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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 greenhouse­
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: 

	 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. 

	 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 opti­
mization model for hydrothermal coordination in which hourly oppor­
tunity costs or short-term signals are co-optimized with seasonal storage. 

	 Investment Decision Models for Energy Storage: we formulate and test the 
main modeling approaches to evaluate energy-storage-systems invest­
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. 

	 Investment Decision Models for Energy Storage using Power-based Unit 
Commitment: we improve current investment models by correctly model­
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 disad­
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 the­
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 two­
thirds of global investment in power plants [4]. The main advantages of re­
newable energy sources are their low variable cost and clean energy produc­
tion, i.e., without causing CO2 emissions, unlike traditional thermal genera­
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: 

	 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. 

	 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 Niño y La Niña [7],
still lead to an uncertainty the VRES production. 

	 Locational dependence: VRES are often located in remote locations (es­
pecially onshore or offshore wind farms), far from load centers. There­
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 off­
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., re­
serves, frequency control, capacity mechanisms) due to the large-scale pene­
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 technol­
ogies. Short-term characteristics of energy storage systems can provide solu­
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 regula­
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 docu­
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: 

	 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 IIT 
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[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 opera­
tional decisions on seasonal storage opportunity costs in hydrothermal dis­
patch problems such as Moreno et al. explain in [21]. 

	 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 en­
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 
is 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 deci­
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 im­
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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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 de­
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 is 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 tra­
ditionally neglected in investment decision planning, however, we discuss the
main implications for ESS investment once a more detailed transmission net­
work is considered. Power-based UC models are getting more and more rele­
vance for their accuracy in the representation of power system flexibility re­
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 objec­
tives. In addition, each objective is supported by one or more scientific contri­
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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short-term energy storage more approximately than the SS method to
reduce the number of constraints in the problem, and the Representa­
tive Periods with Transition Matrix and Cluster Indices (RP-TM&CI)
model which guarantees some continuity between representative peri­
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 sig­
nificantly affected by transmission constraints so long as renewable 
generation stays constant and relatively low; 2) More flexible technol­
ogies like Flywheels are favored at lower volumes of renewable pene­
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 up­
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 deploy­
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 suc­
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) formu­
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 pro­
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 
is 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 wa­
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 suc­
cessfully internalize long-term signals due to seasonality in hydro res­
ervoirs. 

Article VII. Flexibility requirements are becoming more relevant in plan­
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 flexi­
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 re­
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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
ity requirements in unit commitment formulations. 

Chapter 3. ESS operation modeling. This chapter aims at developing Objec­
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 chronologi­
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 en­
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-pe­
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 II 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, con­
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 ana­
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 eval­
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 computa­
tional burden without losing accuracy in the results. 

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

Type of Planning Section ESS technologies Case study3 

Model1 

Tactical Strategic4 

Temporal representa­
tion for one target 

year2 
Short 
Term 
ESS 

Long 
Term 
ESS 

Unit 
Commit­

ment IEEE 
14-bus 

IEEE 
118-bus 

Stylized 
Spanish 

case 

Stylized 
Dutch 
case 

Annex with 
equations 

HM 
3.1, 3.2, 

4.3 
5.2 (ESS) 8760h BESS Hydro 

Energy­
based 

X - X -

Deterministic (A.2) 

Stochastic 
hydrothermal (B.2) 

SS 
3.1, 3.2, 

4.3 
5.2 (ESS) 96ss BESS Hydro 

Energy­
based 

X - X -
Deterministic 

(A.3) 

SS-RFM 3.2, 4.3 5.2 (ESS) 
Enhanced version with 

96ss 
BESS Hydro 

Energy­
based 

- - X -
Deterministic 

(A.4) 

RP 3.2, 4.3 5.2 (ESS) 18rp (24h) BESS Hydro 
Energy­
based 

- - X -
Deterministic 

(A.5) 

RP­
TM&CI 

3.2, 4.3 5.2 (ESS) 
Enhanced version with 

18rp (24h) 
BESS Hydro 

Energy­
based 

- - X -
Deterministic 

(A.6) 

LDC 4.3 - 12ll per month BESS Hydro 
Energy­
based 

- - X -
Stochastic 

hydrothermal (B.3) 

LRP 4.3 -
Enhanced version with 

4rp (24h) per month 
BESS Hydro 

Energy­
based 

- - X -
Stochastic 

hydrothermal (B.4) 

AIM - 5.1 (ESS) 
1rp (24h divided in 5-min 

time steps) 
PSH, CAES, 
BESS, FES 

-
Energy­
based 

X - - -
Deterministic 

(C.2-C.4) including 
transmission losses 

(continued) 
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Model1 

Type of Planning Section 

Tactical Strategic4 

Temporal representa­
tion for one target 

year2 

ESS technologies 

Short 
Term 
ESS 

Long 
Term 
ESS 

Unit 
Commit­

ment IEEE 
14-bus 

Case study3 

IEEE 
118-bus 

Stylized 
Spanish 

case 

Stylized 
Dutch 
case 

Annex with 
equations 

EB -
6.2 (ESS,

VRES, and 
thermal units) 

4rp (168h) 
PSH, 

CAES, 
BESS 

-
Energy­
based 

- X - X 
Stochastic 

(D.2) 

EBs -
6.2 (ESS,

VRES, and 
thermal units) 

4rp (168h) 
CAES, 

BESS, PHS 
-

Energy­
based 

- X - X 
Stochastic (D.2) 

including startup/shut­
down trajectories 

PB -
6.2 (ESS,

VRES, and 
thermal units) 

4rp (168h) 
CAES, 

BESS, PHS 
-

Power­
based 

- X - X 
Stochastic 

(D.3) 

SR-PB -
6.2 (ESS,

VRES, and 
thermal units) 

4rp (168h) 
CAES, 

BESS, PHS 
-

Power­
based 

- X - X 
Stochastic (D.3) 

using semi-relaxed ap­
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, ll: 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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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 state­
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 commit­
ment models and how power-based formulations are recently getting more at­
tention because the overcome this drawback, especially when flexibility re­
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
stance, green policies are demanding increasing energy production from var­
iable 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 chal­
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 arbi­
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]: 

 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 ca­
pacity markets, and VRES curtailment reduction. 

 Transmission & Distribution Services: System reliability improve­
ment, congestion management, and deferral upgrades. 

 End-User Services: power quality maintenance, demand reduction, un­
interruptable power supply, and back-up power. 

2.2 Energy Storage Technologies and its Representation 

As it 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 en­
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 2-2. 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 con­
straint in which both type of storage LTESS and STESS can be properly con­
sidered at the same time. 

A naïve approach could be solving a detailed model with the lower time reso­
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 
is 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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 implies a positive change in the storage level. Therefore, the total storage ଶܵ to 
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 representa­
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 situa­
tion in the approximation made by the SS method and propose a solution to 
improve 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 periods6 method, a certain number of days, groups of
days, or in some cases weeks that are representative of the variety of situa­
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 pe­
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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Table 2-1. ESS representation in SS and RP methods 

Method Advantage Disadvantage 

System States (SS)
[51] 

The representation at the 
same time of short-term ESS 

and long-term ESS. 

The definition of ESS bounds 
before solving the complete 

model, which hinders the accu­
rate representation of short­

term ESS. 

Representative Pe­
riods (RP) [52] 

The accurate representation of
short-term ESS within the RP. 

ESS that can store energy for 
a time period longer than the 

RP, i.e., long-term ESS, cannot 
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 Operator7 (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]. Re­
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 ࢘⊺࢖ ܌ ൅⊺࢞ ൅  ܉⊺࢈
࢙,ࢉ,࢘,࢖,࢞

.ݏ .ݐ൑۴࢞܎, ݏ݅	࢞ ݕݎܾܽ݊݅
	࢘ ܐ ൑ ۸൅ ۶࢖
࢖ ܏ ൑۰൅ ࢞ۯ

࢘ ൑ ܀  
࢙ ൑ ࢉ ۹܍ ൅۳൅ ۲࢖

 (2-1) 

(2-2) 

(2-3) 

(2-4) 

(2-5) 


where ࢞, ࢖, ࢘  and ࢙ are decision variables. The binary variable ࢞ is a vector ,ࢉ ,
with on/off status and startup/shutdown decisions for each generation unit 
and time interval (e.g., hours) over the whole planning horizon. The continu­
ous variable ࢖ is a vector for each unit production decision and time interval, 
including ESS (i.e., discharge decisions). The continuous variable ࢘  is a vector 
of renewable production decision (e.g., wind, solar productions) for each time
interval. The continuous variable ࢉ 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 ࢙ is a vector of stored energy
for each ESS and time interval. 

The objective function is to minimize the sum of the commitment cost ࢇ⊺࢞ (i.e.,
, and renewable܊⊺࢖ non-load, start-up and shut-down costs), production cost 

 over the planning horizon. ESS production cost and re-࢘⊺܌ production cost 
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. Equa­
tion (2-4) states that renewable production cannot exceed its predicted values 

. 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 deci­
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)
is 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 transi­
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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straints such as ramping-limits and demand-balance are dependent on in­
stantaneous outputs rather than average levels. This means that more flexi­
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 tradi­
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 out­
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. 

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 
is 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 (op­
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 evalua­
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 formula­
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 
is to exploit correctly the ESS capabilities to provide flexibility through a care­
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,
i.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 co­
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 partici­
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-manag­
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 
is 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 in 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. Re­
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 is not mentioned in the document. The Di­
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 re­
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 technol­
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: 

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

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

	 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. 

	 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: (i) the regulation of the ownership of storage to avoid an
outcome with insufficient unbundling, which may hamper market operations,
among other considerations; and (ii) 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 reg­
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 pro­
vide network services; however, it may create a conflict of interest or market 
inefficiencies due to the monopoly nature of these entities. Therefore, the cru­
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 regu­
lated and market parties and avoiding conflicts of interest. As a possible so­
lution, some authors [83], [87] have proposed allowing grid operators to pro­
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 penal­
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 storage­
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 treat­
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 ca­
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 opera­
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 profita­
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 bal­
ancing and frequency regulation) and it internalizes externalities such as con­
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 ad­
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 competi­
tive technology, although there are exceptions for particular uses, such as fre­
quency regulation in PJM [77], integration of renewables in Australia [38],
grid-balancing services in the UK [92], and transmission congestion manage­
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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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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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,
i.e., demand, renewable production, or net demand. Figure 3-2 (left) shows an 

. Each݄ܪ ൌ 1,… ,  ) at each hour௛ܰܦexample using the feature net demand (
തതത . In this thesis, we extend this definition ௦ܰܦതsystem state has its centroid 

from a single node system to multiple nodes in a network. The main difference 
is the requirement to include spatial dimensions (i.e., bus or node ݊ ൌ 1,… , Ν)
in the clustering process. Consequently, a vector with net demand per hour 

) is required as input data. In this situation, each system ௛,௡ܰܦat each node ( 
state is a vector 1 ൈ Ν (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 ൈ 2Ν, therefore, each 
system state will be a vector 1 ൈ 2Ν. 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 re­
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 3-3. 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). 

ඨ∑೛ቀೣ೛షೣ೛
ೞೞቁ

మ 

ಿ (3-1)
ൈ 100% ಽಳି௑ೆಳ௑

ൌ ܴܰܧܵܯ
ห∑೛ ௫೛ି∑ೞೞ ் ೞ∙௫ೞೞห (3-2)ൈ ܧ 100% ൌܣ

∑೛ ௫೛ 

Where: 

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. 

: Total number of periods (e.g., hours) ܰ 
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 (e.g., production) ݌ : result from the hourly model per period ௣ݔ 

 ݔresult from the system states model at each state ௦௦ : ݏݏ

result from the system states model associated to period ௦௦ : ݌
௣ݔ 

௣ݔ: Upper bound of variable associated to result ௎஻ܺ 

௣ݔ: Lower bound of variable associated to result௅஻ܺ 

The optimization problems of this case study were formulated in GAMS 24.6.1 
and solved using GUROBI 6.0 on an Intel® Core™ i7–4770 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 ele­
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 10ିସ% 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) 
CPU time [s] (10ିସ% gap) 

46803 
64800(a)

199 
215 

(a) This time corresponds to the time limit, i.e., 18 hours. Therefore, the 10ିସ% 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 pro­
cess is 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 

NRMSE [%] 
SS-DW 
AE [%] 

SS-ND 
NRMSE [%] 

SS-ND 
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 Oil 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 approxima­
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 fol­
lowed the general shape of the hourly solution seen Figure 3-4 (bottom). 

Figure 3-4. Non-congested network and congested network results 


Table 3-3. Error Measurements Congested Network 


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

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 condi­
tions. 

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

Results Average Peak Off-Peak 
Hourly Model 26.27 28.08 21.87

non-congested network 
System State 28.97 34.89 20.33 
Hourly Model 24.45 27.76 8.21

congested network 
System State 24.16 27.22 8.49 

The average error in a non-congested network is near to 10%; however, with 
a congested network the error is reduced to 0.6%. Peak and off-peak prices 
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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 

Obj.SS 	 BESS pro- BESS stor-Frequency 	 CPU FuncNum- SED 	 duction age level matrix size time [s] error 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 

2.	 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 con­
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 1-2Congestion tion error tion age level power flowlevels [%] NRMSE [%] AE [%] NRMSE [%] 

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 
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3.	 Sensitivity to multiple elements congested: In the previous section, the re­
sults for congestion in line 1-2 were analyzed. In order to identify the be­
havior of the system states approach when there is more than one con­
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 is 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 

SS-ND 	 SS-ND
Results 

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, en­
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: 

	 Hourly UC Model (HM), which is used as a benchmark. 
	 The classic System States (SS). 
	 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. 

	 The classic Representative Periods (RP). 

63 





 

 

 

 

 

 

 
 

 

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. 

	 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 fre­

) to establish the storage bounds constraints, the SS-,௞ᇲ௦,௦ܨ(quency matrix 
) in these constraints. Figure,௞ᇲ௦,௦ܴܯܨ(reduced frequency matrixRFM uses a 

3-7 shows an example to explain the difference between these two matrices. 
In this example, we have a set of twelve hours ݄ ൌ  ሼh1,	h2…h12ሽ, four system 
states ݏ ൌ  ሼs1,	s2,	s3,	s4ሽ, and three hours in which we want to impose storage 
bound constraints ݇ ൌ  ሼh4,	h8,	h12ሽ. 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 

as the total number of transi-݇ matrix is calculated for each hour in the set 
tions among the system states considering the cluster index vector. In Figure
3-7, the frequency matrix at hour ݇ ൌ  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 

) is just the difference between the ,௞ᇲ௦,௦ܴܯܨThe Reduced Frequency Matrix (
 and that corresponding ݇ frequency matrix corresponding to the current hour 

. In other words, the difference ݇ െ 1  , that is, ݇ to the previous element in set 
 could be understood as a ݇ between these two elements or hours in the set 

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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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 de­
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 dif­
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 1GW 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 10ି଺. 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 repre­
sentative days) increases. 

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 
Coal 1.9 1.2 10.5 -2.0on

 

CCGTct
i

2.3 2.8 -10.6 1.3 

P
ro

du 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
ta

rt
­

u
p Coal -53.9 -54.3 -52.4 -9.3 

CCGT -73.6 -75.2 -91.3 -21.0 

P
ri

ce

Average 
Max 
Min 

-0.5 
-25.4 
0.0 

0.03 
-8.5 
0.0 

8.0 
-22.7 
0.0 

0.7 
2.1 
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 pro­
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 maxi­
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 evo­
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 chrono­
logical information shared among the representative days. The SS and SS­
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 al­
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. 

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 SS­
RFM model. If the extra constrained hours are chosen using the iterative 
method, this increases the CPU time still further. 

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 opera­
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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This chapter proposes a new formulation to include STESS operational deci­
sions in a stochastic hydrothermal dispatch model, which is based on the pro­
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 ana­
lyzed case study, this approach models operating decisions of STESS with er­
rors between 5% to 10%, while the classic Load Duration Curve (LDC) ap­
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 pro­
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 situa­
tion, no relevant work has aimed to improve the representation of short-term 
operational decisions in hydrothermal dispatch models. 

As stated in Section 2.3.2, the representative periods (RP) method has been
applied to long-term models in order to consider either renewable energy var­
iability 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, i.e., intra-period and inter-period. There­
fore, in Sections 4.3 and 4.4, the LRP model is extended to a stochastic hydro­
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 sce­
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 pro­
posed LRP model is solved. In other words, the LRP model can obtain an ap­
proximation of the ESS hourly opportunity cost within the studied time hori­
zon without solving an hourly model. Moreover, the LRP model gets hourly 
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represent the elements in sets for reservoirs,߱, andݎ, ݄, ܾ, ݌ Where indices 
hydro units, STESS (e.g., batteries), periods (e.g., hours), and scenarios, re­
spectively. Lowercase terms are used for parameters while uppercase terms

 is the hydro-inflows parameter for each ఠ݅denote variables. For instance, 

௣௕ܵܥ݋ and௜௡௧௥௔,ఠ 
௣௥

௜௡௧௥௔,ఠ
௣௥ܴ . Moreover, ߱at scenario ݌ and period ݎ reservoir 

variables for the intra-period reservoir level and state-of-charge for each res­
. The complete list of parame-߱at scenario ݌ in period ܾ and STESS ݎ ervoir 

ters and variables is detailed in Appendix B.1. In the HM model, the storage 
. Therefore, reservoir level݌ balance constraints are imposed for each period

and SoC are determined for each hour in the time horizon. These results are 

 ሺ݌ݎ݇,൛∈ሻܫܥݎ,݌݌,݇ܯ∩ܲ,݉݌
′ ሻ߱ሺ߳ ܾܽ ߱݉0 ∀߱  STESS
 

are 

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

, which allows toሻ߱ሺܽ ߳	ᇱ߱Constraints for LTESS and STESS are stated for 

In the LDC model, both storage balance equations (i.e., LTESS and STESS)
) to consider the number of hours that ௠௪௟݃ݓinclude the load-level duration (

are represented for each load level. In other words, the multiplication by 
 guarantees that all the charged/discharged energy is considered within ௠௪௟݃ݓ 

. These equations are for the inter-period variables. Intra-period ݉ the month 
variables are not available in this model due to the lack of chronology within 

.݉ the month 

relate the different scenarios through the scenario tree. For instance, Figure 
4-2 shows a scenario tree with three scenarios: wet season, average inflows, 

 of scenario 3 in November is ሻ߱ሺܽ dry season. In this example, the ancestor 
is relating a scenario with theሻ߱ሺܽ scenario 1 in October. Therefore, the set 

corresponding predecessor scenario in the tree. 

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 
that all the energy charged and discharged since the previous month plus the

ሻ߱ሺ߳ ܽ 

∑൅ ݅݊ݎ݁ݐ,߱
െ݋ܥܾ݉ ܵ ߱,ݎ݁ݐ݊݅ 

݉െ1,ܾܵܥ݋

total energy at the last checkpoint are within bounds. This is possible because
, and the relationship between periods and months, ௣,௥௣,௞ܫܥ the cluster index, 

, are known as a result of the clustering procedure to determine the RPs, ௠,௣ܲܯ 
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 indicatesൟ௠,௣ܲ∩  see Section 3.2.4. The intersection of both setsܫܥ௣,௥௣,௞൛ ܯ
which RPs belong to the month and, therefore, must be considered in the in­
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 
it has no hydro inflows. However, we keep both constraints in order to facili­
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 ob­
tained from the dual variables of LTESS and STESS constraints in Table 4-1. 
Therefore, water value ൫ߤ௣௥

௜௡௧௥௔,ఠ൯ is obtained from HM-LTESS constraint and 
storage value ൫ߤ௣௕

௜௡௧௥௔,ఠ൯ from HM-STESS constraint. These opportunity costs 
are for each hour in the time horizon. 

Load Duration Curve Model (LDC): The water value ൫ߤ௠௥
௜௡௧௘௥,ఠ൯ is obtained 

from LDC-LTESS in Table 4-1 and storage value ൫ߤ௠௕
௜௡௧௘௥,ఠ൯ from LDC-STESS 

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 bal­
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 
short- and long-term storage using the LRP model. ߤ௥௣,௞,௦

௜௡௧௥௔,ఠ is obtained from 
the dual variables of intra-period constraints in Table 4-1. In the same way,
௜௡௧௘௥,ఠ is obtained from the dual variables of inter-period constraints in Table ߤ௠,௦
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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. 

൱௜௡௧௘௥,ఠ 1 ݏ݌߱∀
ఠ ൅ ௠,௦ߤ
௠݌

௜௡௧௥௔,ఠ 

൭
௥௣,௞,௦ߤ

௥௣݃ݓ
௜௡௧௥௔,ఠ ൌߤ௣௦ ෍ ෍ ∙
 (4-1)


ሺ௥௣,௞ሻ∈஼ூ೛,ೝ೛,ೖ ௠∈ெ௉೘,೛ 

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., sea­
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 October12 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 sensi­
tivities for the selection of the representative periods: 1 representative period 

with ݌ݎ with 48h per month (1RPx48h), 1 ݌ݎ with 24h per month (1RPx24h), 1 
with ݌ݎ with 24h per month (2RPx24h), and 4 96 ݌ݎh per month (1RPx96h), 2

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

 per month sharing information among them and between months. ݌ݎ more 
 per month sharing ݌ݎ Based on previous results in [95], we expect that more

per month. ݌ݎ information is better than one 

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, i.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 objec­
tive function error exceeds 10%13. Therefore, the LRP improves the results of
the hydrothermal dispatch problem without hampering the computational ef­
ficiency. 

The results obtained for the sensitivities of the LRP model confirm that more 
 per month. ݌ݎ s per month sharing information is better than one longer݌ݎ 

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 
4RPx24h 

LRP 
2RPx24h 

LRP 
1RPx96h 

LRP 
1RPx48h 

LRP 
1RPx24h 

LDC 

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. Addi­
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 pro­
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 esti­
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 

LDC LRP 

Second Stage 

LDC LRP 

Nuclear 4.6 1.7 
Sc1 2.9 
Sc2 2.8 

Sc1 -0.3 
Sc2 -0.4 

Sc3 3.3 Sc3 -0.7 
Sc1 -8.6 Sc1 -3.5 

CCGT -35.8 -0.5 Sc2 -5.7
Sc3 -6.8

 Sc2 -4.4 
 Sc3 -2.6 

OCGT -30.7 -22.7 

Sc1 -68.4 
Sc2 -44.3

Sc1 -49.0 
 Sc2 -0.5 

Sc3 -68.8 Sc3 -16.9 
Sc1 -0.4 Sc1 -0.3 

Hydro -5.5 -4.3 Sc2 0.6 
Sc3 -0.3 

Sc2 -0.5 
Sc3 -0.3 

BESS 110.9 9.1 
Sc1 133.9 
Sc2 115.1 
Sc3 123.7

Sc1 -5.4 
Sc2 -5.1 

 Sc3 4.6 

The LDC model underestimates Combined Cycle Gas Turbine (CCGT) pro­
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 accu­
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 cycles14 

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
is key to determine replacement or maintenance in BESS. 

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 cal­
culation. The SMC is calculated as the weighted dual variable from the bal­
ance equation in each model. The OP is calculated as the weighted dual vari­
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 

LDC LRP 

OP Res 1 

LDC LRP 

OP Res 2 

LDC LRP 

OP Res 3 

LDC LRP 

OP BESS 

LDC LRP 

Oct -13.7 1.3 -16.3 -0.6 -6.6 -0.6 -23.9 2.8 -6.7 -2.0 
Nov -4.7 -2.0 -16.3 -0.6 -6.6 -0.6 -23.9 2.8 -4.7 -0.4 
Dec -28.5 0.3 -16.3 -0.6 -6.6 -0.6 -23.9 2.8 -16.3 -3.6 
Jan -10.8 -1.3 -17.7 -2.4 -8.2 -2.4 -22.6 -1.2 -32.2 -0.9 
Feb -8.7 0.7 -12.5 -0.4 -8.2 -0.4 -22.6 -1.0 -32.4 -3.1 
Mar -13.5 6.6 -12.5 -0.4 -8.2 -0.4 -21.4 -1.0 -27.4 5.6 
Apr -9.5 0.6 -12.5 -0.4 -8.2 -0.4 -21.4 -1.0 -29.0 -3.2 
May -14.0 0.2 -12.5 -0.4 -8.2 -0.4 -21.4 -1.0 -26.7 0.0 
Jun -9.4 1.4 -12.5 -0.4 -8.2 -0.4 -21.4 -1.0 -26.3 4.3 
Jul -23.1 2.0 -12.5 -0.4 -8.2 -0.4 -21.4 -1.0 -37.9 4.3 
Aug -13.8 4.7 -11.9 1.2 -6.9 -0.6 -22.3 -1.4 -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. 

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

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. 

age. The results show that network congestion is a more influential network 

The second section compares the system-states type and representative-periods 
type methods when short-term energy storage and seasonal storage are in­
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 III [121] and 
Article II [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 re­
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 eco­
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 chal­
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 is 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 representa­
tion. [50] expanded on the DC OPF-based storage allocation formulas to in­
clude a portfolio of storage technologies operating on different time-scales into 
the OPF-based siting and dispatch problems. This was used to optimally al­
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 cru­
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 bal­
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 ca­
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 piece­
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 Se­
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

de-݇ approximation relative to the quadratic representation, where index 
is the slope for each௧,௞݉ notes the linear segments in the piecewise function, 

 is voltage angle difference between nodes ሻݐሺ௡௠∆,ݐ at time ݇ linear segment 
is the approximated quadratic function forሻݐሺ௡௠

ᇱ∆, andݐat time ݉ and ݊ 
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 
 y-intercept values for ௞ܫ Original x-axis values used, and௞ܺ approximation:

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 ߆௡ guarantees that only connected
nodes through a transmission line are considered. Using them we find that
the values of ∆௡௠ᇱ ሺݐሻ 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 0.5൫ݐܩ௡௠߂ᇱ௡௠ሺݐሻ൯, where

 is the circuit conductance. Note that this product is halved as to prevent ௡௠ݐܩ 
counting both the positive and negative sides of the approximated curve. 

(5-1), ∋௡ݐ ௞൯݇∀,݉ ߆ ൅ ሺ௡௠∆௞ܺ൒ݐሻܫ ൫2  ሻݐሺ௡௠
ᇱ∆

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: 

ሻݐሺ௝௡൛ݏ௧݉ܽݔ 
ൌ 1 െ ௝௡ܱܯ

௝௡݇
ൟ 

(5-2) ݊,∀݆
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∑
ൌ௝௡ܯܥ

௧∈் ൧ 
൐ 0௝௡݇ ݂݅ ݊,∀݆ (5-3) 


ൌ௝ܱܵܮ
∑ 

Where index 

ሻݐሺ௝௡ݏ
ሻݐሺ௝௡ݏ_݁ݏܽܥ݁ݏܽܤ

∀݆ (5-4) 


௖ ሺݐሻ ∙ ௝௡ݎൣݐ∆
௝௡݇

∑௡,௧ 

representsሻݐሺ௝௡ݏ denotes the set of energy storage technologies, ݆

௝௡ݎ represents the installed storage capacity, ௝௡݇ the storage level, ௖ ሺݐሻ corre­
spond to the charging rates of each storage technology, and Δݐ is the duration 

௡,௧

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 
param-௠௔௫

௡௠ܶ[135] ܥ. Transmission constraints are adopted into this model via 
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 
Technology 

Dis/Charge Effi­
ciency ࢉࣁ,  [.p.u] ࢊࣁ

Investment Cost ࢐࡯
 ࢏

[$/MW per day] 
Discharge Duration 

 [h] ࢐ࡰࡰ

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 ∆t = 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 optimiza­
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 experi­
ments, which were run on an Intel-i7 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 technol­
ogy is 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 spa­
tial distribution of storage capacity and the temporal usage of each technol­
ogy. FES and PSH technologies exhibited the greatest changes. We can ob­
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.] 

n3 n9 
OM [%] 

n3 n9 
OSL [p.u.] 

-

PSH 0.003 0.003 100.0 100.0 1.000 

Congestion = NO 
Losses = NO 

CAES
LION

 0.003 
1.734 

0.003 
1.734 

100.0 
92.9 

100.0 
92.9 

0.000 
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 
Losses = YES 

CAES
LION

 0.000 
3.119 

0.000 
1.044 

100.0 
88.6 

100.0 
98.0 

0.000 
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
Losses = NO 

CAES
LION

 0.000 
1.174 

0.000 
2.110 

100.0 
9.4 

100.0 
100.0 

0.000 
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
Losses = YES 

CAES
LION

 0.000 
1.040 

0.000 
0.000 

100.0 
10.8 

100.0 
100.0 

0.000 
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 al­
lowable capacity permits it to employ a day/night arbitrage pattern of opera­
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. 

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 simu­
late the case of “full” congestion. Congestion was introduced into the network 

ସଶܥൌ ܶெ஺௑
ଶଷܹܶܯ40,ܥ ൌெ஺௑

ଵଶܶܥ as follows: . The re-30ܹܯ ൌெ஺௑
ଵହܹܶܯ80,ܥ ൌெ஺௑ 

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. 

Figure 5-3. PSH Storage in a congested network 

97 



 

 

 

 

 

 

 

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 is 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 de­
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 gen­
eral load balance as opposed to just dealing with fluctuations from volume of 
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nodes for investment. This situation changes when losses are introduced, for 
instance, 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-
ibility 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 is 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. 

 
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: 
ଵଶܥܶ

ெ஺௑ ൌ ,ܹܯ80 ଵହܥܶ
ெ஺௑ ൌ ଶଷܥܶ,ܹܯ40

ெ஺௑ ൌ ସଶܥܶ
ெ஺௑ ൌ  As was the case in .ܹܯ30

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. 

x 3.00 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
x 2.50 21 21 21 21 21 21 21 21 21 21 21 21 21 21 30 18 49 30 13 42 19 19 19 10 6 15 26 16
x 2.00 17 17 17 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
x 1.00 15 15 15 15 15 15 15 15 15 15 15 15 15 15 10 12 26 25 3 29 14 14 14 9 5 12 23 21
x 0.50 14 14 14 14 14 14 14 14 14 14 14 14 14 14 9 11 19 26 2 20 16 16 13 10 4 11 23 24
x 0.25 14 14 14 14 14 14 14 14 14 14 14 14 14 14 9 11 18 23 4 15 17 17 14 11 4 12 23 26

x 3.00 0 0 13 0 0 0 0 0 0 0 0 0 0 0 0 0 13 1 0 0 0 0 0 0 0 0 0 0
x 2.50 2 2 189 17 5 7 14 14 12 11 9 8 8 10 5 5 198 15 6 30 10 10 10 5 3 8 12 9
x 2.00 4 25 281 10 1 2 7 7 6 5 4 2 3 4 1 24 275 6 1 15 6 6 6 3 1 4 6 6
x 1.00 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
x 0.50 0 1 66 116 0 0 34 34 12 3 0 0 0 0 0 1 66 117 0 5 20 20 0 2 1 5 13 13
x 0.25 0 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

n1 n2 n3 n4 n5 n6 n7 n8 n9 n10 n11 n12 n13 n14 n1 n2 n3 n4 n5 n6 n7 n8 n9 n10 n11 n12 n13 n14

Congestion = NO & Losses = NO

Congestion = YES & Losses = NO

Congestion = NO & Losses = YES

Congestion = YES & Losses = YES
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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-
ios, 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 
is 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 in 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 

Case Study 
Wind Production 

x 0.25 x 0.50 x 1.0 x 2.0 x 2.5 x 3.0 

Congestion = NO 
Losses = NO 1.645 1.419 1.000 0.290 0.031 0.000 

Congestion = NO 
Losses = YES 1.681 1.451 1.024 0.301 0.037 0.000 

Congestion = YES 
Losses = NO 1.854 1.598 1.129 0.307 0.035 0.000 

Congestion = YES 
Losses = 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 is 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. 



103 

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 

Objective 
Function 

Error 

V1 0.5 0.1 0.8 0.1 

V2 1.2 1.0 4.4 0.7 

V3 0.5 0.4 4.8 5.4 

V4 6.4 6.5 1.8 5.6 

BESS In-
vestment 

Error 

V1 72.4 52.0 38.3 -10.3 

V2 35.4 32.9 22.2 -8.3 

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. 

 
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 
is 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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6 POWER-BASED MODEL FOR FLEXIBILITY REQUIRE-
MENTS 
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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
ஏ
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(6-1) 

Equation (6-1) shows the objective function, where parameters: ߨఠ is proba-
bility of scenario ߱, ܥ௝

ூ is the investment cost per installed MW of technology 
௝ܥ ,݆

௅௏is the linear variable energy production cost $/MWh, 	ܥ௝
ோା and ܥ௝

ோି are 
up/down reserve cost $/MW, ܥ௚ாெ is the CO2 emission cost $/MWh, ܥ௚ே௅ is the 
no-load cost per hour, ܥ௚௞

ௌ௎ is the startup cost, and ܥ௚ௌ஽ is the shutdown cost. 
In addition, the variables: ݔ௝ is the investment decisions per technology, ݁̂ఠ௝௧ 
is the total energy output at time ݐ for technology ݆ in scenario ߱, ݎఠ௝௧

ା  and ݎఠ௝௧
ି  

are up/down reserves, ݑఠ௚௧ is the unit commitment at time ݐ for thermal tech-
nology ݃ in scenario ߱, ݖఠ௚௧ is the shutdown decision variable, and ߜఠ௚௞௧ is 
the startup decision variable depending on the startup segment ݇. 

In the energy-based model, the set of decision variables Ψ in (6-1) includes 
previous variables plus: energy output above minimum output ሺ݁ሻ, charged 
energy in a storage technology ሺܿ̂ሻ, energy storage level ሺ߶ሻ, and binary deci-
sion for charging/discharging logic ሺߛሻ. In the power-based model, the set of 
decision variables Ψ additionally includes power related variables, such as 
total power output ሺ̂݌ሻ, power output above minimum output ሺ݌ሻ, and charged 
power for a storage technology ሺܿሻ. Table 6-1 summarizes the decision varia-
bles in set Ψ depending on the model. 
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Table 6-1. Set of decision variables Ψ for each model 

Model Decision variables 

Energy-based Ψ ൌ ሼݔ, ݁, ݁̂, ܿ̂, ,ାݎ ,ିݎ ,ݑ ,ݕ ,ݖ ,ߜ ,ߛ ߶ ሽ 

Power-based Ψ ൌ ሼݔ, ,݌ ,̂݌ ݁̂, ܿ, ܿ̂, ,ାݎ ,ିݎ ,ݑ ,ݕ ,ݖ ,ߜ ,ߛ ߶ ሽ 

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 ݐ and ݐ െ 1. The same concept is applied for the total 
charged energy in energy storage technology ݏ. 

݁̂ఠ௝௧ ൌ
ఠ௝௧̂݌ ൅ ఠ௝,௧ିଵ̂݌

2
 (6-2) 

ܿ̂ఠ௦௧ ൌ
ܿఠ௦௧ ൅ ܿఠ௦,௧ିଵ

2
 (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, ܦఠ௕௧

ா  and ܦఠ௕௧
௉  are corre-

spondently the energy and power values of demand, ܨ is the maximum power 
flow on a transmission line, Γ௟௝

௃  and Γ௟௕ are the shift factors, also ܴఠ௧ା  and ܴఠ௧ି  
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 ሺܦఠ௕௧

௉ ሻ and technology produc-
tion/charging (̂݌ఠ௝௧, ܿఠ௦௧) are modeled as hourly piecewise-linear functions 
representing their instantaneous power values at the end of each hour. In 
contrast, demand ሺܦఠ௕௧

ா ሻ and technology production/charging (݁̂ఠ௝௧, ܿ̂ఠ௝௧) 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 ܦఠ௕௧

ா  and 
ఠ௕௧ܦ
௉ . 

Table 6-2. System-wide constraints 

Constraint Energy-based Power-based 

Demand 
balance 

∑ ݁̂ఠ௝௧௝∈ࣤ െ ∑ ܿ̂ఠ௦௧௦∈࣭ ൌ ∑ ఠ௕௧ܦ
ா

௕∈ࣜವ   

ሺ6‐4ሻ 

∑ ࣤ∋ఠ௝௧௝̂݌ െ ∑ ܿఠ௦௧௦∈࣭ ൌ ∑ ఠ௕௧ܦ
௉

௕∈ࣜವ   

ሺ6‐5ሻ 

Transmission 
line limits 

െܨ௟ ൑ ∑ Γ௟௝
௃ ݁̂ఠ௝௧௝∈ࣤ െ ∑ Γ௟௦

ௌܿఠ௦௧௦∈࣭ െ

∑ Γ௟௕ܦఠ௕௧
ா

௕∈ࣜವ ൑   ௟ܨ
ሺ6‐6ሻ 

െܨ௟ ൑ ∑ Γ௟௝
௃ ࣤ∋ఠ௝௧௝̂݌ െ ∑ Γ௟௦

ௌܿఠ௦௧௦∈࣭ െ

∑ Γ௟௕ܦఠ௕௧
௉

௕∈ࣜವ ൑   ௟ܨ
ሺ6‐7ሻ 

Up Reserve 
requirement 

∑ ఠ௝௧ݎ
ା

௝∈ࣤ ൒ ܴఠ௧
ା

ሺ6‐8ሻ 

Down Reserve 
requirement 

∑ ఠ௝௧ݎ
ି

௝∈ࣤ ൒ ܴఠ௧ି   

ሺ6‐9ሻ 
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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 ݔ௝ is an integer decision variable in 
both models. 

The relationship between operational and investment decisions for each tech-
nology type is 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-
iables or energy-related variables. 

௝ܺ
଴ is a parameter to define the initial capacity for technology ݆; [# units] for 

݃, and [MW] for ݏ and ݒ. 

Table 6-3. Investment constraints 

Constraint Energy-based Power-based 

Thermal 
technologies 

ఠ௚௧ݑ ൑ ௚ܺ
଴ ൅   ௚ݔ

ሺ6‐10ሻ 

ESS 
technologies 

݁̂ఠ௦௧ െ ܿ̂ఠ௦௧ ൅ ఠ௚௧ݎ
ା ൑ ܺ௦଴ ൅   ௦ݔ

(6-11) 

ఠ௦௧̂݌ െ ܿఠ௦௧ ൅ ఠ௚௧ݎ
ା ൑ ܺ௦଴ ൅   ௦ݔ

ሺ6‐12ሻ 

݁̂ఠ௦௧ െ ܿ̂ఠ௦௧ െ ఠ௚௧ିݎ ൒ െሺܺ௦଴ ൅  ௦ሻݔ

ሺ6‐13ሻ 

ఠ௦௧̂݌ െ ܿఠ௦௧ െ ఠ௚௧ିݎ ൒ െሺܺ௦଴ ൅   ௦ሻݔ

ሺ6‐14ሻ 

VRES 
technologies 

݁̂ఠ௩௧ ൑ ఠܸ௩௧
ா ሺܺ௩଴ ൅   ௩ሻݔ

(6-15) 

ఠ௩௧̂݌ ൑ ఠܸ௩௧
௉ ሺܺ௩଴ ൅  ௩ሻݔ

(6-16) 

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 ݐ. 
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]. ܺ௦ is a parameter that repre-
sents the maximum investment limit for technology ݆ , whereas ߛఠ௦௧ 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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෍ ఠ௚௞௧ߜ
௞∈ࣥ೒

ൌ  ఠ௚௧ (6-25)ݕ

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 

Maxi-
mum 

output 
limit 

݁ఠ௚௧ ൅ ఠ௚௧ݎ
ା ൑ ൫ܲ௚ െ ௚ܲ൯ݑఠ௚௧

െ ൫ܲ௚ െ ఠ௚,௧ାଵݖ௚൯ܦܵ
െ max൫ܵܦ௚ െ ܵ ௚ܷ, 0൯ݕఠ௚௧ 

∀݃ ∈ ࣡ଵ 

(6-26) 

ఠ௚௧݌ ൅ ఠ௚௧ݎ
ା ൑ ൫ܲ௚ െ ௚ܲ൯ݑఠ௚௧

െ ൫ܲ௚ െ ఠ௚,௧ାଵݖ௚൯ܦܵ
൅ ൫ܵ ௚ܷ െ ௚ܲ൯ݕఠ௚,௧ାଵ 

(6-27) 

݁ఠ௚௧ ൅ ఠ௚௧ݎ
ା ൑ ൫ܲ௚ െ ௚ܲ൯ݑఠ௚௧

െ ൫ܲ௚ െ ܵ ௚ܷ൯ݕఠ௚,௧
െ max൫ܵ ௚ܷ െ ,௚ܦܵ 0൯ݖఠ௚,௧ାଵ 

∀݃ ∈ ࣡ଵ 
(6-28) 

݁ఠ௚௧ ൅ ఠ௚௧ݎ
ା ൑ ൫ܲ௚ െ ௚ܲ൯ݑఠ௚௧

െ ൫ܲ௚ െ ܵ ௚ܷ൯ݕఠ௚,௧
െ ൫ܲ௚ െ  ఠ௚,௧ାଵݖ௚൯ܦܵ

∀߱, ݃ ∉ ࣡ଵ 

(6-29) 

Mini-
mum 

output 
limit 

݁ఠ௚௧ െ ఠ௚௧ିݎ ൒ 0 

(6-30) 

ఠ௚௧݌ െ ఠ௚௧ିݎ ൒ 0 

(6-31) 

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 ࣡ଵ is de-
fined as the thermal technologies in ࣡ with ܶ ௚ܷ ൌ 1, ܲ௚ and ௚ܲ are the maxi-
mum/minimum power output, and ܵ ௚ܷ and ܵܦ௚ 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 ௚ܲ. 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 ௚ܲ 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] 

 
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 ௚ܲ, 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 ሺ6‐33ሻ. 

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 ࣡ி are thermal generators that can startup/shut-
down within one hour (i.e., ܵ ௚ܷ௞

஽ ൌ ௚஽ܦܵ ൑ 1), while slow-start technologies ࣡ௌ 
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., ܵ ௚ܷ ൌ ௚ܦܵ ൌ ௚ܲ). Therefore, 
the total power output of slow-start technologies considers SU/SD trajectories 
(6-34), whereas ሺ6‐35ሻ for quick-start technologies does not. For a better un-
derstanding of the modeling of quick- and slow-start technologies, the reader 
is referred to [71], [144]. 
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Table 6-6. Total thermal generation output 

Model Constraint 

Traditional Energy-
based 

݁̂ఠ௚௧ ൌ ௚ܲݑఠ௚௧ ൅ ݁ఠ௚௧ 

(6-32) 

Energy-based using 
SU/SD trajectories 

݁̂ఠ௚௧ ൌ ෍ ෍ ௚௞௜ܧ
ௌ௎ߜఠ௚௞,ቀ௧ି௜ାௌ௎೒ೖವ ାଵቁ

ௌ௎೒ೖ
ವ

௜ୀଵ

௄೒

௞ୀଵᇣᇧᇧᇧᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇧᇧᇧᇥ
ௌ௧௔௥௧௨௣	௧௥௔௝௘௖௧௢௥௬

൅෍ܧ௚௜
ௌ஽ݖఠ௚,ሺ௧ି௜ାଵሻ

ௌ஽೒
ವ

௜ୀଵᇣᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇥ
ௌ௛௨௧ௗ௢௪௡	௧௥௔௝௘௖௧௢௥௬

൅ ௚ܲݑఠ௚௧ ൅ ݁ఠ௚௧ᇣᇧᇧᇧᇤᇧᇧᇧᇥ
ை௨௧௣௨௧	௪௛௘௡	௕௘௜௡௚	௨௣

			 

ሺ6‐33ሻ 

Power-based 

ఠ௚௧̂݌ ൌ ௚ܲ൫ݑఠ௚௧ ൅ ఠ௚,௧ାଵ൯ݕ ൅ ఠ௚௧݌ ∀݃ ∈ ࣡ி 

(6-34) 

ఠ௚௧̂݌ ൌ ෍ ෍ ௚ܲ௞௜
ௌ௎ߜఠ௚௞,ቀ௧ି௜ାௌ௎೒ೖವ ାଶቁ

ௌ௎೒ೖ
ವ

௜ୀଵ

௄೒

௞ୀଵᇣᇧᇧᇧᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇧᇧᇧᇥ
ௌ௧௔௥௧௨௣	௧௥௔௝௘௖௧௢௥௬

൅ ෍ ௚ܲ௜
ௌ஽ݖఠ௚,ሺ௧ି௜ାଶሻ

ௌ஽೒
ವାଵ

௜ୀଶᇣᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇥ
ௌ௛௨௧ௗ௢௪௡	௧௥௔௝௘௖௧௢௥௬

൅ ௚ܲ൫ݑఠ௚௧ ൅ ఠ௚,௧ାଵ൯ݕ ൅ ఠ௚௧ᇣᇧᇧᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇧᇧᇥ݌
ை௨௧௣௨௧	௪௛௘௡	௕௘௜௡௚	௨௣

				∀݃ ∈ ࣡ௌ			 

ሺ6‐35ሻ 

 
Figure 6-4. Energy-based total output with SU/SD trajectories [31] 

 
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) is 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-España et al. 
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[71] has proven that the set of constraints (6-21)-(6-23) together with 
(6-27),(6-31),(6-34)-ሺ6‐35ሻ 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 ߶ఠ௦௧ is the storage 
level at time ݐ for storage technology ݏ in scenario ߱ and ߟ௦ 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 (ܿ̂ఠ௦௧) and discharged (݁̂ఠ௦௧) 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. ܴܲܧ௦ 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 ݐ and ݐ െ 1. 

߶ఠ௦௧ ൌ ߶ఠ௦,௧ିଵ ൅ ௦ܿ̂ఠ௦௧ߟ െ ݁̂ఠ௦௧ (6-36) 

߶ఠ௦௧ ൑ ௦ሺܺ௦଴ܴܲܧ ൅ ௦ሻݔ െ෍ ఠ௚௜ݎ
ି

௧

௜ୀ௧ିଵ
 (6-37) 

߶ఠ௦௧ ൒෍ ఠ௚௜ݎ
ା

௧

௜ୀ௧ିଵ
 (6-38) 

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 ݐ െ 1 (݁ఠ௚,௧ିଵ) to ݐ (݁ఠ௚௧), including the upward/downward re-
serve (ݎఠ௚௧ା ఠ௚௧ିݎ , ). 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 ߬-min (e.g., ߬ = 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-
gies can provide at ߬-min, see Figure 6-6. Where ܴ ௚ܷ and ܴܦ௚ are the ramp-
up/down capabilities in [MW/min]. When ramping constraints with ߬<60 are 
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߬ሺ̂݌ఠ௦௧ െ ܿఠ௦௧ሻ ൅ ሺ60 െ ߬ሻ൫̂݌ఠ௦,௧ିଵ െ ܿఠ௦,௧ିଵ൯
60ᇣᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇥ
஻

െ ఠ௦௧ିตݎ
஻ிᇣᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇧᇥ

ி

൒ െሺܺ௦଴ ൅  ௦ሻݔ
(6-50) 

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-
idation is 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 is 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 (ݑఠ௚௧, 
-charging/discharging variable. This ap (ఠ௦௧ߛ) ఠ௚௧) variables and ESSݖ	,ఠ௚௧ݕ
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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Oil (Oil). Moreover, three ESS (PSH, CAES, BESS) technologies are consid-
ered for investment decisions. 

 
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 ߬ ൌ 5min for constraints associated to flexibility 
constraints. 

All optimizations were carried out using Gurobi 8.1 on an Intel®-Core™ i7-
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 

Objective  
function (6-1) 

System  
constraints ሺ6‐4ሻ,ሺ6‐6ሻ,ሺ6‐8ሻ,ሺ6‐9ሻ ሺ6‐5ሻ,ሺ6‐7ሻ–ሺ6‐9ሻ 

Investment  
constraints ሺ6‐10ሻ,(6-11),ሺ6‐13ሻ,(6-15) ሺ6‐10ሻ,ሺ6‐12ሻ,ሺ6‐14ሻ,(6-16) 

Unit Commitment 
constraints (6-21)–(6-25) 
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Equations EB EBs PB SR-PB 

Thermal generation 
technology constraints (6-26),(6-28)–(6-30) (6-27),(6-31) 

Total output thermal  
technologies (6-32) ሺ6‐33ሻ (6-34),ሺ6‐35ሻ 

ESS 
constraints (6-36)–(6-38) 

Constraints for flexibility 
requirements in thermal 

technologies 
(6-39),(6-40)  (6-43)–(6-46)  

Constraints for flexibility 
requirements in ESS (6-17),(6-19),(6-41),(6-42) (6-18),(6-20),(6-47)–(6-50) 

Integer  
variables 

 ௝ݔ ,ఠ௚௞௧ߜ ,ఠ௦௧ߛ ,ఠ௚௧ݖ	,ఠ௚௧ݕ ,ఠ௚௧ݑ

Stage 1a: ݔ௝
Stage 1b: ݑఠ௚௧, 
,ఠ௚௧ݕ  ,ఠ௦௧ߛ ,ఠ௚௧ݖ

 ఠ௚௞௧ߜ

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 is 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 in 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. 



124 

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 

S
ta

ge
 1

 

Total Cost [M$] 10.15 9.29 8.94 8.96† 
ESS Invest Cost [M$] 0.43 0.35 0.19 0.17 
Therm. Invest Cost [M$] 1.01 1.42 1.17 1.24 
Operating Cost [M$] 8.71 7.52 7.58 7.55† 
CO2 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 

S
ta

ge
 2

 Operating Cost [M$] 8.22 7.53 7.58 7.55 
Total Cost [M$] 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 

† 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. 

 

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 

S
ta

ge
 2

 Operating Cost [M$] 8.35 7.66 7.60 7.55 
Total Cost [M$] 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 

S
ta

ge
 1

 

Total Cost [M$] 73.18 70.39 68.14 68.16† 
ESS Invest Cost [M$] 13.47 11.15 10.53 10.88 
Therm. Invest Cost [M$] 13.79 14.12 13.43 13.47 
Operating Cost [M$] 45.92 45.12 44.18 43.81† 
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 

S
ta

ge
 2

 Operating Cost [M$] 45.76 46.61 44.90 44.52 
Total Cost [M$] 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 

† 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). 

 

 
Figure 6-14. Generation mix - Dutch case study 
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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, i.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 

S
ta

ge
 1

 

Total Cost [M$] 70.51 67.93 67.60 67.61† 
ESS Invest Cost [M$] 13.35 10.97 10.66 10.74 
Therm. Invest Cost [M$] 13.47 13.47 13.43 13.47 
Operating Cost [M$] 43.69 43.49 43.51 43.40† 
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 

S
ta

ge
 2

 Operating Cost [M$] 44.37 45.92 44.25 44.21 
Total Cost [M$] 71.19 70.36 68.34 68.42 
CO2 emissions [kton] 100.76 94.35 93.07 93.07 
Curtailment [%] 44.62 45.30 45.24 45.28 

† 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 
is 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 



129 

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. 

 

 
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 is, 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 

S
ta

ge
 1

 

Total Cost [M$] 168.95 166.03 162.45 162.56† 
ESS Invest Cost [M$] 14.41 13.48 10.74 10.74 
VRES Invest Cost [M$] 65.78 65.55 66.22 65.74 
Therm. Invest Cost [M$] 18.42 18.42 17.20 17.30 
Operating Cost [M$] 70.34 68.58 68.29 68.78† 
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 

S
ta

ge
 2

 Operating Cost [M$] 69.36 69.61 68.85 69.29 
Total Cost [M$] 167.97 167.06 163.01 163.07 
CO2 emissions [kton] 113.28 106.36 106.54 106.75 
Curtailment [%] 22.46 22.48 23.59 23.34 

† 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. 



131 

 

 
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)15 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 is 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 
is 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 

Result Model 
No limit to ESS 

and VRES invest-
ment 

No limit to ESS 
and limit to VRES 

investment 

No limit to VRES 
and limit to ESS 

investment 

ESS Invest 
Cost [M$] 

EB 14.41 13.60 11.86 
EBs 13.48 12.28 11.86 
PB 10.74 9.17 10.92 
SR-PB 10.74 8.61 10.86 

VRES In-
vest Cost 

[M$] 

EB 65.78 69.83 65.11 
EBs 65.55 70.49 64.42 
PB 66.22 68.72 65.61 
SR-PB 65.74 68.62 65.69 

Therm. In-
vest Cost 

[M$] 

EB 18.42 18.42 18.42 
EBs 18.42 18.42 18.42 
PB 17.20 17.82 17.77 
SR-PB 17.30 17.25 17.68 

Operating 
Cost [M$] 

EB 70.34 75.59 74.02 
EBs 68.58 73.37 71.52 
PB 68.29 75.20 68.23 
SR-PB 68.78† 76.41† 68.26† 

Total Cost 
[M$] 

EB 168.95 177.44 169.40 
EBs 166.02 174.56 166.22 
PB 162.45 170.91 162.54 
SR-PB 162.56† 170.90† 162.50† 

† Values from Stage 1b 

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

Result Model 
No limit to ESS 

and VRES invest-
ment 

No limit to ESS 
and limit to VRES 

investment 

No limit to VRES 
and limit to ESS 

investment 

BESS Ca-
pacity 
[MW] 

EB 7050 7300 5000 
EBs 6300 7150 5000 
PB 3200 3750 4250 
SR-PB 3200 3500 3800 

PSH Capac-
ity [MW] 

EB 2500 2000 2500 
EBs 2500 1500 2500 
PB 3000 2000 2500 
SR-PB 3000 2000 2500 







135 

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 

 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. 

 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. 

 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. 

 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. 
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Co-optimization of ESS in hydro-thermal dispatch models 

 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. 

 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. 

 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. 

 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 

 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. 

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

 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. 

 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-
iations in longer-term planning models that involve energy storage invest-
ment. 

 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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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: 

 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. 

 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. 

 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 



140 

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: 

 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. 

 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. 

 The expansion of ESS allocation and investment model to account for both 
network congestion and transmission losses. A linearized approximation 
of ohmic losses is 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: 

 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 
is 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 

 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). 
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A OPERATION AND INVESTMENT FORMULATIONS 

A.1 Notation 
In the following formulation “݌ ⁄ݏ ” 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 Periods (hours) 
 ሻ Subset with the last period of the time horizon݌௟ሺ݌
,ݏ ᇱݏ ∈ ܵ System states 
݇ ∈ 	K Periods in which storage limit are imposed in system states 
݃ ∈  Generation units (thermal or storage) 	ܩ
 ሺ݃ሻ Subset of thermal generation unitsݐ
݄ሺ݃ሻ Subset of storage units 
݄௟ሺ݃ሻ Subset of long-term storage (e.g., hydro) units 
݄௦ሺ݃ሻ Subset of short-term storage (e.g., batteries) units 
݊, ݊ᇱ ∈ Ν Electrical nodes o buses 
݊௦ሺ݊ሻ Subset of electrical nodes or buses without slack bus 
ܿ Circuits 
࣡௚௡ Generators ݃ connected to bus ݊ 
Θ௡௡ᇲ௖ Circuits ܿ connected between bus ݊ᇱ and ݊ 
݌ݎ ∈ ܴܲ  Set of representative periods (e.g., days, weeks) 
 ௥௣௣߁ Injective map of each period ݌ to a representative period ݌ݎ 
௣௣ᇲ߅   Injective map of each period ݌ to a period ݌ᇱ ∈  ௥௣௣߁
,݌௙ሺ݌  ݌ݎ of the representative period ݌ ሻ Subset with the first period݌ݎ

Parameters 

௚ܥ
௙௨௘௟ Cost of consumed fuel [k€/MJ] 

 ௚ Variable term of fuel consumption [MJ/MWh]ߙ
 ௚ Fixed term of fuel consumption [MJ]ߚ
 ௚ Fuel consumption during the startup [MJ]ߛ
 ௚௢௠ Cost of operation and maintenance [k€/MWh]ܥ
௣ܦ ௦⁄ 	௡ Electricity demand per node [MW] 

௣ܸ ௦⁄ 	௡
௠௔௫  Renewable production per node (e.g., wind or solar) [MW] 

ܳ௚௠௔௫,ܳ௚௠௜௡ Upper and lower bound on production [MW] 
ܴܴܵ௚ Maximum 10-minute ramp [MW] 
ܺ௥௘௦ Operating reserve [p.u.] 
ܹ0௛ Initial storage level [MWh] 

௛ܹ
௠௔௫, ௛ܹ

௠௜௡ Upper and lower bound on energy storage [MWh] 

௛ܹ
௙௜௡ Minimum final storage level [MWh] 

௣ܫ ௦⁄ 	௛ Hourly energy inflows [MWh] 
 ௛ Efficiency of storage unit [p.u.]ߟ
௛ܤ
௠௔௫ Upper bound on charging/pumping [MW] 

௦ܶ Duration of state [h] 
௡ᇲ௖	௡ܥܶ

௠௔௫  Transmission capacity of circuit ܿ [MW] 
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 ௡ೞ Injection Shift Factors [p.u.]	௡ᇲ௖	௡ܨܵܫ
ܰ௦	௦ᇲ Transition matrix between states 
 ௦ᇲ௞ Frequency matrix between states and changes	௦ܨ
 ௦ᇲ௞ Reduced Frequency Matrix between states and changes	௦ܯܨܴ
 ௥௣ Weight of representative periods [h]ܩܹ
ܴܰܲ௥௣	௥௣ᇲ Transition matrix between representative periods 
ܰ ௥ܲ௣  Number of periods at each representative period [h] 
 ܯ Moving window for storage level [h] 
௛ܥ
௜௡௩ Investment cost for storage units [€/MW] 

௛ܴܲܧ
௠௔௫ 

௛ܴܲܧ
௠௜௡  

Maximum and minimum energy to power ratio [h] 

Variables 

௣ݍ ௦⁄ 	௚ Power production [MW] 
ො௣ݍ ௦⁄ 	௚ Power production above ܳ௚௠௜௡ [MW] 
௣ݒ ௦⁄ 	௡ Renewable production [MW] 
௣ݎ ௦⁄ 	௚ Spinning reserve [MW] 
௣ݓ ௦⁄ 	௛ Storage level [MWh] 
 ௛ Difference in storage [MWh]	௦ᇲ	௦ݓ∆
ܾ௣ ௦⁄ 	௛ Hourly charged/pumped power [MW] 
௣݌ݏ ௦⁄ 	௛ Hourly energy spillage [MWh] 
௣݂݌ ௦⁄ 	௡௡ᇲ௖ Power flow per circuit [MW] 
௣ݏ݊݌ ௦⁄ 	௡ Power not supply per node [MW] 
௣ݑ ௦⁄ 	௚ Binary dispatch decision [0-1] 
௣ݕ ௦⁄ 	௚ Binary startup decision [0-1] 
 ௚ Binary startup decision for state model [0-1]	௦ᇲ	௦ݕ
 ௛ Storage investment [MW]ݔ

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. 

݉݅݊ஐ 		෍൛ܥ௧
௙௨௘௟ ∙ ௣௧ݑ௧ߚൣ ൅ ௣௧ݕ௧ߛ ൅ ௣௧൧ݍ௧ߙ ൅ ௧ܥ

௢௠ݍ௣௧ൟ
௣,௧

൅෍ ௛ܥ
௜௡௩ݔ௛

௛
 (A.2-1) 

Subject to: 

෍ݍ௣௧
௧∈࣡

൅෍൫ݍ௣௛ െ ܾ௣௛൯
௛∈࣡

൅ ௣௡ݒ ൅ ෍ ൫݂݌௣௡ᇲ௡௖ െ ௣௡௡ᇲ௖൯݂݌
௡ᇲ௖ ∈஀

൅ ௣௡ݏ݊݌

ൌ ∀			௣௡ܦ ,݌ ݊ 
(A.2-2) 
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௣௡௡ᇲ௖݂݌ ൌ 	෍ܨܵܫ௡௡ᇲ௖௡ೞ
௡ೞ

∙ ቎ ෍ ௣௧ݍ
௧∈࣡೟೙ೞ

൅ ෍ ൫ݍ௣௛ െ ܾ௣௛൯
௛∈࣡೓೙ೞ

൅ ௣௡ೞݒ ൅ ௣௡ೞݏ݊݌

െ ∀			௣௡ೞ቏ܦ ݊݊
ᇱܿ ∈ Θ ,  ݌

(A.2-3) 

௣௧ݍ ൌ ܳ௧
௠௜௡ݑ௣௧ ൅ ,݌	∀ ො௣௧ݍ  (A.2-4) ݐ

0 ൑ ො௣௧ݍ ൑ ൫ܳ௧
௠௔௫ െ ܳ௧

௠௜௡൯ݑ௣௧ ∀	݌,  (A.2-5) ݐ

௣௧ݑ െ ௣ିଵ,௧ݑ ൑ ,݌	∀ ௣௧ݕ  (A.2-6) ݐ

௣௧ݎ ൅ ௣௧ݍ ൑ ௣௧ܳ௧ݑ
௠௔௫ ∀	݌,  (A.2-7) ݐ

0 ൑ ௣௧ݎ ൑ ܴܴܵ௧ ∀	݌,  (A.2-8) ݐ

෍ݎ௣௧
௧

൒ ܺ௥௘௦ ∙෍ܦ௣௡
௡

 (A.2-9) ݌	∀ 

,௣௧ݑ ௣௧ݕ ∈ ሼ0,1ሽ ∀	݌,  (A.2-10) ݐ

௣௛ݓ ൌ ௣ିଵ,௛ݓ ൅ܹ0௣ୀଵ,௛ ൅ ௣௛ܫ െ ௣௛ݍ െ ௣௛݌ݏ ൅ ,݌	∀ ௛ܾ௣௛ߟ ݄ (A.2-11) 

0 ൑ ௣௡ݒ ൑ ௣ܸ௡
௠௔௫ ∀	݌, ݊ (A.2-12) 

0 ൑ ௣௛ݍ ൑ ܳ௛
௠௔௫ ൅ ,݌	∀ ௛ݔ ݄ (A.2-13) 

0 ൑ ܾ௣௛ ൑ ௛ܤ
௠௔௫ ൅ ,݌	∀ ௛ݔ௛ߟ ݄ (A.2-14) 

0 ൑ ,݌	∀ ௣௛݌ݏ ݄ (A.2-15) 

ห݂݌௣௡௡ᇲ௖ห ൑ ௡௡ᇲ௖ܥܶ
௠௔௫ ∀	Θ௡௡ᇲ௖,  (A.2-16) ݌

௛ܹ
௠௜௡ ൅ ௛ܴܲܧ

௠௜௡ݔ௛ ൑ ௣௛ݓ ൑ ௛ܹ
௠௔௫ ൅ ௛ܴܲܧ

௠௔௫ݔ௛ ∀	݌, ݄ (A.2-17) 

௣೗,௛ݓ ൒ ௛ܹ
௙௜௡ ∀	݄ (A.2-18) 

The objective function ሺA. 2‐1ሻ 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 ݔ௛ is set to zero. Constraint (A.2-17) includes the en-
ergy capacity increase considering parameters ܴܲܧ௛

௠௔௫ and ܴܲܧ௛
௠௜௡. 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]. 

݉݅݊ஐ 		෍൝ܥ௧
௙௨௘௟ ∙ ൥ ௦ܶߚ௧ݑ௦௧ ൅ ෍ ܰ௦ᇲ௦ߛ௧ݕ௦ᇲ௦௧

௦ᇲஷ௦

൅ ௦ܶߙ௧ݍ௦௧൩ ൅ ௧ܥ
௢௠

௦ܶݍ௦௧ൡ
௦,௧

൅෍ ௛ܥ
௜௡௩ݔ௛

௛
	 

(A.3-1) 

Subject to: 

෍ݍ௦௧
௧∈࣡

൅෍ሺݍ௦௛ െ ܾ௦௛ሻ
௛∈࣡

൅ ௦௡ݒ ൅ ෍ ሺ݂݌௦௡ᇲ௡௖ െ ௦௡௡ᇲ௖ሻ݂݌
௡ᇲ௖	∈஀

൅ ௦௡ݏ݊݌

ൌ ∀			௦௡ܦ ,ݏ ݊ 
(A.3-2) 

௦௡௡ᇲ௖݂݌ ൌ 	෍ܨܵܫ௡௡ᇲ௖௡ೞ ∙
௡ೞ

	቎ ෍ ௦௧ݍ
௧∈࣡೟೙ೞ

	൅ ෍ ሺݍ௦௛ െ ܾ௦௛ሻ
௛∈࣡೓೙ೞ

൅ ௦௡ೞݒ

൅ ௦௡ೞݏ݊݌ െ ݊݊	∀			௦௡ೞ቏ܦ
ᇱܿ ∈ Θ,  ݏ

(A.3-3) 

௦௧ݍ ൌ ܳ௧
௠௜௡ݑ௦௧ ൅ ∀ ො௦௧ݍ ,ݏ  (A.3-4) ݐ

0 ൑ ො௦௧ݍ ൑ ൫ܳ௧
௠௔௫ െ ܳ௧

௠௜௡൯ݑ௦௧ ∀ ,ݏ  (A.3-5) ݐ

௦௧ݑ െ ௦ᇲ,௧ݑ ൑ ∀ ௦ᇲ௦௧ݕ ,ݏ  (A.3-6) ݐ

௦௧ݎ ൅ ௦௧ݍ ൑ ௦௧ܳ௧ݑ
௠௔௫ ∀ ,ݏ  (A.3-7) ݐ

0 ൑ ௦௧ݎ ൑ ܴܴܵ௧ ∀ ,ݏ  (A.3-8) ݐ

෍ݎ௦௧
௧

൒ ܺ௥௘௦ ∙෍ܦ௦௡
௡

 ∀  (A.3-9) ݏ

,௦௧ݑ ௦ᇲ௦௧ݕ ∈ ሼ0,1ሽ ∀ ,ݏ  (A.3-10) ݐ

0 ൑ ௦௡ݒ ൑ ௦ܸ௡
௠௔௫ ∀ ,ݏ ݊ (A.3-11) 

0 ൑ ௦௛ݍ ൑ ܳ௛
௠௔௫ ൅ ∀ ௛ݔ ,ݏ ݄ (A.3-12) 

0 ൑ ܾ௦௛ ൑ ௛ܤ
௠௔௫ ൅ ∀ ௛ݔ௛ߟ ,ݏ ݄ (A.3-13) 

0 ൑ ∀ ௦௛݌ݏ ,ݏ ݄ (A.3-14) 

|௦௡௡ᇲ௖݂݌| ൑ ௡௡ᇲ௖ܥܶ
௠௔௫ ∀ Θ௡௡ᇲ௖,  (A.3-15) ݏ

௦௦ᇲ௛ݓ∆ ൌ 0.5 ∙ ሺܫ௦௛ ൅ ௦ᇲ௛ܫ ൅ ௛ܾ௦௛ߟ ൅ ௛ܾ௦ᇲ௛ߟ െ ௦௛ݍ െ ௦ᇲ௛ݍ
െ ௦௛݌ݏ െ  ௦ᇲ௛ሻ݌ݏ

∀ ,ݏ ,ᇱݏ ݄ (A.3-16) 
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෍ ܰ௦௦ᇲ ∙ ௦௦ᇲ௛ݓ∆

௦,௦ᇲ	௦.௧.
ேೞೞᇲவ଴

൒ ௛ܹ
௙௜௡ െܹ0௛ ൅ ௛ܴܲܧ

௠௜௡ݔ௛ 
∀	݄ (A.3-17) 

෍ ܰ௦௦ᇲ ∙ ௦௦ᇲ௛ݓ∆

௦,௦ᇲ	௦.௧.
ேೞೞᇲவ଴

൑ ௛ܹ
௠௔௫ െܹ0௛ ൅ ௛ܴܲܧ

௠௔௫ݔ௛ 
∀	݄ (A.3-18) 

෍ ௦௦ᇲ௞ܨ ∙ ௦௦ᇲ௛ݓ∆

௦,௦ᇲ	௦.௧.
ிೞೞᇲೖவ଴

൒ ௛ܹ
௠௜௡ െܹ0௛ ൅ ௛ܴܲܧ

௠௜௡ݔ௛ 
∀	݄, ݇ (A.3-19) 

෍ ௦௦ᇲ௞ܨ ∙ ௦௦ᇲ௛ݓ∆

௦,௦ᇲ	௦.௧.
ிೞೞᇲೖவ଴

൑ ௛ܹ
௠௔௫ െܹ0௛ ൅ ௛ܴܲܧ

௠௔௫ݔ௛ 
∀	݄, ݇ (A.3-20) 

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 ‘ݏ’ rather than each hour ‘݌’. 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 ∆ݓ௦௦ᇲ௛. 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 ݏ and ݏᇱ 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 ݏ 
(charge minus discharge minus spillage plus inflows) to the storage level dif-
ference in another hour block in a different state ݏᇱ. The sum of the series is 
 ௦௦ᇲ௛ multiplied by the time that transition occurs, value included in theݓ∆
transition matrix ௦ܰ௦

ᇱ , 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 ݇ is used. It denotes a set of hours 
at which the imposed storage level limitations still hold. Another parameter, 
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-௦௦ᇲ௞ is also introduced into the model. This parameter represents the freܨ
quency with which a storage unit moves between hours of state ݏ to hours of 
state ݏᇱ before hour k. The lower and upper storage boundaries for all ݇ are 
imposed 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 naïve 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 ݇ and the corresponding frequency matrix ܨ௦௦ᇲ௞. 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 
 .is also based on the fact that each hour is assigned to only one system state ܭ
Therefore, the set ܭ 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 
naïve definition of set ܭ is the hours where there is a change from one state 
to another in the hourly list of the state assigned to each hour. ܨ௦௦ᇲ௞ repre-
sents the number of times we have changed from one state to another until 
time step ݇. For instance, the transmission matrix ܰ௦௦ᇲ represents all transi-
tions between states s and state ݏᇱ over all the time horizon, while the fre-
quency matrix ܨ௦௦ᇲ௞ represents the amount of transitions between states ݏ 
and state ݏᇱ until hour (time step) ݇. In fact, if ݇ is equal to the last hour then 
both matrices have the same values at each element. Therefore, every ele-
ment of ܨ௦௦ᇲ௞ must be lower or equal to the same element at ܰ௦௦ᇲ. In other 
words, it can be said that ܨ௦௦ᇲ௞ is defined similarly to the transmission matrix 
ܰ௦௦ᇲ at each time step ݇. 

As mentioned previously the computational efficiency of the storage approxi-
mation in the system state model depends heavily on the cardinality of set ܭ. 
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 ܭ and the corresponding frequency matrix ܨ௦௦ᇲ௞ 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 ܭ. In this thesis, the iterative approach 
has been applied to a transmission network problem, and it is shown that it 
is still valid for multiple nodes. This iterative approach is called Incremental 
Bounding Algorithm (IBA). The first step required for solving via this method 
is 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 ܭ and the corre-
sponding frequency matrix ܨ௦௦ᇲ௞ 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 ܭ in order to properly maintain boundaries. This iterative process helps 
ensure the smallest ݇ 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 ܭ and frequency matrix ܨ௦௦ᇲ௞. 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. 

 
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 is 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 

{k} = ⊘             // 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 
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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 ݇ is a subset of hours in the time horizon in 
which the upper and lower bound are checked. At each hour ݇, (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 ݇ 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 ݇, they add up all the net changes in storage since the 
last hour ݇ 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 (ܨ௦௦ᇲ௞) correspond-
ing to the current hour ݇ and that corresponding to the previous element in 
set ݇ , that is, ݇ െ 1. In other words, the difference between these two elements 
or hours in the set ݇ 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 ݇ are predefined in the model and we do not 
know in advance the storage level value at each hour in set ݇. 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. 

෍ ௦௦ᇲ௞ܨ ∙ ௦௦ᇲ௛೗ݓ∆
௦,௦ᇲ	௦.௧.
ிೞೞᇲೖவ଴

൒ ௛ܹ೗
௠௜௡ െܹ0௛೗ ൅ ௛ܴܲܧ

௠௜௡ݔ௛ 
∀ ݄௟, ݇ (A.4-1) 

෍ ௦௦ᇲ௞ܨ ∙ ௦௦ᇲ௛೗ݓ∆
௦,௦ᇲ	௦.௧.
ிೞೞᇲೖவ଴

൑ ௛ܹ೗
௠௔௫ െܹ0௛೗ ൅ ௛ܴܲܧ

௠௔௫ݔ௛ 
∀ ݄௟, ݇ (A.4-2) 

෍ ௦௦ᇲ௞ܯܨܴ ∙ ௦௦ᇲ௛ೞݓ∆
௦,௦ᇲ	௦.௧.

ோிெೞೞᇲೖவ଴

൒ ௛ܹೞ
௠௜௡ െܹ0௛ೞ ൅ ௛ܴܲܧ

௠௜௡ݔ௛ 
∀ ݄௦, ݇ (A.4-3) 

෍ ௦௦ᇲ௞ܯܨܴ ∙ ௦௦ᇲ௛ೞݓ∆
௦,௦ᇲ	௦.௧.

ோிெೞೞᇲೖவ଴

൑ ௛ܹೞ
௠௔௫ െܹ0௛ೞ ൅ ௛ܴܲܧ

௠௔௫ݔ௛ 
∀ ݄௦, ݇ (A.4-4) 

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. 

݉݅݊ஐ 		 ෍ ൝ܹܩ௥௣ ∙෍൛ܥ௧
௙௨௘௟ ∙ ௣௧ݑ௧ߚൣ ൅ ௣௧ݕ௧ߛ ൅ ௣௧൧ݍ௧ߙ ൅ ௧ܥ

௢௠ݍ௣௧ൟ
௧

ൡ
௣,௥௣ఢ௰ೝ೛೛

൅෍ ௛ܥ
௜௡௩ݔ௛

௛
 

(A.5-1) 

Subject to: 

Equations (A.2-2) to (A.2-18) ∀	߁߳݌௥௣௣ 
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௣ୀ௣೑ሺ௣,௥௣ሻାே௉ೝ೛ିଵ,௛ݓ ൒ ∀ ௣ୀ௣೑ሺ௣,௥௣ሻ,௛ݓ ሺ݌, ,௥௣௣߁ሻ߳݌ݎ ݄ (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 
is 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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is a numeric column vector where each row indicates the cluster assignment 
(i.e. representative day) of the corresponding day of the year. This information 
is included in the model using the subset ߅௣௣ᇲ. 

௣ᇲୀ௣೑൫௣ᇲ,௥௣ᇲ൯ାே௉ೝ೛ିଵ,௧ݑ
ൌ ,ݐ	∀			௣ୀ௣೑ሺ௣,௥௣ሻ,௧ݑ ሺ݌, ,௥௣௣߁ሻ߳݌ݎ ݌ݎ

ᇱ / ܴܰܲ௥௣ ௥௣ᇲ ൐ 0 (A.6-1) 

௣௛ݓ ൌ ௣ିெ,௛ݓ ൅ܹ0௣ୀଵ,௛

൅ ෍ ෍ ൫ܫ௣ᇲᇲ௛ െ ௣ᇲᇲ௛ݍ െ ௣ᇲᇲ௛݌ݏ
௣ᇲᇲ∈௴೛ᇲ೛ᇲᇲ

௣

௣ᇲୀ௣ିெାଵ

൅ ,݌	∀			௛ܾ௣ᇲᇲ௛൯ߟ ݄ 

(A.6-2) 
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B HYDROTHERMAL DISPATCH FORMULATIONS 

B.1 Notation 
In the following formulation, “∗” refers to the parameters or variables used to 
identify time divisions: ݌ for hours in the detailed hourly model, ሺ݉,ݓ, ݈ሻ in 
the load-levels model, and ሺ݌ݎ, ݇ሻ in the linked representative periods model 
respectively. 

Indices and Sets 

݌ ∈ ࣪		 Periods (e.g., hours) 
݉ ∈ ࣧ		 Aggregation of hours (e.g., months) 
ܯ ௠ܲ,௣		 Relation among hours and months 
ݓ ∈ ࣱ		 Aggregation of load levels (e.g., weekdays) 
݈ ∈ ࣦ		 Load levels or load blocks 
݌ݎ ∈ ࣬࣪		 Representative periods (e.g., days) 
		௥௣ᇲ,௥௣ܯܶ Transitions among ݌ݎ 
݇ ∈ ࣥ		 Hours inside a representative period 
		௣,௥௣,௞ܫܥ Cluster index 
ݎ ∈ ࣬		 Reservoirs  
݃ ∈ ࣡		 Generators 
ݐ ⊂ ݃		 Thermal units 
ݏ ⊂ ݃		 Storage units  
ܾ ⊂ 		ݏ Short-term storage units (e.g., batteries) 
݄ ⊂ 		ݏ Hydro units 
		௛,௥ܴܷܪ Hydro plant upstream of reservoir 
		௛,௥ܴܲܪ Pumped hydro plant upstream of reservoir 
		௥,௛ܪܷܴ Reservoir upstream of hydro plant 
		௥,௛ܪܴܲ Reservoir upstream of pumped hydro plant 
ܴܷܴ௥,௥		 Reservoir upstream of reservoir 
߱ ∈ 		ߗ Scenarios 
ܽሺ߱ሻ		 Scenario tree relations 

Parameters 

݀∗,  Demand, operating reserve [MW] ∗݋
 weight [h] ݌ݎ Load level duration or ∗݃ݓ
,௚̅݌  ௚ Maximum, minimum output [MW]݌

௧݂ ,  ௧ No load cost [$/h], variable cost [$/MWh]ݒ
,௧ݑݏ  [$] ௧ Startup, shutdown cost݀ݏ
ܿ௛,  ௦ Production function and efficiency [p.u.]ߟ
,௥ݎ̅  ௥ Maximum and minimum reserve [hm3]ݎ
 ௥ᇱ Initial and final reserve [hm3]ݎ
,തതതതത௕ܿ݋ݏ  ௕ Maximum, minimum state of charge [p.u.]ܿ݋ݏ
݅∗,௥ఠ  Stochastic hydro inflows [m3/s] 
 ఠ Scenario probability [p.u.]∗݌
 ᇱ Energy not served cost [$/MWh]ݒ
 ᇱᇱ Operating reserve not served cost [$/MWh]ݒ
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Variables 

௧,∗ܥܷ
ఠ , ܵ ∗ܷ,௧

ఠ , ௧,∗ܦܵ
ఠ  Commitment, startup, and shutdown {0,1} 

∗ܲ,௚
ఠ  Production of generation units [MW] 

ܲᇱ∗,௧
ఠ  Production above minimum output [MW] 

௛,∗ܥ
ఠ , ௦ఠ,∗ܥ  Consumption of a hydro/storage unit [MW] 
∗ܱ,௚
ఠ  Operating reserve of generation unit 

ܴ∗,௥
௜௡௧௥௔,ఠ, ܴ∗,௥

௜௡௧௘௥,ఠ	 Intra and inter reservoir level [hm3] 
ܵ∗,௥ఠ 	 Reservoir spillage [hm3] 
,ఠ∗ܵܰܧ ܴܰܵ∗ఠ Energy and reserve not served [MW] 
௕,∗ܥ݋ܵ

௜௡௧௥௔,ఠ, ܵܥ݋∗,௕
௜௡௧௘௥,ఠ 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 		෍݌௣ఠ ∙ ௧ݑݏ ∙ ܷܵ௣௧
ఠ

ఠ௣௧

൅	෍݌௣ఠ ∙ ௧݀ݏ ∙ ௣௧ܦܵ
ఠ

ఠ௣௧

൅ ෍݌௣ఠ ∙ ௧݂ ∙ ௣௧ܥܷ
ఠ

ఠ௣௧

൅	෍݌௣ఠ ∙ ௧ݒ ∙ ௣ܲ௧
ఠ

ఠ௣௧

൅	෍݌௣ఠ ∙ ᇱݒ ∙ ௣ఠܵܰܧ

ఠ௣

൅	෍݌௣ఠ ∙ ᇱᇱݒ ∙ ܴܰܵ௣ఠ

ఠ௣

 

(B.2-1) 

Subject to: 

෍ ௣ܱ௚
ఠ

௚

൅ ܴܰܵ௣ఠ ൒  (B.2-2) ݌߱∀	௣݋

෍ ௣ܲ௚
ఠ

௚

െ෍
௣௦ఠܥ

௦௦ߟ

൅ ௣ఠܵܰܧ ൌ ݀௣	∀߱݌ (B.2-3) 

௣௧ܥܷ
ఠ െ ௣ିଵ௧ܥܷ

ఠᇲ
ൌ ܷܵ௣௧

ఠ െ ௣௧ܦܵ
ఠ ᇱ߳߱	ݐ݌߱∀	 ܽሺ߱ሻ (B.2-4) 

ܲᇱ௣௧
ఠ ൅ ܱ௣௧

ఠ ൑ ቀ̅݌௧ െ ௧ቁ݌ ∙ ൫ܷܥ௣௧
ఠ െ ܷܵ௣௧

ఠ ൯  (B.2-5) ݐ݌߱∀

ܲᇱ௣௧
ఠ ൅ ܱ௣௧

ఠ ൑ ቀ̅݌௧ െ ௧ቁ݌ ∙ ൫ܷܥ௣௧
ఠ െ ௣ାଵ௧ܦܵ

ఠ ൯  (B.2-6) ݐ݌߱∀

௣ܲ௧
ఠ ൌ ௧݌ ∙ ௣௧ܥܷ

ఠ+ܲᇱ௣௧
ఠ  (B.2-7) ݐ݌߱∀			

௣ܲ௛
ఠ ൑  (B.2-8) ݄݌߱∀			௛̅݌
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ܴ௣ିଵ௥
௜௡௧௥௔,ఠᇲ

െ ܴ௣௥
௜௡௧௥௔,ఠ ൅ ݅௣௥ఠ െ ܵ௣௥ఠ ൅ ෍ ܵ௣௥ᇲ

ఠ

௥ᇲ	∈	ோ௎ோೝᇲ,ೝᇣᇧᇧᇧᇤᇧᇧᇧᇥ
ௐ௔௧௘௥	௦௣௜௟௟௔௚௘	௙௥௢௠	௨௣௦௧௥௘௔௠	௥௘௦௘௥௩௢௜௥௦

൅ ෍ ௣ܲ௛
ఠ

ܿ௛ൗ
௛	∈	ு௎ோ೓,ೝᇣᇧᇧᇧᇧᇤᇧᇧᇧᇧᇥ

்௨௥௕௜௡௘ௗ	௪௔௧௘௥	௙௥௢௠	௨௣௦௧௥௘௔௠	௛௬ௗ௥௢	௣௟௔௡௧௦

െ ෍ ௣ܲ௛
ఠ

ܿ௛ൗ
௛	∈	ோ௎ுೝ,೓ᇣᇧᇧᇧᇧᇤᇧᇧᇧᇧᇥ

்௨௥௕௜௡௘ௗ		௪௔௧௘௥	௙௥௢௠	௛௬ௗ௥௢	௣௟௔௡௧௦	௜௡	௥௘௦௘௥௩௢௜௥	௥

൅ ෍
௣௛ܥ
ఠ

ܿ௛ൗ
௛	∈	ு௉ோ೓,ೝᇣᇧᇧᇧᇧᇤᇧᇧᇧᇧᇥ

௉௨௠௣௘ௗ	௪௔௧௘௥	௙௥௢௠	௛௬ௗ௥௢	௣௟௔௡௧௦	௧௢	௥௘௦௘௥௩௢௜௥	௥

െ ෍
௣௛ܥ
ఠ

ܿ௛ൗ
௛ ∈ ோ௉ுೝ,೓ᇣᇧᇧᇧᇧᇤᇧᇧᇧᇧᇥ

௉௨௠௣௘ௗ	௪௔௧௘௥ ௧௢ ௢௧௛௘௥ ௥௘௦௘௥௩௢௜௥௦

ൌ  ܽሺ߱ሻ	ᇱ߳߱		ݎ݌߱∀			0

(B.2-9) 

௣ିଵ௕ܥ݋ܵ
௜௡௧௥௔,ఠᇲ

െ ௣௕ܥ݋ܵ
௜௡௧௥௔,ఠ െ ௣ܲ௕

ఠ ൅ ௣௕ܥ
ఠ ൌ 0 ܾ݌߱∀ ߱ᇱ߳ ܽሺ߱ሻ (B.2-10) 

ܴ|௉|௥
௜௡௧௥௔,ఠ ൌ ௥ᇱݎ  (B.2-11) ݎ߱∀		

௥ݎ ൑ ܴ௣௥
௜௡௧௥௔,ఠ ൑  (B.2-12) ݎ݌߱∀			௥ݎ

௕ܿ݋ݏ ൑ ௣௕ܥ݋ܵ
௜௡௧௥௔,ఠ ൑ ௕ܿ݋ݏ  (B.2-13) ܾ݌߱∀

0 ൑ ௣ܲ௚
ఠ ൑  (B.2-14) ݃݌߱∀			௚݌

0 ൑ ௣௦ఠܥ ൑  (B.2-15) ݏ݌߱∀			௦݌
௣௧ܥܷ

ఠ , ܷܵ௣௧
ఠ , ܷܵ௣௧

ఠ ∈ ሼ0,1ሽ			∀߱ݐ݌ (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 
reservoir 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 ߱ᇱ߳	ܽሺ߱ሻ, 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. 



156 

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 		 ෍ ௠ఠ݌ ∙ ௧ݑݏ ∙ ܷܵ௠௪௧
ఠ

ఠ௠௪௧

൅	 ෍ ௠ఠ݌ ∙ ௧݀ݏ ∙ ௠௪௧ܦܵ
ఠ

ఠ௠௪௧

൅	 ෍ ௠ఠ݌ ∙ ௠௪௟݃ݓ ∙ ௧݂ ∙ ௠௪௧ܥܷ
ఠ

ఠ௠௪௟௧

൅	 ෍ ௠ఠ݌ ∙ ௠௪௟݃ݓ ∙ ௧ݒ ∙ ௠ܲ௪௟௧
ఠ

ఠ௠௪௟௧

൅	 ෍ ௠ఠ݌ ∙ ௠௪௟݃ݓ ∙ ᇱݒ ∙ ௠௪௟ܵܰܧ
ఠ

ఠ௠௪௟

൅	 ෍ ௠ఠ݌ ∙ ௠௪௟݃ݓ ∙ ᇱᇱݒ ∙ ܴܰܵ௠௪௟
ఠ

ఠ௠௪௟

 

(B.3-1) 

Subject to: 

෍ܱ௠௪௟௚
ఠ

௚

൅ ܴܰܵ௠௪௟
ఠ ൒  (B.3-2) ݈ݓ݉߱∀			௠௪௟݋

෍ ௠ܲ௪௟௚
ఠ

௚

െ෍
௠௪௟௦ܥ
ఠ

௦௦ߟ

൅ ௠௪௟ܵܰܧ
ఠ ൌ ݀௠௪௟  (B.3-3) ݈ݓ݉߱∀

௠ܲ௪௟ାଵ௚
ఠ ൑ ௠ܲ௪௟௚

ఠ  (B.3-4) ݈݃ݓ݉߱∀			

௠௪௧ܥܷ
ఠ െ ௠ିଵ௪ାଵ௧ܥܷ

ఠᇲ
ൌ ܷܵ௠௪௧

ఠ െ ௠௪௧ܦܵ
ఠ ݐݓ݉߱∀ ߱ᇱ߳ ܽሺ߱ሻ (B.3-5) 

௠௪ାଵ௧ܥܷ
ఠ െ ௠௪௧ܥܷ

ఠ ൌ ܷܵ௠௪ାଵ௧
ఠ െ ௠௪ାଵ௧ܦܵ

ఠ ݐ݉߱∀ ݓ∀ ൐ 1 (B.3-6) 

௠ܲ௪௟௧
ఠ ൅ ܱ௠௪௟௧

ఠ ൑ ௠௪௧ܥ௧ܷ̅݌
ఠ  (B.3-7) ݐݓ݉߱∀			

௠ܲ௪௟௧
ఠ ൒ ௠௪௧ܥ௧ܷ݌

ఠ  (B.3-8) ݐݓ݉߱∀			

௠ܲ௪௟௛
ఠ ൑  (B.3-9) ݄ݓ݉߱∀			௛̅݌

ܴ௠ିଵ௥
௜௡௧௘௥,ఠᇲ

െ ܴ௠௥
௜௡௧௘௥,ఠ ൅ ݅௠௥

ఠ െ ܵ௠௥
ఠ ൅ ෍ ܵ௠௥ᇲ

ఠ

௥ᇲ	∈	ோ௎ோೝᇲ,ೝᇣᇧᇧᇧᇤᇧᇧᇧᇥ
ௐ௔௧௘௥	௦௣௜௟௟௔௚௘	௙௥௢௠	௨௣௦௧௥௘௔௠	௥௘௦௘௥௩௢௜௥௦

൅ ෍ ෍ ௠௪௟݃ݓ ∙ ௠ܲ௪௟௛
ఠ

ܿ௛ൗ
௛	∈	ு௎ோ೓,ೝ௪௟ᇣᇧᇧᇧᇧᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇧᇧᇧᇧᇥ

்௨௥௕௜௡௘ௗ	௪௔௧௘௥	௙௥௢௠	௨௣௦௧௥௘௔௠	௛௬ௗ௥௢	௣௟௔௡௧௦

െ ෍ ෍ ௠௪௟݃ݓ ∙ ௠ܲ௪௟௛
ఠ

ܿ௛ൗ
௛	∈	ோ௎ுೝ,೓௪௟ᇣᇧᇧᇧᇧᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇧᇧᇧᇧᇥ

்௨௥௕௜௡௘ௗ		௪௔௧௘௥	௙௥௢௠	௛௬ௗ௥௢	௣௟௔௡௧௦	௜௡	௥௘௦௘௥௩௢௜௥	௥

൅ ෍ ෍ ௠௪௟݃ݓ ∙ ௠௪௟௛ܥ
ఠ

ܿ௛ൗ
௛	∈	ு௉ோ೓,ೝ௪௟ᇣᇧᇧᇧᇧᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇧᇧᇧᇧᇥ

௉௨௠௣௘ௗ	௪௔௧௘௥	௙௥௢௠	௛௬ௗ௥௢	௣௟௔௡௧௦	௧௢	௥௘௦௘௥௩௢௜௥	௥

െ෍ ෍ ௠௪௟݃ݓ ∙ ௠௪௟௛ܥ
ఠ

ܿ௛ൗ
௛	∈ ோ௉ுೝ,೓௪௟ᇣᇧᇧᇧᇧᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇧᇧᇧᇧᇥ

௉௨௠௣௘ௗ	௪௔௧௘௥	௧௢	௢௧௛௘௥ ௥௘௦௘௥௩௢௜௥௦

ൌ  ܽሺ߱ሻ	ᇱ߳߱			ݎ݉߱∀			0

(B.3-10) 
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௠ିଵ௕ܥ݋ܵ
௜௡௧௘௥,ఠᇲ

െ ௠௕ܥ݋ܵ
௜௡௧௘௥,ఠ െ෍݃ݓ௠௪௟ ⋅ ௠ܲ௪௟௕

ఠ

௪௟

൅෍݃ݓ௠௪௟ ⋅ ௠௪௟௕ܥ
ఠ

௪௟
ൌ 0			∀ܾ߱݉ ߱ᇱ߳ ܽሺ߱ሻ 

(B.3-11) 

ܴ|ெ|௥
௜௡௧௘௥,ఠ ൌ ௥ᇱݎ  (B.3-12) ݎ߱∀		

௥ݎ ൑ ܴ௠௥
௜௡௧௘௥,ఠ ൑  (B.3-13) ݎ݉߱∀			௥ݎ

௕ܿ݋ݏ ൑ ௠௕ܥ݋ܵ
௜௡௧௘௥,ఠ ൑ ௕ܿ݋ݏ ∀ܾ߱݉ (B.3-14) 

0 ൑ ௠ܲ௪௟௚
ఠ ൑  (B.3-15) ݃ݓ݉߱∀			௚݌

0 ൑ ௠௪௟௦ܥ
ఠ ൑  (B.3-16) ݏݓ݉߱∀			௦݌

௠௪௧ܥܷ
ఠ , ܷܵ௠௪௧

ఠ , ܷܵ௠௪௧
ఠ ∈ ሼ0,1ሽ  (B.3-17) ݐݓ݉߱∀

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., ݉,ݓ, ݈. 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 ݓ. 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 
 to consider the number of hours that are represented for each load (௠௪௟݃ݓ)
level. In other words, the multiplication by ݃ݓ௠௪௟ guarantees that all the 
charged/discharged energy is considered within the month ݉. 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 ݉. 

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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min 		෍݌௠ఠ ෍ ௥௣݃ݓ ∙ ௧ݑݏ ∙ ܵ ௥ܷ௣,௞,௧
ఠ

௥௣,௞,௧ఠ௠

൅෍݌௠ఠ ෍ ௥௣݃ݓ ∙ ௧݀ݏ ∙ ௥௣,௞,௧ܦܵ
ఠ

௧,ሺ௥௣,௞ሻ∈൛஼ூ೛,ೝ೛,ೖ∩ெ௉೘,೛ൟఠ௠

൅	෍݌௠ఠ ෍ ௥௣݃ݓ ∙ ௧݂ ∙ ௥௣,௞,௧ܥܷ
ఠ

௧,ሺ௥௣,௞ሻ∈൛஼ூ೛,ೝ೛,ೖ∩ெ௉೘,೛ൟఠ௠

൅	෍݌௠ఠ ෍ ௥௣݃ݓ ∙ ௧ݒ ∙ ௥ܲ௣,௞,௧
ఠ

௧,ሺ௥௣,௞ሻ∈൛஼ூ೛,ೝ೛,ೖ∩ெ௉೘,೛ൟఠ௠

൅	෍݌௠ఠ ෍ ௥௣݃ݓ ∙ ᇱݒ ∙ ௥௣,௞ܵܰܧ
ఠ

ሺ௥௣,௞ሻ∈൛஼ூ೛,ೝ೛,ೖ∩ெ௉೘,೛ൟఠ௠

൅	෍݌௠ఠ ෍ ௥௣݃ݓ ∙ ᇱᇱݒ ∙ ܴܰܵ௥௣,௞
ఠ

ሺ௥௣,௞ሻ∈൛஼ூ೛,ೝ೛,ೖ∩ெ௉೘,೛ൟఠ௠

 

(B.4-1) 

Subject to: 

෍ܱ௥௣,௞,௚
ఠ

௚

൅ ܴܰܵ௥௣,௞
ఠ ൒ ,߱∀			௥௣,௞݋ ,݌ݎ ݇ (B.4-2) 

෍ ௥ܲ௣,௞,௚
ఠ

௚

െ෍
௥௣,௞,௦ܥ
ఠ

௦௦ߟ

൅ ௥௣,௞ܵܰܧ
ఠ ൌ ݀௥௣,௞ ∀߱, ,݌ݎ ݇ (B.4-3) 

௥௣,௞,௧ܥܷ
ఠ െ ௥௣,௞ିଵ,௧ܥܷ

ఠ ൌ ܵ ௥ܷ௣,௞,௧
ఠ െ ௥௣,௞,௧ܦܵ

ఠ ∀߱, ,݌ݎ ݐ ∀݇ ൐ 1 (B.4-4) 

௥௣,௞,௧ܥܷ
ఠ െ ෍ ௥௣ᇲ,௄,௧ܥܷ

ఠᇲ

௥௣ᇲ∈்ெೝ೛ᇲ,ೝ೛

ൌ ܵ ௥ܷ௣,௞,௧
ఠ െ ௥௣,௞,௧ܦܵ

ఠ ∀߱, ,݌ݎ ݐ ∀݇

ൌ 1			߱ᇱ߳ ܽሺ߱ሻ 

(B.4-5) 

ܲᇱ௥௣,௞,௧
ఠ ൅ ܱ௥௣,௞,௧

ఠ ൑ ቀ̅݌௧ െ ௧ቁ݌ ∙ ൫ܷܥ௥௣,௞,௧
ఠ െ ܵ ௥ܷ௣,௞,௧

ఠ ൯ ∀߱, ,݌ݎ ݇,  (B.4-6) ݐ

ܲᇱ௥௣,௞,௧
ఠ ൅ ܱ௥௣,௞,௧

ఠ ൑ ቀ̅݌௧ െ ௧ቁ݌ ∙ ൫ܷܥ௥௣,௞,௧
ఠ െ ௥௣,௞ାଵ,௧ܦܵ

ఠ ൯ ∀߱, ,݌ݎ ݇,  (B.4-7) ݐ

௥ܲ௣,௞,௧
ఠ ൌ ௥௣,௞,௧ܥ௧ܷ݌

ఠ ൅ ܲᇱ௥௣,௞,௧
ఠ 			∀߱, ,݌ݎ ݇,  (B.4-8) ݐ

௥ܲ௣,௞,௛
ఠ ൑ ,߱∀			௛̅݌ ,݌ݎ ݇, ݄ (B.4-9) 
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ܴ௥௣,௞ିଵ,௥
௜௡௧௥௔,ఠᇲ

െ ܴ௥௣,௞,௥
௜௡௧௥௔,ఠ ൅ ݅௥௣,௞,௥

ఠ െ ܵ௥௣,௞,௥
ఠ

൅ ෍ ܵ௥௣,௞,௥ᇲ
ఠ

௥ᇲ	∈	ோ௎ோೝᇲ,ೝᇣᇧᇧᇧᇧᇤᇧᇧᇧᇧᇥ
ௐ௔௧௘௥	௦௣௜௟௟௔௚௘	௙௥௢௠	௨௣௦௧௥௘௔௠	௥௘௦௘௥௩௢௜௥௦

൅ ෍ ௥ܲ௣,௞,௛
ఠ

ܿ௛ൗ
௛	∈	ு௎ோ೓,ೝᇣᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇥ

்௨௥௕௜௡௘ௗ	௪௔௧௘௥	௙௥௢௠	௨௣௦௧௥௘௔௠	௛௬ௗ௥௢	௣௟௔௡௧௦

െ ෍ ௥ܲ௣,௞,௛
ఠ

ܿ௛ൗ
௛	∈	ோ௎ுೝ,೓ᇣᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇥ

்௨௥௕௜௡௘ௗ		௪௔௧௘௥	௙௥௢௠	௛௬ௗ௥௢	௣௟௔௡௧௦	௜௡	௥௘௦௘௥௩௢௜௥	௥

൅ ෍
௥௣,௞,௛ܥ
ఠ

ܿ௛ൗ
௛	∈	ு௉ோ೓,ೝᇣᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇥ

௉௨௠௣௘ௗ	௪௔௧௘௥	௙௥௢௠	௛௬ௗ௥௢	௣௟௔௡௧௦	௧௢	௥௘௦௘௥௩௢௜௥	௥

െ ෍
௥௣,௞,௛ܥ
ఠ

ܿ௛ൗ
௛	∈	ோ௉ுೝ,೓ᇣᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇥ

௉௨௠௣௘ௗ	௪௔௧௘௥ ௧௢ ௢௧௛௘௥ ௥௘௦௘௥௩௢௜௥௦

ൌ 0			∀߱, ,݌ݎ ݇, ݎ ߱ᇱ߳ ܽሺ߱ሻ 

(B.4-10) 

ܴ௠ିଵ,௥
௜௡௧௘௥,ఠᇲ

െ ܴ௠௥
௜௡௧௘௥,ఠ ൅ ෍ ቂܴ௥௣,௞,௥

௜௡௧௥௔,ఠ െ ܴ௥௣,௞ିଵ,௥
௜௡௧௥௔,ఠᇲ

ቃ
ሺ௥௣,௞ሻ∈൛஼ூ೛,ೝ೛,ೖ∩ெ௉೘,೛ൟ

ൌ ݎ݉߱∀			0 ߱ᇱ߳ ܽሺ߱ሻ 
(B.4-11) 

௥௣,௞ିଵ,௕ܥ݋ܵ
௜௡௧௥௔,ఠᇲ

െ ௥௣,௞,௕ܥ݋ܵ
௜௡௧௥௔,ఠ െ ௥ܲ௣,௞,௕

ఠ ൅ ௥௣,௞,௕ܥ
ఠ ൌ 0 ∀߱, ,݌ݎ ݇, ܾ 	߱ᇱ߳	ܽሺ߱ሻ (B.4-12) 

௠ିଵ,௕ܥ݋ܵ
௜௡௧௘௥,ఠᇲ

െ ௠௕ܥ݋ܵ
௜௡௧௘௥,ఠ

൅ ෍ ቂܵܥ݋௥௣,௞,௥
௜௡௧௥௔,ఠ െ ௥௣,௞ିଵ,௥ܥ݋ܵ

௜௡௧௥௔,ఠᇲ
ቃ

ሺ௥௣,௞ሻ∈൛஼ூ೛,ೝ೛,ೖ∩ெ௉೘,೛ൟ

ൌ 0			∀ܾ߱݉ ߱ᇱ߳ ܽሺ߱ሻ 

(B.4-13) 

ܴ|ெ|௥
௜௡௧௘௥,ఠ ൌ ௥ᇱݎ  (B.4-14) ݎ߱∀		

௥ݎ ൑ ܴ௠௥
௜௡௧௘௥,ఠ ൑  (B.4-15) ݎ݉߱∀			௥ݎ

௥ݎ ൑ ܴ௥௣,௞,௥
௜௡௧௥௔,ఠ ൑ ,߱∀			௥ݎ ,݌ݎ ݇,  (B.4-16) ݎ

௕ܿ݋ݏ ൑ ௠௕ܥ݋ܵ
௜௡௧௘௥,ఠ ൑ ௕ܿ݋ݏ ∀ܾ߱݉ (B.4-17) 

௕ܿ݋ݏ ൑ ௥௣,௞,௕ܥ݋ܵ
௜௡௧௥௔,ఠ ൑ ௕ܿ݋ݏ ∀߱, ,݌ݎ ݇, ܾ (B.4-18) 

0 ൑ ௥ܲ௣,௞,௚
ఠ ൑ ,߱∀			௚݌ ,݌ݎ ݇, ݃ (B.4-19) 

0 ൑ ௥௣,௞,௦ܥ
ఠ ൑ ,߱∀			௦݌ ,݌ݎ ݇,  (B.4-20) ݏ

௥௣,௞,௧ܥܷ
ఠ , ܵ ௥ܷ௣,௞,௧

ఠ , ܵ ௥ܷ௣,௞,௧
ఠ ∈ ሼ0,1ሽ ∀߱, ,݌ݎ ݇,  (B.4-21) ݐ

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, i.e., multiplied by the weight of each RP. In addition, the in-
tersection of both sets ൛ܫܥ௣,௥௣,௞ ∩ ܯ ௠ܲ,௣ൟ guarantees that we are considering 
only the RPs belonging to the corresponding month. Constraints (B.4-2) to 
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(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., ݌ݎ, ݇. 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., ܶܯ௥௣ᇲ,௥௣, 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., ݌ݎᇱ, is considered in the first hour of the second, 
i.e., ݌ݎ. 

Equations (B.4-10) to (B.4-13) represent the balance equations for both types 
of storage, i.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 ݉) 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, ܫܥ௣,௥௣,௞, and the re-
lationship between periods and months, ܯ ௠ܲ,௣, are known as a result of the 
procedure to determine the RPs. The intersection of both sets ൛ܫܥ௣,௥௣,௞ ∩ ܯ ௠ܲ,௣ൟ 
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 

݊,݉ ∈ ܰ Buses 
݆ ∈  Storage technologies ܬ
ݐ ∈ ܶ Time intervals
݇ ∈  Linear approximation segments ܭ

Parameters 

௝ߟ
௖ Charging efficiency of technologies [p.u.] 
௝ߟ
ௗ Discharging efficiency of technologies [p.u] 
Δݐ Duration of time step [h] 
௝ܴ
௖ Maximum charging capacity [MW] 

௝ܴ
ௗ Maximum discharging capacity [MW] 

௡ܲ
௠௜௡ Minimum thermal power output [MW] 
௡ܲ
௠௔௫ Maximum thermal power output [MW] 

൅ܴܴ௡;	െܴܴ௡ Upper and lower ramp rate limits [MW] 
௡ܹሺ௧ሻ Total wind generation [MW] 

 ௡௠௠௔௫ Maximum line transmission capacity [MW]ܥܶ
 ௡௠ Circuit Conductance [p.u.]ݐܩ
௡ܥ
௚ଵሺݐሻ Linear production cost coefficient [$/MWh] 

௡ܥ
௚ଶ Quadratic production cost coefficient [$/MWh2] 

௝௡ܥ
ୢଵሺݐሻ Linear discharging cost coefficient [$/MWh] 

௝௡ܥ
ୢଶ Quadratic discharging cost coefficient [$/MWh2] 

௝ܥ
௜ Investment cost [$/MW] 

 ௝ Average discharge duration of each technology [h]ܦܦ
 ሻ Demand [MW]ݐ௡ሺܦ
௞ܻ Quadratic function values for linearization 
ܺ௞ Original x-axis values used for linearization 
 ௞ y-intercept values for each segment in linearizationܫ

Variables 

௡݌
௚ሺݐሻ Generation from thermal units [MW] 
௝௡ݎ
௖ ሺݐሻ Charging rates of each storage technology [MW] 
௝௡ݎ
ௗ ሺݐሻ Discharging rates of each storage technology [MW] 
 ሻ Storage level [MWh]ݐ௝௡ሺݏ
௝݇௡ Installed storage capacity [MWh] 
 ሻ Voltage angle at a node [p.u.]ݐ௡ሺߜ
∆௡௠ሺݐሻ Difference in voltage angles between two buses [rad] 
∆௡௠ᇱ ሺݐሻ Square of difference in voltage angles between two buses 
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C.2 Storage Allocation Model 
The decision variables used throughout the DC OPF storage optimization 
model comprise the set: 

Ω ∶ൌ ൛	݌௡
௚ሺݐሻ, ௝௡ݎ

௖ ሺݐሻ, ௝௡ݎ
ௗ ሺݐሻ, ,ሻݐ௝௡ሺݏ ௝݇௡, ,ሻݐ௡ሺߜ ∆௡௠ሺݐሻ, ∆௡௠ᇱ ሺݐሻൟ 

The objective function of the model calculates the total system costs: 

min
ஐ

෍ቐ෍ܨ௡
௚൫݌௡

௚ሺݐሻ, ൯ݐ ൅ ෍ ௝௡ܨ
ௗ ൫ݎ௝௡

ௗ ሺݐሻ, ൯ݐ
௡∈ே,௝∈௃௡∈ீ

ቑ
௧∈்

 (C.2-1) 

This objective is comprised of the production cost function: 

௡ܨ
௚൫݌௡

௚ሺݐሻ, ൯ݐ ∶ൌ ௡ܥ
௚ଵሺݐሻ݌௡

௚ሺݐሻΔݐ ൅ ௡ܥ
௚ଶሺݐሻ൫݌௡

௚ሺݐሻΔݐ൯
ଶ
 

and the discharging costs: 

௝௡ܨ	
ௗ ൫ݎ௝௡

ௗ ሺݐሻ, ൯ݐ ∶ൌ ௝௡ܥ
ௗଵሺݐሻݎ௝௡

ௗ ሺݐሻΔݐ ൅ ௝௡ܥ
ௗଶሺݐሻ൫ݎ௝௡

ௗ ሺݐሻΔݐ൯
ଶ
 

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	∀݆, ݊, ݐ ൒ 2 such that  

ሻݐ௝௡ሺݏ ൌ ݐ௝௡ሺݏ െ 1ሻ ൅ ൫ߟ௝
௖ݎ௝௡

௖ ሺݐሻ െ ௝௡ݎ
ௗ ሺݐሻ/ߟ௝

ௗ൯∆ݐ (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 ൑ ௝௡ݎ
௖ ሺݐሻ ൑ ௝ܴ

௖ ∀݆, ݊,  (C.2-3) ݐ

0 ൑ ௝௡ݎ
ௗ ሺݐሻ ൑ ௝ܴ

ௗ ∀݆, ݊,  (C.2-4) ݐ

0 ൑ ሻݐ௝௡ሺݏ ൑ ௝݇௡ ∀݆, ݊,  (C.2-5) ݐ
ݐ௝௡ሺݏ ൌ 1ሻ ൌ ݐ௝௡ሺݏ ൌ ܶሻ ∀݆, ݊ (C.2-6) 

௡ܲ
௠௜௡ ൑ ௡݌

௚ሺݐሻ ൑ ௡ܲ
௠௔௫ ∀݆, ݊ (C.2-7) 

െܴܴ௡ ൑ ௡݌
௚ሺݐሻ െ ௡݌

௚ሺݐ െ 1ሻ ൑ ൅ܴܴ௡ ∀݆, ݊ (C.2-8) 

௝݇௡ ൌ 0	 ∀݆, ݊ ∈ ܩ ௝ܴ௡ (C.2-9) 

෍ ௝݇௡

௡∈ே

൑ ௝ܥܵ
௠௔௫	 ∀݆ (C.2-10) 

∆௡௠ሺݐሻ ൌ ሻݐ௡ሺߜ െ ݉∀ ሻݐ௠ሺߜ ∈ Θ௡,  (C.2-11) ݐ
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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 ݆ at 
node ݊  during time ݐ. 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 ܩ ௝ܴ௡ 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	ܵܥ௝

௠௔௫, which 
denotes the total available storage capacity of a given technology. Lastly 
(C.2-11) defines the voltage angle difference for the set Θ௡, of buses m con-
nected to bus n. 

The energy at each node ݊ during each time period ݐ 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, 2ݐܩ௡௠൫1 െ cos൫∆௡௠ሺݐሻ൯൯ and 
are linearized as in Section 5.1.2. 

௡ܹሺ௧ሻ ൅ ௡݌
௚ሺݐሻ ൅෍ ௝௡ݎ

ௗ ሺݐሻ
௝∈௃

ൌ ሻݐ௡ሺܦ ൅ ෍ ሻݐ௡ሺߜ௡௠൫ܤ െ ሻ൯ݐ௠ሺߜ
௠∈஀೙

൅෍ݎ௝௡
௖ ሺݐሻ

௝∈௃

൅ ௡௠൫1ݐܩ2 െ cos൫∆௡௠ሺݐሻ൯൯ 

∀	݊,  (C.2-12) ݐ

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 
 ௡௠௠௔௫. The set Θ௡ defined previously will be used here to ensure that onlyܥܶ
lines that exist are bounded. 

െܶܥ௡௠௠௔௫ ൑ ሻݐ௡ሺߜ௡௠൫ܤ െ ሻ൯ݐ௠ሺߜ ൑ ∀ ௡௠௠௔௫ܥܶ ݉ ∈ 	Θ௡,  (C.2-13) ݐ

The corresponding voltage angles are bounded by: 

െߨ ൑ ሻݐ௡ሺߜ ൑ ∀ ߨ ݊,  (C.2-14) ݐ

Finally, ݊	 ൌ 	1 is defined as the slack bus for all time steps ݐ by: 

ሻݐ௡ୀଵሺߜ ൌ 0 ∀  (C.2-15) ݐ

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 ݇ 
used to approximate the quadratic function with linear curves at specific 
points. 

∆௡௠ᇱ ሺݐሻ ൒ ൫2ܺ௞∆௡௠ሺݐሻ൯ ൅ ݉,݇∀ ௞ܫ ∈ Θ௡ ,  (C.3-1) ݐ

Using the linear segments obtained with (C.3-1), we find that the values of 
∆௡௠ᇱ ሺݐሻ 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 0.5൫ݐܩ௡௠Δ௡௠ᇱ ሺݐሻ൯. 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-
imation of losses in the system energy balance. The new equation for this is 
displayed in (C.3-2). 

	 ௡ܹሺ௧ሻ ൅ ௡݌
௚ሺݐሻ ൅෍ݎ௝௡

ௗ ሺݐሻ
௝∈௃

ൌ ሻݐ௡ሺܦ ൅ ෍ ሻݐ௡ሺߜ௡௠൫ܤ െ ሻ൯ݐ௠ሺߜ
௠∈஀೙

൅෍ݎ௝௡
௖ ሺݐሻ

௝∈௃

൅ ෍ 0.5൫ݐܩ௡௠Δ௡௠ᇱ ሺݐሻ൯
௠∈஀೙

 

∀	݊,  (C.3-2) ݐ

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: 

௝ܨ	
௜൫ ௝݇௡൯ ൌ ௝݇௡

௜ ௝ܥ
௜ ൗ	௝ܦܦ  

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, ௝݇௡ are treated as continuous values. 

min
ஐ

෍ቐ෍ܨ௡
௚൫݌௡

௚ሺݐሻ, ൯ݐ ൅ ෍ ௝௡ܨ
ௗ ൫ݎ௝௡

ௗ ሺݐሻ, ൯ݐ
௡∈ே,௝∈௃௡∈ீ

ቑ
௧∈்

൅ ෍ ௝ܨ
௜

௡∈ே,௝∈௃

൫ ௝݇௡൯ (C.4-1) 
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D POWER- AND ENERGY-BASED FORMULATIONS 

D.1 Notation 

Indices and Sets 

݆ ∈ ࣤ  Technologies 
݃ ∈ ࣡ ⊆ ࣤ  Subset of thermal generation technologies 
ݒ ∈ ࣰ ⊆ ࣤ  Subset of renewable energy sources 
ݏ ∈ ࣭ ⊆ ࣤ  Subset of energy storage technologies 
ܾ ∈ ࣜ  Buses 
ࣜ஽ ⊆ ࣜ  Subset of buses ܾ with demand consumption 
݈ ∈ ࣦ  Transmission lines 
߱ ∈ Ω  Scenarios 
݇ ∈ ௚ࣥ  Startup segments, running from 1 (the hottest) to ܭ௚ (the 

coldest) 
ݐ ∈ ࣮  time periods (e.g., hours) 

Parameters 

௝ܥ
௅௏  Linear variable production cost [$/MWh] 

 ௚ே௅  No-load cost [$/h]ܥ
 [$] ௚ௌ஽  Shutdown costܥ
௚௞ܥ
ௌ௎  Startup cost for segment ݇ [$] 

 ௚ாெ  CO2 emission cost [$/MWh]ܥ
௝ܥ
ோା, ௝ܥ

ோି  Up/down reserve cost [$/MW] 
ఠ௕௧ܦ
ா   Energy demand on bus ܾ [MWh] 

ఠ௕௧ܦ
௉   Power demand on bus ܾ [MW] 

ܴఠ௧
ା , ܴఠ௧ି   Up/down reserve requirement [MW] 

 ௟  Power flow limit on transmission line ݈ [MW]ܨ

ܲ௚, ௚ܲ  Maximum/minimum power output [MW] 

௚௞௧ܧ
ௌ௎ , ௚௧ܧ

ௌ஽	  Energy output during startup/shutdown [MWh] 

௚ܲ௞௧
ௌ௎ , ௚ܲ௧

ௌ஽	  Power output during startup/shutdown [MW] 
ܴ ௚ܷ,  ௚  Ramp-up/down capability [MW/min]ܦܴ
ܵ ௚ܷ,  ௚  Startup/shutdown capability [MW]ܦܵ
ܵ ௚ܷ

஽,  ௚஽  Startup/shutdown duration [h]ܦܵ

௚ܶ௞
ௌ௎  Time interval limit of startup segment ݇ [h] 

ܶ ௚ܷ,  ௚  Minimum up/down time [h]ܦܶ
Γ௟௝
௃ , Γ௟௕  Shift factors for line ݈ [p.u.] 

 ௦  Energy to power ratio [h]ܴܲܧ
ఠܸ௩௧
ா   Renewable energy output profile [p.u.] 
ఠܸ௩௧
௉   Renewable power output profile [p.u.] 

 ߱ ఠ  Probability of scenarioߨ

௝ܺ  Investment limit for technology ݆ 

௝ܺ
଴  Initial capacity for technology ݆; [# units] for ݃, and [MW] 

for ݏ and ݒ. 
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Continuous Non-negative Variables 

݁̂ఠ௝௧  Total energy output [MWh] 
 ఠ௝௧  Total power output [MW]̂݌
݁ఠ௚௧  Energy output above minimum output [MWh] 
 ఠ௚௧  Power output above minimum output [MW]݌
ܿ̂ఠ௦௧  Charged energy for storage [MWh] 
ܿఠ௦௧  Charged power for storage [MW] 
ఠ௚௧ݎ
ା   Up capacity reserve [MW] 
ఠ௚௧ିݎ   Down capacity reserve [MW] 
߶ఠ௦௧  Energy storage level [MWh] 

Integer Variables 

 ఠ௚௧  Unit commitment for thermal technologiesݑ
 ఠ௚௧  Startup for thermal technologiesݕ
 ఠ௚௧  Shutdown for thermal technologiesݖ
 ఠ௚௞௧  Startup type selection for thermal technologiesߜ
 ఠ௦௧  Binary decision for charging/discharging logicߛ
 ௝  Investment decision per technologyݔ

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 Ψ ൌ
ሼݔ, ݁, ݁̂, ܿ̂, ,ାݎ ,ିݎ ,ݑ ,ݕ ,ݖ ,ߜ ߶	ሽ corresponds to the set of decision variables consid-
ered in this model. 

min
ஏ

෍ܥ௝
ூݔ௝

௝∈ࣤ

൅ ෍ ௝ܥఠ෍ቐ෍ൣߨ
௅௏݁̂ఠ௝௧ ൅ ௝ܥ

ோାݎఠ௝௧
ା ൅ ௝ܥ

ோିݎఠ௝௧
ି ൧

௝∈ࣤ௧∈࣮ன∈ஐ

൅෍቎ܥ௚ாெ݁̂ఠ௚௧ ൅ ఠ௚௧ݑ௚ே௅ܥ ൅ ఠ௚௧ݖ௚ௌ஽ܥ
௚∈࣡

൅ ෍ ௚௞ܥ
ௌ௎ߜఠ௚௞௧

௞∈ࣥ೒

቏ቑ 

(D.2-1) 

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): 

෍݁̂ఠ௝௧
௝∈ࣤ

െ෍ܿ̂ఠ௦௧
௦∈࣭

ൌ ෍ ఠ௕௧ܦ
ா

௕∈ࣜವ

∀߱,  (D.2-2) ݐ

െܨ௟ ൑෍Γ௟௝
௃ ݁̂ఠ௝௧

௝∈ࣤ

െ෍Γ௟௦
ௌܿఠ௦௧

௦∈࣭

െ ෍ Γ௟௕ܦఠ௕௧
ா

௕∈ࣜವ

൑  ௟ܨ

  ∀݈, ߱,  (D.2-3) ݐ
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෍ݎఠ௝௧
ା

௝∈ࣤ

൒ ܴఠ௧
ା ∀߱,  (D.2-4) ݐ

෍ݎఠ௝௧
ି

௝∈ࣤ

൒ ܴఠ௧ି ∀߱,  (D.2-5) ݐ

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. 

ఠ௚௧ݑ ൑ ௚ܺ
଴ ൅ ௚ݔ ∀߱, ݃,  (D.2-6)  ݐ

݁̂ఠ௦௧ െ ܿ̂ఠ௦௧ ൅ ఠ௚௧ݎ
ା ൑ ܺ௦଴ ൅ ௦ݔ ∀߱, ,ݏ  (D.2-7)  ݐ

݁̂ఠ௦௧ െ ܿ̂ఠ௦௧ െ ఠ௚௧ିݎ ൒ െሺܺ௦଴ ൅ ௦ሻݔ ∀߱, ,ݏ  (D.2-8)  ݐ
݁̂ఠ௩௧ ൑ ఠܸ௩௧

ா ሺܺ௩଴ ൅ ௩ሻݔ ∀߱, ,ݒ  (D.2-9)  ݐ

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 ࣡ଵ is defined as 
the thermal technologies in ࣡ with ܶ ௚ܷ ൌ 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. 

ఠ௚௧ݑ െ ఠ௚,௧ିଵݑ ൌ ఠ௚௧ݕ െ ఠ௚௧ݖ ∀߱, ݃,  (D.2-10)  ݐ

෍ ఠ௚௜ݕ

௧

௜ୀ௧ି்௎೒ାଵ

൑ ఠ௚௧ݑ ∀߱, ݃, ݐ ∈ ൣܶ ௚ܷ, ܶ൧ (D.2-11) 

෍ ఠ௚௜ݖ

௧

௜ୀ௧ି்஽೒ାଵ

൑ ൫ ௚ܺ
଴ ൅ ௚൯ݔ െ   ఠ௚௧ݑ

  ∀߱, ݃, ݐ ∈ ,௚ܦܶൣ ܶ൧ (D.2-12) 

ఠ௚௞௧ߜ ൑ ෍ ఠ௚,௧ି௜ݖ

೒்,ೖశభ
ೄೆ ିଵ

௜ୀ ೒்ೖ
ೄೆ

∀߱, ݃, ݇ ∈ ൣ1, ,௚൯ܭ  (D.2-13) ݐ

෍ ఠ௚௞௧ߜ
௞∈ࣥ೒

ൌ ఠ௚௧ݕ ∀߱, ݃,  (D.2-14) ݐ

݁ఠ௚௧ ൅ ఠ௚௧ݎ
ା ൑ ൫ܲ௚ െ ௚ܲ൯ݑఠ௚௧ െ ൫ܲ௚ െ   ఠ௚,௧ାଵݖ௚൯ܦܵ

  െmax൫ܵܦ௚ െ ܵ ௚ܷ, 0൯ݕఠ௚௧ ∀߱, ݃ ∈ ࣡ଵ,  (D.2-15) ݐ

݁ఠ௚௧ ൅ ఠ௚௧ݎ
ା ൑ ൫ܲ௚ െ ௚ܲ൯ݑఠ௚௧ െ ൫ܲ௚ െ ܵ ௚ܷ൯ݕఠ௚,௧  

  െmax൫ܵ ௚ܷ െ ,௚ܦܵ 0൯ݖఠ௚,௧ାଵ ∀߱, ݃ ∈ ࣡ଵ,  (D.2-16) ݐ

݁ఠ௚௧ ൅ ఠ௚௧ݎ
ା ൑ ൫ܲ௚ െ ௚ܲ൯ݑఠ௚௧ െ ൫ܲ௚ െ ܵ ௚ܷ൯ݕఠ௚,௧  

  െ൫ܲ௚ െ ఠ௚,௧ାଵݖ௚൯ܦܵ ∀߱, ݃ ∉ ࣡ଵ,  (D.2-17) ݐ
݁ఠ௚௧ െ ఠ௚௧ିݎ ൒ 0						∀߱, ݃,  (D.2-18)  ݐ
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݁̂ఠ௚௧ ൌ ௚ܲݑఠ௚௧ ൅ ݁ఠ௚௧ ∀߱, ݃,  (D.2-19)  ݐ

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). 

݁̂ఠ௚௧ ൌ ෍ ෍ ௚௞௜ܧ
ௌ௎ ఠ௚௞,ቀ௧ି௜ାௌ௎೒ೖವߜ ାଵቁ

ௌ௎೒ೖ
ವ

௜ୀଵ

௄೒

௞ୀଵᇣᇧᇧᇧᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇧᇧᇧᇥ
ௌ௧௔௥௧௨௣	௧௥௔௝௘௖௧௢௥௬

൅෍ܧ௚௜
ௌ஽ݖఠ௚,ሺ௧ି௜ାଵሻ

ௌ஽೒ವ

௜ୀଵᇣᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇥ
ௌ௛௨௧ௗ௢௪௡	௧௥௔௝௘௖௧௢௥௬

൅ ௚ܲݑఠ௚௧ ൅ ݁ఠ௚௧ᇣᇧᇧᇧᇤᇧᇧᇧᇥ
ை௨௧௣௨௧ ௪௛௘௡	௕௘௜௡௚	௨௣

∀߱, ݃,  ݐ

(D.2-20) 

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). 

ܿ̂ఠ௦௧ ൑ ሺ1 െ ఠ௦௧ሻߛ ∙ ൫ܺ௦଴ ൅ ܺ௦൯ ∀߱, ,ݏ  (D.2-21)  ݐ

݁̂ఠ௦௧ ൑ ఠ௦௧ߛ ∙ ൫ܺ௦଴ ൅ ܺ௦൯ ∀߱, ,ݏ  (D.2-22)  ݐ
߶ఠ௦௧ ൌ ߶ఠ௦,௧ିଵ ൅ ௦ܿ̂ఠ௦௧ߟ െ ݁̂ఠ௦௧ ∀߱, ,ݏ  (D.2-23)  ݐ
߶ఠ௦௧ ൑ ௦ሺܺ௦଴ܴܲܧ ൅ ௦ሻݔ െ ∑ ఠ௚௜ݎ

ି௧
௜ୀ௧ିଵ ∀߱, ,ݏ  (D.2-24)  ݐ

߶ఠ௦௧ ൒ ∑ ఠ௚௜ݎ
ା௧

௜ୀ௧ିଵ ∀߱, ,ݏ  (D.2-25)  ݐ

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 ߬-min (e.g., ߬=5) using the energy-based 
formulation, it is necessary to consider the ramping capability at ߬-min. For 
instance, ramp capability limits imposed with (D.2-26)-(D.2-27) consider the 
reserve that thermal technologies can provide at ߬-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]. 

൫݁ఠ௚௧ ൅ ఠ௚௧ݎ
ା ൯ െ ݁ఠ௚,௧ିଵ ൑ ܴ߬ ௚ܷݑఠ௚௧ ∀߱, ݃,  (D.2-26)  ݐ

൫݁ఠ௚௧ െ ఠ௚௧ିݎ ൯ െ ݁ఠ௚,௧ିଵ ൒ െܴ߬ܦ௚ݑఠ௚,௧ିଵ ∀߱, ݃,  (D.2-27)  ݐ

൫݁̂ఠ௦௧ െ ݁̂ఠ௦,௧ିଵ൯ െ ൫ܿ̂ఠ௦௧ െ ܿ̂ఠ௦,௧ିଵ൯ ൅ ఠ௦௧ݎ
ା ൑  

  ܴ߬ ௚ܷሺܺ௦଴ ൅ ௦ሻݔ ∀߱, ,ݏ  (D.2-28)  	ݐ
൫݁̂ఠ௦௧ െ ݁̂ఠ௦,௧ିଵ൯ െ ൫ܿ̂ఠ௦௧ െ ܿ̂ఠ௦,௧ିଵ൯ െ ఠ௦௧ିݎ ൒  
  െܴ߬ܦ௚ሺܺ௦଴ ൅ ௦ሻݔ ∀߱, ,ݏ  (D.2-29)  ݐ

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 ݁̂ఠ௝௧ to 
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determine the variable cost and CO2 emission cost. The calculated energy is 
determined using the power output variables ̂݌ఠ௝௧ in (D.3-2). In addition, for 
ESS the charged energy ܿ̂ఠ௦௧ is also determined using the charged power in 
(D.3-3). Notice that Λ ൌ ሼݔ, ,݌ ,̂݌ ݁̂, ܿ, ܿ̂, ,ାݎ ,ିݎ ,ݑ ,ݕ ,ݖ ,ߜ ߶	ሽ corresponds to the set 
of decision variables in this model. 

min
ஃ
෍ܥ௝

ூݔ௝
௝∈ࣤ

൅ ෍ ௝ܥఠ෍ቐ෍ൣߨ
௅௏݁̂ఠ௝௧ ൅ ௝ܥ

ோାݎఠ௝௧
ା ൅ ௝ܥ

ோିݎఠ௝௧
ି ൧

௝∈ࣤ௧∈࣮ன∈ஐ

൅෍቎ܥ௚ாெ݁̂ఠ௚௧ ൅ ఠ௚௧ݑ௚ே௅ܥ ൅ ఠ௚௧ݖ௚ௌ஽ܥ
௚∈࣡

൅ ෍ ௚௞ܥ
ௌ௎ߜఠ௚௞௧

௞∈ࣥ೒

቏ቑ 

(D.3-1) 

݁̂ఠ௝௧ ൌ
ఠ௝௧̂݌ ൅ ఠ௝,௧ିଵ̂݌

2
∀߱, ݆,  (D.3-2) ݐ

ܿ̂ఠ௦௧ ൌ
ܿఠ௦௧ ൅ ܿఠ௦,௧ିଵ

2
∀߱, ,ݏ  (D.3-3) ݐ

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. 

෍̂݌ఠ௝௧
௝∈ࣤ

െ෍ܿఠ௦௧
௦∈࣭

ൌ ෍ ఠ௕௧ܦ
ா

௕∈ࣜವ

∀߱,  (D.3-4) ݐ

െܨ௟ ൑෍Γ௟௝
௃ ఠ௝௧̂݌

௝∈ࣤ

െ෍Γ௟௦
ௌܿఠ௦௧

௦∈࣭

െ ෍ Γ௟௕ܦఠ௕௧
ா

௕∈ࣜವ

൑  ௟ܨ

  ∀݈, ߱,  (D.3-5) ݐ

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. 

ఠ௦௧̂݌ െ ܿఠ௦௧ ൅ ఠ௚௧ݎ
ା ൑ ܺ௦଴ ൅ ௦ݔ ∀߱, ,ݏ  (D.3-6)  ݐ

ఠ௦௧̂݌ െ ܿఠ௦௧ െ ఠ௚௧ିݎ ൒ െሺܺ௦଴ ൅ ௦ሻݔ ∀߱, ,ݏ  (D.3-7)  ݐ
ఠ௩௧̂݌ ൑ ఠܸ௩௧

௉ ሺܺ௩଴ ൅ ௩ሻݔ ∀߱, ,ݒ  (D.3-8)  ݐ

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 ࣡ி are ther-
mal generators that can startup/shutdown within one hour (i.e., ܵ ௚ܷ௞

஽ ൌ ௚஽ܦܵ ൑
1), while slow-start technologies ࣡ௌ 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., ܵ ௚ܷ ൌ ௚ܦܵ ൌ ௚ܲ). 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-
paña 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. 

ఠ௚௧݌ ൅ ఠ௚௧ݎ
ା ൑ ൫ܲ௚ െ ௚ܲ൯ݑఠ௚௧ െ ൫ܲ௚ െ   ఠ௚,௧ାଵݖ௚൯ܦܵ

  ൅൫ܵ ௚ܷ െ ௚ܲ൯ݕఠ௚,௧ାଵ ∀߱, ݃,  (D.3-9) ݐ
ఠ௚௧݌ െ ఠ௚௧ିݎ ൒ 0						∀߱, ݃,  (D.3-10)  ݐ
ఠ௚௧̂݌ ൌ ௚ܲ൫ݑఠ௚௧ ൅ ఠ௚,௧ାଵ൯ݕ ൅ ఠ௚௧݌ ∀߱, ݃ ∈ ࣡ி,  (D.3-11) ݐ

ఠ௚௧̂݌ ൌ ෍ ෍ ௚ܲ௞௜
ௌ௎ߜఠ௚௞,ቀ௧ି௜ାௌ௎೒ೖವ ାଶቁ

ௌ௎೒ೖ
ವ

௜ୀଵ

௄೒

௞ୀଵᇣᇧᇧᇧᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇧᇧᇧᇥ
ௌ௧௔௥௧௨௣	௧௥௔௝௘௖௧௢௥௬

൅ ෍ ௚ܲ௜
ௌ஽ݖఠ௚,ሺ௧ି௜ାଶሻ

ௌ஽೒ವାଵ

௜ୀଶᇣᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇥ
ௌ௛௨௧ௗ௢௪௡	௧௥௔௝௘௖௧௢௥௬

൅ ௚ܲ൫ݑఠ௚௧ ൅ ఠ௚,௧ାଵ൯ݕ ൅ ఠ௚௧ᇣᇧᇧᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇧᇧᇥ݌
ை௨௧௣௨௧	௪௛௘௡	௕௘௜௡௚ ௨௣

 

  ∀߱, ݃ ∈ ࣡ௌ,  (D.3-12) ݐ

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. 

ܿఠ௦௧ ൑ ሺ1 െ ఠ௦௧ሻߛ ∙ ൫ܺ௦଴ ൅ ܺ௦൯ ∀߱, ,ݏ  (D.3-13)  ݐ

ఠ௦௧̂݌ ൑ ఠ௦௧ߛ ∙ ൫ܺ௦଴ ൅ ܺ௦൯ ∀߱, ,ݏ  (D.3-14)  ݐ

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 ߬-min (e.g., ߬=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 ߬-min 
ramp capability is ensured for thermal technologies, while (D.3-17)-(D.3-18) 
guarantee the power-capacity limit for both ߬-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). 

߬൫݌ఠ௚௧ െ ఠ௚,௧ିଵ൯݌
60

൅ ఠ௚௧ݎ
ା ൑ ܴ߬ ௚ܷݑఠ௚௧ ∀߱, ݃,  (D.3-15) ݐ

߬൫݌ఠ௚௧ െ ఠ௚,௧ିଵ൯݌
60

െ ఠ௚௧ିݎ ൒ െܴ߬ܦ௚ݑఠ௚,௧ିଵ ∀߱, ݃,  (D.3-16) ݐ

ఠ௚௧݌߬ ൅ ሺ60 െ ߬ሻ݌ఠ௚,௧ିଵ
60

൅ ఠ௚௧ݎ
ା ൑ ൫ܲ௚ െ ௚ܲ൯ݑఠ௚௧ ∀߱, ݃,  (D.3-17) ݐ

ఠ௚௧݌߬ ൅ ሺ60 െ ߬ሻ݌ఠ௚,௧ିଵ
60

െ ఠ௚௧ିݎ ൒ 0 ∀߱, ݃,  (D.3-18) ݐ
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߬൫̂݌ఠ௦௧ െ ఠ௦,௧ିଵ൯̂݌
60

െ
߬൫ܿఠ௦௧ െ ܿఠ௦,௧ିଵ൯

60
൅ ఠ௦௧ݎ

ା

൑ ܴ߬ ௚ܷሺܺ௦଴ ൅ ௦ሻݔ ∀߱, ,ݏ  ݐ
(D.3-19) 

߬ሺ̂݌ఠ௦௧ െ ܿఠ௦௧ሻ ൅ ሺ60 െ ߬ሻ൫̂݌ఠ௦,௧ିଵ െ ܿఠ௦,௧ିଵ൯
60

൅ ఠ௦௧ݎ
ା

൑ ܺ௦଴ ൅ ௦ݔ ∀߱, ,ݏ  ݐ
(D.3-20) 

߬൫̂݌ఠ௦௧ െ ఠ௦,௧ିଵ൯̂݌
60

െ
߬൫ܿఠ௦௧ െ ܿఠ௦,௧ିଵ൯

60
െ ఠ௦௧ିݎ  

																						 		൒ െܴ߬ܦ௚ሺܺ௦଴ ൅ ௦ሻݔ ∀߱, ,ݏ  ݐ
(D.3-21) 

߬ሺ̂݌ఠ௦௧ െ ܿఠ௦௧ሻ ൅ ሺ60 െ ߬ሻ൫̂݌ఠ௦,௧ିଵ െ ܿఠ௦,௧ିଵ൯
60

െ ఠ௦௧ିݎ ൒ 0 ∀߱, ,ݏ  (D.3-22) ݐ
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