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Abstract

Title : Optimization methods and energy management in smart grids

The current electricity grids will experience a profound change in the coming years. The
new generation is the SG which is characterized by information and communication layer
enabling the communication between the different components of the grid. It needs to consider
all sides of power grid, making it more intelligent and flexible. This notion is presented as an
answer to changes in the electricity market, aiming to manage the increased demand while

ensuring a better quality of service and more safety.

First, we present a MILP formulation to optimize the energy production and consumption
systems in a smart home with an effective deployment of several DER. Then through the design
of experiments with the Taguchi method, diverse scenarios are introduced by varying significant
factors. Afterward, a heuristic technique is proposed to solve the problem of residential energy
management by finding the global optimum solution for many consecutive days with significant

reduction of execution time.

Second, an energy management model is proposed thanks to mathematical models to
optimize the grid, renewable energy resources, battery and EVs are presented as well as for
different type of thermal and electrical appliances. An exact solution method is implemented to
reduce the electricity cost in a smart home and find out operation modes of different loads. Then a
math-heuristic optimization algorithm is proposed to solve the problem with extended simulation

time horizon.

Finally, we study a microgrid energy management problem which comprises multiple
smart homes. Each of them owns renewable energy resources, one EV and smart appliances. The

renewable energy resources inject the excess energy in the shared ESS. An optimized energy
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management model using MILP is proposed to reduce the total electricity cost in the microgrid.
Comparisons with conventional scenarios where each smart home has its individual small ESS
without sharing energy with their neighbors are done to ensure that the proposed formulation is

well efficient.

Keywords: Energy management system, mixed integer linear programming, smart grid,

optimization, heuristic algorithm, distributed energy resources.



Résumé

Titre : Méthodes d'optimisation et de gestion de I’énergie dans les réseaux intelligents

"Smart Grids"

Les réseaux électriques actuels connaitront un profond changement dans les années a
venir. La nouvelle génération est le SG ou le réseau électrique intelligent qui se caractérise par
une couche d'information et de communication qui permet aux différents composants du réseau
de communiquer. Il doit considérer tous les aspects du réseau électrique, le rendant plus
intelligent et flexible. Cette notion est présentée comme une réponse a I'évolution du marché de
I'¢lectricité, visant a gérer 1’augmentation de la demande tout en assurant une meilleure qualité

de service et plus de sécurité.

Premierement, nous présentons une formulation de programmation linéaire mixte en
entier pour optimiser les systemes de production et de consommation d'énergie dans une maison
intelligente avec un déploiement efficace de plusieurs ressources énergétiques distribuées.
Ensuite, a travers la conception d'expériences avec la méthode de Taguchi, divers scénarios sont
introduits en faisant varier des facteurs significatifs. Par la suite, une technique heuristique est
proposée pour résoudre le probléme de la gestion de I'énergie résidentielle en trouvant la solution
optimale globale pendant plusieurs jours consécutifs avec une réduction significative du temps

d'exécution.

Deuxiémement, un modéle de gestion de I'énergie est assuré grace a des modeles
mathématiques pour optimiser 1’utilisation du réseau, des ressources énergétiques renouvelables,
des véhicules électriques et de la batterie, ainsi que pour différents types d'appareils thermiques et
électriques. Une méthode de solution exacte est mise en ceuvre pour réduire le cotit de 1'électricité

dans une maison intelligente et pour trouver des modes de fonctionnement de différentes charges.

Page 29 of 144



Ensuite, un algorithme d'optimisation math-heuristique est proposé pour résoudre le probleme

avec un temps de simulation étendu.

Enfin, nous étudions le probléme de gestion de I'énergie dans un microréseau constitué de
plusieurs maisons intelligentes. Chacune d'elles dépose de ressources énergétiques renouvelables,
d’un véhicule électrique et d’appareils intelligents. Les ressources d'énergie renouvelable injectent
I’exces de 1'énergie dans un systéme de stockage d'énergie partagé. Un modele mathématique
linéaire mixte en entier pour la gestion d'énergie est proposé pour réduire le colt total de
fonctionnement du microréseau. Des comparaisons avec des scénarios conventionnels ou chaque
maison intelligente possede son propre systeme de stockage d'énergie sont effectuées pour

démontrer 1’efficacité de la démarche proposée.

Mots clés: Systeme de gestion de I'énergie, programmation linéaire mixte en entier, réseau
électrique intelligent, optimisation, algorithme heuristique, ressources énergétiques

renouvelables distribuées.
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1 Introduction

1.1 Energy Context and Motivation

Electrical systems in most developed countries are undergoing important changes. These
changes are the result of the liberalization of the electricity market and the increase of the
implementation of renewable energies. The topology of the electrical system has not changed
since its creation in the early 20th century. At that time, a centralized architecture was
implemented: electricity being produced in power plants with very high power, transported
between regions by very high voltage networks and distributed to consumers by low voltage
networks. This centralized architecture was the one that best met the constraints of at that time; it
also guaranteed rapid network development and good quality of supply. However, in recent
years, this system has begun to be questioned in order to allow a broad liberalization of the
electricity market and increase the share of electricity generators based on renewable energies
while maintaining the quality of energy delivered to consumers. Furthermore, the environmental
problems are today pregnant in the world of energy. On the one hand, fossil resource reserves are
limited and, on the other hand, the use of these resources is responsible for a number of
environmental consequences: local pollution or increased concentrations of greenhouse gases in
the atmosphere inducing a global warming. As well as, the average temperature at the surface of
the globe will rise between 2°C and 6°C by the end of the 21st century. In particular the
electrical system must today evolve for to answer a set of emerging problems: aging of network
infrastructures, new electrical uses, growth in demand, particularly in the peak period, the desire
to deploy means of production depending on intermittent and/or decentralized renewable
resources. On the strength of these different findings, new actors are positioning themselves in

order to develop solutions to make the demand for electricity more flexible, to integrate
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increasingly intermittent renewable production by guaranteeing the reliability of the system, to

implement large scale EVs, to store electricity, etc.

These issues, closely linked, have led to the emergence of the concept of SGs, in order to
optimize the management of the electrical system. SGs result from the merging of the electrical
networks and the telecommunications networks by the progressive integration of the new
technologies of the information and the communication. This deployment allows the
communication between the actors of the electricity network, the consumers, the decentralized
production, the EVs and the different elements of the electrical infrastructure. The new
controllability of the network allows the emergence of new advanced driving features that allow

network managers to improve their operation, safety and reliability.

1.2 Thesis Outline

The rest of the thesis is organized as follows:
Chapter 2

This chapter presents some necessary background topics essential for the thesis. A literature
review from conventional electrical grid to the SG is introduced. Subsequently, numerous
optimization and programming techniques are presented that permit the right operation and

control in the SG environment.
Chapter 3

Chapter 3 presents the first journal paper, published in IEEE Canadian Journal of Electrical and
Computer Engineering (CJECE). In this chapter we present a MILP model to optimize the energy
production and consumption systems in a smart home with an effective deployment of several
DERs, such as the integration of renewable energy production (solar and wind) and battery
storage systems as a DG with penetration of gridable vehicles, generally referred as V2G.
Different case studies are introduced by varying significant factors through the design of

experiments with the Taguchi method. After that, a heuristic technique is proposed to solve the



problem of residential energy management by finding the global optimum solution for many

consecutive days with significant reduction of execution time of the scenarios.
Chapter 4

Chapter 4 presents the second journal paper, published in IEEE Transactions on Industry
Applications (TIA). In this chapter, an energy management model is proposed and mathematical
models for the grid, renewable energy resources, batteries and EVs are presented as well as for
different type of thermal and electrical appliances. An exact solution method is implemented to
reduce the electricity cost in a smart home and find out operation modes of different loads then a
math-heuristic optimization algorithm based on MILP formulation is proposed to solve the

problem with extended simulation time horizon.
Chapter 5

Chapter 5 presents the third journal paper, which has been submitted to IEEE Transactions on
Energy Conversion (TEC). In this chapter, we consider a smart microgrid which comprises
multiple smart homes each of them owned: renewable energy resources (one PV system and one
micro-wind turbine), one EV and smart appliances. The renewable energy resources inject the
excess energy in the shared ESS. Each smart home is interested to utilize the shared ESS to
increase its return. The energy exchange between the smart homes in the considered microgrid is
controlled by a RMGO. To ensure that the implemented energy management model using MILP
is efficient in reducing the total electricity cost in the microgrid, we have compared it with a
conventional scenario where each smart home has its individual small ESS without sharing
energy with their neighbors. To perform a reasonable comparison, we ensure that the capacity of

the shared ESS is equal to the sum of the capacity of all individual ESS.
Chapter 6

Finally, Chapter 6 summarizes the proposed works and provides recommendations for future

research.
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2 From Conventional Electrical Grid to the Smart

Grid: Literature Review

2.1 Operation of Electrical Grid

The electrical grid is the transport vector for electrical energy. It provides the connection
between the production centers and millions of subscribers. The role of the electrical grid is to
bring energy from the production power plants to the consumers while guaranteeing a very big
robustness and the best possible efficiency and performance. The majority of losses on the grid
are Joule losses due to resistivity of conductors reducing the resistivity of the conductors is very
expensive, since it amounts of using conductors having a larger section or materials with a lower
resistivity. The most interesting economically solution is to raise the level of the voltage. At the
output of the power plants, high-voltage lines allow to transport significant power over long
distances, then lines with lower and lower voltage levels carry energy to the final consumption
points. Fig. 2.1 illustrates the conventional electrical power system.

The electrical grid is broken down into four subsystems associated with different voltage

levels: production, transmission, distribution and consumption [L. Lasne, 2008]:
. Production:

The production of electrical energy consists of transforming convertible energies into electrical
energy at medium voltage. All convertible energy can be divided into two main parts: on the one
hand, non-renewable energy sources such as coal, fuel oil, fossil fuels and nuclear power, and on

the other hand, renewable energy sources such as solar, wind, hydro, biomass and wave energy.
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= Transmission and distribution:

The transmission and distribution networks (T & D) transport the electrical energy from
production points to consumers at very high, high and medium voltage. The energy is transported
in the form of three-phase systems of (sinusoidal) voltages whose characteristics are: the
frequency (50 Hz or 60 Hz), the normalized voltage levels and the couplings of the terminations

(triangle or star).

= Consumption:

The electrical consumers are divided into 4 main sectors [EPA, 2018]:
- Residential sector: it includes single-family homes and multi-family housing.

- Commercial sector: it includes government facilities, service-providing facilities and equipment

and other public and private organizations.
- Industrial sector: it includes industries as manufacturing, mining, agriculture, and construction.

- Transportation sector: it consumes most of its energy by directly burning fossil fuels such as
gasoline, diesel, and jet fuel. However, some vehicles use electricity from the electric power grid
instead. These vehicles include battery-powered electric cars and plug-in hybrid electric cars that
store power from the grid when they charge their batteries; various types of electric vans, trucks,
and buses that do the same; and subway, electric rail, and trolley systems that are continuously

connected to the electric power grid.
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2.2 The Smart Grid Concept

The depletion of fossil resources and the fight against greenhouse gas emissions lend
urgency to the control of consumption and the diversification of energy sources. Therefore,
renewable energy remains nowadays an important resource to consider in this context [Melhem et
al., 2014]. The demand for power is increasing dramatically in developed and developing
countries. In 2030, an increase of 50% and 40% of energy consumption is expected in the US and
Europe respectively. It is expected to triple in China and India and doubling globally [Veolia,
2010]. This increase must be taken into account and the quality of service must be maintained. In
addition, the availability of fuels can no longer be taken for granted facing the ever increasing
demand for energy. Even if these resources were available, and peak oil is avoided, the long-term
impact of carbon emissions from fossil fuels would damage the global climate [Ramchurn et al.,
2012]. Beyond the challenges that affect the entire energy sector, the electricity sector is also
facing new constraints: a need for renewal of network infrastructures, a desire to increase the
means of decentralized and/or intermittent production and an increase in electrical demand,
especially at peak periods. One of the ways to respond to these new constraints is to develop a
smarter electrical system through SG technologies. According to the European Technology
Platform Smart Grids (ETPSG), a SG is an electricity network that can intelligently integrate the
actions of all users connected to it — generators, consumers and those that do both — in order to
efficiently deliver sustainable, economic and secure electricity supplies. In Europe, the so-called
triple 20 objectives seek in particular to increase the share of renewable energies in final energy
consumption so that in 2020 it reaches 20% [Bouckaert et al., 2012]. However, some renewable
generation sources may be intermittent (wind, solar, etc.) and may introduce new constraints on
the networks if they are developed on a large scale. Following these findings, the Obama
administration introduced in 2007 a law project aiming to modernize the infrastructures of the
American electrical grid. This project aims to increase the use of digital control and information
technologies, to develop a dynamic optimization of the demand-supply balance and the cyber-
security related to the operation of the network. It is intended to ensure demand management and
control, increased integration of renewable energies, the increase of the units of decentralized

production and storage, the deployment of smart meters, smart devices and customer services.
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.The SG is the grouping of subsets of the elements into an integrated solution meeting the
business objectives of the major players as shown in Fig. 2.2. According to IEC SG

standardization roadmap [IEC, 2010], the SG includes the following elements:

Bulk Generation: Smart generation.

= Power Grid (Transmission and Distribution): Substation automation & protection, power

quality and power monitoring systems, the EMS, decision support systems and system
integrity protection schemes, power electronics, asset management systems and condition
monitoring, distribution automation and protection, the distribution management system
(DMS), smart meter.

= Customer / Prosumer: Smart consumption, local production, smart homes and building

automation.

= Communication: Communication and security.




The transition from the current power grid to the SG as given in Fig. 2.3, must be based primarily
on progress on the previous main elements. To achieve this goal, the vision of the SG is built

around key concepts that will be examined in the next subsections.

Today's Electricity Tomorrow's Choices

@
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Fig. 2.3 IEEE version of the conventional power grid vs smart grid

2.2.1 Demand Side Management

In particular, instead than production following electricity demand as is currently the case,
the DSM concept states that consumers adjust their consumption to reduce the load of the
electricity. Each utility desires to avoid additional expenses by installing extra capacity to meet
the daily growing electricity demand. One way to achieve this objective is to utilize existing
energy efficiently. Therefore, utilities implement DSM programs to manage the energy
consumption of the consumers [Masters, 2005]. Thus the most important aims of DSM
implementation are the reduction of the cost of electricity by managing energy consumption,

environmental and social development, increasing the reliability and reducing the gird issues.
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DSM programs contain diverse policies such as:

- Energy efficiency policy (it refers of using a less energy to offer similar or better level of

service to the energy consumer in an economically efficient approach),
- Demand response policy,
- Consumers load management policy.

In the residential consumer load management policy, the utility intends to decrease the electricity
consumption and to reduce the peak [Ontario, 2006]. Diverse techniques of load shaping are

shown in Fig. 2.4.
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Fig. 2.4 DSM techniques

The six most used techniques of DSM are peak clipping, valley filling, load shifting, strategy
conservation, strategic load growth and flexible load shape [Macedo et al., 2015].

= Peak clipping: load cutting, demand reduction in time for a heavy load. The duration of the
peak can be reduced by DLC, shutdown of consumer equipment, or distributed generation.

= Valley filling: encourages off-peak consumption. Non-peak consumption periods are

increased, which is particularly desirable because the cost of production is lower, decreasing
the average price and improving the efficiency of the system. Various incentives, such as

discounts, motivate certain consumers to change their habits.

= Load shifting: shifts the workload transfer period of greatest consumption (peak period to



period of lower consumption) and moves tip out loads without changing the total

consumption. This is also possible with distributed generation.

= Strategic conservation: decreases seasonal energy consumption mainly by increasing
consumption efficiency and reducing energy waste. This program is quite comprehensive and
includes incentives for technological change.

= Strategic load growth: controls the increase seasonal energy consumption. The dealership

utilizes intelligent systems and processes, extra efficient equipment, and more competitive

energy sources to attain their targets.

= Flexible load shape: a set of actions and integrated planning between the concessionary and

the consumer, subject to the needs of the moment. This approach models consumer loads
without affecting the actual security conditions, limiting the power and energy that the

individual consumer can use at certain times by installing load-limiting devices.

2.2.2 Demand Response

The definition of DR as used by the U. S. Department of Energy in its February 2006
report to Congress and later adopted by the Federal Energy Regulatory Commission is stated as
[AEIC, 2009]: “Changes in electric usage by end-use customers from their normal consumption
patterns in response to changes in the price of electricity over time, or to incentive payments
designed to induce lower electricity use at time of high wholesale market prices or when system
reliability is jeopardized.” DR program is a very important element in SG. For many years, DR
was just a peak clipping approach for specific hours of a year. Afterward, definition was modified
as change in electricity usage of end-use consumers from their normal consumption pattern in
response to changes in the price of electricity over the time [FERC, 2010]. In conventional
electrical grid, consumers don’t have the concept of energy efficiency of their loads and they
don’t obtain at all any motivation to modify in their consumption manner. In this case, the utility

maintain balance between production and demand by the supervision on the production resources.

While in the DR, there are two main program s: incentive based program (IBP) and price-
based program (PBP) [Aghaei et al., 2013]. IBP and PBP programs are again subdivided by the
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Federal Energy Regulatory Commission (FERC). In IBP, the clients obtain the financial incentive
if they modify their consumption according to the conditions specified in the contract. Therefore,
customers permit the utility to manage their loads during peak hours. IBP are divided into Six
types depending on their operation modes: DLC, interruptible/curtailable (1/C), demand bidding
(DB), emergency DR (EDR), capacity market (CM), and ancillary services market (AS). In PBP,
the clients modify their consumption in response to price change of electricity. Indirectly, the
utility have an effect on the loads of the consumers using time varying pricing method. The
costumers benefit and minimize their electricity cost from this program by reducing their
consumption during high price time because they have the right to control their loads. Utilities
motivate the consumer to join in PBT using different pricing program such as time-of-use pricing
(TOU), RTP, and critical peak pricing (CPP). Fig. 2.5 illustrates the classification of the different
DR programs.

Demand Response

Incentive Based Programs Price Based Programs
Direct Load Control Time of Use
Interruptible/Curtailable Real Time Pricing
Demand Bidding Critical Peak Pricing

Emergency DR

Capacity Market

Ancillary Services Market

Fig. 2.5 Classification of demand response programs



2.2.3 Renewable Energy Resources

The decentralized energy resources (DER), cover all low power systems producing
electrical energy at low voltage levels. The term DER is opposed to the term “centralized
production” that representing power plants connected to the transmission grid. The primary
energy used by DERs is generally renewable and comes from energy sources: solar, wind,
hydraulic, biomass, geothermal etc. The essential element of these kinds of energy resources is
free and available. For about a decade, the development of wind and solar energy continues at a

pace across the word.

Wind power is generated from air flow, using the turbine to convert mechanical to
electrical energy. It transforms the energy of the kinetic from the wind, identified as wind
energy, to automatic power known as the wind power. The small onshore wind farm is adapted
for isolated locations. Producing electricity from micro-wind turbines is becoming increasingly
frequent in utility companies [Business Green, 2011]. 90 countries all over the world are being
used economically the wind power generation. China is the country that generates the largest
wind energy in the world according to report of the Global Wind Energy Council. Table 2.1
illustrates the world ten countries wind energy capacity in 2016 [GWeC, 2016].

Table 2.1 Top 10 wind energy cumulative capacity

Country Wind capacity (MW) % Share
PR China 168,732 34.7
United States 82,184 16.9
Germany 50,018 10.3
India 28,700 59
Spain 23,074 4.7
United Kingdom 14,543 3.0
France 12,066 2.5
Canada 11,900 2.4
Brazil 10,740 2.2
Italy 9,257 1.9
Rest of the world 75,576 15.5
Total TOP 10 411,214 84.5
World Total 486,790 100
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PV electricity is produced by semiconductor devices able of directly converting the
incident solar energy into DC current with a theoretical efficiency varying from 3 to 31 %. Such
efficiencies will depend on the manufacturing technology, incident light spectrum, panel tilt, cell
temperature, panel design, surface deposits, shadows, and materials on the solar cell. The PV
electric system is usually constituted by many PV solar cells arranged in modules or arrays of
modules. Many algorithms of control and power electronics arrangements have been done to run
such systems going from interconnections of individual cells to the connection of a single
module or groups of them to the grid. Electronically, interconnected panels can be adapted to
best suit a given situation like operation under intermittent shadows, network surges, load
insertion, and other peculiarities [Chakraborty et al., 2013]. Fig. 2.6 presents a model of a

residential grid connected PV system [Lewis et al., 2010].
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Fig. 2.6 Example of a residential grid connected PV system

New installations totaling more than 75 GW in 2016 took global solar PV power generating
capacity to 301 GW by year-end, a 33.2% increase versus the end of 2015. Capacity has more
than trebled in the past four years. The largest increments in 2016 were recorded in China (34.5
GW) and the US (14.7 GW), together accounting for two-thirds of the growth in global solar
capacity. Japan provided the third largest addition (8.6 GW). China also leads in terms of

cumulative installed capacity (78.1 GW), with more than a quarter of the global total. Japan



(42.8 GW) moved past Germany (41.3 GW) to take second place, with the US (40.3 GW) now
close behind Germany [Bp, 2017].

2.2.4 Electric Vehicles

The automotive sector is going through profound changes in the coming years where the
EVs are an important factor to consider in the development of the future electricity grid, the SG.
In 2030, the automobile sector will have modifications compared to the one we know since the
beginning of the 20th century: thermal vehicles, although still numerous, will use very little oil,
and could even be restricted in the centers of large metropolises because of their local nuisances
(pollution, noise). At the same time, the sector's economic model will be disrupted by the gradual
disappearance of the ownership link between user and vehicle: rental and car-sharing could

become more common.
This evolution is made unavoidable by three major factors [Negre et al., 2011]:

= The energy crisis: the dependence of transport on oil poses economic problems (trade deficit)

and geopolitics (risks on oil supplies) that will only increase.

= The environmental crisis: the transport sector is one of the main contributors in terms of CO,

emissions and it represents one quarter of our emissions, an increase of 22% since 1990.

= The crisis of the current economic model of the sector: it is based on a rapid renewal of

vehicles, whose utility is questioned by customers today in times of crisis, and tomorrow for

ecological reasons.

Although the EVs is not a new concept, prototypes have existed since the end of the 19th
century, the progress made on batteries and autonomy, changing attitudes and political incentives
have allowed the EV market to become more attractive. For the grid, EV can be perceived in two
ways, as a load, or as a means of storing energy. In the first case, charging control consists of
shifting the consumption of EVs over time, in order to limit power peaks on the grid, or to make
recharge coincide with periods of high production of renewable energy resources. In the second

case, it is a question of using the battery of EVs to absorb or supply energy according to the
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market prices, the availability of the RERs or the consumption of the individual. This is the
concept of the “Vehicle to Grid (V2G)” [Mercier et al., 2015].

Technical levels of recharging power for EVs exist, corresponding generally to the

available power with circuit breakers of 16, 32 and 63 amperes [Negre, 2011]:
- 16 A single phase = 3 kVA, considered as “normal recharge”;

- 32 A three-phase = 22 kVA allowing “accelerated charging”;

- 63 A three-phase = 43 kVA allowing “fast charging”.

The increase of the recharging power makes it possible to decrease in proportion the duration of
recharging for an electric battery. Thus, for a battery of average capacity (for example 25 kwh /
~ 160 km of autonomy), the complete recharge of the battery has a theoretical duration of
approximately 8 hours for normal recharging (3 kVA) to about 30 minutes for fast charging
(43 kVA). The architecture of an EV is presented in Fig. 2.7.
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2.2.5 Energy Storage System

The energy storage is an important tool for mitigating the temporal and often geographic
differences between energy generation and consumption that can be particularly difficult to
control when generation is provided by variable renewable sources such as solar and wind
energy. Variable generation sources must typically be converted and conditioned using power
electronics to serve a typical AC load either on the utility grid or in smaller, distributed networks
[Chakraborty et al., 2013]. Electricity storage is very valuable for adding flexibility to smart
electric grids because it helps to deal with the variability and unpredictability of renewable
resources. Electricity storage can be divided into bulk storage, which can output large amounts of
power (multiple megawatts) over long periods of time (minutes to hours), and distributed storage
that can output smaller amounts of energy (kilowatts to megawatts) over shorter periods of time
(milliseconds to minutes) [IRENA, 2013]. Some of the technologies that is used in distributed
storage include lead acid batteries, lithium-ion batteries, some types of flow batteries, thermal
storage, flywheels, super capacitors, and hydrogen storage. Distributed storage is largely still in a
research and pilot project phase. Technologies are available, and some of them are reliable, but
costs are still too high to allow for widespread deployment in larger electricity grids at a
commercial level. However, costs are coming down, storage solutions are being integrated by
renewable power suppliers at a household and commercial level, and distributed storage may
play a significant role in the future electric grid. Lithium-ion batteries are receiving the most
attention currently in terms of research and pilot projects. High cost and low life expectancy are
the major factors preventing wider deployment; both cost and lifetime are gradually improving.
Lead acid batteries have been around the longest and are the most commercially mature and
economical, with extensive use in off-grid power systems and grid backup systems. For the
energy management of microgrids, which require energy storage technologies for low/medium
scale electrical networks, the most used storage systems are based on batteries [Yoldas et al.,
2017]. Battery storage system can be charged and discharged with limited current charge mode
under constant power, constant load or constant current. In the development of the EMS
proposed in this thesis, the selected method for charging and discharging the battery is constant

power.
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2.2.6 Microgrid

A microgrid is a local electrical network that (1) comprises power generation units,
power consumption units, and a means of delivering power from the generation units to the
consumption units, (2) may be connected to a larger utility power system, and (3) operates to
balance the power supply and demand within the microgrid [Barnes, 2007]. The microgrids are
defined by the European Technology Platform - Smart Grids (ETP-SG) as low and medium
voltage networks comprising decentralized production units, storage systems and controllable
loads (from a few hundred kW to a few MW installed capacity). Microgrids can therefore
include all the functions previously presented (DR, EVSs, etc.). They are connected to the network
but can also be used in an isolated way in case of failure of the transport network. Once the
problem is solved, the microgrid can be resynchronized [European Commission, 2009]. It is
typically on the scale of a small town, neighborhood, military base, or university or commercial
campus. A microgrid is controlled by a supervisory controller that decides which microgrid
energy resources to use at what times in order to balance load and generation. This microgrid
controller may take into account predicted load profile, predicted power price profile, predicted
wind or solar power profile, predicted heating or cooling needs (if the microgrid contains
cogeneration), emissions and other parameters. The microgrid controller may also change the
operating modes of power resources, provide power set points to resources, or regulate droop
characteristics [IRENA, 2013]. Fig. 2.8 shows a microgrid model integrating numerous

generation resources, battery storage system, EVs and the main electric utility.
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2.3 Optimization and Programming Techniques in Smart Grids

finances, a question is frequently presented: what is the most excellent way to attain a defined

objective? For the electrical SG or the energy system, this interrogation can be expressed in the

In several fields of technology and science such as engineering, physical sciences,

following points:

All these kind of difficulties can be solved by “optimization” of EMS in microgrids or SGs. In
order to present a right operation and control of the considered systems in the SG, three kinds of

approaches can be applied, (1) rule-based techniques, (2) optimization-based techniques and (3)

Which production resources must be operated in a specific period and what must be the
produced amount?

What is the top interconnection between the considered systems?

What is the greatest operating time of the scheduled home appliances?

Etc.?

hybrid techniques as shown in Fig. 2.9 [Silvente, 2015].
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Firstly in the rule-based technique, the reference points are allocated according to the existing
situation and defining some scenarios, usually by means of decision trees. This technique is
adapted to the system conditions by providing feasible solutions but can’t guarantee the best
possible solution [Hernandez, 2017]. Secondly, the optimization-based techniques intend to
provide the best local or global solutions. Generally, the mathematical formulation of an
optimization problem consists to maximize or minimize an objective function while satisfying all
considered constraints related to the integrated components in the model [Igbal, 2014].
Depending on the complexity and the difficulty to solve the system problem, this technique can
be addressed by means of exact or approximate methods. The approximate methods have an
advantage that can simply manage the nonlinear constraints and objective functions while but
cannot guarantee the quality of the obtained results because they generally employ random
search methods [Chen, 2013]. Furthermore, the possibility to find the global solution decreases
as soon as the size of the considered problem augments [Lin, 2012]. The exact mathematical
methods generate an optimal solution when they are specified in a feasible region. There are two
categories linear and non-linear model based on all implemented constraints and the objective
functions. The linear models are divided in three types: LP, integer programming and MILP,
according to the variables if they are real, integer, or both variable types, correspondingly.
Thirdly, the hybrid techniques can join several methods so that to benefit of their characteristics.
In this thesis, we have chosen, the MILP for the modeling of the energy management problem
because it generally permits to employ the characteristics of the integrated DER with employing
integer variables and binary variables to make a decision on the operation status of the
production systems, battery storage system, EVs and smart appliances in smart homes of the
microgrid. Furthermore to solve the optimization problem of extended optimization time horizon
in the electric SG environment, we have used two techniques, the MILP and the greedy method
(constructive algorithm) to obtain a hybrid technique which can reach the global near optimal
solution. The proposed math-heuristic algorithm generates a local optimal solution every last
simulation period in order to get the global near optimal solution in an acceptable computing
time. Previous works and researches that aimed to design various optimization and
computational intelligence techniques in a SG environment is described in the related works part

of each chapter.



2.4 Conclusion

This chapter presents some necessary background topics essential for the thesis. A
literature review from conventional electrical grid to the SG is introduced. The different
subsystems of the conventional electrical grid is described as well as the challenges that affect
the entire energy sector and the facing new constraints that drive to the transition of a new
network infrastructures. The SG concept is presented with their subsets such as bulk generation,
power grid, customer / prosumer and the communication and security. Afterwards the main
elements that allow the transition from the current power grid to the SG are described. Firstly with
the DSM and DR, followed by the renewable energy resources, then the EVs and ESS, and to
finish with the microgrid which is a local electrical network. Subsequently, several optimization
and programming techniques are presented that permit the right operation and control of the
considered systems in the SG. The next chapter presents an integration of the DER in the smart
gird in an urban context where a MILP is proposed to optimize the energy production and

consumption systems.
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3 Optimal Residential Energy Management

Considering Distributed Energy Resources

3.1 Introduction

Chapter 2 is devoted to the transaction from conventional electric grids to the SG. All the
production and consumption systems considered in this thesis are presented in the literature
review. Therefore, the current electricity grids are set to experience a profound change in the
coming years; the new generation is the SG which is characterized by information and
communication layer making different components of grid communicating. It needs to consider
all sides of power grid, making it more intelligent and flexible. This notion is presented as an
answer to changes in the electricity market, aiming to manage the increased demand while

ensuring a better quality of service and more safety.

This chapter presents an integration of the DER in the smart gird in an urban context. The
analysis takes into account the integration of renewable energy production, battery storage and
gridable vehicles. Consequently, a MILP is proposed to optimize the energy production and
consumption systems as well as the charging and discharging time of EV among a residential
consumer. Besides, several case studies are presented by varying significant factors through
design of experiments with Taguchi method. After that, a heuristic algorithm is proposed to solve
the problem. Results find the global optimum solution for many consecutive days with important

reduction of execution time.
The main contributions of this chapter are presented as follows:

= Developing a robust MILP model with production and consumption systems for an energy

management in a residential consumer.
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= Proposing an algorithm based on heuristic technique with significant reduction of execution
time for consecutive days simulation, which is considered important in real-time application

while sustaining the global optimum solution.

= Presenting experimental execution of the proposed system by varying significant factors
through design of experiments with the Taguchi method, which reduces the number of tests

indicating several advantages of the model while maintaining a high precision level.

The rest of this chapter is organized as follows. In part 2, a literature review of some
developed EMS is presented. The architecture of the considered residential energy management
is described in part 3. In part 4, the problem formulation is introduced as a MILP model. In part
5, the design of experiments with Taguchi method is presented. Simulation results with several
case studies are done in part 6. In part 7, we proposed a heuristic algorithm for solving the
problem. In part 8, we provide simulation results for extended time horizon and finally in part 9

we take some significant conclusions from this chapter.

3.2 Related Works

Following a literature review, numerous researchers have developed several optimization
models to solve the energy management problem in SG specially related to residential customers.
A scheduling problem of building energy supplies is considered by [Guan et al., 2010], the testing
results showed that can achieve a significant energy cost savings but only considering 24 h
optimization period. [Elham et al., 2015] proposed an automatic and optimal residential energy
consumption scheduling technique as mixed integer nonlinear programming that aims to
minimize the overall cost of electricity and natural gas in a building. The scheduling of electrical
and thermal appliances has been reached but it didn’t consider the wind system generation and
V2G which play an essential role in smart home, because V2G can be used to store the energy
and generate it back later when needed. To reduce the electricity bill and the emission of CO,, a
load management system with integration of non-renewable and renewable energy sources was
presented by [Ramchurn et al., 2011]. In [Sousa et al., 2012], they have considered an energy
resource scheduling for SG considering the intensive use of distributed generation and gridable



vehicles but with a time horizon of 48 h. In [Chen et al., 2011], a smart EMS is proposed to
coordinate the power production of distributed generation sources and ESS for a microgrid where
obtained forecasting model was able to predict hourly power generation, with the missing of
integrating of EVs in the model which their charging and discharging process have an important
impact and affect the results. An optimize energy management model was proposed by [Tazvinga
et al., 2015], including diesel generators, PV system, and battery but intended for off-grid
application. Two proposed applications are envisaged in [Roche et al., 2012], the first one is a
unique gas turbine power plant system that can capable of handling a large penetration of
intermittent generation. The second application proposed a DSM program targeted at residential
customers with several load categories that includes PHEV charging rescheduling and DLC for
AC and EWH units, but do not consider the V2G capability of PHEV. As well [Soares et al., 2013]
was applied an evolution of traditional particle swarm optimization to the problem of energy
resources management in SG to obtain a scheduling solution considering a 24 period interval. In
[Amini et al., 2012], an evaluation of the effect of tariff-based programs on the behavior of PHEV
owners is presented but without considering renewable energy resources as electricity production
systems. In [Amini et al., 2014], plug-in EVs owner behavior model is introduced to analyze the
technical aspects their placement including reliability features of distribution network but without
focusing on their economic optimization. An EV management system is presented by
[Zakariazadeh et al., 2014], responsible for scheduling of EVs in smart distribution system
without identifying in the other part what types of Distributed Generator (DG) used in this system.
In [Amini et al., 2015], a two stages MILP is implemented to minimize the residential electricity
cost by shifting load demand but for just day-ahead scheduling simulation. [Pedrasa et al., 2010]
considered a particle swarm optimization to solve optimization problem where the determination
of the value of coordination among DER was obtained but with a time horizon of 24 h. A DR
algorithm for customers in SG is proposed in [Kamyab et al., 2016] to maximize the utility
company’s profit and customer’s payoff but excluding to consider consumers comfort level. A
convex programming DR optimization framework for the automatic load management of various
household appliances in a smart home is proposed by [Tsui et al., 2012], without handling
multiple household scenarios. In [Keshtkar et al., 2015], a fuzzy logic approach using wireless
sensors for residential load reduction is applied with focusing only on HVAC systems. A smart

home EMS based on wireless network with Bluetooth low energy is proposed by [Collotta et al.,
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2015], where reducing of peak demand and increasing comfort level of consumers have been
achieved without considering energy production management. In [Bozchalui et al., 2012], a novel
mathematical model for major household demand is developed with many objective functions but
with missing to introduce the wind turbine system. Moreover, there were few studies conducted
using robust optimization methods to tackle an optimal energy management in the residential load

for consecutive days.

3.3 Residential Energy Management Architecture

Taking into account sustainable development and the crisis of energy, renewable energy
production becomes an important factor in the electricity generation system. In the proposed
system, we suggest to integrate the residential PV system and micro-wind turbine as renewable
energy system beside the conventional power plant due to the top combination between these

two sources (Fig. 3.1).

\fr

i)

Conventional power plant Residential consumer

Fig. 3.1 Energy production and consumption systems

The PV system and the micro-wind turbine system complement each other since the peak
operating times of the PV is in the day while for the wind is at night and also in a different time
of the year. Moreover, it must add battery as storage system due to the double process; if the total

power output of the production is higher than the energy demand, batteries are able to charge



then can feed power in the discharge phase. In the other side, it is recommended to focus

primarily on residential consumers because they are the most significant sector of our electricity

consumption. By managing this sector, we can achieve an important decrease in the overall

energy consumption. In addition, we suggest an intensive penetration of the EV. The V2G can

reduce the CO, emissions in the transportation sector; as well it charges during off-peak hours

and provides power to the grid during peak hours that can be significant on the peak reduction.

Thus, the structure for residential consumer in our proposed system is divided in three main parts

as shown in Table 3.1.

Table 3.1 Main elements of the proposed residential structure

Energy production element

Energy consumption element

Prosumer element

Conventional power plant

Residential PV system

Micro-wind turbine

Residential consumer

Battery storage system

(supplier and consumer)

EV
Energy supplier during the
discharging phase

EV
Energy consumer during the

charging phase

3.4 Problem Formulation for the Exact Solution Method

In this part, we present the mathematical model of the integrated DER of our studied

system. The energy management problem is modeled as a MILP along the horizon T with t time

steps. The time slot is considered one hour, thus each day will be 24 slots.
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3.4.1 Objective Function

The objective function model of the adopted system is formulated as follow:

( [(Pgria (£) X dt) X Corig (D] +
[(Ppy (t) X dt) X Cpy (t)] +
[(Pw (£) X dt) X Cy (D)] +

Ngy

T
min f (cost) =Z< Z Pé)l}'sch(t’j) % dt | x Cé)‘}'sch(t) +
t=1 -
j

~~

(3.1)

[(PR™ () x dt) x CRSR ()] —
\ [(Pinject (t) X dt) X CSell (t)] J

Global

f(cost,) cost minimum

A 4

cost

Fig. 3.2 Minimization of global cost

The objective of this function aims to minimize the global electricity cost of the consumer during
the next day (Fig. 3.2). During the time horizon T, the minimum electricity cost for the residential

consumer is calculated while satisfying all the considered below constraints.

3.4.2 Constraints

The constraint is a mathematical expression that imposes a limit or restriction to the
variables of the problem. All the constraints and conditions of the considered system are presented

in the following equations.



1.  Grid power balance:

Ngy

Pgria (t) + Ppy () + Py (t) + Z PRisch (¢, j) + pRisch ()
j

Ngy
= D(t)+ Z P§p (t,7) + P§" () + Ppjece (1) (3.2)
J
GENERATION DEMAND
PGrid (Z) D(t)
PPV (t) P”Ch @
N EV , A
Py (1) - - <= > (S (t i)
—— Dish — b . J g
PB (t) F" I inject (t)
Ngy o . )
z (pr[)\l/s "(t, :l)) o

j < —

Fig. 3.3 Generation and demand balance

The equation (3.2) guarantees the power balance between production and consumption systems in
the power grid. The sum of the loads demand at the residential consumer must be equal to the sum
of the power produced by the renewable energy systems, purchased electricity from the main grid
and the discharging power from the EV and the battery storage system. This equality (Fig. 3.3) is
guaranteed when t € Ty, (Tseqy = period when EV stays at home). Otherwise the EV power
must be eliminated from the equation because in this study, we considered that there is no

charging process when the EV is away from home.

2. Conventional power system (Grid):

0 < Perig (8) < PR (0) (3.3)

Page 65 of 144



The equation (3.3) designs the limit of the power imported from the main grid. Where P;,;; (t)

must not exceed the amount of PZ1%7 (t).

3. Photovoltaic system:
0 < Ppy (t) < PIF¥ (t) (3.4)
Ppy (t) < Apy X p X SI(t) (3.5)

The limit of the produced power from the PV system is presented in equation (3.4), where Ppy, (t)
must be less than Pg** (t) the maximum allowed PV power in t. Equation (3.5) represents the

model of the output power generated from the PV system in t.

4. Wind system:

0 < Py (t) < P (t) (3.6)
{PW(t) =0 if ve < v and vy > v,
Py (t) = Prated if v < Vr < Vg (3.7)
Vf — Vg '
PW(t) = Prated X ! = if Vi = vf = Ur
Ur = Vg

The limit of the produced power from the wind system is described in equation (3.6), where
Py** (t) should not exceed the maximum allowed wind power Pj** (t). While equation (3.7)

presents the output power depending from the value of the forecasted wind speed (Fig. 3.4).

5. Battery:
PER(t) < P§S™™ x Y (t) (3.8)
PRisch(t) < pPmax x 7(¢t) (3.9
Y()+Z(t) <1 (3.10)

P5R(t) x dt

Cc

Nomg X SOCg(t) = Nomg X SOC(t —1) + ( — (ed x PP (t) x dt)) (3.11)



Power (kilowatts)
A Rated output speed Cut-out speed

Rated output power J ’

Cut-in speed

Steady wind speed (metres/second)

Fig. 3.4 Wind turbine power output

. P§M(1) x dt .
Nomg x SOCz(1) = Nomi* + (% — (eq x PPseh (1) x dt)) (3.12)
[
SOCH™ < SOCy(t) <1 (3.13)
P§M(6) x dt
P (0) x dt + (Nomg X SOCy(t — 1)) < Nomy (3.14)

€c

The equations (3.8) & (3.9) design the limit of the allowed charging and discharging. The
charging power of the battery at period t must be less than the specified PS™* and the
discharging power should not exceed the specified Pf™%* . Equation (3.10) presents the sum of
the variables Y (¢t) and Z(t) that aims to block the charging and discharging process at the same
period. The electricity stored in the battery at period greater than 1 is expressed in equation
(3.11). As well as, the electricity stored at the initial state of the battery is presented in equation
(3.12). Also the state of charge of the battery is limited between a minimum value and 1 as
expressed in equation (3.13). Lastly equation (3.14) described the limitation of the maximum

amount of battery charging where it should not exceed the nominal capacity of the battery.
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6. Electric vehicle:

The limit of allowed charging:

{PEC& (t,)) < PP () x W(t,)) Vit € Togy
PEM(t, ) =0 Vit & T

The limit of allowed discharging and EV travel demand:

{Pé’v"“h(t.j) < PR () X X (¢, )) vt e [1,..,T]
PEDI}SCh(t'j) X dt = DEVdriv (t,j) Vt & Tstay

Forbidden the charging and discharging simultaneously:
Wt i)+ X(tj) <1
Electricity stored in the EV battery at t > 1:

NOmEv(j) X SOCEV(t’])
= Nomgy (j) X SOCgy (t — 1, /)

PER(t, 1) x dt
+< gv (6, ))

DX (o PR 1) % dt))
C

Initial state of EV battery:

NomEV (]) X SOCEV(L])

PER(1, ) x dt
eC

= NomiZ (j) + ( — (eq X PBish (1, /) x dt)>

Limit of state of charge of EV battery:
SOCH™ () < SOCy, (t,)) <1
Maximum EV battery charge limit:

PER(t, ) x dt

. + (Nomgy () x SOCy (t = 1,)) < Nomgy ()
c

(3.15)

(3.16)

(3.17)

(3.18)

(3.19)

(3.20)

(3.21)



The equations (3.15) & (3.16) present the limit of the allowed charging and discharging of the EV
battery. The charging and discharging power of the EV at period t should not exceed the specified
P& (jHand PR (j), respectively. Equation (3.17) forbidden the charging and discharging
simultaneously with the sum of the binary variables W (t, j)and Z(t, j) must be less or equal than
1. Equation (3.18) designs the amount of electricity stored in the EV battery at period greater than
1. The electricity stored at the initial state of the EV battery is presented in equation (3.19). In
addition the state of charge of the EV battery is limited between the SOCZH™ (j) and the maximum
value 1 which here represents the 100% of the charge of the battery where the battery is fully
charged, as presented in equation (3.20). And finally equation (3.21) expressed the EV battery
charge limit where it must be less than the nominal EV battery capacity.

Pinject (t) = Pi%%’ét X M(t) (322)
Pria (t) < Pgrig (£) X N(t) (3.23)
M)+ N(t) <1 (3.24)

The equations (3.22)-(3.24) are intended to prevent the purchasing from the grid and the
injection into the grid at the same period.

3.5 Design of Experiments

3.5.1 Taguchi Method

Within the theory of optimization, an experiment is a series of tests in which the input
variables are changed according to a given rule in order to identify the reasons for the changes in
the output response. The design of experiments or experimental design is the plan of any work
that aims to illustrate the variation of factors under conditions that can reflect the variation. In
this chapter, we used the Taguchi method to improve our table of case studies. The Taguchi
method was developed by Genichi Taguchi in Japan to improve the implementation of off-line
total quality control. This method is related to finding the best values of the controllable factors

to make the problem less sensitive to the variations in uncontrollable factors [Cavazzuti, 2013]. It
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defines two types of factors: control factors and noise factors. An inner design constructed over
the control factors finds optimum settings. An outer design over the noise factors looks at how
the response behaves for a wide range of noise conditions. The experiment is performed on all
combinations of the inner and outer design runs. A performance statistic is calculated across the
outer runs for each inner run [SAS Institute, 2009]. The Taguchi method simplifies the
experimental protocol in order to highlight the factor effects on the response. It stands out by the

considerable reduction of the number of tests whilst maintaining a high precision level.

3.5.2 Factors Variation Study

In this study, we considered three factors that affect the result of the objective function
and the execution time of the test. The first factor is the residential energy consumption curve
(F1), then the number of EVs (F2) and the solar irradiance (F3). Table 3.2 shows the number of
levels of the factors. When factors have the same number of levels, the Taguchi table is noted as
LT (nC), where n is the number of factor levels, C is the number of columns, and T is the number

of lines. The model is given as follows:

Where [ is the total average of the answers y. After the calculation of the degree model dy which
is equal to the sum of (n; -1) of all factors, we calculate the lowest common multiple (LCM)
between the multiplication of factor levels of the pair of elements in the model (FiF,, F1F3, and
F,F3). To determine the number of lines T, two conditions must be satisfied T = k X LCM, k >
1 and T = %X Dy, . In this model, D), = 6 and LCM = 9; to reduce the number of tests at the
same time as maintaining a high precision level, we select k =1. Therefore, T = 9 and the table
of Taguchi corresponding to the model is Lg(3*) which is shown in Tables 3.5-3.7. According to
this method, the number of tests was decreased from 81 to 27 tests with reduction of 66% of the

execution time to obtain the best results.



Table 3.2 Number of factors levels

Factor
Level
F1 F2 Fs
Low 0 Low
Average 1 Average
High 2 High

3.6 Simulation Results

The studied residential system can meet its energy consumption (load or/and charging
battery storage or/and charging EV battery) from the main power grid or/and the PV system
or/and the wind system or /and the battery storage (discharge mode) or/and the EV battery
(discharge mode if it’s available). If there is a surplus power from all these systems, the excess
energy can be sold to the grid (this study allow the buy/store/sell operation of the electrical
power).

3.6.1 Input Data

The mainly input parameters of the studied system are given in Table 3.3. We chose them as input
data because these values are used by many research references and also in real cases. The
different curves of residential energy consumption are shown in Fig. 3.5, the low load is 16.1
kWh, average load is 28 kWh and the high load is 64.7 kWh [Henry et al., 2011]. The different
curves of average hourly solar irradiance are shown in Fig. 3.6 from "Meteonorme 6.1" at a
latitude = 33.8 ° N with considering different periods of the year (January, April and July), where
the low irradiation is 1.74 KW/m?, average irradiation is 4.84 kW/m? and the high irradiation is
8.23 kW/m?. The forecasted wind speed from [Arif et al., 2013], has an average daily speed of 5.1
m/s (Fig. 3.7). The EV demand for driving is 2 kW on the following periods: 8, 9, 12, 15, 18, 19,
and 20 h. The maximum power grid generated in period t is selected of 5 kW. Cpy (t), Cy (1),
CRisch (t) and CRB< (t) are set to 0.01 €/kWh as maintenance cost [Zhang et al., 2013]. The cost
of the sold electricity is 0.29 €/kWh and the cost of power generated by the grid is defined in
Table 3.4 [Zakariazadeh et al., 2015].
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Table 3.3 Input data

Parameters Values Unit
Photovoltaic system [Tascikaraoglu et al., 2014]
Pp 35 kw
p 18.6 %
Apy 25 m?
Wind turbine system [Zakariazadeh et al., 2015]
Py 2.4 kKW
Prated 2.1 kKW
Vg 4 m/s
Veo 25 m/s
v, 14 m/s
Battery storage system [Fuselli et al., 2013]
Pgmax P}lg.)max 1 kW
Nomg 10 kKWh
Nomi 6 kWh
socpn 20 %
e, €4 95 %
Electric vehicle [Zhang, 2013]

P& (j), PRI () 3.3 kW
NomEV (]) 24 kWh
Nom¥ (j) 16 kWh
SOCH™ () 20 %

8 ——High
= - Average
E ° Low
= 4
: N
) —\
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Fig. 3.5 Daily residential energy consumption
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Fig. 3.6 Daily solar irradiance
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Fig. 3.7 Daily wind speed
Table 3.4 Hourly electricity price
t 1 2 3 4 5 6
€/KWh 0.033 0.027 0.020 0.017 0.017 0.029
t 7 8 9 10 11 12
€/KWh 0.033 0.054 0.215 0.572 0.572 0.572
t 13 14 15 16 17 18
€/KWh 0.215 0.572 0.286 0.279 0.086 0.059
t 19 20 21 22 23 24
€/kWh 0.050 0.061 0.181 0.077 0.043 0.037
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3.6.2 Case Studies

The simulations of the implemented energy management model are performed in this
part. The modeling is done by GNU Mathematical Programming Language (GMPL) and the
solving is executed using GUROBI optimizer, running on a computer with Windows 7 Ultimate
64 bits operating system, processor Intel® Core™ i3-2350M 2.30 GHz and 4 GB of random-
access memory RAM.

In the following case studies, we have considered different residential energy
consumption {low, average, and high}, variant number of EV {0, 1, 2}, and different solar
irradiance {low, average, and high}. Table 3.5 presents the simulation time horizon of 24 hours,
the obtained results “y” or the minimized objective function f(cost) for each factors combination,

furthermore the computing time of each test.

Table 3.5 Test results during one day (24 h)

According to Taguchi table Lg(3%

N° of tests Factor level y Computing time (sec)
= F, Fs
. 1 1 1 -6.039 0.06
) 1 2 2 -13.818 0.15
2 1 3 3 -18.226 0.18
. ) 1 2 -4.568 0.05
: ) 9 3 -14.432 0.11
A 5 3 1 -9.525 0.25
. 3 1 3 -5.283 0.05
g 3 5 1 -1.300 0.12

9 3 3 2 -5.827 0.22




Now we can write the model given before with the calculated coefficients from test results.
y =1+ [ay,a,a3]F; + [by, by, b3 |F, + [c1, ¢5, c3 ] F3 (3.23)

The coefficient a; is calculated using the following formula where m; (F;) is the average result

when F; is low.
a, = ml(Fl) -1 (324)

All coefficients are calculated from this manner, then the final model for 24 hours simulation time

is written as follow:
y = —8.77 + [-3.91,—0.73, 4.64]F, + [3.48,—1.07,—2.41 ]F, + [3.16,0.71, —3.87]F;

Therefore, according to the above equation, the minimum value of f(cost) function is reached
with the low level of F;, high level of F, and high level of F5. Fig. 3.8 illustrates the residential
energy management for this scenario (test N° 3) considering the grid, the renewable energy

sources, battery storage and EVs.

10
8
6
4 m B I I I I I I
E/ 2
g 0 T T T T T T T 1 T T T T T T T
nc_’z123456789101112131415161718192021222324
-4
-6
Time (hour)
-8
-10 P_grid P_injected
P_pv . P_wind
mm EV/1_disch mm Batt_disch
EV2_disch —oad + Batt and EV charge

Fig. 3.8 Energy resource management foroneday F; =1, F, =3 and F; =3
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This scenario shows that the increasing of EV into electrical grid has positive effects if there is an
appropriate energy management with satisfying some constraints according the case study. We
can analyze that in the periods when EVs is parked at home with a SOC approximately high and
their discharging electricity price is lower than the electricity price bought from the grid, the EVs
discharge their energy by benefiting from the electrical energy previously stored as indicated in
the periods {6, 21, 22 and 24}. Therefore, we can deduce that all the demand of the residential
consumer, including home appliances load, battery storage charge and EVs charge is covered with
an optimized energy management between the production sources due the implemented MILP

model by taking into account different mathematical constraints.

3.7 Proposed Math-heuristic Algorithm

Optimization in the electrical SG environment is a complex operation due to the
fluctuation in energy demand and the uncertainty in the power production, particularly due to
large penetration of renewable energy systems like solar and wind. The majority of the existing
configuration approaches have first and foremost focused on the question of solving optimally
the energy management problems in SGs. The math-heuristic algorithm is an algorithmic model
that creates the locally optimal solution at each stage by following the problem solving heuristic,
in order to find the global optimal solution of the considered problem in an acceptable and short
execution time. Consequently when the classical methods are too slow or fail to find any
accurate solution, heuristic methods can solve the problem more quickly and find an approximate

result.

The proposed math-heuristic method aims to obtain with a short execution time, an
optimized scheduling of energy production and consumption systems for residential consumer
with an effective deployment of renewable energy sources such as PV and wind systems with
battery storage and considering the penetration of V2G. Fig. 3.9 illustrates the schematic diagram
of the proposed method which the center module is the home EMS which includes all the system
constraints such as power grid balance, generation limits, charging and discharging limits and the
state of charge limits. The input data is presented in the left such as load demand, generation

information, EV requirements, number of vehicles presented, production cost and selling cost. As



well, the output results of the optimized energy management are located at the bottom. The
proposed algorithm has been implemented using Python programming language. In this study and
for the cases that we simulate consecutive days, the problem is decomposed thru simulation time

horizon.

Following steps are accomplished based on the following framework:
Step 1: Determination of the simulation time horizon.
Step 2: Daily load forecast.
Step 3: Determination of the number of EV’s.
Step 4: Solar irradiation forecast.
Step 5: Receiving the generation and selling cost.
Step 6: Generating outputs for the first day.
Step 7: Scheduling of energy production systems.
Step 8: Scheduling of charging/discharging of EV and battery.
Step 9: Adding continuous variables as model inputs for the following day.

Step 10: Generation of the approximately global optimal solution of the system.

DAY I ————————— DAY N

Load demand ]% HOME HOME

ENERGY MANAGEMENT ENERGY MANAGEMENT

Generation information ]ﬁ

EV requirements ]H

Constraints

y—— - Power grid balance
[ Number of EVs ]H - Generation limits

Constraints
- Power grid balance
- Generation limits

- Charging limits - Charging limits
- Digcharging limits

- State of charge limits

Production cost ]% - Digcharging limits
- State of charge limits

Selling cost ]%

[ Hourly optimization ] [ Hourly optimization ]

| SOC of the battery at -/ I—| |—|—)
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Fig. 3.9 Math-heuristic technique design for consecutive days
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3.8 Experimental Results for Extended Time Horizon

In this part, we have also executed many scenarios according to factors combination of

Taguchi method, with considering different residential energy consumption {low, average, and

high}, variant number of EV {0, 1, 2}, and different solar irradiance {low, average, and high}.

Tables 3.6-3.7 present simulation results for extended time horizon of 96 and 168 hours,

respectively. The MILP and the proposed math-heuristic algorithm results are presented in

addition to their computing time.

Table 3.6 Test results during four days (96 h)

According to Taguchi table Lg(3%

N° of
ests Factor level y Computing time
Fi.. F Fs MILP Heuristic Gap MILP (s) Heuristic (s)

1 1 1 1 -24.158 -22.719 0.063 5.09 0.06
2 1 2 2 -49.329 -48.255 0.022 54.94 0.12
3 1 3 3 -59.365 -58.875 0.008 167.08 0.19
4 2 1 2 -32.943 -31.587 0.043 7.40 0.08
5 2 2 3 -51.666 -51.545 0.002 9.28 0.12
6 2 3 1 -24.403 -23.905 0.021 8.71 0.15
7 3 1 3 -21.132 -19.935 0.060 0.27 0.06
8 3 2 1 -0.231 1.174 -1.197 0.66 0.06
9 3 3 2 -9.190 -8.741 -0.049 28.71 0.19

As noticed, due to the proposed heuristic algorithm, the computing time of all tests

combination is highly decreased with providing an acceptable solution very near to the optimal

result.



Table 3.7 Test results during seven days (168 h)

According to Taguchi table Lg(3%

N° of
ests Factor level y Computing time
Fr F Fs MILP Heuristic Gap MILP (s) Heuristic (s)

1 1 1 1 -42.276 -39.396 0.073 137.67 0.06
2 1 2 2 -84.839 -82.944 0.023 >3600 0.10
3 1 3 3 -100.503 -99.577 0.009 489.09 0.19
4 2 1 2 -57.651 -54.933 0.049 93.12 0.08
5 2 2 3 -88.900 -88.476 0.005 >3600 0.12
6 2 3 1 -39.281 -38.468 0.021 169.78 0.14
7 3 1 3 -36.981 -34.587 0.069 0.56 0.04
8 3 2 1 0.838 3.832 -0.781 29.26 0.05
9 3 3 2 -12.357 -11.655 -0.057 1607.41 0.16

As well, the results for 96 and 168 hours time horizon show that the best solution is obtained for
the combination between the low level of F;, high level of F, and high level of F;. In the table 3.5
for the test n® 3, the gap between the optimal solution (MILP, -59.365) and the approximately
solution (Heuristic, -58.875) is 0.8 %, and the computing time is decreased from 167.08 sec to
0.19 sec. In the table 3.6 for the test n° 3, the gap between the optimal solution (MILP, -100.503)
and the approximately solution (Heuristic, -99.577) is 0.9 %, and the computing time is decreased
from 8 min and 9 sec to 0.19 sec. The negative value of y means that the consumer gains from the
power sold to the grid after covering its energy consumption. Then, when the classic methods are
too slow or fail in some cases to find the accurate solution, the implemented heuristic method

solves the problem more quickly and finds an acceptable approximate result.

Page 79 of 144



10

Power (kW)

10

Power (kW)

| | {
| l 111!
n 47 "119 22 25 28 16/ 49 52 55 |‘67|7( 73 76 79 Higlzﬂ,
Time (hour)
m==P_grid P injected
P_pv = P wind
= Batt_disch mmm EV/1 disch
mmm EV2_disch ——VLoad + Batt and EV charge
Fig. 3.10 Energy resource management for fourdays F; =1, F, =3 and F3 =3

H ||“|| |||I||
\MMH l‘d'“l“

. l. lm

1 C 0C N
—

¥,

||\||
N,

!!‘ Il Y
3
sl

Time hourl)
mmm EV2_disch mmm £V\/1 disch
= Batt_disch P wind
P _pv P _injected
=P _grid ——Load + Batt and EV charge

¢| M|

Fig. 3.11 Energy resource management for sevendays F; =1, F, =3 and F; =3




Fig. 3.10 and 3.11 illustrate the energy resource management for the best scenarios of 96 and 168
hours time horizon respectively. All the production and consumption systems are scheduled in a
manner to satisfy all the constraints of the grid balance, conventional power system, renewable
energy productions, battery storage and electrical vehicles.

3.9 Conclusion

In this chapter we have studied a residential energy management problem in SG
environment with integration of renewable energy resources, electrical battery storage and
gridable vehicles that can provide power to the grid by discharging the battery. We have focused
primarily on the residential consumers because they are the most significant sector of our
electricity consumption. By managing this sector, we can achieve an important decrease in the
overall energy demand. We have suggested integrating the residential PV system and micro-wind
turbine beside the conventional power plant due to the top combination between these two sources.
We have proposed two methods of resolution. We have first proposed a robust MILP model to
optimize the energy production and consumption systems as exact solution methods. Then, we
have developed an algorithm based on math-heuristic technique to reduce the computing time
and to minimize the electricity cost of the consumer. Three case studies based on 24, 96 and 168
hours time horizon are presented, by varying significant factors through design of experiments
with Taguchi method while satisfying all constraints according to the case studies. All the
demand of the residential consumer, including home appliances load, battery storage charge and
EVs charge is covered with an optimized energy management between the production sources.
Results show the global optimum solution for many consecutive days with important reduction
of execution time and by achieving a significant energy cost savings of the considered scenarios.
The next chapter aims to propose an optimized energy management model with considering
different type of thermal and electrical appliances in a smart home.
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4 Electrical and Thermal Load Management in

Smart Home Architecture

4.1 Introduction

The continually growing of energy demand and the emission of greenhouse gas became
an issue of important concern in the world. In addition, flat rate of the electricity cost does not
motivate the consumer to schedule and manage its energy consumption. The residential EMS is
an essential factor in the SG environment, which allows the implementation of DR program
among the residential consumers to manage their power usage. After the improvement in the
residential area connection, the resident has the possibility to schedule his production and

consumption systems by himself aiming to reduce the global electricity cost during the next day.

In this chapter, an energy management model is proposed by considering both generation
and consumption parts. Mathematical models for the grid, renewable energy resources, batteries,
and EVs are presented, as well as for different type of thermal and electrical appliances such as
AC, water heater, vacuum cleaner, and others. We have implemented an exact solution method
to solve the objective constrained problem that aims to minimize the electricity cost in a smart
home and find out operation modes of different loads with organizing between the considered
production systems. Furthermore, a math-heuristic optimization algorithm is proposed to solve

the problem with extended simulation time horizon.
The original contributions of this chapter are listed as follows:

= Implementing an exact solution method to minimize the electricity cost in a smart home by
scheduling and controlling production systems and both thermal and electrical loads with
taking into consideration of some desired appliances temperature predefined by consumers.



= Proposing a math-heuristic optimization algorithm based on MILP formulation, which

considers diverse constraints, to solve the problem with an extended simulation time horizon.

= Performing of various simulations with different scenarios to indicate the significant reduction
of the electricity cost and to prove the effectiveness of the implementation of the proposed

optimization algorithm.

The organization of the remainder of this chapter is organized as follows. In part 2, the
related works for the smart home energy management is presented. In part 3, the modeling
approach of the studied smart home is described. The problem formulation with all the
constraints related to each considered system is developed in part 4. In part 5, experimental and
computational results are discussed. Part 6 discusses the proposed math-heuristic optimization
algorithm based on MILP formulation that solves the problem with an extended simulation time
horizon. In part 7, simulation results for one single day and for consecutive day are presented.
Evaluation of the performance of the proposed optimization algorithm is presented in part 8 and

finally conclusion is given in part 9.

4.2 Related Works

Several studies have conducted optimization techniques to solve the smart home energy
management problem. An employment of load aggregation in electrical power system for
residential users is proposed by [Saleh et al., 2017], throughout normal and abnormal conditions.
In [Zakariazadeh et al.,, 2014], a stochastic multiobjective model for environmental and
economical operational scheduling is proposed to manage energy and reserve in a smart
distribution system. A time-of-use-based bottom-up model is presented by [Bizzozero et al.,
2016], for residential demand with considering the existence of many individuals in the residence,
their performance and the associated utilize of electrical appliances. An electricity demand control
algorithm is implemented in [Gelazanskas et al., 2014], using real time pricing with flexibility to
allow the consumers to control the load according to their need. In [Qian et al., 2013], a RTP
scheme is proposed to reduce the peak load by DR program in electrical SG, and on the retailer
side an algorithm based on simulated annealing is implemented to reduce the electricity cost of
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the costumers and to maximize the utility profit. In [Zhao et al., 2013], a general architecture of
EMS in a home area network is introduced, and with real-time electricity price and consumers
preferences, a power scheduling in the home is presented by using GA to solve optimization
problem. A high resolution model for home energy demand is developed by [Richardson et al.,
20101, that is based upon an arrangement of different active occupancy and daily activity profiles
that show how customer pass its time in performing several activities. A novel residential energy
management algorithm is proposed in [Xu et al., 2015], based on heuristic dynamic programming.
In [Castillo-Cagigal et al., 2011], an electrical DSM system in a realistic solar house is described
to improve the efficiency of the electrical grid and to execute a new regulation level in the local
electric behavior. A residential EMS is proposed in [Anvari-Moghddam et al., 2015], to improve
the energy efficiency of consumption in a distinctive smart micro-grid with taking into account
the reducing of electricity cost as well as user comfort preferences. A MILP model is developed
by [Zhang et al., 2016], to control the energy consumption in smart home using a microgrid
system where the objectives intend to reduce the CO2 emissions and the total energy cost. In
[Bracco et al., 2017], an EMS is proposed to optimize the operation in a Smart Polygeneration
Microgrid in order to minimize the overall production cost. An efficient algorithm has been
implemented and presented to perform the optimal dispatching of low voltage microgrids. An
optimization algorithm is proposed by [Bendato et al., 2017] that divides the studied problem into
two sub problems. First it dictates the active power production of the dispatchable units to
minimize the economic objective function, and then it accounts for the satisfaction of the
Distribution System Operator requirements. Some of these studies did not consider several
renewable energy resources with sometimes missing the management of energy production.
Others did not integrate Evs with V2G capability that has a significant function in smart homes.
Then, the implementation of an optimization algorithm for many consecutive days and not only
for just a day-ahead simulation is missed in the most of literature review. And limited studies have
been presented an EMS for smart home with scheduling and controlling different type of thermal

and electrical appliances together.



4.3 Modeling Approach of Smart Home

With the large employment of electrical smart appliances beside the integration of
communication and information technology, the home becomes more and more smart. Actually,
smart appliances are used instead of conventional home appliances with communication
interface and automatic management for more control. One of the significant concepts other than
the two-way information and power flow among the customers and the utility in SGs is the
energy efficiency by improving the production and load management. SG considers supporting
the large employment of DER such as generators, renewable energy systems and energy storage
devices coupled with DR program. Smart home appears as small model in SG where smart
appliances are used to improve the load management with their communication interface. On the
other hand, the smart home includes a large number of electrical appliances. The most of the
devices can be scheduled without affecting the comfort of the consumer at the same time as
reducing electricity bill. The objective of the DR program in smart home is to give the
opportunity and the motivation for consumers to participate in the energy market by shifting and
reducing the electricity consumption. The main purpose of the proposed optimization algorithm
in this chapter is to minimize the energy cost of the consumers for day-ahead and extended
simulation time horizon by controlling some loads with taking into consideration of predefined
appliances temperature and by shifting to the periods with low price tariff. In the considered

smart home model, smart appliances are divided in two major categories:

e ECL such as cooker hood, vacuum cleaner, washing machine, etc.
e TCL loads such as REF, AC and EWH.

All parameters related to the ECL and TCL are considered, such as earliest starting time, latest
finishing time, power consumption and duration of the operation. Each appliance can operate
between its earliest starting time and latest finishing time. Moreover, the management of energy
production systems is also considered. We have integrated beside to the conventional power
plant, a residential PV system and a micro-wind turbine. As well, electric battery and two Evs

are considered. The proposed smart home model is given in Fig. 4.1.
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4.4 Mathematical Modeling

The residential 88cheduleing problem in the smart home is presented as a MILP model
along the horizon T with t time steps. The time slot is proposed to be one hour, therefore each

day will be 24 slots. The associated constraints are presented in the following equations.

4.4.1 Objective Function

The objective function of the system is formulated as follows and it intends to minimize

the day-ahead electricity bill of the residential consumer:



( [(Pgrig (t) X dt) X Cgrig ()] + )
[(Ppy () X dt) X Cpy ()] +
[(Py () X dt) X Cy (t)] +

Ngy

T
min f'(cost) =z< Z PRisch (¢, j) x dt | x cRisch(t) | +
t=1 -
j

~~

(4.1)

[(Pé)i“h(t) % dt) % Cgi“h(t)] _
\ [(Pinject (£) X dt) X Csey (8] J

Almost all consumers care about their electricity bills and tend to reduce them. The total cost
covers operation and maintenance cost of the PV system, wind system, battery storage system and
EV battery; along with purchased electricity from the grid with adding the revenue from selling
electricity back to the grid. During the time horizon T, the optimized minimum cost for the smart

home is calculated while satisfying all the considered constraint presented in the next part.

4.4.2 Constraints

All the considered constraints for the system are presented in the following equations.
1. Electrical controllable loads:

The operation time of the electrical appliances:
(Dvan=o if £ < Totare (D) aned € > Trins 1)
t

(4.2)
LZ V(i, t) = Ttreat (l) if t= Tstart (l) and t < Tfinish(i)

The equation (4.2) guarantees that the electrical appliances can operate only within their preferred

time windows between earliest starting time and latest finishing time (T (i) and Tins 5 ().

These appliances can be rescheduled according to the price variations and the customer

preferences where it is necessary to set operation time interval.
2. Thermal controllable load:

The operation model of the AC in cooling mode:
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X BS. (t) X P,
Tins (t) = (E X Tins (t - 1)) + (1 - E) X (Tout (t) - (M 151 ) ))
The operation model of the AC in heating mode:

X BE(t) x P,
Tins (t) = (6 X Tins (t - 1)) + (1 - 6) X (Tout (t) + <‘u 151) >>

Forbidden the activation and deactivation simultaneously:
Bec () + Bae () <1
Limitation of the inside temperature between desired bound:

T.min _des (t) < Tins (t) < T.max _des (t)

ins — ins

State to activate the AC in cooling mode:

if Ting (0) < TjRin-des (1)

ins

if Tins (0) > T‘max_des (1)

mns

.o [0
Bac(t)—{l

State to activate the AC in heating mode:

if Tins (0) < T.min des (1)

mns

lf Tins (0) > T_max_des (1)

1
Bc?c (t) = {
0 ins

Time window that AC can operate in cooling mode:

Oorl ift €T,
B0 =1, iftei

Time window that AC can operate in heating mode:

Oor1l ift €T
h — H

(4.3)

(4.4)

(4.5)

(4.6)

(4.7)

(4.8)

(4.9)

(4.10)

The variation of the indoor temperature for the AC is determined in equations (4.3) and (4.4). The

equation (4.5) guarantees that the AC do not operates in cooling and heating mode at the same

time. The indoor temperature must be limited between the desired lower and upper temperatures



set by the customer in (4.6). In (4.7) and (4.8), the AC will turn on at t = O if the indoor
temperature is less or more than the predefined lower or upper limit. The equation (4.9) and (4.10)
determine the time window when the AC can run in cooling and heating mode where the

customer indicate the T, and T} settings.

The operation model of the refrigerator:

Tref(t) = Thep (t— 1) + dt ((,Bref X Prop ) = (@ref X Breg (1)) + )/ref) (4.11)
Limitation of the Ref temperature between desired bound:

TR 495 (£) < Tyop (6) < TIR495 (2) (4.12)

State to activate the refrigerator:

(1 if Trep (0) > o (1)
Brer (1) = , min_des (4.13)
0 lf Tref (O) < Tref (1)

The equation (4.11) determines the operation model of the refrigerator where (4.12) maintains the
inside temperature within a specified range according to the customer preference. In (4.13), the

refrigerator will turn on at t = 0 if the indoor temperature is more than the predefined upper limit.

The operation model of the EWH:

Towh &)—Tewn(t—1) -1
Cewn X ( e ) =% (Tewn () = Tins (©)) + (Bewn (&) X Pewn) = (Cp xqXx
(Ten‘:/a;l( _des (t) _ Tecv?llfcll ) (4.14)

Limitation of the water temperature between desired bound:

Tanh %% (8) < Toun (6) < T3 (©) (4.15)

ewh ewh

State to activate the EWH:

B, () = {0 if Town (0) > Toy =" (1) (416)
T i Taa©@ < TR |
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The modeling of the EWH is presented in equation (4.14) where we can determine the water
temperature. Equation (4.15) maintains the inside temperature of the EWH within the predefined
range. In (4.16), the EWH will turn on at t = O if the water temperature is less than the specified

lower limit.
3. Gird power balance:

The power grid balance between consumption and production:

Ngy

PGTid (t) + PPV (t) + Pw(t) + z PED[}.SCh(t,j) + Pgisch(t)
J

Ngy

= D (Pat O % VEO) +Dn(®) + ) PEF(E.)) + P (®)
J

i

+ Pinject (t) (417)

Every time interval t, the balance between consumption and production systems should be
guarantee in equation (4.17). The electricity demand is the sum of all the power consumption of
the ECL and the TCL plus the charging power of the EV batteries and battery storage system.
This demand is supplied from the purchased electricity from the grid, PV and wind generators,

discharging power from EV batteries and battery storage system, minus the electricity sold to the

grid.
M)+ X(t,j) <1 (4.18)
M)+ Z(t) <1 (4.19)

The equations (4.18) and (4.19) do not allow the discharging of the battery storage system or the
EV battery into the grid.

The equations (3.3) to (3.24) already mentioned in the chapter 3 are considered in this model.
These equations present the constraints for the conventional power system (the Grid), PV

system, wind system, battery and EV.



4.5 Experimental and Computational Results

4.5.1 Input Data

The simulations of the implemented smart home energy management model are

performed in this section. The modeling is done by GNU Mathematical Programming Language

(GMPL) and the solving is executed using GUROBI optimizer, running on a computer with

Windows 7 Ultimate 64 bits operating system, processor Intel Core i13-2350M 2.30 GHz and 4

GB of random-access memory RAM.

Table 4.1 Electrical home appliances specifications

. Earliest Latest Time
. Power  Duration . . i
Appliances Type (kW) (h) starting  finishing window

time(h) time (h) (h)
1 Dish washer ECL 1.7 1 8 17 9
2  Washing machine  ECL 1.8 2 8 12 4
3 Dryer ECL 2.5 1 12 18 6
4 Refrigerator TCL 0.175 24 0 24 24
5 Oven ECL 2.5 2 14 19 5
6 Cooker hood ECL 0.2 1 16 19 3
7 Microwave ECL 1.7 1 6 9 3
8 Water heater TCL 1.7 2 0 24 24
9 TV ECL 0.3 5 19 24 5
10 Laptop ECL 0.1 3 13 24 11
11 Desktop ECL 0.3 5 13 24 11
12 Vacuum cleaner ECL 2 1 6 20 14
13 Sensors ECL 0.01 24 0 24 24
14 Radio player ECL 0.2 1 6 8 2
15 AC TCL 1.15 12 12 24 12
16 Iron ECL 2.7 2 4 20 16
17 [llumination ECL 0.5 5 19 24 5
18  Occasional loads ECL 3 5 0 24 24

The mainly simulation parameters in the system are given in Table 3.3 in chapter 3.The

electricity cost sold to the grid is 0.10 €/kWh and the purchased electricity cost is adopted from

[Zakariazadeh et al., 2015]. The preferred user temperature is adopted as following

: from 3 to
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8 C for the refrigerator , from 55 to 60 C for the EWH and from 20 to 23 'C for the indoor room
temperature. And all parameters related to the ECL and TCL are shown in Table 4.1, such as
earliest starting time, latest finishing time, power consumption and duration of the operation

which are used in real case studies.
4.5.2 Case Studies

Different scenarios are performed to indicate the significant reduction of the electricity
cost and to prove the efficiency and the robustness of the proposed home energy management
model. Initially, we have conducted five case studies given in Table 4.2 with a simulation time

horizon T of 24 hours.

Case study 1: it is the basic scenario and it consists of one residential costumer that can

purchase the electricity just from the grid.

Case study 2: case study 1 in addition to the DR program by shifting some ECL to the periods

with low price.

Case study 3: case study 1 plus the integration of the PV system, wind turbine system, battery

storage system and Evs.

Case study 4: case study 3 plus the consideration of the DR program by shifting some ECL to
the periods with low price.

Case study 5: case study 4 in addition to the DR program with TCL that can maintain some
predefined temperature at the desired range.

Table 4.2 Case studies for single day

Case Production system DR program
. Battery V2G
studies — g ig RER ECL TCL

1 4 X X X X X
2 v X v X X X
3 v v X X v v
4 v v v X v v
5 v v v v v v




4.5.3 Results

The results of the exact solution method that aims to minimize the electricity cost in a
smart home and find out operation modes of different loads with organizing between the

considered production systems are given in Table 4.3 and exposed in Fig. 4.2-4.6.

Table 4.3 Simulation result for single day

Case study Cost Purchased Sold Computing time
(€ cents) power (kW) power (kW) (sec)
1 1008.56* 64.70 - 0.31
2 642.03* 64.70 - 0.52
3 34.45* 36.78 18.57 0.31
4 -39.42* 45.33 26.66 0.47
5 -106.89* 36.28 29.52 16.23

We can notice that the cost is reduced between case study 1 and 2, from 1008.56 to 642.03 € cents,
due to the integration of the DR program by means of ECL where the appliances are scheduled
within their preferred time windows between earliest starting time and latest finishing time
according to the price variations to obtain the minimum cost. In case study 3, with considering
solar and wind system, battery storage system and V2G, the expenditure again is reduced to 34.45
€ cents, and the customer profit from the surplus power by injection into the grid 18.57 kW. In
case study 4, when also the ECL is considered, the cost is decreased to -39.42 € cents and the
power injected into the grid is 26.66 kW. Finally, in case study 5, where the TCL is considered, an
important decrease of the cost is achieved and it reached -106.89 € cents. Moreover, the minimum
purchased power from the grid is obtained about 36.28 kW as well as the maximum sold power of
29.52 kW. We noticed in all the studied cases that the computing time is short but it increase in
the last scenario where the controlling and scheduling of all systems is included.
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Fig. 4.6 Energy resource management for case study 5

The optimal load scheduling is given in Fig. 4.7 and shows the operation time of each ECL and
TCL considered in the case study 5 where the best solution is obtained due to the proposed
energy management model. As we can notice, all appliances are operated within the provided

time window, between EST and LFT.
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Fig. 4.7 Optimal load scheduling of case study 5

Beside the minimization of the day-ahead electricity cost of the consumer, Fig. 4.8 shows
the preferred temperature of the indoor, EWH and refrigerator, where the proposed model has
taken into consideration the predefined desired limit to maintain a minimum comfort level. The
black solid line designs the variation of the outside temperature over 24 periods. The red solid
line represents the variation of the water temperature of the EWH. The green solid line represents
the different inside temperature of the smart home. And the blue solid line represents the
variation of the refrigerator temperature. As well as, the scheduling of the charging and
discharging mode over 24 periods of the two Evs integrated in the system is given in Fig. 4.9,
where they have positive effects in considered smart home. In this case, the charging of the Evs
battery is happened in the early morning periods from 2 to 5. In the periods 7, 21, 22 and 23 the
Evs have been used as generators for the energy resource scheduling where the discharge peak

power is happened in periods 23.
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Fig. 4.9 Schedule of charging/discharging of Evs of case study 5

4.6 Proposed Math-heuristic Algorithm

A LP technique is formulated to minimize or maximize an objective function that is
formulated to analyze the performance of the solution. It is an exact technique, once solved, it

guarantee that the result is the optimal solution. Numerous methods based on meta-heuristic

techniques can be used but don’t guarantee the optimal solution.

Due to the uncertainty of the power production mainly the large integration of RER and
due to the variation of energy demand, a complexity in the optimization process of electrical SG is
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presented. To reach the global optimal solution, we have used two techniques, the MILP and the
greedy method to obtain a hybrid technique, the math-heuristic algorithm, which can solve the
optimization problem of extended optimization time horizon in the electric SG environment. The
proposed math-heuristic algorithm generates a local optimal solution every last simulation period
in order to get the global optimal solution in an acceptable computing time. The flowchart of the
proposed algorithm to solve the energy management in a smart home is given in Fig. 4.10. The
general steps intended to solve the objective constrained problem that aims to minimize the
electricity cost in a smart home and find out operation modes of different loads with organizing

between the considered productions systems are described as follows:

Step 1: Define of the input data such as simulation time horizon T.

Step 2: Select the number of home appliances I and their scheduling parameters.

Step 3: Select the number of Evs.

Step 4: Get the solar irradiation and wind speed forecasting.

Step 5: Obtain the electricity price imported from the grid and sold to the utility.

Step 6: Generate the input data for the first simulation day.

Step 7: Generate the optimal solution of the objective function for the first day.

Step 8: Manage the different production systems like the grid, solar system and wind system.

Step 9: Schedule the ECL following their earliest starting time, latest finishing time and the
duration of the operation.

Step 10: Control the TCL following the desired appliances temperature predefined by the
consumer.

Step 11: Schedule the charging and discharging of battery and Evs.

Step 12: Transmit many variables as continuous inputs data to the next simulation day like state
of charge of the battery storage system, state of charge of Evs battery, inside room
temperature, EWH water temperature and refrigerator temperature.

Step 13: Generate the global optimal solution of the considered problem for the defined
simulation time horizon.

The proposed math-heuristic algorithm which solves the optimization problem of extended

optimization time horizon is implemented with the Python programming language.
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4.7 Simulation Results for Consecutive Day

A simulation time horizon for consecutive day is performed where we have executed the
same energy management model of the scenario 5 when all the systems are considered for 24, 48,
72, 96, 120, 144 and 168 hours respectively. The MILP or the exact solution and the math-
heuristic optimization algorithm, are compared in the Table 4.4 for minimizing the electricity cost
and the computing time.

Table 4.4 Simulation result for consecutive day

f(cost) Computing time

(€ cents) (€ cents) (%) (sec) (sec)

24 -106.89* - - 16.23 -

48 -99.93* -95.33 -4.60 49.39 26.64

72 -90.17 -83.76 -7.11 600 35.18

> 96 6654  -63.41 470 600 70.83
120 -43.70 -40.72 -6.82 600 79.52

144 -22.91 -20.89 -8.82 600 88.31

168 3.86 4,74 22.84 600 175.74

We observe that only in the simulation time horizon of 24 and 48 hours, we have obtained
the optimal solution with the MILP and a suitable computing time of 16.23 and 49.39 seconds
respectively. While in the other scenarios a near optimal solution is found where the simulation is
stopped to 600 seconds. Conversely, when we have applied the math-heuristic algorithm, the
solution of the problematic formulation is obtained and most of results in the different applied
time horizon are close to the solution obtained with MILP. The computing time is extremely
reduced in all scenarios and especially in the 72 hours simulation time where the reduction
reaches 94 % from 600 sec to 35.18 sec. The minimum gap is obtained in the 48 hours time
horizon with -4.60 % where the optimal solution value with the MILP is -99.93 € cents while the

solution of the math-heuristic algorithm is -95.33 € cents. The negative value of the objective



function indicates that the costumer benefits from the excess energy by selling to the utility. Fig.
4.11 shows the energy management of all considered resources for the 48 hours time horizon
where all the production and consumption system are scheduled with satisfying all the
implemented constraints. As a result, we can deduce that when the exact method is unsuccessful
to get the optimal solution, the proposed math-heuristic algorithm can solve it with a minimum

executing time and with a reasonable tolerance.
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Fig. 4.11 Energy management for 48 hours time horizon

4.8 Math-Heuristic Algorithm Performance Evaluation

4.8.1 Simulation with different Cost Curve

To check the performance and the robustness of the proposed math-heuristic algorithm,
we have tested it and evaluated it following different curves of purchased cost as given in Fig.
4.12. We have chosen randomly five curves; each of them is simulated with all time horizons:
48, 72, 96, 120, 144 and 168 h where results are presented in Table 4.5.
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Fig. 4.12 Different cost curves

4.8.2 Discussions

For a 48 h simulation time horizon, the average of different results obtained with MILP is
190.97 € cents while the solution of the math-heuristic is 194.70 € cents with a gap of 1.95 %.
The computing time is decreased 90 % from 164.26 to 16.15 sec. For a 72 h simulation time
horizon, the average of different results obtained with MILP is 395.53 € cents while the solution
of the math-heuristic is 402.08 € cents with a gap of 1.66 %. The computing time is decreased
87 % from 139.46 to 18.40 sec. For a 96 h simulation time horizon, the average of different
results obtained with MILP is 616.34 € cents while with the math-heuristic it is 621.31 € cents
with gap of 0.81 %. The computing time is decreased 96 % from 600 to 24.37 sec. For a 120
hours simulation time horizon, the average of different results obtained with MILP is 823.56 €
cents while with the math-heuristic it is 848.03 € cents with a gap of 2.97 %. The computing
time is decreased 93 % from 509.79 to 33.67 sec.



Table 4.5 Simulation result for different cost curve

c o NC of f(cost) Computing time
ase ime _ -
sudy horizon S e RE G wwe IR
curve (€ cents) (%) (sec)
(€ cents) (sec)
48 1 293.35 302.36 3.07 600 17.34
48 2 333.88* 342.50 2.58 10.57 6.44
> 48 3 190.82* 190.96 0.07 43.95 16.69
48 4 161.57* 162.29 0.45 31.42 16.71
48 5 -24.77* -24.61 -.065 135.37 23.58
Average 190.97 194.70 1.95 164.26 16.15
72 1 566.48* 582.68 2.86 18.22 15.72
72 2 628.01* 644.33 2.60 20.23 12.03
5 72 3 411.96* 412.96 0.24 13.22 10.67
72 4 338.86* 339.07 0.06 45.62 18.86
72 5 32.34 31.35 -3.06 600 34.74
Average 395.53 402.08 1.66 139.46 18.40
96 1 857.79 888.57 3.59 600 19.14
96 2 940.49 973.62 3.52 600 13.73
5 96 3 651.09 645.78 -0.82 600 19.15
96 4 531.01 503.64 -5.15 600 53.66
96 5 101.34 94.96 -6.30 600 16.17
Average 616.34 621.31 0.81 600 24.37
120 1 1130.93 1201.70 6.26 600 23.27
120 2 1234.64 1310.72 6.16 600 19.58
5 120 3 872.23* 884.56 1.41 148.96 26.32
120 4 712.23 682.54 -4.17 600 36.05
120 5 167.77 160.61 -4.27 600 63.11
Average 823.56 848.03 2.97 509.79 33.67
144 1 1404.66* 1506.38 7.24 225 28.57
144 2 1529.19* 1638.73 7.16 110.98 20.34
5 144 3 1094.13* 1118.52 2.23 69.32 29.23
144 4 889.71 858.58 -3.50 600 62.99
144 5 232.69 223.77 -3.83 600 154.69
Average 1030.08 1069.20 3.80 321.06 59.16
168 1 1694.78 1827.97 7.86 600 26.22
168 2 1840.31 1984.93 7.86 600 18.35
5 168 3 1332.25 1362.11 2.24 600 24.85
168 4 1080.16 1040.34 -3.69 600 78.13
168 5 306.29 291.89 -4.70 600 87.91
Average 1250.76 1301.45 4.05 600 47.09
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For a 144 hours simulation time horizon, the average of different results obtained with MILP is
1030.08 € cents while with the math-heuristic it is 1069.20 € cents with a gap of 3.80 %. The
computing time is decreased 82 % from 321.06 to 59.16 sec. And finally for the 168 hours
simulation time horizon, the average of different results obtained with MILP is 1250.76 € cents
while the solution of the math-heuristic is 1301.45 € cents with a gap of 4.05 %. The computing
time is decreased 92 % from 600 to 47.09 sec. These results show that our proposed math-
heuristic algorithm is efficient and adaptive with factor variation because the global optimal
solution got with simulation of consecutive days in all case studies is near to the optimal solution
obtained with the exact method. Furthermore the computing time is decreased strongly and this

reduction is significant in real-time application.

4.9 Conclusion

A novel EMS for smart home is proposed in this chapter with the consideration of both
generation and consumption systems. This model is capable to schedule the renewable energy
resources with the grid in the production part, and then control and manage the operation of all
considered electrical and thermal appliances, battery and EVs. Moreover, to reduce the
electricity cost of the consumer in a smart home for consecutive day, a robust optimization
algorithm is implemented to solve this problem for extended simulation time horizon. A
comparison between the MILP model and the math-heuristic optimization algorithm is made to
demonstrate the effectiveness of the proposed model. Simulation results illustrate that the best
solution is obtained in case study 5, where the TCL is considered that can adjust the temperature
of the refrigerator, EWH and the room in order to minimize the energy consumption with
maintaining a minimum comfort level of the costumer. Furthermore, the results show that the
proposed optimization algorithm can obtain a near optimal solution with strongly decreases for
the computing time. The next chapter tends to evolve the implemented model by considering

several smart homes to adapt a microgrid EMS.
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5 Optimal Operation and Energy Management

Model in Microgrid

5.1 Introduction

The world population has increased significantly over the last 20 years. According to the
US energy information administration (EIA), the total world energy consumption will increase
28% between 2015 and 2040. Therefore, to cover the future energy demand, an investment in
new power plants such as renewable sources must take place. The power grid undergo a main
revolutionize by adding of microgrids. The advantages of using microgrids consist of increasing
reliability, generating revenue, reducing carbon emissions and encouraging economic growth.
Furthermore, smart home appliances, energy efficiency and load management were used to
undertake the raise of electricity consumption. In Microgrid, the ESS is a fundamental part to
remove the fluctuating output yield of sustainable power source generators. Though, introducing
huge number of ESSs for individual smart homes might not be basically implementable, because
the high investment expenditure and the limitation of the space.

In this chapter, we consider a smart microgrid which comprises multiple smart homes
each of them owned: renewable energy resources (one PV system and one micro-wind turbine),
one EV and smart appliances. The renewable energy resources inject the excess energy in the
shared ESS. Each smart home is interested to utilize the shared ESS to increase its return. The
energy exchange between the smart homes in the considered microgrid is controlled by a
RMGO. To ensure that the implemented energy management model using MILP is efficient in
reducing the total electricity cost in the microgrid, we have compared it with a conventional
scenario where each smart home has its individual small ESS without sharing energy with their

neighbors. To perform a reasonable comparison, we ensure that the capacity of the shared ESS is



equal to the sum of the capacity of all individual ESS. We have performed different scenarios by
varying the number of smart homes in the microgrid, the purchasing electricity cost from the gird
and the initial capacity of the ESS. We have conducted that the introducing of the shared ESS
can highly decrease the total electricity bill versus smart homes with individual storage without

energy sharing.
This chapter has the listed of three contributions:
= Designing a general microgrid energy management model, including shared ESS.

= Implementing an exact solution method using MILP to minimize the global electricity bill in

the microgrid with implementation of DR program.

= Leading a novel methodology to evaluate the benefits of integrating a shared ESS in a

microgrid in terms of decreasing cost.

The organization of the rest of this chapter is structured as follows. Part 2 presents the
related researches for the optimization and energy management in the microgrid. Part 3 describes
the considered microgrid system model. In part 4, the proposed energy management model with
all the related constraints using MILP is developed. In part 5, simulation results for a microgrid
with 3 smart homes are presented. Part 6 presents the analysis and results of different case
studies to prove and check the performance and the efficiency of the proposed algorithm. And

finally part 7 concludes the chapter.

5.2 Related Works

The microgrid can be distinct as multiple smart homes were including smart appliances as
loads, local renewable resources such as small PV systems and/or micro-wind turbines and
individual or shared ESS running as a single controllable system. Numerous researches have carry
out of optimization and energy management in microgrids to optimize the global expenditure of
electricity. These works utilize different methods to reach their objectives. For example, in [Chen
et al., 2012] a proposed DR task categorization and two optimization methods were applied to

load aggregators, which would represent a set of residential houses within a community. Study
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[Liu et al., 2017] proposed a chance-constrained optimization problem for the optimal scheduling
in mirogrids and solved by MILP to minimize the total operating cost. In [Li et al., 2017], a
combined sizing and energy management methodology is proposed and formulated as a leader-
follower problem. A parametric programming based approach for energy management in
microgrid is presented in [Umeozor et al., 2016], where the operational planning problem is
solved which including energy sources such solar PV, wind turbine and battery ESS, in addition
to a household load demand. In [Maulik et al., 2017], an economic dispatch problem of a
microgrid is presented and solved with four diverse optimization techniques to minimize the fuel
cost of the considered distributed generation presented in the model. To attain multi-agent
resource allocation in a distributed system in a microgrid, an algorithm with the least amount of
information exchange between the customers is proposed in [Dimitrov et al., 2016]. An
optimization mathematical model is presented in [Lazaroiu et al., 2016], for microgrid grid-
connected and in islanding operations in order to minimize the global microgrid expenditure to
cover the load demand. In [Silvente et al., 2017], a mixed-integer linear programming
mathematical model is proposed to minimize the operational cost of the microgrid and to adjust
the energy and heat availability profiles resulting from the employ of renewable energy resources
and heat demands and flexible energy. The [Tenfen et al., 2015] has proposed a mathematical
model used for the energy management problem in a microgrid by means of a MILP approach.
The purpose is to determine a generation and a controllable load demand strategy that minimizes
the operation cost subject technical constraints. A cost minimization problem is presented in
[Wang et al., 2015], to schedule the energy generation intelligently in a microgird integrated with
combined heat and power generators and unstable renewable energy resources. In [Choi et al.,
2018], a control structure and three types of the power sharing methods intended for a multiple
battery energy storages system is considered. As well, an algorithm for energy sharing is
proposed to share out the output power evenly according to the available energy of each battery.
An energy storage sharing strategy is presented in [Chen et al., 2017] that allow the distribution
company and the clients to manage the allocated energy storage. The problem is formulated as a
bi-level mathematical model where the first level try to find the optimal distribution of energy
storage and the second level seeks to minimize the electricity purchase costs. The most of these
researches, don’t consider an optimized energy management model for a shared ESS in a

microgrid with a set of smart homes having renewable energy resources and EVs with



controlling and scheduling diverse type of electrical and thermal household appliances and
taking into account of some desired appliances temperature to maintain a minimum comfort level

of customers.

5.3 Microgrid Model

In this study, we considered a general smart microgrid which consists of a set of smart
homes H, indexed by h, h € H € {1, 2, ..., H}. Each smart home is equipped with a set of smart
home appliances I, indexed by i, i € 1 € {1, 2, ..., I}. The set of home appliances I is divided in
two main types: ECL such as vacuum cleaner, cooker hood; and TCL loads such as EWH, AC
and REF. All parameters of the ECL and TCL are adopted from Table 4.2, such as power
consumption, duration of the operation, earliest starting time and latest finishing time. Moreover,
each SH has a rooftop PV system and micro-wind turbine plus one electrical vehicle that are
capable to collect energy from. In addition, it is connected to the main grid and to a shared ESS
(battery). In general, all smart homes in the microgrid can received the power from any sources.
The energy exchange between the smart homes is controlled by a RMGO. The RMGO controls
the microgrid, manages smart homes consumption, and distributes the shared energy storage. SH
are connected to the main grid to make safe their energy consumption throughout period when
renewable energy production is unavailable, when the ESS is empty or when the energy existing
in the ESS is not scheduled. Furthermore, we apply a set of time slot T as an optimization time
interval, indexed by t,t € T € {1, 2, ..., T}, with T = 24 indicating the optimization time horizon
and t = 1 hour indicating the time slot duration, to minimize the total day-ahead energy cost of
the costumers in the microgrid. Weather forecasting gives 24 hours wind speed and solar
irradiation data. The studied microgrids are given in Fig. 5.1 and 5.2. The conventional scenario
where each smart home has its individual ESS without sharing energy with their neighbors is
presented in Fig. 5.1. While Fig. 5.2 shows the microgrid with the shared ESS. Because the
energy demand in the residential area is able to fluctuate significantly between different
societies, we have considered in our simulations diverse category of smart homes which differ in
energy demand profile and number of home appliances used. The chosen categories are listed in
Table 5.1.
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Table 5.1 Different category of smart homes

Category Occupancy Energy demand Iigg]ti)aer:cszezf
A One adult Low 9
B Two adults Medium 15
c Two adults with High 18

children

5.4 Mathematical Modeling

The energy management problem in the microgrid is modeled as MILP in order to
minimize the day-ahead energy cost of all consumers by scheduling the smart home appliances
power consumption and the energy drawn from the shared ESS. The objective function and all
the constraints related to the implemented systems are presented as following.

5.4.1 Objective Function

The objective function intends to minimize the global electricity cost of the set of smart

homes including in the microgrid. It is formulated as:

([(Pgria (t, h) X dt) X Cgrig ()] +)
[(Ppy (t, h) x dt) X Cpy] +

i ET: L (P (&, h) > dE) x Cy] +
[(Pbglj'sch(t, h) X dt) X CbQ[;sch] n
\ [(PE%giSCh(t) X dt) X Cl%ggch]

min f(cost) =

(5.1)

It is to highlight that the minimization of the objective function means that the consumers in the
microgrid profit from the local installed renewable energy sources as well as from the power

presented in the shared ESS.
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5.4.2 Constraints

All the constraints of the systems in the proposed mathematical model that impose

restrictions to the variables of the problem are presented below.

1. Domestic balance:

Pgria (t, B) + Ppy (t, h) + Py (¢, h) + PEFM(t, h) + PREER (¢, )
= Z (Dappl (i,h) x V(i,t, h)) + Dy (t, h) + PSR (t, h) + PEE(t, ) (5.2)

i

The power balance must be guaranteed in each smart home in the microgrid between production
and loads. Every time interval t, the home balance must be guaranteed in equation (5.2). The
home electricity load is the sum of all the power consumption of the ECL and the TCL plus the
charging power of the EV battery and ESS. The home loads are covered from the purchased
electricity from the grid, PV and wind generation, discharging power from EV battery and the
ESS.

2. Energy storage system balance:

PUSH(©) — PERSR (0 = ) (PEl (e, h) — PR (1, ) (53)
h

The ESS global balance must be guaranteed and it is demonstrated in Fig. 5.3. As we can seg, the

sum of the power charging minus the power discharging of each smart home must be equal to the

total charged power of the ESS minus the total discharge power from the ESS.

3. Global balance:

is M isc
> (Pora &1 + (PR (61 = PRE"(61))) = Plhia(®) + (PUEM© - PER*M®)  (5.4)
h
The exchange of the power between smart homes, the main grid and the shared ESS must be
satisfied. The equation (5.4) guarantee the global balance in the considered microgrid where the
sum of the imported power from the main grid of each smart home plus the power charged minus
the power discharged also in each smart home of the ESS is equal the total purchased power of

the microgrid plus the total charging minus the total discharging power of the ESS.



Py (1) [ |PMD ®

Fig. 5.3 Energy storage system balance

4. Electrical controllable loads:
The operation time of the electrical appliances:

( z V@i, t,h) = 0 if t < Tyeare (i, h) and t > Tripis (i, 1)
g (5.5)
LZ V(i, t, h:) = Ttreat (i, h) if t= Tstart (i: h) and t < Tfinish(i' h)
t

5. Thermal controllable load:

The operation model of the AC in cooling mode:

Tins (t: h) = (E X Tins (t -1, h)) + (1 - 6) X (Tout (t) - (lu . Bgc (Z h) . Pac )) (56)

The operation model of the AC in heating mode:

h
Tins (6 1) = (6 X Tie (¢ —1,h)) + (1 — €) X <T0ut (t) + <” X Bac (Z’ h) P‘”)) (5.7)
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Forbidden the activation and deactivation simultaneously:
B (t,h) + Bl (t,h) < 1 (5.8)
Limitation of the inside temperature between desired bound:

T.min _des (t) < Tins (t, h) < Tmax _des (t) (59)

ins — ~ins

State to activate the AC in cooling mode:

0 T 0) < T.min _des 1
BS.(t,h) = { l,f ins (0) me des( ) (5.10)
State to activate the AC in heating mode:
1 T, 0) < T.min _des 1
Bh.(t,h) = { Y Tins (0) < Typs =~ (1) (5.11)
Time window that AC can operate in cooling mode:
Oor1 ift € T¢
c —
Time window that AC can operate in heating mode:
Oor1l ift €T
h _ H
The operation model of the refrigerator:
Tref (tr h) = Tref (t -1 h)
+dt (Breg X Prer) = (res X Breg (6 1)) + Vrer ) (5.14)

Limitation of the Ref temperature between desired bound:

T

T (6) < Trey (8, h) < TP (0) (5.15)



State to activate the refrigerator:

max _des
By () = 1 if Tre (0) > Trf:_des (1) (5.16)
0 if Trep (0) <T.0¢ (1)
The operation model of the EWH:
Cown X (Pt ) = = (T (6 1) = Tins (61) + Bown () X o) =
(e x @ x (T34 (6) = TE5)) (5.17)
Limitation of the water temperature between desired bound:
TINAeS () < T, 5 (t, h) < T2-4es (1) (5.18)
State to activate the EWH:
Banemy =1 T2 TZ”‘ Z @ (5.19)
1 if Town(0) < Tl (1)
6. Electric grid:
The bound of the amount power imported from the grid:
0 < Pgrig (t,h) < Pgrig (5.20)
7. Photovoltaic system:
The limit of the power generated by PV system:
0 < Ppy(t,h) < PR (5.21)
The generated output power from photovoltaic system:
Poy (t,h) < Apy X p X SI(t) (5.22)
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8. Wind turbine system:
The limit of the power generated by wind system:
0 < Py(t,h) <P

The generated output power from wind system:

{Pw(t,h) =0 if ve < vy and vy > v,
Py (t,h) = Prated if v, < Uy < Ve
vf — Vg
Pw(t, h) = Prated X — lf v < Vg <,

T ci

9. Energy storage system:
The limit of allowed charging power:
Pids (t,h) < PESE™ x Y(t,h)
The limit of allowed discharging power:
PR (6, h) < PRI x Z(t,h)
Forbidden the charging/discharging simultaneously:
Y(t,h)+Z(t,h) <1
Power stored in the ESS at t > 1:

Nomgss x SOCgss(t)
= Nomggs X SOCpss(t — 1)
pMCh
t) X dt
+ <% _ (ed X PEI\/ggtsch(t) % dt))
c
Initial state of the ESS:
pMCh
1) xdt
Nomgss X SOCgss(1) = Nomis + (&

€c

— (ea X Pgg"" (1) X dt))

(5.23)

(5.24)

(5.25)

(5.26)

(5.27)

(5.28)

(5.29)



State of charge limit of the ESS:
SOCHI < SOCgss(t) <1
Maximum ESS charge limit:

PHE () x dt

% + (NOmESS X SOCEgs(t - 1)) < NOmESS
c

10. Electric vehicles:

The limit of permitted charging power:

P& (t, h) < PSI™ x W (t, h) Vit € Ty
P& (t,h) =0 Vi & Toay

The limit of permissible discharging power and travel demand of EV:

PR (t,h) < PR x X(t,h) vt e [1,..,T]
PEI}SCh(t: h) xdt = DEVdriv (t) Vt & Tstay

Forbidden the charging/discharging simultaneously:
Wt h)+X(th) <1
Stored power in the EV battery at t > 1:

NomEV XSOCEv(t, h)
= NomEV X SOCEv(t -1, h)

PER(t, h) x dt
+(EV( )

. — (eq x PRI (¢, h) x dt))
c

Initial state of EV battery:

. P& (1, Rh) x dt
NOTnEV X SOCEv(l, h) = NOmgl‘; + e
Cc

(5.30)

(5.31)

(5.32)

(5.33)

(5.34)

(5.35)

— (eq x PAF(1,h) x dt)) (5.36)
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State of charge limit of EV battery:

SOCHM < SOCy (t,h) <1

Maximum EV battery charge limit:

P&k (t, h) x dt
eC

+ (NomEV X SOCEV(t -1, h)) < NomEV

(5.37)

(5.38)

The above described EMS is shown in Fig. 5.4 where the flowchart of the algorithm is detailed

by steps for one day simulation.

( Initialization t =1 )

¢<

Obtain microgrid information on number of smart homes, smart
home load, initial state of charge of ESS, day-ahead electricity
price, renewable energy forecasting data

Stepl

Power flow among the grid, shared ESS, renewable energy
resources, electric vehicles is decided by the EMS according to
the optimized objective function

Step 2

A

Step 3

Check all constraints for all considered systems

v

Step 4
Check all system power balance

Step 6
t=t+1
Update microgrid
input information

!

Step 5
Implement the first step of the optimal solution updating current
variables values

NO
t=24
YES
Step 7

Generate the result of the
objective function

Fig. 5.4 Flowchart of the energy management system algorithm



5.5 Simulation Results

5.5.1 Input Data

The simulation results are presented in this part in order to test the effectiveness of the
proposed EMS algorithm. The MILP is also modeled by GNU Mathematical Programming
Language (GMPL) and is solved by GUROBI optimizer, running on a computer with Windows 7
Ultimate 64 bits operating system, processor Intel® Core™ i3-2350M 2.30 GHz and 4 GB of
random-access memory RAM. The principal values of the simulation parameters in the proposed
model are provided in Table 5.2. Furthermore, Cy, Cpy, CEE" and CREare selected as 0.01
€/kWh as maintenance cost. The different purchased electricity costs from the main grid are
given in Table. 5.3 and visualize in Fig. 5.5. Driving electricity demand of EV is 2 kW. The
preferred user temperature is adopted as follow : from 20 to 23 C for the indoor room
temperature, from 3 to 8 C for the refrigerator , and from 55 to 60°C for the EWH. The most of

the parameters values are taken from the references mentioned in last chapter.

Table 5.2 Problem parameters values

Parameters Values Parameters Values
T (h) 24 P (kW) 2.4
H (homes) [3-9] Prated (KW) 2.1
I (appliances) [9-18] vy (M/s) 4
PR (KW) 5 Veo (MIS) 25
piiax | pPmax (kW) 1 v, (M/s) 14
Nomgss(KWh) [10-90] Pr* (KW) 3.5
Nom% (%) [50-100] p (%) 18.6
SOCEE (%) 20 Apy (M?) 25
P&rax , pRmax (kW) 3.3
Nomgy (kWh) 24
Nom¥ (%) 50
SOCH™ (%) 20
e., eq (%) 95
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Table 5.3 Different purchased electricity cost

t 1 2 3 4 5 6 7 8 9 10 11 12

Cost ¢/kWh 38 37 36 37 36 37 39 44 48 47 43 43
t 13 14 15 16 17 18 19 20 21 22 23 24

¢/kWh 44 44 46 47T 49 50 50 41 40 37 39 38

t 1 2 3 4 5 6 7 8 9 10 11 12

Cost ¢/kWh 133 26.7 5 97 87 219 333 94 235 452 482 542
A t 13 14 15 16 17 18 19 20 21 22 23 24
¢/kwh 125 192 266 289 56 89 15 161 121 127 23 7.7

t 1 2 3 4 5 6 7 8 9 10 11 12

Cost ¢/kwh 13 54 10 17 57 119 103 44 205 442 312 472
B t 13 14 15 16 17 18 19 20 21 22 23 24
¢/kwh 145 472 186 379 96 69 11 161 111 147 33 57

t 1 2 3 4 5 6 7 8 9 10 11 12

Cost ¢/kWh 20 35 35 26 26 30 30 25 25 25 30 32
C t 13 14 15 16 17 18 19 20 21 22 23 24
¢/kWh 33 36 36 40 40 40 40 35 35 20 20 25

t 1 2 3 4 5 6 7 8 9 10 11 12

Cost ¢/kWh 45 35 35 35 27 27 26 25 25 24 23 23
D t 13 14 15 16 17 18 19 20 21 22 23 24

¢/kwh 23 23 45 45 50 50 50 50 50 40 25 25

e— C 0St = == CostA Cost B = CostC = «=CostD

60

50

40

€ cents

30

20

10

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

Time (hour)

Fig. 5.5 Curves of purchased electricity cost



5.5.2 Results

A case study of a microgrid with 3 smart homes is evaluated where two scenarios is
performed to check the optimization of the objective function that intend to minimize the total

energy cost of the microgrid.
Scenario 1: microgrid that includes 3 smart homes with individual ESS.
Scenario 2: microgrid that includes 3 smart homes with shared ESS.

In this simulation, the 3 smart homes in the considered microgrid have different energy demand
profile and different number of used home appliances. The purchasing electricity cost curve used
is that in black of the Fig. 5.5. The smart homes have different category as mentioned in Table
5.1. In the scenario 1 where we have a microgrid with individual ESS, this implies that each
smart home have its own battery with a capacity of 10 kWh. While in the scenario 2 of the
shared ESS, we have one battery with a capacity of 30 kWh. The simulation is performed with a
reasonable comparison while considering the capacity of the shared ESS is equal to the sum of

the capacity of all individual ESS. The results of this case study are shown in Table 5.4.

Table 5.4 Results for microgrid with 3 smart homes

Microgrid system model

Individual ESS Shared ESS

Initial ESS capacity (kWh) 10/home 30
Total cost (€ cents/day) 1105.52* 811.49*
Savings cost in % - 27%
Computing time (sec) 58.47 180.68
PH., (£) (KW) 24.54 16.26
ESS charge (kW) 15.83 18.64
ESS discharge (kW) 27.01 30.13
RE generation (kW) 114.74 126.15
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We can observe that the total electricity cost of the 3 smart homes in the microgrid is reduced by
27% between individual and shared ESS from 1105.52 € cents to 811.49 € cents. As well as the
purchased power from the main grid is decreased from 24.54 kW to 16.26 kW. Furthermore, the
smart homes in the shared ESS scenario have profited from the discharge of the battery
(30.13 kW) more than the first scenario (27.01 kW) as well as from the renewable energy
generation which is about 126.15 kW instead of 114.74 kW. The two obtained solutions are
optimal results and is solved with an acceptable computing time, 58.47 sec for the first scenario
while for the second one it is a little superior about 180.68 sec. Consequently we can conclude
that the integration of a shared storage system in a microgrid comprise by a multiple smart
homes is more profitable than an individual battery for each smart home because the consumers

can benefit by sharing the energy with their neighbors.

5.6 Analysis and Results of different Case Studies

To check and prove the performance of the proposed energy management algorithm, we
have varied different factors that may have effects in the obtained results. The following
presented case studies are performed:

- Variation of the number of smart homes.
- Variation of purchased electricity cost from the main grid.

- Variation of the initial capacity of ESS.

5.6.1 Case 1 for Variation in Number of Smart Homes

To ensure that the good quality results obtained in the last case study will not be able to
change with different size of a microgrid; we have varied the number of smart homes in the

microgrid between 6 and 9. The results are shown in Table 5.5.



Table 5.5 Results of variation of microgrid size

Microgrid system model

Indiv. Shared Indiv. Shared

ESS ESS ESS ESS
Number of smart homes 6 9
Initial ESS capacity (kWh) 10/home 60 10/home 90
Total cost (€ cents/day) 1903.53*  1528.05* 3009.02 2303.18
Savings cost in % - 20% - 23%
Computing time (sec) 106.12 231.85 1200 1200
PM., (®) (kW) 41.08 30.99 65.60 46.48
ESS charge (kW) 27.70 25.01 43.56 42.77
ESS discharge (kW) 49.64 46.66 76.69 75.82
RE generation (kW) 229.47 238.56 344.21 363.12

We can note that the total electricity cost of the 6 and 9 smart homes in the microgrid is reduced
by 20% and 23% receptivity between individual ESS and shared ESS. For 6 SHs with individual
ESS the cost is 1903.53 € cents while with shared ESS is 1528.05 € cents. For 9 SHs with
individual ESS the cost is 3009.02 € cents while with shared ESS is 2303.18 € cents. Plus, we
remarked that for the scenario with 9 smart homes the solution is near to the optimal because it is
more complex than the other scenario. The purchased power from the main grid is decreased
from 41.08 kW to 30.99 kW with 6 SHS and from 65.60 kW to 46.48 kW with 9 SHs. We can
conclude that even if we expand the microgrid until 9 SHs, a decreasing in the overall cost will

be realized.

5.6.2 Case 2 for Variation in Purchasing Electricity cost

To make sure of the performance of the proposed energy management algorithm while
different purchased electricity cost from the main grid may be used, we have selected randomly

four different curves (A, B, C & D), each of them are simulated with 3, 6 and 9 smart homes in
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the microgrid. The considered curves of the purchased electricity cost are shown in Fig. 5.5. And

the results of this simulation are shown in Table 5.6.

Table 5.6 Results of variation of purchasing electricity cost

N° of Initial ESS  Total cost Combutin P () ESS ESS RE
smart  Curve capacity (€ cents/ timep(sec)g Gﬁ\fjv charge discharge generation
homes (KWh) day) (kw) (kW) (KW) (KW)
A 295.74* 2.54 26.02 7.75 18.06 114.74
3 B 10/home  273.36* 5.11 29.68 4.64 14.61 111.36
C (indiv.) 687.60* 123.28 25.20 15.68 26.84 114.73
D 800.37* 7.22 25.20 15.22 26.34 114.74
Average 514.27 34.54 26.53 10.82 21.46 113.89
A 269.32* 63.71 18.58 14.47 25.51 121.49
3 B 30 261.54* 15.68 24.53 8.40 18.78 116.11
C (shared) 528.02* 197.53 16.36 18.74 30.23 125.97
D 613.11* 69.16 16.32 18.59 30.08 126.06
Average 417.99 86.52 18.95 15.05 26.15 122.41
A 551.69* 76.51 43.80 18.09 38.99 229.47
6 B 10/home  522.19* 44.77 50.08 12.23 32.50 222.73
C (indiv.) 1204.55 1200 41.77 27.94 4991 222.47
D 1407.01 1200 41.72 27.57 49.50 222.47
Average 921.36 630.32 44.34 21.46 42.72 224.29
A 511.84* 110.95 31.48 24.17 45.73 238.23
5 B 60 503.99* 86.11 43.37 12.77 33.09 227.37
C (shared) 988.94* 315.54 30.99 25.01 46.66 238.56
D 1160.99*  195.04 30.99 25.01 46.66 238.56
Average 791.44 176.91 34.21 21.74 43.04 235.68
A 847.43* 69.62 69.83 25.84 57.05 344.21
9 B 10/home  795.55* 53.27 79.75 16.87 47.11 334.09
C (indiv.) 1892.15 1200 66.97 43.62 76.75 344.20
D 2207.38 1200 66.92 42.80 75.84 344.21
Average 1435.63 630.72 70.87 32.28 64.19 344.18
A 778.70* 934.36 46.68 42.35 75.34 362.64
9 B 90 765.58* 497.98 67.88 21.29 52.02 343.48
C (shared)  1494.48* 1043.88 46.49 42.45 75.46 362.96
D 1752.45*  977.68 46.49 42.48 75.49 362.96
Average 1197.80 863.45 51.89 37.14 69.58 358.01




For the scenario with 3 SHs, the average total cost for the different curves in the microgird with
individual ESS is 514.27 € cents while for shared ESS is 417.99 € cents. A cost reduction of 19
% is done. As well as the purchased power from the main grid is decreased from 26.53 kW to
18.95 kW which is implies 29%. For microgrid with 6 SHs, the average total cost with individual
ESS is 921.36 € cents while with shared ESS is 791.44 € cents with 14% reduction. Also the
purchased power from the main grid is decreased 23% from 44.34 kW to 34.21 kW. For the
scenario where we have 9 SHs, a decreasing of 17% is achieved from 1435.63 € cents to 1197.80
€ cents between individual and shared ESS respectively. And the purchased power from the main
grid is decreased from 70.87 kW to 51.89 kW about 27%. We can note that there are some of
results with individual ESS is near to the optimal and they are not exact solutions. These results
is not mentioned with star (*) and they have a computing time of 1200 seconds. Thereby, we can
also conclude that even when we vary the purchasing cost from main grid, due to the RTP per
example that vary hour-to-hour and are given from general market prices, the effectiveness of the

proposed algorithm model is well proved and ensured

5.6.3 Case 3 for Variation of Initial ESS Capacity

To observe what the effect on the results when we vary the initial state of charge level of the
ESS, we have simulated different scenarios with different initial SOC of the ESS. The microgrid
is the same as case study in paragraph 5.5.2 with 3 smart homes and an individual ESS of 10 kWh
or a shared ESS of 30 kwWh. We have changed the SOCZ¥ between 50% and 100% and the results

are shown in Table 5.7.

Table 5.7 Results of variation of initial SOC level of ESS

Initial SOC level of ESS

50% 60% 80% 100%
Total cost (€ cents/day) * * * *
“Individual ESS” 1105.52 1068.32 994.35 922.56
Computing time (sec) 58.47 203.59 100.75 127.24
Total cost (€ cents/day) * * * *
“Shared ESS” 811.49 781.79 765.46 759.96
Computing time (sec) 180.68 79.64 47.06 36.22
Savings cost in % 27% 26% 23% 16%
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We observe that the reduction of the total electricity cost in the microgrid is decreased from 27%
to 16% when we initiate with 50% and 100% SOC of ESS respectively. This implies that when
we have a less initial level in the ESS, the consumers in the microgrid can arrange themselves
with shared power more than when they have an individual ESS. The SOC level for the scenarios
with 50%, 60%, 80% and 100% initial SOC during time simulation of one day is exposed in
Fig. 5.6. However, even with 100% initial SOC, the reduction of 16% is significant between
individual and shared ESS.
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5.7 Conclusion

In this chapter, an energy management model is proposed that allows the implementation
of DR program in a smart microgrid which comprises multiple smart homes with renewable
energy resources, different smart appliances, EVs and a shared ESS. The energy exchange
between the smart homes in the microgrid is controlled by a RMGO. We proposed an exact
solution method using MILP to solve the objective constrained problem that intend to minimize
the total electricity bill of all consumers. To ensure that the implemented energy management
model is efficient, we have compared it with a conventional scenario where each smart home has
its individual small ESS without sharing energy with their neighbors. Different scenarios were
performed by varying both the number of smart homes in the microgrid, the purchasing
electricity cost from the main gird and the initial SOC of the ESS. Simulation results demonstrate
that a cost reduction up to 27% between shared ESS and individual ESS was achieved. In the
next chapter, we summarize the different studied systems in this thesis, in addition, we present

the next future works.
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6 General Conclusion and Future Works

6.1 Conclusion

This thesis has implemented appropriate energy management models and resolution
approaches for the operation of smart homes and microgrids in the context of SG. We studied
many problems in the optimal control and scheduling for the smart homes with taking into
consideration the financial incentive for consumers. The main objective of the proposed EMS is
to minimize the total electricity cost of the clients. The smart home is equipped with different
systems such as renewable energy resources, thermal and electrical loads, battery-base ESS and
EVs in additional to the main electric grid. Each of them is presented by mathematical models
with satisfying several related constraints. Furthermore, optimization algorithms are
implemented and modeled in a linear way. As well as different scenarios and simulations are
applied to check and prove the effectiveness and robustness of the optimized energy
management model. In the first studied problem, a robust MILP model is proposed to optimize
the energy production and consumption systems in a residential consumer. Thus, an algorithm
based on heuristic technique is implemented to reduce the computing time and to minimize the
electricity cost of the consumer. Three case studies based on 24-, 96-, and 168-h time horizon are
presented and results show the global optimum solution for many consecutive days with
important reduction of execution time and by achieving a significant energy cost savings. In the
second studied problem, a comparison between the MILP model and the math-heuristic
optimization algorithm is made to demonstrate the effectiveness of the proposed model in a
smart home energy management. Simulation results illustrate that the best solution is obtained
where the TCL is considered that can adjust the temperature of the refrigerator, EWH and the
room in order to minimize the energy consumption with maintaining a minimum comfort level of
the costumer. Furthermore, the results show that the proposed optimization algorithm can obtain

a near optimal solution with strongly decreases for the computing time. In the third studied



problem, we proposed an energy management model in a smart microgrid which comprises
multiple SHs to minimize the total electricity bill of all consumers. Different scenarios are
performed by varying the number of SHs in the microgrid, the purchasing electricity cost from
the main gird and the initial SOC of the ESS where simulation results demonstrated an important

reduction between shared ESS and individual ESS.

6.2 Future Works

In this thesis, we have studied numerous problems for the energy management, control
and scheduling in smart home and microgrid, and there is several potential directions to extend
our future research in this field. The aspects that may be considered in the future are listed as

follows.

Further experiments could introduce a stochastic mathematical planning model because
the intermittent nature of RESs brings several challenges such introducing significant operational
variability and uncertainty in the system. As well, we can consider additional constraints to the
energy management problem in order to generate a more complex system. The modeling of
large-scale problem with consideration of multi-microgrid systems by joining local and

centralized EMS can be studied.

Moreover, the objective function could be modified with studying systems with multi-
objective functions while considering the environmental, economic and consumer comfort
restrictions. As well as, considering large renewable energy power plants with massive number
of smart homes; moreover, studying the communication infrastructure used to communicate

between the central controller and the considered micro-sources.
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