better manage excess energy supply and avoid spillage.

e Nevertheless, if there is no network congestion then the transmission
losses play an important role to differentiate among nodes to distribute
the ESS investment.

o When both STESS and LTESS are considered for investment decisions,
then SS and RP approaches are also useful to determine the optimal
investment decisions. As in the operational results in Section 3.2.6, the
enhanced version of RP (i.e., RP-TM&CI model) is the most accurate of
the four approximate models. Therefore, including chronological infor-
mation among representative periods may be an efficient way to include
short-term variations in longer-term planning models that involve en-
ergy storage investment.

o The system states and representative periods models, as well as their
enhanced versions, underestimate the ESS investment. Based on the
tight connection between VRES curtailment and storage needs, the re-
sults show that the representative periods models (RP and RP-TM&CI)
have less error (both ESS investment and renewable curtailment) than

the system states models (SS and SS-RFM).
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Previous chapters have focused on both STESS and LTESS operational and
investment decisions. However, flexibility requirements due to the integration
of large amounts of renewable energy sources have been disregarded. For in-
stance, previously proposed optimization models do not fully consider detailed
unit commitment constraints (e.g., minimum up/down time, ramping con-
straints, startup/shutdown trajectories). In addition, these models use an en-
ergy-based unit commitment formulation, which overestimate the flexibility of
the system. Power-based UC models overcome these problems by correctly mod-
eling ramping constraints and operating reserves. This chapter proposes a
power-based GEP-UC model that improves the classic energy-based models by
representing more accurately the flexibility requirements of power systems (i.e.,
reserve decisions and ramping constraints), as well as a real-time validation
stage (e.g., 5-min simulation) in order to evaluate the quality of investment
and operational decisions obtained with the model. Moreover, we also propose
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a semi-relaxed version of the power-based GEP-UC model, which aims at re-
ducing the computational burden without losing accuracy in the results.

The results show that the power-based model uses the installed investments
more effectively than the energy-based model because it represents flexibility
capabilities and system requirements more accurately. For instance, for the
analyzed case study, the power-based model obtains less investment (6-12%)
and yet it uses this investment more efficiently because operating cost is also
lower (2-8%) in a real-time validation. The semi-relaxed power-based model is
at least 10 times faster than its full-integer version and without significantly
losing accuracy in the results (less than 0.2% error).

The analysis and results in this section were published in Article VII [139] as
working paper, which is under review at the time of the publication of this
thesis.

6.1 Flexibility Requirements and Modeling Options

In the last section of Chapter 2, we have introduced the basic concepts of the
Unit Commitment (UC) problem and its important role in long-term planning
problems, e.g., Generation Expansion Planning (GEP), in order to consider
the increased need of operational flexibility due to VRES integration. Startup
and shutdown processes, ramping constraints, minimum up/down time, oper-
ating reserve are among the main constraints to consider flexibility require-
ments. We have also mentioned that recent studies [31], [32], [70] have shown
that energy-based UC models cannot capture variability on demand and
VRES, and even assuming that they could capture it, they cannot deliver the
flexibility that they promise, that is, they overestimate the flexibility of the
system. In addition, we have discussed that power-based models [70], [71]
overcome these problems by better exploiting the system flexibility [31], by
allowing the correct modeling of ramping constraints and operating reserves
[32], [70] in order to deliver the expected and actual flexibility from the gen-
eration resources. This is possible because a power-based model has a clear
distinction between power and energy in its core formulation. Demand and
generation are modeled as hourly piecewise-linear functions representing
their instantaneous power trajectories. The schedule of a generating unit out-
put is no longer an energy stepwise function, but a smoother piece-wise power
function. The following section shows this distinction through a detailed com-
parison among the different constraints in both formulations.

6.2 Energy-based and Power-based Models

This section presents the objective function and set of constraints for the en-
ergy- and the power-based GEP-UC models. These constraints include invest-
ment decisions for different generation technologies: thermal generation,
ESS, and VRES. In addition, operational decisions are considered using a
clustered UC formulation (i.e., aggregating similar generating units into one
group or cluster). This type of aggregation is commonly applied in long-term
planning models [60], [140]. As part of this thesis, Article V [141] discusses
the implications of the Clustered Unit Commitment (CUC) formulations to
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represent flexibility requirements, and it proposes a set of constraints to im-
prove the CUC constraints such as ramping, reserve, and startup/shutdown.
For the sake of simplicity, this set of constraints is not presented in detail in
this section. However, the reader is referred to Article V [141] at the end of
this thesis for more information about the proposed CUC constraints.

For the sake of briefness, this section only highlights the main differences
between the energy- and power-based models. Nevertheless, the complete list
of sets, variables, parameters, and equations for both models is detailed in
Appendix D.

6.2.1 Objective Function

The GEP seeks to minimize the investment costs plus the expected value of
operating costs: production cost, up/down reserve cost, CO2 emission cost, no-
load cost, shutdown cost, and startup cost.

min ZC’x] +Z Z Z CLVAw]t + O+ g,

jEJ WEQN teT | jeg energy reserve cost
production cost

mvestment
cost
+Z[ CEMe gt + CV upge + C5P 2z gt (6-1)
geEG | C02 emmision no-load shutdown
cost cost cost

0

|
Z C 5wgkt

kexy }
startup cost

Equation (6-1) shows the objective function, where parameters: 7, is proba-
bility of scenario w, Cj’ 1s the investment cost per installed MW of technology
j» C{Vis the linear variable energy production cost $¥MWh, Cf* and C*~ are
up/down reserve cost $/MW, CJM is the CO2 emission cost $/MWh, C}'* is the
no-load cost per hour, C3; is the startup cost, and C;” is the shutdown cost.
In addition, the variables: x; is the investment decisions per technology, 4w it
is the total energy output at time t for technology j in scenario w, 1,5, and 1,
are up/down reserves, U,q is the unit commitment at time t for thermal tech-
nology g in scenario w, Z,g4 1s the shutdown decision variable, and 8, g 1s

the startup decision variable depending on the startup segment k.

In the energy-based model, the set of decision variables W in (6-1) includes
previous variables plus: energy output above minimum output (e), charged
energy in a storage technology (¢), energy storage level (¢), and binary deci-
sion for charging/discharging logic (y). In the power-based model, the set of
decision variables W additionally includes power related variables, such as
total power output (p), power output above minimum output (p), and charged
power for a storage technology (c). Table 6-1 summarizes the decision varia-
bles in set ¥ depending on the model.
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Table 6-1. Set of decision variables ¥ for each model

Model Decision variables
Energy-based Y ={xeéért, r,uyz567vy¢}
Power-based Y ={x,ppécérr,uyzdyd}

In order to obtain the total energy output in the power-based model, we use
equation (6-2) where energy is represented as a function of total power output
at the end of time step t and t — 1. The same concept is applied for the total
charged energy in energy storage technology s.

Pwjt + Pwji-1
wjt = % (6-2)
Cost T Copst—
Cost = wst 5 ws,t—1 (6-3)

6.2.2 System-wide Constraints

The system-wide constraints are represented by demand balance, transmis-
sion line limits, and up/down reserve requirements. Table 6-2 shows these
constraints depending on which model is used. Here, D5, and Df,, are corre-
spondently the energy and power values of demand, F is the maximum power
flow on a transmission line, T; l]j and I}, are the shift factors, also R/, and R,

are the up/down reserve requirements of the system. Notice that up/down re-
serve requirement constraints are the same for both models because reserve
requirements are expressed in terms of power, as they represent an instanta-
neous need in the power system. Nevertheless, transmission line limits and
hourly demand balance constraints are different depending on the type of
model. In the power-based model, demand (Df,,) and technology produc-
tion/charging (B¢, Cyst) are modeled as hourly piecewise-linear functions
representing their instantaneous power values at the end of each hour. In
contrast, demand (DZ,,) and technology production/charging (&, jt» Cwje) are
modeled as an energy stepwise function in the energy-based model. This sit-
uation was illustrated in the background section (Figure 2-10) using DZ,, and

Dipt-
Table 6-2. System-wide constraints

Constraint Energy-based Power-based
5 a — E A — P
Demand Zjeg Cwjt — Yses Cost = Xpend Dypt Z]’EJ Pwjt — Yses Cost = 2penP Dype
balance (6-4) (6-5)
= J A S — I S
o —F <Yjey [jjewje — Dises TisCust — —F <Yjey IiDwje — 2ises TisCost —
Transmission B — p —
line limits Ypenp linDope < Fi Ypesd [ Dope < F
(6-6) (6-7)
+ +
Up Reserve ZjEJ Twjt 2 th
requirement (6-8)
Down Reserve Yjeg Tojt = Rot
requirement (6-9)
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6.2.3 Investment Constraints

Investment decision variables are commonly expressed as lumped values in
GEP models. This follows the fact that maximum capacities values frequently
depend on efficient size/cost ratios and standardized sizes of their compo-
nents. Therefore, the investment variable x; is an integer decision variable in
both models.

The relationship between operational and investment decisions for each tech-
nology type 1s guaranteed using the constraints in Table 6-3. The thermal
investment constraint is the same for both models since it depends on integer
variables associated to the number of units connected within the thermal
technology cluster and the investment decisions (none of these variables are
related to energy or power concept). However, ESS and VRES investment
constraints change depending on the model since their operational decision
variables change depending on whether the model is using power-related var-
1ables or energy-related variables.

X jo is a parameter to define the initial capacity for technology j; [# units] for

g, and [MW] for s and v.

Table 6-3. Investment constraints

Constraint Energy-based | Power-based
Thermal Uygt = X.g + Xg
technologies (6-10)
éwst - éoost + Tatgt < ng + X ﬁa)st — Cyst T r(jgt =< XS + x5

ESS (6-11) (6-12)
technologi A A - A -
echnologies €wst — Cust — Twgt = _(Xso + xs) Pwst — Cwst — Twgt = _(Xso + xs)

(6-13) (6-14)
VRES éwvt = szvt(Xg + xv) ﬁwvt = Va}:vt(Xg + xv)

technologies (6 -1 5) (6- 1 6)

As they are written here, constraints for ESS technologies might lead to a
solution in which the ESS charge and discharge at the same time period t.
This is physically impossible in an ESS; however, it could be the least cost
solution considering that we have reserve decision variables. For instance, let
us consider a feasible solution where the ESS is charging and discharging
using full capacity, these set of constraints also allow the ESS to provide up-
ward and downward reserve up to its maximum capacity, which is not physi-
cally possible. Table 6-4 shows a set of constraints in order to avoid this situ-
ation in both models, which is based on [142]. X, is a parameter that repre-
sents the maximum investment limit for technology j, whereas y,,; is a binary
variable that ensures either charging or discharging mode in the ESS. There-
fore, reserve decisions for ESS now are different depending on whether the
ESS is charging or discharging. Figure 6-1 shows an ESS providing reserves
from different operation points within its limits thanks to the set of con-
straints in Table 6-3 combined with constraints in Table 6-4.
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Table 6-4. ESS charge/discharge logic constraints

Constraint Energy-based Power-based
ESS logic 1 Cast = (1~ Yost) (X5 +X5) Cust < (1= Yase) - (X2 +X,)
(6-17) (6-18)
ESS logic 2 ust = Yost © (X;) + }s) Post < Yost (Xf + }s)
(6-19) (6-20)
‘ discharge
+(X° + x) ‘ ‘
rt -+
8D
0
®C,C
r- r-
-(X%+x) Y ,
| charge

Figure 6-1. ESS providing reserves from different operation points

6.2.4 UC Constraints

The UC constraints relate the operational integer decision variables among
them. Therefore, these constraints include commitment/ startup/ shutdown
logic (6-21), minimum up/down times (6-22)-(6-23), startup type selection
(6-24)-(6-25) (e.g., hot, warm, and cold startup). Where, TU, and TD; are the
minimum up/down time correspondently, T;,f,’ is the time interval limit of

startup segment k.

Since these constraints are independent of energy or power concepts, they are

the same for both models.

uwgt - uwg,t—l = ngt
t

ngi = uwgt
i=t—TUg+1
t

ngi < (Xg +

i=t—TDg+1

SU
Tgk+1~1

é‘wgkts z Zwg,t—i

- ngt

xg) — Uawgt

(6-21)

(6-22)

(6-23)

(6-24)



z 6a)gkt = Yogt (6-25)

=
6.2.5 Thermal Generation Technology Constraints

These constraints correspond to the maximum and minimum output limit of
thermal generation technologies.

Table 6-5. Thermal generation technology constraints

Con-
straint Energy-based Power-based
€wgt + Tugr < (ﬁg - Eg)uwgt
- (Pg - SDg)ng.Hl
—max(SDy — SUy, 0) Y,
vg €g’
(6-26)
Cwgt + Tgr < (Py — Py)Uuge _
Maxi- " " g_ (ﬁ_g _ ?Z] ) Pugt T r(jgt < (Pg - Eg)uwgt
mum g g ng't - (F —-SD )Z t+1
wg,
o —max(SU; — SDy,0)Z4g 041 g Trgiteg
L p. + (SUg - Eg)ng,Hl
1mit Vg = gl (6.27)
(6-28)
€wgt + Tagt < (ﬁg - Eg)uwgt
- (fg = SUg)Vagt
- (Pg - SDg)Z(ug,t+1
Yo,g €G!
(6-29)
Mini-
mum ewgt ~ Twgt = 0 Pwgt — Twgt = 0
01.1tp.ut (6-30) (6-31)
limit

Constraints (6-26),(6-28)—(6-30) are associated to the energy-based model,
while (6-27),(6-31) are associated to the power-based model. Where G is de-
fined as the thermal technologies in G with TU, = 1, ﬁg and P; are the maxi-
mum/minimum power output, and SU; and SD, are the startup/shutdown ca-
pability.

Figure 6-2 and Figure 6-3 show the operation of thermal generation technol-
ogies for each model. On the one hand, Figure 6-2 shows that the energy-
based model considers energy as the direct output of thermal generation tech-
nologies, as well as zero production below F;. On the other hand, notice that
Figure 6-3 shows the power output of generating units, while the energy is
then obtained from the power profile using (6-2). Moreover, the resulting en-
ergy using (6-27) takes values lower than P, during the startup/shutdown,
different from the traditional energy-based UC in Figure 6-2. Section 6.2.6
shows in more detail these differences during the start/shutdown process in
both models.
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Figure 6-2. Energy-based representation of operation [31]
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Figure 6-3. Power-based representation of operation [31]

6.2.6 Total Thermal Generation Technology Output

The previous section has explained how the energy-based model considers en-
ergy as the direct output of generation units. This consideration leads to gen-
eration schedules in which the units produce either above P, if the unit is on-
line, or zero, if the unit is off-line. Startup (SU) and shutdown (SD) capabili-
ties limit the maximum output during the startup/shutdown process. This
consideration may be valid for quick-start units (i.e., units that can startup
in less than one hour). However, it is not valid for slow-start units that com-
monly have startup durations greater than one hour, see Figure 6-4. There-
fore, traditional energy-based formulations ignore the inherent startup and
shutdown trajectories of thermal generation. Figure 6-4 shows the energy-
based formulation including the SU/SD trajectories proposed in [143] in order to
overcome this drawback. Authors in [31], [70] have shown the relevance of the SU
and SD processes when they are included in the scheduling optimization. Thus, if the
traditional energy-based formulation is used, constraint (6-32) defines the total pro-
duction output of thermal generation technologies, while if SU/SD trajectories
are considered in the energy-based formulation then (6-32) is replaced by (6-33).

In the power-based model, the total power output constraint is different de-
pending on whether it is a quick- or slow-start unit. As mentioned before,
quick-start technologies GF are thermal generators that can startup/shut-
down within one hour (i.e., SU), = SD? < 1), while slow-start technologies G*
are those with a SU/SD duration greater than one hour as well as a SU/SD
capacity equal to the minimum power output (i.e., SU; = SD,; = P,). Therefore,
the total power output of slow-start technologies considers SU/SD trajectories
(6-34), whereas (6-35) for quick-start technologies does not. For a better un-
derstanding of the modeling of quick- and slow-start technologies, the reader
1s referred to [71], [144].
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Table 6-6. Total thermal generation output

Model Constraint
Traditional Energy- Cugt = Eguwgt + Eugt
based (6-32)
D D
Kg SU SDg
5 SU SD
Cwgt = Z Z gkzawgk t i+SU k+1 Z Egi Zwg,(t—i+1)
i=1

Energy-based using
SU/SD trajectories Startup trajectory Shutdown trajectory

+  Pjugge + €ugt

= 7 7
Output when being up

(6-33)
Dogt = Py(Uwge + )+ vg e gr
p(ugt g wgt y(ug,t+1 pwgt g
(6-34)
b D
SU SDg +1
= PS.DZ .
Power-based pwyt gkl wgk t— l+SUDk+2 gi 4wg,(t—i+2)
i=2
Startup trajectory Shutdown trajectory

+ Eg(uwgt + ng,t+1) + pwgt Vg € gs
Output when being up

(6-35)
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Figure 6-4. Energy-based total output with SU/SD trajectories [31]
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Figure 6-5. Power-based total output of thermal units [31]

The energy-based UC formulation presented here is based on the tight and
compact formulation proposed in [145]. Furthermore, Gentile et al. [144] have
proven that the set of constraints (6-21)-(6-23) together with (6-26),(6-28)—
(6-30),(6-32) 1s the tightest representation (i.e., convex hull) for the energy-
based model.

The power-based UC formulation presented here is based on the tight and
compact formulation proposed in [70]. Furthermore, Morales-Espana et al.

115



[71] has proven that the set of constraints (6-21)-(6-23) together with
(6-27),(6-31),(6-34)-(6-35) is the tightest possible representation (i.e., convex
hull) for the power-based model.

6.2.7 ESS Constraints

The storage inventory level is defined with (6-36), where ¢, ; is the storage
level at time t for storage technology s in scenario w and 7, is the round-trip
efficiency. Constraint (6-36) is associated to an energy concept in ESS. There-
fore, this constraint is the same in both models. The energy-based model con-
siders charged (¢,,;) and discharged (é,,;) energy as the direct output of ESS.
However, in the power-based model, charged and discharged energy are de-
termined with (6-2) and (6-3).

Constraints (6-37) and (6-38) defines the maximum and minimum storage
level. EPR; is the energy-to-power ratio of each ESS technology. For example,
if we consider a BESS with a maximum energy capacity equal to 400 MWh
and maximum power output equal to 100 MW, then the EPR is equal to 4h.

Notice that (6-37) and (6-38) include reserve decision variables in their defi-
nitions. In both constraints, the reserve term guarantees that enough energy
will be stored in order to provide the assigned upward/downward reserve in
time step t and t — 1.

DPuwst = ¢ws,t—1 + NsCost — Euwst (6-36)
t
Duwst < EPRS(XSO + xs) - Z ra:gi (6-37)
i=t—1
t
Puwst = Z Towgi (6-38)
i=t-1

6.2.8 Constraints for Flexibility Requirements

We focus on ramping constraints including reserve decisions for flexibility re-
quirements in power systems. This section analyzes these constraints in both
energy- and power-based model.

For the energy-based model, we analyze ramping constraints for thermal gen-
eration technologies. Figure 6-6 shows the increase/decrease on scheduled en-
ergy from time t — 1 (eyg4.—1) to t (eyg4¢), including the upward/downward re-
serve (gt Toge)- Notice that the change in the scheduled energy implies an
infinite ramping capability of the thermal unit. This situation has been pre-
viously pointed out in [65], and it is one of the main reasons to develop power-
based models. The power-based model overcomes this situation by explicitly
defining the power trajectories instead of the hourly scheduled energies. We
explain ramping constraints in the power-based model later in this section.

Instead of considering an infinite ramping capability in the energy-based
model, we consider the ramping capability at 7-min (e.g., T = 5 min). This
assumption guarantees that scheduled reserves are feasible to provide at -
min using the energy-based formulation. For instance, ramping capability
limits imposed with (6-39)-(6-40) consider the reserve that thermal technolo-
gles can provide at t-min, see Figure 6-6. Where RU; and RD, are the ramp-

up/down capabilities in [MW/min]. When ramping constraints with 7<60 are
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considered, hourly ramping constraints will be non-binding constraints.
Therefore, we omit hourly ramping constraints in the energy-based model.

[MWh] [MWh]
(P-p) (P-p)
-
€t Y €t-1
€p—1de-e—— [ —
0 + t 0

Figure 6-6. Ramping constraints in the energy-based model

(ewgt - ewg,t—l) + rcjgt < TRUguwgt (6-39)
(ewgt - ewg,t—l) - rc;gt = _TRDguwg,t—l (6'40)

For ESS ramping constraints in the energy-based model, we have a similar
situation. Nevertheless, we need to consider that ESS has also a charging
mode. Ramping constraints must be defined for this situation too. Figure 6-7
shows all feasible operating points for ESS. Bear in mind that we have in-
cluded (6-17) and (6-19) to avoid charging and discharging at the same time.
Thus, (6-41) and (6-42) guarantee the ramping constraints for ESS in all the
operating points. Here, RU; and RD, are the ramp-up/down capabilities in

[MW/min)/MW] for ESS.
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Figure 6-7. Ramping constraints for ESS in the energy-based model
(éwst - éws,t—l) - (6wst - é\ms,t—l) + ratst = TRUS(X;) + xs) (6'41)
(éwst - éws,t—l) - (6wst - é\ms,t—l) - rc;st = _TRDS(XSO + xs) (6'42)

As we mentioned before in this section, one of the main advantages of the
power-based formulation is that it allows describing a more detailed set of
constraints to represent the flexibility requirements, which are described in
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terms of power instead of energy. The proposed power-based equations in [70]
ensure that reserves can be provided at any time within the hour by guaran-
teeing that the reserve does not exceed: 1) the ramp-capability limits at 7-min
(e.g., =5 min), and 2) power-capacity limits at the end of the hour (i.e., 60
min) and at 7-min. Figure 6-8 shows the power trajectories between hour t —
1 and t, including the operating points at 7-min that are guaranteed by the
previous conditions. First, we need to guarantee that segments EA and AF
are correspondingly below the ramp-capability limits 7RU, and 7RD,. Equa-
tions (6-43)-(6-44) guarantees this situation considering that reserves can be
provided at any time within the hour. Second, we need to guarantee that

points E and F are within the maximum and minimum power-capacity limit,
see (6-45) and (6-46).

| Mw]
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Figure 6-8. Ramping constraints in the power-based model

T(pwgt - pwg,t—l)

+
+ 79t = TRU U gt
—

gg “0 (6-43)
EA
T(pwgt — Pwg t—1) —
— - + 70t < TRD Uy g
60 %ﬁt g wgt=1 (6-44)
AB
AF
TPwgt + (60 B T)pwg,t—l + —
+ 7,0 =Py — B,)u,
630 “E’gt’ ( ) —g) gt (6-45)
E
T +(60—1 -
Pwgt ( )pwg,t 1 r(;gt >0
60 oz (6-46)
B
F

Constraints (6-43)-(6-46) have been defined for thermal generation units in
[70]. However, ramping constraints in power-based models have not been de-
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fined for ESS before in the literature. This thesis tackles this issue and pro-
poses a set of constraints for flexibility requirements in power-based models.
Figure 6-9 shows different operating points and reserves for ESS at 7-min
within hour t. As in the thermal generation constraints, here segments EA
and AF must be below the ramp-capability limits TRU; and 7RD,, as well as
points E and F must be within the maximum and minimum power-capacity
limit too. Therefore, constraints (6-47)-(6-50) guarantee these conditions for
all operating points of ESS in Figure 6-9. Notice, that here it is also important
to remember that we have included (6-18) and (6-20) to avoid simultaneous
charging and discharging in the power-based model.
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Figure 6-9. Ramping constraints for ESS in the power-based model
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6.3 System Flexibility Evaluation

Time resolution is an important aspect to determine the flexibility require-
ments in power systems. High resolution, e.g., minutes, is needed to model
correctly the real operation of power systems. Nevertheless, existing GEP
models use an hourly resolution under the assumption that, for long-term
planning, it is enough to capture the flexibility requirements of power sys-
tems. In addition, long-term models, such as GEP, are computationally inten-
sive problems even in an hourly resolution, therefore, if we consider lower
time resolutions, it will make these problems even more difficult to solve.

Instead of reducing the time resolution, the proposed power-based GEP-UC
model tackles this situation by correctly modeling the flexibility constraints
and variables in Section 6.2. In order to measure the quality of the obtained
solution under real-time flexibility requirements, we carry out an evaluation
of investment and operational decisions through a simulation using the same
scenarios as in the GEP-UC hourly optimization. This evaluation allows us to
establish the problems associated to each formulation rather than those as-
sociated to the uncertainty representation by itself. This type of real-time val-
1dation 1s not commonly carried out because it is considered unnecessary.
Nevertheless, to validate correctly flexibility capabilities and requirements of
the system, this real-time evaluation is crucial [31].

The complete procedure to calculate investment decisions and ex-post real-
time evaluation is shown in Figure 6-10 (top). During stage 1, the investment
and hourly UC schedule are optimized solving the formulations shown in Sec-
tion 6.2. Then, investment, commitment, and reserve decisions are fixed.
Stage 2 tests the results through a real-time simulation model, using a 5-min
optimal dispatch (emulating real-time markets as in [31]) in order to evaluate
the GEP-UC solution. Dispatch decisions (e.g., production, charge/discharge)
obtained in stage 2 are called redispatches, allowing us to evaluate the devi-
ations with respect to the stage 1. This is referred to as the integer approach.
In addition, we propose a semi-relaxed approach for the power-based formu-
lation, which 1s shown in Figure 6-10 (bottom). Here we split stage 1 in two
sub-stages. First, the sub-stage 1a solves the power-based formulation con-
sidering integer investment decisions and continuous decisions for UC (ug¢,
Ywgts Zwgt) Variables and ESS (y,s) charging/discharging variable. This ap-
proximation allows solving the GEP problem much faster. Then investment
decisions are fixed in sub-stage 1b, where the power-based formulation is
solved considering integer UC decisions. Once again, investment, unit com-
mitment, and reserve decisions are fixed to simulate a 5-min optimal dis-
patch.
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Figure 6-10. Stage sequence for both approaches

6.4 Case Studies and Optimization Models

To evaluate the performance of the different approaches, we use two case
studies: a modified IEEE 118-bus test system and a stylized Dutch power sys-
tem in target year 2040. Input data for both case studies is available online
at [146], including the 5-min demand and renewable production profiles. Both
case studies are solved considering a green-field investment approach (i.e., no
initial capacity) for thermal generation and ESS investment, while the VRES
capacity is predefined.

The modified IEEE 118-bus test system is described in Morales-Espana [65]
for a time span of 24 h. This system was originally conceived for UC problems
and it has 118 buses, 186 transmission lines, 91 loads, 54 slow-start thermal
technologies, 10 quick-start technologies, and three buses with wind produc-
tion. Nevertheless, we adapt this case study for GEP problems. Thermal unit
investments are allowed in buses where there was a unit connected in the
initial UC problem. In addition, ESS investment decisions are available in
three types of technologies (PSH, CAES, and BESS) for buses with renewable
production. The total (5-min) load average is 3578.6 MW, it has a peak of
5117.5 MW and a minimum of 1435.4 MW.

The stylized Dutch system case study for year 2040 is mainly based on the
information available in the Ten Year Network Development Plan 2018 [147]
(e.g., hourly demand profile, renewable capacity, technical characteristics and
available technologies). However, the wind and solar profiles were taken from
[101], [102] since this information is not available in [147]. Instead of solving
8760 h for the whole year, we have selected four representative weeks using
the proposed method in [95] and k-medoids clustering technique [148]. Other
authors [57], [149] have proposed different approaches to select the repre-
sentative periods (e.g., weeks or days) that are compatible with the proposed
GEP-UC models in this paper. Each representative week is considered as one
scenario in the optimization problem, and the scenario probability is obtained
from the clustering process. For investment decisions, four different thermal
generation technologies are considered, Combined Heat and Power (CHP),
combined cycle gas turbine (CCGT), open cycle gas turbine (OCGT), and Light
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Oil (O1l). Moreover, three ESS (PSH, CAES, BESS) technologies are consid-
ered for investment decisions.
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Figure 6-11. Representative weeks for Dutch case study

For each case study, four different models are implemented: traditional en-
ergy-based (EB), energy-based including SU/SD power trajectories (EBs), the
proposed power-based formulation (PB), and the semi-relaxed power-based
formulation (SR-PB). Table 6-7 shows the summary with all the implemented
models. All models consider T = 5min for constraints associated to flexibility
constraints.

All optimizations were carried out using Gurobi 8.1 on an Intel®-Core™ 17-
4770 (64-bit) 3.4-GHz personal computer with 16GB of RAM memory. The
problems are solved until they reach an optimality tolerance of 0.1%.

Table 6-7. Summary of GEP-UC models

Equations EB | EBs | PB | SR-PB

antion 6D

System (6-4).(6-6).(6-8),(6-9) (6-5).(6-7)-(6-9)

Investment (6-10),(6-11),(6-13),(6-15) (6-10),(6-12),(6-14),(6-16)
" consnainte (6-21-(6-25)

122



Equations EB | EBs PB | SR-PB

Th 1 ti
technology constraints (6-26),(6-28)~(6-30) (6-27),(6-31)
TOtaieilfﬁf);fsmal (6-32) (6-33) (6-34),(6-35)
ESS

(6-36)—(6-38)

constraints

Constraints for flexibility

requirements in thermal (6-39),(6-40) (6-43)—(6-46)
technologies
Constraints for flexibility (6-17),(6- 19),(6-41),(6-42) (6-18),(6-20),(6-47)—(6-50)

requirements in ESS

Stage 1a: x;
Integer s Stage 1b: u, g,
iabl uwgtv ngtv ngt: Ywst> wgkt> xj
variables ymgty Za)gn Ywst>

6mgkt

6.5 Results

6.5.1 Modified IEEE 118-bus Test System

Table 6-8 shows the main results for each model. The total investment cost
(ESS + Thermal) is higher in the classic EB model than the one obtained with
the PB model. Generally, increasing investments lowers operating cost. Nev-
ertheless, here we obtain a counterintuitive result. Even though the classic
EB model invests more (6%), the operating cost is higher than the one in the
PB model (15%). Moreover, the CO2 emissions and curtailment are also
higher in the classic EB model, despite its higher capacity in clean ESS and
lower capacity in thermal technologies. This is also a counterintuitive result,
because at first glance, less thermal generation should pollute less, and more
storage should allocate more renewables. However, this result is related to
how the technology mix is selected in each model. Therefore, it is not only a
matter of how much the model invests, it is also a matter of how the technol-
ogy mix 1is selected, see Table 6-9. For instance, although the total coal capac-
ity is higher in the proposed PB model, the actual total coal production is
lower (7%) than the one in the classic EB model, see Table 6-10. This is com-
pensated by a higher use of wind, gas (that have a lower CO2 emission factor)
and oil, which overall results in lower CO2 emissions. As mentioned 1n Sec-
tion 6.1 the PB model equations allow scheduling the thermal technologies in
a way that correctly represents the requirements and actual availability of
the system’s flexibility, such as the load ramps. The results show the benefits
of accurately considering the flexibility requirements and of correctly model-
ing the flexibility capabilities of the system by modeling in terms of power
instead of energy.

The EBs model improves the classic EB model by including the SU/SD power-
based ramps. In stage 1, the total cost in the EBs model is 8.5% lower than
the classic EB model. However, it is still 4% higher than the PB model and
with more curtailment (5.7 times). The EBs technology mix is also different,
as it invests more in PHS and coal (Table 6-9). And yet, the PB model allocates
more wind with less ESS, see Table 6-10. Therefore, the PB model invests
more efficiently due to a more accurate representation of flexibility require-
ments and capabilities of the power system.
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Regarding the CPU time, the PB model is faster than its energy counterparts
(2.4 and 1.5 times respectively). Nevertheless, for large-scale investment de-
cision problems, the integer nature of the UC variables especially could make
the problem intractable to solve. Therefore, the proposed SR-PB models aims
at overcoming this difficulty. For instance, it solves the problem 9 times faster
than the PB model and with only a 0.2% difference in the objective function.
Moreover, the difference in the CO2 emissions is only 0.4%. The main differ-
ence appears in the curtailment (90%) due to the increase in the investment
made by the SR-PB that allows reducing the operating cost by increasing
wind production. When the SR-PB and the EB are compared, it may be con-
cluded that even the semi-relaxed version of the power-based model (i.e., SR-
PB) shows better performance than the discrete version of the energy-based
models (i.e., EB and EBs). In other words, the SR-PB model has a lower total
cost than the EB model, investing and operating with lower cost, while sim-
ultaneously solving 21 times faster. Although this result was obtained for the
IEEE-bus test system, we have observed in other case studies (i.e., the Dutch
power system in Section 6.5.2) that this result seems to hold.

Table 6-8. IEEE 118-bus System: Performance for each formulation

Result EB EBs PB SR-PB
Total Cost [M$] 10.15 9.29 8.94 8.961
ESS Invest Cost [M$] 0.43 0.35 0.19 0.17
—  Therm. Invest Cost [M$] 1.01 1.42 1.17 1.24
$  Operating Cost [MS$] 8.71 7.52 7.58 7.55
% COZ2 emissions [ton] 63.11 53.06 53.98 53.74
Curtailment [%] 5.76 4.18 0.73 0.70
CPU Time [s] 10717 6767 4478 500
. Operating Cost [M$] 8.22 7.53 7.58 7.55
g Total Cost [M$] 9.66 9.30 8.94 8.96
% CO2 emissions [ton] 59.31 52.48 53.95 53.71
Curtailment [%] 0.00 0.00 0.60 0.62

T Values from Stage 1b

The results in Table 6-8 for stage 2 are also showing interesting information:
comparing the operating cost between stage 1 and 2, the classic EB shows a
reduction of 6%, while in the other models remain almost the same. Moreover,
the curtailment is also reduced from stage 1 to stage 2 in both energy-based
models, while it remains almost the same in the power-based models. These
reductions in the results suggest that the obtained schedule in stage 1 with
energy-based models leads to more re-dispatches in the technologies in stage
2. Figure 6-12 illustrates this situation with the deviation with respect to the
hourly thermal production obtained in stage 2 for each model. In both energy-
based models, downward deviations are higher than upward deviations,
which explains why the operating cost is reduced from stage 1 to stage 2 in
the classic EB model as well as the reduction on the curtailment for both en-
ergy-based models. The power-based models show deviations in both direc-
tions lower than 3%, which means that the hourly schedule (stage 1) is better
fitted for the 5-min real-time operation (stage 2). This high deviation of the
energy-based models is due to their intrinsic incapability to accurately repre-
sent the flexibility needs and capabilities. These conclusions are aligned with
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those in [31] where different case studies where carried out disregarding in-
vestment decisions.

Table 6-9. Technology investment decisions [MW]

Technology EB EBs PB SR-PB
PSH 1250 1000 500 441
CAES 0 0 0 0
BESS 150 150 150 150
GAS 360 600 420 480
COAL 4380 6080 5030 5330
OIL 50 100 100 100

Table 6-10. Technology production decisions [MWh]

Technology EB EBs PB SR-PB
PSH 7352 5944 2449 2019
CAES 0 0 0 0
BESS 1053 1003 1035 1033
GAS 494 2719 2482 2680
COAL 67540 63939 62913 62570
OIL 52 900 950 900
WIND 18880 19196 19887 20018

Notice that ESS plays an important role in the reschedules made in stage 2.
Therefore, we run a sensitivity case in which the State-of-Charge (SoC) at the
end of each hour is a lower bound for the ESS in the stage 2. This limits the
reschedules made in this stage, increasing the operating cost. Table 6-11
shows that situation, where with this additional constraint the operating cost,
CO2 emissions and curtailment are higher than in the base case. It is im-
portant to highlight that in this sensitivity case energy-type models cannot
reduce the curtailment to zero like in the base case. Therefore, the flexibility
provided by the ESS was partly responsible for the reduction of the curtail-
ment between stage 1 and 2 in this type of models. Figure 6-13 shows the SoC
in the batteries during stage 2 for the base case and the sensitivity case. The
difference between both results in each model shows how the energy-type
models were taking advantage of the ESS to reduce the operating cost in stage
2 at the cost of more rescheduling in the thermal technologies.
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Figure 6-12. Stage 2 deviation in scheduled thermal output
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Figure 6-13. BESS SoC in Stage 2 obtained for each model

Table 6-11. IEEE 118-bus System: Stage 2 — sensitivity results

Result EB EBs PB SR-PB
~ Operating Cost [M$] 8.35 7.66 7.60 7.55
e Total Cost [M$] 9.79 9.43 8.96 8.96
%‘ CO2 emissions [ton] 59.89 52.71 54.04 53.73
Curtailment [%] 1.99 0.98 0.62 0.13

6.5.2 Dutch Case Study without VRES Investment

Table 6-12 shows the results for a stylized Dutch power system. The main
conclusions drawn from the previous case study remain valid. That is, the
classic EB model obtains the most expensive investment, and the operating
cost is also the highest, while also resulting in the highest CO2 emissions.
The amount of ESS invested in the EB model is also the highest, hence allow-
ing it to obtain less curtailment than PB in the stage 2. Nevertheless, still the
PB model results in the lowest total cost in both stages and solves the GEP
problem faster than EB. Therefore, modeling flexibility requirements for the
Dutch case study with the PB model also leads to a better solution than the
classic EB model. In addition, the SR-PB further reduces the CPU time with-
out losing accuracy in the results (less than 0.1% in total cost).
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Table 6-12. Stylized Dutch System: Performance for each formulation

Result EB EBs PB SR-PB
Total Cost [M$] 73.18 70.39 68.14 68.167
ESS Invest Cost [M$] 13.47 11.15 10.53 10.88
— Therm. Invest Cost [M$] 13.79 14.12 13.43 13.47
$  Operating Cost [MS$] 45.92 45.12 44.18 43.81
R CO2 emissions [ton] 112.10 98.06 89.46 88.77
Curtailment [%] 44.72 45.47 45.46 45.34
CPU Time [s] 571 161 131 60
o Operating Cost [M$] 45.76 46.61 44.90 44.52
e Total Cost [M$] 73.02 71.88 68.86 68.87
%‘ CO2 emissions [kton] 107.73 100.01 94.29 93.44
Curtailment [%] 47.88 48.35 48.34 45.39

T Values from Stage 1b

Figure 6-14 shows the optimal technology mix for each model. The EB model
invests 16% more in ESS capacity than the PB model, however, this is not
leading to a more flexible system (less operating cost, see Table 6-12) because
it also invests in less flexible thermal technologies such as CHP. However,
the CHP investment disappears if the SU/SD trajectories are considered. This
leads to more investment in CCGTs in the EBs model, making the technology
mix more similar to the one obtained in the PB model. The main difference
remains in the ESS invested technologies; the power-based models invest in
both PSH and BESS, while both energy-based models only invest in BESS
technology. This is mainly due to the overestimation of the flexibility made
by the energy-based models, which leads to a more expensive operation in the
real time validation (i.e., stage 2 in Table 6-12).

EB PB
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OCGT 12500 . % :
B OCGT 2400
' ‘ ) 38% BESS
CCGT e [ CCGT 2 33%
CHP H200 CHP |0
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CCGT 0 CCGT e B 32%
CHP |0 CHP |0
BESS MM esEsom BESS IS
PSH |0 CCeT PSH 1500
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Total = 25350MW Total = 23400MW

Figure 6-14. Generation mix - Dutch case study

127



The approximation made by the SR-PB model is also close to the obtained
technology mix in the PB model. It also obtains a combination of BESS and
PSH for the ESS, as well as a combination of OCGT and CCGT for the thermal
generation technologies. Therefore, the SR-PB model approximates quite well
not only the objective function (i.e., total cost), but also the technology capac-
ity mix.

6.5.3 Dutch Case Study Sensitivity to Ramp Capacity

In addition to the base case shown in the previous section, Table 6-13 shows
a sensitivity where ramp capabilities of thermal technologies are twice than
before, 1.e., thermal technologies are now much more flexible. As the flexibil-
ity of the thermal resources increases, the difference between energy-based
and power-based models decreases. For instance, the difference between the
EB the PB models changes from 7.4% to 4.3%. Therefore, if the power system
does not have ramping problems, i.e., flexibility is not a problem in general,
the difference between energy-based and power-based models is less signifi-
cant. However, if flexibility is a limited resource and needs to be correctly
managed, then the power-based models are the right option to obtain the ca-
pacity expansion planning for the system.

Table 6-13. Stylized Dutch System: Sensitivity to Ramp Capacity

Result EB EBs PB SR-PB
Total Cost [M$] 70.51 67.93 67.60 67.61f
ESS Invest Cost [M$] 13.35 10.97 10.66 10.74
— Therm. Invest Cost [M$] 13.47 13.47 13.43 13.47
S  Operating Cost [M$] 43.69 43.49 43.51 43.401
55 CO2 emissions [ton] 103.10 90.84 88.46 88.17
Curtailment [%] 44.32 45.22 45.16 45.19
CPU Time [s] 142 130 100 43
o Operating Cost [M$] 44.37 45.92 44.25 44.21
o Total Cost [M$] 71.19 70.36 68.34 68.42
%5 CO2 emissions [kton] 100.76 94.35 93.07 93.07
Curtailment [%] 44.62 45.30 45.24 45.28

T Values from Stage 1b

6.5.4 Dutch Case Study Analysis of VRES Curtailment Cost

The base case considers a predefined VRES capacity and zero penalization to
VRES curtailment. Some countries have implemented the so-called feed-in
tariff in order to incentive VRES investments [150]. One consequence of feed-
in tariffs is that VRES receive a payment no matter if they produce energy or
not. In other words, the power system also pays for the curtailment. This is
represented through a penalization in the objective function of the models in
this section. Here we analyze the impact on the generation technology mix
with different curtailment penalizations. Figure 6-15 shows the ESS share
for all models, including the value in MW for each technology. In all models,
the generation technology mix changes as the penalization increases too. In
addition, the higher the penalization the more ESS capacity is installed. This
1s mainly because it is cheaper to invest in more ESS than paying the curtail-
ment penalization cost. Therefore, forcing VRES production through curtail-
ment penalizations leverages up the ESS investment. The PB model results
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show that the higher the curtailment penalization the higher the investment
in CAES, which is the technology with the least efficiency coefficient. There-
fore, forcing renewable production could lead to an ESS mix in which the least
efficient (but cheaper) technologies are favored.

The results in this section show an important policy insight for regulatory
authorities in order to develop efficient incentive schemes that may promote
ESS investment.
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Figure 6-15. Sensitivity to curtailment cost

6.5.5 Dutch Case Study with VRES Investment

The previous case study had a predefined VRES capacity, and VRES invest-
ments were not allowed. In this section, we allow VRES investment in order
to validate if previous conclusions are still consistent. In this section, no ESS
or VRES limits were imposed on their investment decisions.

Table 6-14 shows the results for all models. Here, the total investment cost
(i.e., ESS, VRES, and thermal generation) is 4.5% higher in the EB model
than the one obtained in the PB model. Despite the EB model invests more,
the operating cost is 2.9% higher compared to the PB model. Moreover, the
EB operates with more CO2 emissions (12.6%). Therefore, previous conclu-
sions are still valid, that 1s, the PB model invests less, operates at lower cost,
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and its operational decisions are more environmentally friendly. Even in its
relaxed version, the SR-PB model has a better performance (i.e., less operat-
ing cost and less CO2 emissions) in the real-time validation (i.e., stage 2) than
the EB model. In this case study, the SR-PB model also shows an excellent
approximation to the PB model because the difference between the total cost
in both models is less than 0.1%.

The EBs model, which includes the SU/SD trajectories, has a better perfor-
mance than the EB model. It also invests less (1.2%), operates at a lower cost
(2.5%), and has less CO2 emissions (11.6%). Nevertheless, it has a higher
value in the total cost (2.2%) than the ones obtained in both power-based mod-
els. Despite the EBs models improves the traditional EB model, it is still
worse than the power-based models.

Table 6-14. Stylized Dutch System including VRES investment

Result EB EBs PB SR-PB
Total Cost [M$] 168.95 166.03 162.45 162.561
ESS Invest Cost [M$] 14.41 13.48 10.74 10.74
B VRES Invest Cost [M$] 65.78 65.55 66.22 65.74
2 Therm. Invest Cost [M§$] 18.42 18.42 17.20 17.30
c%’ Operating Cost [M$] 70.34 68.58 68.29 68.78F
CO2 emissions [kton] 117.45 103.86 102.60 102.24
Curtailment [%] 22.48 22.62 23.60 23.36
CPU Time [s] 290.06 234.83 225.48 180.88
~ Operating Cost [M$] 69.36 69.61 68.85 69.29
e Total Cost [M$] 167.97 167.06 163.01 163.07
C%‘ CO2 emissions [kton] 113.28 106.36 106.54 106.75
Curtailment [%] 22.46 22.48 23.59 23.34

t Values from Stage 1b

Figure 6-16 shows the generation capacity mix results for all models. The to-
tal share of VRES is 4% higher in the PB model, while the investment in
flexible resources (i.e., ESS) is 4% lower. And even so, the EB model invests
more to operate at a higher cost in the real-time validation with more pollu-
tion (CO2 emissions), see results of stage 2 in Table 6-14. It is also important
to highlight that the ESS technology investment is very different in energy-
based models compared to the power-based models. For instance, the PB
model invests almost 50% of ESS capacity on both BESS and PSH, while the
EB model invest almost 74% of ESS capacity on BESS and 26% on PSH.
Therefore, the main differences between both models are not only expressed
in terms of the operating cost but also in terms of the optimal ESS capacity
mix.
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Figure 6-16. Generation mix including VRES investments

6.5.6 Dutch Case Study Sensitivity Limiting Investments

There is a close relationship between the VRES and ESS investments. There-
fore, if we limit the VRES investment then the ESS investment is also limited,
and vice versa. We explore this relationship in all models by running two sen-
sitivities, one limiting the VRES investment (on-shore wind is limited to
7400 MW, off-shore wind is limited to 22466 MW, and solar PV is limited to

26455 MW)!5 and another limiting the ESS investment (BESS is limited to
5000 MW, and PSH is limited to 2500 MW).

Table 6-15 shows the different costs in the objective function for each model

in the base case, and both sensitivities. In addition, Table 6-16 shows the ESS
and VRES capacity for each model.

On the one hand, the EB and EBs models are more sensitive to the limitation
on ESS investment because their ESS mix investment is more biased to one
technology, see Table 6-16. Therefore, if that technology (in this case the
BESS) is limited the ESS investment has a bigger change. On the other hand,
the power-based models have an ESS technology mix in the base case more
distributed between the BESS and the PSH, therefore, the impact in the ESS
investment due to the limitation is lower (less than 1%), and even the total

cost increases due to change in the optimal ESS technology mix. In all models,
the VRES investment is reduced due to the limitation on ESS.

Limitations on VRES investment impacts more the power-based models than
the energy-based models. For instance, the PB model reduces a 14.6% the
ESS investment cost due to an increase of 3.8% of VRES investment, while
the EB model changes 5.6% the ESS investment cost due to an increase of

15 These values were obtained from ENTSO-E “Ten Year Network Development Plan 2018” [147]
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6.2% in the VRES investment cost. This is mainly because the VRES technol-
ogy mix 1s changed to more solar PV technology (66% in the PB model, see
Table 6-16), which favors ESS with a daily cycle such as the BESS. This
change is less significant in the EB models because in the base case there
were mainly BESS investment, therefore, there were already enough BESS
to deal with the daily cycles of solar PV technology. However, the PB model
1s still better because it invests less and obtains a lower operating cost than
the EB model. This situation also occurs in the ESS investment limitation
sensitivity. Therefore, the main conclusions comparing the EB and PB model
are still valid for these sensitivities.

Table 6-15. Sensitivity to ESS and VRES investment - Costs

No limit to ESS No limit to ESS No limit to VRES
Result Model and VRES invest- and limit to VRES and limit to ESS

ment investment investment
EB 14.41 13.60 11.86
ESS Invest EBs 13.48 12.28 11.86
Cost [M$] PB 10.74 9.17 10.92
SR-PB 10.74 8.61 10.86
EB 65.78 69.83 65.11
VRESIn- ppg 65.55 70.49 64.42
vest Cost
(MS] PB 66.22 68.72 65.61
SR-PB 65.74 68.62 65.69
EB 18.42 18.42 18.42
Therm. In- pp 18.42 18.42 18.42
vest Cost
MS] PB 17.20 17.82 17.77
SR-PB 17.30 17.25 17.68
EB 70.34 75.59 74.02
Operating EBs 68.58 73.37 71.52
Cost [M$] PB 68.29 75.20 68.23
SR-PB 68.78t 76.41% 68.261
EB 168.95 177.44 169.40
Total Cost EBs 166.02 174.56 166.22
[M$] PB 162.45 170.91 162.54
SR-PB 162.56t 170.90t 162.50t

T Values from Stage 1b

Table 6-16. Sensitivity to ESS and VRES investment - Capacity

No limit to ESS No limit to ESS No limit to VRES
Result Model and VRES invest- and limitto VRES and limit to ESS

ment investment investment

EB 7050 7300 5000

BI‘;SCSRS&' EBs 6300 7150 5000
[MW] PB 3200 3750 4250
SR-PB 3200 3500 3800

EB 2500 2000 2500

PSH Capac- EBs 2500 1500 2500
ity [MW] PB 3000 2000 2500
SR-PB 3000 2000 2500

132



No limit to ESS No limit to ESS No limit to VRES
Result Model and VRES invest- and limitto VRES and limit to ESS
ment investment investment

EB 4224 6268 4486
i‘;l::cfi’t‘; EBs 4218 6990 3861
[MW] PB 3994 6644 3810
SR-PB 3932 6718 3940
) EB 37708 21507 36924
W;‘;iga' EBs 37545 21339 37153
[MW] PB 38289 20939 38066
SR-PB 38117 20869 38027

6.6 Main Takeaways in this Chapter

This chapter proposes a power-based model to determine the GEP that im-
proves the existing energy-based GEP models. The proposed model optimizes
investment decisions on VRES, ESS, and thermal technologies. In addition,
it includes real-time flexibility requirements, and the flexibility provided by
ESS, as well as other UC constraints, e.g., minimum up/down times, startup
and shutdown power trajectories, network constraints. The main analysis
and results can be summarized in the following conclusions:

In the case studies that have been analyzed in this chapter, the proposed
power-based model uses the installed investments more efficiently and
more effectively since: 1) it represents the reality of flexibility require-
ments of the power system more adequately; and 2) it adequately ex-
ploits the flexibility capabilities of the system. That is, the decisions
made with the power-based model simultaneously yield lower invest-
ment costs, operating cost, CO2 emissions, and renewable curtailment
with respect to the energy-based model. This is mainly because the en-
ergy-based model overestimates flexibility capabilities, failing to cap-
ture the flexibility requirements such as load and VRES ramps even in
a deterministic approach (i.e., without uncertainty on demand, or re-
newable production).

The advantages of the power-based approach could become much more
significant considering uncertainty. Therefore, correctly modeling the
system flexibility changes the optimal expansion capacity decisions. For
instance, the power-based model obtains less total investment because
it is more accurate in the representation of ramping characteristics for
generation resources (e.g., thermal technologies and ESS), which leads
to less operating cost in the real-time validation.

The power-based model has computational advantages in terms of CPU
time. The results for the case study show that the power-based model is
1.3 to 4 times faster than the energy-based model. We also have shown
that the semi-relaxed power-based model is even faster (10 to 21 times)
without losing accuracy in the results compared with the non-relaxed
power-based model (less than 0.2% objective function error). This is rel-
evant for applications with large-scale long-term capacity expansion
planning problems where relaxed models are more often used due to
computational power limitations.
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Wrong incentives may lead to less efficient solutions. That is, forcing
renewable production leads to a change in the optimal flexible resources
the system needs, making lower round-trip efficiency ESS technologies
more attractive, such as CAES or PSH. This means consuming more
energy in the charging process to avoid penalization due to VRES cur-
tatlment. This effect is independent of the model (either energy- or
power-based), however, the ESS technology mix changes radically de-
pending on the model. For instance, the Dutch case study, considering
50€/MWh, shows that the power-based GEP-UC model invests 71%
less in BESS, and invest in CAES instead of PHS, in comparison to the
energy-based GEP-UC model.

The results show an important insight for ISOs because, even without
uncertainty, the current energy-based models impose more reschedul-
ing in the real-time operation than the power-based models. For plan-
ning authorities this is also important because decisions made with
power-based models lead to a generation technology mix that is better
adapted to real-time system operation.

Although the case studies that have been analyzed in this chapter have
not included LTESS (e.g., hydro generation), the power-based models
are compatible with the enhanced version of representative periods (i.e.,
RP-TM&CI in chapters 3 and 5) in order to co-optimize both types of
ESS including the flexibility requirements that power-based models
have.
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7 CONCLUSIONS

The relevance of this thesis is being at the cutting edge of knowledge about
the use of energy storage technologies in electric power systems. Although the
technology itself already exists, there are still no electrical power systems
that are operated mostly with renewables and energy storage systems. It is
not yet known what repercussions this type of operation would have for the
electric power system, for the electricity market, economic viability, and
power system operation. If we want to reach an electricity sector free of emis-
sions, we must improve the optimization models that help in the decision-
making process. Through this thesis, we have proposed several improvements
to current models that may help system operators, regulatory authorities,
policy makers, universities, and research centers to analyze in a more accu-
rate way the role of energy storage systems in the electric power industry
decarbonization.

7.1 Summary of Main Results

The remainder of this section contains a summary of the main results of this
thesis and the most relevant conclusions that can be drawn from the pre-
sented research, according to the main chapters in this thesis.

Representation of Energy Storage Operation

e Having extended the system states to a framework with a transmission
network, we have found that if the transmission network is constrained,
the accuracy of the system state approach for representing storage opera-
tion improves. This conclusion is quite relevant and some-how counterin-
tuitive, because it means that it is not necessary to include information of
the congestion of the network in the clustering-process to improve the re-
sults when the system state framework is used to represent ESS operation
in medium- and long-term planning models.

e The system states methodology was originally developed to include chro-
nology and high time resolution details in operational planning models.
While it can deal with long-term storage (LTESS), it cannot accurately
estimate short-term storage (STESS), and quickly becomes computation-
ally intractable because of the storage constraints. Unlike the system
states models, the traditional representative periods (RP) model cannot
handle long-term storage (LTESS), however, it deals well with short-term
storage (STESS) as it preserves within-day chronology.

e The proposed enhanced version of the RP model (RP-TM&CI model) com-
bines aspects of the system states and representative period models to ac-
count for both short and long-term storage. According to the case study
results, it is the most accurate of the analyzed models and does not require
a significant increase of CPU time.

e These results support the idea that including chronological information
among representative periods may be an efficient way to include small
time scale variations in longer-term planning models that involve storage.
Doing so is a critical need in the adequate representation of power systems
that include a significant and increasing quota of variable renewable
sources and energy storage systems.

135



Co-optimization of ESS in hydro-thermal dispatch models

e The results validate the initial hypothesis that short-term energy storage
(e.g., BESS) decisions on energy production impact the opportunity cost
(or water value) of seasonal storage. This is relevant because traditional
hydrothermal dispatch models disregard this situation in their formula-
tions.

e The proposed hydrothermal model using the Linked Representative Peri-
ods (LRP) obtains a better estimation of operational results (e.g., produc-
tions, number of cycles for short-term storage, and storage levels) than the
classic Load Duration Curve (LDC)models for all the case studies in the
analysis. These results are expected to be in the same way for different
case studies, since the LRP is a more detailed model to represent the en-
ergy storage operation than the LDC model.

e Hourly opportunity costs internalize long-term signals due to seasonality
in the power system. In other words, the water value in seasonal storage
includes the impact of short-term operational decisions.

e This is important to help market participants or planning authorities in
their decision-making process (bids or investment decisions) by determin-
Ing correct economic signals (i.e., short-term prices and long-term expected
values) with the co-optimization approach in the LRP model thereby
avoiding sub-optimal solutions from iterative processes (e.g., fixing the hy-
dro reservoirs levels obtained from a medium-term model in a short-term
operational model).

Investment Decision Models for Energy Storage

e Transmission losses have a relatively small effect on storage siting and
investment decisions, while congestion significantly impact the model out-
put. Congestion drives higher storage capacity siting with more of it lo-
cated close to demand centers. When both forms of network constraints
were introduced simultaneously, losses did not drastically change the re-
sults.

e Nevertheless, if there is no network congestion then the transmission
losses play an important role to differentiate among nodes to distribute
the ESS investment.

e In addition, the case studies showed that faster ramping technologies such
as flywheels were favored for increased renewable penetration for their
load stabilizing capabilities. However, after a certain threshold of renew-
able capacity was reached the investment model favored larger-scale ESS
to better manage excess energy supply and avoid spillage.

e When both STESS and LTESS are considered for investment decisions,
then system states and representative periods approaches are also useful
to determine the optimal investment decisions. The enhanced version of
representative periods (i.e., RP-TM&CI model) is the most accurate of the
analyzed models. Therefore, including chronological information among
representative periods may be an efficient way to include short-term var-
1ations in longer-term planning models that involve energy storage invest-
ment.

e The system states and representative periods models, as well as their en-
hanced versions, underestimate the ESS investment. Based on the tight
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connection between VRES curtailment and storage needs, the results
show that the representative periods models (RP and RP-TM&CI) have
less error (both ESS investment and renewable curtailment) than the sys-
tem states models (SS and SS-RFM) in the case studies that have been
analyzed. We expect that these results can be replicated in more case stud-
ies, since the system states models cannot guarantee that STESS are al-
ways within bounds, leading to an overestimation of the actual energy
storage capacity, and therefore, always tend to invest less in ESS than the
representative periods models.

Investment Models for ESS using Power-based UC

The case studies have shown that the proposed power-based model uses
the installed investments more efficiently and more effectively, which is
indicated as follows 1) it represents the reality of flexibility requirements
of the power system more adequately, and 2) it adequately exploits the
flexibility capabilities of the system. That is, the decisions made with the
power-based model simultaneously yield lower investment costs, operat-
ing cost, CO2 emissions, and renewable curtailment with respect to the
energy-based model. Although these results are obtained for a specific case
study, we expect the same behavior in different case studies because the
energy-based model overestimates flexibility capabilities, failing to cap-
ture the flexibility requirements such as load and VRES ramps even in a
deterministic approach (i.e., without uncertainty on demand, or renewable
production).

Correctly modeling the system flexibility changes the optimal expansion
capacity decisions. For instance, for the studied system, the power-based
model obtains less total investment because it is more accurate in the rep-
resentation of ramping characteristics for generation resources (e.g., ther-
mal technologies and ESS), which leads to less operating cost in the real-
time validation.

The proposed semi-relaxed power-based model effectively reduces the
CPU (10 to 21 times) without losing accuracy in the results compared with
the non-relaxed power-based model (less than 0.2% objective function er-
ror). This is relevant for applications with large-scale long-term capacity
expansion planning problems where relaxed models are more often used
due to computational power limitations.

Wrong incentives may lead to less efficient solutions. That is, forcing re-
newable production leads to a change in the optimal flexible re-sources the
system needs, making ESS technologies with lower round-trip efficiency
(such as CAES or PSH) more attractive. This general effect is model inde-
pendent and applies for both energy- and power-based; how-ever, the aris-
ing optimal ESS technology mix changes drastically be-tween the energy-
and power-based models. This is mainly because forcing the VRES produc-
tion (through a penalization in the objective function) leads to more flexi-
bility requirements of the thermal and ESS units, which has very different
representation depending on the model. Therefore, as the flexibility re-
quirements in the power system are higher, the differences between the
energy- and power-based model in the ESS investment become larger.
The results show an important insight for ISOs because, even without un-
certainty, the current energy-based models impose more rescheduling in
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the real-time operation than the power-based models. For planning au-
thorities this is also important because decisions made with power-based
models lead to a generation technology mix that is better adapted to real-
time system operation.

Although the case studies that have been analyzed in chapter 6 have not
included LTESS (e.g., hydro generation), the power-based models are com-
patible with the enhanced version of representative periods (i.e., RP-
TM&CI in chapters 3 and 5) in order to co-optimize both types of ESS in-
cluding the flexibility requirements that power-based models have.

7.2 Original Contributions

Throughout this thesis, we have proposed optimization models in order to im-
prove current operational and investment planning tools including short- and
long-term operational decisions for different grid-level energy storage tech-
nologies which affects tactical and strategic planning in power systems. To
summarize, the main contributions of the work presented in this thesis are
the following ones, which are classified in four main areas, according to the
specific objectives that have been established in this thesis, see Figure 7-1.

Co-optimization of ESS

technologies
State-of-the-art Article IV

v v

Operational Planning Investment Decision Planning
(Tactical) (Strategic)

Objective 1. ESS Operation represen-

Objective 2. Co-optimization in Hy-

Objective 3. ESS investment [Article

tation [Article I and Article I1] ITand Article I1]

Objective 4. Power-based UC invest-
ment model for ESS [Article VII and

drothermal models [Article VI] Article V]

Figure 7-1. Contributions of this thesis

Journal Articles
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Article I. Tejada-Arango, D. A., Wogrin, S., & Centeno, E. (2018). Repre-
sentation of Storage Operations in Network-Constrained Optimization
Models for Medium- and Long-Term Operation. IEEE Transactions on
Power Systems, 33(1), 386-396.

Article I1. Tejada-Arango, D. A., Domeshek, M., Wogrin, S., & Centeno, E.
(2018). Enhanced Representative Days and System States Modeling for En-

ergy Storage Investment Analysis. IEEE Transactions on Power Systems,
33(6), 6534—-6544.



e Article IIl. Yacar, D., Tejada-Arango, D., & Wogrin, S. (2018). Storage Al-
location and Investment Optimization for Transmission Constrained Net-
works Considering Losses and High Renewable Penetration. IET Renewa-
ble Power Generation, 12(16), 1949-1956.

o Article IV. Tejada-Arango, D. A., Siddiqui, A. S., Wogrin, S., & Centeno, E.
(2019). A Review of Energy Storage System Legislation in the US and the
European Union. Current Sustainable/Renewable Energy Reports, 6(1),
22-28.

e Article V. G. Morales-Espana, D.A. Tejada-Arango, Modelling the Hidden
Flexibility of Clustered Unit Commitment. IEEE Transactions on Power
Systems, pp. 1-1, 2019.

Under Review

o Article VI. D.A. Tejada-Arango, S. Wogrin, A. Siddiqui, E. Centeno, Short-
term storage signals in hydrothermal dispatch models using a linked rep-
resentative periods approach, October 2018. (currently under review in En-
ergy - The International Journal).

o Article VII. D.A. Tejada-Arango, G. Morales-Espana, S. Wogrin, E. Cen-
teno, Power-Based Generation Expansion Planning for Flexibility Require-
ments, February 2019. (currently under review in IEEE Trans-actions on
Power Systems).

7.2.1 Representation of Energy Storage Operation

Article I and Article II propose improvements in current decision support
models such as better dealing with short-term storage such as BESS and sea-
sonal storage at the same time, including a network-constrained analysis. In
addition, in the articles we analyze and establish the main drawbacks of the
traditional modeling approaches using an hourly unit commitment model as
a benchmark for the comparison of the current and proposed models. The
main contributions regarding the representation of ESS operation are sum-
marized as follows:

e The extension of the system-state optimization model for MLTOP from a
single-bus system to a transmission network. This allows to determine
how the congestion on the transmission network impacts the storage op-
eration.

e The definition of an efficient clustering process for the system states con-
sidering the nodes of the network to represent storage operations. In ad-
dition, the description of the differences between the clustering process for
a single node and for multiple nodes.

e The formulation of enhanced versions of system states and representative
periods to preserve the chronological information of different kinds of ESS
cycles (from hourly to yearly), which out-perform existing methods in
terms of solution quality and CPU time and allow for the co-optimization
of both short- and long-term storage operation decisions.

7.2.2 Co-optimization of ESS in hydro-thermal dispatch models

Article IV assesses the impact of short-term energy storage decisions on the
opportunity cost of long-term storage through the proposal of a new optimi-
zation model for hydrothermal coordination (i.e., considering the uncertainty
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in the natural hydro inflows) in which hourly opportunity costs or short-term
signals are co-optimized with seasonal storage.

The main contribution is the derivation and analysis of the hourly oppor-
tunity cost of storage technologies when the proposed Linked Representative
Period (LRP) model is solved. In other words, the LRP model can obtain an
approximation of the ESS hourly opportunity cost within the studied time
horizon without solving an hourly model. Moreover, the LRP model gets
hourly opportunity cost for different types of ESS technologies which operate
on different time scales (hydro vs battery). So far this was not possible be-
cause classic LDC-type models lack chronological information among the load
levels.

7.2.3 Investment Decision Models for Energy Storage

Article II formulates and tests the main modeling approaches to evaluate ESS
investment in power systems with high penetration of VRES by analyzing the
ENTSO-E future scenarios for the Spanish case. Furthermore, Article III an-
alyzes the influence of transmission constraints, losses, and increased VRES
penetration on planning ESS allocation and investment. In this context, the
main contributions are as follows:

e The formulation of enhanced versions of system states and representative
periods for investment models, in order to preserve the chronological in-
formation of different kinds of ESS cycles (from hourly to yearly), which
out-perform existing methods in terms of solution quality and CPU time
and allow for the co-optimization investment of both short- and long-term
storage.

e The comparison of system states and representative periods for ESS in-
vestment models using an hourly unit commitment model as a benchmark.
This kind of comparison considering short- and long-term storage had not
been developed before in the literature.

e The expansion of ESS allocation and investment model to account for both
network congestion and transmission losses. A linearized approximation
of ohmic losses 1s adapted to do this. By investigating physical constraints
in a transmission network, the impact that ESS investment will have on
grids operating with a high share of non-dispatchable power can be better
analyzed.

7.2.4 Investment Models for ESS using Power-based UC

Article VII improves current investment models by correctly modeling power
system flexibility requirements (mainly due to VRES production) that lever
different ESS technologies in-vestment. Moreover, the paper compares en-
ergy-based and power-based unit commitment models and analyze the main
advantages and disadvantages for the ESS investment decisions. The main
contributions are summarized as follows:

e The proposal of a power-based GEP-UC model including energy storage
investment that improves the classic energy-based models by representing
more accurately the flexibility requirements of power systems (i.e., reserve
decisions and ramping constraints). We have developed a model for ESS
based on power, so it added to the power-based formulation.
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The proposal of a real-time validation stage (e.g., 5-min simulation) in or-
der to evaluate the quality of investment and operational decisions of en-
ergy storage systems that have been obtained with the GEP-UC model.
The proposal of a semi-relaxed version of the power-based GEP-UC model,
which reduces the computational burden without losing accuracy in the
results. For instance, in the proposed semi-relaxed version, the power-
based GEP-UC model obtains better performance in the real-time valida-
tion stage than the traditional energy-based models, while the investment
problem is solved significantly faster.

7.3 Future Research

To conclude this thesis, we summarize some interesting topics for future re-
search which have arisen throughout this document:

Modeling improvements

The proposed models in this thesis minimize the total operational and in-
vestment cost, which represents the point of view of a policy maker or
planning authority, and it could even represent the decision-making pro-
cess in a monopoly framework. However, since the liberalization wave of
the electricity sector, many power systems have migrated to a competitive
market framework. Moreover, operational and investment decisions of
market agents depend on decisions made by other competitors in the mar-
ket, as well as considering that these decisions are made in sequence (i.e.,
investment decisions are made first, and then operational decisions fol-
low). Therefore, in these situations, cost minimization is not a valid as-
sumption. From the modeling point of view, the challenge here is to adapt
the proposed models in this thesis to bi-level programming models to de-
termine investment equilibrium in competitive markets having an ESS
portfolio including different kinds of storage technologies, e.g., short- and
long-term energy storage systems.

In Section 2.1, we have discussed that ESS can provide different services
in power systems, such as generation, transmission, and end-user ser-
vices. This thesis has focused on modeling generation services (e.g., energy
arbitrage, and reserves). These types of services do not require to consid-
ering reactive power in the respective model formulations. However, some
transmission services, such as voltage support, need a careful modeling of
reactive power in optimization models. The main modeling challenge here
1s that including reactive power equations leads to a non-linear non-con-
vex optimization problem, which is already challenging to solve without
including additional ESS constraints. Therefore, two main future research
lines are derived from this situation. First, AC-OPF equations can be writ-
ten in three different forms: polar power-voltage (P), rectangular power-
voltage (R), and rectangular current-voltage (IV). Depending on the for-
mulation used for the AC-OPF, the non-linear terms change, e.g., P for-
mulation has cosine and sine terms, while R and IV formulations have bi-
linear terms. This is an important aspect in order to tackle the operation
and investment models with AC-OPF because, depending on the AC-OPF
formulation, different approaches can be applied in order to solve the prob-
lem. Thus, more research should be done in order to determine the best
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formulation in the models that have been developed in this thesis. Moreo-
ver, different convexification methods for the AC-OPF formulation (e.g.,
Second Order Cone Programming) need to be explored in order to model
reactive power constraints in medium- and long-term models. Second, re-
active power characteristics of ESS depends on the type of technology. For
instance, PSH has a reactive power characteristic similar to the one in a
hydro generation unit, but BESS has a reactive power characteristic more
similar to the one in Flexible Alternating Current Transmission System
(FACTS). Thus, more research should be done in this line in order to
properly model this characteristic. Considering reactive power in the pro-
posed models in this thesis will allow to assess more accurately the ESS
operation and investment in a context where they can provide multiple
services.

Policy analysis
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Short-term energy storage, e.g., batteries, could provide multiple services
in power systems such as: energy arbitrage, renewable support, reserve
markets, security of supply, etc.; and consequently, new ways to consider
these multiple services in the planning tools or decision support models
are needed. Nevertheless, proposed models in this thesis may be an option
to carry out exhaustive analysis focusing on the added value for society of
storing electricity by simultaneously providing multiple services.

In addition, the proposed models in this thesis may also be useful to ex-
plore the economic viability of the maximum social benefit solutions for
private investors in ESS. They may also help to determine the gap be-
tween the solutions of maximum social benefit (what we would like to hap-
pen) and maximum benefit for private investors (what will happen).



A  OPERATION AND INVESTMENT FORMULATIONS

Al

Notation

In the following formulation “p/s” refer to the parameters used to identify
time divisions: periods (e.g., 1 h) in the detailed model and states in the sys-
tem states model respectively.

Indices and Sets

p€EP Periods (hours)

pi1(p) Subset with the last period of the time horizon

s,s"€S System states

ke K Periods in which storage limit are imposed in system states

gEG Generation units (thermal or storage)

t(g) Subset of thermal generation units

h(g) Subset of storage units

h;(g) Subset of long-term storage (e.g., hydro) units

hs(g9) Subset of short-term storage (e.g., batteries) units

n,n €N Flectrical nodes o buses

ns(n) Subset of electrical nodes or buses without slack bus

c Circuits

Ggn Generators g connected to bus n

O,/ ¢ Circuits ¢ connected between bus n’ and n

rp € RP Set of representative periods (e.g., days, weeks)

Ly Injective map of each period p to a representative period rp

H,p Injective map of each period p to a period p’ € Lipp

pr(p,7P) Subset with the first period p of the representative period rp
Parameters

Cgf uel Cost of consumed fuel [k€/MJ]

gy Variable term of fuel consumption [MJ/MWh]

By Fixed term of fuel consumption [MJ]

Yg Fuel consumption during the startup [MJ]

cgm Cost of operation and maintenance [k€/MWh]

Dy/sn Electricity demand per node [MW]

;}?’fl Renewable production per node (e.g., wind or solar) [MW]

Quax Qmin Upper and lower bound on production [MW]

SRR, Maximum 10-minute ramp [MW]

Xres Operating reserve [p.u.]

wo, Initial storage level [MWh]

wmax ymin - Upper and lower bound on energy storage [MWh]

th in Minimum final storage level [MWh]

Ly/sn Hourly energy inflows [MWh]

Nh Efficiency of storage unit [p.u.]

Bj** Upper bound on charging/pumping [MW]

T Duration of state [h]

TC W Transmission capacity of circuit ¢ [MW]
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ISan’cns
Ngg
Fggri
RFM¢ (1}
WGrp
NRP
NPrp
M

C’ilnv
EPRJ**
EPR;M™

rprp’

Variables

Qp/sg
qP/Sg
Up/sn
Tp/sg
Wp/sh
Awg oy
bp/sh
SPp/sh
pfp/s nn'c
PNSy/sn
Up/s g
Yo/sg
Vss'g
Xn

Injection Shift Factors [p.u.]

Transition matrix between states

Frequency matrix between states and changes

Reduced Frequency Matrix between states and changes
Weight of representative periods [h]

Transition matrix between representative periods
Number of periods at each representative period [h]
Moving window for storage level [h]

Investment cost for storage units [€/MW]

Maximum and minimum energy to power ratio [h]

Power production [MW]

Power production above Qg”" [MW]
Renewable production [MW]
Spinning reserve [MW]

Storage level [MWh]

Difference in storage [MWh]

Hourly charged/pumped power [MW]
Hourly energy spillage [MWh]
Power flow per circuit [MW]

Power not supply per node [MW]
Binary dispatch decision [0-1]

Binary startup decision [0-1]

Binary startup decision for state model [0-1]
Storage investment [MW]

A.2 Hourly Model

The following equations describe the hourly unit commitment model used as
the benchmark to test the proposed models in this thesis.

ming {thue : [ﬁtupt T VeYpt T atCIpt] + Ctomet} + hcﬁnvxh (A.2-1)
p,t

Subject to:

Z Apt + Z(qph - bph) + Upn + Z (pfpn’nc - pfpnn’c) + PNnSpn

teg heg
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pfpnn’c = ZISan'cns
ns

Z qpe t+ 2 (qph - bph) + Upng + PNSpn (A.2-3)
tEgtns hEghnS
—Dpy,| Vnn'c€0,p

Gpt = Q"™ upe + Qe Vp,t (A.2-4)
0 < Gpe < (@M = Q7™ Jup, Vop,t (A.2-5)
Upt — Up-1,t = Vpt Vpt (A.2-6)
Tot + Qe < Upe Q7™ Vp,t (A.2-7)
0 <1y < SRR, Vp,t (A.2-8)
Z e = X7 Z Dpn vp (A.2-9)
Upe, Vpe € 0,1} Vp,t (A.2-10)
Wpn = Wp_1n + WO0puo1 0 + Ipn — Gpn — SPpr + NMnbpn Vph (A.2-11)
0 <vp, <V Vpn (A.2-12)
0 < qpn < Qp'™ +xp Vp,h (A.2-13)
0 < bpp < BR'™ + npxp Vp,h (A.2-14)
0 < sppn Vph (A.2-15)
|pfpnn’c| = Tcﬂaf V0,0 (A.2-16)
WM™ + EPRIM™x), < wyy, < WM + EPRJx), Vph (A.2-17)
Wy, = W Vh (A.2-18)

The objective function (A.2-1) minimizes storage investment costs and the
total operating cost of the system (e.g. startup costs, fixed costs, variable
costs, operations and maintenance costs, and penalties for spillage and energy
not supplied). Constraint (A.2-2) is the demand balance equation. Constraint
(A.2-3) represents the power flow equation using Injection Shift Factors (ISF).
Constraints (A.2-4) and (A.2-5) ensure thermal unit production is within min-
imum and maximum capacity. Constraint (A.2-6) is the startup constraint of
the unit-commitment. Constraints (A.2-7) to (A.2-9) are reserve constraints.
Constraint (A.2-10) states that the commitment and connection variables are
binary. Constraint (A.2-11) is the storage constraint which states that the
storage in any hour is the storage in the previous hour plus the net charging
and discharging in the current hour. Constraints (A.2-12) to (A.2-17) keep
within bounds the renewable production per node, the power output per stor-
age unit, the pumped power per storage unit, the energy spillage, the power
flow through a line, and the amount of energy stored in each storage unit.
Constraints (A.2-13) and (A.2-14) include the power capacity increase due to
the storage investment variable. In models to evaluate only ESS operation,
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the investment variable x;, is set to zero. Constraint (A.2-17) includes the en-
ergy capacity increase considering parameters EPR™* and EPRI". These pa-
rameters describe the relationship between the energy that can be stored (i.e.,
maximum and minimum respectively) and the nominal power of the equip-
ment. Finally, constraint (A.2-18) establishes the minimum storage level at
the last period of the time horizon.

A.3 System States Model

This section presents the formulation of the system states model as conceived
in [94].

ming, Z {thuel .

TsBrug + z Ns’sytys’st + Tsa:qs;

+ CtostCIst}

st s'=s (A.3-1)
+ z C,l;m’xh
h
Subject to:
Z qse T Z(qsh — bgp) + Vs + z (Of sw'ne = Pf snn’c) + PNSsn
teg heg n’c €ed (A.3-2)
=Dg, Vs,n
Pfsnn'c = Z ISan’cnS ’ z qst t Z (Gsn — bsn) + Usng
ng tEgtns hthTLs (A 3_3)
+ pnssp, — Dsp | Vnn'c €0,s
st = Qt ust + QSt Vs, t (A-3'4)
0<qy < (Qma" K i”)ust Vs, t (A.3-5)
Use — Uy bt = < Vs'st Vst (A3'6)
Tst T st < ustQmax Vs, t (A-3'7)
Zr = X" ZDsn Vs (A.3-9)
Ust, Vo't € 10,1} Vst (A.3-10)
0 < vy, S VR Vs,n (A.3-11)
0 < qen < Q™ + xy, Vs, h (A.3-12)
0 < bgp, < BI"™* 4+ npxp, Vs, h (A.3-13)
0 < spsp Vs, h (A.3-14)
IPf snncl < Crrlrrllaic VOues  (A3-15)

Awggry = 0.5 (Isn + Iy + Npbsn + Mnbsy — Gsn = qs'n vss,h  (A.3-16)
— SPsp = SPs'n) o
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Ny - Awggrp, = W™ — WO, + EPRIM"x),

s,s' s.t. vh (51D
Ny r>0
Ny - Awgr, < WM™ — W0, + EPRM%x
/ ss ss'h h h h h Yh (A.3-18)
s,s' s.t.
Ngsr>0
Foo - Aw. ., = W™ — W0, + EPRM™My
7 ss'k ss'h h h ho =h vV hk (A.3-19)
s,;s’ st
Fogr3>0
Feury - Aw.ory, < W™ — W0, + EPRT™**x
7 ss'k ss'h h h ho Th Vhk (A.3-20)
s,s' s.t.
Foor >0

The objective function (A.3-1) incorporates storage investment and opera-
tional costs just as in the hourly model. The costs of each state are weighted
by the number of hours in the time horizon that belong to that state, and the
startup costs are multiplied by the transition matrix which gives the number
of transitions between each set of states. Constraints (A.3-2) to (A.3-15) are
formulated exactly as in the hourly model in previous section, except that
they are defined for each system state ‘s’ rather than each hour p’. Con-
straints (A.3-16) to (A.3-20) are the system states formulation of the storage
constraints. These constraints are explained in more detailed due to their rel-
evance in this model.

Storage Representation in the System States Model

In order to properly represent storage units in the system state approach, we
must first define a new variable Aw,,,. This variable represents the differ-
ence in storage level for a specific storage unit h between two different states.
Solving the model with this variable can allow us to analyze storage level
differences as well as charge, discharge and spillage information. This infor-
mation can then be backtracked to obtain the corresponding hourly storage
levels on storage units. Mathematically, this variable is defined as the central
finite difference between two states s and s’ in constraint (A.3-16). Therefore,
the storage level difference variable is calculated by taking the average of the
sum of the difference in storage level for one of the hour blocks in one state s
(charge minus discharge minus spillage plus inflows) to the storage level dif-
ference in another hour block in a different state s’. The sum of the series is
Awgy, multiplied by the time that transition occurs, value included in the
transition matrix N, results in the evolution of the storage level from begin-
ning to end of time horizon. Therefore, constraint (A.3-17) defines the lower
boundary of the overall storage level difference from the initial and final lev-
els, and constraint (A.3-18) is the upper bound of the overall storage level
difference between the maximum and initial storage levels for a storage unit.

Until now, the storage level along the time horizon is not guaranteed to be
within bounds. More constraints need to be included to make sure that the
storage level is limited to intermediate (between the first and the last hour of
the time horizon) hours. To do this index k 1s used. It denotes a set of hours
at which the imposed storage level limitations still hold. Another parameter,
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F, 1s also introduced into the model. This parameter represents the fre-
quency with which a storage unit moves between hours of state s to hours of
state s’ before hour k. The lower and upper storage boundaries for all k are
1mposed in constraints (A.3-19) and (A.3-20) respectively. In order to keep the
system states approximation computationally tractable and efficient, it is cru-
cial that the value of k stays relatively small in comparison to the number of
hours that will be reduced. A naive approach is for example selecting 10% of
the total hours, however, the Iterative Approach, which is explained latter in
this section, goes into further detail on the process needed to obtain a small
value of k and the corresponding frequency matrix F .. It is important to
note that once the system state model is solved, the results can be used to
calculate an equivalent hourly solution. This ex post facto solution is made
possible by the fact that the clustering process uniquely assigns each hour to
one state.

It is important to point out that without the system state formulation pre-
sented in this section, the storage level cannot be properly modeled in an LDC
approach with a network. In fact, the LDC approach traditionally only con-
siders the storage balance constraint in aggregated periods (e.g., weeks, or
months). Therefore, it is not possible to obtain the storage level at block (and
subsequently hourly) level. For hydro reservoirs with storage capacity higher
than a week or month this approach is enough. However, storage units with
lower storage capacity (e.g., batteries or daily reservoirs) cannot be properly
modeled in the LDC approach. The modeling of these types of storage facili-
ties is becoming more relevant due to the increasing penetration of renewable
energy in power systems. Then, the system state framework gives us a way
to approximate the future operation of storage units for MLTOP no matter
the storage capacity of the facility.

Iterative Approach for the Formulation of Lower and Upper Storage Level
Bounds

Much like the ability to calculate hourly solutions, obtaining the set of hours
K 1is also based on the fact that each hour is assigned to only one system state.
Therefore, the set K represents the set of hours at which the upper and lower
bound constraints (A.3-19) and (A.3-20) for the storage unit are imposed. A
naive definition of set K is the hours where there is a change from one state
to another in the hourly list of the state assigned to each hour. F ., repre-
sents the number of times we have changed from one state to another until
time step k. For instance, the transmission matrix N, represents all transi-
tions between states s and state s’ over all the time horizon, while the fre-
quency matrix Fg, represents the amount of transitions between states s
and state s’ until hour (time step) k. In fact, if k is equal to the last hour then
both matrices have the same values at each element. Therefore, every ele-
ment of F ., must be lower or equal to the same element at N,. In other
words, it can be said that F, is defined similarly to the transmission matrix
N4 at each time step k.

As mentioned previously the computational efficiency of the storage approxi-
mation in the system state model depends heavily on the cardinality of set K.
Therefore, reducing the number of hours for which storage level bounds are
explicitly defined is favorable. In [51] a heuristic method is used in order to
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reduce the size of set K and the corresponding frequency matrix F ., in a
single-node case study. The heuristic approach is based on the idea of only
enforcing upper and lower bounds on the storage level when there is a change
in operations from charging to discharging. The drawback of this strategy is
that it becomes necessary first to identify the charging and discharging times
from the system’s historical data. This makes the limiting assumption that
past charge/discharge behavior will be representative of future actions, fail-
ing to take into consideration changes in system components (e.g. new lines
or generators).

An alternative iterative approach, that is described in [151] can also be used
to define the hours associated with set K. In this thesis, the iterative approach
has been applied to a transmission network problem, and it is shown that it
1s still valid for multiple nodes. This iterative approach is called Incremental
Bounding Algorithm (IBA). The first step required for solving via this method
1s to solve the system states model without constraints (A.3-19) and (A.3-20),
which means without limits on the storage level. Therefore, the post factum
hourly storage level may fall outside the bounds at specific hours. The hours
for which the storage level is out of bounds are added to set K and the corre-
sponding frequency matrix F, is calculated. The system state model is then
solved once again but this time including constraints (A.3-19) and (A.3-20).
Once again, the hourly storage levels must be calculated ex post in order to
verify that they all fall within the boundaries. If this condition is not satisfied,
the process is repeated until there are no more hours that must be added to
set K in order to properly maintain boundaries. This iterative process helps
ensure the smallest k value possible, reducing the computational burden of
the system state model. Therefore, this iterative approach is applied in this
paper in order to obtain set K and frequency matrix F ., . This iterative pro-
cess is explained through the following pseudocode, where ES(p) stands for
energy storage at a given hour p, and UB and LB stands for upper and lower
bound respectively.

{k}=0 // K set starts empty
SOLVE system states model
p=1 // Set start to first hour
While (ES(p to end) > UB or ES(p to end) < LB)
{k} = {k} U {p} // Add c hour when exceeds bound

SOLVE system states model // Solve model again

If a value of energy storage is higher than the upper bound the while loop is
entered. If the energy stored of an hour is below the feasible minimum, lower
bound, the while loop 1s entered [151].

A.4 Enhanced System States Model

The objective function in the enhanced system states model is the same as in
the former system states model (A.3-1). In addition, constraints (A.3-2) to
(A.3-18) remain also without changes.

The difference between the two models lies in the handling of storage which
has been separated into long- and short-term storage, each with its own set
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of constraints. (A.4-1) and (A.4-2) take the same form as (A.3-19) and (A.3-20),
but are only applied to long-term storage, which is likely to go through only
one or two cycles per year. Set k is a subset of hours in the time horizon in
which the upper and lower bound are checked. At each hour k, (A.3-19) and
(A.3-20) use the frequency matrices to add up all changes in storage from the
beginning of the time horizon to hour k and check that the total is within
bounds. (A.4-3) and (A.4-4), represent the storage constraints for short-term
storage. At each hour k, they add up all the net changes in storage since the
last hour k and constrain that sum to be within bounds. This is done with the
aid of the Reduced Frequency Matrix (RFM), an innovation of this model
which is just the difference between the frequency matrix (F,/;) correspond-
ing to the current hour k and that corresponding to the previous element in
set k, that 1s, k — 1. In other words, the difference between these two elements
or hours in the set k could be understood as a moving window. It is important
to mention that despite the use of the RFM, the storage level could be out of
bounds because the hours in set k are predefined in the model and we do not
know in advance the storage level value at each hour in set k. The best prac-
tice for reducing the number of hours in which the storage levels can be out
of bounds is to predefine the moving window considering the smallest storage
cycle in the power system.

Fogie - AWggry, = Wi — W0, + EPRIM™x,,

s,s! s.t. \4 hl. k (A.4-1)
Foori >0
Fogri  Awggry, < Wi — WOy, + EPRYx,
s,s’ s.t. . s " Vh,k (A4-2)
Foor >0
RFM_ ., - Aw > Wmm WO0, + EP mln
&, ss'k ss'hg hg Xp v hs' K (A.4_3)
RFM Ik>0
RFM_ .1, - Aw < Wmax — W0, + EPR™*x,
&, ss'k ss'hg hg v hs, k (A,4-4)
RFM 1, >0

A.5 Representative Periods Model

This section describes the RP model which is a commonly used method of re-
ducing temporal information. Although the model is general enough to work
with RPs of any length, we will speak of representative days for the sake of
simplicity. The formulation is roughly the same as that of the hourly model,
except the constraints only apply to the hours within the representative days.

ming z {WGTp 'Z{Cfuel : [ﬁtupt +YtVpe T atqpt] + Ctomet}

prP€lpp

+ z Can
Subject to:

Equations (A.2-2) to (A.2-18) V pel},,

(A.5-1)
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Wp=pf(p,rp)+NPrp—1h = Wp=p(prp)h V (p,7p)elpp, h (A.5-2)

The objective function (A.5-1) minimizes the storage investment cost and op-
erational cost just as in the hourly model, except that the operational costs
associated with each day are multiplied by the number of days in the time
horizon that are represented by it to yield the cost for the entire time horizon.
The RP model is constrained to equations (A.2-2) to (A.2-18) from the HM
benchmark model. Nevertheless, in the RP model, equations (A.2-2) to
(A.2-18) only apply to hours belonging to the selected representative days.

Equation (A.5-2) is a special constraint introduced into the RP model that
guarantees that the amount of energy stored in each unit at the end of each
representative day is greater than or equal to the amount of energy in storage
at the beginning of the day. Since each day is calculated separately, this pre-
vents a unit from finishing a day with less energy than the starting level of
the next day, and thus creating energy from nothing. This is a very simple
way to deal with the maximum energy storage per year. Other approaches
ensure that the change accumulated over each representative period does not
exceed the storage limits and ensure balance over the whole year. However,
for the sake of simplicity, these types of approaches are not analyzed in this
paper.

Despite the incorporation of (A.5-2), each representative day is independent
of the others and the RP model does not guarantee chronological continuity
among the representative days for the ESS.

A.6 Enhanced Representative Periods Model

This section shows the Representative Period with Transition Matrix and
Cluster Indices (RP-TM&CI) model which is the second original contribution
of this paper. Although the model is sufficiently general to be able to work
with representative periods of any length, we will once again speak of repre-
sentative days for the sake of simplicity.

The objective function has the same formulation as the regular representative
day model, i.e., (A.5-1). The RP-TM&CI model is constrained with equations
(A.2-2) to (A.2-18) for all the hours belonging to the selected representative
days. Constraint (A.6-1) is an innovation of this model. It creates continuity
between the representative days and prevents unnecessary startups by using
a transition matrix to require that for any pair of representative days that
transition from one to the other, the thermal units that are on in the last hour
of the first are also on in the first hour of the second. As written here, if there
1s even one transition between the two days, this constraint is applied. How-
ever, the constraint could be set to take effect only if there is a considerable
number of transitions between the two days, 5 or 10% of the transitions in
the time horizon, for example. Constraint (A.6-2) is the second innovation of
this model; it creates the continuity in storage across the entire time horizon
that allows for the modeling of long-term storage. It does this by checking at
regular intervals (1 week) that all the energy charged and discharged since
the previous week plus the total energy at the last check point are within
bounds. This is possible because, as a result of the clustering procedure to
determine the representative days, we know the Cluster Indices (CI), which
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1s a numeric column vector where each row indicates the cluster assignment
(i.e. representative day) of the corresponding day of the year. This information
1s included in the model using the subset H,,,.

U, _ !
p'=ps(p’rp")+NPp-1t A 61
= Up=prprp)t ¥ 6 @ 7D)ELpp, D" / NRP 1y > 0 (A.6-1)

Wpn = Wp_mn + WO0ph_1p
P
" Z Z (Tyyrh = @y = SPpn (A.6-2)

p'=p—-M+1 p”EHprpn

+ T]hbp”h) vV p, h
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B HYDROTHERMAL DISPATCH FORMULATIONS

B.1 Notation

(132

In the following formulation, “+” refers to the parameters or variables used to
identify time divisions: p for hours in the detailed hourly model, (m,w,[) in
the load-levels model, and (rp, k) in the linked representative periods model

respectively.
Indices and Sets

pEP
meM
MP,,,,
weEWwW
lel

rp € RP
TMyp' rp
keX
CLyrp i
reR

gey
tcg
scg
bcs
hcs
HURy,
HPRy,
RUH, p,
RPH, p,
RUR,
w E N

a(w)
Parameters

d,, o,
wg,
Pg Py
fo Ve

Sug, sd;

ChyMs
T Ty
T
S0Cp, SOCy
)
Ly
w
D=«
vl

4

v

Periods (e.g., hours)

Aggregation of hours (e.g., months)
Relation among hours and months
Aggregation of load levels (e.g., weekdays)
Load levels or load blocks

Representative periods (e.g., days)
Transitions among rp

Hours inside a representative period
Cluster index

Reservoirs

Generators

Thermal units

Storage units

Short-term storage units (e.g., batteries)
Hydro units

Hydro plant upstream of reservoir
Pumped hydro plant upstream of reservoir
Reservoir upstream of hydro plant
Reservoir upstream of pumped hydro plant
Reservoir upstream of reservoir

Scenarios

Scenario tree relations

Demand, operating reserve [MW]

Load level duration or rp weight [h]
Maximum, minimum output [MW]

No load cost [$/h], variable cost [$/MWh]
Startup, shutdown cost [$]

Production function and efficiency [p.u.]
Maximum and minimum reserve [hm?]
Initial and final reserve [hm3]

Maximum, minimum state of charge [p.u.]
Stochastic hydro inflows [m3/s]

Scenario probability [p.u.]

Energy not served cost [$/MWh]
Operating reserve not served cost [$/MWh]
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Variables

UCH, SUS, SDE Commitment, startup, and shutdown {0,1}

P&, Production of generation units [MW]

P’ff’,t Production above minimum output [MW]
on C&% Consumption of a hydro/storage unit [MW]

0%y Operating reserve of generation unit

Riﬁtm‘“’, Riﬁter‘“’ Intra and inter reservoir level [hm3]

Se Reservoir spillage [hm3]

ENS®,RNS? Energy and reserve not served [MW]

SoC*iZtm’w, Son?Zter'w State-of-charge of a BESS [p.u.]

B.2 Hourly Stochastic Hydrothermal Dispatch

The following equations describe the hourly UC model used as the benchmark
to test the proposed models.

min W .y, - SU% + w.sd,-SD® + w.f . UCH
Pp t pt Pp t pt Pp " Jt pt

wpt wpt wpt

+ ZPE"W'PSH ZPS"V"ENS{:" (B.2-1)

wpt wp
+ Zp;) -v"" - RNSY
wp

Subject to:
Z Opy + RNSp = 0, Vwp (B.2-2)
g
210 s ENS® =d
Pa T L + p = dpVwp (B.2-3)
g s 0
UCH — UCY 1, = SUZ, — SD& Yapt w'e a(w) (B.2-4)
Py + 08 < (B — pe ) - (UG — SUR) Yoopt (B.2-5)
P'oe + 0% < (Pe - Bt) -(UCY — SDZ, ;) Vapt (B.2-6)
PSi = py - UCH+P'p Yopt (B.2-7)
Poy < Pp Ywph (B.2-8)
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intra,w’ intra,w " ® 13)
Rp_lr - Rpr + lpr - Spr + z Sprl
r' €RUR,s .

N~———— —_—
Water spillage from upstream reservoirs

w
+ Z Pph/ch

h € HURpy
Turbined water from upstream hydro plants
W
— Ppn /
Ch
h € RUHp (B.2-9)
Turbined water from hydro plants in reservoir r
ce
Y
h € HPRpy
Pumped water from hydro plants to reservoir r
ce
- z ph/ch =0 Vwpr o'ca(w)
h € RPHyp,
Pumped water to other reservoirs
. Vi .
SoC T — SoC" ™ — Py, + Cp =0 Vwpb w'e a(w) (B.2-10)
R =7 Vaor (B.2-11)
n <RI < T, Vapr (B.2-12)
intra, -
soc, < SoC,, " < s0c, Vawpb (B.2-13)
0<Fhg<p, Vwpg (B.2-14)
0<Cps <p, Yops (B.2-15)
UGyt SUS, SUG: € {0,1} Vapt (B.2-16)

The objective function in (B.2-1) minimizes the expected value of operational
cost. Constraints (B.2-2) and (B.2-3) represent the operating reserve and the
demand-balance equations respectively. Equation (B.2-4) is the logical rela-
tionship among the binary variables for UC. Constraints (B.2-5) to (B.2-7)
ensure thermal unit production is within minimum and maximum capacity,
while (B.2-8) ensures it for hydro units. Also, (B.2-9) defines the water bal-
ance for each reservoir considering the hydro topology. Constraint (B.2-10)
defines the state of charge for each short-term storage (e.g., batteries). Notice
that constraints (B.2-9) and (B.2-10) are equivalent if, for example, a hydro
reservolr has a pump unit which is not in a hydro basin and it has no hydro
inflows. However, we keep both constraints in order to facilitate the distinc-
tion between both types of storage technologies. Constraints (B.2-9) and
(B.2-10) also are stated for w’e a(w), which allows to relate the different sce-
narios through the scenario tree. Constraint (B.2-11) establishes the final res-
ervoir level at the last period of the time horizon. Equations (B.2-12) to
(B.2-15) maintain bounds for the reservoir level, the state of charge, the power
output, and the charged power per storage unit. Finally, (B.2-16) states that
the commitment and connection variables are binary.
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B.3 LDC Stochastic Hydrothermal Dispatch

This section shows the load levels formulation based on the demo version of
StarGen Lite model (Medium Term Stochastic Hydrothermal Coordination
Model) [20], which is used for modeling hydrothermal dispatch models in [16].

min Z po - suy - SUS L + Z P - sdy - SDS :
wmwt wmwt
+ Z p‘ro;)t "W3mwi 'ft ’ UCr(;z)wt
wmwlt
+ Z P Wmwi " Ve " Pt (B.3-1)

wmwlt

+ Z prar)z “Wmwi * v ENS;;)LWI

wmwl

£ ) PR Whmur " RNSfhu
wmwl
Subject to:
Z Omwlg + RNS‘,(;{Wl = Omwl VYomwl (B3_2)
Z wlg — T;;Wls + ENSH = Ayt Yomwl (B.3-3)
N

S
mwl+1g = melg Vmelg (B.3-4)
UCkwe = UCH 1wsre = SUswe — SDige Vomwt o'e a(w) (B.3-5)
UCr(now+1t UCr%wt SUmw+1t SD$W+1t Yomt Vw > 1 (B3'6)
melt + Omwlt — thmet Vomwt (B-3'7)
melt = thmet Yomwt (B.3-8)
Powin < Pn Yomwh (B.3-9)
Rinterw’ _ pinterw 4 jo _ gw 4 Z 52

!
' €RUR, .

~———_—
Water spillage from upstream reservoirs

+ z Z ngwl'Pr(;z)wlh/Ch

wl h € HURp

Turbined water from upstream hydro plants

_ Z Z ngwl'Pr(;l)wlh/C
h (B.3-10)

wl h € RUHyp,

Turbined water from hydro plants in reservoir r

+ Z z WIdmwlt * Cr(nowlh/ch

wl h € HPRp,,

Pumped water from hydro plants to reservoir r

LW
_Z Z WImwi melh/chzo Yomr w'e a(w)

wl h €RPH,p,

Pumped water to other reservoirs
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inter,w’ inter,w ) w
SoCp "1y —S0Cn, " — E Wmwi * Pmwip + § W3mwi * Cmwip
wl wl

(B.3-11)
=0 Vomb w'ea(w)

Rlilrvl,tlir"" =7 Yor (B.3-12)
. < RIMET® < 7 vomr (B.3-13)
soc, < SoCe™® < 56¢, Vwmb (B.3-14)
0 < Powig <P, Yomwg (B.3-15)
0 < Chwis <P, Yomws (B.3-16)
Uce,,., SUL, ., SUL € {0,1} Yomwt (B.3-17)

The objective function (B.3-1) minimizes the expected operational costs such
as (B.2-1) in the HM model. Constraints (B.3-2) to (B.3-17) have the same
purpose as in the HM model. However, they are stated in term of the LDC
time division, i.e., m,w, . Moreover, the following considerations are particu-
lar for the LDC model: Equation (B.3-4) limits the production in consecutive
load levels. Equations (B.3-5) and (B.3-6) represent the commitment con-
straints in the LDC model. This model considers startup and shutdown deci-
sions within aggregation of load levels w. For instance, if the aggregations of
load levels are weekdays and weekend, then equations (B.3-5) and (B.3-6) de-
fine the commitment, startup, and shutdown decisions between weekdays
and the following weekend and vice versa.

Equation (B.3-10) defines the water balance for each reservoir considering the
hydro topology while (B.3-11) defines the state of charge for each short-term
storage (e.g., batteries). Both equations include the load-level duration
(Wgmwi) to consider the number of hours that are represented for each load
level. In other words, the multiplication by wg,,,,; guarantees that all the
charged/discharged energy is considered within the month m. These equa-
tions are for the inter-period variables. Intra-period variables are not availa-
ble in this model due to the lack of chronology within the month m.

B.4 LRP Stochastic Hydrothermal Dispatch

This section describes the LRP model, which is a stochastic extension of the
previous formulation developed in [95]. This model is a novel contribution to
hydrothermal dispatch because it enables consideration of both short-term
storage (e.g., batteries) and seasonal storage simultaneously.
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: w . . w
min me Z WGrp * SUt SUrp_k,t
wm rp,k,t

w . . w
+ z Pm z Wgrp Sdt SDrp,k,t
wm t,(rp.k)E{Clp rp k "MPp,p}

w

* me Z Wrp fe  UCrp s
wm t,(rp.k)E{Clp 1p kNMPry  }

+ Z prar)l Z WGrp "Vt " P;L;)),k,t
wm t,(rp,k)E{Clp rp k "MPp,p}
+ Z p& Z WGrp V' - ENSP, &
(rp.K)E{Clp yp k"M Py}
+ 2 pr(?L 2 Wgrp RN .k
(rp.k)E{Clp rp, k"M P, }

Subject to:

Z Oty kg T RNSH ;o 2 0 Vo, 7D,k

rpks
Z P K.g Z . +ENSZ, = dp Yo, 7p, k
S

UCrp,k,t - UCrp,k—l,t == SU-,(% k,l,' - SDr(f})?,k,t V(l), Tp, t Vk > 1

U Tpkt Z UC_::L;) Kt SUT(f;),k,t_SDT(fl)?,k,t Vw,r‘p,t Vk

rp ETMTp/ rp

=1 wealw)
P st + Ofp e < (25t - Et) (UCH e = SURp ) Va7, kit

P'rpie ¥ Ofpe < (ﬁt - Bf) (UCHiee = SDipiene) Yo,1p kit
P& e = DeUCH ke + Plrpie Yo,rpk,t
Pokn <Dn Y,7D,k,h
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(B.4-2)

(B.4-3)

(B.4-4)

(B.4-5)

(B.4-6)

(B.4-7)

(B.4-8)
(B.4-9)



intra,w’ intra,w |, :w w
Rrp,k—l,r - Rrp,k,r + Lrpkr — Srp,k,r

w
+ Z ok’

!
' €RUR, .

Water spillage from upstream reservoirs
Pe
T

+ p,k,h/Ch

h € HURp ;

Turbined water from upstream hydro plants
)
_ P rp,k,h /
Ch

h € RUHp,

(B.4-10)

Turbined water from hydro plants in reservoir r
C®
rp,k.h

h € HPRp,;

Pumped water from hydro plants to reservoir r
w
Crp,k,h /
Cn

h € RPHyp,

Pumped water to other reservoirs
=0 VYo, mp, k,vr w'ealw)

m-1,r mr KT rok—1,r
(rp. k) E{Clp rp K NMPpn,p} (B.4-11)
=0 VYomr o'ea(w)

Socintrae _ socintraw _po 4+ €8, =0 Vo, rp kb w'ea(w) (B.4-12)

inter,w’ inter,w intra,w intra,w’
R —R + [R R ]

inter,w’ inter,w

+ ) [socipiee —sochis] (B.4-13)
(rp.K)E{Clp rp, K "M Py}

=0 VYomb w'ea(w)
R =1 Vor (B.4-14)
. < RITO <7 vomr (B.4-15)
n SROGYC <7, Vo, rp kT (B.4-16)
soc, < SoCMHe™ < 50c, Vwmb (B.4-17)
soc, < SoCriZ,t,:’%'w <soc, Yw,rp,k,b (B.4-18)
0<Porg<p, Vo,rp,k,g (B.4-19)
0<Chrs <P, Yo,rp,k,s (B.4-20)
%,k,b SU‘Y(:L})?,k,t! SU-,(%,](I € {0,1} V(,l), rp, kr t (B4'2 ]_)

The objective function (B.4-1) also minimizes the expected operational costs
such as (B.2-1) in the HM model. The operational costs associated with each
RP are multiplied by the number of periods in the time horizon that are rep-
resented by it, 1.e., multiplied by the weight of each RP. In addition, the in-
tersection of both sets {CI,,, N MP,,} guarantees that we are considering
only the RPs belonging to the corresponding month. Constraints (B.4-2) to

159



(B.4-21) have the same purpose as their equivalent ones in the HM model.
However, they are stated in term of the RPs time division, i.e., rp, k. Moreover,
the following considerations are specific to the LRD model: Equations (B.4-4)
and (B.4-5) are the commitment constraints in the LRD model. Equation
(B.4-4) is for all the hours inside the RP except for the first hour. For the first
hour, (B.4-5) creates continuity between the RPs and prevents unnecessary
startups by using a transition matrix, i.e., TM,,,,,, to require that for any

pair of RPs that transition from one to the other, the thermal unit status in
the last hour of the first, i.e., rp’, is considered in the first hour of the second,
1.e., rp.

Equations (B.4-10) to (B.4-13) represent the balance equations for both types
of storage, 1.e., hydro reservoirs and batteries. These equations create the con-
tinuity in storage across the entire time horizon that allows for the modeling
of short-term and long-term storage simultaneously. Equations (B.4-10) and
(B.4-12) ensure the storage balance within the RP, while (B.4-11) and (B.4-13)
guarantee the storage balance by checking at regular intervals (e.g., aggrega-
tion of hours such as months m) that all the energy charged and discharged
since the previous month plus the total energy at the last checkpoint are
within bounds. This is possible because the cluster index, CI,,,, x, and the re-
lationship between periods and months, MB,, ,,, are known as a result of the
procedure to determine the RPs. The intersection of both sets {C Lyrpr "M Pm‘p}

indicates which RPs belong to the month and, therefore, must be considered
in the inter-period balance.
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C ESS ALLOCATION AND INVESTMENT FORMULA-

TIONS

C.1 Notation

Indices and Sets

nmeN
jEJ
teT
k€K

Parameters

nj
n§
At

Variables

Py (1)
T (£)
()
Sjn(t)
5n(1)
Anm (t)
A (8)

Buses

Storage technologies

Time intervals

Linear approximation segments

Charging efficiency of technologies [p.u.]
Discharging efficiency of technologies [p.u]
Duration of time step [h]

Maximum charging capacity [MW]
Maximum discharging capacity [MW]
Minimum thermal power output [MW]
Maximum thermal power output [MW]

Upper and lower ramp rate limits [MW]
Total wind generation [MW]

Maximum line transmission capacity [MW]
Circuit Conductance [p.u.]

Linear production cost coefficient [$/MWh]
Quadratic production cost coefficient [$/MWhZ]
Linear discharging cost coefficient [$/MWHh]
Quadratic discharging cost coefficient [$/MWh2]
Investment cost [$/MW]

Average discharge duration of each technology [h]
Demand [MW]

Quadratic function values for linearization
Original x-axis values used for linearization
y-intercept values for each segment in linearization

Generation from thermal units [MW]

Charging rates of each storage technology [MW]
Discharging rates of each storage technology [MW]
Storage level [MWh]

Installed storage capacity [MWh]

Voltage angle at a node [p.u.]
Difference in voltage angles between two buses [rad]

Square of difference in voltage angles between two buses



C.2 Storage Allocation Model

The decision variables used throughout the DC OPF storage optimization
model comprise the set:

i={ pn (0, 15, 75 (), $in (), Kjny 85(8), By (), A (O }

The objective function of the model calculates the total system costs:

min > 1Y B, + Y FL(@,0) (C.2-1)

teT \ neGg neNn,jej

This objective 1s comprised of the production cost function:

EY(pS(6), £) := CI1(O)pd (DAL + 22 (1) (pS (O)AL)’

and the discharging costs:

Fi (s (6),£) == G On& (At + G2 (0) (ra(0)At)”

which together represent the fixed and variable costs associated with network
storage. For thermal generation units, convex quadratic cost functions are
commonly used in unit commitment formulations [133]. While this study does
not take unit commitment into consideration, the solution of such a formula-
tion results in a model that is straightforward using conic optimization algo-
rithms. For this reason, it was adopted here. Cost functions associated with
charging and discharged stored power have been included by other authors
in previous studies [122], [152]. These allow the model to take into account
optimal system deployment as well as allocation and investment.

Let us discuss the constraints used in formulating this optimization problem.
The storage level in each technology will be defined for Vj,n,t > 2 such that

Sin(0) = syt — 1) + (n§15,(6) = 1 (0) /At (C.2-2)

This states that the energy storage level of each technology at each node dur-
Ing every time step past the second one, must be equal to the storage in the
previous period plus the difference of the energy charged and discharged be-
tween the previous period and the current time step. Additionally, the prob-
lem variables were bounded as follows:

0<r,(t) <R/ Vj,n,t (C.2-3)
<ri) < Rd Vj,n,t (C.2-4)
0 <5/, <k Vj,n,t (C.2-5)
spt=1)=s5,(t=T) Vj,n (C.2-6)
PMin < pd(t) < pmex Vj,n (C.2-7)
—RRn <p;(t)—pl(t—1) < +RR, vj,n (C.2-8)
kin =0 Vj,n € GRjy, (C.2-9)
z k]n < SCmax vj (C.2-10)
nenN
A (1) = 8, (t) — 6, () Vm € 0,,t (C.2-11)
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Bounds (C.2-3) and (C.2-4) define the upper and lower limits for charging and
discharging respectively. Constraint (C.2-5) states that the storage level for a
technology cannot exceed the amount of installed capacity of technology j at
node n during time t. Constraint (C.2-6) states the ending energy storage level
of a technology must be the same as the starting value. Bound (C.2-7) defines
the minimum and maximum thermal generation limits. (C.2-8) defines the
upper and lower ramping limitations of thermal generators. Let GR;, be de-
fined as the set of nodes where geographical, zoning or social issues prevent
the installation of a particular technology at that node. For example, a
pumped hydro storage facility cannot work in an area without abundant wa-
ter. Consequently, (C.2-9) states that no capacity can be installed for a tech-
nology at a node that falls within that set. Bound (C.2-10) states that the total
installed capacity over all nodes for technology j cannot exceed SC/***, which
denotes the total available storage capacity of a given technology. Lastly
(C.2-11) defines the voltage angle difference for the set ©,, of buses m con-
nected to bus n.

The energy at each node n during each time period t can be defined as an
equality between the inflows and outflows of power. This model assumes that
all generated wind was consumed, and therefore no wind curtailment was
observed. Therefore, wind could be treated as input data. Transmission losses
are given by the exact active power dissipated, Zthm(l — cos(Anm(t))) and
are linearized as in Section 5.1.2.

Wae + oy (£) + z . ()
]

= D,(t) + Z Bnm(gn(t) - 5m(t)) vn,t (C.2-12)
meo,
. Z 7€ (£) + 2Gtum(1 — cos(Aum (1))
]

Transmission limits needed to be put in place to account for network conges-
tion. (C.2-13) limits the power flow between two nodes to the line limit as
TCHa*. The set 0, defined previously will be used here to ensure that only
lines that exist are bounded.

—TCI* < By (8,(t) — 6, (8)) < TCTX Vme 0,t (C.2-13)
The corresponding voltage angles are bounded by:

—nT<6,(t)<m vVn,t (C.2-14)
Finally, n = 1 is defined as the slack bus for all time steps t by:

Sp=1(t) =0 vt (C.2-15)

The model given by (C.2-1) to (C.2-15) represents an optimization problem
that is to be solved in the storage allocation problem. However, this model is
non-convex and non-linear and will be adjusted in the following section.
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C.3 Transmission Losses Linearization

To maintain the optimization model's tractability, a linearized piecewise
ohmic loss approximation is used. Section 5.1.2 have shown the detailed ex-
planation of the linearization method. Here, we summarized the main equa-
tions. Equation (C.3-1) allows us to calculate the equations of each segment k
used to approximate the quadratic function with linear curves at specific
points.

A () = (2X1 D () + I vk,me 0,,t (C.3-1)

Using the linear segments obtained with (C.3-1), we find that the values of
Ay, (t) are approximately equal to the square of the voltage angle differences
used in the general quadratic approximation. Transmission losses on a line
can then be represented as O.S(G tmAnm (t)). Note that product is halved as to
prevent counting both the positive and negative sides of the approximated
curve. Therefore, we must adjust (C.2-12) to represent the linearized approx-
1imation of losses in the system energy balance. The new equation for this is

displayed in (C.3-2).

Waee + pr (£) + Z ()

j€l
=D, () + Z Bun(8n(0) = 6n(®)  yp ¢ (C.3-2)
meo,
+Zrﬁl(t) + Z 0.5(GtpmAnm (D)
JjEJ meo,

The linear optimization problem to solve the storage allocation, includes
(C.2-1) to (C.2-15), but replaces (C.2-12) with (C.3-2) and incorporates addi-
tional constraint (C.3-1).

C.4 Storage Investment Model

The model can now be extended to consider the investment costs of new stor-
age capacity. Until now, the available capacity was assumed fixed for each
technology, therefore implicitly accounting for an investment decision. The
new objective function will include the cost function of storage investment:

Fj (kin) = kjnC; /DD;

The objective function is now given by (C.4-1) and subject to constraints
(C.2-2)—(C.2-11), (C.2-13)—(C.2-15), (C.3-1)—(C.3-2). This model portrays a
convex optimization problem with linear constraints, and a quadratic objec-
tive function. In addition, k;, are treated as continuous values.

min > 1Y Bl ©.0+ Y FLE@.00+ Y Flky) (€4

teT \ neGg neNn,jej neNn,jej
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D POWER-AND ENERGY-BASED FORMULATIONS

D.1 Notation

Indices and Sets

jJEJ Technologies
geEGCSJ Subset of thermal generation technologies
vEVCJ Subset of renewable energy sources
seESCJ Subset of energy storage technologies
beB Buses
BP c B Subset of buses b with demand consumption
leL Transmission lines
wEN Scenarios
k € X, Startup segments, running from 1 (the hottest) to K, (the
coldest)
teT time periods (e.g., hours)
Parameters
ct’ Linear variable production cost [$/MWHh]
Cy'* No-load cost [$/h]
CzP Shutdown cost [$]
C;,ij Startup cost for segment k [$]
ceM CO2 emission cost [$/MWh]
cft,cf Up/down reserve cost [$/MW]
DE,, Energy demand on bus b [MWh]
DE,. Power demand on bus b [MW]
R} Ry Up/down reserve requirement [MW]
F, Power flow limit on transmission line [ [MW]
P o P Maximum/minimum power output [MW]
Egpr E3f Energy output during startup/shutdown [MWh]
Poier Pa? Power output during startup/shutdown [MW]
RU4, RD, Ramp-up/down capability [MW/min]
SUg4, 8D, Startup/shutdown capability [MW]
Sup,SD} Startup/shutdown duration [h]
Tox Time interval limit of startup segment k [h]
TU,4, TD, Minimum up/down time [h]
Fli" Ty Shift factors for line [ [p.u.]
EPR, Energy to power ratio [h]
VE,. Renewable energy output profile [p.u.]
Ve Renewable power output profile [p.u.]
Ty, Probability of scenario w
Yj Investment limit for technology j
X? Initial capacity for technology j; [# units] for g, and [MW]

for s and v.
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Continuous Non-negative Variables

€ujt Total energy output [MWh]

Dwjt Total power output [MW]

Cwgt Energy output above minimum output [MWh]
Pwgt Power output above minimum output [MW]
Coost Charged energy for storage [MWh]

Coost Charged power for storage [MW]

Tagt Up capacity reserve [MW]

Togt Down capacity reserve [MW]

Dwst Energy storage level [MWHh]

Integer Variables

Uggt Unit commitment for thermal technologies
Yogt Startup for thermal technologies

Zygt Shutdown for thermal technologies

Swgkt Startup type selection for thermal technologies
Yewst Binary decision for charging/discharging logic
X; Investment decision per technology

D.2 Energy-Based GEP-UC Model

The GEP seeks to minimize the investment costs plus the expected value of
operating costs: production cost, up/down reserve cost, CO2 emission cost, no-
load cost, shutdown cost, startup cost. Notice that W=
{x,e,é ¢r*,r ,u,y,2758, ¢} corresponds to the set of decision variables consid-
ered in this model.

m@"z G + Z "o Z Z[Cjwéwjt + G e + G raje]

jed WEQ teT \ jeJ
+ Z CLCIIEMéa)gt + CéVLuwgt + CgSDZa)gt (D.2-1)
geg

+ Z C;Igé‘wgkt

KEK

The system-wide constraints are guaranteed by energy demand balance
(D.2-2), transmission limits (D.2-3), and reserve requirements (D.2-4)-(D.2-5):

Z éa)jt - z éwst = Z ngt Vo, t (D2-2)

jEJ SES beBD
~F, < Z [éwse — Z Tj3Cast — Z TDipe < Fy
jEJ SES beBD
Vi, w,t (D.2-3)
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D rlezRY Vot (D.2-4)
j€d
Y raezRo Vot (D.2-5)
jed

The relationship between operational and investment decisions for each tech-

nology type is guaranteed with (D.2-6) for thermal technologies, (D.2-7)-
(D.2-8) for ESS, and (D.2-9) for VRES.

Upgt < Xg +x5 Vo,g,t (D.2-6)
Cuwst — Cost T Tagt <X+ x5 Vo,s,t (D.2-7)
é(ust - 6wst - r(;gt = _(Xso + xs) Vw,s,t (D.2-8)
Cwvt < Ve (X +x,) Vo, vt (D.2-9)

Thermal generation constraints include: commitment/ startup/ shutdown
logic (D.2-10), minimum up/down times (D.2-11)-(D.2-12), startup type selec-
tion (D.2-13)-(D.2-14) (e.g., hot, warm, and cold startup), energy production
limits including reserve decisions (D.2-15)-(D.2-18) (where G! is defined as
the thermal technologies in G with TU; = 1), and total energy production
(D.2-19). The UC formulation presented here is based on the tight and com-
pact formulation proposed in [145]. Furthermore, Gentile et al. [144] have
proven that the set of constraints (D.2-10)-(D.2-12) together with (D.2-15)-
(D.2-19) is the tightest representation (i.e., convex hull) for the energy-based
model.

Upgt — Upgt-1 = Yogt — Zwgt Vw,g,t (D.2-10)
t

Vogi < Unge VYo,9,t € [TU,,T] (D.2-11)
i=t—TUg+1
t

Zigi < (Xg + xg) — Uggt

i=t—TDg+1

Vw,g,t € [TD,,T] (D.2-12)

T;g+1_1
Sugic < Z Zogeei Vw,0.k € [LE),t (D.2-13)
i=Tgy

z Swgkt = Yogt Y, 9.t (D.2-14)
keKg
Cwgt + r(j)—gt =< (Pg - Eg)uwgf - (Pg - SDg)ng,t"'l

—max(SDy; — SU;, 0)Yuge Yw,g €GLt (D.2-15)
Cwgt T 7‘cjgt = (ﬁg - Eg)uwgt - (ﬁg - SUg)ng,t

—max(SU; — 5Dy, 0)z,,41 VYo, € GLt (D.2-16)
Cwgt + Toge < (ﬁg - Eg)uwgt - (ﬁg - SUg)yfug,t

—(Py —SDy)zpgr41 Vw,g € Gt (D.2-17)
Cwgt —Twgt =0  Vw,g,t (D.2-18)
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éwgt = Egua)gt + eugt Vw,g,t (D.2-19)

Traditional energy-based UC formulations ignore the inherent startup (SU)
and shutdown (SD) trajectories of thermal generation, assuming they
start/end their production at their minimum output. Authors in [31], [70]
have shown the relevance of the SU and SD processes when they are included
in the scheduling optimization. Therefore, we also analyze the energy-based
formulation including the SU/SD trajectories proposed in [143]. Thus, if
SU/SD trajectories are considered then (D.2-19) is replaced by (D.2-20).

Kg SUQy spg
SU SD
ea)gt - z Z gkl6wgk t i+SU k+1 z Egi Zwg,(t-i+1)
i=1 (D.2-20)
Startup trajectory Shutdown trajectory

+  Byuyge +ewgr Vo, g,t
——————_—
Output when being up
ESS constraints include: logic to avoid charging and discharging at the same

time (D.2-21)-(D.2-22), the definition of the storage inventory level (D.2-23),
storage limits including reserve (D.2-24)-(D.2-25).

Cwst < (1 =Vpse) - (X2 +X;) Va,s,t (D.2-21)
Cwst < Vost - (XS +X5) Vao,s,t (D.2-22)
¢wst ¢ws t-1 + nscwst éwst Vw,s,t (D.2-23)
¢a)st < EPR (XO + xs) - Z%:t—l r(;gi Vw,s,t (D.2-24)
Pust = Yict-1Tagr YO,5,t (D.2-25)

Flexibility requirements in the power system are represented by ramping
constraints including reserve decisions. In order to guarantee that scheduled
reserves are feasible to provide at t-min (e.g., 7=5) using the energy-based
formulation, it is necessary to consider the ramping capability at T-min. For
instance, ramp capability limits imposed with (D.2-26)-(D.2-27) consider the
reserve that thermal technologies can provide at 7-min. ESS ramp capability
limits (D.2-28)-(D.2-29) consider the charged energy in addition to the energy
output (i.e., discharged energy). Notice that (D.2-28)-(D.2-29) allow ESS to
switch from charging to discharging within the ramp limit, as in [142].

(ewgt + Tihgt) = €awge—1 < TRU U g VW, g, t (D.2-26)
(ewgt — r(;gt) — eupgit-1 = —TRDyuUyg 1 Y,g,t (D.2-27)
(Carst = arse—-1) = (st = Cansp=1) + Tabst <

TRU,(X{ +x5) Vw,s,t (D.2-28)
(é(ust - éws,t—1) - (éwst Covs,t— 1) Tost =

—TRDy(X) + x5) Vo,s,t (D.2-29)

D.3 Power-Based GEP-UC Model

This section shows the GEP-UC equations in terms of power. However, some
of the terms in these equations are naturally linked to energy. For instance,
the objective function (D.3-1) considers the so-called calculated energy é,;; to
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determine the variable cost and CO2 emission cost. The calculated energy is
determined using the power output variables p, . in (D.3-2). In addition, for
ESS the charged energy ¢, 1s also determined using the charged power in
(D.3-3). Notice that A = {x,p,p,é,¢c,é,r*,vr7,u,v,2,8,¢ } corresponds to the set
of decision variables in this model.

m/&nz Clx; + Z T Z Z[C’Wéwjt + Gy + g

jed weQ  teT \ jEJ
|G euge + € Mge + G %00 (D.3-1)
g€y

+ Z C;Ig(swgkt

KEX,
.

Buje = M VY, jt (D.3-2)
c +c _

Cpse = 291y, st (D.3-3)

2

Demand balance constraint (D.3-4) and power-flow transmission limits
(D.3-5) also use the power output instead of energy output. Reserve require-
ments (D.2-4)-(D.2-5) remain the same because they are already expressed in
terms of power.

Zﬁw}'t - Z Cwst = Z Df)bt Vo,t (D.3-4)

jE€J SES beBD
—F, < Z Féﬁwjt - Z [j3Cast = Z Doy < Fi
jEJ SES beBD
vl w,t (D.3-5)

In terms of the relationship between operational and investment decisions,
thermal unit constraint (D.2-6) remains the same. However, constraints for
ESS and VRES technologies change to (D.3-6)-(D.3-7) and (D.3-8), respec-
tively.

Dwst — Cost + ra-l)-gt = XSO +xs Vo,s,t (D.3-6)
Pwst — Cwst — Twgt = _(XSO +x) Vo,s,t (D.3-7)
Dwvt < Vaf;vt(Xg +x,) Vw,v,t (D.3-8)

Unit commitment constraints (D.2-10)-(D.2-14) do not change in the power-
based formulation. Equations (D.3-9)-(D.3-10) limit the power output of ther-
mal technologies. The total power output constraint is different depending
whether it is a quick- or slow-start unit. Quick-start technologies G are ther-
mal generators that can startup/shutdown within one hour (i.e., S Ué’k = DJP <
1), while slow-start technologies G5 are those with a SU/SD duration greater
than one hour as well as a SU/SD capacity equal to the minimum power out-
put (i.e., SU; = SD; = B;). Therefore, the total power output of slow-start tech-
nologies considers SU/SD trajectories (D.3-12), whereas (D.3-11) for quick-
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start technologies does not. The formulation presented here is based on the
tight and compact formulation proposed in [70]. Furthermore, Morales-Es-
pana et al. [71] has proven that the set of constraints (D.2-10)-(D.2-12) to-
gether with (D.3-9)-(D.3-12) is the tightest possible representation (i.e., con-
vex hull) for the power-based model.

Pwgt T ratgt < (Eg - Eg)uwgt - (Eg o SDQ)ng,t"'l

+(SU —P )ng t+1 Vw,g,t (D.3-9)
Pwgt — Twgt =0 Vo,g,t (D.3-10)
T’ngt - _g(uwgt + ng,t+1) + pwgt Vw'g € gF' t (D-3'11)

Ky SUD: SDR+1
SU SD
pwgt - Z Z ngl a)gk t i+SU k,+2 + Z Pgi Zwg,(t—i+2)
i=2
Startup trajectory Shutdown trajectory

+ Eg(uwgt + ng,t+1) + pwgt
Output when being up

Yw,g € G5,t (D.3-12)

ESS constraints for storage level (D.2-23) and storage level limits including
reserve (D.2-24)-(D.2-25) continue the same. Nevertheless, the logic to avoid
charging and discharging at the same time (D.3-13)-(D.3-14) is updated to
consider the power output and charged power.

Cost < (1 —Vest) (XSO + Ys) Vw,s,t (D.3-13)
Powst < Ywst * (Xso + )_(s) Vw,s,t (D.3-14)

One of the main advantages of power-based formulation is that it allows to
describe a more detailed set of constraints to represent the flexibility require-
ments, which are described in terms of power instead of energy. The proposed
power-based equations in [70] ensure that reserves can be provided at any
time within the hour by guaranteeing that the reserve does not exceed the
ramp-capability at 7-min (e.g., 7=5 min) and power-capacity limits at the end
of the hour (i.e., 60 min). Therefore, (D.3-15)-(D.3-16) guarantee that 7-min
ramp capability is ensured for thermal technologies, while (D.3-17)-(D.3-18)
guarantee the power-capacity limit for both 7-min and at the end of the hour.
Although [70] shows the case for thermal technologies, we use the same con-
cepts and extend the concept for ESS in (D.3-19)-(D.3-22).

T(pwgt - pwg,t—l)

0 + Togt S TRUGUGg: Vo, 9.t (D.3-15)
(Puge ;Opwg.t—l) Fooe > —tRDgugge s Vgt (D.3-16)
TPwgt + (620— T)Pug,t-1 t1ts < (Py— P uwge Vo, got (D.3-17)
TPwgt + (620— T)Pwg,t-1 — 1520 Vgt (D.3-18)
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T(ﬁwst - ﬁws,t—l) _ T(Cwst - Ca)s,t—l)
60 60
< TRU,(X{ +x5) Vw,s,t

T(ﬁwst - Ca)st) + (60 - T) (ﬁws,t—l - Cws,t—l) +
60 + r(l)St
<X0+x, Vw,s,t
T(ﬁwst - ﬁws,t—l) . T(Ca)st - Cws,t—l) R

60 60 wst
> —TRD, (X + x5) Vw,s,t

T(ﬁwst - Cwst) + (60 - T) (ﬁws,t—l - Cws,t—l)
60

+
+ Twst

—Tost =0 Vw,s,t

(D.3-19)

(D.3-20)

(D.3-21)

(D.3-22)
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