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”Essentially, all models are wrong, but some are useful.”
George E. P. Box
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Eva, Malu, Guille, Eustaquio, Miguel Ángel, Pedro and many others, for all the
good times together.

The biggest and most sincere thanks goes to my family. To my parents for all
their support and advice, specially in the most difficult situations. To my brother
and sister for good recommendations and for understanding at all times. Also, to
my grandparents, cousins, aunts and uncles for their encouragement. All of them
for giving me so much peace and for loving me.

i



ii



Agradecimientos

Quiero expresar sinceramente mi gratitud a todas las personas e instituciones que
me han ayudado y apoyado para culminar la tesis doctoral.

En primer lugar, quisiera agradecer a mi director de tesis, Javier Contreras,
por su capacidad de trabajo y su orientación recibida en todo momento. Su apoyo,
confianza y disponibilidad me han ayudado a concluir este trabajo.

Dar las gracias también al Profesor Gianfranco Chicco por admitirme cerca de
cuatro meses en el departamento de Enerǵıa del Politécnico de Tuŕın. Fue una
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Abstract

Traditional models have not yet been adapted to account for new resources avail-
able to operators and planners in distribution systems. Due to that reason, this
thesis explores the use of mathematical models and innovative tools for the leading
distribution networks, allowing for a substancial penetration of renewable energy
with the integration of generic energy storage devices and electric vehicles in the
system. This work focuses on the operation and planning of electric power dis-
tribution systems aiming at (a) establishing new management tools for the new
framework, (b) optimizing the operation and investment in network assets, renew-
able generation, upcoming storage devices and charging facilities for the electric
vehicles, and (c) guaranteeing the continuity and quality of service in the system.
Stochastic methods have been applied in the optimization in order to obtain the
best solution taking into account certain degrees of unpredictability or random-
ness. The proposed models are validated and examined exhaustively in order to
demonstrate that the new resources that will dominate future distribution systems
can provide benefits to power systems.
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Resumen

Los modelos tradicionales todav́ıa no han sido adaptados para tener debidamente
en cuenta los nuevos recursos disponibles para los operadores y planificadores
del sistema de distribución. Por esa razón, esta tesis explora el uso de modelos
matemáticos y herramientas innovadoras para las redes de distribución ĺıderes,
permitiendo una penetración sustancial de enerǵıa renovable con la integración
de dispositivos de almacenamiento de enerǵıa genéricos y veh́ıculos eléctricos en
el sistema. Este trabajo se centra en la operación y planificación del sistema de
distribución con el objetivo de (a) establecer nuevas herramientas de gestión en
el marco energético reciente, (b) optimizar la operación e inversión en activos
de red, generación renovable, inminentes dispositivos de almacenamiento e insta-
laciones de carga para el veh́ıculos eléctricos, y (c) garantizar la continuidad y
calidad del servicio en el sistema. Se han aplicado métodos estocásticos en la op-
timización para obtener la mejor solución, teniendo en cuenta ciertos grados de
imprevisibilidad o aleatoriedad. Los modelos propuestos han sido validados y ex-
aminados exhaustivamente para demostrar que los nuevos recursos que dominarán
los sistemas eléctricos de distribución futuros pueden proporcionar beneficios a los
sistemas eléctricos.
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Chapter 1

Introduction

European legislation (Directive 2009/72/EC) defines distribution as “the trans-
port of electricity on high-voltage, medium-voltage and low-voltage distribution
systems with a view to its delivery to customers”. Distribution System Operators
(DSO) are understood as “natural or legal persons responsible for operating, en-
suring the maintenance of and, if necessary, developing the distribution system”.
Article 29 of this Directive does also explicitly allow for combined transmission
and distribution system operators. However, in most Member States, Transmis-
sion System Operators and DSO are separate entities.

Distribution networks comprise many components like substations, transfor-
mation centers, transformers, feeders, branches, nodes, circuit breakers, discon-
nectors, switches, protection devices and other assets used to keep grid power
flowing. Traditionally, as shown in Figure 1.1, distribution networks have been
operated either as open rings or as radially-fed networks. Both network topologies
use components with basic protection such as reclosers, sectionalisers and fuses,
with limited or no automation built in. Due to various technical reasons, electric
distribution systems (EDS) usually operate with a radial topology, even though
they have a meshed topology, due to two important factors: (a) to facilitate co-
ordination and protection and (b) to achieve a reduction of short-circuit current
in EDS. Distribution system configuration is defined by the state (open/closed) of
the connections of each branch terminal to the system nodes.

Generally, in traditional networks, DSO are not fully aware of disturbances.
In conventional networks time-consuming manual labor is needed to locate and
restore supply after a fault has occurred. In the last few years, the classic planning
model and the technology for supplying electrical energy have changed due to many
external influences. They assume tasks including simple reading, fault location,
interference detection and power quality analysis for a complete remote control
or even automated operation. Additionally, distribution systems have grown in
complexity, as more and more distributed generation (DG) is being introduced.

What is DG? DG is a small-scale set of technologies dedicated to producing
electricity close to the end-users demand. DG technologies often consist of non-
renewable and renewable energy generators offering a number of potential bene-
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Figure 1.1: Traditional electric distribution system. Source: Eu-
ropean Distribution System Operators (EDSO) for smart grids,
https://www.edsoforsmartgrids.eu/.

fits. In many situations, DG can contribute to have lower-cost electricity, higher
power reliability and more security with fewer environmental consequences than
large-scale traditional power generators, increasing the energy and environmental
performance. In contrast to the approach used in the traditional electric power
paradigm, DG systems employ numerous small plants and can provide power on-
site with little dependence on the grid.

Why DG? DG is a real and efficient alternative to the centralized model char-
acterized for having small power generation facilities. DG has great potential and
it can achieve important goals. These include reduction of both losses and invest-
ment cost in distribution networks, improvement of continuity of supply, support
for the system at peak periods, and, above all, energy autonomy. In addition, DG,
especially renewable energy sources (RES), supports climate change management.
In this regard, the Kyoto Protocol on climate change is an international agree-
ment whose main objective is to reduce the emission of greenhouse gases into the
atmosphere. This agreement has promoted the development of renewable energy
since 2005. The second period of the Kyoto Protocol, which spans until 2020, will
lead to the development of renewable technologies. Renewable generation, mainly
wind power and photovoltaic, consists of small-scale technologies connected at the
distribution level.

The most important benefits of DG, mainly RES, are the following: power
loss reduction in most cases, voltage profile improvement, improvement of power
quality, fuel cost reduction due to increased overall efficiency, transmission and
distribution cost savings, CO2 emission reduction and a decrease in the electric-
ity price. The main drawbacks are: production uncertainty, bidirectional flows,
voltage fluctuations and the need for new protection schemes.

DG directly influences the energy flow in the distribution network, as well as
the electrical parameters used for the protection schemes, as they were not initially
designed to incorporate DG. A grid code has a significant role in the integration
paradigm of DG, especially RES, due to its own characteristics. A grid code
is basically a set of technical conditions and requirements to be followed when
connecting generators. Its elaboration usually implicates DSO. Therefore, DSO
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Figure 1.2: Future electric distribution system. Source: EDSO for smart grids,
https://www.edsoforsmartgrids.eu/.

must adapt the design and operation of their networks via efficient intervention
techniques, alternative to traditional reinforcement, to enable the networks to fa-
cilitate efficient connection of new sources, while maintaining the stability, the
power quality and network voltage within its limits. In this way, energy systems
are moving from static and centralised architectures towards more flexible, auto-
mated and distributed structures. New approaches for protection may be needed,
independent from network topology and the number of power generation points.
The combination of the need to include more sophisticated monitoring and control
systems and the introduction of RES is creating a challenging environment for the
future distribution networks.

Future distribution systems, as seen in Figure 1.2, are often referred to as
smart grids where more intelligent technologies are integrated into the system to
monitor, control and operate the whole system. These electricity networks can
efficiently manage the power supplied to all the users connected, consumers, and
prosumers to ensure economic, efficient and sustainable power systems with low
losses and high levels of quality and security of supply and safety. Power system
islanding, both intentional and unintentional, is traditionally considered one of the
most critical operation conditions. Controlled islanding operation of distribution
systems having a significant penetration of RES is becoming an important option
for economic and technical reasons. Implementation of intentional islanding of
RES has the purpose to improve the continuity of supply and reliability of the
power system.

Security assessment plays an important role in power distribution networks.
Particularly, contingency analysis provides a decision-aid tool to mitigate poten-
tial failures in distribution networks and analyze their behaviour in case of outages
in electrical components. This tool provides a contingency selection and evaluation
method to check violations in the network, solving the resulting power flow and

3



Electricity
Storable intermediate energy

Figure 1.3: A generic storage system efficiency diagram. Source: E.M.G. Ro-
drigues et al., Energy storage systems supporting increased penetration of renew-
ables in islanded systems. Energy, vol. 75, pp. 265-280, August 2014.

providing reconfiguration solutions if an outage occurs. In future distribution net-
works this tool should integrate RES and other new sources in active distribution
systems. Furthermore, the knowledge of the reliability of a distribution system
is an important issue in system planning and operation for the development and
improvement of the system. To achieve a minimum number of interruptions for
customers, utilities should make an effort to improve reliability. It is a known
fact that most customer interruptions are caused by a failure in the distribution
system. The evaluation of the probability distributions of reliability indices are
commonly based on simulations. To this regard, random events like the occurrence
of a fault or the time to restore the service after a fault are presented in this thesis.

Energy Storage Systems (ESS) are one of the most important elements for
the future electricity grids. ESS refer to the process of converting electrical en-
ergy from a power source or network into another form (chemical, mechanical,
thermal, magnetic) that can be stored in order to be converted back into elec-
trical energy afterwards when needed (see Figure 1.3). An ESS is characterized
by many features, such as its electrical capacity, efficiency, charge/discharge be-
haviour, lifetime, depth-of discharge, cost and location. Basically, the advantages
offered by ESS can be economic and technical. On the one hand, ESS can help to
improve profitability to the power system’s stakeholders; on the other hand, ESS
may provide reliability, safety and productivity.

The emerging opportunity for electric vehicles (EV) is also explored in this
thesis. EV have the potential to contribute significantly to solving current and
future environmental challenges due to the existence of ambitious carbon reduction
and sustainability targets. The massive increased demand of electricity due to the
need for charging requirements of EV will have a significant impact on electricity
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Figure 1.4: Electric vehicle charging station. Source: G.R. Chandra Mouli et al.,
System design for a solar powered electric vehicle charging station for workplaces.
Applied Energy, vol. 168, pp. 434-443, April 2016.

system operation and recharging infrastructure (see Figure 1.4). This impact
will depend on many different aspects, such as EV penetration, location of the
charging points, power supply of the chargers, charging mode, and consumers’
driving patterns among others. All the new resources like RES, ESS and EV, that
which progressively increase their penetration in the power system, will be part of
the future distribution systems, so the operation and planning models should take
them into account.

1.1 Motivation

Different reasons have led to focusing on the importance of DG, mainly RES, in
distribution systems in order to achieve targets related to fossil energy indepen-
dence and emission reduction. The safe integration of renewable energy is one of
the major challenges for the operation and planning of EDS. In addition, forecasts
indicate a moderate growth in demand, a strong increase of RES and EV, and a
need for firm and flexible electric power. ESS are becoming an important source in
tems of energy flexibility. Consequently, distribution networks have to be adapted
and transformed in order to meet the new challenges of the future.

Recently, due to the increase of DG penetration, distribution grids have be-
come active networks. The presence of bidirectional flows can impact the quality
of power supply, in particular the voltage levels, and produce an increase in short-
circuit capacity. One challenge is to model the power flow in distribution networks
including bidirectional flows. This must be taken into account by DSO to monitor,
simulate and manage the network from both technical and economic viewpoints.
Even though EDS have a meshed structure, as already mentioned, the great ma-
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jority of practical distribution systems are operated radially due to the simplicity
of handling and creating openings at certain locations using switches in the grid.
Therefore, it is necessary to reconfigure the network in order to find the best
topology of the system achieving the lowest power losses, a high load demand sup-
ply and an efficient operational performance considering the integration of RES
connected to the traditional distribution networks.

Thus, reconfiguration of distribution systems (RDS) can be used to improve
their operation, particularly considering both RES and ESS. The combination
of RES and ESS in electrical networks creates an opportunity to integrate them
within EDS, taking advantage of them in normal and abnormal conditions, like
contingencies and islanding. In these situations, imbalance between supply and
demand leads to several problems, such as frequency and voltage deviation in the
power grid, making it necessary to apply a procedure capable of keeping the is-
landed area energized. Thus, microgrids are emerging as viable network structures
to serve the local demand that operates connected to the traditional centralized
electrical grid normally, but can be disconnected and operated autonomously. The
concepts used to operate a microgrid can be adopted to determine how to man-
age an intentional island as a subsystem of a distribution network to be managed
during the restoration process after a fault.

Other issues are related to the nature of RES, due to its intermittency and
uncertainly, in particular wind power. Accordingly, based on regulation, the sys-
tem operator has the right to curtail wind power in order to avoid any violation
of the system’s constraints. The reason for combining RES and ESS is to improve
reliability and reduce power imbalance, avoiding demand and wind curtailment.
For these reasons, in the new context of RES uncertainty, the physical placement
of both renewable and storage units must be studied in order to plan the operation
in short-term. One of the ambitions of this thesis is to focus on showing the effects
of combining RES with ESS when minimizing overall costs in order to decrease
operational costs, power losses, wind curtailment and demand curtailment.

Future decisions in the optimal expansion planning of distribution systems
should also deal with the imminent penetration of EV that will increase the un-
certainty associated to the charging demand. In this way, the study of EV decision
models should be performed in order to model EV’s charging demand in the future
and to determine the best location for new feeders, substations, RES, ESS and EV
charging stations (EVCS). The development of a new methodology is necessary to
include efficient renewable generation units and EV charging demand stochasticity
in the traditional expansion planning of substations, transformers and feeders.

Consequently, with this new paradigm, it is necessary to thoroughly review
the management of the distribution networks, applying operation and planning
tools to maintain the quality and continuity of supply at the lowest possible cost,
also considering the modeling of the stochasticity in both operation and planning.
This process takes place in several phases, depending on the time scale affected.
In this context of active distribution networks and microgrids, new operation and
planning models are presented in order to solve the new structural, economic and
technical problems of future distribution networks.

The procedures applied in the work developed in this thesis are focused on four
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main issues:

1. Optimizing the real-time operation of an active distribution network for con-
tingency and unintentional islanding response.

2. Optimizing the short-term operation planning of the distribution network for
wind curtailment mitigation due to the co-optimal location of wind power
generation and ESS.

3. Optimizing the long-term expansion planning of the future distribution net-
work including RES, ESS and EV.

4. Evaluating the reliability for each type of user within a microgrid frame-
work. The evolution of distribution automation, distributed energy resource
control, computational methods and data analytics is making it possible to
introduce a number of additional features into the classical reliability analysis
tools.

1.2 Research Hypotheses

This thesis considers the DSO as an entity entrusted with the expansion planning of
the distribution network including generation and the coordination of the technical
operation of the system guaranteeing the continuity and quality of supply. This
thesis focuses on the optimal cost minimization of the operation and planning of
distribution systems from a joint generation and distribution strategy, so as to
achieve a good integration of RES, ESS and EV. Accordingly, the included cost
model considers both the energy production and network costs for each specific
operation and planning tools.

Medium-voltage networks are modeled as balanced 3-phase systems represented
by an equivalent one-phase system. Additionally, an Alternative Current (AC)
power flow is implemented and linearized so that the global optimal solution is
obtained. Islanded radial operation of the system is possible with DG integration
in the case of anomalous conditions, where faults are considered in feeders and
circuit breakers. The wind power curve is approximated by a linear function
between power and wind speed within the interval between the cut-in wind speed
and rated power speed, being constant from this value until the cut-out wind speed
is reached. The linearization of the power curve provided by manufacturers is as
follows (1.2.1):

Pwd =





0, if v < vl
Pr

(vr−vl)v + Pr(1− vr
(vr−vl) ), if vl < v < vr

Pr, if vr < v < v0

0, if v > v0

(1.2.1)

where v is the wind speed (m/s), vl is the cut-in wind speed (m/s), vr is
the rated wind speed (m/s), v0 is the cut-off wind speed (m/s), Pr is the rated
electrical power (kW) and Pwd is the output power of the wind turbine (kW).
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Reactive compensation of wind turbines is generally assumed in order to keep
the power factor of the distribution network within the limits established in the
operational procedures of the DSO, allowing for the existence of capacitor banks
connected to the wind generators.

The load profile changes in each time interval. The considered period of time
depends on the type of model implemented. In real-time operation models, 1
hour has been considered with 10-minute intervals. In the short-term operation
planning model, 1 week is used with 1-hour intervals. The evaluation of reliability
is performed in a mid-term planning model considering 1 year discretized in 1-hour
intervals. Lastly, the long-term planning model is implemented for 15 years with
5-stage intervals.

A generic storage device is introduced in the operation and planning models as a
unit with the capability of converting and storing energy (charging), and reverting
the process by injecting back (discharging) the stored energy to the distribution
system as shown in Figure 1.5. We assume some simplifications in order to include
ESS in the distribution system:

• Conversion losses are considered in the efficient rates of production and stor-
age processes. These rates are given with respect to the energy measured at
the node connected to the ESS.

• Stored energy losses are not considered. For instance, sulfation and grid
corrosion in lead-acid batteries, evaporation or filtration in pumping stations.

• Energy storage/production occurs at constant power for a certain period (10
minutes, 1 hour, etc.).

• There is no hysteresis loop in charging or discharging.

• There are no up or down ramps.

Moreover, the consideration of EV in the long-term planning model is based
on realistic EV statistics to calculate the total charging demand for all EV. This
data includes information of each household, type of vehicle, trip distance, start
and end time, month, day of the week, and trip purpose, among others. Due to
the lack of data of EV travel patterns, we assume them to be the same as the
traditional fossil-fueled ones. First, we exclude the trips with a mileage greater
than the maximum mileage possible using electricity. A trip is the journey done by
a vehicle when it goes from the drivers’ home to his/her workplace, or a commercial
area, and vice versa. We assume that all EV are fully charged at the beginning
of the first trip. Different battery capacities are assigned randomly considering
a normal power supply at the EVCS. These charging facilities are assumed to
be connected at a medium-voltage connection point. A novel vehicle decision
algorithm is implemented in order to compute the total EV charging demand for
all the vehicles per hour, day, month and time stage (year) for the entire system.

The greatest challenge for the planner and operator is to integrate everything
in the best possible optimal and effective way with the aforementioned hypotheses.
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Figure 1.5: Generic storage device structure. Source: Miguel Asensio et al., Smart
and Sustainable Power Systems: Operations, Planning, and Economics of Insular
Electricity Grids, Chapter 6: Electric Price Signals, Economic Operation, and Risk
Analysis, edited by João P. S. Catalão, pp. 285-344, 2016, CRC PRESS, ISBN
978-1-4987-1212-5.

1.3 Objectives

The main objective of this doctoral thesis is the establishment of mathematical
models that permit the minimization of the operation and planning costs of distri-
bution networks and show the way for future distribution systems. Additionally,
an analysis is performed considering both the technical and economic viewpoints
through the development of mathematical tools to stress the relevance of the deci-
sions of the DSO in the future grids. Similarly, the technologies that are gradually
growing in distribution networks, like ESS and EV, are also subject of study.
Therefore, objectives such as modeling EV charging demand and analyzing the
behaviour of ESS are also part of this thesis.

In real-time operation, the goal is the optimal operation of the distribution
system with RES and ESS under abnormal conditions. In the short-term operation
planning this thesis focuses on the optimal co-location of RES and ESS. In the
long-term, the goal is the optimal planning of the joint expansion of the network,
including RES, ESS, and EV. Finally, the last research target is the evaluation of
reliability through sequential Monte Carlo (MC) simulation.

The specific objectives are presented below and they are intimately related
with the five papers presented in the next sections.

1.3.1 Contingency Assessment and Distribution Network
Reconfiguration in Distribution Grids Including Wind
Power and Energy Storage

• To provide a tool to study the contingencies in distribution networks ana-
lyzing their behaviour in case of outages in the system.
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• Strategies for reconfiguring the distribution system are established concern-
ing power losses, non-supplied energy and wind curtailment minimization.

• To analyze the behaviour of ESS, to see how the scheduled program changes
under contingencies, and to study the benefits of the combination of ESS
and wind power generation.

• To enable the operation of radial islands that are disconnected from the main
grid (substation) due to the existence of a fault in a branch that isolates part
of the network downstream from the fault.

• The objective of the mathematical model developed consists of the mini-
mization of switching costs, scheduled production and storage cost function,
network costs and corrective action costs.

1.3.2 Islanding in Distribution Systems Considering Wind
Power and Storage

• To define a predefined procedure capable of managing the network when an
electric island is formed and separated from the external grid.

• To present a novel algorithm to keep the load and generation units on-line
under islanding conditions with respect to the total power imbalance of the
isolated area.

• The objective of the mathematical model developed consists of the mini-
mization of operational storage system costs, wind and demand curtailment,
power losses and voltage deviation of buses.

1.3.3 Optimal Placement of Energy Storage and Wind Power
under Uncertainty

• To provide a method that can optimally locate both ESS and wind power
units considering the uncertainty associated to the nature of wind, load and
the cost of the energy purchased at the substation. In addition, the model
aims at minimizing the overall operational costs.

• To simulate and analyze different cases showing the importance of ESS units
with several power capacities and maximum production and storage power,
in order to avoid wind curtailment.

• The objective of the mathematical model developed consists of the min-
imization of network (losses and voltage deviation) costs and production
(substation energy production, wind curtailment, and ESS production and
storage) costs.
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1.3.4 Impact of Electric Vehicles on the Expansion Plan-
ning of Distribution Systems Considering Renewable
Energy, Storage and Charging Stations

• To implement a multi-stage planning tool that meets a growing demand at
each stage and includes the most relevant RES as wind power generation
and photovoltaic panels, ESS units, and EV charging demand.

• To analyze and study the importance of integrating ESS in distribution and
generation system expansion planning in the presence of EV. Furthermore,
medium-voltage EVCS should be appropriately located and sized in order to
minimize the present value of the generation and distribution network costs.

• To model the EV charging demand through a novel method. The uncertainty
associated to the unpredictable sources is also modeled and included in the
model through a set of scenarios with a clustering technique.

• The objective of the mathematical model developed consists of the minimiza-
tion of the present value of the total cost: investment cost and operational
costs (maintenance, production, energy losses, unserved energy costs).

1.3.5 Reliability Assessment of the Microgrids with Local
and Mobile Generation, Time-Dependent Profiles, and
Intra-Day Reconfiguration

• To implement a sequential MC method that evaluates and analyzes the reli-
ability in the operation of distribution networks calculating the energy non
supplied (ENS). This ENS is calculated through 3 different approaches for
each type of consumer.

• To simulate the behaviour of the formation of autonomous islanded subsys-
tems in the case of the existence of permanent faults. An explanation of how
they are formed and how they are reconnected afterwards to the main grid
is also included.

• The algorithm procedure is explained in detail in order to determine the
total duration of the interruptions.

• To obtain the solution and show different case studies either with or without
both DG and mobile generation using a probabilistic approach.

1.4 Methodology

The thesis focuses on the optimal management of the operation and planning of
distribution networks with the integration of renewable energy, ESS and EVCS
through the use of mathematical tools. Undoubtedly, the main issue associated to
the future distribution networks is the unpredictability of wind, solar radiation,
market prices and the transition to EV, especially in the long term. Uncertainty
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may be due to lack of reliable data, measurement errors or parameters that rep-
resent information about the future. In addition, RES are intermittent so the
analysis of the characteristics of integrating ESS devices is studied in detail in the
operation and planning of the system. To perform this study, a methodology based
on stochastic programming has been followed in order to consider the uncertain-
ties mentioned, facilitating the resolution and analysis based on the hypotheses
assumed.

This work primarily deals with optimization models implemented in the GAMS
software. Stochastic integer programming problems combine the challenges of
stochastic programming with integer programming. Mixed-integer linear stochas-
tic programming is used due to the existence of binary variables in the mathe-
matical formulation of the models. Besides, a linearization procedure is performed
for the non-linear expressions in order to guarantee the optimal global solution.
To cope with this, both a piecewise linearization and an approximation due to
the multiplication of two variables are applied. In the real-time models presented
in this thesis, a two-stage mixed-integer linear stochastic programming model is
proposed. This model can be applied to problems that deal with “here-and-now”
decisions, which have to be taken on the basis of prior existing information about
future situations without additional observations. The first-stage decisions do not
depend on the scenario that will actually occur in the future. The second-stage
decisions are the resources that can be used for each possible future scenario. This
second-stage is called “wait-and-see”, “scenario analysis” or “what-if-analysis”,
where the decisions taken depend on the future realization of the scenario. The
general two-stage linear stochastic programming problem is formulated in equation
(1.4.1):

minimize
x

cTx+ Eξ|Q(x, ξ|

subject to Ax = b

x ≥ 0

(1.4.1)

where Q(x, ξ) is the optimal value of the second-stage problem (1.4.2):

minimize
y

q(ξ)T y

subject to T (ξ)x+W (ξ)y = h(ξ)

y ≥ 0

(1.4.2)

In such formulation x ∈ Rn is the first-stage decision variable vector, y ∈ Rn
is the second-stage decision variable vector, and ξ(q, T,W, h) contains the data of
the second-stage problem. In this formulation, a “here-and-now” decision, x, is
made at the first stage before the realization of the uncertain data, ξ, is known.
At the second stage, after the realization of ξ becomes available, an appropriate
optimization problem is solved.

At the first stage, the first-stage cost, cTx, plus the expected cost of the optimal
second-stage decision, Eξ|Q(x, ξ|, are optimized. The second-stage problem can be
simply viewed as an optimization problem which describes a supposedly optimal
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behavior when the uncertain data ξ are revealed. Matrices T and W are called
technological and recourse matrices, respectively.

Moreover, in short-term operation and in long-term planning models, a multi-
objective scenario-based stochastic programming model is proposed. The generic
formulation is shown in equation (1.4.3):

minimize
y

f(x) = f1(x), f2(x), ..., fk(x)
T

(1.4.3)

where x = x1, x2, ..., xn is the vector of decision variables.
The method used to address the problem of having conflicting objectives is

based on the combination of objectives. The weighted-sum method can be applied,
in which the value obtained by adding the values corresponding to the different
objectives, each one multiplied by a weight coefficient, is optimized. These weight
coefficients establish the relative importance of each objective. The multiobjective
optimization problem is thus transformed into a scalar optimization problem of
the form shown in equation (1.4.4):

minimize
y

∑

i

ωifi(x) (1.4.4)

where ωi is the positive weight coefficient corresponding to objective i.
Regarding the simulation models, a medium-term reliability assessment oper-

ation procedure is developed using the MATLAB software. The specific method-
ologies applied for both the optimization and simulation models are described
below.

1. Real-time Optimization model

Contingency Assessment and Distribution Network Reconfigura-
tion in Distribution Grids Including Wind Power and Energy Stor-
age

At the first stage, only contingency conditions regardless of the scenarios are
considered, including switching cost and scheduled production and storage
costs.

At the second stage, minimization of power losses, production at the substa-
tion, curtailment, and real-time production and storage costs dependent on
the scenarios are taken into account.

Islanding in Distribution Systems Considering Wind Power and
Storage

At the first stage, the variable that remains invariant regardless of the sce-
nario is the switching cost.

At the second stage, minimization of power losses, voltage deviation, curtail-
ment, and real-time production and storage costs dependent on the scenarios
are considered.

2. Short-term Optimization Model
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Optimal Placement of Energy Storage and Wind Power under Un-
certainty

For the short-term operation planning, the proposed model is a one-stage
multiobjective stochastic program transformed to a probabilistic single ob-
jective one based on the combination of objectives, each one multiplied by
its corresponding associated probability.

The probability weighted average of all the possible values produces the ex-
pected value of power losses, voltage deviation, production at the susbtation,
wind curtailment costs, and production and storage costs.

3. Long-term Optimization Model

Impact of Electric Vehicles on the Expansion Planning of Distribu-
tion systems Considering Renewable Energy, Storage and Charg-
ing Stations

A multi-stage multi-objective stochastic programming model is formulated
as a mixed-integer linear program.

The model minimizes the present value of the total expected cost: investment
cost, maintenance cost, production cost, cost of energy losses and unserved
energy costs.

4. Simulation Model

Reliability Assessment of Microgrids with Local and Mobile Gen-
eration, Time-Dependent Profiles, and Intra-Day Reconfiguration

Finally, in addition to the optimization models, a simulation algorithm with-
out an objective function has been developed with the sequential MC method.

Another aspect to deal with is the creation of scenarios for each optimization
model. In the real-time N-1 contingency operation model, the scenarios are im-
plemented under an estimated cone of uncertainty over a known wind power value
in the instant when a contingency happens. These scenarios are created with MC
simulation under this cone of uncertainty. Afterwards, the number of scenarios is
reduced using a k-means classical clustering technique in order to obtain a faster
solution. In the real-time islanding operation model, a probabilistic method based
on time series has been implemented for wind generation scenarios based on a
classical mechanism, as it can be seen in chapter 3.

For the short-term operation planning model, the same probabilistic method
based on time series is developed for 3 uncertainty parameters. Then, the different
scenarios for each uncertain parameter are reduced by using a clustering technique
so as not to increase the computational time excessively. Finally, the relationship
between the three sources of uncertainty is considered though a scenario tree.
All possible combinations of the uncertain parameters allow us to represent all
scenarios in a tree with its associated probability.

For the long-term planning model, the k-means++ methodology arranges the
hourly data into operating conditions representing the different scenarios for all the
uncertain parameters. K-means is an unsupervised classification algorithm that
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groups objects in k groups based on their characteristics. The grouping is done by
minimizing the sum of distances between each object and the centroid of its group
or cluster. K-means++ allows us to obtain a better initial set of centroids.

More details about scenario generation are explained in the different sections
of the following chapters.

The set of procedures that allow us to model and solve the operation and
planning problems in this thesis are the following:

• A review of the recent literature related to the technical performance of the
different technologies considered: wind power generators, photovoltaic solar
panels and ESS units.

• A review of the recent literature comparing the different techniques of con-
tingency analysis and behaviour assessment of power networks under N-1
contingencies.

• A review of the recent literature about the optimization methods that have
been presented to solve the RDS problem.

• Modeling, simulation and analysis of the contingency and reconfiguration
model including and comparing the performance of wind power and its com-
bination with ESS.

• A review of the recent literature dealing with the disconnection from the bulk
power system creating islands, either intentional or unintentional. Control
techniques under islanding conditions are studied.

• Modeling, simulation of predefined islanded areas and analysis of active
power balancing and storage behaviour.

• A review of the state-of-the-art models and optimization methods applied to
DG location, ESS placement and the co-location of both technologies.

• Modeling, simulation and analysis of the different case studies with different
installed wind capacity levels, ESS capacities and ESS maximum power.

• A review of the state-of-the-art of the classical reliability methods, also con-
sidering DG. Study of the emergent practices in the smart grid context.

• Modeling, simulation and probabilistic analysis of the reliability results, ei-
ther considering DG or not, and with or without mobile generation.

• A review of the expansion planning models from the recent literature includ-
ing different technologies such as RES and ESS in which is it possible to
invest.

• A review of the recent literature related to EV charging models and EVCS
expansion planning in distribution systems.

• Modeling, simulation and analysis of multistage expansion planning with
stochasticity of RES, EVCS and a comparison when considering the possi-
bility to invest in ESS.
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1.5 Literature Review

A detailed literature review of the existing literature has been carried out, mainly
focusing on recent publications regarding real-time, short-, medium- and long-term
operation and planning models. Likewise, the impact of integrating new sources
such as RES, generic ESS and EV into distribution networks has been examined.

The penetration of RES, especially wind power, can cause several problems
due to its uncertainty and intermittency [1]. Recently, in modern power systems,
storage devices have grown rapidly. ESS are integrated into EDS to consider
several purposes such as smoothing output power of RES, improving distribution
system reliability, meeting real-time demand and being economically efficient [2].

For the resolution of all the models presented in this thesis and their analysis,
software tools such as GAMS [3] and MATLAB [4] are used.

1.5.1 Real-time operation models

Several studies have been carried out to assess contingencies, reconfiguration and
islanding problems in electrical networks, both in transmission and distribution.
Two different types of optimization methods have been used: 1) exact optimiza-
tion techniques that guarantee finding an optimal solution and 2) heuristic and
metaheuristic optimization methods where there is no guarantee that an optimal
solution can be found.

In literature, exact techniques such as branch and bound are used for contin-
gency analysis: deterministic mixed-integer linear programming [5], [6], [7], [8],
probabilistic mixed-integer linear programming [9], mixed integer non-convex pro-
gramming [10], quadratic programming [11], two-stage deterministic program-
ming [12], stochastic programming [13], learning data mining decision tree al-
gorithm [14], and bi-level programming [15]. Likewise, heuristic methods such
as tabu search algorithms [16], [17] and genetic algorithm [18], or metaheuristic
methodologies such as artificial intelligent Petri nets [19] and hybrid algorithms [20]
have been implemented for the analysis of contingencies. In terms of behavior as-
sessment of power networks, an N-1-1 contingency-constrained unit commitment is
studied in [5], additionally [6], [8] include renewable generation in the model. In [7],
a method for contingency-constrained transmission capacity expansion planning
is developed, in which a contingency identification index detects these lines and
creates variable contingency lists for different network loading conditions. In [9], a
multi-period interval unit commitment optimizing the generation schedule taking
into account the probabilistic nature of generation and transmission contingencies
is proposed, as well as the post-contingency energy redistribution. In addition, in
order to evaluate the performance of the power network, a total supply capability
is considered in [10] to cover N-k transformer contingencies, and a robust evalua-
tion is proposed while considering the effect of topology reconfiguration. In [16],
multiple high-quality corrective switching actions for contingencies with potential
violations are studied. To reduce the computational complexity, three heuristic
algorithms are proposed to generate a small set of candidate switching actions.
In [17], an AC-based real-time contingency analysis with transmission switching
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is implemented. In [19], an artificial intelligent Petri net with a best-first search
approach is applied to find the proper switching operation decision to solve the
problem, in which typical customer load patterns derived from a load survey study
are used to determine the daily load profiles of each section of the distribution feed-
ers. In [21], an innovative algorithm for determining the outage contingency of a
line leading to a possible system split of a power system is described. Moreover,
in [22] corrective switching actions for contingencies with potential violations are
proposed for N-1-1 contingencies using a security-constrained unit commitment
model that acquires supplementary reserves. A novel algorithm to determine line
outage contingencies based on a fast decoupled load flow is examined in [23].

In [24], an extensive reconfiguration review on power distribution network re-
configuration is stated. Different optimization methods are implemented for opti-
mal distribution network reconfiguration. The classical mathematical formulation
is presented in [25], [26], [27]. In [25], a multi-objective optimization non-linear
problem incorporates these single objectives using weighting multipliers: mini-
mization of power losses, harmonic distortion and voltage dip. In [26], a mixed-
integer linear program represent both the service restoration and reconfiguration
subproblem improving the service restoration in case of any contingency and min-
imizing the annual energy losses for different load levels, considering reliability
index limits. A mixed-integer second-order programming problem is solved in [27]
in which power loss is minimized in the presence of renewable energy. Besides,
reconfiguration problems have been studied with heuristic and metaheuristic al-
gorithms. The heuristic techniques used are: artificial bee colony algorithm [28],
minimum spanning tree algorithm [29], non-dominated sorting particle swarm op-
timization [30], binary particle swarm optimization [31], non-dominated sorting
genetic algorithm II [32], gravitational search algorithm [33], generalized reduced
gradient algorithm and hybrid particle swarm optimization [34] and an interac-
tive fuzzy optimization algorithm based on adaptive particle swarm optimiza-
tion [35]. In [36], a bio-inspired methaheuristic artificial immune system is de-
veloped. In [37], [38] comparisons of the results of the different heuristic methods
are presented.

Recently, works have been carried out to deal with the disconnection from
the bulk power system operating in an islanding mode. Controlled islanding is
an active and effective way of avoiding catastrophic wide area blackouts. In [39],
a two-step controlled islanding algorithm that uses spectral clustering to find a
suitable islanding solution for preventing the initiation of wide area blackouts by
undamped electromechanical oscillations is proposed. In [40], a flexible optimiza-
tion approach to the problem of intentionally forming islands in a power network
is introduced. A mixed-integer linear programming formulation is provided for the
problem of simultaneously deciding on the boundaries of the islands and adjust-
ments to generators, so as to minimize the expected load shed while ensuring no
system constraints are violated. In [41], a flexible optimization-based framework
for intentional islanding is developed in order to split the network while minimiz-
ing the amount of load shed and disruption. Reference [42] shows a procedure in
which generators and loads can remain connected after islanding to balance the real
power of the island, evaluating the feasibility of islanded operation and planning.
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In [43], a detailed discussion about various modes of operation, classification, chal-
lenges and control issues of islanded microgrids is performed. Additionally, this
work also focuses on various control techniques, control issues such as angle droop
control and frequency droop control, along with supplementary and adaptive con-
trol. In [44], a bi-level integrated planning model of a microgrid is implemented.
The upper level co-optimizes the allocation of photovoltaic and energy storage to-
gether with network reconfiguration to minimize the total economic cost and, in
the lower level the maximization of the expected photovoltaic generation is per-
formed. A comprehensive learning particle swarm optimization is used in [45] to
optimally partition the distribution system in case of main upstream loss in order
to find the optimal islanding scheme of the distribution system. The objective is
to achieve minimum active power generation cost, minimum reactive generation
cost and minimum cost of the unserved power while satisfying system operational
constraints.

To the best of our knowledge, little attention has been paid to contingency
analysis and islanding in distribution systems compared to transmission systems.
The difficulty to reconfigure the network allowing for the possibility of having ra-
dial islands in distribution systems when evaluating all possible N-1 contingencies
shows the need to study these issues. Furthermore, the novelty of our models be-
gins from extending the AC power flow in [46] and integrating wind and storage.
Tables 1.1 and 1.2 summarize the contents of the state-of-art works for transmis-
sion and distribution systems in comparison to the real-time operation optimiza-
tion models “Contingency Assessment and Distribution Network Reconfiguration
in Distribution Grids Including Wind Power and Energy Storage” (approach 1)
and “Islanding in Distribution Systems Considering Wind Power and Storage”
(approach 2) proposed in this thesis.

Approach Contingency Reconfiguration Islanding Generation Storage Stochasticity
Analysis

[5] X 5 5 X 5 5
[6] X 5 5 X 5 5
[7] X 5 X X 5 5
[8] X 5 5 X 5 5
[9] X 5 5 X 5 X
[11] X 5 5 X X 5
[13] X 5 X X 5 X
[14] X X X X 5 5
[16] X X 5 X 5 5
[17] X 5 5 X 5 5
[22] X X 5 X 5 5
[23] X 5 X X 5 5
[39] 5 5 X X 5 5
[40] 5 5 X X 5 5
[41] 5 X X X 5 5
[42] 5 5 X X 5 5

Table 1.1: Comparison of real-time models for transmission systems.
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Approach Contingency Reconfiguration Islanding Generation Storage Stochasticity
Analysis

[10] X X 5 5 5 5
[12] X 5 5 X X 5
[15] X 5 5 X 5 5
[18] 5 X 5 5 5 5
[19] X X 5 5 5 5
[20] X 5 5 X X 5
[21] X 5 X X 5 5
[24] 5 X 5 X 5 X
[25] 5 X 5 X 5 5
[26] X 5 5 X 5 5
[27] X 5 5 X 5 X
[28] 5 X 5 X 5 5
[29] 5 X 5 5 5 5
[30] 5 X 5 X 5 5
[31] X X 5 X 5 5
[32] 5 X X X 5 X
[33] 5 X 5 X 5 X
[34] 5 X 5 X X 5
[35] 5 X 5 X X X
[36] 5 X 5 X 5 X
[37] 5 X 5 5 5 X
[38] 5 X 5 X 5 5
[43] 5 5 X X 5 5
[44] X 5 X X 5 X
[45] 5 5 X X 5 5
[46] 5 X 5 X 5 5

(approach 1) X X X X X X
(approach 2) 5 X X X X X

Table 1.2: Comparison of real-time models for distribution systems.
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1.5.2 Optimal placement models

The aim of the optimal placement of both DG and ESS is to provide the best
locations and sizes of DG and ESS to optimize electrical distribution network
operation and planning. Several models and methods have recently been suggested
for the solution of the optimal DG placement. In [47], an overview of state-of-
the art methods and models applied to these problems, classifying and analyzing
the current and future research trends in this field is presented. Additionally, a
summary of the existent approaches has been made considering the minimization of
power losses, enhancement of voltage stability and improvement of voltage profile,
as in [48].

Some models use exact optimization techniques such as deterministic mixed-
integer nonlinear programming [49], stochastic mixed-integer nonlinear program-
ming [50], deterministic mixed-integer linear programming [51], stochastic mixed-
integer linear programming [52], linear bi-level programming [53], non-linear pro-
gramming [54], [55] and mixed-integer second-order cone programming [56] for
optimal placement. Other works use hybrid optimization model [57], genetic al-
gorithms [58], [59], [60], particle swarm optimization [61], differential evolution
algorithms [62] and other heuristic methods [63], [64].

In [49], the goal is to improve the voltage stability margin while proposing
a method of locating and sizing DG units. The work in [50] refers to a novel
and comprehensive solution methodology for optimum allocation of different wind
turbine types minimizing the weighted sum of active power losses and system re-
liability indexes. In [51], the objective is to minimize the total cost (conventional
generation and storage operating costs) for the management of the transmission
system with storage. A bi-level energy storage programming configuration model
for energy storage capacity and location configuration is implemented in [53]. For
the upper-level optimization, a depth search method is applied to obtain the op-
timal placement of ESS. For the lower-level optimization, the optimal capacity of
ESS is solved to meet system reliability requirements. In [54], a two-stage iterative
process is followed to minimize overall capital cost in which the first stage uses
a multi-period AC optimal power flow to obtain initial storage sizes considering
hourly wind and load profiles. The second stage examines the actual curtailment
level to be achieved by the storage sizes determined in the first stage. An im-
proved analytical method is proposed in [55] based on some analytical expressions
to calculate the optimal size of four different DG types and a methodology to
identify the best location for DG allocation. Besides, [56] proposes both a unit
commitment and an AC optimal power flow combined together over a sequential
time series to find the optimal location and size of ESS. The objective function
comprises generation cost, unit start-up/shut-down cost, round trip efficiency loss
cost and daily operation cost of ESS. The method in [52] takes a centralized per-
spective where the objective is to minimize the sum of the expected operating
cost and the investment cost of energy storage in addition to annual interrup-
tion costs. Reference [57] examines a viable and optimal solution including the
sum of the annualized capital, replacement, maintenance and fuel costs for the
island of Kavaratti. A comprehensive planning framework is introduced in [58]
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to achieve the most effective siting and sizing of ESS that maximizes its bene-
fits in distribution networks. In [59], the objective function minimizes the total
cost comprising the annual installation and maintenance costs of the ESS units
in addition to annual interruption costs. Reference [60] presents a distribution
system reconfiguration model that considers the network configuration effect and
the optimal DG allocation and sizing to obtain an optimal condition for a distri-
bution network based on operational and reliability improvements. Furthermore,
in [61] the best location for the installation of ESS and the best possible operation
schedules for ESS and power plants is done to achieve the minimum ESS operation
cost. Moreover, a stochastic planning framework is proposed in [62] to minimize
the investment and operation costs. The uncertainties in wind power and load
are modeled by MC simulation, and a chance-constrained stochastic optimization
model is formulated to determine the location and capacity of ESS while ensuring
wind power utilisation level. The work in [63] describes a heuristic method to
find the optimal location and capacity of ESS including transmission and distri-
bution networks, and reducing the generation and ESS operation costs. Finally,
the minimization of the distribution feeder active power loss as well as energy loss
is presented in [64]. In this work, the optimization technique is based on a modi-
fication of the traditional big bang-big crunch method for the optimal placement
and sizing of voltage-controlled distributed generators.

Table 1.3 summarizes the contents of the state-of-art works for the optimal
location models in comparison to the approach developed in “Optimal Placement
of Energy Storage and Wind Power under Uncertainty” regarding the time horizon
used, the location of the units and whether the model is stochastic or not.

Approach ESS location RES location Stochasticity Time horizon
[49] 5 X 5 1 instant
[50] 5 5 X 1 year
[51] X 5 5 1 month
[52] X 5 X 10 years
[53] X 5 5 1 year
[54] X 5 5 24 hours
[55] 5 X 5 1 instant
[56] X 5 5 24 hours
[57] X X 5 25 years
[58] X 5 X multi-year
[59] X 5 X 1 year
[60] 5 X 5 1 year
[61] X 5 5 24 hours
[62] X 5 X 24 hours
[63] X 5 5 24 hours
[64] 5 X 5 24 hours

Our approach X X X 1 week

Table 1.3: Comparison of optimal location models.
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1.5.3 Expansion planning models

In recent years, new models have been applied to the traditional electric power
system expansion planning including new resources such as RES, ESS and EV.
The state-of-art of the expansion planning models is shown in Table 1.4.

Conventional planning models have solved the optimal expansion of distribu-
tion assets with the replacement and addition of feeders, the reinforcement of
existing substations and the construction of new substations as in [65]. In [66], a
review of the state-of-art works of distribution expansion planning problems is pre-
sented. A new approach has been developed in [67] for simultaneous distribution,
sub-transmission, and transmission network expansion planning. In this work, an
optimization problem has been formulated where an improved genetic algorithm is
used to solve such a complex problem. In [68], a multi-objective framework for pri-
mary distribution system planning is solved incorporating probabilistic customer
choices in reliability. The work in [69] includes generation expansion planning in
addition to the traditional distribution expansion planning models. It is a multi-
stage stochastic investment model with thermal and wind generation assets. The
work in [70] proposes a multi-year expansion planning method for both the distri-
bution network and DG units method to enable distribution systems to support
the growing penetration of plug-in EV. A multistage long-term expansion planning
problem of EDS is developed in [71], considering the increasing capacity of existing
substations, construction of new substations, allocation of capacitor banks and/or
voltage regulators, and construction and/or reinforment of circuits. It considers
the presence of DG, however, the method does not allocate new sources. A multi-
year expansion planning in distribution networks is proposed in [72] in which the
optimal expansion scheme of the distribution network includes the reinforcement
pattern of primary feeders as well as the location and size of DG. In [73], a tri-level
reliability-constrained robust expansion planning framework is implemented mod-
eling the uncertainty of electricity demand, wind power generation and availability
of units and lines. In [74], an optimal smart distribution grid multistage expan-
sion planning is presented, in which reinforcement or installation time, capacity
and location of MV substations and DG are taken into consideration. The optimal
reinforcement of existing lines and substations, the installation of new ones, the in-
vestment on renewable and non-renewable DG is studied in [75]. A dynamic model
for distribution system expansion planning is presented in [76] considering DG. It
determines the optimal location and size of DG as well as the reinforcement strat-
egy for distribution feeders. In [77], [78], load level duration curves are introduced
allowing the incorporation of chronological information minimizing the loss of in-
formation of the sequence between hours. In [77], a stochastic-programming-based
model driven by the minimization of the expected investment and operational costs
of new and existing feeders, new and existing substations and DG is developed.

Other works have studied the operational planning of ESS. A novel model
in [78] proposes to accurately include demand response and ESS in the joint dis-
tribution network and generation expansion planning. In [79], the optimal opera-
tion planning of batteries in distribution networks is performed by metaheuristic
methods using probabilistic variation of the inputs using the point estimation
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method for the optimal planning of batteries. In [80], a multistage expansion
planning model for replacing and adding circuits is performed, in which typical
daily scenarios are assessed for the hourly economic dispatch of ESS. In [81], the
proposed planning methodology is a novel four-layer procedure that considers the
uncertainty of battery characteristics as well as load and wind power. The long-
term planning layer optimizes the location, capacity and power rating of batteries.
In [82], the optimal planning determines the location, capacity and power rat-
ing of batteries while minimizing the cost objective function subject to technical
constraints. A multistage active distribution network planning model that is inte-
grated with the application of ESS is presented in [83]. The long-term expansion
planning decisions include those for replacing and adding circuits and introducing
ESS. The work in [84] aims to minimize the investment and operation of lines and
ESS costs over the planning horizon.

Moreover, some works include the existence of EV loads in the joint distribu-
tion, generation and ESS expansion planning without including the installation
cost of EVCS. In [85], a non-parametric chance-constrained optimization to invest
in ESS units is proposed, in which the uncertainties of DG and EV, are consid-
ered using the probability density function. In [86], a multi-objective optimal
planning of battery energy storage and DG units in an active distribution net-
work is presented, in which the power profile of EV is modeled by fuzzy values.
Very recently, more attention has been paid to the optimal planning of EVCS.
In [87], the optimal planning of EVCS in distribution systems is developed with
the minimization of total costs. In [88], a multi-objective planning model of a
distribution network containing DG and EVCS is implemented. A scenario ex-
pansion planning for distribution systems is proposed in [89] considering the inte-
gration of EV, with dumb charging and coordinated charging modes. The research
in [90] deals with the joint planning of distribution networks including distributed
energy storage systems and electric vehicle charging stations that meet the de-
mand of electric vehicle charging load. Finally, regarding the classification of
the optimization models, exact optimization techniques are used for determinis-
tic mixed-integer linear programs as in [71], [80], [83], stochastic mixed-integer
linear programing [69], [77], [78], bi-level programming [90], chance-constrained
optimization [85], tri-level decomposition algorithm [73] and a primal-dual inte-
rior point algorithm [87]. On the other hand, heuristic techniques are used, such
as genetic algorithms [67], [68], [89], [70] combined with tabu search [65], particle
swarm optimization [89], hybrid simulated annealing algorithms combined with
tabu search [86], hybrid particle swarm optimization and tabu search [79], [82]
hybrid simulated annealing and genetic algorithm [81], group search optimization
algorithms [74], evolutionary algorithms [75], [88], new evolutionary algorithm-
based solution methods called binary chaotic shark smell [72], hybrid modified
integer-coded harmony search, and enhanced gravitational search algorithms [76].

1.5.4 Reliability assessment models

The main objective of electrical power systems is to provide reliable and economi-
cal electricity to customers. Thus, reliability assessment must be studied including
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Approach Network RES ESS EVCS Stochasticity
Investment Investment Investment Investment

[65] X 5 5 5 5
[67] X 5 5 5 5
[68] X 5 5 5 X
[69] 5 X 5 5 X
[70] X X 5 5 X
[71] X X 5 5 5
[72] X X 5 5 5
[73] X X 5 5 X
[74] X X 5 5 5
[75] X X 5 5 X
[76] X X 5 5 X
[77] X X 5 5 X
[78] X X X 5 X
[79] 5 5 X 5 X
[80] X 5 5 5 5
[81] 5 5 X 5 X
[82] 5 5 X 5 X
[83] X 5 X 5 5
[84] X 5 X 5 5
[85] 5 5 X 5 X
[86] 5 X X 5 X
[87] 5 5 5 X 5
[88] X X 5 X 5
[89] 5 X X 5 X
[90] 5 5 X X 5

Our approach X X X X X

Table 1.4: Comparison of investment decision planning models.
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a number of practices emerging in the smart grid recent context. Classical reli-
ability analysis of distribution systems is based on the calculation of a number
of indicators taking into account the frequency and duration of the interruptions
leading to the determination of the non-supplied energy.

Reliability indicators may be calculated either a posteriori (at the end of the
year) or a priori (expected behaviour of the network) in order to be used as
objective functions for single- or multi-objective optimization purposes [91] or
within operational planning [92], [93] or expansion planning tools [94]. In the
classical a priori reliability analysis, predictive methods based on historical data
forecast the future continuity levels. Both deterministic or probabilistic methods
can be used.

Analytical methods or MC methods may be used for probabilistic reliability
analysis as in [95], however, analytical methods are faster [96]. A novel method
for computing the probability distribution using the characteristic functions is
illustrated in [97].

In [98], a continuous-time Markov-chain-based analytical approach is performed.
A limitation of the analytical approach is that it cannot consider common-modes
to interfere near-coincident faults. An analytical formulation of reliability assess-
ment with remote-controlled switches and islanded microgrids is presented in [99].
An analytical method that considers the DG reliability model, islanding operation
and changes in the protection strategy is described in [100]. On the other hand,
MC methods [95] can include the effects of multiple faults, as well as dependen-
cies on external variables and time-changing loads or generation. Different types
of MC simulation include non-sequential methods with state sampling or state
transition sampling [101], pseudo-sequential MC methods with a non-sequential
selection of the failure states and a sequential simulation of the sequence of neigh-
boring states [102]. A recent proposal to represent correlated time series within a
non-sequential method is discussed in [103]. A non-sequential MC method is used
in [104] to evaluate the reliability of active distribution grids. The application of
a pseudo-sequential MC method is discussed in [105]. MC sequential simulation
methods are also used in [106]. In [107], a set of methodologies to assess the
reliability of power distribution network with the penetrations of battery energy
storage systems and intermittent distribution sources is proposed. First, an an-
alytic approach based on Markov models is applied for assessing the reliability
analysis in distribution systems. Then the method is verified by a sequential MC
simulation method and extended to a more complex distribution system. Relia-
bility analysis techniques can be detailed by introducing the variation of the load
patterns throughout time [108]. Hourly patterns of load and RES are used in the
analytical approach presented in [109].

The penetration of RES, ESS, EV and demand response has raised interest
in reliability assessment, in particular with respect to the possibility of creating
islands during the service restoration process. In [110], EV operating in a vehicle-
to-grid mode are considered as a further possibility of enhancing reliability by
exploiting the local supply located in parking lots. Centralized and dispersed
contributions of electric vehicles including vehicle to grid and vehicle-to-home are
addressed in [111].
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The availability of a mobile emergency power supply with generation and stor-
age resources has to be properly coordinated in order to obtain the greatest bene-
fits from these resources. The solution strategies must also take into account the
importance given to the network nodes. The pre-positioning of truck-mounted
mobile emergency generators is proposed in [112] to dispatch these generators to
some nodes of the distribution system with the aim of restoring critical loads, by
forming multiple microgrids.

1.6 Organization of the Thesis

The thesis entitled “Operation and Planning Models in Future Distribu-
tion Systems with Renewable Energy, Generic Energy Storage and Elec-
tric Vehicles” has been developed following the Compendium of Papers format in
which the most relevant ones are 5 journal papers published in the following jour-
nals: IEEE Transactions on Sustainable Energy ; Sustainable Energy, Grids and
Networks; Energies; IEEE Transactions on Smart Grid and IEEE Transactions
on Industry Applications.

The thesis is divided into 8 chapters:

Chapter 1 The first chapter describes the motivation, objectives, hypotheses,
methodology and the sequence of tasks for the development of the research works
presented in this thesis. Finally, a literature review is shown for each of the research
topics dealt with in this thesis.

Chapter 2 This chapter presents an N-1 contingency analysis tool and optimal
reconfiguration for the distribution network, allowing for islanded operation by
maintaining each subsystem radially operated. All network operating costs, renew-
able energy curtailment cost and the energy storage operation costs are optimized.
This work has been published in IEEE Transactions on Sustainable Energy.

P. Meneses de Quevedo, J. Contreras, M.J. Rider and J. Allahdadian, “Contin-
gency Assessment and Network Reconfiguration in Distribution Grids Including
Wind Power and Energy Storage,” IEEE Transactions on Sustainable Energy, vol.
6, no. 4, pp. 1524–1533, Oct. 2015: c©2015 IEEE. Reprinted, with permission,
from [P. Meneses de Quevedo, J. Contreras, M.J. Rider and J. Allahdadian, “Con-
tingency Assessment and Network Reconfiguration in Distribution Grids Including
Wind Power and Energy Storage,” IEEE Transactions on Sustainable Energy, vol.
6, no. 4, pp. 1524–1533, Oct. 2015].

Chapter 3 This chapter presents the work published in Sustainable Energy,
Grids and Networks. An algorithm to have the islanded area energized avoiding
a complete blackout is developed. The model is capable of managing the network
mantaining the load and generation units on-line. The work shows how the com-
bination of RES and ESS is desirable to improve reliability. Different levels of
power for wind generation and demand are analyzed in this research in order to
show the islanded power balance.
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Chapter 4 A probabilistic model based on mixed-integer linear programming
is presented with the aim of locating both a wind power generator and an en-
ergy storage system, minimizing all the costs associated with the operation of the
distribution network. Different installed amounts of wind and ESS capacities are
analyzed emphasizing the fact that ESS avoid wind curtailment and its associated
cost. This work has been published in Energies.

Chapter 5 The proposed multi-stage multi-objective model for the joint expan-
sion planning of generation and distribution networks has the objective of mini-
mizing the investment and operational costs. Renewable energy, ESS and EVCS
are considered in the expansion planning model. The work analyzes the benefits
derived from the investment in ESS further emphasized with the presence of EV.
This work has been accepted in IEEE Transactions on Smart Grid.

P. Meneses de Quevedo, G. Muñoz-Delgado and J. Contreras, “Impact of Elec-
tric Vehicles on the Expansion Planning of Distribution Systems considering Re-
newable Energy, Storage and Charging Stations,” in IEEE Transactions on Smart
Grid (accepted): c©2015 IEEE. Reprinted, with permission, from [P. Meneses de
Quevedo, G. Muñoz-Delgado and J. Contreras, “Impact of Electric Vehicles on
the Expansion Planning of Distribution Systems considering Renewable Energy,
Storage and Charging Stations,” in IEEE Transactions on Smart Grid (accepted)].

Chapter 6 This chapter deals with the reliability assessment for distribution
system applications in which a sequential MC method has been implemented.
The use of this method includes emerging practices in the smart grid context
comprising conventional demand profiles for different types of consumers, several
approaches to calculate ENS, intraday reconfiguration strategies and the exploita-
tion of dedicated solutions with RES and mobile generation. This work has been
accepted in IEEE Transactions on Industry Applications.

P. Meneses de Quevedo, J. Contreras, A. Mazza, G. Chicco and R. Porumb,
“Reliability Assessment of Microgrids with Local and Mobile Generation, Time-
Dependent Profiles, and Intra-Day Reconfiguration,” in IEEE Transactions on
Industry Applications, (accepted): c©2015 IEEE. Reprinted, with permission, from
[P. Meneses de Quevedo, J. Contreras, A. Mazza, G. Chicco and R. Porumb,
“Reliability Assessment of Microgrids with Local and Mobile Generation, Time-
Dependent Profiles, and Intra-Day Reconfiguration,” in IEEE Transactions on
Industry Applications, (accepted)].

Chapter 7 This chapter presents a summary of the thesis, the main conclusions,
the achievements obtained and suggestions for future work.

Chapter 8 Finally, a Spanish language version of the conclusions is presented.

27



28



Chapter 2

Contingency Assessment and
Network Reconfiguration in
Distribution Grids Including
Wind Power and Energy
Storage

29



30



1524 IEEE TRANSACTIONS ON SUSTAINABLE ENERGY, VOL. 6, NO. 4, OCTOBER 2015

Contingency Assessment and Network
Reconfiguration in Distribution Grids Including

Wind Power and Energy Storage
Pilar Meneses de Quevedo, Javier Contreras, Fellow, IEEE, Marcos J. Rider, Member, IEEE, and Javad Allahdadian

Abstract—In case of abnormal conditions, distribution systems
should be reconfigured to overcome the impacts of outages such
as overloads of network components and increased power losses.
For this purpose, energy storage systems (ESS) and renewable
energy sources (RES) can be applied to improve operating con-
ditions. An optimal contingency assessment model using two-stage
stochastic linear programming including wind power generation
and a generic ESS is presented. The optimization model is applied
to find the best radial topology by determining the best switching
sequence to solve contingencies. The proposed model is applied to
a 69-node distribution system and the results of all possible con-
tingencies in the network are examined considering three different
case studies with several scenarios. In addition, a reconfiguration
analysis including all the contingencies is presented for the case
studies.

Index Terms—Contingency analysis (CA), distributed genera-
tion (DG), islanding, optimal power flow, stochastic programming,
storage devices.

NOTATION

Indexes:
i, j, k Node index.
r Block index of linearization.
t Real-time period index on a 10-min basis.
ω Scenario index.

Parameters:
Csw Switching cost ($).
C loss Real power losses cost ($/MWh).
Cw_curt Wind curtailment cost ($/MWh).
Cd_curt Real power demand curtailment cost ($/MWh).
Csub Cost of real power from substation ($/MWh).
Csp Production scheduled cost ($/MWh).
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Css Storage scheduled cost ($/MWh).
C rp Production scheduled reserve cost ($/MWh).
C rs Storage scheduled reserve cost ($/MWh).
Ĉ rs Real-time energy storage cost ($/MWh).
Ĉ rp Real-time energy production cost ($/MWh).
Cij State of a contingency in branch ij.
ditω Real power demand at node i (MW).
qitω Reactive power demand at node i (MVAr).
iniij Initial state of a switch in branch ij.
Iij Maximum current flow in branch ij (A).
mijrtω Slope of the rth block for branch ij.
Nloop Number of switches in a loop.
PFi Power factor (PF) of the load at node i.
P fore

itω Wind real power forecast at node i (MW).
Rtot Total number of blocks in the piecewise

linearization.
ss

i , s
s
i Minimum/maximum power storage at node I

(MW).
sp

i , s
p
i Minimum/maximum production at node i (MW).

Rij Resistance of branch ij (Ω).
Xij Reactance of branch ij (Ω).
Zij Impedance of branch ij (Ω).
Vnom Nominal voltage of the distribution network (kV).
V i, V i Minimum/maximum voltage at node i (kV).
W Upper bound of variable Wijtω (kV).
xs

i0 Initial energy level of storage unit at node i (MWh).
xi, xi Min/max storage capacity at node i (MWh).
ηs

i , η
p
i Efficiency storage/production rates.

ΔSijrtω Upper bound for the rth block of the power flow
through branch ij.

Δ Real-time period (10 min) (h).

Nonnegative variables:
I2
ijtω Square of the current flow of branch ij (A2).
Pwind

itω Real power wind generation at node i (MW).
Pw_curt

itω Real power wind curtailment at node i (MW).
P dcurt

itω Real power demand curtailment at node i (MW).
P 2

ijtω Square of the real power in branch ij (MW2).
Q2

ijtω Square of the reactive power in branch ij (MVAr2).
P+

ijtω Real power flow in branch ij, downstream (MW).
P−

ijtω Real power flow in branch ij, upstream (MW).
Q+

ijtω Reactive power flow (downstream) (MVAr).
Q−

ijtω Reactive power flow (upstream) (MVAr).
rp
i , r

s
i Scheduled power production/storage reserve

(MW).

1949-3029 © 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.
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r̂p
itω, r̂

s
itω Real-time production/storage reserve (MW).

sp
i , s

s
i Scheduled power production/storage (MW).

V 2
itω Square of the voltage magnitude at node i (kV2).
W 2

ijtω Square of the voltage drop for branch ij (kV2).
x̂itω Storage level at node i (MWh).
ΔPijrtω Value of the rth block of real power (MW).
ΔQijrtω Value of the rth block of reactive power (MVAr).

Free variables:
P sub

itω Real power of a substation at node i (MW).
Qsub

itω Reactive power of a substation at node i (MVAr).
Qwind

itω Reactive power of wind generation at node i
(MVAr).

Qdcurt
itω Demand reactive power curtailment (MVAr).

Binary variables:
vP+

ijtω Variable related to real power (upstream).

vP−
ijtω Variable related to real power (downstream).

vQ+
ijtω Variable related to reactive power (upstream).

vQ−
ijtω Variable related to reactive power (downstream).
vs

it, v
p
it Variables related to storage or production.

yij State of the switch in branch ij.

I. INTRODUCTION

C ONTINGENCY analysis (CA) provides tools to study
contingencies in electrical networks and analyze their

behavior in case of outages in one of the electrical com-
ponents such as lines, transformers, and generators. Several
studies have been carried out to assess contingencies in elec-
trical networks. The comparison of some techniques such as
ranking, screening, bounding, and fast power flow techniques
has been done in [1] and [2]. Methods such as genetic algo-
rithms [3], [4], bi-level programming [5], and other new power
flow calculation approaches [6] have been developed to solve
CA problems. Likewise, in terms of behavior assessment of
power networks, some works have been presented to evaluate
voltage security [7], [8], operation of transmission networks
[9], [10], and optimal switching under N − 1 contingencies
[11]–[13].

Moreover, reconfiguration of distribution systems (RDS)
aims at finding the best topology of the system concerning
power losses, energy demand, and operational performance. In
general, two major groups of optimization methods have been
represented to solve the RDS problem: 1) exact techniques
and 2) heuristic and metaheuristic techniques. In literature,
exact techniques such as branch and bound are only used to
solve relaxed models [14]–[18]. On the contrary, heuristic and
metaheuristic methods such as ant colony [19], [20], genetic
algorithms [21]–[23], and particle swarm optimization [24]
have been applied for complete models.

In particular, RDS can be used to improve the operation
of distribution systems in case of contingencies, considering
renewable energy sources (RES) and energy storage systems
(ESS) in electrical networks. Although the availability of RES
and ESS can be seen as an opportunity to exploit available

resources near loads and compensate energy demand, prob-
lems may arise due to the intermittency and uncertainty of RES
[4], [25] and the integration of ESS into electrical distribution
systems (EDS) [26], [27].

A mixed integer linear programming (MILP) reconfigura-
tion model under an N − 1 reliability criterion using stochastic
programming considering wind energy and ESS in EDS is
introduced. The steady-state operation of a radial EDS is com-
plicated to model linearly; hence, an alternative current (ac)
flow is approximated through linear expressions. The proposed
model also includes switching operation, intermittent RES, and
generic ESS. The analysis ofN − 1 contingencies is performed
using a contingency parameter per branch to locate the fault in
the branch.

Due to several technical reasons such as low cost opera-
tion, simplicity of analysis and coordination, and reduction of
short circuit current, EDS must operate with a radial topology
(even with a meshed structure). In addition, MILP is applied,
in this paper, due to the following advantages: 1) the math-
ematical model is robust; 2) the computational behavior of
a linear solver is more efficient than nonlinear solvers; and
3) using classical optimization techniques, convergence can be
guaranteed.

The main contributions of this paper are as follows.
1) Regarding the methodology, a two-stage stochastic math-

ematical MILP for contingency response is introduced
to consider the inconsistency and intermittency of the
renewable power sources.

2) From a modeling perspective, a joint programming model
of the optimal reconfiguration and contingency evalua-
tion is presented here for a distribution system. However,
in the literature, optimal switching under contingency
conditions is reported only for transmission networks
[11]–[13].

3) The benefits of combining RES with ESS in distribution
networks, especially under contingencies and abnormal
conditions, are analyzed.

Another relevant aspect of the presented optimization model
is the minimization of the overall operation costs, including
switching and demand and wind curtailment costs. Note that
the problem formulation assumes that the overall investment
costs have already been minimized in a previous planning
phase where the best locations for wind and storage have been
selected in advance.

This paper is organized as follows. Section II describes the
mathematical formulation of generation and storage models.
Section III defines the mathematical model as a stochastic
MILP. The main results of the case studies considering contin-
gencies and reconfigurations are shown in Section IV. Finally,
conclusion is presented in Section V.

II. STORAGE MODELING

In modern power systems, storage devices have grown
rapidly. ESSs are integrated into EDS to consider several pur-
poses such as meeting real-time power demand, smoothing
output power of RES, improving power system reliability,
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and being economically efficient [28]. Thus, a generic storage
system is modeled as follows:

ss
i ≤ ss

i + rs
i ≤ ss

iv
s
it (1)

sp
i ≤ sp

i + rp
i ≤ sp

i v
p
it (2)

0 ≤ r̂p
itω ≤ rp

i (3)

0 ≤ r̂s
itω ≤ rs

i (4)

xi ≤ x̂itω ≤ xi (5)

x̂itω = x̂it−1ω + Δ [ηs
i s

s
i − (1/ηp

i ) sp
i ] (6)

+ Δ [ηs
i r̂

s
itω − (1/ηp

i ) r̂p
itω]

x̂it=0ω = xs
0 (7)

vp
it + vs

it ≤ 1. (8)

The minimum and maximum storage limits (charge) and pro-
ductions (injection into the network) are defined in (1) and (2).
It is worth noting that ss

i and sp
i are implemented in these equa-

tions to smooth the output power of the storage unit and rs
i /r

p
i

to guarantee that real-time power balance is within the storage
capacity. In (3) and (4), the actual real-time reserves are con-
fined to the maximum reserve bounds rs

i /r
p
i . The upper and

lower bounds of energy capacity in storage units are defined
by (5). The ESS transition function is represented by (6).
Equation (7) limits the remaining energy in the storage unit.
Finally, in (8), binary variables vp

it and vs
it are defined and

added to (1) and (2) to avoid producing and storing energy
simultaneously.

III. STOCHASTIC FORMULATION OF CONTINGENCY

ASSESSMENT AND NETWORK RECONFIGURATION

The following assumptions are defined to represent the sim-
plified operation of EDS including switches, generation, and
storage devices.

1) The load pattern in EDS is altered every 10 min.
2) EDS are balanced three-phase systems and can be repre-

sented by an equivalent single-phase circuit.
3) Storage energy losses are ignored.
4) Storage and production of energy occur at constant power

in storage units during real-time periods (10 min).
5) The location of storage units has already been defined in

the planning phase.
6) Wind turbines are located at nodes with high demand.
7) The maximum contingency duration is 1 h, considering

wind scenarios, which is divided into 10-min periods (six
periods).

8) Faults are considered in feeders and circuit breakers.
9) Islanded radial operation of the system is possible with

distributed generation (DG) integration.
To distinguish the direction (sense) of the current and power

flow (forward or backward), two positive separate variables are
shown in Fig. 1.

Fig. 1. Illustrative radial distribution system.

A. Objective Function

The objective function is formulated through two-stage
stochastic programming as shown in (9)–(13). At the first
stage, regardless of scenarios, i.e., only considering contin-
gency conditions, the cost of opening and closing switches
and the scheduling of storage units are assigned. At the sec-
ond stage, the expected values of the total cost of power losses
in the network, the cost of real-time production/storage of the
storage units, and the cost of curtailment of both generation
and demand, with respect to different scenarios and contin-
gency conditions, are assigned. At the first stage, the variables
are only related to contingency conditions and variables are
relevant to both contingencies and scenarios at the second
stage.

Objective function:

min φ+ γ + E [ψ (ω)] + E [K (ω)] (9)

where the first stage is given by φ+ γ:
1) Switching cost

φ =
∑

ij
iniij = 0

yijC
sw +

∑

ij
iniij = 1

(1 − yij)C
sw. (10)

2) Scheduled production/storage cost function

γ =
∑

i
[ss

iC
ss + sp

iC
sp + rs

iC
rs + rp

iC
rp] . (11)

Next, the second stage is given by ψ (ω) +K (ω):
1) Network costs (losses and substation costs)

ψ (ω) = Δ
[∑

t

∑
ij
RijI

2
ijtωC

loss +
∑

t

∑
i
P sub

itωC
sub

]
.

(12)

2) Corrective action costs (curtailment and real-time produc-
tion/storage costs)

K (ω) = Δ
[∑

t

∑
i

(
Pw_curt

itω Cw_curt + P d_curt
itω Cd_curt

+ r̂p
itωĈ

rp + r̂s
itωĈ

rs
)]
. (13)

B. Constraints

The above objective function is subject to a set of constraints
to assure optimal operational conditions.
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1) Real-Time Power Balance Equations: Real power of
wind including curtailment is represented in (14)

Pwind
itω = P fore

itω − Pwcurt
itω . (14)

Equations (15) and (16) represent the real and reactive power
balances at node i, respectively (see Fig. 1). For both active
and reactive power, wind power generation, scheduled produc-
tion/storage, real-time production/storage power of ESS, the
power flow from/to the substation, and power demand curtail-
ment are considered. In addition, wind generation curtailment
has already been formulated in (14)

Pwind
itω +

∑
j

(
P+

jitω − P−
jitω

)
−

∑
k

[(
P+

iktω − P−
iktω

)

+RijI
2
ijtω

]
+ P sub

itω + (r̂p
itω − r̂s

itω) + (sp
i − ss

i )

= ditω − P dcurt
itω (15)

Qwind
itω +

∑
j

(
Q+

jitω −Q−
jitω

)

−
∑

k

[(
Q+

iktω −Q−
iktω

)
+XijI

2
ijtω

]
+Qsub

itω

= qitω −Qdcurt
itω . (16)

2) Load PF: The following constraint is considered to keep
the initial load PF:

Qdcurt
itω = P dcurt

itω ∗ (tan (arc cos (PFi))) . (17)

3) Voltage Drop Equations: The square value of the volt-
age drop between nodes is represented in (18) as an auxiliary
variable W 2

ijtω , which is related to switching operations and
contingencies

V 2
itω − 2

(
Rij

(
P+

ijtω − P−
ijtω

)
+Xij

(
Q+

ijtω −Q−
ijtω

))

− Z2
ijI

2
ijtω − V 2

jtω +W 2
ijtω = 0. (18)

The upper and lower bounds of the square of the voltage
deviation for node i are defined by (19)

V 2 ≤ V 2
itω ≤ V

2
. (19)

In constraints (20) and (21), W 2
ijtω = 0 in case of operation

of branch ij (Cij = 1) or switch closure (yij = 1). To satisfy

constraints (15) and (16), a proper value for parameter W
2

should be set to give a sufficient degree of freedom for W 2
ijtω

W 2
ijtω ≥ −W̄ 2 (1 − yij) (1 − Cij) (20)

W 2
ijtω ≤ W̄ 2 (1 − yij) (1 − Cij) (21)

4) Nonlinear Apparent Power Equation: The current flow
magnitude calculation is represented by nonlinear constraint
(22), where both sides of the constraint are linearized as
explained in Section III-D

V 2
jtωI

2
ijtω = P 2

ijtω +Q2
ijtω. (22)

5) Current and Power Magnitude Limits: Due to thermal
limits in EDS, a set of constraints is introduced for current,
real power, and reactive power in (23), (24)–(25), and (26)–
(27), respectively. In addition, vP+

ijtω , vP−
ijtω , vQ+

ijtω , and vQ−
ijtω are

binary variables to avoid considering forward and backward
power flows simultaneously. The constraints (23)–(27) define
the limits through switching devices in branches if they are
closed; otherwise, all magnitudes are equal to zero. Note that
(24)–(27) are auxiliary constraints to improve the convergence
of the proposed model

0 ≤ I2
ijtω ≤ I

2

ijCijyij (23)

P+
ijtω ≤ VnomIijv

P+
ijtω (24)

P−
ijtω ≤ VnomIijv

P−
ijtω (25)

Q+
ijtω ≤ VnomIijv

Q+
ijtω (26)

Q−
ijtω ≤ VnomIijv

Q−
ijtω (27)

vP+
ijtω + vP−

ijtω ≤ yij (28)

vQ+
ijtω + vQ−

ijtω ≤ yij . (29)

C. Radial Configuration

The configuration of the network is radial by introducing
constraint (30), i.e., the number of closed switches in any
loop has to be less than the total number of switches in that
loop. Therefore, by having at least one open branch in a loop,
only a radial configuration of the network is feasible with the
possibility of having one or more radial island(s) [29], [30]

∑
ij
Cijyij ≤ Nloop − 1. (30)

Obviously, a branch between nodes i and j is disconnected in
case of a contingency in that branch. Therefore, binary param-
eter Cij is added to (30) to show that the branch is open in the
mentioned case.

D. Linearization Procedure

The applied equations in the optimization problem are lin-
ear, excluding (22), which makes the model nonlinear. To cope
with this problem, a linear approximation is proposed [31].
Both the left and right sides of (22) are nonlinear and both
should be linearized separately. Note that V 2

jtω and I2
ijtω are

variables that represent the square magnitude values of voltages
and currents, respectively, and they are used in (15)–(19), (22),
and (23). In the following, the linearization process of (22) is
described.

1) V 2
jtωI

2
ijtω: The product of two variables is linearized by

discretizing V 2
itωin small intervals. However, this leads to

an increase in the number of binary variables and compu-
tation time. Since the voltage magnitude is within small
range in EDS, a constant value V 2

nom is selected and sub-
stituted for V 2

jtω in (22) for the first iteration. Then, the
model is run again and V 2

jtω takes the value resulting from
the first iteration. Note that V 2

jtω hardly changes after the
second iteration.
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Fig. 2. Modeling the piecewise linear function P 2
ijtω .

2) P 2
ijtω +Q2

ijtω: The linearization of both terms on the
right side of (22) is carried out by a piecewise linear
approximation, as follows:

P 2
ijtω +Q2

ijtω =
∑

r
(mijrtωΔPijrtω)

+
∑

r
(mijrtωΔQijrtω) (31)

P+
jitω + P−

jitω =
∑

r
ΔPijrtω (32)

Q+
jitω +Q−

jitω =
∑

r
ΔQijrtω (33)

0 ≤ ΔPijrtω ≤ ΔSijrtω (34)

0 ≤ ΔQijrtω ≤ ΔSijrtω (35)

where

mijrtω = (2r − 1) ΔSijrtω (36)

ΔSijrtω =
(
VnomIij

)
/Rtot (37)

Note that mijrtω and ΔSijrtω are constant parameters and
(32) and (33) are a set of linear expressions. Likewise, (31) is
a linear approximation of (P 2

ijtω +Q2
ijtω) and, (32) and (33)

represent that (P+
jitω + P−

jitω) and (Q+
jitω +Q−

jitω) are equal to
the sum of the values in each section of the discretization. As
shown in (31)–(33) and Fig. 2, the right side of (22) can be
replaced with the right side of (31) to form a linear equation

V 2
nomI

2
ijtω =

∑
r
(mijrtωΔPijrtω) +

∑
r
(mijrtωΔPijrtω).

(38)

The linear form of (22) is shown in (38). In this equa-
tion, V 2

nom is constant and
∑

r (mijrtωΔPijrtω) and
∑

r

(mijrtωΔQijrtω) are linear. The linearization of the active
power flow is shown in Fig. 2.

IV. CASE STUDIES

A. Network Overview

To evaluate the behavior of the proposed model, a 69-node
network is considered and network data come from [32]. Fig. 3

Fig. 3. 69-node network topology under a contingency in branch 3-29.

TABLE I
SWITCH DATA FOR THE 69-NODE SYSTEM

TABLE II
COST DATA FOR 69-NODE SYSTEM ($/MWH)

depicts the 69-node network where the green nodes are not con-
nected to loads and the locations of wind turbines and storage
units are represented. The network is connected to a substation
at node 1. The network contains 74 branches, 5 sectionalizing
switches, and 5 tie-switches as shown in Table I, considering
negligible opening and closing operation costs.

Other network costs are shown in Table II. The maximum
current flow in the branches is 150 A, excluding branches L1−2

(line from nodes 1 to 2), L2−3, and L3−4 with a maximum
current limit of 100 A. Since the voltage values vary through
iterations, the upper and lower voltage limits are defined as 1.1
and 0.9 p.u., respectively. In the linearization, 20 discrete blocks
are considered. The total real power demand is 1.103 MW and
the total time horizon is 1 h divided into 10 min periods. The
demand data, recorded every 10 min, is collected from the
Iberian Electricity Market [33], on March 20, 2014, and the
contingency is assumed to occur at 4 A.M. Moreover, wind
turbines are located at nodes 12, 34, and 62 with a produc-
tion share of 16%, 34%, and 50%, respectively, and the total
installed wind generation capacity is 0.45 MW. Two equal stor-
age units are located at nodes 30 and 51, with a capacity of
0.15 MW allocated to each, and their initial energy levels are
set to 50% of their capacities. The upper and lower limits of
power storage/production in ESS are 0.075 MW.

B. Wind Production Scenarios

The exploitation of RES, especially wind, has had an
upward trend leading to intermittency and uncertainty of power
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Fig. 4. Three different wind power point forecast and stochastic scenarios.

generation. In order to analyze the network under different
conditions, three different stochastic levels of wind genera-
tion are introduced (low, mean, and high) as 1.5%, 16%, and
34% of the total demand. In this regard, to represent intermit-
tency of wind power, 200 wind scenarios have been generated
randomly by implementing Monte Carlo simulation under a
cone of uncertainty, with the maximum error of 15% in 1 h
for each forecast, as applied in [34] and [35]. The number of
wind scenarios has been limited to 10 to minimize the dimen-
sionality in the problem formulation maintaining accuracy in
the results, by implementing a clustering mechanism, the K-
means method, taking into account sequences of wind values
every 10 min (six values) per scenario. This method can be
used to partition a given set of scenarios into a given number
of clusters. As a result of this partition, scenarios with similar
features are assigned to the same cluster. The centroid of each
cluster represents a somewhat average pattern of all the sce-
narios included in a cluster. Since this centroid is artificial, the
original scenario with the lowest probability distance from the
centroid is used to represent the cluster [36]. Three levels of
wind power generation and their corresponding scenarios are
illustrated in Fig. 4. Due to the different PF of loads, commonly
between 0.7 and 0.9, reactive power compensation is consid-
ered in wind turbines to keep grid security especially in case of
islanding.

C. Contingency Analysis

In order to analyze the benefits of introducing renewable
generation and storage units in EDS, three case studies under
an N − 1 criterion are represented: 1) CA without RES and
ESS; 2) CA including RES; and 3) CA including RES and
ESS. This is performed by implementing a contingency param-
eter Cij per branch to locate the fault in the network. The
results are shown in terms of demand and wind curtailment cost
(Table III), active power losses (Table IV), and production and
storage cost (Table V).

1) Case Study 1—CA Without RES and ESS: In this case,
the only power resource is the power injection from the sub-
station to the disturbed system. Consequently, the total power

TABLE III
N − 1 CONTINGENCY CURTAILMENT COST ANALYSIS ($)

TABLE IV
N − 1 CONTINGENCY LOSS ANALYSIS

losses are more than the other case studies due to the location
of loads at remote nodes. Also, in some situations, a contin-
gency leads to the isolation of the network from the substation,
e.g., C1−2 (a contingency in the branch between nodes 1 and
2) or C2−3 resulting in a blackout. Regarding power losses,
some selected results are shown in Table IV. For case study
1, the highest amount is related to C60−61 and C61−62. In this
case, due to the significant amount of load at node 62, which is
far from the power source, power losses increase dramatically.
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TABLE V
N − 1 CONTINGENCY STORAGE COST ANALYSIS ($)

In addition, demand curtailment (see Table III), especially for
C60−61 and C61−62, is remarkable due to the high amount
of demand at node 62 and the power flow limitation of the
connection branches.

2) Case Study 2—CA Including RES: An obvious differ-
ence with respect to case study 1 is the reduction of power
losses. As shown in Table IV, real power losses drop roughly
50% for most contingencies considering the mean level of
wind generation. The reduction of power losses is expected
due to the availability of wind power for local loads. Although
the maximum power losses are relevant to contingency C4−5,
power losses for C60−61 and C61−62 are still remarkable. In
case of contingency C4−5, the main connection branch to
transfer power from the substation to the remote loads is discon-
nected and power losses are unavoidable, however, as shown in
Table III, demand curtailment is zero, in this case. Moreover,
total demand curtailment is reduced in some cases, especially
for contingencies C60−61 and C61−62, due to the availability of
wind power for loads at node 62.

In case of low wind generation, the amount of demand cur-
tailment cost and power losses are similar to Case 1, as wind
power generation feeds very few loads.

In addition, C1−2, C2−3, and C3−4 create an island for
the whole network and, despite demand curtailment reduction
under these conditions (unlike case study 1), the main part of
the demand is not served yet, due to a lack of real power gener-
ation. Likewise, an island appears in case of contingencyC3−29

for a part of the network, as shown in Fig. 3. Here, the mean
level of wind generation is able to meet the demand in this
area, however, wind curtailment is inevitable due to the imbal-
ance of load and generation. Lastly, since nodes 31, 32, and
33 are not connected to any load, wind curtailment is equal for
contingencies C30−31, C31−32, C32−33, and C33−34, as shown
in Table III. Since the demand is constant in islanding situ-
ations (C1−2, C2−3, C3−4, C3−29, and C29−30) by increasing

Fig. 5. Energy production/storage under a contingency in branch 3-29.
(a) Energy stored (p.u.). (b) Power produced/stored (p.u.).

the level of wind production (from a low level to higher lev-
els), the cost of wind curtailment rises. On the other hand, with
more wind power production, more loads can be fed, thus, the
cost of demand curtailment drops.

3) Case Study 3—CA Including RES and ESS: Using mean
wind production level and compared with case study 2, ESS
reduces power losses, wind and demand curtailment slightly.
As illustrated in Table IV, excluding C1−2, C2−3, and C3−4, in
the other cases, power losses are reduced moderately. In spite
of a fair growth of power losses for C1−2, C2−3, and C3−4 (see
Table IV), the reduction of demand curtailment is noticeable, as
shown in Table III. Storage units improve the operation of the
network, particularly in case of islanding for the whole or a part
of the network.

As shown in Table III, in cases with islanding, i.e., C1−2,
C2−3, and C3−4, the total load connected to the network is
increased compare with case study 2. Likewise, for C3−29, the
total wind generation capacity is exploited in the presence of a
storage unit in the isolated area.

In extreme situations with a high level of wind in islanding
areas, as in C3−29 and C29−30, the storage units store the extra
power production to avoid demand curtailment and minimize
their costs.

Since demand is higher than generation in some isolated
(C1−2, C2−3, and C3−4) areas, with a higher level of wind
generation, wind and demand curtailments decrease.

As presented in Table IV, with a higher level of wind produc-
tion, excluding islanding conditions, the power losses decline
due to the availability of local power for loads.

Fig. 5 shows the behavior of the storage units with mean
wind production in case of contingency C3−29. In Fig. 5(a), the
energy level of the storage units is illustrated. As C3−29 creates
an isolated area with more generation than load, the storage unit
in that section (node 30) is scheduled to store energy to avoid
wind curtailment. On the other hand, the storage unit at node 51
is scheduled to produce and compensate the lack of real power.

Fig. 5(b) shows the real-time power storage of unit 30 (green
line). Real-time production/storage is represented when the
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TABLE VI
RECONFIGURATION ANALYSIS: OPEN SWITCHES

scheduled production/storage of energy is not sufficient to com-
pensate the power imbalance with mean wind production of the
network, as it occurs for storage unit 30.

Table V contains the costs of the storage units per contin-
gency. The total costs of the storage units are lower than the
other costs in the network and, in that regard, they are effi-
cient. With high wind production, in C3−29 and C29−30, the
storage units in isolated areas store more in real time to avoid
wind curtailment. On the other hand, with low wind power,
the ESS units produce in real time to compensate the power
imbalance.

D. Reconfiguration Analysis

Network reconfiguration is important to analyze to meet
some goals such as reduction of power losses and isolation
of faults in the EDS. In this paper, reconfiguration is carried
out under contingency conditions to reach the optimal point
of the optimization problem. As mentioned before, Table I
shows the status of the switches in the EDS. Initially, under
normal conditions, S12−44 (switch between nodes 12 and 44),
S16−47, S19−20, S28−66, and S56−57 are normally open and
others are normally closed. The status of the open switches is
represented for case studies 2 and 3 (for the mean value of wind)
in Table VI, which is the same for both cases.

In case of contingencies C1−2, C2−3, and C3−4, the same
reconfiguration is defined by the optimization problem split-
ting the EDS into two radial islands, one having wind only,

TABLE VII
COMPUTATION TIME (S)

and the other having wind and storage. Therefore, in case of
disconnection of the EDS from the external grid, the optimiza-
tion problem can manage the EDS to be energized avoiding a
blackout in the isolated part. Noteworthy, demand and genera-
tion curtailment is reduced by having separated radial islands
in areas isolated from the substation. In order to feed loads
next to the contingency and to avoid demand curtailment, the
optimization problem decides to close the switches near loads.
On the other hand, contingencies C57−58, C58−59, C59−60, and
C56−57 occur near to nodes without any connected loads and
the switches in these areas remain open under any condition.

In addition, the location of both, generation and contin-
gency, influences the RDS. For instance, S31−32 and S51−60

are always closed, as they are near to generation and storage
units. Finally, reconfiguration of the EDS is not changed for
contingencies in branches close to each other, as in cases L5−51

(feeder from nodes 5 to 51), L7−10, L12−68, L13−70, L24−28,
L29−36, and L37−44.

All case studies have been solved using CPLEX 11 solver in
GAMS [37]. An Intel Xeon E7-4820 computer with four pro-
cessors at 2 GHz and 128 GB of RAM has been used. MATLAB
[38] has been used to implement scenario reduction using K-
means. Table VII illustrates the computation time of every case
study assuming a mean wind power and for all the contingen-
cies. Note that, the CPU times in Table VII correspond to the
whole set of contingencies for each case, which are solved one
by one. It could be possible to reduce the CPU time by analyz-
ing the branches, which are more likely to be out of operation.
The CPU time could be further reduced by considering a lower
number of linearization blocks.

V. CONCLUSION

In this paper, a two-stage stochastic MILP reconfiguration
model under N − 1 contingency conditions, considering wind
energy and ESS with the possibility of having isolated radial
grids in distribution systems, has been investigated.

An exhaustive analysis has been done to evaluate the model
and, as a result, the model has been successfully applied to a
distribution network to minimize total costs. Following that, the
work shows the advantages of having energy storage units and
renewable energy in terms of real-time operation under contin-
gencies in distribution networks. Consequently, the penetration
of storage devices and wind generation improves the opera-
tion of the network under contingency conditions and reduces
power losses and demand and generation curtailment. In addi-
tion, this method improves reliability, allows for an optimal
radial reconfiguration, radial islanded operation, and the reduc-
tion of real power losses. Storage units improve the operation
of the network, especially in case of islanding for the whole
network or a part of it. The location of storage units is impor-
tant to compensate local power, i.e., power injection to local
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demand and absorption of additional power from local gen-
eration. In conclusion, the proposed model can be a valuable
tool for an electrical distribution company to optimally recon-
figure the system by evaluating all possible contingencies of the
network using wind power and energy storage.
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a b s t r a c t

In modern power systems the penetration of renewable energies has been growing dramatically. The
combination of renewable energy and energy storage is seen as an opportunity to better exploit the
intermittent and uncertain local generation in distribution systems, especially in the case of islanding.
The main goal of this paper is to keep the load and generation units on-line under islanding conditions
with respect to the total power imbalance of the isolated area and minimizing the power losses and
nodal voltage deviations. A two-stage stochastic linear programming model is introduced to solve the
optimization problem and find the best combination of generation, demand and electrical energy storage
under islanding conditions. The proposed model has been tested on a 69-bus distribution system and
the results obtained in the islanded areas are presented considering two case studies (with and without
electrical energy storage), under different levels of generation and demand.

© 2015 Elsevier Ltd. All rights reserved.

1. Introduction

Currently, regulatory agencies are highly committed to increas-
ing the integration of Renewable Energy Sources (RES) due to their
global interest and benefits, including economic and ecological ad-
vantages. Likewise, several types of Energy Storage Systems (ESS)
are being developed and applied in electrical networks to cope
with problems such as smoothing the output power of RES [1], im-
proving power system stability [2,3] and being economically ef-
ficient [4]. On the other hand, the penetration of RES, especially
wind power, creates several problems regarding their intermit-
tency and uncertainty [5,6]. In particular, to manage and increase
the penetration of RES and ESS in electrical networks, an innova-
tive procedure is required for both normal and abnormal condi-
tions. Although having RES and ESS in electrical networks creates
challenges to integrate themwithin Electrical Distribution Systems
(EDS), exploiting RES and ESS in abnormal conditions like islanding
can be seen as an opportunity to use more generation and demand
within the island.

Islanding in power systemsmaybe intentional or unintentional.
Due to large frequency perturbations or contingency plans, inten-
tional islanding is planned in advance in power systems to cope
with problems in the network. On the other hand, unintentional

∗ Corresponding author.
E-mail address: Javier.Contreras@uclm.es (J. Contreras).

islanding may occur due to the automatic response of the protec-
tion system to a fault happening in radial systems. In this case, it
maybemore challenging to define the islanded area conditions and
guarantee the success of the islanding procedure.

In power systems, especially those with islanding conditions,
supply and demand have to be balanced in real-time due to the
fact that electrical energy cannot be stored efficiently in large
amounts. An imbalance between supply and demand leads to
several problems, such as frequency and voltage deviation in the
power grid. Therefore, the definition of a predefined procedure
able to keep the islanded area energized and avoid complete
blackout becomes essential.

Several works have been carried out to deal with the discon-
nection from the bulk power system creating islands. For ex-
ample, in [7–9] the configuration and control of islanding in a
randomway based on the topology of the grid is presented. A two-
step algorithm is introduced in [10] using spectral clustering to
find suitable islanding. In [11], a time domain simulation is pre-
sented to control islanding by dividing a bulk power system into
several pre-selected islands. In some works, load shedding is min-
imized under intentional islanding conditions [12–14]. A review
regarding research on planned islanding operation for a rotating
type of distributed generation with a particular focus on small hy-
dro generation is presented in [15]. A load shedding and generator
tripping logic for proper islanding is developed in [16], based on
detailed power system studies. An evolutionary algorithm based
on current limiting protectors for controlled islands in distribution
systems is presented in [17]. An islanding control approach based

http://dx.doi.org/10.1016/j.segan.2015.12.002
2352-4677/© 2015 Elsevier Ltd. All rights reserved.
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Nomenclature

Indexes

i, j, k Bus indexes
r Piecewise linearization (PWL) block index
t Real-time period index on a 10-min basis
ω Scenario index

Parameters

Ĉ rs Real-time storage cost of the storage unit ($/MWh)
Ĉ rp Real-time production cost of the storage unit

($/MWh)
C sw Cost of switching
ditω Real power demand (MW)
f loss Power losses penalization weight factor
f V_dev Voltage deviation penalization weight factor
CW_curt Wind curtailment cost
Cd_curt Real power demand curtailment cost
iniij Initial state of switches
I ij Maximum current flow through branch ij (A)
mijrtω Slope of the rth block of the PWL
Nloop Number of buses in a loop
NB Number of branches of the network
NN Number of nodes of the network
NR Number of blocks of the PWL
NT Number of time intervals
NW Number of scenarios
Pd_fore
itω Demand forecast (MW)

Pw_fore
itω Wind power forecast (MW)

PF d
i Power factor of the demand

PFwind
i Power factor of the wind turbines

qitω Reactive power demand (Mvar)
rpi , r

s
i Scheduled power production/storage reserve (MW)

Rij Resistance of branch ij (�)
Rtot Total number of blocks in the PWL
V ′

itω
2 Approximation of the voltage magnitude of node i

(kV)
Vref Nominal voltage of the distribution network (kV)
V , V Minimum/maximum voltage of the distribution

network (kV)
W

2
Upper bound of variableW 2

ijtω (kV
2)

xs0 Initial energy level of storage (MWh)
xi, xi Minimum/maximum storage capacity at node i

(MWh)
Xij Reactance of branch ij (�)
Zij Impedance of branch ij (�)
1Sijrtω Upper bound of the rth block of the power flow
γ Reactive power control parameter
ηsi , η

p
i Efficiency rate of the storage units

∆ Real-time period (10 min) (h)

Non-negative variables

I2ijtω Square of the current flow through branch ij (A2)

Pwind
itω Real power of wind turbine at bus i (MW)

Pdem
itω Real power of demand at bus i (MW)

Pw_curt
itω Real power wind curtailment at bus i (MW)

Pd_curt
itω Real power demand curtailment at bus i (MW)

P+

ijtω Real power flow (downstream) (MW)
P−

ijtω Real power flow (upstream) (MW)
Q+

ijtω Reactive power flow (downstream) (Mvar)

Q−

ijtω Reactive power flow (upstream) (Mvar)
r̂pitω, r̂

s
itω Real-time production/storage reserve (MW)

V 2
itω Square of the voltage magnitude of node i (kV2)

W 2
ijtω Variable related to the voltage drop (kV2)

x̂itω Storage level at node i (MWh)
1Pijrtω Value of the rth block of real power (MW)
1Qijrtω Value of the rth block of reactive power (Mvar)

Free variables

Qwind
itω Reactive power of wind generation (Mvar)

Q dem
itω Reactive power of demand (Mvar)

Q d_curt
itω Reactive power demand curtailment (Mvar)

Qwind+

itω Reactive power upper bound of wind generation
(Mvar)

Qwind−

itω Reactive power lower bound of wind generation
(Mvar)

Binary variables

v
p+
ijtω Variable related to real power (upstream)
v
p−
ijtω Variable related to real power (downstream)
v
q+
ijtω Variable related to reactive power (upstream)
v
q−
ijtω Variable related to reactive power (downstream)
vsitω, v

p
itω Variables related to power storage or production

yij State of the switches in branch ij: 1 if closed, 0
otherwise

µijrtω State of the PWL block of real power: 0 if filled, 1
otherwise

ηijrtω State of the PWL block of reactive power: 0 if filled,
1 otherwise

Functions

φ Total switching cost function
ψ(ω) Total cost of power losses and voltage deviation
κ(ω) Total costs of wind and demand curtailments and

ESS operation

on the optimization of a linear DC power flow is presented in [18]
and developed in [19] by implementing a piecewise linear approx-
imation of an AC power flow. The main technical issues to develop
control techniques for establishing a microgrid, in case of island-
ing, are addressed in [20]. In distribution systems, an island par-
tition model with distributed generation and a two-stage branch
and bound algorithm is designed in [21]. An innovative islanding
feasibility function in subtransmission systems based on reactive
power and real power is proposed in [22,23], respectively.

In the technical literature, an optimization procedure consider-
ing the combination of wind power with energy storage under is-
landing conditions in distribution systems has not been presented
yet. It is worth mentioning that, due to the intermittency and un-
certainty of wind power, the combination of RES and ESS is desir-
able in case of islanding to improve the reliability and reduce the
real power imbalance between load and generation. Consequently,
the motivation of this paper is to show the benefits of combining
RES with ESS to minimize operational storage system costs, wind
and generation curtailment, power losses and voltage deviation of
buses. In other words, in this paper, a novel algorithm is presented
to keep the load and generation units on-line under islanding con-
ditions with respect to the total power imbalance of the isolated
area and minimizing the power losses and nodal voltage devia-
tions.
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The study refers to the possibility of supplying the loads,
without loss of generality, for a given duration, under islanding
conditions after disconnection from the external grid. The basic
idea proposed is that islands have to be reconnected to the main
network within a given time period. In addition, due to technical
reasons such as simplicity of analysis, reduction of the short circuit
currents and coordination of the protections, the distribution
system and the islands operate with a radial topology.

The approach of this paper is not conceived to encompass real-
time control. The model is designed to balance both real and
reactive power between load and generation and keep the isolated
area energized. In this way, predefined control actions are defined
in advance for an initial point. In order to have the right frequency
in the desirable area, a balance of active power is introduced
and, for voltage deviation, a reactive power balance of load and
generation is considered. Consequently, the model is capable to
manage the network in abnormal conditions like islanding and
separation from the external grid. Of course, every ten minutes
the designed model updates the setpoints for the control actions
in order to consider the changes in the network after a given time
step.

The mathematical formulation of this paper consists of a
two-stage stochastic Mixed Integer Linear Programming (MILP)
reconfiguration model considering wind energy and energy
storage in EDS. Hence, an Alternative Current (AC) power flow is
approximated through linear expressions to linearize the model.

Several works have been carried out to linearize the AC power
flow in power system studies. In [24] an active network man-
agement strategy relying upon short-term policies to control the
power of generators and load avoiding congestion or voltage prob-
lems is represented. Ref. [25] is divided in two parts. In the first
part, the authors discuss about branch convexification and the
misinterpretation of the physical model and unrealistic assump-
tion therein. In the second part, two algorithms are proposed
to overcome the limitations identified in the first part. A linear
programming model incorporating reactive power and voltage
magnitude is introduced in [26], where a piecewise linear approx-
imation of the cosine term in the power flow equations is pro-
posed. Two linearization techniques are implemented in [27] in the
mixednon-linear programming framework to obtain an equivalent
mixed integer linear programming model. In [28,29] a piecewise
linear approximation function is applied to approximate the prod-
uct square value of voltage and current. In [30] the demands of the
electric distribution system are modeled with linear approxima-
tions in terms of real and imaginary parts of the voltage consider-
ing operating conditions of the electric distribution system. In this
paper, the approaches of [28–30] are applied to obtain a linear AC
power flow formulation to be introduced in the optimization prob-
lem.

Noteworthy, the linear model implemented in this paper has
the following benefits: (1) is based on a robust mathematical
model, (2) the computational behavior of a linear solver is
more efficient than non-linear solvers and (3) using classical
optimization techniques, convergence can be guaranteed.

The paper is organized as follows. In Section 2, a stochastic
model ofwind and a genericmodel of storage system is introduced.
Section 3 describes the optimization problem formulated as a
stochastic MILP. The case studies are illustrated and explained in
Section 4. Results and discussion are presented in Section 5. Finally,
Section 6 contains the conclusions.

2. Wind generation and storage units modeling

2.1. Wind production uncertainty modeling

With the expected growth of wind power penetration in
electrical networks, it is necessary to consider the intermittency

Fig. 1. Historical wind speed data for one year.

and uncertainty of these resources. Therefore, in order to model
wind uncertainty, a probabilistic method based on time series has
been implemented, accordingwith the principles indicated in [31].

Historical data of one year of wind generation [32] are
considered as initial data (Fig. 1) and represented through their
Cumulative Distribution Function (CDF). Starting from the initial
data, in this paper the empirical distribution functions are used
instead of constructing Beta distribution functions as in [31]. In
this way, the full statistical characteristics of the initial data are
preserved. This is the only differencewith respect to the procedure
applied in [31] for creating a number of wind speed patterns.

The application of the procedure contains the following steps:

(a) Preparatory phase: from the CDF of the historical wind speed,
the wind speeds are partitioned into deciles, obtaining the
corresponding wind speed ranges with the following upper
values: 3.875, 5.425, 6.717, 7.879, 9.171, 10.463, 11.755,
13.434, 16.017 and42.885m/s. Then, taking all thewind speeds
located in the same decile, the CDF representing the wind
speed at the next time step is constructed (all the wind speeds
of the next time step reached by starting from a wind speed in
the same decile are used to form the CDF).

(b) Choice of the number of scenarios and selection of the initial
wind speed: NW wind speed patterns are constructed, each
one starting from a wind speed value randomly selected from
the probability distribution of the historical data. The selection
mechanism is the classical one, consisting of extracting for
each scenario a random number from a uniform probability
distribution in (0, 1), entering the CDF of the historical
wind speed with that random number and identifying the
corresponding wind speed.

(c) Construction of the wind speed time series for each scenario:
the decile of the initial wind speed is identified. The CDF of the
wind speed at the next time step for that decile is considered,
extracting the wind speed from that CDF with the classical
selection mechanism indicated above. The decile of the wind
speed extracted is identified, the corresponding CDF of the next
time step is considered, the new wind speed is extracted, and
so forth until all the wind speed values in the time interval of
analysis have been extracted.

By using this procedure, the evolution of the individual
generated patterns is representative of the evolution of the pattern
in the historical data set. In order to show the effectiveness of
this procedure, Fig. 2 visualizes the reordered historical data with
one-year data at 10-min time steps (thick line), together with the
reordered data of 12 patterns constructed for the same one-year
duration and 10-min time steps. It is apparent that the sequence of
reordered data is quite close to the one of the reordered historical
data.

In this paper, the islanding period considered is relatively
short (e.g., one hour), and the quantity of interest is the wind
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Fig. 2. Reordered wind speed for one year.

Fig. 3. Different levels of wind and demand in islanded areas.

power obtained from the wind speed by using the manufacturer’s
curve [33]. For the purpose of the analysis, the NW wind speed
patterns correspond to NW wind power scenarios, and these
scenarios are further grouped into three wind levels (namely, low,
medium and high), defined on the basis of the CDF of the average
wind speed resulting from the wind speed patterns (Fig. 3). In
particular, the lowest 1/3 of wind speeds are associated with the
lowwind level, the highest 1/3 of wind speeds are associated with
the high wind level, and the remaining ones are associated with
the medium wind level.

2.2. Generic storage unit model

Several forms of ESS have been identified in EDS, meeting dif-
ferent goals including improving power system reliability, feeding
real-time power demand and being economically efficient. In this
paper, a generic storage unit model is introduced and applied [34].
The mathematical formulation of the ESS is represented through
(1)–(6).

0 ≤ r̂pitω ≤ rpi v
p
itω (1)

0 ≤ r̂ sitω ≤ r si v
s
itω (2)

xi ≤ x̂itω ≤ xi (3)

x̂itω = x̂i(t−1)ω +∆[ηsi r̂
s
itω − (1/ηpi )r̂

p
itω] (4)

x̂itω=0 = xs0 (5)

v
p
itω + vsitω ≤ 1. (6)

In the above equations, the actual reserve bounds are defined
in (1) and (2). The capacity limits of the ESS is introduced by (3).

Eq. (4) shows the storage transition function. Thus, the state of
charge, x̂itω (storage level at node i, period t and scenarioω), of the
ESS located at bus i at the end of time interval t for each scenario
ω depends on the previous state of charge, x̂i(t−1)ω , and the power
storage/production during the current interval. The initial energy
status of the ESS is defined in (5). Finally, in (6), binary variables vpitω
and vsitω are defined and added to (1) and (2) to avoid producing and
storing energy simultaneously.

3. Stochastic formulation of the problem

The following assumptions are defined to represent the
simplified operation of EDS including switches, generation and
storage devices:
• The EDS is a balanced three-phase system and can be repre-

sented by its equivalent single-phase circuit.
• Shunt line parameters are not considered.
• The islanding duration is predefined. The islanding period is

partitioned into time intervals denoted with t . The duration of
the time intervals depends on data availability.

• The coupling time of ESS is 10min (6 time intervals during 1 h).
• Changes in the load patterns in the EDSmay occur for each time

interval. Inside each time interval all the variables are assumed
to be constant.

• The location of storage units has already been defined in the
planning phase.

• Losses in the ESS are ignored.

3.1. Objective function

The objective function is formulated by using two-stage
stochastic programming as shown in (7)–(10). At the first stage,
the costs of switching under islanding conditions regardless of the
scenarios φ are defined in (8). There, the first term is related to the
cost of closing a switch in branch i, j and the second refers to the
cost of opening a switch in branch i, j. Noteworthy, at this stage,
the status of the switches are defined and will not change during
islanding periods. At the second stage, regarding the scenarios, the
expected values of the total cost of the real power losses and the
voltage deviation with respect to the reference value, ψ(ω), in
branch i, j are penalized in (9). Likewise, the cost of generation and
demand curtailment and the real-time production/storage cost in
the ESS located at bus i, κ(ω) are considered in (10), for each time
interval t , with respect to the different scenarios (ω) and islanding
conditions.

At the first stage, the variables are only related to the behavior
of the switches, which remains invariant during the whole hour,
and at the second stage, other variables are related to scenarios.

min{φ + E[ψ(ω)] + E[κ(ω)]} (7)

φ =


ij

(yijC sw)


iniij=0

+


ij

((1 − yij)C sw)


iniij=1

. (8)

In (8), the first and second terms refer to open and closed
switches before islanding, respectively.

ψ(ω) = ∆


t


ij

RijI2ijtωf
loss

+


t


ij

V 2
itω − V 2

ref

 f Vdev/Rij


(9)

κ(ω) = ∆


t


i

(Pw_curt
itω Cw_curt

itω

+ Pd_curt
itω Cd_curt

itω + r̂pitωĈ
rp

+ r̂ sitωĈ
rs)


. (10)
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Fig. 4. Two-stage objective function.

The voltage deviation is formally expressed as (11). However, in
order to use V 2

itω as a variable in theMILPmodel, an approximation
is introduced by considering Vitω = Vref in the last term of (11), as
seen in (12).

(Vitω − Vref )
2

=
V 2

itω + V 2
ref − 2VitωVref

 (11)V 2
itω + V 2

ref − 2VitωVref
 =

V 2
itω − V 2

ref

 . (12)

Fig. 4 illustrates the two-stage objective function. In the first
stage, the status of the switches is defined regardless of scenarios
and time; in the second stage, several variables are characterized
as indicated in the figure.

3.2. Constraints

Various constraints are included in the following mathematical
statements to assure optimal operation conditions.

3.2.1. Real-time power balance equations
Eq. (13) is formulated to be implemented in the power balance

equation (15).

Pdem
itω = Pd_fore

itω − Pd_curt
itω . (13)

As assumed, wind turbines are able to compensate the reactive
power in order to maintain the grid security under islanding
conditions. The wind power balance is formulated in (14) and
implemented in (15).

Pwind
itω = Pw_fore

itω − Pw_curt
itω . (14)

Real and reactive power balances at node i are formulated in
(15) and (16), respectively.

In order to determine the direction of the current and power
flow (forward or backward), especially in (15) and (16), two
types of positive separate variables applied to both active power
(P+

ijtω, P
−

ijtω) and reactive power (Q+

ijtω,Q
−

ijtω) are introduced in Fig. 5.
Wind power generation, storage/production of ESS and, demand
power curtailment and power losses are considered in these
constraints.

Pwind
itω +


k

(P+

kitω − P−

kitω)−


j

[(P+

ijtω − P−

ijtω)+ RijI2ijtω]

+ (r̂pitω − r̂ sitω) = Pdem
itω (15)

Qwind
itω +


k

(Q+

kitω − Q−

kitω)−


j

[(Q+

ijtω − Q−

ijtω)+ XijI2ijtω]

= Q dem
itω . (16)

3.2.2. Voltage drop equations
Voltage drops between nodes are formulated in (17), where

W 2
ijtω is an auxiliary variable related to switching operations. In

Fig. 5. Illustrative radial distribution system.

case of open switching at branch i, j, W 2
ijtω takes into account that

there is a voltage drop between bus i and bus j.

V 2
itω − Z2

ij I
2
ijtω − V 2

jtω + W 2
ijtω

− 2[Rij(P+

ijtω − P−

ijtω)+ Xij(Q+

ijtω − Q−

ijtω)] = 0. (17)

The maximum and minimum voltage variations for bus i are
defined in (18). Constraints (19) and (20), state that auxiliary
variable Wijtω is 0 when branch i, j is in operation (yij = 1).
Moreover, W

2
must be calculated to give enough freedom for

variableW 2
ijtω in order to satisfy constraint (17). The upper boundof

this variable is the difference of the square values of the maximum
and minimum voltages of the network.

V 2
≤ V 2

itω ≤ V
2

(18)

W 2
ijtω ≥ −W

2
(1 − yij) (19)

W 2
ijtω ≤ W

2
(1 − yij). (20)

3.2.3. Current and power magnitude limits
A set of constraints is represented regarding the thermal

limits of the EDS. Constraints (21), (22)–(23) and (24)–(25) are
introduced for the current, real and reactive power bounds,
respectively. Finally, (26) and (27) are set to avoid considering
forward and backward power flows simultaneously. Note that
(22)–(25) are auxiliary constraints to improve the convergence of
the proposed model.

0 ≤ I2ijtω ≤ I
2
ijyij (21)

P+

jitω ≤ VnomI ijvP
+

ijtω (22)

P−

jitω ≤ VnomI ijvP
−

ijtω (23)

Q+

jitω ≤ VnomI ijv
Q+

ijtω (24)

Q−

jitω ≤ VnomI ijv
Q−

ijtω (25)

vP
+

ijtω + vP
−

ijtω ≤ yij (26)

v
Q+

ijtω + v
Q−

ijtω ≤ yij. (27)

3.2.4. Non-linear apparent power equations
The current flow magnitude is formulated in (28), which is

the only non-linear equation in the optimization problem. The
linearization procedure is explained in detail in Section 3.3.

V 2
itωI

2
ijtω = P2

ijtω + Q 2
ijtω. (28)

3.2.5. Radiality constraints
Constraint (29) is designed to configure the network in a radial

form, which means the number of closed branches in any loop has
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to be less than the total number of branches in that loop, as in [35].
The detailed description of the algorithm is presented in [36].
Initially, a Depth-First Search strategy is used to detect all the loops
in the network, assuming that the switches are closed. This strategy
discovers paths in the network as a sequence of nodes. Therefore,
a loop is defined as a closed path with no repeated node excluding
the first and last points. In order to maintain the radiality of the
system, there should be at least one open branch in each potential
loop.

ij

yij ≤ Nloop − 1. (29)

3.2.6. Wind reactive power equations
In order to coordinate real and reactive power, the limitations

of reactive power for wind turbines are calculated in (29), where
γ ≥ 1 is a user-defined coefficient.

Qwind−

itω = Pwind
itω (tan(arccos(−PFwind

i ))) (30)

Qwind+

itω = Pwind
itω (tan(arccos(PFwind

i ))) (31)

Qwind−

itω ≤ Qwind
itω ≤ Qwind+

itω (32)

Qwind+

itω − Qwind−

itω ≥ γQ dem
itω . (33)

To apply constraint (33), as mentioned in [22], the islanded
area should be divided into reactive control parts, based on the
electrical distance measured in the network. However, as the
reactive power demand can be compensated by generators and the
voltage deviation of the nodes with respect to the reference value
is already considered in the model, the separation of the network
into islanded areas, based on the mentioned method, is skipped
here. In this way, the network is divided into 3 predefined islanded
areas regarding the location of the generators and their ability to
compensate reactive power for local loads.

3.3. PWL procedure

The mathematical model implemented in this paper is nonlin-
ear due to the constraint appearing in (28). In order to create a lin-
earmodel, the PWLmethods proposed in [28–30] are used here. To
create a linear equation from constraint (28), the two sides of the
equation should be handled separately. Note that V 2

itω and I2ijtω are
variables that represent the square magnitude values of voltages
and currents respectively and they are implemented in (15)–(18)
and (21). The linearization process of Eq. (28) is described as fol-
lows.

• V 2
jtωI

2
ijtω: The left side of (28) is handled by splitting V 2

jtω into
small segments. However, this leads to an increase in the num-
ber of binary variables and computation time. In EDS voltage
magnitudes are within a small range, so a constant value V 2

ref
can be considered as voltage magnitude for the first run of the
model in which binary variables are relaxed [28], as shown in
(34).

V 2
jtωI

2
ijtω ≈ V 2

ref I
2
ijtω. (34)

Then, the model is run again and V 2
jtω takes the value result-

ing from the first run. Note that V 2
jtω hardly changes after the

second execution. Due to the limited range of voltage magni-
tude variation, this simplification is approximated with a small
error.

• P2
ijtω + Q 2

ijtω: Both terms on the right side of (28) are handled
by introducing a piecewise linear approximation [29,30]. The

process of linearization is presented as follows:

P2
ijtω + Q 2

ijtω =


r

(mijrtω1Pijrtω)+


r

(mijrtω1Qijtω) (35)

P+

ijtω + P−

ijtω =


r

1Pijrtω (36)

Q+

ijtω + Q−

ijtω =


r

1Qijrtω (37)

0 ≤ 1Pijrtω ≤ 1Sijrtω (38)

0 ≤ 1Qijrtω ≤ 1Sijrtω (39)

where:

mijrtω = (2r − 1)1Sijrtω (40)

1Sijrtω = (VnomI ij)/Rij. (41)

Eq. (35) is a piecewise linear approximation of (P2
ijtω+Q 2

ijtω), and
(36) and (37) represent that (P+

ijtω + P−

ijtω) and (Q+

ijtω + Q−

ijtω) are
equal to the sum of the values in each block of the discretiza-
tion, which means they are a set of linear terms. In addition,
mijrtω and1Sijrtω are constant parameters and, (36) and (37) are
a set of linear expressions. Therefore, (42) represents the final
linear form of constraint (28). In this equation, V 2

jtω is a parame-
ter and


r(mijrtω1Pijrtω) and


r(mijrtω1Qijrtω) are linear. Fig. 6

shows the PWL of P2
ijtω .

The model is linear since a PWL has been performed, so,
the solution is a global optimum. By increasing the number of
blocks, the solution ismore accurate, however, the computation
time also increases. As performed in several experimental sim-
ulations, the solutions hardly change from 20 blocks onwards
in the piecewise linear procedure.

V 2
ref I

2
ijtω =


r

(mijrtω1Pijrtω)+


r

(mijrtω1Qijrtω). (42)

In Refs. [28–30] the authors show a set of performance assess-
ments of the approximate method compared with an accurate
linearized power flow model (AC). The authors conclude that
the error obtained using the piecewise linear approximation
may reach a maximum percentage error of 1%.

There are two ways to carry out the PWL of P2
ijtω (and

also Q 2
ijtω), the one that uses binary variables and another one

that does not use them. The use of binary variables to iden-
tify in which straight-line of the linearization Pijtω is located
(when calculating P2

ijtω) is the most efficient, robust and ac-
curate method, but it is necessary to include many additional
binary variables in the model that produce an increase in the
computational effort. If no binary variables are used in the lin-
earization, relaxing the adjacency condition is needed to ensure
the correct performance of the PWL (see Appendix).

4. Case studies

To assess the behavior of the network in several situations, the
proposed model is applied on a 69-bus network. The data of the
network is collected from [37]. The maximum current flow in all
the lines and the upper boundW

2
of the auxiliary variable related

to the voltage drop are, 90 A and 0.4 kV2, respectively. Due to the
location of loads and generators, the probability of islanding in
three areas of the network is anticipated. Therefore, the network
is divided into three predefined islanded areas. In particular, the
three predefined islanded areas and the location of wind turbines
and storage units are represented in Fig. 7. Network specifications
are shown in Table 1. In the PWL, 20 discrete blocks are considered.
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Fig. 6. Modeling the piecewise linear function P2
ijtω .

The upper and lower voltage limits of the buses are 1.1 and 0.9 pu,
respectively. The islanding duration considered is 1 h.

Demand data, recorded every 10 min, is collected from the
Iberian Electricity Market [38]. Wind generation data are taken
from historical records having 10 min time step. On these bases,
the islanding duration is divided into 10-min time intervals (6
time intervals). In the PWL procedure described in Section 3.3, 20
discrete blocks are considered.

Three levels of wind generation are combined with 3 levels of
demand to create 9 cases. Accordingly, for demand, 20%, 100% and
180% of the average values from historical data are defined as dif-
ferent levels. For wind power, NW = 50 scenarios are constructed
and three wind power levels (low, medium and high) are defined
as indicated in the last part of Section 2.1. Furthermore, for a bet-
ter analysis, two different case studies are considered: (A) only
wind generation and (B) wind generation along with storage units.
The combination of different levels of power for wind generation
and demand produces 9 cases. Consequently, every case is applied

Table 1
Network characteristics considering three islands (kW).

Island 1st 2nd 3rd Total

Average demand (20%) 6.04 71.03 143.79 220.86
Average demand (100%) 30.19 355.19 718.95 1104.33
Average demand (180%) 54.35 639.34 1294.12 1987.81

Average low wind level 39.98 79.97 79.97 199.92
Average med wind level 122.75 245.51 245.51 613.77
Average high wind level 263.54 527.07 527.07 1317.68

Storage capacity 75 150 75 300

Number of switches 0 4 1 5

for both case studies in order to find out the behavior of the net-
work and analyze various results. The capacity of each storage unit
is 0.15 MW and the initial energy level is set to 50% of their ca-
pacities (0.075 MW). Also, the upper and lower bounds of stor-
age/production in each storage system are 0.15 MW and 0 MW,
respectively.

5. Results and discussion

For the 9 cases defined, Tables 2–4 represent the results of the
optimization problem considering different cases under islanding
conditions for islands 1, 2 and 3, respectively. The initial load
and generation for each case before being disconnected from the
external grid are shown in the first section of the tables. The results,
including connected loads and generators, stored/produced energy
and power losses, are illustrated in the remaining two sections of
each table, showing the islanded area results in presence of ESS and
the results without ESS, respectively.

Since the only energy source under islanding conditions is
wind, there are three possibilities: (1) wind generation higher than
demand, (2) demand higher than wind and, (3) balanced wind and
demand. As the network is analyzed with and without ESS, several
situations and conditions are expected.

Fig. 7. Network and island configurations.
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Table 2
Island 1 results (values in kW).

Island 1 (cases) 1 2 3 4 5 6 7 8 9

Total initial load 6.04 30.19 54.35 6.04 30.19 54.35 6.04 30.19 54.35
Total initial generation 39.98 39.98 39.98 122.75 122.75 122.75 263.54 263.54 263.54

Islanding without ESS

Load 5.60 24.82 33.47 5.80 28.56 50.93 6.04 30.19 54.35
Generation (wind) 5.95 25.94 34.21 6.16 30.31 54.02 6.41 32.06 57.72
Power losses 0.35 1.12 0.74 0.36 1.74 3.09 0.37 1.87 3.37

Islanding with ESS

Load 6.04 30.19 54.35 6.04 30.19 54.35 6.04 30.19 54.35
Generation (wind) 38.84 39.98 39.98 75.78 91.89 104.73 79.30 133.39 127.20

Storage Produces 0.13 3.81 18.08 0.24 1.63 3.42 0.36 1.78 3.20
Stores 32.74 13.09 3.46 67.56 60.64 51.00 70.59 70.59 70.40

Power losses 0.19 0.51 0.26 2.42 2.69 2.80 3.03 4.38 5.65

Table 3
Island 2 results (values in kW).

Island 2 (cases) 1 2 3 4 5 6 7 8 9

Total initial load 71.04 355.19 639.35 71.04 355.19 639.35 71.04 355.19 639.35
Total initial generation 79.97 79.97 79.97 245.51 245.51 245.51 527.07 527.07 527.07

Islanding without ESS

Load 55.12 79.90 79.92 66.17 235.23 245.17 71.04 329.29 524.24
Generation (wind) 58.61 79.97 79.97 72.36 239.18 245.51 72.07 331.52 527.07
Power losses 3.49 0.07 0.04 6.18 3.94 0.34 1.03 2.23 2.83

Islanding with ESS

Load 71.04 229.71 229.93 71.04 333.86 395.22 71.04 355.19 616.47
Generation (wind) 79.97 79.97 79.97 94.56 245.51 245.51 220.46 429.02 527.07

Storage Produces 15.61 150 150 29.74 100.14 150 0 58.32 92.66
Stores 24.33 0 0 49.23 9.57 0 148.44 130.92 0.87

Power losses 0.21 0.25 0.04 4.03 2.21 0.29 0.98 1.23 2.39

Table 4
Island 3 results (values in kW).

Island 3 (cases) 1 2 3 4 5 6 7 8 9

Total initial load 143.79 718.96 1294.12 143.79 718.96 1294.12 143.79 718.96 1294.12
Total initial generation 79.97 79.97 79.97 245.51 245.51 245.51 527.07 527.07 527.07

Islanding without ESS

Load 71.93 79.61 79.77 127.70 241.43 242.46 143.11 511.65 512.18
Generation (wind) 73.37 79.97 79.97 135.92 245.51 245.51 151.15 527.07 527.07
Power losses 1.44 0.36 0.20 8.22 4.08 3.05 8.04 15.43 14.89

Islanding with ESS

Load 143.79 154.76 154.86 134.16 318.23 318.73 143.74 587.81 594.41
Generation (wind) 79.97 79.97 79.97 184.9 245.51 245.51 230.89 523.36 527.07

Storage Produces 71.34 75 75 5.03 75 75 0 75 75
Stores 3.66 0 0 49.68 0 0 75 0 0

Power losses 3.85 0.20 0.11 6.09 2.27 1.78 12.15 10.54 7.66

5.1. Islanding without ESS

In the case of islanding without ESS, if the amount of load is
higher than generation, the optimization procedure disconnects
part of the load in order to keep the real power imbalance within
acceptable limits (Fig. 8(a)). Also, with a surplus of generation,
the optimization model tries to balance the power in the islanded
area by decreasing power generation in that area (Fig. 8(b)). In a
few cases, the power imbalance between load and generation is
very low and depends on the stochastic inputs of the load and
generation, the optimizationmodel tries to shed both of them. This
happensmostly in cases 2, island 1 and in cases 1, 5, 8 and 9, island
2, as it can be seen in Table 3 and in case 1, shown in Fig. 8(c).

5.2. Islanding with ESS

In the presence of both wind and storage, several situations
are likely to happen in the case of islanding. With an excess of
wind generation in the islanded area, three different situations
can occur. The first situation occurs when wind generation is
higher than the load plus the total storage capacity (Fig. 8(d)).
In this case, wind curtailment is unavoidable in every interval
and the ESS is fully charged. The second situation occurs when
the surplus of generation can be completely stored by the ESS
in one hour, thus, avoiding any curtailment. This is the same
situation seen in Fig. 8(b), but considering ESS to store the excess
of wind generation. However, in the third situation, it may be
necessary to disconnect generation in some time intervals due to
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(a) Case 8 Island 3 without ESS. (b) Case 1 Island 1 without ESS. (c) Case 1 Island 2 without ESS.

(d) Case 7 Island 3 with ESS. (e) Case 6 Island 1 with ESS. (f) Case 2 Island 2 with ESS.

(g) Case 1 Island 3 with ESS. (h) Case 8 Island 2 with ESS. (i) Case 9 Island 2 with ESS.

Fig. 8. Islanding power balance situations; (Blue: demand curtailment; Gray: wind curtailment; Green: energy storage for ESS; Orange: energy production for ESS). The
dashed lines represent the wind scenarios for the corresponding wind level. (For interpretation of the references to color in this figure legend, the reader is referred to the
web version of this article.)

extra generation in that time interval (Fig. 8(e)) i.e., for that 10min
interval, the storage capacity of the ESS is lower than generation
and, within this time interval, it is not possible to store energy.

On the other hand, several situations can be analyzed in the
case of an excess of demand. In several cases, generally in islands
2 and 3, the total stored energy in ESS is used to compensate the
imbalance of power in islanding conditions. However, some loads
should be disconnected in order to balance the power (Fig. 8(f)
and (g)). In other cases, the ESS injects part of its capacity into the
network, which is enough to compensate the power in that area,
avoiding any demand curtailment (case 8 in island 3 with ESS)
and it is similar to Fig. 8(a), in which the deficit of wind power
generation is compensated by the storage production.

Finally, other situations can occur depending on the amount of
imbalance between load and generation and the capacity of the
ESS. For instance, in cases 8 and 9 of island 2, the ESS produces or
stores energy depending on the time interval (Fig. 8(h) and (i)).

5.3. General islanding analysis

Table 2 shows the results of the optimization problem after
the disconnection of island 1. The minimum and maximum
initial power imbalances in this area are 9.79 kW and 257.5 kW,
respectively.

The output of the optimization model for island 2 is illustrated
in Table 3. The minimum and maximum initial power imbalances
are 8.93 kW and 559.38 kW and they are related to cases 1 and 3,
respectively. Unlike other islands, two ESS with a total capacity of

150 kW are connected to this area. In cases 2, 3 and 6 the energy
is fully produced by the ESS. On the other hand, only in case 7, the
energy is completely stored by the ESS. Noteworthy, in cases 1, 5,
8 and 9, the energy is stored or produced by the ESS depending
on the level of wind power or demand in the time intervals. The
minimum and maximum power losses are 0.04 kW and 6.18 kW,
respectively, and they are related to cases 3 and 4, respectively.

Finally, Table 4 presents the results of the optimization model
for island 3. Theminimum andmaximum initial power imbalances
are 63.14 kW in case 1 and 1214.15 kW in case 3, respectively.
This islanded area has the highest level of power imbalance in case
3 compared with the other islanded areas. Consequently, the ESS
will be fully charged or discharged regarding the amount of power
imbalance in the islanded area. Although, in some cases, the energy
can be stored or produced by the ESS completely, a small part of
generation or demand is disconnected and the ESS cannot avoid
disconnecting them. As the reactive power is not compensated
by the ESS, in some cases, e.g. cases (1 and 4) a curtailment of
generation or demand is unavoidable. Finally, the minimum and
maximumpower losses are 0.11 kW in case 3 and 15.43 kW in case
8, respectively.

In general, generation and demand curtailment are lower in the
presence of ESS in islanded areas. Since power losses are related
to the location of load and generation and the limitation of the
connection lines in EDS, lower power losses with ESS are not
guaranteed.

Regarding the reactive power imbalance in the network, in all
cases and islanded areas, the generation is able to compensate
the reactive power after islanding and the optimization procedure.
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Table 5
Order of complexity.

Without ESS With ESS

Binary variables 4NB NT NW + NB 4NB NT NW + 2NN NT NW + NB
Continuous variables 8NB NT NW + 10NN NT NW 8NB NT NW + 12NN NT NW
Constraints 19NB NT NW + 11NN NT NW 19NB NT NW + 17NN NT NW

Table 6
Order of complexity using binary variables in the PWL.

Without ESS With ESS

Binary variables 4NB NT NW + NB + 2NB NR NT NW 4NB NT NW + 2NN NT NW + NB + 2NB NR NT NW

Reactive power is introduced as a constraint in the optimization
model and power losses are lower than the optimization model
including reactive power in the objective function.

5.4. Scalability of the model

All the cases have been solved using MATLAB R2012a [39] and
CPLEX under GAMS 24.0 [40] on a Windows 8-based Dell Server
R920 with four processors Intel Xeon E7-4820 clocking at 2 GHz
and 128GB of RAM. Table 6 illustrates the comparison between the
order of complexity of the model with and without ESS. The num-
ber of binary and continuous variables and constraints depends on
the number of nodes (NN ), the number of branches (NB), the num-
ber of time intervals (NT ) and the number of scenarios (NW ). In Ta-
ble 5, the characterization of the model is illustrated.

6. Conclusion

In this paper, a two-stage stochastic MILP reconfiguration
model considering wind energy and ESS in EDS has been imple-
mented in order to maximize load and generation under islanded
conditions. The objective function of the optimization model has
been based on real power with additional constraints for reactive
power in the islanded area. The output of the mathematical model
has been analyzed by using 9 cases in 3 islanded areas including
wind generation and ESS. The proposed model leads to correct op-
eration of the grid in islanded situations and avoids a complete
blackout in these areas under different levels of generation and de-
mand. The EDS network has been analyzed by considering wind
generation only and with a combination of wind and ESS are an-
alyzed. It has been observed that the combination of wind gener-
ation and ESS leads to keeping more load and generation on-line
under islanded conditions.
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Appendix. PWL process

The implementation of the PWL within an optimization
framework generally requires binary integer variables to enforce
adjacency conditions for the piecewise linear segments. Adjacency
conditions ensure that Pijrtω ≥ 0 if Pij(r−1)tω = 1Sijrtω .

However, omitting binary variables and relaxing the adjacency
condition provide a strictly continuous linear approximation of
P2
ijtω and Q 2

ijtω that is equivalent to a bounded convex relaxation of
(28) as in (43). The adjacency of the power blocks does not need to

be enforced explicitly as in [41,42]. It has been verified that (43) is
active in the solution.

V 2
itωI

2
ijtω ≥ P2

ijtω + Q 2
ijtω. (43)

The proof, as mentioned in [43], is that the function P2
ijtω is

strictly convex (is the same for Q 2
ijtω) if the Hessian is positive

definite (▽2(P2
ijtω) ≥ 0), which is the case.

All of this has been checked experimentally by including binary
variables, and the solution has not changed. Yet, by introducing
binary variables the computational time increases. This increase
has been expressed by determining the computational complexity
of themodels, as follows, by using the variables already introduced
in this paper and adding the number of blocks, NR, as seen in
Table 6.

For the sake of completeness, in order to show the use of
binary variables, the new equations that include binary variables
are presented as done in [44].

1Pijrtω ≤ 1Pij(r−1)tω (44)

1Sijrtω −1Pij(r−1)tω ≤ µij(r−1)tω1Sijrtω (45)

1Pijrtω ≤ (1 − µij(r−1)tω)1Sijrtω (46)

1Qijrtω ≤ 1Qij(r−1)tω (47)

1Sijrtω −1Qij(r−1)tω ≤ ηij(r−1)tω1Sijrtω (48)

1Qijrtω ≤ (1 − ηij(r−1)tω)1Sijrtω (49)

where µijrtω and ηij(r−1)tω are the binary variables that indicate if
the block is filled (0) or not (1).
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Abstract: Due to the rapid growth in the amount of wind energy connected to distribution grids, they
are exposed to higher network constraints, which poses additional challenges to system operation.
Based on regulation, the system operator has the right to curtail wind energy in order to avoid any
violation of system constraints. Energy storage systems (ESS) are considered to be a viable solution
to solve this problem. The aim of this paper is to provide the best locations of both ESS and wind
power by optimizing distribution system costs taking into account network constraints and the
uncertainty associated to the nature of wind, load and price. To do that, we use a mixed integer linear
programming (MILP) approach consisting of loss reduction, voltage improvement and minimization
of generation costs. An alternative current (AC) linear optimal power flow (OPF), which employs
binary variables to define the location of the generation, is implemented. The proposed stochastic
MILP approach has been applied to the IEEE 69-bus distribution network and the results show the
performance of the model under different values of installed capacities of ESS and wind power.

Keywords: optimal location; energy storage systems (ESS); mixed integer linear programming
(MILP); wind power; optimal power flow (OPF)

1. Introduction

Government efforts and regulatory agencies have been highly committed to increasing the
penetration of renewable energy sources (RES) in distribution networks in order to achieve targets
mainly related to emission reduction and fossil energy independence [1]. Wind power capacity has
expanded rapidly in the last years, and it has become the most relevant RES in the world. On the
other hand, the penetration of RES, especially wind power, has caused several problems due to its
intermittency and uncertainty [2]. However, several types of energy storage systems (ESS) are used in
electrical networks to cope with problems such as smoothing the output power of RES [3], improving
power system stability [4,5], reducing distribution losses and being economically efficient [6]. Moreover,
dispatchable storage technologies provide added benefits for utilities, distributed generation (DG)
owners and customers, through reliability, improved power quality, and overall reduced energy
costs [7–9]. For these reasons, in the new context of DG uncertainty, the physical placement of both
wind and energy storage elements in the system must be studied. Having RES and EES in electrical
networks is a challenge to integrate them in an optimal way in distribution networks. Furthermore, in
many countries, the target is to increase the installed capacity of renewable energy in distribution grids.
This requires the combination of wind and storage units in order to deal properly the system. The
models focus on the optimal location of both units and the benefits of combining wind and storage.

Several studies habe been performed for the location of DG. In [10], state-of-the-art models
and optimization methods applied to DG placement are reviewed. Optimal placement of DG
is done by solving the required objective function, which could be single or multi-objective.
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The main single-objective functions include generation cost optimization [11], minimization of system
losses [12–14] and voltage stability [15]. The multi-objective formulation is converted to a
single-objective function using the weighted sum of individual objectives [16] (active power loss,
reactive power loss, voltage profile and reserve capacity).

In addition, several works have described the effectiveness of integrating storage with wind
and they have proposed optimal ESS allocation models. Authors in [17] implemented an optimal
location for a battery-based ESS to reduce distribution losses. A methodology to allocate energy storage
resources in order to decrease wind energy curtailment costs under high wind penetration is used
in [18]. In [19], an investor-owned independently-operated storage unit maximizes its profit in the
day-ahead market. In [20] the authors formulated an objective function to minimize overall capital cost.
Reference [21] used a direct current (DC) optimal power flow (OPF) to minimize the operation cost of
the system subject to network constraints. An alternative current (AC) OPF that minimizes operating
cost is used in [22]. In [23] the objective function is composed of ESS charging and discharging costs,
weighting cost losses and the additional cost of adding more generation. In [24], the objective function
comprises the squared norm of voltage deviations of all the network buses over a given period of time,
the total amount of network losses over a given period of time and the total energy cost related to the
power flow with the external grid.

In terms of methodologies, an analytical method is used in [14], numerical methods such as linear
programming (LP) [13], non-linear programming (NLP) [18], mixed-integer non-linear programming
(MINLP) [15], and dynamic programming (DP) [3] are developed. Heuristic methods have been also
applied, where a genetic algorithm (GA) is applied using chance constrained programming (CCP) [2],
tabu-search (TS) [12], particle swarm optimization (PSO) [17], and big bang–big crunch (BB–BC) in [16].
Probabilistic optimal power flow (POPF) models are used in [7,21–24]. In [19] the authors converted
the stochastic problem to a convex optimization one.

With the expected growth of wind power penetration in electrical networks, it is necessary to
consider the intermittency and uncertainty of these resources. In previous works, [1,3,6,8–14,16,17,19]
uncertainty was not taken into account. In other works [4,5], forecasting and prediction methods are
applied, respectively. Unlike [18,24], where an auto regressive moving average (ARMA) technique
is used to model wind speed, we propose a probabilistic method based on time series for generating
scenarios, as in [25].

Table 1 summarizes the main differences between this paper and the state-of-the-art related to the
optimal location of units. The table shows whether a particular aspect is considered or not. Moreover,
the objective function and the methodology used is mentioned in the table. Other works [3,6–9,21]
show the impact and the benefits of combining RES with ESS in distribution networks in an operation
framework, assuming some locations as given. The advantage of our approach is that we optimally
locate both wind and ESS in a distribution network. This means that a linear AC OPF is used for
this purpose and stochasticity is also taken into account. In addition, the objective function includes
technical and generation aspects of current distribution grids.

In this paper, we propose a cost-based stochastic operation model to find the optimal location of
wind power and storage facilities, which has not been presented yet in technical literature. It is worth
mentioning that, due to the intermittency and uncertainty of wind power, the combination of RES and
ESS is mainly desirable in terms of reliability, wind curtailment cost and loss reduction. As a result,
the motivation of this paper is to show the effect of the joint combination of wind and EES in terms of
operating costs, considering different penetration levels of wind power and ESS.

The main contributions of this paper are the following:

(1) Regarding the methodology, a stochastic mixed integer linear programming (MILP) model is
introduced to consider the inconsistency and intermittency of renewable power sources, in this
case wind power. The MILP method applied provides these benefits:

(a) The mathematical model is robust.
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(b) The computational behavior of a linear solver is more efficient than those of nonlinear solvers,
providing a global optimum solution.

(c) Convergence can be guaranteed using classical optimization techniques.

(2) From a modeling perspective, a novel joint RES and EES optimal location model, which has not
been done yet, is presented here for a distribution system.

Table 1. Comparison of optimal location models. ESS: energy storage systems; CCP: chance constrained
programming; MINLP: mixed-integer non-linear programming; TS: tabu-search; NL: non-linear; AC:
alternative current; OPF: optimal power flow; GA: genetic algorithm; POPF: probabilistic optimal power
flow; BB-BC: big bang-big crunch; PSO: particle swarm optimization; NLP: non-linear programming;
DC: direct current; MILP: mixed integer linear programming.

Approach Optimal
Wind Site

Optimal
ESS Site Stochasticity Objective Function Methodology

[2]
√ × √ Investment, operation,

maintenance and losses
costs minimization

CCP

[11]
√ × × Fuel cost minimization MINLP

[12]
√ × × Power losses

minimization TS

[13]
√ × × Power losses

minimization
Multiperiod
NL AC OPF

[14]
√ × × Power losses

minimization

Improved
analytical
method

[15]
√ × × Voltage stability margin

maximization MINLP

[16]
√ × ×

Multi-objective
optimization (active,

reactive power losses,
voltage profile and

reserve capacity
minimization)

BB-BC

[17] × √ × Power losses
minimization PSO

[18] × √ × Wind energy
maximization NLP

[20] × √ × Overall capital cost Multiperiod
NLP AC OPF

[22] × √ √ Generation cost
minimization GA POPF

[23] × √ √
ESS, transmission losses

and conventional
generation cost
minimization

NLP DC POPF

[24] × √ √
Multi-objective

optimization (voltage
deviation, network losses,
energy cost minimization

GA

Proposed
approach

√ √ √

Expected value
minimization of energy

losses, voltage deviation,
generation, wind
curtailment and

storage costs

MILP AC OPF
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The main advantage of using LP (in our case, stochastic MILP due to the need of binary variables
for optimal location and uncertainty modeling) is that it searches for and guarantees the global optimal
solution. The methods shown in Table 1 are either nonlinear or metaheuristic, guaranteeing a local
optimum; however, they do not assure that the solution found is the global optimal solution. For this
reason, we use MILP to obtain the best solution. As seen in Table 1, in the context of allocation
problems, only our work includes a linear model.

The rest of the paper is organized as follows. In Section 2, a stochastic model of wind and a generic
model of a storage system are introduced. Section 3 defines the mathematical model formulated as
a stochastic MILP. The main results of the case studies are shown in Section 4. Finally, the main
conclusions are presented in Section 5.

2. Scenario Generation and Storage Modeling

2.1. Scenario Generation

In the presence of renewable-based DG, it is necessary to consider the intermittency and
uncertainty of these resources. Consequently, in order to model wind uncertainty, a probabilistic
method based on time series has been implemented. Historical data of one year of wind speed is
considered as initial data for candidate areas of wind generation. This section explains the generation
of wind scenarios.

For each season, the cumulative distribution function (CDF) of historical wind speed is constructed.
In Figure 1a, historical wind speed data for winter is represented. Initially, the number of scenarios is
decided. Then, for each scenario, the initial value of wind speed is determined by a random number
from a uniform probability distribution (0,1) that enters as the probability of the CDF of the historical
data and identifies the corresponding wind value. The CDF of the historical data of winter is illustrated
in Figure 1b. This methodology is known as the classical selection mechanism.
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Figure 1. Method for wind scenario generation: (a) wind speed data for winter season; (b) cumulative
distribution curve for winter season; (c) cumulative distribution curve for the 10 deciles; and
(d) wind scenarios.
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In order to select the next wind speed value, the CDF of the historical wind speed data has
previously been divided into deciles, obtaining the wind speed ranges. For instance, in winter, wind
speeds have the following limits: 3.85, 4.98, 5.92, 7, 7.95, 8.81, 9.93, 11.27, 13.08, 22.38 m/s. Taking all
the wind speeds located in the same decile, the CDF corresponding to the wind speed of the historical
data at the next step is constructed. The decile of the initial wind speed, for each scenario, is identified.
The CDF of the wind speed at the next time step for that decile is considered, extracting the wind speed
from that CDF with the classical selection mechanism indicated above. The decile of the wind speed
extracted is identified, the corresponding CDF of the next time step is considered, the new wind speed
is extracted, and this is performed successively until all the wind speed values in the time interval
of analysis have been extracted. The CDF corresponding to the wind speed of the historical data at
the next step for each decile is visualized in Figure 1c. Finally, wind scenarios are represented for one
week in Figure 1d.

The same approach is done for substation prices and load scenarios as seen in Figure 2.
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Figure 2. Substation price and load scenarios: (a) price at the substation (c/MWh); and (b) load (pu).

In order to have a tractable computational time, 50 scenarios have been generated for each input
(wind, load, substation price) and they been reduced to four scenarios for each one of the inputs by
using the k-means clustering algorithm. This method can be used to partition a given set of scenarios
into a given number of clusters. As a result of this partition, scenarios with similar features are
assigned to the same cluster. The centroid of each cluster represents a somewhat average pattern
of all the scenarios included in a cluster. Since the centroid is artificial, the original scenario with
the lowest probability distance from the centroid is used to represent the cluster. The relationship
between the considered uncertainty sources is graphically described in Figure 3, resulting in 43

scenarios. The number of scenarios has been limited to this figure to minimize the dimensionality in
the problem formulation.
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Wind Speed Substation Price Demand

Figure 3. Considered scenario tree for wind power generation, substation price and load.

2.2. Generic Energy Storage Systems Modeling

Recently, the use of storage devices has increased significantly. In this work, an ideal and generic
storage unit model is presented as in [26], which is “a device with the capability of transforming and
storing energy, and reverting the process by injecting back the stored energy to the system”. Within
this context, it can be conveniently integrated in complex optimization problems. An ideal and generic
storage device is modeled with the hypothesis mentioned below:

• There are no up or down ramps.
• There are no storage energy losses.
• There is no hysteresis in discharging or charging.
• There are conversion losses. This means there are efficiency rates of direct (production) and reverse

(storage) energy transformation. These rates are given with respect to the energy measured at the
bus connected to the storage unit.

• Production/storage costs are the same for any level of production/storage of the unit.
• Energy production/storage occurs at constant power for the minimum period of study

(typically one hour).
• The depth of discharge is assumed to be 80% of the maximum storage energy capacity.

The mathematical formulation of ESS is represented through Equations (1)–(5):

ss
iβi ≤ ss

itω ≤ ss
iβi (1)

sp
i βi ≤ sp

itω ≤ sp
i βi (2)

xi ≤ xitω ≤ xi (3)

xitω = xi(t−1)ω + ∆[ηs
i ss

itω − (1/ηp
i )s

p
itω] (4)

xit=0ω = xit=Tω (5)

In the above equations, the actual storage (charge) and production (injection into the network)
bounds are defined in Equations (1) and (2). A binary variable βi for allocating EES in a node i of the
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network is introduced in these equations. Additionally, capacity limits of the ESS are introduced in
Equation (3). Equation (4) shows the storage transition function. Thus, the state of charge, xitω (storage
level at bus i, period t and scenario ω), of the ESS located at bus i at the end of time interval t for
each scenarioω depends on the previous state of charge, xi(t−1)ω, and the power storage/production
during the current interval. In Equation (5), the initial energy status of the ESS has to be the same as
that at the end of the period.

Finally, Equation (6) defines the location of ESS under different penetration levels (total number
of EES units) in the model, ESS:

∑
i
βi = Nst (6)

3. Mixed Integer Linear Programming Formulation

The following assumptions are made to represent a simplified power flow of a distribution system,
generation and storage devices:

• The electric distribution system is a balanced three-phase system and can be represented by its
equivalent single-phase circuit.

• The time stretch used for the simulation is one week, in intervals of time of 1 h.
• Several candidate buses are selected for the optimal location of the wind unit. The optimal locations,

based on wind resources, should be selected according to: high average speed, acceptable diurnal
and seasonal variations, acceptable levels of turbulence and extreme winds. Other technical
criteria are the softness of the orography for the civil works and the proximity of power lines with
evacuation capacity for interconnection, technical feasibility and ease of construction or absence of
environmental, urban, archaeological and cultural conditions.

• In the case of locating ESS, all the buses are candidates for location.
• For the sake of simplicity, only one wind power unit and one ESS unit are used. The variation

of the installed amount of wind and ESS capacities at the optimal locations is discussed in the
case study.

3.1. Objective Function

The aim of the optimization model proposed is to minimize all the costs associated with the
operation of a distribution network and how the penetration of DG and ESS affects it. The objective
function in Equation (7), the expected values of the total cost of the real power losses and the
voltage deviation with respect to the reference value in branch i, j are penalized in Equation (8).
The probability-weighted average of all possible values produces the expected values of the costs.
Furthermore, the cost of the energy that comes from the substation, wind curtailment cost, and
production and storage costs are also included in Equation (9):

min {E[ψ(ω)] + E[κ(ω)]} (7)

ψ(ω) = ∑
t

∑
ij

∆Rij I2
ijtωCloss + ∑

t
∑
ij

∆
∣∣∣V2

itω −V2
ref

∣∣∣CVdev /Rnom (8)

κ(ω) = ∑
t

∑
i

∆[Psub
itωCsub

itω + sp
itωCp + ss

itωCs + Pw_curt
itω Cw_curt] (9)

3.2. Constraints

The objective function is subject to a set of constraints to assure optimal operational conditions.
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3.2.1. Power Balance Equations

Real wind power including curtailment is represented in Equation (10). This equation is active in
the nodes where the model optimally locates the wind unit, and the active power injected comes from
the wind power scenario generation discounting the wind power curtaiment, if necessary. The optimal
location of wind power generation at bus i is defined by binary variable αi:

Pwind
itω = Pw_fore

itω αi − Pw_curt
itω (10)

∑i αi = Nwind (11)

Equation (11) defines the location of wind units under Nwind different penetration levels of wind.
Real and reactive power balance equations at bus i are formulated in Equations (12) and (13).

For both active and reactive power, wind power generation, production/storage of ESS, and the power
flow from/to the substation are considered:

Psub
itω + Pwind

itω + ∑k (P+
kitω − P−kitω)−∑j [(P+

ijtω − P−ijtω) + Rij I2
ijtω] + (sp

itω − ss
itω) = Pdem

itω (12)

Qsub
itω + Qwind

itω + ∑k (Q
+
kitω −Q−kitω)−∑j [(Q

+
ijtω −Q−ijtω) + Xij I2

ijtω] = Qdem
itω (13)

In order to distinguish the direction (sense) of the current and power flow (forward or downward
the substation) due to existence of DG, especially in Equations (12) and (13), two types of positive
separate variables are used for both active (P+

ijtω, P−ijtω) and reactive power (Q+
ijtω, Q−ijtω), as seen in

Figure 4.
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Figure 4. Illustrative radial network with DG.

3.2.2. Non-Linear Apparent Power Equations

The current flow magnitude calculation is expressed by Equation (14), which is the only non-linear
equation in the optimization model. The linearization procedure is explained in detail in Section 3.3:

V2
jtω I2

ijtω = P2
ijtω + Q2

ijtω (14)

3.2.3. Voltage Drop Equations

Voltage drops between buses are formulated in Equation (15):

64
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V2
itω − Z2

ij I
2
ijtω − 2[Rij(P+

ijtω − P−ijtω) + Xij(Q+
ijtω −Q−ijtω)]−V2

jtω = 0 (15)

The equation above is obtained from the initial phasor equation in Equation (16):

~Vi − ~Vj = ~Iij(Rij + jXij) (16)

The complex power expressed by the product that appears in Equation (17), where ~Vi,~Vj,~Iij are
voltages and currents, and ~I∗ij is the complex conjugate of the current:

~Vj~I∗ij = Pij + jQij (17)

Substituting the current magnitude value of Equation (17) into Equation (16) leads to Equation (18):

~Vi − ~Vj = (Pij + jQij/~Vj)
∗(Rij + jXij) (18)

By operating, this leads to Equation (19), where ~Vi is equal to its module Vi and its phasor θi, and
θij = θi − θj, obtaining Equation (20):

(~Vi − ~Vj)~Vj
∗
= (Pij − jQij)(Rij + jXij) (19)

ViVj(cos(θij) + jsin(θij)) = (Pij − jQij)(Rij + jXij) (20)

Separating the real Equation (21) and imaginary parts Equation (22), we obtain:

ViVjcos(θij) = PijRij + QijXij + V2
j (21)

ViVjsin(θij) = PijXij −QijRij (22)

Considering the relation Z2
ij = R2

ij + X2
ij and the trigonometric rule sinθ2

ij + cosθ2
ij = 1, and

summing the squares of Equations (21) and (22), we obtain the expression of the voltage drop:

V2
i − Z2

ij I
2
ij − 2[RijPij + XijQij]−V2

j = 0 (23)

Specifying Equation (23) in the model, with the inclusion of the direction of the power flow, this
becomes Equation (15). Finally, the maximum and minimum voltage variations for bus i are defined in
Equation (24):

V2 ≤ V2
itω ≤ V2 (24)

3.2.4. Current and Power Magnitude Limits

Regarding thermal limits, a set of constraints is introduced for current in Equation (25), real
power in Equations (26) and (27), and reactive power in Equations (28) and (29) limits, respectively.
In addition, Equations (30) and (31) are set to avoid considering forward and backward power flows
simultaneously. Note that Equations (26)–(29) are auxiliary constraints to improve the convergence of
the proposed model:
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0 ≤ I2
ijtω ≤ I2

ij (25)

P+
jitω ≤ Vnom IijvP+

ijtω (26)

P−jitω ≤ Vnom IijvP−
ijtω (27)

Q+
jitω ≤ Vnom Iijv

Q+

ijtω (28)

Q−jitω ≤ Vnom Iijv
Q−
ijtω (29)

vP+

ijtω + vP−
ijtω ≤ 1 (30)

vQ+

ijtω + vQ−
ijtω ≤ 1 (31)

3.2.5. Wind Reactive Power Equations

In order to coordinate real and reactive power, the limitations of reactive power for wind units
are calculated in Equations (32)–(34):

Qwind−
itω = Pwind

itω (tan(arccos(−PFwind
i ))) (32)

Qwind+

itω = Pwind
itω (tan(arccos(PFwind

i ))) (33)

Qwind−
itω ≤ Qwind

itω ≤ Qwind+

itω (34)

3.3. Linearization Procedure

To create a linear equation from constraint Equation (14), the two sides of the equation should be
managed separately. Note that V2

itω and I2
ijtω are variables that represent the square magnitude values

of voltage and current, respectively, and they are used in Equations (12)–(25).The linearization process
of Equation (14) is stated below.

• V2
jtω I2

ijtω: the left side of Equation (14) is handled by dividing V2
jtω into small segments.

Nevertheless, this leads to an increase in the number of binary variables and computation time.
In distribution systems, voltage magnitudes are within a small range, so a constant value V2

ref can
be approximated as the voltage magnitude for the first run of the model, in which binary variables
are relaxed [27], as seen in Equation (35):

V2
jtω I2

ijtω ≈ V2
nom I2

ijtω (35)

Next, the model is run again and V2
jtω takes the value resulting from the first run. Note that V2

jtω
hardly changes after the second run. Because of the limited range of voltage magnitude variation,
this simplification has a small error.

• P2
ijtω+Q2

ijtω: both terms on the right side of (Equation (14)) are handled by introducing a piecewise
linear approximation [28]. The linearization process is the following:
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P2
ijtω + Q2

ijtω = ∑r (mijrtω∆Pijrtω) (36)

+∑r (mijrtω∆Qijtω)

P+
ijtω + P−ijtω = ∑r ∆Pijrtω (37)

Q+
ijtω + Q−ijtω = ∑r ∆Qijrtω (38)

0 ≤ ∆Pijrtω ≤ ∆Sijrtω (39)

0 ≤ ∆Qijrtω ≤ ∆Sijrtω (40)

where:

mijrtω = (2r− 1)∆Sijrtω (41)

∆Sijrtω = (Vnom Iij)/Rij (42)

Equation (36) is a piecewise linear approximation of (P2
ijtω + Q2

ijtω), and Equations (37) and (38)
represent that (P+

ijtω + P−ijtω) and (Q+
ijtω + Q−ijtω) are equal to the sum of the values in each block

of the discretization, which means they are a set of linear terms. In addition, mijrtω and ∆Sijrtω
are constant parameters, and Equations (37) and (38) are linear expressions. Thus, Equation (43)
represents the final linear form of constraint in Equation (14). In this equation, V2

jtω is a parameter
and ∑r (mijrtω∆Pijrtω) and ∑r (mijrtω∆Qijrtω) are linear. The linearization of the active power
Equation (14) is shown in Figure 5:

V2
ref I2

ijtω = ∑r (mijrtω∆Pijrtω) + ∑r (mijrtω∆Qijrtω) (43)

 

𝒓 = 𝟐 

𝒓 = 𝟏 

𝒓 = 𝟑 

𝒓 = 𝑹 
 
 
 
 
 

V𝒏𝒐𝒎 IMAX𝒊𝒋𝒕𝝎 = 𝑭 𝜟S𝒊𝒋𝒕𝝎 
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Figure 5. Modeling piecewise linear function P2
ijtω.
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4. Case Studies

4.1. Network Overview

The network used for the optimal location of both wind generation and ESS is the IEEE 69-bus
system shown in Figure 6, where the bus numbers in blue are buses that are not connected to loads
(as in [29]) and the candidate buses for both wind and ESS are represented. The maximum current
flow through the branches is 150 A and network parameters are given in [29]. Since the voltage values
vary through iterations, the voltage range is between 1.1 pu and 0.9 pu. In the linearization, 20 discrete
blocks are considered since the solutions hardly change from 20 blocks onwards in the piecewise
linearization procedure.

30 31 32 33 34 35 36

37 38

29

40 41 42 43 44 45 46 47

48 49 50 51

52 53

54 55 56 57 58 59 60 61 62 63 64 65 66

67 68

69 70

39

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28
1

Candidate node for  wind generation

Substation placement

Candidate node for  ESS

Potential areas for wind

Figure 6. 69-bus network topology.

In order to generate scenarios, explained in Section 2.1, historical data of one year of wind speed
is considered as initial data [30] and historical load values and generation prices are collected every
hour from the Iberian Electricity Market for the extrapeninsular electric system Majorca-Menorca [31]
for one year. The costs of power losses, voltage deviation and wind curtailment, production of the
storage (discharging) and storage (charging) cost are $15/MWh, $15/MWh and $500/MWh.

The base power is 1 MVA and the installed power for wind generation can be either 1000 kW
or 1500 kW for the different cases. The generic energy storage unit [32] can have different energy
capacities: 500 kWh, 1000 kWh, and 1500 kWh, where the maximum storage/production power
ranges between 100 kW and 1200 kW. The minimum storage/production power is set to 0. The
initial energy level is set to 50% of its capacity. The efficiency rates to store or produce are set to 85%.
The costs of production of the storage (discharging) and storage (charging) $0.1/MWh and $0.5/MWh,
as in [25,26,28].
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4.2. Simulation Results

This section shows the optimal location buses and describes the results of the operating costs:
losses of the distribution network, substation, energy storage/production, wind curtailment and the
voltage for selected cases studies. Different installed power/capacity levels of one wind unit and 1 EES
unit are analyzed in the following independent cases, including a case without any unit (Case 1) and
another with only high penetration of wind (Case 10), as seen in Table 2.

Table 2. Characterization of the different case studies.

Values (pu) Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8 Case 9 Case 10

Wind Power 0 1 1 1 1 1.5 1.5 1.5 1.5 1.5
ESS Capacity 0 0.5 0.5 1 1 1 1 1.5 1.5 0

ESS Max Power 0 0.1 0.4 0.2 0.8 0.2 0.8 0.3 1.2 0

The optimal locations, in which binary variables (αi and βi) are active, are obtained for the
different case studies as seen in Table 3.

Table 3. Optimal location of wind generation and storage generation.

Cases Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8 Case 9 Case 10

Wind Location - 62 62 62 62 62 62 62 62 62
ESS Location - 62 62 62 62 9 9 62 62 -

It can be seen that, in all the cases studies, the location of wind generation is at bus 62, which has
the highest demand of the system. Thus, basically, the wind power production feeds that bus and
the excess is provided to the network to feed the loads nearby or being stored in the ESS. Mainly, the
storage device is co-located at the same bus, except for the cases in which the storage value is 1 pu and
wind power is 1.5 pu, resulting in its placement at bus 9.

As seen in Table 4, increasing the capacity of wind generation significantly decreases the
production cost of the network for one week. Network losses are also reduced if the installed wind
capacity is 1 pu. However, considering a high installed capacity of wind, real power losses are
increased, as seen in Cases 6–10.

Table 4. The model solution for all the cases.

Costs ($) Case 1 Case 2 Case 3 Case 4 Case 5

Total 27,170 14,294 14,236 14,193 14,118
Voltage 120 70 71 70 72
Losses 147 110 102 102 95

Substation 26,902 14,114 14,063 14,021 13,951
Wind curtailment - - - - -

Discharging - 0.85 1.89 1.49 2.64
Charging - 1.04 2.34 1.84 3.26

Costs ($) Case 6 Case 7 Case 8 Case 9 Case 10

Total 10,395 10,250 10,121 10,025 15,471
Voltage 59 64 70 69 148
Losses 140 137 112 107 296

Substation 10,196 10,049 9,940 9,849 10,493
Wind curtailment - - - - 4,534

Discharging 5.34 15.60 5.98 20.68 -
Charging 6.60 19.26 7.38 25.53 -
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It is also desirable to have an ESS unit with a high value of maximum production/storage power
because the device is less constrained to charge or discharge when it is required by the network. In this
case, the cost of the energy that comes from the substation slightly decreases as seen between Cases
2 and 3. It is clear that increasing the installed capacity of storage can benefit the operational cost as
it has more capacity to charge or discharge depending on the production cost in that hour (see the
difference between Cases 6 and 8, and also Cases 7 and 9). In addition, network losses are decreased
when the storage capacity increases from 1 pu to 1.5 pu while voltage deviation is slightly worse.

The behavior of storage depends on whether it is charging or discharging. Storage absorbs the
excess of wind in periods when it exceeds the total load of the system. In other situations in which there
is high wind and high load, ESS can also absorb energy in order not to violate the technical constraints
of the distribution network. The ESS injects energy in the network when the production cost of the
whole system is more expensive. Furthermore, another advantage of ESS is that they avoid wind
power curtailment and its corresponding cost as it happens in Case 10. In this case, there are some
hours in which wind generation is higher than load, which means that this power cannot be evacuated
as the substation can only import power upstream; however, it cannot export power upstream. In the
new context of increasing renewable energy in networks, ESS is a key element to deal with these
situations and avoid wind curtailment. In addition, the effect of increasing the maximum power of
the ESS for the same energy capacity, as seen in Case 7 with respect to Case 6, is that the ESS charges
and discharges much more than in Case 6. This also reduces the injection from the substation and the
overall costs making it a more flexible system that can react to the stochasticity of wind production.

Figure 7 shows the behavior of storage for some of the scenarios. The initial and final levels
of energy in the ESS are equal to 0.75. It is observed that, depending on the value of wind power
and demand in the distribution system at a certain hour, the behavior of storage is different. At the
beginning of the time horizon, wind power is at its maximum level, so the ESS is charged up to hour
22, except for the hours when demand slightly increases (hour 4), in which the ESS discharges a bit
without the need for the substation to supply. After hour 22, wind generation decreases, thus the
ESS produces during the hours when the drop in wind production is more pronounced. At hour 52,
the ESS discharges until its minimum value is reached, 0.3 pu, as we assumed a depth of discharge
of 80% of the maximum ESS capacity (1.5 pu in this case), remaining at this value later on. This is a
consequence of having low wind and a demand increase. In this situation, the substation begins to
inject power into the network, as wind remains low. After that, wind production increases again (hour
96) and the ESS stores energy, meanwhile the substation decreases its injection until reaching 0 again.
To sum up, under high wind, the ESS charges sharply if the demand is low and slightly if the demand
is medium. It injects power at low wind levels and high demand.

0 8 16 24 32 40 48 56 64 72 80 88 96 104 112 120 128 136 144 152 160 168
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Energy stored
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Figure 7. Energy stored in Case 9 in one scenario.
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5. Conclusions

A new model for the joint allocation of wind power generation and generic ESS has been
implemented in this paper. In order to optimize the operation of a distribution system, a model
is proposed to select the best allocation of wind and ESS within a linear AC OPF representing the
performance of the model. To demonstrate the capability of the proposed stochastic procedure, it
has been applied to an IEEE 69-bus system, where load, price at the substation, and wind scenarios
are also considered. It can be concluded that: (i) the proposed MILP is well suited for finding the
proper locations of wind and ESS; (ii) total operating costs are reduced with the combination of these
technologies; (iii) the benefit of integrating ESS in a distributed network with wind power units
is demonstrated.
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Notations

Indexes

i,j,k Bus indexes
r Piecewise linearization (PWL) block index
t Real-time period index on a 10-min basis
ω Scenario index

Parameters

Closs Power losses penalization cost ($/MWh)
Cp Production cost of the storage unit ($/MWh)
Cs Storage cost of the storage unit ($/MWh)
Csub

itω Cost of real power from substation ($/MWh)
CVdev Voltage deviation penalization cost ($/MWh)
Cw_curt Wind curtailment cost ($/MWh)
I2

ij Maximum current flow through branch ij (A)
Nst Number of storage units in the distribution network
Nwind Number of wind units in the distribution network
Pw_fore

itω Wind power forecast at node i, period t and scenarioω (MW)
Qdem

itω Reactive power demand at node i, period t and scenarioω (MVaR)
Rij Resistance of branch ij (Ω)
Rnom Nominal voltage of the distribution network (kV)
sp

i ,sp
i Minimum/maximum production of the storage unit at node i (MW)

ss
i ,ss

i Minimum/maximum storage of the unit at node i (MW)
Vnom Nominal voltage of the distribution network (kV)
xi,xi Minimum/maximum storage capacity at node i (MWh)
∆ Time period (1 h) (h)
η

p
i ,ηs

i Efficiency production/storage rates of the storage units at node i
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Variables

~I∗ij Conjugate value of the current flow through branch ij (A)
~Iij Phasor magnitude of the current flow through branch ij (A)
I2
ijtω Square of the current flow through branch ij (A2)

mijrtω Slope of the r-th block of the PWL
Psub

itω Real power of the substation (MW)
P+

ijtω Real power flow (downstream) (MW)
P−ijtω Real power flow (upstream) (MW)
Pw_curt

itω Real power wind curtailment at bus i (MW)
Pwind

itω Real power of wind turbine at bus i (MW)
P2

ijtω Square value of the real power flow (MW2)
PFwind

i Power factor of the wind generation
Qwind

itω Reactive power of wind turbine at bus i (MVaR)
Qsub

itω Reactive power of the substation (MVaR)
Q+

ijtω Reactive power flow (downstream) (MVaR)
Q−ijtω Reactive power flow (upstream) (MVaR)
Q2

ijtω Square value of the reactive power flow (MVaR2)
Qwind

itω Reactive power of wind turbine at bus i (MVaR)
ss

itω Scheduled power production/storage reserve (MW)
sp

itω Scheduled power production/storage reserve (MW)
~Vi Phasor magnitude of the voltage (kV)
V2

itω Square of the voltage magnitude of node i (kV2)
vP+

ijtω Binary variable related to real power (upstream)
vP−

ijtω Binary variable related to real power (downstream)
vQ+

ijtω Binary variable related to reactive power (upstream)
vQ−

ijtω Binary variable related to reactive power (downstream)
xitω Storage level at node i (MWh)
αi Binary variable for wind power unit location
βi Binary variable for storage unit location
ψ(ω) Total cost of power losses and voltage deviation ($)
κ(ω) Total costs of wind and demand curtailments and ESS operation ($)
∆Pijrtω Value of the r-th block of real power (MW)
∆Qijtω Value of the r-th block of reactive power (MVaR)
∆Sijrtω Value of the r-th block of apparent power (MVA)
θij Phasor of the angle (rad)
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Abstract—Energy storage systems (ESS) have adopted a new 
role with the increasing penetration of electric vehicles (EVs) and 
renewable energy sources (RES). EVs introduce new charging 
demands that change the traditional demand profiles and RES are 
characterized by their high variability. This paper presents a new 
multistage distribution expansion planning model where 
investments in distribution network assets, RES, ESS and EV 
charging stations (EVCS) are jointly considered. The charging 
demand necessary for EVs transportation is performed using a 
vehicle model based on travel patterns. The variability associated 
with RES along with the demand requires the incorporation of 
uncertainty, which is characterized through a set of scenarios. 
These scenarios are generated by the k-means++ clustering 
technique that allows keeping the correlation in the information of 
the uncertainty sources. The resulting stochastic program is 
driven by the minimization of the present value of the total 
expected cost including investment, maintenance, production, 
losses and non-supplied energy. The associated scenario-based 
deterministic equivalent is formulated as a mixed-integer linear 
program, which can be solved by commercial software. Numerical 
results are presented for an illustrative 54-node test system. 

Index Terms—Clustering technique, distribution system 
expansion planning (DSEP), ESS, EV charging demand, 
renewable energy. 

NOMENCLATURE 
A. Indexes 

 Index for assets 
 Index for day/night time block 
 Index for EVCS 

,  Indexes for nodes 
 Index for alternatives 
 Index for feeder types 
  Index for distributed generation (DG) types 

q Index for quarters 
,  Index for time stages 
 Index for transformers 
 Index for scenarios 

B. Sets 
A Set of assets, A	 L,	TR,	SS,	P,	CH  
B Set of blocks (day and night) 

 Set of EVCS types. , where 
 and 	  denote new and additional 

capacity for EVCS, respectively 
, ,  
,  

Set of alternatives of feeders, transformers, DG, 
ESS and EVCS 
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 Set of feeder types. 
, , ,  where , , 
, and  denote existing fixed feeders, 

existing replaceable feeders, new replacement 
feeders, and newly added feeders 

 Set of DG types. , Θ  where  and Θ 
denote wind power and photovoltaic 
generation (PV), respectively 

Q Set of quarters (4 seasonal quarters) 
Set of time stages 

 Set of transformer types. ,  
where  and 	  denote existing 
transformer and new transformer, respectively 

Ω ,Ω , Ω  
Ω , Ω , 
Ω , Ω  

Set of system nodes, nodes connected to node 
i by a feeder of type l, load nodes, substation 
nodes, candidate nodes for DG, candidate 
nodes for ESS and candidate nodes for EVCS 

Π Set of scenarios 
Set of branches with feeders of type l 

C. Parameters 
, , , , ,

, , , , ,

Investment cost of feeders, substations, new 
transformers, DG, ESS and EVCS 

, , , , ,

, , ,  

Maintenance cost of feeders, transformers, DG, 
ESS and EVCS 

 Cost of the energy purchased at the substation 
, Production cost of DG 
, Production cost of ESS 
,  Storage cost of ESS 

Cost of the unserved energy 
 Nodal demand 

 Total EV charging demand needed in the whole 
system 
Upper limit for actual current flows through 
feeders 

̅  Upper limit for energy supplied by a 
transformer of type  

̅  Maximum capacity of a generator of type  
Maximum power availability of a generator of 
type   

 Minimum capacity of ESS 
̅  Maximum capacity of ESS 
̅  Maximum capacity of an EVCS 

Annual investment rate 
 Investment limit at stage t 

 Feeder length 
,   Number of candidate nodes for DG and number 

of time stages 
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Renewable Energy, Storage and Charging Stations 
Pilar Meneses de Quevedo Student Member, IEEE, Gregorio Muñoz-Delgado, Student Member, IEEE and Javier 
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	 System power factor 
 Capital recovery rates for each asset 

, 	 Unitary impedance magnitude of feeders type l 
and impedance magnitude of transformers 

 Weight of scenario ω in day/night block  for 
quarter q 

∆  Duration in hours of day/night block  for 
quarter q 

, Production efficiency rate for ESS 
, Storage efficiency rate for ESS 

 Penetration limit for generation 
 Lifetime of asset  [number of stages] 

D. Variables 

 Investment cost at stage  
 Energy production cost at stage  
 Maintenance cost at stage  
 Energy losses cost at stage t 
 Unserved energy cost at stage  

 Charging demand in EVCS at node i 
 Nodal unserved energy 

 Current flow through alternative  of feeder 
type  installed in branch	  at stage , day/night 
block  for quarter q and scenario	 , measured 
at node	 . It is greater than 0 if node  is the 
supplier and 0 otherwise 

 Energy supplied by a generator of type   
 Energy supplied by a transformer of type  

, Power production of a ESS  
, Power stored of a ESS 

, ,

, 

, ,  

Binary investment variable for substations, 
new transformers, feeders, DG, ESS and EVCS 

, ,	
,

Binary variables related to production and 
storage of ESS 

,

, 

, ,  

Binary utilization variable for substations, new 
transformers, feeders, DG, ESS and EVCS 

 Nodal voltage 

I. INTRODUCTION 

A. Motivation 

UTURE decisions in DSEP models should consider the 
optimal location and sizing of EVCS, ESS and renewable 

DG. Their inappropriate location could have negative effects on 
the distribution system increasing power losses and degrading 
voltage profiles at some nodes [1]. Recently, EVs have aroused 
extensive attention due to the growing concerns in greenhouse 
gas emissions. More and more, EVs will be integrated in 
electrical power systems through charging facilities. This 
would generate a significant charging demand with 
uncertainties that along with the uncertainties arising from 
renewable energy may create an important challenge to new 
distribution systems. In order to deal with this problem, the 
estimation of the additional EV demand has to be done by using 

a vehicle decision algorithm considering EV travel data based 
on some assumptions on when EVs need to be charged. 
Moreover, the value of ESS relies on the existence of additional 
capacity to the grid, which represents an important issue to the 
increasing penetration of renewable energy and EV charging 
demand, while reducing generation costs. 

Traditionally, multistage distribution planning models have 
been used to optimize generation investment meeting the 
growing demand in a centralized framework. In a more recent 
context, where renewable energy is increasing, uncertainty has 
to be considered in the model. Hence, one of the key aspects 
related to investment decisions is to represent the uncertainty 
and the correlation of the stochastic data information (load, 
wind speed, solar irradiation, cost of the energy at the substation 
and EV charging demand). A clustering technique, the k-
means++ algorithm, is used to arrange data in groups according 
to their similarities, reducing the historical data into a large 
enough set of clusters and maintaining the correlation of the 
initial data. A detailed representation of the whole model is 
presented in the following sections. 

This work stresses the importance of integrating ESS in 
distribution and generation system expansion planning given 
that medium-voltage EVCS should be appropriately located and 
sized in order to minimize the present value of the overall 
generation and distribution costs. 

B. Literature Review 

In the last few years, some models have been developed in 
distribution system planning within a centralized framework. 
Conventional planning models have solved the optimal 
expansion of distribution assets with the replacement and 
addition of feeders, the reinforcement of existing substations 
and the construction of new substations [2]. In [3], a review of 
the state-of-art of DSEP is presented. The increasing 
penetration of DG, run on renewable energy, requires its 
incorporation in distribution planning models to decide its 
location and timing [4]-[7]. Additionally, the uncertainty 
related to the unpredictability of the RES is commonly 
considered. In [4] the uncertainties in demand and DG are 
represented based on the theory of multiple scenarios running a 
genetic algorithm. In [5], the uncertainty related to load and 
electricity price is modeled through Monte Carlo simulation. In 
[6], a scenario-based stochastic programming framework is 
used to minimize the present value of the expected investment 
and operational cost in DSEP under correlated uncertainty 
based on duration curves. Similarly, in [7], demand response 
and ESS are also included in the distribution and generation 
expansion planning.  

Other works have studied the operational planning of ESS. 
In [8], the concept of system states as opposed to load level 
duration curves (as in [6], [7]) is introduced, allowing for a 
better incorporation of chronological information. In [9], the 
optimal operation planning of batteries in distribution networks 
is performed by metaheuristic methods using probabilistic 
variation of the inputs with the point estimation method for 
optimal planning of batteries. In [10], a multistage expansion 
planning model for replacing and adding circuits is performed, 

F
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in which typical daily scenarios are assessed for the hourly 
economic dispatch of the ESS. Some works include the 
existence of EV loads in the joint distribution, generation and 
ESS expansion planning without including the installation cost 
in EVCS. In [11], a non-parametric chance-constrained 
optimization to invest in ESS units is proposed, in which the 
uncertainties of DGs and EVs, were considered using the 
probability density function. In [12], a multi-objective optimal 
planning of battery energy storage and DG units in an active 
distribution network is presented, in which the power profile of 
the EVs was modeled by fuzzy values.  

Recently, more attention has been paid to the optimal 
planning of EVCS. In [13], the optimal planning of EVCS in 
distribution systems is developed with the minimization of total 
costs. In [14], a multi-objective mixed integer non-linear 
programming planning model is proposed for the new and 
replaced distribution network assets, EVCS and losses. In [15] 
a multi-objective planning model of a distribution network 
containing DG and EVCS is implemented. A scenario 
expansion planning for distribution systems is proposed in [16] 
considering the integration of EV, with dumb charging and 
coordinated charging modes. 

In contrast to [10]-[12], our paper considers the investment 
decisions in EVCS. Additionally, different from [13]-[15], our 
paper jointly incorporates the expansion planning decision 
model of the network, DG (both wind and PV) and ESS 
investments. In [7], the goal is to maximize the net social 
benefit of the system being represented by the present value of 
the total payment of the consumers minus the present value of 
the total costs. In our paper, the objective is also different, as 
we are minimizing the total costs of expansion planning with 
the interaction of ESS and EV. Furthermore, in [7] the approach 
is different due to introduction of demand response related with 
the management of the active demand. Unlike [6] and [7], the 
scenarios are obtained using a clustering technique while also 
including the uncertainty associated with the cost of the energy 
purchased at the substation. This technique is better suited than 
the duration curves applied in [7]. Likewise, as said in [19], the 
k-means++ technique allows representing the operating 
conditions comparatively with greater accuracy. 

C. Paper Contributions and Organization 

TABLE I 
COMPARISON OF THE INVESTMENT DECISIONS PLANNING MODELS 

Approach 
Network 

Investment 
RES  

Investment 
ESS 

Investment 
EVCH  

Investment 
[2]   × × ×

[4-6]   × ×
[7]    ×
[9] × ×  ×
[10]  × × ×
[11] × ×  ×
[12] ×       ×
[13] × × ×  
[14]  × ×  
[15]   ×  
[16]  × × ×

Proposed approach     

Table I summarizes the contents of the state-of-art in 
comparison with our work. Note that, as described in the 
literature review, some works already consider the existence of 

ESS, EV and RES without focusing on the corresponding 
investment decisions. 

The main contributions of this paper are: 
 The model includes the expansion planning of the

distribution system including new and replacement feeders, 
new substations, additional transformers, RES, ESS, EVCS 
and additional capacity in the stations, simultaneously. The 
combination of the investment decisions of all these assets 
has not been presented yet. 

 The prospective model stresses the relevance of integrating
ESS in investment models under the increasing penetration 
of RES and the upcoming integration of EV under 
uncertainty. The main goal of this paper it is to show and 
analyze the interaction between ESS and EV. 

 A scenario-based stochastic programming model is used to
take into account the uncertainty of demand, the cost of the 
energy purchased at the substation, wind power, PV and EV 
charging demand.  

 The associated deterministic equivalent is formulated as a
mixed-integer linear programming model suitable for 
commercially available software. 

The rest of the paper is organized as follows. The 
methodology to model EV charging demand and scenarios are 
presented in Section II. In Section III, the stochastic 
programming model for cost minimization is formulated. In 
Section IV, the case study and the results are reported. Finally, 
conclusions are drawn in Section V. 

II. METHODOLOGY

In this section, we describe how to estimate the additional EV 
demand that needs to be considered in the optimal expansion 
planning of the whole system and the k-means++ clustering 
technique used to characterize the uncertain nature of the inputs 
and their correlation. 

A. Modeling for EV Charging Demand 

The increasing number of EVs connected for charging has a 
significant impact on several power system parameters, such as 
generation capacity, transformer loading level, line congestion 
level and load profile. Therefore, the expected increasing 
penetration of EV calls for the estimation of the additional 
demand. 

We propose a method based on realistic vehicle statistics 
extracted from the 2009 (US) National Highway Travel Survey 
(NHTS) data [17] to calculate the total charging demand for all 
EVs. This survey includes data of each household, type of 
vehicle, trip distance, start and end time, month, day of the 
week, trip purpose and the location (city in the US) where these 
trips take place. A trip is the journey done by a vehicle when it 
goes from the driver’s home to his/her workplace, or a 
commercial area, and vice versa. Due to the lack of data of EV 
travel patterns, we assume them to be the same as the traditional 
fossil-fueled ones.  

To estimate the charging demand for EVs, a vehicle decision 
model has been implemented in MATLAB [18] as presented in 
Fig. 1. First, we exclude the trips with mileage greater than the 
maximum mileage driven using electricity. The proposed 
methodology comprises six steps that are described as follows: 
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1) For each vehicle v, a battery capacity is assigned randomly
(24 kWh, 30 kWh, 36 kWh). We assume that all EVs are fully 
charged at the beginning of the first trip. 

2) For each vehicle v, month m and day d, a trip T is assigned.
3) The model checks the state of charge (SOC) of the battery

when the vehicle finishes trip T. 
4) If the SOC does not reach the minimum (20% of the

battery capacity), the algorithm looks for the next trip of the 
data set computing and updating the charging demand. 

5) If the SOC reaches the minimum it is assumed that the
vehicle charges its battery prior to that trip T in the interval of 
time (between trip T-1 and T) that vehicle v is stopped. Then, 
the SOC of the battery is checked again. In case the minimum 
is still reached the trip is excluded and the algorithm looks for 
the next trip. 

6) After the last trip the algorithm iteratively runs along days,
months and vehicles. 

 The charging time depends on three factors: battery 
capacity, SOC and power level of the charger. We consider a 
normal power supply of 3.3 kW at the EVCS. Hence, the total 
EV charging demand for all the vehicles is computed per hour, 
day, month and time stage (year) for the entire system as the 
final result of Fig. 1. 

Fig 1. Flowchart of the vehicle decision model. 

B. Uncertainty: K-means++ Method 

The incorporation of renewable DG and EVCS in the 
multistage expansion planning of distribution systems yields 
new sources of uncertainty associated with the variability of 
RES and EV charging demand. Such uncertainty sources along 
with the conventional uncertainty associated with demand and 
the cost of energy purchased at the substation are considered. 
To that end, the variability of load demand, EV charging 

demand, wind speed, solar irradiation and cost of energy at the 
substation is characterized through a scenario-based stochastic 
programming framework. The set of scenarios is built on 
historical hourly data through the clustering technique shown in 
[19], allowing to keep the correlation among the initial 
uncertain data as in [20].  

In this paper we use the k-means++ algorithm from Matlab 
[18] due to its simplicity and good performance. K-means 
clustering is based on computational geometry. The goal is to 
arrange the data into groups according to their similarities. A 
certain number of centers (centroids) are chosen in order to 
reduce the initial data based on the mathematics: minimizing 
the total squared distance between each point and its closest 
center. In this way, the parameters of the initial point are 
correlated to the values of its closest center. 

With the purpose of minimizing the loss of information of 
the sequence between hours, the historical data is split into 
quarters (winter, spring, summer and autumn) as it is needed for 
representing the transition function of the ESS. The k-means ++ 
algorithm is applied 8 times, for each quarter (winter, spring, 
summer and autumn) and day/night block, so there are 4 
quarters and 2 day/night blocks. Finally, the set of scenarios at 
each stage is represented by a matrix of 96 operating conditions 
(12 clusters per quarter and block × 4 quarters × 2 blocks) × 5 
uncertain parameters. In this matrix, each operating condition 
includes 5 uncertain parameters: load, EV demand, wind speed, 
solar irradiation and cost of the energy purchased at the 
substation. 

The k-means methodology uses an iterative algorithm. In this 
paper, specifically, we have used k-means++ implemented in 
Matlab R2016b. In data mining, k-means++ is an algorithm to 
choose the initial values (or "seeds") of the k-means 
clustering algorithm. This algorithm improves the initialization 
of the centroids before starting the standard k-means, 
guaranteeing a faster and better solution [21]. 

The algorithm works as follows: 
Step 1) Select the number of required clusters K, according 

to the needs of the problem. This number should encompass a 
good representation of the operating conditions of the system. 

Step 2) Take one centroid, chosen uniformly at random from 
initial data set (x). D(x) denotes the shortest distance from a 
data point to the closest center, which has been already chosen. 

Step 3) Take a new centroid, ci, choosing x with probability 

∑
. 

Step 4) Repeat step 3 until there are K centers altogether. 
Step 5) Compute the distances between each data point and 

each cluster centroid based on the use of Euclidean distances. 
Step 6) Assign each point of the data to the closest centroid 

based on the use of Euclidean distances. 
Step 7) Recalculate the cluster centroids, ci, to be the center 

of mass of all points in Ci equal to:  
1
| |

	
	∈	

Steps 5–7 are performed iteratively until the cluster 
compositions do not vary between two consecutive iterations. 
The cluster centroids (the matrix of 96 values x 5 parameters) 
are the output of this algorithm as well as the number of 
observations assigned to each cluster. The observations are 
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hourly historical data. Each cluster centroid is represented by 
the values of the cost of the energy purchased at the substation, 
wind speed, solar irradiation, load and EV charging demand, 
which show a system operating condition. For each day/night 
block  and quarter q, the probability of each scenario is 
determined by the number of observations within each cluster 
divided by the total number of observations of the 
corresponding block  and quarter q. 

III. PROBLEM FORMULATION

In the multistage expansion planning model, a scenario-
based stochastic programming is used to minimize the present 
value of the expected total cost of the distribution network from 
a centralized framework viewpoint. The proposed model is built 
on an associated scenario-based deterministic equivalent 
formulated as a MILP in which i) the planning horizon is 
divided into T stages of known duration, ii) radial operation is 
explicitly imposed, iii) an approximate network model is used, 
iv) several investment alternatives exist for each asset, and v) a
perpetual planning horizon is considered for the operating costs. 

A. Objective Function 

The model minimizes the present value of the total expected 
cost: 
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The objective function (1) contains three terms. The first one 
corresponds to the present worth value of the investment cost 
under the assumption of a perpetual or infinite planning horizon 
[22]. That is, the investment cost is amortized annually 
throughout the lifetime of the assets, considering that after their 
lifetime has expired there is a reinvestment in an identical 
equipment. The second term is the present value of the 
operating costs throughout the time stages. Lastly, the third 
term shows the present value of the operating costs incurred 
after the last time stage assuming a perpetual planning. 

The total cost (1) comprises five different costs, namely 
investment cost (2), maintenance cost (3), production cost (4), 
cost of energy losses (5), and unserved energy costs (6).The 
capital recovery rates for investing in feeders, new 
transformers, substations, generators, ESS and EVCS are 
calculated in a generic form as 1 / 1

		 1 , which are dependent on the lifetime of each asset. 
It is noticeable that two binary variables are associated with 
each feeder in order to model its utilization in the directions, 

 and . The same occurs with the current flow through 
the feeder. The energy losses are formulated as quadratic terms 
and are linearized approximating them by a set of tangent lines. 
This can be seen in section III.E in [6]. 

B. Constraints 

Firstly, the constraints related with the technical operation of 
the system such as Kirchhoff Laws and operational limits are 
formulated. In (7) the nodal current flow balance equation is 
stated. In (8) the Kirchhoff Voltage Law for all feeders is 
represented. Note this constraint includes nonlinearities which 
are recast as linear expressions as provided in section III.E in 
[6]. Constraint (9) sets the bounds on the magnitudes of nodal 
voltages. In (10)-(13), the upper and lower limits on the current 
flow and generation power are represented. In (14), the level of 
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penetration of DG is limited as a fraction  of the load and 
charging demand. 
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The power supplied or stored by an ESS unit is bounded 
between the lower and upper capacity values, (15)-(16). When 
the ESS unit is used, to avoid simultaneous production and 
storage, two binary variables are defined in (17).  
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The utilization and investment constraints follow, in which a 
maximum of one reinforcement, replacement or addition is 
allowed for each system asset and location along the planning 
horizon, (18)-(23). In (24)-(25), new transformers can be added 

at substations as well as additional capacity in the EVCS, only 
if they have been built in any previous stage. 

∈∈

1; ∀ ∈ , , ∀ , ∈ Υ 18

∈
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1; ∀ ∈ 	 20
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As seen in [6] and [7], we consider radial operation and 
meshed topologies. Equations (26)-(28) model the utilization of 
existing and new feeders indicating the direction of the current 
flows. Equation (28) model the utilization of the existing 
replaceable feeders while explicitly characterizing the direction 
of the current flows. These feeders can undergo replacement so 
that their utilization is subject to the installation of new 
replacement feeders, . Therefore, if an existing replaceable 
feeder is replaced by a new replacement feeder, i.e., 1; 
the utilization of such existing replaceable feeder is disable with 
constraint (28). 

The utilization of new transformers, installed generators, 
ESS, EV and EVCS are defined in (26)-(32).  
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; 
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28
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32
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In (33), the total investment cost at each stage is limited by a 
maximum budget. 
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In addition, in order to have a radial operation, equation (34) 
sets load nodes to have one input flow. In (35) the rest of the 
nodes are limited by a maximum of one input flow. Constraints 
(36)-(43) avoid isolated generators by modeling a fictitious 
system with fictitious demands as done in [6]. 
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41
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where  is defined as follows: 

1;		∀ ∈ Ω , ∀ ∈
0;		∀ ∉ Ω , ∀ ∈

	 43

In the case of considering that future networks had 
bidirectional flows and meshed operation were allowed, 
equations (34)-(35) should be deleted. However, when 
considering bidirectional flows and radial operation, equations 
(34)-(35) of the proposed paper should be replaced with 
equations (13)-(17) from [23]. These five equations should be 
adapted to the proposed multistage expansion planning model. 
Equations (34)-(35) impose the radiality condition per node, 
while equations (13)-(17) from [23] impose a general radiality 

condition for the whole network, where upstream flows are 
allowed. 

ESS are good alternatives to integrate large amounts of 
intermittent renewable energy and improve network reliability 
because they are more efficient economically and avoid 
network oversizing. In medium- and long-term planning 
models, data has to be arranged in scenarios where 
chronological information is missing, the same as the transition 
function between hours. Similar to [7], we propose a 
representation of the transition function (44) to be achieved at 
the b level (day/night) in each quarter q, not being possible to 
exchange power between quarters. 

∆ , , 1
,

,  

0; ∀ ∈ Ω , ∀ ∈ , ∀ ∈ , ∀ ∈ , ∀ ∈Π

44

In this context, for each quarter q, the energy can be 
exchanged (in some scenarios, the ESS produces or stores 
energy) between operating conditions of the same block b (day 
or night) and between day and night blocks. This can be seen in 
Fig. 2, in which there are 12 operating conditions in each block 
and the sum of the energy produced and stored by the ESS is 
equal to 0. Thus, in some operating conditions the demand 
increases and in other decreases. Note that each operating 
condition has a different duration with its corresponding 
scenario probability. 

As mentioned in Subsection II.A, the additional demand 
needed for EVs in the distribution network,	 , is 
calculated previously. Equation (45) satisfies the EVCS 
capacity limits of the charging demand required at the location 
nodes. Finally, in (46), the sum of the charging demands at all 
nodes where the EVCS is installed should satisfy the total EV 
demand needed for the whole system. 

0 	 ̅ 	 		;	
∀ ∈ , ∀ ∈ Ω ,∀ ∈ , ∀ ∈ ,	∀ ∈ ,

∀ ∈ , ∀ ∈ Π	
45

∈∈
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46

Fig 2. ESS effect on a particular load duration curve. 
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All the cases have been solved using MATLAB R2012a [18] 
and CPLEX 12.6 under GAMS 24.7 [25] on a SIE LADON 
with two Intel Xeon E5-2698 v3 processors clocking at 
2.30 GHz and 256 GB of RAM. The stopping criterion is based 
on an optimality gap of 1%. The computation time for each case 
study is 455 s, 968 s and 12840 s, respectively. 

A. Results without ESS and EV Charging Demand 

In Fig. 4 the DSEP is shown with the corresponding replaced 
and added branches (including the time stage at which this takes 
place), RES location and new substations and transformers. 
Alternative 1 is selected by the model for renewable generation 
and branches. For the sake of simplicity, this has not been 
illustrated. This is common among all the cases. It is noticeable 
that all the candidate branches subject to replacement are 
replaced at stage 1. In addition, the alternative selected for the 
new substations is also represented in Fig. 4. We can observe 
that transformer 1 (10 MVA of capacity) and 2 (15 MVA of 
capacity) are required for new substations at nodes 53 and 54, 
respectively.  

Table II depicts the stage at which the investment decisions 
and the node where wind generation, PV generation, new 
substations are built and the substations are expanded with new 
transformers. Note that the new substations are required at 
stages 1 and 2.  

It is noticeable the high investment in renewables, in order to 
reduce the costs related to production and energy losses, as we 
allow a 40% penetration of DG and ESS. In Table III, the 
numerical disaggregated costs are presented, where the highest 
investment cost is at stage 4 corresponding to the construction 
of 3 wind units and 3 PV units as seen in Table II.  

TABLE II 
INVESTMENT DECISIONS LOCATION IN THE 15-YEAR EXPANSION PLANNING 

WITHOUT ESS AND EVCS 
Investment Stage 1 Stage 2 Stage 3 Stage 4 Stage 5 

PV  12,30,35 8,20,37 2,22
Wind 3,10,16 24 44 38,42,47 

Transformers 54 53 
A

TABLE III 
INVESTMENT AND OPERATIONAL COSTS IN THE 15-YEAR EXPANSION 

PLANNING WITHOUT ESS AND EVCS (106$) 
Costs Stage 1 Stage 2 Stage 3 Stage 4 Stage 5 Total 

Investment 17.6 6.1 12.7 18.2 4.1 58.8 
Maintenance 1.7 2.0 3.0 4.3 45.6 56.6 
Production 38.1 46.4 55.5 60.4 737.1 937.4 

Energy losses 1.7 2.1 2.6 3.0 40.8 50.2 
Unserved energy 0 0 0 0 0 0 

Total 59.0 56.7 73.9 85.9 827.6 1103.0 

B. Results with EV Charging Demand 

The topology in this situation, including also the EVCS, is 
shown in Figure 5. We can see that it has also changed slightly. 
Branch 1-9 (from node 1 to node 9) is replaced at stage 3. The 
other replacement candidate branches, as in case A, are replaced 
at stage 1.  

Fig 3. Legend of the on-line diagram of the network. 

Fig 4. DSEP with network and RES assets. 

Fig 5. DSEP with network, renewable and EVCS assets. 

In Tables IV both the location nodes and the stage of the 
investment decisions with EVCS are represented. In this case, 
the substation at node 53 delays its investment to stage 3. In 
addition to the increase in the total demand in the system, 
additional transformers are needed for the existing substations 
at nodes 51 and 52 (alternative 2 in both cases). Alternative 1 
(1 MVA of capacity) is used for all EVCS, except for the one 
used at node 32. The EVCS located at nodes 21 and 29, 
constructed at stage 3, are expanded at stage 4 with alternative 
2 (0.75 MVA of capacity).  

Including the additional EVs demand in the model, we can 
see in Table V that every cost is higher than in case A, as 
expected. Furthermore, PV investment is slightly accelerated 
and more transformers are needed in comparison to case A 
resulting a high investment cost at stage 3. 

TABLE IV 
INVESTMENT DECISIONS LOCATION IN THE 15-YEAR EXPANSION PLANNING 

WITH EVCS 
Investment Stage 1 Stage 2 Stage 3 Stage 4 Stage 5 

PV  8,12,30,35 20,22,37 2
Wind 3,10,16 24 44 38,42 47 

Transformers 54 53 51 52 
EVCS 21  29,32,45 21,25,29 1,11,14
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TABLE V 
INVESTMENT AND OPERATIONAL COSTS IN THE 15-YEAR EXPANSION 

PLANNING WITH EVCS (106$) 
Costs Stage 1 Stage 2 Stage 3 Stage 4 Stage 5 Total 

Investment 18.2 4.7 18.1 16.9 7.9 65.8 
Maintenance 1.7 1.9 3.4 4.5 50.0 61.4 
Production 38.6 47.5 58.5 65.9 834.7 1045.2 

Energy losses 1.8 2.9 3.4 3.6 47.1 58.8 
Unserved energy 0 0 0 0 0 0 

Total 60.2 57.1 83.4 90.9 939.6 1231.2 

C. Results with ESS and EV Charging Demand 

In this situation we add the possibility to invest in ESS units. 
The network configuration and new location of the assets is 
illustrated in Fig 6. 

Fig. 6. DSEP with network, renewable, ESS and EVCS assets. 

In Table VI, the locations and stages are presented. The 
renewable investment decision is similar to case B. Note that 
more ESS units are required at stage 5. The first alternative of 
the ESS is chosen for all the nodes in which there is a decision 
to invest in this technology. Moreover, no additional 
transformer is required in this case. The EVCS investment 
decision has changed in some stages compared to the previous 
case. Now, all the EVCS provided by the model are built with 
alternative 1 (3 MVA of capacity). However, at stage 5, the 
expansion in the EVCS located at nodes 11 and 21 takes place 
using alternative 2 only (0.75 MVA of capacity), being the 
same alternative provided by the model as in case B. 

The costs are presented in Table VII. The energy purchased 
and energy losses costs are reduced due to existence of ESS. 
The overall cost is reduced by 3.8% considering the possibility 
to invest in storage technologies in comparison to case B. The 
existence of EV charging demand in the system stresses the 
importance of investing in this storage units.  

The interaction of ESS with EV accelerates the investment in 
wind and the construction of a new substation. On the other 
hand, the investment in ESS avoids and defers the investment 
in new transformers in the existing substations. The effect of 
the ESS with EV is that the production and energy loss costs 
decrease, enhancing the total cost for the planner. The main 
conclusion is that integrating EVs in the distribution system 
makes the investment in ESS more profitable. 

TABLE VI 
INVESTMENT DECISIONS LOCATION IN THE 15-YEAR EXPANSION PLANNING 

WITH ESS AND EVCS  
Investment Stage 1 Stage 2 Stage 3 Stage 4 Stage 5 

PV  12,20,30,35 2,8,37 22
Wind 3,10,16 24 38,44 42 47 

Storage 1 30  
6,11,13,15
20,25,40 

Transformers 54 53 
EVCS 11  21,29,32 14 1,11,21

TABLE VII 
INVESTMENT AND OPERATIONAL COSTS IN THE 15-YEAR EXPANSION 

PLANNING WITH ESS AND EVCS (106$) 
Costs Stage 1 Stage 2 Stage 3 Stage 4 Stage 5 Total 

Investment 18.2 11.6 22.5 11.3 16.3 79.9 
Maintenance 1.7 2.6 4.3 4.7 60.5 73.8 
Production 38.6 45.9 55 63.6 780.3 983.4 

Energy losses 1.7 2.2 2.6 3.0 39.7 49.2 
Unserved energy 0 0 0 0 0 0 

Total 60.2 62.3 84.4 82.6 896.8 1186.3 

A sensitivity analysis has been performed with different 
values of the charging rate of the ESS, as shown in Fig. 7 and 
different penetration levels of DG with two different situations 
of the number of candidate buses for the placement of the assets 
investment, as seen in Fig. 8. Note that a less restrictive 
charging rate decreases the total investment and operational 
cost. Besides, the total cost of investment and operational costs 
decreases as the level of penetration in DG and the number of 
candidate buses for assets’ placement increases. 

Fig. 7. Total cost of investment and operational costs in the 15-year expansion 
planning with ESS and EVCS vs. charging rate of the ESS. 

Finally, in order to demonstrate and justify the effectiveness 
of using 96 operating conditions we have simulated other cases 
with different number of operating conditions for case study C, 
as seen in Table VIII. 

Table VIII shows that the absolute value of the difference of 
the total cost with 24, 48, 192, 288, 384 and 480 scenarios 
minus the total cost of with 96 scenarios (base-case) decreases 
when selecting more scenarios. 
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Fig. 8. Total cost of investment and operational costs in the 15-year expansion 
planning with ESS and EVCS vs. penetration level of DG and ESS. 

TABLE VIII 
TOTAL COSTS IN THE 15-YEAR EXPANSION PLANNING WITH ESS AND EV AS 

A FUNCTION OF THE NUMBER OF OPERATING CONDITIONS 
Operating conditions Total cost Absolute value of 

the difference in (%) 
CPU time (s) 

24 1106.7 6.71 % 1521
48 1151.3 2.95 % 4333
96 1186.3 -- 7908 

192 1193.4 0.60 % 45070
288 1181.9 0.37 % 94719
384 1190.7 0.37 % 177422
480 1182.3 0.33 % 363339 

IV. CONCLUSIONS

In this paper, we have presented a MILP model to address 
the incorporation of investment decisions in recent elements, as 
EVs and ESS, which will have an important impact in the 
planning and expansion of future distribution networks. 

We have proposed a clustering technique in order to correlate 
uncertain inputs associated to the stochastic nature of the 
problem. The scenarios are used in a decision making problem 
which determines the location of the facilities. Moreover, the 
EV charging demand has been modeled through a novel EV 
algorithm. The proposed methodology has been validated with 
a 54-node network.  

We have shown how ESS can contribute to integrate 
renewable generation and EV charging demand in the 
coordinated expansion planning of a distribution network 
minimizing investment and operational costs, avoiding the need 
to expand the existing substations. Increasing the demand while 
reducing the energy costs outlines the potential of the 
combination of EVCS and ESS in distribution networks with a 
high penetration of renewables. 

Future work will consider the possibility that EVs can inject 
power into the network when they are not in use. In addition, 
more generation technologies will be added to the model. 
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Abstract—In this paper, the notion of reliability assessment for 
distribution system applications is revisited to include a number of 
practices emerging in the smart grid context. The information on 
the variations in time of generation and demand is taken into 
account to establish a reference network configuration that 
considers the definition of an intraday reconfiguration strategy 
based on conventional load profiles for different categories of 
demand (residential, industrial, and commercial). After a fault, the 
service restoration process is aided by the formation of 
autonomous islanded subsystems (microgrids). During the 
restoration period, each subsystem is able to serve the local 
demand in a given portion of the network and to reconnect to the 
main network through proper synchronization. Dedicated 
solutions for mobile generation and storage are exploited to reach 
the nodes needing additional supply. A sequential Monte Carlo 
method is used to carry out reliability assessment. The use of this 
method incorporates the effects of interfering near-coincident 
faults and time-varying load and local generation patterns. The 
application on a real distribution network is presented, showing 
the probability distributions of the reliability indicators (power 
and energy not supplied), as well as the breakdown of these 
indicators for different demand categories.  

Index Terms—microgrid, reliability, smart grid, demand 
profile, mobile generation, intraday reconfiguration, resilience, 
sequential Monte Carlo.  

I. INTRODUCTION 

ICROGRIDS are emerging as viable network structures 
to serve the local demand in the presence of an adequate 
local energy mix, able to provide voltage and frequency 

control and grid stability through the available resources during 
operation [1]. The concepts used to operate a microgrid can be 
adopted to determine how to manage an intentional island taken 
as a subsystem of a distribution network to obtain benefits 
during the restoration process after a fault [2]. In the same way, 
these concepts may be used to identify subsystems with self-
healing capabilities, with the aim of enhancing the distribution 
system’s resilience against extended service interruption events 
[3][4][5].  

The classical reliability analysis of distribution systems is 
based on the calculation of a number of indicators taking into 
account the frequency and duration of the interruptions, for 
example, leading to the determination of the system 
availability, and the power and energy not supplied. Reliability 
indicators may be calculated either a posteriori (e.g., at the end 
of each year) in order to check the compliance with the 

regulatory limits set up by the relevant authority, or a priori 
(e.g., on the basis of the expected network operation for the next 
period) in order to be used as objective functions for single- or 
multi-objective optimization purposes [6] [7] [8], or within 
operational planning or expansion planning tools [9] 
[10][11][12]. 

In the classical a priori reliability analysis, the typical 
calculations were based on a number of hypotheses, generally 
considering a given network structure (i.e., the standard 
network configuration), given power for each customer (based 
on the contract power), and absence of contribution from local 
generation. Deterministic or probabilistic methods are used. 
The latter ones are of particular interest, as they provide 
information on the probability distributions of the reliability 
indices, making it possible to determine the exceeding 
probability of these indices with respect to specific limits.  

Analytical methods or Monte Carlo (MC) methods may be 
used for probabilistic reliability analysis [13]. Analytical 
methods are faster [14]. An effective method that uses the 
characteristic functions is illustrated in [15]. A limitation of the 
analytical approach is that it cannot consider common-mode 
and interfering near-coincident faults. These limitations are not 
present in MC methods [16], in which the effects of multiple 
faults can be included, as well as dependencies on external 
variables and time-changing loads or generation. Different 
types of MC simulation include non-sequential methods with 
state sampling or state transition sampling [16], time sequential 
methods with state duration sampling, and pseudo-sequential 
MC methods with a non-sequential selection of the failure states 
and a sequential simulation of the sequence of neighboring 
states [17]. A recent proposal to represent correlated time series 
within a non-sequential method is discussed in [18]. 

The penetration of distributed energy resources (DER), 
including distributed generation (DG), distributed storage (DS) 
and demand response (DR), has raised interest in reliability 
assessment with DER, in particular with respect to the 
possibility of creating islands during the service restoration 
process, and also as an alternative to construct new network 
branches [19][20][21] [22]. A general overview of reliability 
models and methods for distribution systems with renewable 
energy DG is reported in [23]. An analytical formulation of 
reliability assessment with remote-controlled switches and 
islanded microgrids is presented in [24]. An analytical method 
that considers the DG reliability model, islanding operation and 
changes in the protection strategy is described in [25].  
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A non-sequential MC method is used in [26] to evaluate the 
reliability of active distribution grids. The application of the 
pseudo-sequential MC method is discussed in [27]. Examples 
of using the time-sequential MC method are reported in [28] to 
calculate the reliability indices for different DG applications 
without considering islanding, and in [29] with the possibility 
of forming islands for the generators placed downstream with 
respect to the fault. A two-step MC simulation is used in [30], 
where a number of new metrics for reliability assessment with 
microgrids are also introduced. 

A specific case of using DS to improve reliability by 
considering both the customers’ willingness to pay and the DS 
cost is presented in [31]. In [32] and [33] electric vehicles 
operating in vehicle-to-grid (V2G) mode are considered as a 
further possibility of enhancing reliability by exploiting the 
local supply located in parking lots. Centralized and dispersed 
contributions of electric vehicles including V2G and vehicle-
to-home (V2H) are addressed in [34]. Furthermore, DR has the 
potential to improve service reliability during contingencies, 
provided that an appropriate plan for DR procurement is set up 
[35].  

In a smart grid context, the evolution of distribution 
automation, DER control, computational methods and data 
analytics is making it possible to introduce a number of 
additional features into the classical reliability analysis tools. 
Thereby, reliability assessment is enriched with innovative 
contents such as: 
 Incorporation of DER in the service restoration process,

with the creation of intentional islands, provided that the
technical properties of the DER are appropriate to ensure
suitable control and stability of the microgrid;

 Provision of supply through mobile generation and storage,
to add flexibility to the location of additional supply sources
during the service restoration process;

 Possibility of considering demand profiles for different
types of customers, that is, enabling the distinction among
the interruptions occurring in different time periods for
these customers;

 Change of network configurations over time, determining
the most appropriate intraday configurations according to
specific objective functions.

This paper shows how the above contents are included in 
reliability analysis, with the calculation of probabilistic 
reliability indices. In [36] a time-sequential MC simulation is 
presented for reliability evaluation of distribution systems with 
the presence of chronological patterns of specific renewable 
generation, using an intraday reconfiguration considering two 
optimal topologies for peak and off-peak hours. This paper is 
an extended and generalized version of [36]. The specific 
contributions are: 
 Introduction of a set of conventional load profiles in the

reliability analysis, in order to enable the determination of
the share of energy not supplied (ENS) of the different types
of consumers (e.g., residential, industrial and commercial)
and local generation systems.

1 The latter way to determine the ENS through the combination of the 
measured value with the load profile is not straightforward. A discussion on 
these aspects will be reported in a future contribution. 

 Execution of a time-sequential MC simulation by
considering the starting configuration resulting from the
intraday reconfiguration carried out at fixed time intervals
on the basis of the conventional load profiles.

 Formulation of a mathematical model for reliability
assessment of a distribution system with renewable
generation, possible formation of intentional islands, and
use of mobile generation and storage systems.

The next sections of this paper are organized as follows. 
Section II recalls the reliability assessment methods used with 
DER and describes the emergent practices recently introduced 
in the smart grid context, which contribute to reliability 
assessment with new information. Section III reports the details 
of the reliability assessment procedure. Section IV shows the 
results of a case study of a real distribution network. The last 
section contains concluding remarks. 

II. EMERGENT PRACTICES IN THE SMART GRID CONTEXT

A. Conventional demand profiles in reliability analysis 

Considering the same duration of the interruptions, the ENS 
of different types of customers changes when the interruption 
starts at different times of the day [37]. Indeed, more refined 
information may be found from a statistical assessment of the 
duration of the interruptions depending on the starting time of 
the interruption [38]. Reliability analysis techniques may be 
detailed by introducing the variation of the load patterns 
throughout time [39]. Hourly patterns of load and renewable 
energy sources are used in the analytical approach presented in 
[40]. The study presented in [41] concludes that the time 
dependency of the interruption cost should not be ignored, to 
avoid giving wrong cost signals in the regulation of the quality 
of supply.  

Since the variation in time of the demand that would have 
been supplied to the loads without the interruption cannot be 
determined, a conventional rule has to be established to 
determine the ENS during an interruption, to be considered for 
different categories of customers. In this way, it is possible to 
calculate the ENS for each type of customer, and to determine 
the share of the overall ENS among them. For this purpose, 
different approaches may be considered: 
a) Traditional approach, in which the rated power of the loads

involved in the interruption is multiplied by the duration of
the interruption to give the ENS. This approach cannot
consider the time at which the interruption occurs.

b) Load profile-based approach, in which conventional
predetermined load profiles constructed according to the
category of consumers are applied to the duration of the
interruption to determine the ENS for each category of
consumers.

c) Measure-based approach, in which the active power of the
load served at the time step before the occurrence of the fault 
is assumed as reference. With these bases, it is possible to
determine the ENS by considering a constant power for the
duration of the interruption, or to apply a combined
approach based on the measured power and the loadprofile1.
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Of course, this approach is applicable only when the 
measured active power values are available at the time step 
preceding the interruption. A specific advantage is the 
possibility of dealing with individual loads and not only a 
customer category. In the absence of a totally metered 
system, in the realm of the evolution towards smarter grids, 
this approach could be applied only to the measured portion 
of the total load, keeping the other approaches mentioned 
above for the remaining part of the load. 

B. Intraday reconfiguration 

The recent trend towards extended automation in 
distribution networks and microgrids is making the idea of 
applying intraday reconfiguration more and more appealing. 
The variability in time of the load and generation patterns 
makes it possible to formulate suitable strategies to change the 
optimal network configuration during the day on the basis of a 
suitably defined objective function. Current literature has 
addressed the intraday reconfiguration problem under different 
points of view and time horizons, as summarized in [42]. 
Nevertheless, technical and practical issues limit the number of 
configuration changes that can be made during the day. 
Increasing the number of switching operations could result in 
more transient problems during switching, increased risk of 
outages, reduction in the expected life of the switches due to 
their extra stress, and higher cost of repeated switching. 
Furthermore, intraday reconfiguration leads to higher 
complexity in tracking the changes of the network 
configurations during time. A particular issue is the uncertainty 
whether the new configuration will be significantly better than 
the previous one, to make the reconfiguration action 
worthwhile. Resorting to a more extensive action of the 
centralized remote control of the switches is part of the main 
benefits of smart grids. However, this extensive action could 
raise vulnerability issues, as indicated in [43]. 

C. Exploitation of dedicated solutions for mobile generation 
and storage 

The adoption of mobile generation technologies is one of 
the solutions that may be used by distribution companies in 
order to restore supply in a relatively flexible way, provided that 
efficient solutions for fault location are in place [44]. 
Depending on the size of the local generator to be used and the 
voltage level for network connection, the size of the mobile 
generation system changes. The technologies contain truck-
mounted generators, transformers and protection systems with 
advanced interfaces to synchronize and control the generators 
[45]. The current trend is to develop technologies that may be 
mounted on an ordinary truck, in order to be ready to operate as 
fast as possible by making the travel time shorter. This aspect 
is crucial and limits the size of the mobile generation system. In 
fact, some mobile power stations available today are classified 
as “exceptional transports”, requiring special permits, 
additional auxiliary vehicles to follow the transport and, if 
needed, also to close some local roads to enable the transport. 
All these aspects increase the timing of on-site availability of 
the mobile generation considerably, strongly affecting the 
contribution of the mobile generation to reliability.  

In addition to mobile generation, mobile storage is of 
interest for reliability purposes. The technical specifications for 

a substation-size lithium-ion energy mobile storage system, 
with rated values of 1 MW and 2 MWh, have been developed 
by a group of utilities [46]. From the technical point of view, 
mobile storage can be seen as a version of mobile generation 
with limited energy capacity. 

The availability of mobile emergency power supply with 
generation and storage resources has to be properly coordinated 
in order to get the higher benefits from these resources. The 
solution strategies must also take into account the importance 
given to the network nodes [47]. The allocation of mobile 
generation vehicles is carried out in [48] by setting up a cost 
optimization algorithm that considers the investment costs of 
additional emergency supply, the customer outage cost, and the 
operation and maintenance cost of the emergency power supply 
systems. The pre-positioning of truck-mounted mobile 
emergency generators is proposed in [49] to dispatch these 
generators to some nodes of the distribution system with the 
aim of restoring critical loads, by forming multiple microgrids. 

III. RELIABILITY ASSESSMENT

A. Service restoration process 

The proposed approach is designed to study real 
distribution systems, whose structural topologies are meshed, 
but the redundant branches are open to form radial 
configurations facilitating network operation and protection 
schemes. Each distribution network configuration is 
represented by the state (open/closed) of the connections of 
each branch terminal to its sending and ending nodes.  

In this paper, two connecting devices are considered: 
i) remote-controlled circuit breaker, with automatic trip in

case of fault; and,
ii) remote-controlled synchronization device (switch), without

automatic trip in case of fault.

The network structure is assumed to be known, without 
addressing the possible addition of feeder interties as in [50]. 
Furthermore, the optimal allocation of the switches is not 
addressed in this paper; the reader may refer to [51] for specific 
details. 

Three types of faults are analyzed for calculating the 
duration of the interruptions, namely: 
1. Faults at the local generation units, which may be multiple

and may occur inside the restoration period from other
faults. The local generating unit is excluded by the action of
the local protection device. These faults only affect the
availability of the local generation unit.

2. Temporary faults of the system branches with remote-
controlled circuit breakers and with automatic trips. There
is a single restoration stage, as, by definition, the fault is
cleared after having reclosed the circuit breaker. When the
circuit breaker located in the path from the terminal bus of
the faulted branch to the root (substation) opens, all the
downward nodes experience a temporary interruption. The
local generators with fault ride-through capability remain
connected; the other local generation units are switched off
to avoid their negative impacts on fault currents and
protection schemes.

3. Permanent faults of the system branches, indicating fault
conditions still existing after the trip and first reclosing of
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the circuit breaker. For these faults, remote-controlled 
operations and manual operations of the switches are 
performed, if necessary, to isolate the fault and restore the 
operation in the non-faulted part of the system. The circuit 
breaker initially opens the circuit, so the downstream feeder 
is de-energized. Then, the control center of the distribution 
system activates a remote controlled operation-based 
strategy exploring the faulted branch. With this strategy, the 
fault is located and the faulted branch is isolated. The loads 
of the feeder located upstream of the faulted branch are re-
supplied, and for the loads downstream of the feeder there 
are two possibilities: 
a) The supply to the loads is restored within the formation

of an intentional island. 
b) The loads are subject to a permanent interruption, with

the exception of the nodes recovered by the mobile 
generation, until the reparation of the faulted branch has 
been completed. 

The process after the fault reparation is completed with the 
restoration of the initial configuration. When the 
synchronization devices are present in the connection point, the 
islands can be reconnected to the distribution network without 
interruption. If there is no synchronization device in the 
connection point, it is necessary to disconnect the nodes located 
between the upstream node (able to perform synchronization) 
and the island boundary. In this case, there is an additional 
duration of the interruption, given by the time needed to 
reconnect the island to the grid. A suitable DG unit is needed to 
be able to sustain the island during and after the island 
formation, and its interface device must be able to identify the 
fault currents to avoid the island reconnection to the grid when 
a fault occurs inside the island.  

Many factors affect the probability of the formation of an 
intentional island, namely:  
i. Availability of local generators able to guarantee

voltage/frequency control and dynamic response. In this 
respect, local generators operating in voltage-following 
mode (i.e., with no voltage control) are not suitable to 
support the islanding [52]. This may also happen for local 
generators aiming to provide voltage control, when they 
operate at their reactive power limits; 

ii. Probability that the generation exceeds the load, providing
an adequate supply, also taking into account the 
determination of the DER capacity under uncertain 
conditions [53]; and,  

iii. Probability (1–PIF) of success in the transition to the
island formation, where the probability of island 
formation (PIF) is an assigned probability of islanding 
failure. A further possibility could be to run a transient 
stability simulation for each island formation, to ensure 
that the new operating point in island conditions is 
correctly reached [54]. 

When the service has been restored, the island can be 
reconnected to the network only when synchronism between 
the island and the grid is reached at the connection interface. 

2 In some references, the negative binomial probability distribution has 
been considered instead of Poisson to represent the annual number of faults for 
MV cables [57][58]. 

B. Time-sequential Monte Carlo simulation approach 

In classical reliability analysis, the Markov approach is 
used to establish analytical methods under the hypothesis that 
the times to failure and the repair times of the system 
components are exponentially distributed. In this case, the 
failure rates and the repair rates of these components are 
constant. However, the exponential distribution cannot be 
adopted for other variables such as the restoration times, for 
which various solutions have been adopted in literature, e.g., 
lognormal [55], normal [14], and Gamma [56] PDFs. 

The time-sequential MC simulation is used to calculate the 
reliability indicators for a distribution system with DG. The 
procedure contains M repeated simulations, considering for 
each simulation a random fault pattern involving the network 
components and the DG units. The failure rate is specified for 
each component in the data input. 

The overall period of time considered for the observation 
is denoted by T. Each simulation is based on a fault pattern that 
is generated by randomly extracting, for each component k, the 
number of faults, n(k), from a Poisson distribution using the 
failure rate as parameter2. Then, each fault j = 1,…, n(k) 
involving each component k is randomly located in time period 
T by extracting a random number from a uniform probability 
distribution defined in time interval [0,T] and using it to 
represent the time instant, tj

(k), at which the fault occurs. 
At the end of the definition of the time instants for each 

fault, an ordered list is formed, containing all the time instants 
introduced in ascending order, to represent the time sequence 
of the fault events occurring in any component. Each fault 
instant is then associated with its restoration time, selected at 
random from the probability distribution (e.g., with a Gamma 
distribution) of the restoration time for the corresponding 
component. If the component is a branch, the selection includes 
the determination of whether the fault is temporary or 
permanent, with the related restoration times.   

The definition of the fault pattern is followed by the 
analysis of the individual faults, one at a time, calculating the 
contribution of each fault to the reliability indicator considered, 
e.g., ENS. During the analysis, further aspects such as the
availability and success of operation of the components called 
for performing specific actions (e.g., switching systems 
associated to DG units that have to operate to guarantee 
successful island creation) are considered. At the same time, 
possible multiple or dependent faults are handled during the 
analysis of the effects of the fault. Finally, the possible 
occurrence of another fault (set by the definition of the fault 
time instants), during the restoration process of the fault under 
analysis is verified. This occurrence is very unlikely, given the 
relatively fast restoration with respect to the overall time period 
of observation and the relatively low number of faults, but 
cannot be excluded for practical purposes.  

C. Determination of the duration of the interruptions 

Fig. 1 illustrates the characteristics of the computational 
procedure. The solution algorithm proceeds sequentially in time 
with respect to the chronological sequence of the interruption 
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events. The first action is the identification of the circuit breaker 
serving the faulted feeder. Then, the load points located in other 
feeders are supplied (with no interruption). For the faulted 
feeder, the procedure is based on the following steps: 
1. Analysis of temporary faults: the first calculation is the

extraction of the random restoration time. For the load
points located in the feeder with an interruption, the duration
of the interruptions is updated by adding the corresponding
instant of the restoration time.

2. Analysis of permanent faults: the restoration process with
the possibility of islanding formation is carried out. The
following steps are considered:
 For the faulted feeder, store the location of the load

points in a list, and inspect which load point is assigned
to an intentional island:
o find the local generators connected to the isolated

nodes and check their availabilities at the moment
when the fault occurs, and for the whole duration of
the service restoration process (the local unit could
be unavailable due to scheduled maintenance or to
failure);

o for the load points assigned to an island, add the
island formation time to the interruption duration;

o for the load points not assigned to an island,  the
interruption duration depends on the random
restoration time. Mobile generation can be used to
reach the non-supplied nodes: the interruption
duration can be reduced, extracting a random number 
representing the time to activate the mobile
generation.

 If an island is formed, the power flow in the microgrid
is calculated (e.g., with the backward-forward sweep
method), and the constraints on the voltage and current
limits verified. In the case of constraint violation, the
structure of the intentional island is modified until no
violation occurs [29]. All the load points belonging to
intentional islands are marked as well as the DG units
that control the island operation.

 Identification of the synchronization points adjacent to
the island, that may be:
a) located on the island boundary: no further

contribution to the interruption duration;
b) not located on the island boundary: the island

reconnection time is added to the interruption
duration, due to the operations for restoring the
initial configuration after the fault.

 Finally, the possibility of using mobile generators to
serve the non-supplied nodes is considered. The number
of available mobile generators is randomly selected from 
0 to a user-specified maximum number, with a given
probability of the various occurrences. Instead of setting
up a physical location for the mobile units when they are
not used, the time to reach the node to supply is
considered as the relevant random variable. The
instances of this variable are extracted from a uniform
distribution between a minimum and a maximum value.

3 The optimal allocation of the switches is not addressed in this paper. The 
reader may refer to [51] for specific details. 

Fig. 1. Time-sequential MC reliability calculation method. 

IV. APPLICATION TO A REAL DISTRIBUTION SYSTEM

A. Description of the system 

A.1. Network structure 

The medium-voltage (MV) distribution network under 
analysis is a real network with 207 nodes and 213 branches, 
located on an island. The network has a weakly meshed 
structure, but it is operated in a radial way. The number of 
redundant branches (open for obtaining a radial configuration) 
is 7. Furthermore, the system is supplied by a single thermal 
power plant, located at the slack node, composed of eight 
generator groups, with a total installed power of 20 MW [59]. 
The island is totally dependent on external sources of energy. 
The supply system is fed by diesel generators, as well as by oil-
based ones. 

The scheme of the network, where DG, circuit breakers and 
synchronization devices are located3, is shown in Fig. 2. The 
big circle represents the slack node, while the small circles 
represent the other 206 nodes. The network contains different 
types of loads (residential, industrial, and commercial) and 
some DG plants supplied by wind, photovoltaic (PV), waste to 
energy (W2E) and geothermal systems, represented by colored 
squares. Hourly profiles are used to characterize the different 
types of loads and generations. The 7 redundant branches [42] 
are indicated in Table I, but are not drawn in Fig. 2 for the sake 
of simplicity. 
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Results
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Availability
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For the one-year reliability assessment, the DG units have 
been included in the network to evaluate the benefits of the 
integration of renewable energy in isolated systems. 

Fig. 2. Scheme of the MV network. 

A.2. Generation profiles 

The generation units considered are taken from [59]. The 
most realistic operation implies full exploitation of the 
geothermal and W2E sources and the inclusion of some wind 
and PV power plants. Geothermal and W2E profiles for one 
year are taken from [59] and [60]. The small geothermal power 
plant (2.5 MW) is located in the southwest of the island and 
operates during 8000 h/year (considering a programmed 
unavailability due to successive maintenance of the generation 
groups in winter). 

Information on DG is reported in Table II. Wind and PV 
generation profiles are taken from historical data for one year 
available in [61]. In the case of wind, only data for 9 months are 
available, and the other 3 months are forecasted using a 
probabilistic method based on scenario generation from time 
series data, taken from the approach reported in [62]. 

TABLE I. REDUNDANT BRANCHES 

Initial and final nodes of the 7 redundant branches 
2-69 4-131 8-135 23-148 73-121 85-198 73-121 

TABLE II. DG CONNECTED TO THE NETWORK 

Generation 
type 

Number of units and rated 
power (kW) 

Annual production 
(GWh) 

Wind  2 x 20 0.15 
PV  3 x 200 1.332 
Geothermal  1 x 2500 19.99 
W2E  1 x 370 1.91 

A.3. Demand profiles 

For distribution system studies, a relevant aspect is the 
characterization of the aggregate demand. The probabilistic 
model of the aggregate demand is very useful for system 
operators or aggregators for extracting information about the 
demand-side behavior in the operation of microgrids. 

The time step used to scan the aggregate demand pattern is 
very important to preserve the information about the 
consumers’ behavior and the related uncertainty. Conventional 
models of aggregate electrical demand consider an average 
value for a specific time step (e.g., 30 min to 60 min). In this 
case, one-hour step is used. The aggregate average load patterns 
for one day and for the whole network are illustrated in Fig. 3. 
In the same way, the power generation for a typical summer day 
is chosen in order to represent the generation profiles in Fig. 4. 

A.4. Intraday configuration strategy  

An intraday strategy is applied in order to maximize the 
optimality of the network configuration. In this case, two 
optimal configurations are used for the whole year, one for peak 
hours and another for off-peak hours, as shown in Table VII 
reported in [41]. These results have been found for the specific 
case with a relatively low penetration of DG. However, the 
method used is general, also in case of a more remarkable 
penetration of DG, in which the distinction between peak hours 
and off-peak hours becomes less evident.  

A.5. Other data  

For reliability analysis, the whole period of one year with 
time intervals of one hour is assumed. The failure rate per 
branch is 0.5 (for temporary faults) and 0.05 (for permanent 
faults). The duration of faults is assumed to be 10 s for 
temporary faults, and 3 min, 30 min, 1 h and 10 h for permanent 
faults, respectively. The fault probability of the generator is 0.1. 
The parameters of the restoration times for the Gamma 
distribution (shape and scale factor) are shown in Table III.  

TABLE III. PARAMETERS FOR RESTORATION TIMES 

Shape parameter (k) Scale parameter (θ) Approx. fault 
time 

5 2 10 s
4 60 3 min
4 450 30 min
4 800 1 h
4 10000 10 h
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Fig. 3. Average hourly demand profiles.  

Fig. 4. Average hourly generation profiles for the summer period. 

B. Results and discussion 

B.1. Definition of the cases and simulation framework 

The results of the reliability analysis are shown by applying 
the sequential MC method with 1000 repetitions in the 
following cases: 
 Case I, with neither DG nor mobile generation;
 Case II, with mobile generation and no DG;
 Case III, with DG and no mobile generation;
 Case IV, with DG and mobile generation.

In all the cases, the same random faults are considered in 
order to provide a sound comparison among the differences in 
the ENS results. 

The simulations have been carried out by using the CPLEX 
11 solver in MATLAB [63]. An Intel Xeon E7-4820 computer 
with four processors at 2 GHz and 128 GB of RAM has been 
used.  

B.2. Analysis of a specific simulation 

The details of a specific simulation are provided here in 
order to illustrate how the algorithm process works. Let us 
analyze one permanent fault in branch 148 (connecting node 
146 to node 148). The time of the fault is selected from a 
uniform distribution along the year; in this specific situation 
occurring during hour 19:00 of the 23rd day of the 9th month.  

Initially, the circuit breaker located at node 131 is found 
and the downstream load (residential load 838.5 kW, industrial 
load 599.1 kW, and commercial load 867.7 kW) is not supplied. 
In that instant, the topology is the one shown in Fig. 5, the wind 
generator at node 153 is producing 12.8 kW, and the W2E 

power plant is generating 282.8 kW. The number of available 
mobile generators is 2, acting in the 42nd and 71st  min, 
respectively, after the fault occurs. 

After the algorithm finds the circuit breaker, it verifies the 
existence of local generation in the isolated feeder with suitable 
characteristics to create an intentional island, and looks for the 
synchronization point in order to isolate part of the network 
until the fault is restored.  

There are two synchronization points at nodes 151 and 174. 
The wind generator at node 153 can only supply 12.8 kW of the 
demand (21.86 kW) at that node. On the other hand, the W2E 
power plant checks whether it can create an island supplying 
the loads near its location (node 205) with its own power. 
Therefore, there is an island formation between nodes 201, 203, 
204, 205 and 206, located downstream from the 
synchronization point at node 174. In this specific situation, the 
synchronization point is not located on the island boundary. 
Finally, the existence of two available mobile generators covers 
the demand of nodes 148 and 149 until the fault is restored. 

Fig. 5. Island formation during fault in branch 148. 

B.3. Comparison criterion and overall results 

Considering all the simulations for one year, for the sake of 
comparison, the faults are the same for all the cases. The 
maximum and minimum number of faults are 149 and 84, 
respectively. ENS values have been calculated for residential, 
industrial and commercial users. However, the total energy 
consumption in one year for the three types of users is different. 
Considering the conventional load profiles established for the 
different types of users, the energy consumption in one year 
(without interruptions) is 17,275 MWh for residential users, 
13,346 MWh for industrial users, and 21,073 MWh for 
commercial users. Thereby, considering only the ENS values to 
compare the results for the different users is not appropriate. 
The energy consumption is taken as the conventional reference 
to calculate the ratio between the total ENS and the contract 
power for each type of user. This ratio is the relevant variable 
used for the sake of comparison. 

The Cumulative Distribution Functions (CDFs) of the ENS 
to contract power ratio are represented in Figs. 6, 7 and 8, 
respectively, in the four cases. Comparing the three figures, it 
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is more likely to have a higher ENS to contract power ratio for 
the commercial users, compared to the other ones, as its CDF is 
shifted to the right-hand side. On the other hand, it is more 
frequent to have a lower ENS to contract power ratio, first, for 
the industrial users, then for the residential users and, finally, 
for the commercial users, as shown in the figures below. 
Moreover, as expected, there is a higher probability to have a 
lower ENS in Case IV, which includes DG and availability for 
mobile generation. Cases II and III are similar, Case III being 
slightly better to reduce the overall ENS. Finally, Case I is the 
worst one in terms of continuity of supply. As observed, the 
CDF is close to 1 in the worst situation, when the ratio is 28 h 
for industrial users, 31 h for residential users and 39 h for 
commercial users. This can also be seen in Fig. 9. Moreover, 
this figure also illustrates the different total ENS values 
corresponding to the different methods. The traditional 
approach provides higher ENS, as expected, while the results 
obtained from the measure-based and load profile-based 
approaches are very similar. In particular, the load profile-based 
approach leads to slightly lower values than the measure-based 
approach, whilst being more accurate in determining the total 
ENS. 

Fig. 6. CDF of the ENS to contract power ratio for residential users.

Fig. 7. CDF of the ENS to contract power ratio for industrial users.  

Fig. 8. CDF of the ENS to contract power ratio for commercial users. 

Fig. 9. Average values of the total ENS in the four cases. 

a) Case I b) Case II

c) Case III d) Case IV

Fig. 10. ENS share for residential, industrial and commercial users with 
different approaches to ENS calculation and DG and mobile generation 
penetration.  
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 Residential demand  Industrial demand  Commercial demand 
Case I 

Case II 

Case III 

Case IV 

Fig. 11. Probability Density Functions (PDFs) of the ENS to energy consumption ratio.  

Fig. 10 illustrates the ENS share among the different users 
for each case. The ENS share for the commercial users is similar 
to the measure-based and load profile-based approaches for all 
the cases. In the traditional approach, the ENS share is 

equivalent among the three types of users, except for Case III, 
in which the proportion is 40% commercial, 35% industrial and 
25% residential, the ENS share of the residential  
users being the lowest of all the cases. In the load profile-based 
and measure-based approaches, the ENS share remains 

99



IEEE Transactions on Industry Applications 10

approximately constant among all the users for the 4 cases (41% 
commercial, 25% industrial and 34% residential). Finally, as 
explained before, the higher percentage of the ENS share 
corresponds to the commercial users. 

Fig. 11 displays the Probability Distribution Functions 
(PDFs) of the ENS to contract power ratio. It shows that the 
commercial demand contribution to the ENS to contract power 
ratio is also higher than for the residential and industrial users, 
as it is further shifted to the right for the four cases. The highest 
probability is 0.21 in Case IV for the industrial users, which 
corresponds to an ENS to contract power ratio of 2 hours. This 
means that the highest probability of having the lowest ratio is 
for the industrial users. In fact, the probability of having a lower 
ratio is seen in Case IV, in which the PDFs are concentrated on 
the lowest ratios for all types of users. In all the cases the 
distribution is asymmetrical and right-skewed.  

V. CONCLUSIONS 

This paper has presented an extended framework for the 
reliability evaluation of active distribution systems for a period 
of time. This framework includes the possibility of creating 
intentional islands in case a fault occurs, and show how the 
introduction of DG, intraday network reconfiguration strategy 
and mobile generation improve reliability by reducing the ENS.  

The effectiveness of the proposed approach has been 
shown in the application to a real MV network. Numerical 
results have been presented in different cases, with and without 
DG and mobile generation, and with different ways to calculate 
the ENS, based on conventional load profiles or measured 
values of the demand at given time steps. This is in line with the 
current developments aimed at providing practical 
implementations of the smart grid paradigm. One of the 
advantages that DG can provide to electric utilities and 
customers is the possibility of improving the continuity of 
supply by implementing safe intentional islands in the event of 
an upstream supply outage. The possibility of creating islands 
during the service restoration process may be constrained by 
regulatory issues, as the DG owner would have to take care of 
the loads served by another entity in normal operating 
conditions. The analyses carried out in this paper consider that 
such a limitation is not in place. 

Based on the framework presented, it is possible to carry 
out many types of parametric analyses by changing the amount 
of DG and mobile generation in the network, assessing the 
effects on reliability in such a way to provide useful information 
for distribution system planning.  
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Chapter 7

Summary, Conclusions,
Contributions and Future
Works

This chapter presents the summary of this dissertation, the main conclusions,
contributions and possible future work.

7.1 Summary

This thesis deals with new operation and planning models for future distribution
networks allowing for a growing penetration of RES with an optimal integration of
generic ESS and EV in the distribution system. It aims to establish new manage-
ment tools in the recent energy framework optimizing operation and investment
in network assets, DG and upcoming devices like generic ESS and EVCS.

The main research lines of this thesis have been the following:

1. Real-Time Operation Tools
Contingency Assessment and Distribution Network Reconfigura-
tion in Distribution Grids Including Wind Power and Energy Stor-
age

Islanding in Distribution Systems Considering Wind Power and
Storage

These two works use two-stage stochastic real-time operation models with
wind power generation and storage devices.
The first one deals with the reconfiguration of the distribution network in
order to overcome the impact of outages under an N-1 contingency condition
and increase of power losses. An exhaustive analysis has been performed for
all the outages with the possibility of having isolated radial grids.
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The second work presents a model in order to maximize load and generation
balance under islanded conditions with additional constraints for reactive
power. The output of the mathematical model has been analyzed using 9
cases in 3 islanded areas.

2. Medium-Term Operation Planning Tool
Optimal Placement of Energy Storage and Wind Power under Un-
certainty

This research proposes a stochastic model with a detailed alternative current
optimal power flow that uses binary variables to define the location of wind
generation and storage. The results show the performance of the model under
different values of installed ESS and wind capacities in a given distribution
network.

3. Long-Term Planning Tool
Impact of Electric Vehicles on the Expansion Planning of Distribu-
tion Systems Considering Renewable Energy, Storage and Charg-
ing Stations

This work presents a stochastic multistage distribution expansion planning
model where investments in distribution network assets, RES, ESS and
EVCS are jointly considered. The target of the DSO is to minimize the
generation and network investment costs while meeting the demand. The
outcomes of the model are the locations and sizes of RES, ESS, EVCS and
the distribution assets to be installed, reinforced or placed.

4. Reliability Assessment Tool
Reliability Assessment of Microgrids with Local and Mobile Gen-
eration, Time-Dependent Profiles, and Intra-Day Reconfiguration

The use of a sequential MC method is used to accomplish a reliability evalua-
tion of the microgrid. Dedicated solutions for mobile generation and storage
are exploited considering an intraday reconfiguration strategy. An appli-
cation to a real distribution network is presented, showing the probability
distributions of the ENS, as well as the breakdown of these indicators for
different demand categories (residential, industrial, and commercial). This
framework includes the possibility of creating intentional islands in case a
fault occurs, and shows how the introduction of DG, intraday network recon-
figuration strategies and mobile generation improve reliability by reducing
the ENS.

7.2 Conclusions

The focus of this thesis has been to develop tools that manage the optimal oper-
ation and planning of the new distribution networks associated to the increasing
penetration of RES and the integration of new energy sources. The main conclu-
sions related to each of the papers published are presented below:
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1. The most relevant conclusions of the paper entitled “Contingency Assess-
ment and Distribution Network Reconfiguration in Distribution Grids In-
cluding Wind Power and Energy Storage” are:

(a) The advantages of having ESS and renewable energy in terms of real-
time operation under N-1 contingencies in distribution networks have
been demonstrated.

(b) The penetration of ESS and wind power generation has improved grid
operation by reducing power losses. In addition, in case of contingen-
cies, ESS has decreased the need for generation curtailment.

(c) The method improves reliability by allowing optimal radial reconfigu-
ration and radial islanded operation if required.

(d) There is a reduction of cost in the system energy losses and in the cost
of the energy supplied by the substation.

(e) The proposed model can be a valuable tool for an electrical distribution
company to optimally reconfigure the system by evaluating all possible
contingencies of the network using wind power and ESS.

2. The conclusions related to the paper entitled “Islanding in Distribution Sys-
tems Considering Wind Power and Storage” are:

(a) The proposed model has led to the correct operation of the grid in
islanded situations and has avoided a complete blackout in these areas
under different levels of generation and demand.

(b) The combination of wind generation and ESS leads to having more load
and generation under islanded conditions.

(c) The generation is able to compensate the reactive power after islanding
formation. Reactive power has been introduced as a limitation in the
optimization model.

(d) It is possible to reconfigure the network by opening and closing the
switches that exist within each island, optimizing their operation.

3. The most important conclusions of the paper entitled “Optimal Placement
of Energy Storage and Wind Power under Uncertainty” are:

(a) The proposed MILP model is well suited to find the best locations and
sizes for wind units and ESS. It is also desirable to have ESS with a high
maximum value of production or storage power because the device has
less charging or discharging restrictions when required by the network.

(b) The total operating costs has been reduced with the combination of the
technologies mentioned above, mainly since wind curtailment costs are
reduced. The wind limitation is part of the operation procedures that
the DSO must apply for system security reasons in situations where
there is no energy storage in operation.
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4. The conclusions related to the paper entitled “Impact of Electric Vehicles
on the Expansion Planning of Distribution systems Considering Renewable
Energy, Storage and Charging Stations” are:

(a) It has been shown how ESS can contribute to integrate renewable gener-
ation and EV charging demand in the coordinated expansion planning
of a distribution network.

(b) Investment and operating costs have been minimized, thus avoiding the
need to expand the existing substation.

(c) Increasing the demand while reducing the energy costs outlines the
potential of the combination of EVCS and ESS in distribution networks
with a high penetration of renewables.

5. The most important conclusions of the paper entitled “Reliability Assess-
ment of Microgrids with Local and Mobile Generation, Time-Dependent
Profiles, and Intra-Day Reconfiguration” are:

(a) One of the advantages that DG can provide to electric utilities and
customers is the possibility of improving the continuity of supply by
implementing safe intentional islands in the event of an upstream supply
outage.

(b) The possibility of creating islands during the service restoration process
may be constrained by regulatory issues, as the DG owner would have
to take care of the loads served by another entity in normal operating
conditions.

(c) It has been possible to carry out many types of parametric analyses
by changing the amount of DG and mobile generation in the network,
assessing the effects on reliability in such a way to provide useful infor-
mation for distribution system planning.

7.3 Contributions

The main contributions of the thesis are presented below:

1. From a methodological perspective, stochastic mixed-integer linear program-
ming has been used in the optimization models included in this thesis to con-
sider the intermittency of renewable energy. Additionally, in the contingency
and islanding tool, a two-stage stochastic mixed-integer linear programming
model has been developed as there are some decisions that do not depend
on the scenario. The multiobjective stochastic mixed-integer linear program-
ming method introduced for the optimization models provides some benefits:
a) the mathematical model is robust, b) the computational behavior of a lin-
ear solver is more efficient than those of nonlinear solvers, providing a global
optimal solution, and c) convergence can be guaranteed using classical opti-
mization techniques. Different methods have been applied to create scenarios
depending on the period of time covered and the purpose of each model.
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2. From a modeling perspective, a joint programming model of the optimal
reconfiguration and contingency assessment has been carried out for a dis-
tribution system. Furthermore, a joint expansion planning optimal tool has
been developed to stress the relevance of integrating ESS in investment mod-
els under the increasing penetration of RES and the upcoming integration of
EV under uncertainty. Moreover, the formulation of a mathematical model
for reliability assessment of a distribution system with renewable genera-
tion, with the possibility of considering demand profiles for different types
of customers, possible formation of intentional islands, change of network
configurations over time, and use of mobile generation and storage systems
has been presented.

3. In order to account for the future smart distribution systems, the integration
of the main energy sources has been a subject of study in this thesis. The
availability of ESS, the integration of RES, as well as the growing number
of EV have been analyzed in the management of the operation and planning
models shown.
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• P. Meneses de Quevedo, G. Muñoz-Delgado and J. Contreras, “Joint
Expansion Planning of Distribution Networks, EV Charging Stations
and Wind Generation Under Uncertainty,” IEEE Power Energy Society
General Meeting, Chicago, 16-20 Jul 2017.

Books

• J. Contreras, M. Asensio, P. Meneses de Quevedo and G. Muñoz-
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978-0128053225.
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Book Chapters

• M. Asensio et al., “Smart and Sustainable Power Systems: Operations,
Planning, and Economics of Insular Electricity Grids, Chapter 6: Elec-
tric Price Signals, Economic Operation, and Risk Analysis,” edited by
João P.S. Catalão, pages 285-344, 2016, CRC PRESS, ISBN 978-1-4987-
1212-5.

Poster contributions

• P. Meneses, J. Contreras, “Technical and Economic Impact of Integrat-
ing EV in an Insular Distribution Grid,” 23rd International Conference
on Electricity Distribution (CIRED), Lyon, 15-18 Jun 2015.

• P. Meneses, J. Contreras, “Modeling and Reliability Assessment of Mi-
crogrids Including Renewable Distributed Generation,” VI Jornadas
Doctorales de la UCLM, Toledo, 18 Oct 2016.

European Project SiNGULAR (Smart and Sustainable Insular Electricity
Grids Under Large-Scale Renewable Integration) Deliverables.

http://www.singular-fp7.eu/home/

• P. Meneses de Quevedo et al., “Deliverable 6.1. Economic Framework
of Insular Electric Networks,” SiNGULAR project.

• P. Meneses de Quevedo et al., “Deliverable 6.2. Report on the Scenario
Analysis for the Insular Electricity Grids and Development Completed
for Risk Analysis Tools,” SiNGULAR project.

7.4 Future Works and Open Problems

The research work presented in this thesis could be susceptible to several improve-
ments. More generation technologies could be added to the model like biomass,
cogeneration, hydro or thermal solar. In this way, the modeling of new sources of
DG that have not been included in this thesis could be subject to further study.

Moreover, distribution networks evolve from traditional passive networks to
active networks being capable of integrating the behaviour and actions of all users
connected to it, generators, consumers and operators in an intelligent way. There-
fore, it is expected that this new context will take advantage of the active partici-
pation of consumers, the integration of ESS and the incorporation of EV. Accord-
ingly, new methodologies should include demand response and new information
management tools like intelligent monitoring, control techniques and intelligent
communication.

Future works will consider the possibility that EV can inject power into the
network when they are not in use in both operation and expansion planning opti-
mization models. Thus, the development of models based on multi-level program-
ming in the expansion of distribution networks and generation is proposed. The
different levels could include the minimization of the expansion planning cost, the
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minimization of consumer payment, the minimization of the charging cost for the
users of EV and the maximization of the profit of the users of EV when injecting
power into the network.

Another interesting topic that could be implemented in both operation and
planning models is meshed operation, in order to take advantage of the increasing
penetration of DG. This must consider a protection system that would be required
for this meshed network configuration with the main purpose of operating it suc-
cessfully. Therefore, the expansion planning model could integrate bidirectional
flows for future research.

The evolution of distribution automation is creating opportunities for chang-
ing the network configuration across time, in particular for microgrids and newly
developed networks in small energy districts. The interest of changing the network
configuration in certain periods comes from the fact that, after the introduction
of suitable configuration changes, the system losses (and their costs) can decrease
significantly with time-varying load and local generation patterns.

Technology developments decreasing the cost of renewable sources and EV
will take place in the future. Recently, RES are being connected to distribution
grids at an extraordinary rate, consumers are installing solar panels on their roofs,
new market players are starting to sell flexibility services, and EV are starting
to appear on the roads. All of these are impacting electricity systems, notably
DSO and the way they operate and develop their grids leading them to adapt and
innovate. Recommendations regarding system planning and operation, additional
cooperation and coordination between transmission system operators and DSO
will be studied in the future.

Finally, the uncertainty modeling presented in this thesis can be extended by
applying robust optimization and adaptive robust optimization in order to model
the uncertainty sources of distribution system operation and planning.
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Chapter 8

Conclusiones de la Tesis

El objetivo de esta tesis doctoral ha sido desarrollar herramientas que gestionen
la operación y la planificación de las nuevas redes de distribución asociadas a una
creciente penetración de fuentes de enerǵıa renovable y la integración de nuevas
fuentes de energa.

A continuación se presentan las principales conclusiones relacionadas con cada
uno de los trabajos publicados:

1. Las conclusiones más relevantes del art́ıculo titulado “Contingency Assess-
ment and Distribution Network Reconfiguration in Distribution Grids In-
cluding Wind Power and Energy Storage” son:

(a) Se ha demostrado la ventaja de tener conjuntamente unidades de alma-
cenamiento de enerǵıa y enerǵıas renovables, en términos de operación
en tiempo real bajo contingencias N-1 en redes de distribución.

(b) La penetración de los dispositivos de almacenamiento y de generación
eólica ha mejorado el funcionamiento de la red reduciendo las pérdidas
de enerǵıa. Además, en el caso de contingencias, los sistemas de alma-
cenamiento han disminuido la reducción en la producción de generación
eólica.

(c) Este método mejora la fiabilidad permitiendo una óptima reconfigu-
ración de forma radial y una operación radial en isla, si fuese necesario.

(d) Hay una reducción en el coste de las pérdidas del enerǵıa del sistema y
en el coste de la enerǵıa suministrada por la subestación.

(e) El modelo propuesto puede ser una herramienta valiosa para que una
empresa de distribución eléctrica pueda reconfigurar el sistema de forma
óptima evaluando todas las posibles contingencias de la red utilizando
la enerǵıa eólica y los sistemas de almacenamiento de enerǵıa.

2. Las conclusiones relacionadas con el art́ıculo “Islanding in Distribution Sys-
tems Considering Wind Power and Storage” son:
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(a) El modelo propuesto ha llevado a un correcto funcionamiento de la red
en situaciones aisladas y ha evitado un apagón completo en estas áreas
bajo diferentes niveles de generación y demanda.

(b) La combinación de generación eólica y sistemas de almacenamiento de
enerǵıa permite mantener el balance de carga y de generación bajo
condiciones de isla.

(c) La generación es capaz de compensar la potencia reactiva después de la
formación de la isla. La potencia reactiva se ha introducido como una
limitación en el modelo de optimización.

(d) Se posibilita la reconfiguración, abriendo y cerrando los interruptores
que existen dentro de cada isla, optimizando su funcionamiento.

3. Las conclusiones relacionadas con el art́ıculo “Optimal Placement of Energy
Storage and Wind Power under Uncertainty” son:

(a) El modelo de programación lineal entera mixta es muy adecuado para
encontrar la mejor ubicación y el mejor tamaño para las unidades de
viento y sistemas de almacenamiento de enerǵıa. También es deseable
tener un sistema de almacenamiento con un alto valor máximo de poten-
cia de producción o almacenamiento, porque el dispositivo está menos
restringido para cargarse o descargarse cuando la red lo requiera.

(b) Los costes operativos totales han sido reducidos con la combinación de
estas tecnoloǵıas mencionadas anteriormente, principalmente en este
tipo de modelos se reducen los costes de reducción del viento. La lim-
itación del viento forma parte de los procedimientos de operación que
el operador de la red de distribución tiene que cumplir por razones de
seguridad del sistema en situaciones donde no haya sistemas de alma-
cenamiento de enerǵıa funcionando.

4. Las conclusiones relacionadas con el art́ıculo titulado “Impact of Electric
Vehicles on the Expansion Planning of Distribution Systems Considering
Renewable Energy, Storage and Charging Stations” son:

(a) Se ha demostrado cómo los sistemas de almacenamiento genéricos pueden
contribuir a integrar la generación renovable y la demanda de carga de
los veh́ıculos eléctricos en la planificación de la expansión coordinada
de una red de distribución.

(b) Los costes de inversión y operación han sido minimizados, evitando aśı
la necesidad de ampliar las subestaciones existentes.

(c) Aumentar la demanda y reducir los costes energéticos esboza el po-
tencial de la combinación de las estaciones de carga de los veh́ıculos
eléctricos y los sistemas de almacenamiento de enerǵıa en las redes de
distribución con una alta penetración de enerǵıas renovables.
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5. Las conclusiones más importantes del art́ıculo titulado “Reliability Assess-
ment of the Microgrids with Local and Mobile Generation, Time-Dependent
Profiles, and Intra-Day Reconfiguration” son:

(a) Una de las ventajas que la generación distribuida puede proporcionar a
las empresas de electricidad y a los clientes es la posibilidad de mejorar
la continuidad de suministro mediante la implantación de islas inten-
cionales seguras en caso de una interrupción del suministro en sentido
ascendente.

(b) La posibilidad de crear islas durante el proceso de restauración del
servicio puede verse restringida por cuestiones regulatorias, ya que el
propietario de la generación distribuida tendŕıa que ocuparse de las
cargas suministradas por otra entidad en condiciones normales de fun-
cionamiento.

(c) Se han podido llevar a cabo muchos tipos de análisis paramétricos cam-
biando la cantidad de unidades de generación distribuida y de genera-
ción móvil en la red, evaluando los efectos sobre la fiabilidad, de tal
manera que proporcionen una información útil para la planificación del
sistema de distribución.
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