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Abstract

Ongoing climate change is driving the need for rapid action with ef-

fective and long-term impacts. Among the major polluting sectors,

energy used in buildings, industries, and transportation accounts for

most of the world’s greenhouse gas emissions. Electrification of these

sectors is one of the optimal solutions for the decarbonization process

by supporting the ongoing energy transition policies. Electricity genera-

tion from renewable sources and the exponential growth of the global

electric vehicle market are the key to a sustainable future. However,

despite their potential, they bear attention to their mutual integration

in order to fully understand the real benefits from energy, economic

and environmental perspectives. In addition, the possibility of two-way

energy exchange through the advent of Vehicle-to-Grid (V2G) tech-

nology defines new opportunities for integration and support to the

power grid. In the present work, optimized energy management and

control for the integration of electric vehicles with the power grid and

distributed renewable generation systems are studied. In the first part,

the emission problem, electrification of transportation and definitions

of some key concepts are introduced. Next, the integration of electric

vehicles is studied from two different perspectives. The first, partially

in collaboration with the Christian-Albrechts-Universität (CAU) in Kiel,

focuses on aspects related to power electronics and low-level control,

showing a comparison of different dual active bridge (DAB) DC-DC

converter topologies, an analysis of total vehicle charging efficiency,

and a simulation of an experimental V2G system for providing ancillary

services. The second focuses more on the management and predictive

control of energy flows for the integration of electric vehicles with

microgrids, focusing on economic and environmental aspects. In par-

ticular, it shows the implementation and experimental validations of a
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real-time control system for a photovoltaic charging station installed

at the University of Trieste, an integrated V2G system within an Alpine

ski-resort, and finally, a study related to a condominium microgrid

showing the benefits related to a group of jointly acting renewables

self-consumers.
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Abstract (Italian Version)

Il cambiamento climatico in atto ci spinge ad intervenire rapidamente

con azioni efficaci e durature nel tempo. Tra i principali settori in-

quinanti, l’energia utilizzata negli edifici, nelle industrie e nei trasporti

è causa della gran parte delle emissioni di gas serra a livello mondi-

ale. L’elettrificazione di questi settori è una delle soluzioni ottimali per

il processo di decarbonizzazione supportando le politiche della tran-

sizione energetica in corso. La produzione di energia elettrica da fonti

rinnovabili e la crescita esponenziale del mercato dei veicoli elettrici

a livello mondiale sono la chiave per un futuro sostenibile. Tuttavia,

nonostante il loro potenziale, portano l’attenzione sulla loro reciproca

integrazione al fine di comprendere a fondo i reali vantaggi dal punto

di vista energetico, economico ed ambientale. Inoltre, la possibilità

di scambio energetico bidirezionale grazie all’avvento della tecnologia

Vehicle-to-Grid (V2G) definisce nuove opportunità di integrazione e

supporto alla rete elettrica. In questo lavoro, vengono studiate la ges-

tione energetica e il controllo ottimizzato per l’integrazione dei veicoli

elettrici con la rete elettrica e i sistemi di generazione rinnovabile dis-

tribuita. Nella prima parte viene introdotto il problema delle emissioni,

l’elettrificazione dei trasporti e le definizioni di alcuni concetti chiave.

Successivamente, l’integrazione dei veicoli elettrici viene studiata da

due diversi punti di vista. Il primo, in parte in collaborazione con

la Christian-Albrechts-Universität (CAU) a Kiel, si focalizza su aspetti

legati all’elettronica di potenza e al controllo di basso livello, mostrando

un confronto tra diverse topologie di convertitori DC-DC dual active

bridge (DAB), un’analisi sull’efficienza totale di ricarica del veicolo e la

simulazione di un sistema V2G sperimentale per la fornitura di servizi

ancillari. Il secondo invece si concentra maggiormente sulla gestione ed

il controllo predittivo dei flussi energetici per l’integrazione dei veicoli
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elettrici con microreti, focalizzando l’attenzione su aspetti economici

ed ambientali. In particolare, viene mostrata l’implementazione e la

validazione sperimentale di un sistema di controllo real-time per una

stazione di ricarica fotovoltaica installata presso l’Università di Trieste,

un sistema V2G integrato all’interno di uno ski-resort Alpino ed in-

fine, uno studio relativo ad una microrete condominiale che mostra i

vantaggi legati ad un gruppo di autoconsumatori che agiscono colletti-

vamente.
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1Introduction

Interest in renewable generation and decarbonization of energy systems

is of paramount importance in reducing the effects of ongoing climate

change. There are several solutions that can be implemented with the

aim of countering the increase in greenhouse gas emissions. One of

these is the electrification of transportation sector, whose current burden

in terms of emissions is considerable. However, the sector accounts for

the least contribution to the use of renewable energy which integration

would lead to lower electricity purchase costs and increases power grid

independence. For these reasons, the introduction of electric vehicles

has opened up new avenues in the research field for this technology.

In order to better manage the integration with the renewable energy

production systems and to reduce the losses during their connection, it

is necessary to develop intelligent components and control systems that

allow both to increase their efficiency and to optimally manage energy

flows while taking into account economic and environmental aspects.

Moreover, recent technologies allow not only the mere vehicle charging

but also the use of the energy stored within the vehicle battery as a real

storage system that, when connected to the power grid, can be used

as an energy generator to power local loads or provide the so-called

ancillary services to the public grid by vehicle-to-grid (V2G) technology.

In order to understand the best way to manage energy flows within the

grid, it is necessary to study the problem vertically and holistically.

Based on the above, we can pose the following questions that motivated

the study of the following work:

(Q1) In which ways can electric vehicles be integrated into the

current electric system and what are the challenges to be

considered?
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(Q2) Which energy management strategies can be exploit and which

objectives can be achieved in systems that integrate electric

vehicles?

With the aim of answering these questions, this work presents the study

and experimental implementation of energy control and management

strategies for integrating electric vehicles with the power grid. Experi-

mental validations of this work have been developed at the University of

Trieste and at the Christian-Albrechts-Universität (CAU) in Kiel, leading

to outcomes that resulted in several research publications.

The structure of this work is organized as follow.

In Chapter 2, a general discussion on global emissions, solar energy

and transport electrification is proposed. Then, a literature review on

EV integration with renewable energy is analysed through the defini-

tion of several concepts such as vehicle-to-grid, nanogrids, and energy

management systems (EMSs).

In Chapter 3, the first goal is to study the integration of electric vehicles

from the bottom level. First, the typical charging configuration of an

electric vehicle with one type of DC-DC converter (DAB) is introduced,

comparing two different topologies from the perspective of electrical

performance and issues. Taking advantage of the interfacing of the

converter and the vehicle battery, the efficiency of the overall system

during its operation is studied, comparing different charging strategies

in vehicle-to-grid (V2G) applications, and a new charging strategy that

always operates at maximum efficiency is implemented. Finally, the

design and simulation of a V2G system is examined in order to provide

support to the electric grid through active and reactive power exchange.

In Chapter 4, the second goal aims to study the high-level problem of

managing energy flows within the grid to which the vehicle is connected

by taking into consideration photovoltaic generation, dedicated storage

systems and user constraints. To this end, an MPC-based real-time

energy management system that takes into account uncertainties on

charging station variables is proposed and experimental results of its

application on the "Photovoltaic-based charging station" installed at the

University of Trieste are provided. Then, a V2G system is proposed in

order to minimize the cost and environmental impact in an Alpine ski-
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resort, studying different future scenarios based on a model of electric

vehicle growth in future years. Finally, given recent developments

on renewable energy communities, the implementation of an MPC

controller along with an artificial neural network (ANN) predictor in a

group of jointly acting renewables self-consumers (JARSCs) is studied

by examining the results from economic, energy and environmental

perspectives.

In the last chapter, a general discussion on the results obtained is

presented and conclusions are drawn.
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2Electric vehicle technologies and
their integration

Global climate change is today’s problem. Increased human emissions

of greenhouse gases are altering the Earth’s climate, which is already

having a significant impact on the environment. The solutions are

there but as a first step it is essential to know the problem in order

to understand how to fight it. In this context, it is appropriate if not

imperative to understand which sectors pollute the most, what is the

potential for improvement, and how we can use this information to

develop new strategies and solutions to at least mitigate the issue to

help the environment and our lives.

2.1 Greenhouse gas emissions: a matter of energy
The contribution of estimated greenhouse gas emissions of various

economic sectors for 2019 is shown in Figure 2.1 when global green-

house gas emissions were 59 billion tons of CO2eq [1]. Two counting

methods are used to distinguish between estimated emissions. Direct

emissions, which include emissions from owned or controlled sources,

and indirect emissions, where emissions associated with electricity and

heat generation are reallocated to the sectors where this energy is con-

sumed [2]. From the left-side stacked bar, it is quite easy to note that

the energy sector, which includes electricity & heat and other energy,

is where most of the emissions come from (almost 33% of the total).

This is composed of several subcategories such as energy for industry

(43%), energy for buildings (46.9%) (both commercial and residential),

energy for transportation (1.6%) and other energy systems (8.5%).

Most energy systems emissions are associated with the power sector, i.e.

coal, gas and other plants that produce electricity and heat. The remain
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Figure 2.1: Direct versus indirect global GHG emissions. The stacked bar on
the left shows total global GHG in 2019, split by sectors based
on direct emissions accounting. The reallocation of electricity
and heat sector increases the contribution to global emissions
from the industry and building sector. The stacked bar on the
far right indicates the shares of subsectors in GHG when indirect
emissions are included. Percentages may not add up to 100 across
categories due to rounding at the second significant digit

emissions belong to industry (24%), the agriculture, forestry and other

land uses (AFOLU) sector (about 22%), transport (15%), and buildings

(5.6%).

The electricity & heat subsector can be reallocated to consuming sec-

tors as indirect emissions, thus highlighting the importance of energy

demand as a driver of global climate change. Reallocation of indirect

emissions is particularly important for the buildings and industry sec-

tors, where some of the energy consumed is produced on-site (e.g., in

gas-fired boilers), but a good portion also comes upstream from power

plants through electricity consumption. From this perspective, the rela-

tive importance of the industry and buildings sectors jump dramatically,

from 24% to 34%, and 5.6% to 16%, respectively.

For the decarbonization process to be effective, it is not possible to

focus only on certain sectors but rather a synergistic approach is needed

from all sides: therefore, the solution is certainly not unique. Rela-

tive to the energy in the industrial sector, the metals (iron and steel)

production is of particular impact. Its decarbonization is made diffi-

cult by the persistent global demand for steel and the limitations on

techno-economic options for making the sector low-emission [3]. De-
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spite this difficulty, several studies develop innovative energy modeling

and control methods for the main players in steelmaking, electric arc

furnaces (EAF). Solutions to mitigate emissions in this sector range

from energy recovery, optimization of the melting process, and control

of the furnace through power supply based on electronic converters

rather than transformers [4–8]. Moreover, leading industries are de-

veloping test facilities to reduce emissions through renewable energy

[9]. The category related to other industry also has a significant impact.

These emissions come from the paper and pulp sector, food and tobacco

processing, industrial sources of fluorinated gases, and other generic

industries.

The AFOLU sector and its emissions impacts are closely tied to global

supply chains. A variety of land-based carbon fluxes make up these

emissions, including: (a) deforestation (e.g. the clearing of natural

vegetation for agricultural purposes); (b) transformations between crop-

lands and pasture; (c) peat drainage and burning; (d) wood harvesting;

(e) the regrowth of forest and other natural vegetation after agricultural

abandonment and harvest; and (f) soil CO2 flux due to grassland and

cropland management [2].

Regarding the energy sector, we find the emissions related to the energy

for buildings. This is divided in non-residential and residential with

an impact of 5.9% and 11%, respectively. Also in this area, research is

advancing dramatically by seeking effective solutions to consumption

reduction and optimization in both design and operational phases for

both electrical and thermal sources. In [10, 11], a study of possible

decarbonization scenarios for the U.S. residential sector is proposed.

The results show that electrification of residential consumption would

lead to a drastic reduction in emissions following, however, a drastic

refurbishment of current homes and a simultaneous decarbonization of

electricity generation. Among different solutions, a techno-economic

comparison on different technologies for decarbonization in residential

buildings is proposed in [12]. Here again, the importance of electrifi-

cation and the use of renewable energy is shown, but it is emphasized

that the structure of the power grid will need significant funding and

incentives will be required for switching to low-carbon technologies.

2.1 Greenhouse gas emissions: a matter of energy 7



In the non-residential field, however, the progress in decarbonization

of commercial buildings over the past 20 years is analyzed in [13]

by showing that the emission trend is continuously decreasing due

to the decarbonization strategies implemented. Increased renewable

energy generation (especially building-integrated), increased building

efficiency, and reduced energy losses [14] will be required for further

decarbonization and the realization of carbon neutrality. In [15] several

commercial building electrification strategies are analyzed where the

great potential of this approach in saving energy and reducing emissions

is shown. However, the key issue falls on supporting decarbonization

policies such as incentives and taxes on emitted carbon.

In recent years, these sectors have driven a turnaround regarding

electricity generation due to the strong increase in photovoltaic power

generation. Photovoltaic power generation grew by a record value of

179 TWh in 2021, increasing by 22% over 2020, and remaining the

third largest renewable technology behind hydro and wind. These

results, however, can be attributed to three different types of plants.

Specifically, out of the total 2021 growth over 2020, utility-scale plants

are responsible for 52% of the 2021 growth, followed by residential

(29%) and commercial-industrial (19%).

Figure 2.2 shows the global installed PV capacity from 2010 to 2021

highlighting the share in different sectors. All these have experienced

less and less growth on average during the entire period. However, in

recent years, the residential sector has been growing again thanks to

sustainability and incentive policies to counter the energy crisis and

speed up the energy transition. More specifically, the PV residential

growth in 2019, 2020 and 2021 was 29%, 38% and 40%, respectively.

However, by 2030 two to four times the current value is expected

to be installed to reduce carbon emissions depending on uncertainty

regarding future decarbonization scenarios [16]. Thus, further growth

is also expected in the other two sectors.

This development has led to two important changes. The first is related

to the radical change in the management of electricity in different

countries, which now has to take into account the variability of the

power produced by non-controllable sources (photovoltaics and wind

power). The second is related to the type of production, no longer
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Figure 2.2: Photovoltaic power capacity for each sector from 2010 to 2021.

localized to only large generating plants but now distributed over the

country by many plants of different sizes.

In conclusion of the analysis of polluting sectors, the transport sector

impacts almost as much as the entire building sector. Road transport

has the highest percentage of emissions (10%), followed by the aviation

(domestic and international) (0.7% and 1.1%), international and inland

shipping (1.3% and 0.3%), and to an almost negligible extent the rail

transport (0.4%). Focusing on the road transport sector, almost 60%

can be attributed to passenger transport and the remainder to freight

transport [17]. It can therefore be understood that assuming total elec-

trification of transport alone there is a large margin for reduction. For

these reasons, the European Commission has stated a goal of reducing

greenhouse gas emissions from transport by 20% before 2030 compared

to 2008 and 60% before 2050 compared to 1990 [18]. Accelerating

the use of low-emission alternative energy for transportation, especially

electricity, and removing barriers to the electrification of transportation

are two key components of this approach.

2.2 Growth in electrification of transport
The opportunity for electrification of the transportation sector appears

to be the one with greater possibilities than the actions available in

the building or industrial sectors [19], although action can be taken

2.2 Growth in electrification of transport 9



on multiple fronts in the three emission categories. For this reason,

many governments have encouraged the adoption of electric vehicles

through incentives and subsidies. However, decarbonization of elec-

tricity generation plays a key role in combination with electric vehicle

deployment. Indeed, there is a fine balance between the emissions

saved by vehicles and those generated through conventional electric

generation for their electrification [20]. Nevertheless, the electrification

of transportation faces several technical, social, and economic barriers

to its growth. These can be vehicle cost, driving range, medium to long

charging times, and lack of adequate charging infrastructure. Of these,

the last is the most important for those considering switching to electric

[21]. Despite these factors, electric mobility is growing steadily [22].

While this expansion is promising for the decarbonization of the sec-

tor, worries about the potential consequences, such as those related to

mined mining materials, are raising [23–26]. There are different types

of vehicles that can be electrified which fall into two main categories:

light duty vehicles (LDV) such as car, and heavy duty vehicles (HDV)

such as trucks and buses.

Figure 2.3 shows the global light-duty EV stock in China, Europe,

United States and other countries1 from 2010 to 2022 H1 (first half).

As can be seen, the growth is significant year on year, especially in

2021 where a decrease was expected due to the Covid-19 pandemic.

Sales of electric cars, including battery electric vehicles (BEVs) and

plug-in hybrid electric vehicles (PHEVs), increased in 2020 despite a

weak automotive industry, and they increased again to 16.4 million in

2021 with 7.8 million of those sales occurring in China and 5.5 million

in Europe. A total of 4.3 million new BEVs and PHEVs were delivered

during the first half of 2022, an increase of +62% compared to 2021

H1. Thus, more than 20.5 million electric cars are now on the road, two

times as many in just two years. By the end of 2022, a total number of

nearly 25 million EVs in operation are expected.

This trend is mainly due to the acceleration to policies and incentives

from all major countries. China is the fastest growing because of

1Other includes Australia, Brazil, Canada, Chile, India, Japan, Korea, Malaysia,
Mexico, New Zealand, South Africa and Thailand. Europe includes the EU27,
Norway, Iceland, Switzerland and United Kingdom.
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Figure 2.3: Global electric car stock, 2010-2021

government efforts to accelerate decarbonization by extending subsidies

for electric car purchases for two more years due to the pandemic.

Europe is also taking action in this context by growing sales by 65% in

2021. Among all countries, Norway has the largest share of electric car

sales (86%) followed by other northern countries such as Iceland (72%),

Sweden (43%), Netherlands (30%) and Germany (26%). In Italy, in

2021 electric cars had an annual market share equal to 9.3%, steadily

growing although at lower growth rates compared with the neighboring

countries such as Austria (20%), Switzerland (13%), France (19%) or

Germany (26%) [27].

Regarding the HDV category, the number of 2021 registrations grew in

all three world regions. In particular, more growth was noted in the

sale of electric buses than trucks. So far, only 4% of the global bus fleet

is electric and only 0.1% of the truck fleet. China still dominates the

economics of the heavy-duty electric sector for both buses and trucks. In

Europe, sales of electric buses can be attributed to municipal or regional

policies for zero-impact projects. Different powertrain technologies

have been developed for this sectors. In [28] a comprehensive analysis

of the HDV powertrain technologies’ operation, performance indicators,

and most recent advancements is discussed where it is shown that

electric and hydrogen technology will develop slowly by removing

2.2 Growth in electrification of transport 11



barriers such as cost and infrastructure. The potential of HDV transport

electrification for a case study in Switzerland is analyzed in [29], taking

into account network capacity, weight constraints and the possibility of

using battery swapping stations.

2.3 Electric mobility: more than just driving
The electric mobility is set to play an important role in achieving the

European commission’s goals for three reasons. The first concerns

the inherent efficiency of electric powertrains which are significantly

more energy efficient than conventional ones. Second, the energy for

charging can directly use energy from renewable sources available

for transportation and thus easily interface with current residential

and non-residential technologies. Third, the connection of vehicles to

the power grid allows its stabilization through the batteries of electric

vehicles through a bidirectional connection [30]. In fact, we are used

to thinking that an electric vehicle can only charge through the grid for

the purpose of driving. However, we forget that when connected to the

grid, the vehicle has a high-capacity battery that could be harnessed for

purposes other than driving through bidirectional functionality.

This concept is named Vehicle-to-Anything (V2X), a term that explains

the use of the electric vehicle battery to provide energy services and

derive additional value from the battery asset during times of non-use

[31]. There are several technologies for this purpose, which differ

depending on the type of interface that is established with the vehicle.

The most attractive are vehicle-to-home (V2H), vehicle-to-vehicle (V2V)

and vehicle-to-grid (V2G) [32–36].

With the mentioned technologies, the vehicle becomes bidirectionally

controllable and thus can be leveraged to achieve certain purposes and

benefits. For example, the owner of an EV might decide to discharge

it toward household loads during the highest tariffs periods during

the day to minimize the total cost or might decide to maximize self-

consumption in the case of integration with a residential PV system.

Looking at it more widely, vehicles parked in a large parking lot could

be seen as one large aggregate storage system to provide services in

support to the grid.
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The V2H concept shows that a vehicle can be connected to a home

grid for charging or discharging and thus can provide power to small

household loads and integrate with small-scale distributed genera-

tion systems. In [37], the usage of V2H is studied to evaluate the

self-consumption improvements in a PV-based residential scenario by

comparing optimization and rule-based algorithm. In [38] an energy

optimization strategy considering renewable energy generation, energy

storage and an electric vehicle is studied to optimally handle costs

and user constraints. A combined V2H and vehicle-to-building (V2B)

strategy is analysed in [39] where results show that peak power, energy

costs and greenhouse gases emissions are reduced. An optimal EV

battery management considering a residential scenario with PV plant,

household loads and both thermal and cooling system is consider in

[40] by using a Monte Carlo approach to evaluate different EV driving

patterns. From a lower level of control, in [41, 42] other advantages

and operation modes of V2H are studied by using electric vehicles as

uninterruptible power supply (UPS) by protecting home appliances

from power grid outages.

The V2V concept, on the other hand, exploits the possibility of sharing

energy between vehicles within a local energy community. By doing

so, it is possible to keep energy within the local power grid without

requiring energy from the local public grid. A fair number of papers

can be found on the subject. In [43] the V2V concept is exploited in a

local PV-BESS charging station between donor and acceptor EV clients

in order to reduce the load on the public grid and optimize recharging

costs. In [44] the V2V concept is exploited on a larger scale to develop

an energy exchange market to decrease costs and impact on the public

grid. An holistic energy management system is proposed in [45] for

a V2V energy sharing strategy by considering user satisfaction, social

welfare and costs.

In contrast, the concept of V2G refers to the integration of electric vehi-

cles with the public grid for the purpose of providing support services

through a large number of connected vehicles. These services are called

"ancillary services" and can be requested by the grid operator itself [46].

Some examples may be active and reactive power exchange, frequency

and voltage regulation, harmonic suppression or simply peak-shaving
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and load-leveling. Several works can be found on this concept with

different applications like energy management systems for cost opti-

mization [47–50], peak shaving [51–55], reactive power compensation

[56–58], frequency regulation [59–64] and CO2 minimization [65].

In most of these works, a key aspect related to the battery utilization of

the vehicle itself arises. In fact, from a techno-economic point of view

it must be taken into account that even if on the one hand the vehicle

is available in providing different types of services, on the other hand

it must be considered how much the battery degradation affects the

useful life of the vehicle. Thus, it is useful to find a trade-off between

benefits and degradation. Different battery degradation models with

several approaches are studied in literature [66–70]. These patterns

are then leveraged in V2X strategies to minimize battery degradation

while still optimizing the user’s needs and constraints, and the services

to the grid [71–77].

When referring to the grid, it does not always refer to the public grid

but rather to any portion of the electrical system to which the user is

connected. In fact, as we have seen, the different technologies that

belong to V2X also differ in the scale of the system. Starting with the

concept of V2H, it was possible to characterize the smallest scale of the

vehicle-to-grid interaction system in the residential sector.

2.4 Energy management solutions
The use of renewable resources and distributed generation are now

fundamental parts of the electricity system. The policies of many

countries promote the installation of renewable distributed generation

systems in order to speed up the ongoing energy transition as well as

energy storage units to increase their independence from the public

power grid. In the period in which we are living, driven by a strong

political unrest and energy crisis that steers the strong variability of

prices, the installation of a PV system becomes an attractive cost-saving

alternative for many consumers. The installation of these systems,

the use of energy storage facilities, and the integration with different

types of loads such as electric vehicles has driven a new concept of the

electricity grid formed by many small-scale local generation networks

exchanging power and information. The use of these approaches has
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rapidly led to the definition of a new structure of innovative grids called

nanogrids.

A nanogrid is defined as a power distribution system for a single house-

small building, with the ability to connect or disconnect from other

power entities via a "gateway." It consists of local power production

powering local loads, with the option of utilizing energy storage and/or

a control system [78]. In this case, the "gateway" defines a two-way

power connection to an electrical entity external to the nanogrid such

as another nanogrid or the public grid. This gateway may include a

communication line for information exchange. Differently, when several

nanogrids are connected together they are referred to as microgrids

and this defines a clear boundary between the definitions.

However, it is possible to combine these two entities under one cap if we

consider that both allow the control of internal energy flows and, if any,

the control of the storage system. The possible control actions on these

flows present an important opportunity in a great number of aspects

related to the economic, environmental and service side towards other

connected electric entities [79].

For this purpose, it is therefore necessary to implement an energy man-

agement strategy that autonomously decides on the exchange of energy

flows while meeting the constraints and uncertainties of the system.

To solve this problem, we can rely on so-called energy management

systems (EMS), tools used to monitor, control, and optimize the per-

formance of an energy system. EMSs can be classified in different

classes based on the control methods used [80–82]. A common clas-

sification divides EMSs in two major classes, rule-based (RB) control

and optimization-based (OB) control. The former is based on rules

dictated by human experience, engineering knowledge, or intuition

that can be implemented through different approaches. The second, on

the other hand, is based on analytical or numerical operations capable

of minimizing a given cost function through future knowledge of given

energy flows. We therefore understand that appropriate estimation

or prediction of the production or load of the power grid can lead to

performance improvements because it is possible to act in advance on

2.4 Energy management solutions 15



the evolution of the system. Several papers related to EMS classification,

methods and control system can be found in [79, 81, 83–85].

Regarding the forecasting aspect, the natural fluctuation and uncer-

tainty of the variables related to an electrical network are two major

problems to overcome in order to optimally manage the entire system.

Forecasting strategies to handle the stochastic nature of renewables

and the fluctuating energy demand of connected loads are emerging as

enabling technologies for future systems, with special regard to house-

hold and residential applications. Furthermore, it is also necessary to

predict economic variables such as the price of buying or selling elec-

tricity. With the integration of rooftop solar PV along with BESS and

EV, an economic and efficient operation of the whole system becomes

extremely challenging, as suitable prediction of energy demand and

availability is needed. It is therefore clear that EMS performance is tied

to the accuracy of predictions.

Form an energetic point of view, the variables that most need to be

predicted are the power generated by the renewable system and the

electricity consumption during the day. These in fact are the two main

variables that govern the exchange of energy with the storage system

and/or the power grid.

Photovoltaic power forecasting in the literature can be classified based

on different aspects such as forecast horizon (short, medium and long-

term), historical data and forecasting methods [86, 87]. Different

forecasting methods such as physical, heuristic, statistical and machine

learning are commonly used in PV power forecasting. These can be

broadly classified based on two macro approaches: physical and data-

driven approach. The physical approach requires prior knowledge

of PV material properties and the metadata of a PV system, together

with the need of weather data such as temperature, wind velocity,

irradiance, etc.. [88]. The data-driven approach needs operational

data to train/calibrate the model coefficients, which then generates the

predictions. As a result, a data-driven method can only be used if a

specific PV module or system has been exposed and sufficient data has

been gathered to train and calibrate the models.
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Physical models calculate the PV power using the equivalent electrical

circuits. A considerable amount of works can be found in the litera-

ture regarding the estimation of model parameters [89–92] and their

performance comparison [93–96]. Data-driven methods can be clas-

sified in heuristic methods, statistical methods and machine learning

methods. The accuracy of the historical data is perhaps the most crucial

component of such a forecasting approach. Among them, machine-

learning methods are the most studied in recent years because of their

accuracy, reliability and non-linear modeling. Artificial neural networks

(ANN), long short-term memories (LSTM), random forests (RF) and

other well-liked forecasting models are frequently employed in solar

power applications as shown in [97]. The most fundamental machine

learning architecture is an ANN. Similar to the neurons in the real brain,

a group of connected artificial neurons forms the foundation of an ANN,

and each connection can send signals to neighboring neurons. More

details on this aspect will be further analysed in Section 4.4. Several

works related to PV prediction are available in literature [98–105].

Load forecasting is the predicting of electrical power required to meet

the different forecast horizons demand. For energy providers and other

actors in the production, transmission, distribution, and markets for

electric energy, load estimation is crucial. For this reason, accurate

models for electric power load forecasting are necessary to optimally

manage the operation of any electrical systems. Forecasting methods for

load consumption are the same already mentioned for the photovoltaic

production forecast. However, the complex nature of loads makes the

forecasting process a demanding task. First, because the load series is

complex and exhibits several levels of seasonality. Secondly, because

there are many important exogenous variables that must be considered,

specially weather related variables [106]. Some load consumption

forecasting with different approaches and methods can be found in

[107–110].

From an economic point of view, electricity price prediction can also

be advantageous so as to minimize the total cost of purchase and max-

imize gains from possible sale. At the market level, price prediction

is an important factor for electricity market participants because it

influences decisions about power plant operations. As we can expect,
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Table 2.1: Life cycle CO2 emission factors [gCO2eq/kWh] from electricity
production technologies according to IPCC 2014 [117].

Production type Min. Median Max.

Coal 740 820 910
Gas – combined cycle 410 490 650

Biomass 130 230 420
Solar PV – Utility scale 18 48 180

Solar PV – rooftop 26 41 60
Geothermal 6.0 38 79

Concentrated solar power 8.8 27 63
Hydropower 1.0 24 2200 2

Ocean (Tidal and wave) 5.6 17 28
Wind Offshore 8.0 12 35

Nuclear 3.7 12 110
Wind Onshore 7.0 11 56

non-stationarity, non-linearity and high volatility are constant charac-

teristics that are highly dependent on production and consumption.

Several papers on electricity price forecasting can be found in [111–

116].

Going back to the discussion in Section 2.1, electrification of consump-

tion is one of the main strategies to start a decisive decarbonization

process. However, the electricity grid must also play its role by lowering

the amount of CO2 emitted due to electricity production. Every country

in the world produces electricity based on the availability of different

energy sources and based on technical and economic constraints. For

example, during a sunny day, photovoltaic production will increase and

there will be a proportional decrease in another type of production so

as to balance consumption and exports. As a result, CO2 emissions

from electricity production are strongly dependent on source types and

total consumption. Each type of production is thus characterized by a

certain amount of CO2 emitted for each ton of fuel consumed or, more

easily, for each unit of energy produced.

Table 2.1 shows the so-called emission factors that give an indication of

the environmental impact for electricity production for each source.

2Dams affect the natural carbon cycle in freshwater ecosystems through floods of
terrestrial vegetation and soils. The flooded organic matter decomposes causing
additional GHG emissions, especially in the first years after the reservoir creation.
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As can be seen, electricity production from fossil fuels has very high

emission values compared to renewables. Note that these, although

they do not emit any emissions during operation, contribute even if

marginally through the processes of materials manufacturing, construc-

tion, operation and maintenance, and decommissioning in a life-cycle-

assessment (LCA) approach [120].

Through a simple weighted-average calculation, it is possible to obtain

an average value of CO2 emissions for each kWh of electricity produced,

typically called carbon intensity defined as [121]:

CIavg =
∑

(Ei · CRi)∑
Ei

(2.1)

where Ei is the electricity generated (kWh) by a source i and CRi is

the carbon-emission rate (or CO2 emission factor) (g/kWh) for that

source. In this regard, numerous projects for determining and calculat-

ing carbon intensity were born in recent years [122–125].

In Italy, the share of electricity that comes from renewable energy is

close to 40%, but the rest comes from other fuels such as biomass, coal,

natural gas, oil, and hard coal that cause higher CO2 emissions [126].

The carbon intensity profile for the northern Italian electricity market

zone (ITA-NORD) of 2019-2020 is shown in Fig. 2.4. Besides the high

frequency daily variations that mainly depend on the variability of

renewable energy sources, it is possible to clearly notice a slower trend

caused by many other factors including energy demand. In particular, a

rapid decrease in CO2 emissions can be seen just after mid-December

2019 before growing again in early 2020. This behavior is due to an

abnormal increase in seasonal temperatures with unusually sunny days

that have led to a drastic reduction in electricity demand and conse-

quently in energy production from fossil fuel sources which have the

highest emission factors among all the production types. This confirms

the relevance of multiple factors (i.e. temperature, solar radiation,

pandemics, etc..) that jointly influence the optimal management of any

energy system.

Flooding can also increase sedimentation and decomposition in the reservoir, due
to longer water residence times, which can lead to higher GHG emissions. [118,
119].
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Figure 2.4: Carbon intensity variation during 2019-2020 for the IT-NO elec-
trical sector with 1h resolution

A fair amount of papers regarding the calculation of emission factors,

carbon intensity, and its prediction can be found in the literature [127–

132].
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3
A low-level approach to EV
integration

3.1 Introduction
The integration of electric vehicles with the current distribution system

needs to start from the bottom level, studying possible charging config-

urations from the power electronics point of view to achieve optimum

efficiency and operation performance.

In the following sections, three different studies related to the integra-

tion between dual-active bridge (DAB) converters, batteries and the

power grid are shown.

In Section 3.2, a study on two different topologies of DAB, single-phase

and three-phase, is introduced, comparing the two converters from the

point of view of losses, current stresses and filter sizing [133].

In Section 3.3, the efficiency aspect is taken to the next level by also

including the vehicle’s internal battery losses. A study is presented

showing the total efficiency of the system consisting of DAB converter

and battery and the existence of an optimal charging trajectory to

minimize losses [134]. Furthermore, based on this, in Section 3.4 a

real-time controller is proposed for tracking the maximum system effi-

ciency during the charging process [135]. The experimental validations

performed at the Christian-Albrechts-Universität in Kiel in collaboration

with the University of Trieste are shown and analysed.

Finally, Section 3.5 describes the V2G system under development at

the University of Trieste along with a PLECS-simulated model of its

operation in order to provide V2G services [136].
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3.2 A comparative study of single-phase and
three-phase DAB topology

Bidirectional converters enable vehicle-to-grid (V2G) operations in elec-

tric vehicle (EV) charging stations. In this context, dual-active bridge

(DAB) DC-DC converter is a preferable solution due to galvanic isola-

tion and reduced volumes compared to other systems. Single-phase

DAB (1ph-DAB) and three-phase DAB (3ph-DAB) topologies are usually

compared in terms of efficiency and performances with the same rated

power. Conversely, this study focus on a comparison concerning device

losses and stresses, medium-frequency transformer (MFT) design and

capacitor filter sizing for the same power per phase, considering DABs

and batteries coupled in a V2G application. Thereby, the impact of

the battery state-of-charge (SoC) variation relative to the grid-side DC

voltage is studied. The 1ph-DAB consists of two identical primary and

secondary side full-bridges connected together by a high frequency

single-phase transformer. The 3ph-DAB consists of two identical pri-

mary and secondary side three-phase half-bridge converters connected

together by a high frequency three-phase transformer. Theoretical anal-

ysis and simulations results reveal that, in some respects, 1ph-DAB

performance is superior to that of the 3ph-DAB with the proposed

comparison approach. While, the main advantage of 3ph-DAB over

1ph-DAB is the reduced size of filter capacitors.

3.2.1 Motivations
Gas emissions restrictions and increasing air pollution suggest that

other transportation technologies should be exploited leading to the

future loss of oil’s role. Nevertheless, conventional vehicles account

for most of the global mobility fleet. EVs integration can bring several

advantages related to energy sustainability such as decarbonization and

renewable energy integration. A relevant aspect is related to charging

stations distribution and charging time, which greatly influences the EV

penetration. When EVs are connected to the grid, battery charging has

always been the main target. However, new opportunities are investi-

gated for grid support, called V2G technologies [137]. In this context, it

is necessary to design highly efficient systems that provide high power

levels as powerful DC solutions [138–140]. DAB converter is one of the
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most popular converter for bidirectional power flow functionality given

its high-power density, high efficiency and galvanic isolation [141, 142].

Two topologies are mainly used in the development of a bidirectional

DC-DC bridge converter: single-phase and three-phase DABs. However,

other several topologies and multi-phase structures are investigated

with particular interest [143, 144].

3.2.2 Related literature
In the existing literature, 1ph-DAB and 3ph-DAB performances are

usually unfairly compared from the system utilisation perspectives (i.e.

same rated power), leading to the 3ph-DAB outperforming the 1ph-DAB

in terms of lower device losses, lower current harmonic content and

capacitor size [145, 146]. Nevertheless, a more proper and comprehen-

sive study is shown in [147] where the two topologies are compared

with the same silicon area for low-voltage high-current applications.

However, the paper focuses on an on-board charger that connects the

LV battery to the internal HV-DC bus while the proposed study aims

to analyse an off-board charging station solution for direct charging

of the existing higher voltage batteries considering V2G applications.

Furthermore, the cited efficiency analysis does not accurately consider

the MFT losses nor its design. Analytical calculations on filter capacitor

sizing are not shown and the gate driver losses are not included in the

study. For this reason, considering the higher capability of 3ph-DAB

compared to 1ph-DAB, the proposed comparison approach involves

analysing the two topologies for a nominal power level related to the

actual difference in the switching legs of the converters. Doing this,

the 3ph-DAB is not favored. The study includes devices and gate driver

losses, MFT design and capacitor sizing where all these aspects are

considered with different battery voltages in order to estimate DAB’s

losses as a function of different EV state-of-charge. This, supported by

the ever-increasing studies on DAB and batteries integration as well as

the impact of output voltage variations on converter losses [148].

The study of DAB converters and their use has been of great interest

especially with the advent of renewable energies and in storage systems

given the strong need for bi-directional energy flows together with

galvanic isolation. This type of converter is used in many applications
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where power density, cost, weight and reliability are key factors. Some

applications can be UPSs, recharging systems, photovoltaic systems and

applications related to traction in electric mobility in both the road

and aviation sectors [149, 150]. The design of these converters is

of crucial importance in order to achieve high efficiency values and

optimise the converter characteristics. Although the purpose of this

thesis goes beyond this aspect, it is nevertheless intended to provide

useful references on the design of these converters to the interested

reader [151–155].

3.2.3 Single-Phase and Three-Phase DAB Comparison

The detailed structures for 1ph-DAB and 3ph-DAB are shown in Fig.

3.1. Both converters consist of two back-to-back bridges connected

together by a transformer and a series inductance. Its operation is

based on the exchange of active and reactive power between two alter-

nating voltage sources, which is regulated through the relative phase

shift between them. As it is well known, as the active power is mainly

defined by phase shift, the reactive power is exchanged in relation to

voltage source amplitudes. This means that, especially under unbal-

anced voltage conditions such as EV batteries charging and discharging

process, current stresses and losses must be carefully assessed. Several

modulation techniques with different purposes are developed in litera-

ture although only single phase-shift (SPS) modulation is considered

in this study. More details on DAB operations can be found in [141]

for both topologies. Since the aim is to compare the converters for the

same power per switch, the design rated power must be chosen with

appropriate values. More in general, given an s-phase converter with

Figure 3.1: Schemes for (a) 1ph-DAB and (b) 3ph-DAB
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Figure 3.2: Characteristic of (3.2) for different number of phases s which
provides the power of the s+1-phases converter (Ps+1ph

) in order
to have the same power per switch of the s-phase converter with
power Psph

.

a power Psph
and a d-phase converter with d > s, the latter is able to

provide a power Pdph
, as described in (3.1):

Pdph
=

d−1∏
M=s

M + 1
M

Psph
, ∀ 1 ≤ s < d (3.1)

where s and d are the number of phases of the first and the second

converter, respectively. A particular form of (3.1) can be defined for

consecutive number of phases (d = s + 1) as shown in (3.2):

Ps+1ph
=
(

s + 1
s

)
· Psph

(3.2)

Figure 3.2 shows the characteristic of (3.2) for different number of

phases s which, given the power of the s-phases converter Psph
, defines

the the power of the s + 1-phases converter Ps+1ph
in order to have the

same power per switch. The two nominal powers of the proposed DABs

are highlighted by the red mark and the converters specifications are

listed in Table 3.1.

Specifically, the comparison approach focuses only on the DC-DC con-

verters installed and operated in an existing DC grid. Thus, no assess-

ment is made on AC grid-side rectifiers. Also, regarding a possible
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Table 3.1: DABs parameter specifications

Topology PN [kW] Vi [V] Vo [V] nT [-] Llk [µH] φmax [rad] fsw [kHz]

1ph-DAB 20 800 600-800 1:1 61.1 π/12 20
3ph-DAB 30 800 600-800 1:1 27.7 π/12 20

voltage and current imbalances in the 3ph-DAB transformer, it is as-

sumed that the design is carefully performed to avoid them.

3.2.3.1 Power Losses on the Semiconductor Devices
Conduction and switching losses are the main losses for a switching

device. These losses are estimated through simulations by varying the

normalised power from -1 to 1 [p.u.], with different battery voltage

(Vo in Fig. 3.1) to evaluate the impact of the SoC. Figures 3.3 (a)

and (b) show the ratio between 3ph-DAB and 1ph-DAB switching

and conduction losses in p.u., respectively, with different normalised

power and output voltages. Each switching device consists of a SiC-

MOSFET (Wolfspeed C2M0040120D) and its anti-parallel body-diode,

both described by the manufacturer thermal model [156]. The loss

increment in 3ph-DAB is noticeable in both cases for most conditions.

More specifically, 3ph-DAB switching losses are up to 35% higher for

specific power conditions (see V = 750 V in Fig.3.3 (a)). Conversely, for

all power conditions where no voltage mismatch occur switching losses

are up to 30% lower with respect to 1ph-DAB. It should be noted that

the results depend on the accuracy of the electrical model simulated

by the software, but above all on the accuracy of the thermal model

provided by the manufacturer.

Figure 3.3: Different comparison analysis between the 1ph-DAB and 3ph-DAB
in terms of device switching (a) and conduction (b) losses.
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Also regarding conduction losses, 3ph-DAB performs worse causing

losses to increase up to 18%. These considerations lead the 1ph-DAB

to be more suitable in case of any type of variable voltage battery

applications such as EV charging or V2G. Although gate driver losses

are usually omitted due to their feeble contribution, in this work they

are taken into account based on the model shown in [157]. Gate driver

losses contribution has been also taken into account, resulting in 50%

more losses in 3ph-DAB than in 1ph-DAB due to the larger number of

devices.

3.2.3.2 ZVS Range Comparison

The total efficiency of DAB is highly dependent on the conditions of

use. Particularly, the switching losses can worsen during hard-switching.

Input and output Zero-voltage switching (ZVS) boundary conditions can

be found by specifying particular constraints to the inductance current

as shown in [141] and [158] for 1ph-DAB and 3ph-DAB, respectively.

ZVS range is compared between the two systems to evaluate the operat-

ing range. Figures 3.4 (a) and (b) show the normalized power relative

to the rated power (solid lines) and the ZVS operating range (dashed

lines) for the 1ph-DAB and 3ph-DAB, respectively, where d = nT Vo/Vi

is the dc conversion ratio and φ the phase-shift angle. Thus, for each

value of d, the normalised power increases as the phase-shift angle

increases, following the corresponding solid curve. Taking the curve

d = 1 as an example, it can be seen that this always lies within the ZVS

Figure 3.4: Different comparison analysis between the two topologies in
terms of ZVS range for 1ph-DAB (a) and 3ph-DAB (b), respec-
tively.
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range, resulting in lower losses in both full-bridges (input and output).

The opposite is the case where d=0.75 where, due to the DC voltage

difference between input and output, the output bridge is outside the

ZVS range, increasing switching losses. As shown, the ZVS operating

range for 1ph-DAB is wider [147], allowing it to enter soft-switching

mode earlier than in the three-phase case (see d = 0.87 line as reference

example).

3.2.3.3 MFT Design and Losses Evaluation

MFTs were designed based on DABs maximum voltage mismatch and

rated power. The purpose of the transformer design is to evaluate its

losses at all operating points of the DAB in order to calculate a more

accurate overall losses than that obtained with simulations for switching

devices only. The transformer apparent power is calculated as in [141].

Considering the worst case scenario (i.e. d = 0.75 and φmax = π/12),

the apparent power equations are obtained in (3.3).

ST1ph
= 1

2ViI1RMS (1 + d), ST3ph
= 1√

2
ViI3RMS (1 + d) (3.3)

where I1RMS and I3RMS are the RMS primary current for 1ph-DAB

and 3ph-DAB, respectively. For both topologies, 3C90 Ferroxcube

E100/60/28 e-core has been used, changing the number of paral-

lel cores to meet the design specifications. Both MFTs have a fully

interleaved structure and a single layer winding. In order not to un-

necessarily increase the transformer losses, the leakage inductance is

made as small as possible preferring to include an external inductance

to obtain the design value shown in Table 3.1. Moreover, shell-type

core magnetic structure has been chosen for both MFT. A 3D sketch of

both transformers is shown in Fig. 3.5.

Winding and core losses are the two main contribution to the total losses

in a transformer. Since the MFT’s frequency is much more higher than

a line-frequency transformer, skin and proximity effects begin a crucial

aspect in the correct evaluation of the AC resistance. Usually, Dowell’s

equations are used to determined the so-called resistance factor, which

relates the DC resistance of the winding with its AC value. Following

the calculations in [159], where the effect of interleaving structure on
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Figure 3.5: The 3D structure of MFTs: a) single-phase; b) three-phase

leakage inductance and winding losses is studied, it is possible to obtain

copper losses as a function of d and φ for both MFTs.

Core losses are due mainly to two effects: eddy currents, which are

induced in the core by the time-changing magnetic field and hysteresis

losses. Steinmetz’s equation provides a simple and easy way to calculate

core losses for sinusoidal voltages. Nevertheless, this equation is not

accurate anymore with all those power electronics applications where

the voltage excitation is far from sinusoidal. For all these cases, the

Improved Generalized Steinmetz Equation (iGSE) [160] was introduced

and it is used within this design analysis. The main variables to consider

for specific core losses evaluation are the peak-to-peak value and the

time derivative of the flux density B(t) as well as the magnetic material

parameters. Using a T-model for the MFT as in [161], it is possible to

calculate the magnetic flux density integrating the voltage across the

magnetizing inductance vm as:

B(t) = 1
NAc

∫ t

0
vm(t)dt where vm(t) = vp(t) + v′

s(t)
2 (3.4)

where N is the primary winding turns number, Ac is the cross section

area of the core column and vp(t) and v′
s(t) are the primary and sec-

ondary reflected MFT voltages, respectively. In general, the magnetic

flux density peak changes mainly with the primary and secondary volt-

age values (and thus d). Many authors have studied the flux density

reduction due to blanking times [162, 163]. However, only the primary

voltage is considered while the total voltage across Lm should be used
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Figure 3.6: Different comparison analysis between the two topologies in
terms of MFT losses for 1ph-DAB (a) and 3ph-DAB (b).

to calculated the right reduction of B(t) during load operations. In this

way it is possible to evaluate the flux density reduction starting from

the no-load condition as a function of d and φ allowing to add this

losses to the winding losses and finally calculate the total losses of the

MFT.

By substituting vm(t) in (3.4) and integrating, flux density time-varying

equation and its peak value are found. At this point, iGSE equation

can be evaluated including the flux derivative over time for the entire

period T . Finally, the specific magnetic losses for 1ph-MFT are shown

in (3.5). The same consideration can be done for the 3ph-MFT.

Ps1ph
= ki

π
(2Bm)β−α

(
Vi

2NAc

)α

· [φ|d − 1|α + (π − φ)(d + 1)α] (3.5)

Figures 3.6 (a) and (b) show the MFT total efficiency for both topolo-

gies as a function of phase-shift and power factor cosϑ. Dashed lines

highlight the MFT operation points for different battery voltages. As

it can be seen, the efficiency difference between the transformers is

negligible and strongly depends on the construction topology of the

windings and the ferromagnetic core. It is worth noting that for d = 1
(no voltage mismatch), there is a share of reactive power that increases

as the phase shift increases for both cases. However, it can be shown

analytically that the slope of this curve for the 3ph-DAB is −3/(4π)
versus 1/π for the 1ph-DAB, leading 3ph-DAB to process less reactive

power for the same φ.
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3.2.3.4 Current Efforts
An important aspect of converters design is the evaluation of the thermal

limits of the switching devices and the MFT stresses. In particular,

attention must be paid to the peak and RMS value of the full load

current with mismatched voltages. For this reason, the current on Llk

is analytically calculated and compared performing a sweep analysis

of d and φ. Figure 3.7 (a) shows the percentage difference between

1ph-DAB and 3ph-DAB where it can be seen that 1ph-DAB peak currents

is up to 30% lower at high d values. As d decreases, this difference

varies up to 10% in favor of 3ph-DAB.

It is noticeable to see how the use of the three-phase topology is ad-

vantageous with regard to the peak current stress aspect for conditions

where high power demands are paired with low DC conversion ratios.

On the contrary, during all operations with low voltage mismatch, the

1ph-DAB shows a remarkable peak current reduction. RMS current val-

ues for the same working conditions are analytically calculated and the

RMS reduction of 1ph-DAB with respect 3ph-DAB is shown in Fig. 3.7

(b). The RMS current difference varies between 4% and almost 9% for

all the conditions, obtaining higher gap during low power. Despite the

small difference, this results in the conduction loss ratio values shown

in Fig. 3.3 (b), being proportional to the square of the percentage

difference.

From the single MOSFET perspective, since each device conducts only

for half period, the RMS current is calculated as 1/
√

2 times the RMS

value of the inductor current whereas the peak current is the same of

Figure 3.7: Different comparison analysis between the two topologies in
terms of peak (a) and RMS (b) current differences.
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the inductor current, for both converters. For this reason, the ratios

between 1ph-DAB and 3ph-DAB single device peak and RMS currents

are exactly the same as shown in Fig. 3.7 (a) and (b), respectively.

3.2.3.5 Filter Capacitor

In order to perform normal operations, DC/DC converters need input

and output capacitors which are designed too meet voltage ripple spec-

ifications by using the best capacitor technology for each application.

The input and output properties of power converters, as well as the

allowed maximum voltage ripple, vary depending on the converter ap-

plication. Low equivalent series resistance (ESR) and equivalent series

inductance (ESL) values and high capacitance densities are particularly

needed for filter capacitor solutions due to the tendency towards high

switching frequencies and the need for small converter volumes [164].

Electrolytic capacitors are most commonly used when high capacitance

values are needed. However, when high voltages are required, it is

more appropriate to use film capacitors due to their lower internal

resistance and higher current capability.

The purpose of this section is to analyse the worst scenario from the

point of view of battery-side filter capacitor sizing. In fact, in order

to design the filter appropriately and to meet the ripple voltage and

current constraints, the worst case (i.e. the one with the minimum

value of d and the minimum phase-shift angle) must be considered to

evaluate the maximum amount of charge variation ∆Q.

Figure 3.8: 1ph-DAB’s voltages (a) and currents (b) waveforms for capacitor
sizing calculation.
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Considering the voltage and current waveform depicted in Fig. 3.8 (a)

and (b), it is possible to calculate the electrical charge ∆Q accumulated

during the capacitor charging process (blue shadowed area) as in (3.6),

where IB is the output bridge current, IC is the capacitor current and

IL is the battery current.

∆Q = ∆V · C = ∆ϑ

2 · ∆I = ∆ϑ

2 · IC(φ), IC(φ) = IB(φ) − IL (3.6)

In order to calculate the angle variation ∆ϑ, the output current equation

of the bridge from φ to π/2 has to be considered and set equal to IL, as

in (3.7), whereas ϑ is the angle variable.

IB(ϑ) = IB(φ) + Vi − nVo

L1ph
ϑ =

=
Vi
(
2φ

π − 1
)

+ nVo

4fL1ph
+ Vi − nVo

L1ph
ϑ = IL ∀ϑ | φ ≤ ϑ ≤ π

2
(3.7)

Solving (3.7) for ϑ, substituting in (3.6) and solved for C, the minimum

capacity needed to comply the voltage ripple constraint is obtained in

(3.8) and with similar considerations for 3ph-DAB in (3.9):

C1ph = ∆Q

V̂oδV %
100 =

Vi

[
π2(1 − d̂) + 2φ̂[n(π − φ̂) − π]

]2
· 100

8ω2π2L1ph(1 − d̂)V̂oδV %
(3.8)

C3ph = ∆Q

V̂oδV %
100 =

Vi

[
2π2(1 − d̂) + 3φ̂[n(4π − 3φ̂) − 4π]

]2
· 100

432ω2π2L3ph(1 − d̂)V̂oδV %
(3.9)

where δV % is the ripple voltage define as δV % = ∆V/V̂o · 100 and ∆V

is the peak-peak DC voltage. In the above equations, φ̂, d̂ and V̂o are

the minimum value of φ, d and Vo, respectively, which leads to a worst

condition.

As it can be seen in (3.6), ∆Q is only valid for a specific φ and d ranges

because, by increasing them, the blue shadowed shape changes no
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longer being a simple triangle. In mathematical terms, it is possible to

state that (3.6) holds only when −IB(φ) − IL ≥ 0 is true.

Solving −IB(φ) − IL ≥ 0, two solutions are found. Whereas one is

trivial (φ = 0 and d ≤ 1), the second one gives the maximum angle for

which the capacitor equation is true for a given d. Now, consider the

two topologies and doing same considerations for the 3ph-DAB, (3.10)

shows the φ range for which (3.6) holds.

1ph-limit: 0 ≤ φ ≤ 1
2
(
2π −

√
2π

√
d + 1

)
,

3ph-limit: 0 ≤ φ ≤ 1
3
(
π − π

√
2d − 1

) (3.10)

Fig. 3.9 (a) illustrates (3.8) and (3.9) for different values of φ̂ con-

sidering a δV %=5%. The capacitors ratio (Cratio = C1ph/C3ph) is also

calculated just to emphasize the capacitance difference which show that

C1ph requires more or less 6 times the C3ph size. The limits of (3.10)

are depicted by the dashed vertical lines for d̂ = 0.75. However, the

previous considerations are not useful to limit the current ripple in case

of a equivalent battery model, i.e. an impedance in series with a DC

voltage source. In this case, the constraint is defined on the current rip-

ple whereas the voltage ripple will be a consequence. The relationship

between ∆I(s) and ∆Q(s) in the Laplace’s domain is represented in

(3.11).

∆I(s) = ∆V (s)
Rbat + sLbat

= ∆Q(s)
C(Rbat + sLbat)

(3.11)

Figure 3.9: Different comparison analysis between the two topologies in
terms of filter capacitor values for voltage (a) and current (b)
ripple constraints.
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where Rbat and Lbat are the total output resistance and inductance of

the battery, respectively. As expected, the capacitor size is dependent

on the output equivalent impedance and on the allowed current ripple.

Since the battery impedance is quite small (few mΩ), the capacitance

tends to increase to very high values. A possible solution is to introduce

a LC filter to limit the current variations. Fig. 3.9 (b) shows the capaci-

tors value for the two topologies with a 5% ripple current constraint

with a pure resistive battery impedance (Rbat = 0.2Ω). With these

constraints, C3ph appears to be up to 10 times smaller than C1ph for

the considered parameters, resulting in a less expensive and less bulky

capacitors to be used. Further discussions and conclusions about this

section can be found in section 3.6.

3.3 Efficiency Trade-off-Oriented Analysis in
V2G Applications

In the electric vehicles (EVs), besides battery charging process, the EV

battery pack can serve as an energy storage system (ESS) to support

the grid, thanks to vehicle-to-grid (V2G) ancillary services. During the

EV power exchange with the main grid, the overall efficiency depends

not only on the converter but also on the battery. Typically, power

converters, in particular dual-active-bridge (DAB) converters, present a

low efficiency at light loads (i.e. low C-rates) and higher values at high

power levels. The battery efficiency, on the other hand, decreases almost

linearly as the power increases. Therefore, there is an optimum C-rate

that could be selected to operate the converter and the battery when

they are connected to the grid in order to minimize the losses of the

overall system. In this context, this section aims to analyze the trade-off

between several designed lithium-ion battery packs and DAB efficiencies

to find the best compromise. Both simulation and experimental results,

performed at the Chair of Power Electronics of the Technische Fakultät

CAU in Kiel, are presented to validate the correctness of the theoretical

analyses, which also lead to an efficiency-focused design method for

V2G applications. Although the analysis focuses on V2G applications

and thus on bidirectional power exchange, the same methodology can

also be applied for the charging process alone. However, this is already
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included in the analysis for V2G applications as it is a sub-case of the

latter.

3.3.1 Motivations
The sudden spread of EVs will bring new challenges on several sides,

straining the electric system to meet the related energy demand. Indeed,

charging electric vehicles is currently seen as a passive load towards

the grid. However, due to the ever increasing spread of smart grids and

their implementation [165], electric cars will play a new role within

the grid by actively behaving and exchanging energy bidirectionally

through V2G technologies. In the context of V2G strategies, DAB

converters are increasingly studied for bidirectional applications due

to their great performance in terms of efficiency, power density and

volume with the benefits of isolated systems. DAB efficiency mainly

depends on two factors: transferred power and voltage difference

between the DC ports. The former causes an efficiency raise up to a

maximum value after which it decreases again. The latter causes a

vertical right downwards shift of the overall curve as the DC voltage

mismatch increases. On the other hand, battery efficiency is very high

at low C-rates, decreasing almost linearly as the C-rates increase. These

two reversed trends produce a particular cross-behaviour layout which

leads to a non-optimal operating power, causing higher losses either in

the converter or in the battery and resulting in an undesirable condition.

3.3.2 Related literature
Vehicle-to-Grid (V2G) enables customers to exchange the stored en-

ergy of the battery pack with electric utilities as in conventional grid-

connected energy storage systems [166, 167]. The system efficiency

of these type of applications is crucial from the customer’s point of

view during battery energy exchange operations, since some of V2G

applications can be remunerated [168, 169]. Interfacing of storage and

DAB systems is widely explored in the existing literature [139, 170].

However, while it is possible to find several studies on the efficiency

of batteries [171, 172] and converters [142, 173] separately, no work

has been found that deals with the interfacing of vehicle batteries and

power converters in the V2G environment for overall efficiency analy-

sis. Regarding the EVs future perspectives, several studies have shown
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Figure 3.10: DAB structure, battery internal model and a graphical represen-
tation of the trade-off analysis.

that higher EV charging powers are needed to compete with internal

combustion engine vehicle (ICEV) journey times. Increasing the battery

pack voltage up to 800V is a possible solution to this problem, leading

to considerable advantages in terms of size and weight [174–177].

For this reason, a trade-off analysis of single-phase DAB and battery is

conducted in this study to define the optimum compromise in terms

of efficiency with these new-trend battery packs. Without loss of gen-

erality, this analysis can be performed with any other type of DC-DC

converter (e.g. three-phase DAB or other topologies).

3.3.3 DAB and Battery Losses Analysis
A single-phase DAB connected to a battery is depicted in Fig. 3.10,

which represents a general scheme for a potential V2G application due

to its bidirectional characteristics. DAB converter is used to control the

charging/discharging power of the battery, which internal model is rep-

resented in the highlighted red area. In order to obtain a comprehensive

overall efficiency study, both component losses are separately analysed.

First, DAB efficiency is extracted from simulations and analytical results

by implementing a single phase-shift (SPS) modulation. Then, cell

losses during the entire charging/discharging process are calculated

through several simulations at different C-rates considering the voltage

profile over capacity. DAB parameter specifications are listed in Table

3.2. Battery packs designs were conducted by using a 18650-format 2.8

Ah cell, which electrical model parameters are taken from [178].

3.3.3.1 DAB Losses Evaluation and Analysis
DAB converter losses mainly depends on semiconductor’s switching and

conduction behaviour, and medium-frequency transformer (MFT) losses.
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Table 3.2: DAB converter parameters

PN [kW ] Vi[V ] Vo[V ] nT [−] Llk[µH] fsw[kHz]

20 800 600-800 1:1 61.1 20

For the firsts, detailed simulations for the DAB under investigation are

carried out providing different efficiency curves for different battery

side voltages within the battery voltage range. In this way, we are

able to extract only the device’s losses which then will merge together

with the MFT analytical losses calculations. Although the devices losses

are based on simulations, a mathematical analysis based on [179] is

shown for the sake of completeness. From the analytical point of view,

a general equation for conduction losses calculation for each switch can

be computed as:

PS,cond = c · IS + d · I2
S (3.12)

where IS is the current through the device and the coefficients c, d are

derived from device datasheet and curve fitting. Moreover, the coeffi-

cients can be computed as temperature-dependent if the temperature

variation effect is considered. The switching losses are more challeng-

ing to calculate, since they also depends on other surrounding parasitic

components [144]. If soft-switching operations are achieved in the DAB

primary side, switching losses can be neglected. Conversely, operating

points outside soft-switching range can be found for the secondary

side when voltage changes during the charge/discharge process of the

battery pack. A good estimation of the switching losses can be described

in a form:

PS,sw = k(IS) · IS · fsw = (a + b · IS + c · I2
S) · IS · fsw (3.13)

where k(IS) is the switching-loss factor, fsw is the switching frequency

and the coefficients a, b and c are obtained from curve fitting calcula-

tions. Gate drivers losses, usually neglected for the low impact on the

overall performance, are also included in this study based on equations

in [157]. The parasitic parameter losses such as COSS can be neglected

from the calculations for frequencies around 20 kHz as considered
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in this work. Further, analytical calculations are performed to obtain

winding and core losses of the MFT for the same operating working

points. Copper losses are computed using the well-known Dowell’s

equation which considers the skin and proximity effect in the trans-

former windings due to the high frequency waveforms behaviour. In

particular, the total copper losses PCu,loss can be computed as:

PCu,loss = I2
RMS ·

(
Rac,p + Rac,s · n2

T

)
(3.14)

where IRMS is the transformer RMS current for each specific operating

point, Rac,p and Rac,s are the primary and secondary transformer AC

resistance, respectively, and nT is the transformer ratio. The AC primary

and secondary winding resistances are obtained through the so-called

AC resistance factor [155], which is computed as:

FRx = Rac,x/Rdc,x =

= A

(
sinh(2A) + sin(2A)
cosh(2A) − cos(2A)+

+
[

2(N2
x − 1)
3

]
sinh(A) + sin(A)
cosh(A) − cos(A)

) (3.15)

where A = df /δ is the winding conductor thickness normalised with

respect to the conductor skin depth, Nx is the number of winding layers

and Rdc,x is the DC winding resistance where x denotes the primary or

secondary winding.

Core losses depend on core materials and magnetic flux density within

the transformer core. Since the primary and secondary voltages are

non-sinusoidal, the flux density will be too, leading to the need to

calculate losses with the Improved Generalized Steinmetz Equation

(iGSE) [160] rather than the original Steinmetz Equation (OSE). In

particular, the trapezoidal waveform of the flux density B(t) during

square-wave operation of the SPS modulation is considered. Under this

assumption, as the phase-shift angle increases, the maximum value of

the flux density Bm decreases and its derivative becomes zero within the

time intervals where the primary and secondary voltage have opposite
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Figure 3.11: Simulated efficiency curves of 20kW DAB for Vi=800V at differ-
ent Vo values

sign [161]. Considering the magnetic material properties, the core

losses are calculated as:

PCore,loss = ki

π
(2Bm)β−α

(
Vi

2NAc

)α

·

[φ|d − 1|α + (π − φ)(d + 1)α]
(3.16)

where N is the primary winding turns number, Ac is the cross section

area of the core column, Vi the input voltage, d = nT Vo/Vi is the dc

conversion ratio and φ the phase-shift angle. The constant parameters

ki, α and β are obtained by the core material datasheet.

A further loss contribution is due to losses in the external inductance.

The calculations for this component are very similar to those used for

transformer losses. Since the voltage drop across the inductance is very

small and so is the resistance, the losses of this component are not

considered in this work.

Figure 3.11 shows the simulated efficiency curves for the DAB converter

at 800V primary voltage for different secondary voltages. When the

two DAB’s DC side voltages are at the same value, so there is no voltage

mismatch, the reactive power exchange is minimal and the efficiency

curve is the highest. As soon as the voltage mismatch is increased (in
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our case the voltage on the battery side is decreased) the reactive power

exchanged increases and the efficiency curve shifts downwards due to

conduction losses in the devices and in the transformer windings. Of

greater interest is the shift of the points of maximum efficiency (yellow

stars) towards higher powers as the voltage mismatch increases. As it

can be seen, the maximum efficiency point for Vo = 800 V is obtained

for a power of about 14 kW.

Differently, for the curve at V o = 750 V the maximum point is obtained

at a power of about 14.5 kW and so on for the other voltage values.

In this situation, the smaller the phase-shift angle, the greater the

switching losses of the output bridge which is outside its soft-switching

boundaries. In addition, even to a small extent, core losses increase

towards no-load condition as it can be seen in (3.16). It is important to

mention that these shifts in the efficiency curves and in the maximum

efficiency points always exist also with lower voltage range since the

effect is mainly caused by the voltage difference between the two DC

ports.

3.3.3.2 Battery Model and Losses Evaluation

Several dynamic cell models are used and published with different com-

plexity and accuracy. In addition to mathematical and electrochemical

models, circuit-oriented models have high potential regarding preci-

sion, parametrization efforts and usability. For electric vehicle battery

modelisation, different models can be found in [70, 180].

Typically, battery losses can be divided into ohmic, reversible and irre-

versible reaction losses. However, the terminal behavior of the battery

can be described by a series of RC-pairs where the power losses can be

estimated by resistances. Several models can be used to estimate cell

dynamics and characteristics in different applications. In fact, the num-

ber of poles and zeros (RC-pairs) greatly influences both the transient

and the power loss estimation, which makes complicated the choice

of model structure. Nevertheless, the model used in this study (Fig.

3.10) should be chosen for losses-calculation purposes, as presented in
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Figure 3.12: Simulated efficiency curves of 20kWh battery pack for different
battery voltage (i.e. SoC)

[178]. The battery losses are calculated by adding the Joule’s losses as

in (3.17):

Pbat,loss = Pcell,loss · Ntot = Rbat,eq · I2
bat =

=
3∑

j=0
Rj · Nsc

Nps
· I2

bat

(3.17)

where Rj is the j-th resistive element, Ibat = Io is the total battery

current, Nsc is the number of series cells, Nps is the number of parallel

strings, Rbat,eq is the equivalent battery pack resistance and Ntot = Nsc ·
Nps is the total number of cells. Since the only measurable quantities

are voltage and current at the battery terminals, the efficiency equation

during charging process can be obtained as:

ηbat = 1 −
Rbateq · I2

bat

Vbat · Ibat
= 1 −

Rbateq · Ibat

Vbat
(3.18)

where Vbat = Vo is the DAB output voltage.

As noted, in a stationary voltage condition a linear efficiency curve is

obtained. Conversely, as the voltage changes, the slope of the curves

changes as shown in Fig. 3.12. As it can be seen, in addition to
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the estimated value of Rbateq , the estimation of instantaneous battery

efficiency depends on the measured values of voltage and current.

The internal battery pack resistance changes with several factors. The

most important are temperature, SoC and the C-rate during the opera-

(a) (b)

(c)

Figure 3.13: a) 20 kW DAB, EV95 battery and total efficiency curves for full
SoC (800V) b) 20 kW DAB, EV20 battery and total efficiency
curves for full SoC (800V) c) ηtot efficiency values in the com-
plete SoC range (600-800V) for different battery packs coupled
with the designed 20 kW DAB: optimal points of Fig. 3.13a and
3.13b are marked with a red circle. Pp.u. is the p.u. power
referred to the DAB’s nominal power.
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tions. In general, the resistance value is higher at very low temperatures

and then decreases and increases again as the temperature increases

as described in [181], following a quadratic function. Regarding the

influence of the other factors, [182] shows typical Li-Ion internal resis-

tance variation for different SoC and C-rate by fitting the experimental

measurements as a polynomial of the third order with respect to the

SoC and as an exponential function with respect to temperature. From

these results, it can be said that the internal resistance increases as the

SoC decreases and for SoC greater than 50% the internal resistance

decreases as the C-rate growth. Further, although not treated in this

work, different techniques can be used to estimate battery impedance

online as a function of SoC and temperature [183–186].

In this study, several simulations have been performed in order to

calculate battery pack losses in different voltages and C-rates working

points, which are then used to obtain the total losses of the system. To

this end, a cylindrical 18650-format 2.8 Ah cell is modelled by using the

charge characteristic according to the most important variables, such

as SOC and C-rate.

Battery Packs Design
Following the new battery voltage trend already discussed and to study

the trade-off analysis in a wider battery capacity spectrum, six differ-

ent batteries with the same voltage level but different capacities are

designed with the 18650-format cylindrical cell under investigation.

The battery pack capacities have been chosen related to DAB’s nominal

power in order to appreciate the coupling of the designed converter

with different types of batteries to compare the efficiency behaviour. In

particular, the idea is to compare the behaviour of the system when the

capacity of the battery pack is lower (C-rate>1), equal (C-rate=1) and

higher (C-rate<1) than the rated power of the DAB. The design deals

with the number of cells in series and parallel to achieve battery pack

specifications. A battery management system (BMS) is supposed to

correctly optimise cell operation according to the relevant parameters

such as temperature and voltage. In order to obtain the nominal battery

voltage of 800 V, 187 series cells are used for all the battery packs,

whereas the other design parameters are listed in Table 3.3.
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Table 3.3: 800-V battery pack parameters with 187 series cells.

EV95 EV60 EV30 EV20 EV15 EV10

Capacity [Ah] 117.6 75.6 39.2 25.2 19.6 14
Nps 42 27 14 9 7 5
Ntot 7854 5049 2618 1683 1309 935

3.3.4 Efficiency trade-off analysis

If the losses of the DAB and the battery pack are added together for

the design voltage levels and for all the operating points, the total

system efficiency ηtot is obtained. In particular, as the two systems are

cascaded, the total efficiency is the product of the two efficiency curves.

Figures 3.13a and 3.13b show an example of two simple trade-off cases

for two different battery size at full capacity (800V): EV95 for left and

EV20 for right figure, respectively. From the total efficiency curves

the corresponding working points to achieve the overall maximum

efficiency are highlighted (vertical dashed lines), showing precisely the

power at which the DAB should operate to optimize the overall system

losses. The first difference standing out from the comparison between

the two cases is the shift in the two optimum points according to the

total battery capacity (Popt=0.21 and Popt=0.4). This is due to the

significant difference in efficiency between the two battery packs due

to the lower C-rate value for the EV95. More in general, since DAB

efficiency changes with the battery voltage (i.e. SoC), different total

efficiency curves are obtained for a variable voltage and for each battery

pack. Figure 3.13c shows the results of the total efficiency curves for

the proposed battery packs, where each star represents a maximum

efficiency point for that specific battery voltage. It is highly noticeable

the difference in maximum efficiency between each battery and the

shifting of the optimum power points even during the operation of a

single battery. This shift is mainly due to the DAB’s maximum efficiency

point translation already discussed and shown in Fig. 3.11, now even

more pronounced due to the contribution of the battery efficiency

curve. This approach can be used to optimize the DAB design process

with respect to the maximum capacity of the battery in such a way as
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Figure 3.14: The experimental
setup used to validate
the DAB efficiency
curves.

Figure 3.15: Experimental efficiency
measurements on 10kW
DAB for Vi = 800 V at
different Vo values

to design the correct sizing in a given working range and at a given

efficiency range.

3.3.5 Experimental Validation
In order to validate the simulation results regarding the efficiency

curves, several experiments were carried out to measure the efficiency

of the DAB through the setup shown in Fig. 3.14. The measurements are

performed during the operation of a DAB with a rated power of 10 kW

and a rated voltage of 800 V. The converter operates at a frequency of

20 kHz. The MFT has a ratio nT = 1 and an external inductance of value

Llk = 91.76 µH is added. The SPS controller is implemented within

a dSPACE Scalexio system that generates the control signals for the

MOSFETs via dedicated FPGAs. All the input and output voltages and

currents (i.e. Vi, Vo, Ii, Io) are measured through a Yokogawa power

analyzer which allows the calculation of the total system losses and

thus the efficiency of the DAB. Primary DC voltage Vi is kept constant

by a voltage DC source, whereas battery side voltage Vo is changed by

a DC load emulator within the desired battery voltage range. Figure

3.15 shows the experimental efficiency curves of DAB for Vi=800V and

different Vo values where a maximum efficiency of 98.4% is achieved

at Vo=800V.

With the aim of evaluating DC fast-charging, a further analysis is made

by considering the losses of four identical DABs connected in parallel.

In contrast with the simulated tests, three different designs of 40 kWh
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(a) (b) (c)

Figure 3.16: Total efficiency values with four 10 kW DAB in parallel and
40 kWh battery: a) 300-400 V, b) 450-600 V, c) 600-800 V

battery packs with different voltage ranges are analysed with this par-

allel DAB structure. In particular, three different voltage ranges are

evaluated, both for the DAB and for the battery pack: 300-400 V, 450-

600 V and 600-800 V for the entire charging process. The battery losses

have been calculated mathematically through the model presented in

Section 3.3.3.2 and additively included to the measured losses of the

four parallel DABs for all working points.

Figures 3.16a, 3.16b and 3.16c show the overall efficiency for the three

voltage ranges. Due to the lower voltage range with respect to the

nominal one, it can be noticed the maximum power limitation of the

DAB during high-mismatch voltage operations owing to the limits on

the maximum current of the MFT. However, even in this case it is

possible to note the existence of an optimal trajectory that minimises

the total system losses at the expense of the charging time, which in

this case will be more than doubled with respect to the case in Figure

3.16c. Similar considerations can be extended to the cases of Figure

3.16b and Figure 3.16c where it can be seen that the increase in C-rate

significantly reduces the overall efficiency of the system owing to the

higher battery losses. These behaviours demonstrate the correctness

of the simulations and the results discussed in Section 3.3.4. Further

discussions and conclusions about this section can be found in section

3.6.
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3.4 Optimal Charging Strategy
From the analysis presented in the previous section, it is easily under-

stood that it is always possible to find an optimal charging trajectory

that minimizes the losses of the system consisting of converter and

battery. To this end, this section is concerned with developing and

implementing a real-time control system for regulating the charging

power to maximize the overall efficiency of the system. This control

strategy is called ηmax charging strategy in the current work.

3.4.1 Efficiency comparison
First of all, let’s analyze the efficiency of the optimal trajectory compared

with two strategies typically used for EV charging such as constant-

current (CC) and constant-power (CP). Total calculated efficiency of

the DAB converter coupled with a 20 kWh battery are shown in Fig. 3.17

(a) where the three strategies charging trajectories are highlighted. The

CC and CP values have been chosen in such a way as the charging time

is the same for all the three cases. The efficiency points for each case

are depicted in Fig. 3.17 (b) as a function of the battery voltage where

the optimal trajectory performance in a full charging process is shown

compare to CC and CP charging strategies. The proposed strategy has a

much higher efficiency value than its rivals, especially during the initial

charging phase. Due to the intersections of the trajectories visible in

Fig. 3.17 (a), the efficiency at average voltage is very similar among

the three strategies. However, once crossed this point, the trajectories
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Figure 3.17: Representation of ηmax, CC and CP strategies in discharging
process of the battery system
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split and only the proposed strategy follows the values at maximum

efficiency until the end-of-charge voltage where the efficiency difference

is again remarkable.

3.4.2 ηmax-Charging Strategy Implementation
This section describes the proposed ηmax-charging strategy implementa-

tion where the instantaneous overall efficiency of the system including

DAB converter and battery pack is maximized at each SoC. The strategy

works exploiting the Perturb and Observe (P&O) principle as it is done

by the well-known Maximum Power Point Tracking (MPPT) method

for PV systems. However, some integration have been included for the

specific application due to the particular process behaviour.

3.4.2.1 MEPT Control System and Algorithm Explanation
The implementation of the ηmax-charging strategy is straightforward.

Fig. 3.18 illustrates the control loop of the proposed ηmax-charge strat-

egy together with the DAB converter controller. The DC voltages and

currents from grid and battery side are measured by the Signal Process-

ing Units (SPU) that samples the ADC inputs at 20 kHz. Here, a filtering

process is performed on the measured values to remove noise. A mov-

ing average filter of 30 samples and a digital low-pass filter with 1 kHz

bandwidth are used. Since the MEPT control works on the derivative

of both efficiency and current is crucial that the efficiency variation is

due to the actual reference and not due to disturbances. The Efficiency

Estimation Unit (EEU) is tasked with calculating the efficiency of the

converter and estimating the efficiency of the battery pack from the
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Figure 3.18: The charging station under study with an integrated ηmax-
charging strategy.
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parameters delivered by the Battery Management System (BMS). Once

the total efficiency is achieved, the ηmax Charging Control block aims

to change the battery side current reference io based on the efficiency

measurements. Finally, a simple Current Control system is used to

follow the set current reference which output provides the phase-shift

angle between the two H-bridges.

A flowchart of the ηmax charging control is shown in Fig. 3.19 which is

repeated each 2 s. The difference between the new and the old value of

the total efficiency and the reference current are calculated. Since the

efficiency curve at maximum point is almost flat, the MEPT will struggle

to achieve a significant change in efficiency by varying the current

reference. In order to avoid useless reference variation at maximum

efficiency, the moving standard deviation (MSD) of ηtot is calculated.

In this way, this index can be used to detect when the efficiency has

reached its maximum value and freeze the current reference variation

when the MSD is below a threshold σthr.

Figure 3.19: Control flowchart of ηmax-charging strategy implementation.
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For example, starting from very low current reference, a current change

will result in a large change in efficiency due to the high slope of the

curve. In this case, the MSD will always be greater than the threshold

and the algorithm continues by varying the reference according to the

sign of ∆ηtot and ∆io. As the calculated efficiency variation is gradually

smaller and smaller, the MSD will be as well until it falls below the set

threshold. At this point, if this trend is kept for at least a certain amount

of time Tσ, the reference current is freezed, otherwise the efficiency

tracking is continued. Since the battery voltage variation is a slow

process and it depends on the battery capacity and battery charging

power, the efficiency has also very slow variation. For this reason, the

algorithm will start again after a certain amount of time TUP D to track

the efficiency when it has actually changed in a detectable way. The

MEPT algorithm is simple: if Sign(∆ηtot) = Sign(∆io) means that the

efficiency curve derivative is positive and the actual point must shift

rightwards increasing io by istep. Conversely, if the two signs are not

equal, the efficiency derivative is negative and a negative value of istep

must be set.

3.4.2.2 Parameters selection approach
istep

The selection of the current step depends on several factors. In general,

since the MEPT control always works close to the maximum efficiency,

the flatness of the efficiency curve in that specific point is a crucial

aspect. As shown in Fig. 3.13a and 3.13b, the bending of the two

ηtot efficiency curves at the maximum point are so different, mainly

depending on the capacity of the battery related to the nominal power

of the converter. In the first case, a bigger istep value should be chosen

in order to detect an efficiency variation. However, a much smaller step

is needed in the second case. In our experiments, istep is set to 0.1 A,

which is approximately the 0.5% of the nominal current of the converter

(12.5 A) multiplied by the kWh capacity of the battery (2 kWh). More

in general, the current step should be proportional as in (3.19):

istep ∝ Pn

Vn
· Cbat (3.19)

3.4 Optimal Charging Strategy 51



where Pn [kW] and Vn [V] are the nominal power and voltage of the

converter and Cbat [kWh] is the battery capacity.

TUP D

In order to avoid useless oscillation of the current reference, an update

time TUP D has been included to the algorithm. The selection of this

interval is challenging since depends on the overall charging time and

on the maximum points efficiency variation between the beginning and

the end of the charging process. In our experiments, a simple fixed

TUP D interval of 1 min has been set. However, a more sophisticated

approach based on minimum efficiency variation or based on the actual

C-rate value can be implemented. More in general, the interval should

be reduced for higher C-rate which would lead to a higher efficiency

variation. On the contrary, if the C-rate is smaller the interval can

be increased since the efficiency variation will be slower. The same

behaviour can be achieved based on the integral of the efficiency over

time. As soon as the variation is above a fixed threshold (e.g. 0.2%)

the tracking starts again and the integral reset.

σ window and σthr

The moving standard deviation of the measured efficiency is a key

parameter as it provides an indication of whether the steady-state of

the efficiency has been reached. However, the size of the moving

window is related to the measurements noise, filtering, and so on.

Clearly, the window size narrowing leads to a higher volatility of the

calculated value and the threshold should be increased accordingly to

avoid incorrect conditions. Conversely, an efficiency variation could not

be detected if the window is too large due to the filtering behaviour of

MSD. Based on several simulations, where different values of window

samples have been evaluated, a good compromise between volatility

and detectability has been found with 20 s window with a threshold

equal to 0.006. It can happen that if the efficiency variation after the

TUP D interval is too small, σ is always below the set threshold. In this

case, the tracking is performed in any case due to the time Tσ, which is

set to 30 s in our experiments. In any case, this is not detrimental as in

the worst case the control will reach the same efficiency.
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3.4.2.3 Experimental Verification of ηmax-strategy
A 10 kW DAB converter is realized as shown in Fig. 3.14. Two bidirec-

tional sources are used to emulate the behavior of the grid side voltage,

fixed at 400 V, and the 400 V-2 kWh battery. A charging voltage curve

is obtain and load in the function generator of the DC-load based on

the voltage profile of a single cylindrical cell. In this way, the DC-load

voltage will vary over time simulating the charging of the battery pack.

Measured efficiencies (ηDAB, ηBat and ηtot) as well as primary and

secondary currents (io and ii) and battery voltage (vo) are shown

in Fig. 3.20 during an entire charging process to validate the ηmax

strategy. At the beginning of the process, the MEPT strategy increase

the reference up to 8 A and after some fluctuations at the maximum

efficiency, it stops the tracking by freezing the current reference. After

the time period TUP D = 60 s it calculates the new values and it finds

the new current reference which maximize the efficiency ηtot. As it

can be noticed, the reference current decreases as the SoC increases

in order to follow the maximum efficiency trajectory, by showing the

same trends found in Fig. 3.13c. Three particular tracking periods are

shown in Fig. 3.21 which represents the zoomed area Z1 in Fig. 3.20.

As noted, at the end of each tracking period an increased value of ηtot

is achieved after some fluctuations due to the flatness of the efficiency

curve at the maximum point.

An interesting behaviour is shown in Fig. 3.22 which represent the

zoomed area Z2 in Fig. 3.20. Right after the beginning of the tracking

phase, a voltage step of few volts due to the DC-load resolution hap-

pened. For this reason, at t = 51 min, ηtot increases abruptly. This event

increased the standard deviation calculation above the set threshold

leading to a longer tracking period to stabilize the efficiency variation

and finally freeze the reference. Despite this unlucky event, this demon-

strates the robustness and the correctness of the control method. The

obtained experimental results confirm the correctness of the conducted

numerical studies in previous sections and show the ηmax-charging strat-

egy implementation in a real-time environment. Further discussions

and conclusions about this section can be found in section 3.6.
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Figure 3.20: Efficiency tracking behaviour and main measured variables dur-
ing the complete charging process of 400 V, 2 kWh battery.

Figure 3.21: Three specifics tracking periods during the charging process
related to the Z1 area of the overall charging process.
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Figure 3.22: A longer single tracking period due to a voltage step of the DC-
load related to the Z2 area of the overall charging process.

3.5 Design and simulation of V2G system
Batteries of electric vehicles have to be charged by power electronic

converters connected to the electric grid. If these power converters

are bidirectional they can be exploited to provide vehicle-to-grid (V2G)

services. At the University of Trieste an experimental V2G apparatus is

under construction. Its control system has been developed and the first

simulation tests has been performed. This section describes the V2G

experimental apparatus with its control system and reports the results

of the preliminary simulation tests.

3.5.1 Motivations
Battery-powered electric vehicles (BEVs) and plug-in hybrid electric

vehicles (PHEVs) are entering more and more in the market. The use

of the today’s battery chargers that are able only to drawn power from

the grid represents merely a load for the grid. On the contrary, if the EV

batteries were connected to the grid by means of bidirectional power

apparatuses able not only to charge the batteries but also to exchange

power with the grid, the EV power capability could be exploited to

execute services in support of the grid operations.
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In order to study the integration between electric mobility and renew-

able energy sources, a micro-grid has been recently installed at the

main campus of the University of Trieste [187]. It is composed of a

3.9 kWp photovoltaic generator, a 10 kWh storage battery interfaced

to the micro-grid trough a 4.6 kVA inverter, a unidirectional charging

station for electric cars with two 22 kW charging terminals and an

interface board connecting the micro-grid to the 400 V university grid.

An under-construction prototypal V2G apparatus is going to be added

to the micro-grid, with the purpose of enhancing the potentialities of

the micro-grid and enlarging the research topic.

3.5.2 Related literature

The supporting services to the grid are commonly termed ancillary

services and the expression vehicle-to-grid (V2G) has been coined to

denote the services when due to the power transactions of the EVs

with the grid [137, 188–190]. Typical ancillary services are voltage

and frequency regulations, filtering of line harmonics, balancing of

unbalanced loads, compensation of reactive power, spinning reserve

and peak shaving. Under this perspective, the V2G power transactions

are expected to play an important role in the future scenario of the

electric energy systems. The V2G apparatuses are able to carry out

ancillary services which can involve either a net flow of active power

with the grid or not [56]. In the first case the V2G services can be

directed to support the grid by acting the EV batteries as an energy

buffer. In the second case, the V2G services can be directed both to

stabilize the grid voltage and to improve the power quality. An effective

exploitation of the V2G apparatuses is undoubtedly obtained when

they are connected to a smart grid [32, 191–193]; this means that

the control systems of the V2G apparatuses are networked with the

grid administrator via communication devices to send it data on the

operability of the apparatuses and to receive from it the requests of

ancillary services. For V2G apparatuses of low power, it appears evident

the convenience that a number of them operate in an aggregate way

so as to be seen by the grid as a single apparatus of reasonable power.

Typical energy sources of a smart-grid are renewable sources (wind

turbines, photovoltaic fields, mini-hydro). Each of them has specific
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operational features which influence the strategies of utilization of

the sources, the design of the power converter interfacing the sources

with the smart-grid, and the control of the sources. Due to the non-

programmable energy generation of most of the renewable sources, the

smart-grids are expected to include energy buffers. This functionality

can be easily played by the batteries of the EVs and, furthermore, is

done on a distributed basis because of the location of EVs over the

country [194, 195].

3.5.3 Experimental V2G apparatus

As mentioned above, a low-scale V2G experimental apparatus was de-

signed and is under construction at the University of Trieste. Many

different structures of a V2G power electronics apparatus can be found

in the literature [139]. As regards the connection of the V2G apparatus

to the AC grid, the most immediate choice was to use a three-phase

Voltage-Source Converter (VSC). On the other hand, the choice of the

bidirectional DC/DC converter connecting the battery of the vehicle

to the DC-side of the grid-connected VSC required the evaluation of

a certain number of different possible structures [139]. Among them,

we chose the most diffused in the literature, i.e. the dual-active bridge

(DAB) [196, 197], thanks to its high power density symmetrical struc-

ture and the possibility to include a high frequency isolation transformer.

Anyway, the final choice fell on the isolated three-phase dual-active

bridge (DAB3), composed of two three-phase VSCs and a three-phase

high frequency transformer [141]. The choice of the DAB3 in place

of the more diffused DAB, is due to the additional advantage of being

composed of two bridges which have one more leg, offering a greater

average current sharing, suitable mainly for the battery connected VSC,

and giving the possibility of providing fault tolerant operation in case

of a faulty leg. Even if fault tolerance may appear to be not essential

for battery charges, nevertheless it is an important feature helping to

increase energy availability for electric cars and therefore to reduce

the so called “range anxiety”, which is one of the major obstacles to

diffusion of EVs. Moreover, in V2G systems, it increases the reliabil-

ity of ancillary services offered to the electric network. Usually, in a

charging station more than one vehicle can be connected to charge

3.5 Design and simulation of V2G system 57



Figure 3.23: Block scheme of the experimental V2G apparatus.

its battery. Consequently, the V2G apparatus schematized in Fig. 3.23

was designed to be connected to two 3.3 kWh 52 V lithium-ion polymer

(LiPo) batteries, each one connected to the 750 V DC-bus of the V2G

apparatus via a DAB3 DC/DC converter. The battery three-phase VSC

of the DAB3 is sized to be able to charge the 63 Ah battery at a rate of

about 2 C and to draw from it the same current, i.e. 130 A. The V2G

apparatus is completed by a grid VSC with the DC side connected to

the 750 V DC-bus, endowed with a 4 mF capacitor C, and the AC side

connected to the 400 V university grid via 2 mH filtering inductances

Lf and an isolation transformer. By a modification of the transformer

connections, the three-phase VSC has also the possibility to work in

single-phase mode. In an advance experimental stage, when the V2G

apparatus and its control system will have been extensively tested, the

grid VSC can be directly connected to the university power system,

excluding the isolation transformer.

3.5.4 Control system
The control system of the V2G apparatus is based on a dSPACE [198]

platform endowed with FPGA boards allowing fast dynamic control.

The control algorithm is divided into four different units, namely the

DAB3 control unit, the frontend control unit, the DC-bus control unit

and the V2G control unit, i.e. a higher level control unit controlling the

whole V2G apparatus.

3.5.4.1 DAB3 control unit
The control system of the V2G apparatus includes two DAB3 control

units, one for each DAB3. The DAB3 control unit is devoted to the
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Figure 3.24: PLECS block scheme of the DAB3 control unit.

control of the power flowing through the DAB3 in order to transfer

energy from the DC-bus to the battery and vice versa. The two VSCs

composing the DAB3 are controlled with a switching frequency of

20 kHz in order to obtain a 50% duty cycle square wave at their AC side.

As explained in [141], the average power flowing through the DAB3 is

a function of the displacement (phase-shift) angle φ between the two

square waves produced by each VSC and applied at the primary and

secondary winding of the high-frequency transformer connecting the

two VSCs. The schematic of the DAB3 control unit captured from the

graphical interface of the simulation platform PLECS [199] is shown

in Fig. 3.24. The DAB3 control unit receives as an input the reference

power Pref,DAB to be absorbed or to be delivered by the DAB3. By

Pref,DAB, the angle φff is calculated using the inverse of the equation,

found in [141], giving the average transmitted power Pt for φ in the

range (-π/3, π/3), i.e.

φ = f(Pt) = 2π

3

[
1 −

√
1 − 9wLPt

2πdV 2
1

]
(3.20)

In order to obtain a robust and precise power control, a closed loop

control is added to the feedforward control. Angle φ is therefore ob-

tained by adding φff to an angle ∆φ given by a PI controller processing

the error between Pref,DAB and Pt, being Pt calculated as the product

between the measured battery current ibat and the measured battery

voltage vbat. Parameters of the PI controller are calculated in order to
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obtain a control bandwidth of 1.5 kHz when φ is equal to its maximum

value π/3. Since the function f(Pt) linking φ to Pt is not linear, the

bandwidth changes with φ. Actually, when φ decreases the bandwidth

increases. The maximum increase is reached when φ = 0 and is equal

to one third. As a consequence, the control loop bandwidth varies from

2 kHz to 1.5 kHz for φ varying from zero to π/3. Angle φ is limited

between zero and -π/3 by the neg-limiter and between zero and π/3

by the pos-limiter. Outputs of the limiters are respectively φneg and

φpos. Angle φneg is compared to the negative sawtooth wave STN of

peak value -2π. When STN becomes lower than φneg, the output of

the comparator switches to one and triggers the positive edge detector

which outputs a pulse resetting the integrator 1/s. The input of the

integrator is the switching frequency, so that during a switching period

its output varies from zero to one. Finally, the output of the integrator

is compared to 0.5 in order to produce a square wave signal Sbatbr with

50% duty cycle, driving the battery VSC. On the other hand, φpos is

compared to the positive sawtooth wave STP of peak value 2π. A square

wave signal Sbusbr of 50% duty cycle is then produced in the same way

as the previous one. It drives the DC-bus VSC.

When the battery has to be charged Pref,DAB is negative, thus causing

φneg to be negative and φpos to be zero. In this way the square wave

produced by the battery VSC is delayed by φ from the one produced by

the DC-bus VSC and the energy flows from the DC-bus to the battery.

When the battery has to deliver power, Pref,DAB is positive, thus causing

φneg to be zero and φpos to be positive. In this way the square wave

produced by the DC-bus VSC is delayed by φ from the one produced by

the battery VSC and the energy flows from the battery to the DC-bus.

3.5.4.2 Front-end control unit

The front-end control unit is devoted to the control of the grid VSC.

Its PLECS schematic is shown in Fig. 3.25. The front-end control

unit receives as an input the reference instantaneous real power pref

and reference instantaneous imaginary power qref (defined by the

p-q theory [200]) to be exchanged with the electric grid according

to the active sign convention. Given pref , qref and the measured grid

voltages vsa, vsb, vsc, transformed to vsα, vsβ according to the amplitude
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Figure 3.25: PLECS block scheme of the front-end control unit.

invariant abc-αβ transformation, the reference currents iα,ref , iβ,ref of

the grid VSC are then calculated as follows [200]:

iα,ref = vsα · pref + vsβ · qref

v2
sα + v2

sβ

iβ,ref = vsβ · pref + vsα · qref

v2
sα + v2

sβ

(3.21)

The measured currents ia, ib, ic, transformed to iα, iβ according to

the amplitude invariant abc-αβ transformation, are then subtracted

to iα,ref , iβ,ref and the errors are processed by two PI controllers out-

putting the voltage drops across Lf . The outputs of the PI controllers

are added to vsα, vsβ divided by half the DC-bus voltage Vdc in order to

obtain vF Eα,ref , vF Eβ,ref , i.e. the p.u. reference values of the grid VSC

output voltage in the αβ reference frame. Finally, vF Eα,ref , vF Eβ,ref

are submitted to the inverse amplitude invariant abc-αβ transformation,

obtaining the modulating signals for the sub-oscillation PWM producing

the 20 kHz driving signals Sgridbr for the grid VSC. Parameters of the PI

controllers are calculated in order to obtain a control loop bandwidth

of 2 kHz. If the non-optimal quality of the grid voltage or dynamic de-

manding services such as harmonic filtering require higher performance

current control, the PI-based control loops can be substituted with more

sophisticated current control systems such as the ones developed in

[201].
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Figure 3.26: PLECS block scheme of the DC-bus control unit.

3.5.4.3 DC-bus control unit
The DC-bus control unit is devoted to the control of Vdc, assuring the

balance between losses, power exchanged by the DAB3s and power

exchanged by the front-end. It is based on the following power balance

s-domain linear equation:

s
C

2 V 2
dc = PDAB1 + PDAB2 − 3VsIa (3.22)

where PDAB1, PDAB2, Vs, Ia are respectively the output powers of the

two DAB3s, the RMS value of the grid voltage and the RMS value of

the grid VSC output current component in phase with the grid voltage.

By (3.22) the controlled variable is V 2
dc, as it is shown by the PLECS

schematic of Fig. 3.26, where the squared value of the measured Vdc is

subtracted to the squared value of its reference Vdc,ref . The error is then

processed by a PI controller in order to obtain the instantaneous real

power ploss needed to restore the losses and assure the power balance

inside the V2G apparatus. Parameters of the PI controller are calculated

in order to obtain a loop bandwidth of 200 Hz. The output ploss of the

DC-bus control unit is sent to the V2G control unit.

3.5.4.4 V2G control unit
The V2G control unit includes a high level control algorithm coordinat-

ing the control units described above and controlling the charge and

discharge of the batteries according to a strategy conciliating the charg-

ing needs with the requested ancillary services requiring an exchange

of active power. Moreover, it has to exchange information with the

grid, receiving the requests of ancillary services and giving feedbacks

about the actual possibility to provide them. The PLECS schematic of

the implemented V2G control unit is shown in Fig. 3.27. It receives

the following inputs: the request of active power Preq and reactive

power Qreq to be delivered to the grid, the charging commands CHG1
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and CHG2 for the batteries (set to 0 for charge not required and 1

for charge required), the SOCs and voltages of the two batteries and

ploss. The algorithm of the V2G control unit operates as explained in

the following. If both CHG1 and CHG2 are set to 0, then the V2G

apparatus can satisfy the request Preq within the limits of its capability

and according to a strategy based on SOC of batteries, as described in

the following.

1. Preq is positive, i.e. the V2G apparatus is requested to deliver

active power to the grid.

a) If both batteries have SOC ≥ 10% then Pref,DAB is set equal

to (Preq + ploss)/2 and sent to both DAB3 control units. The

reference pref for the grid VSC is set equal to Preq.

b) If one of the two batteries has SOC < 10% Pref,DAB is set to

zero for its DAB3 while Pref,DAB is set equal to (Preq + ploss)

for the other DAB3, which will deliver it or, if it is higher

than its capability, the maximum possible. Again, pref is set

equal to Preq or to the actual power delivered by the DAB3.

c) If both batteries have SOC < 10%, then Pref,DAB is set to

zero for both DAB3s and pref is set equal to ploss.

2. Preq is negative, i.e. the V2G apparatus is requested to absorb

active power to be stored in the batteries.

a) If both batteries have SOC ≤ 90% then Pref,DAB is set equal

to Preq/2 and sent to both DAB3 control units. The reference

pref for the grid VSC is set equal to Preq - ploss.

b) If one of the two batteries has 90% < SOC < 100%, then

power absorbed by the corresponding DAB3 is halved and

the other DAB3 absorbs the rest of Preq or the maximum

allowed by its capability. Again, pref is set equal to Preq -

ploss or to the actual total power absorbed by the two DAB3.

c) If one of the two batteries has SOC = 100%, then power

absorbed by the corresponding DAB3 is zeroed and the other

DAB3 absorbs all Preq or the maximum allowed by its capa-

bility. Once again, pref is set equal to Preq - ploss or to the

actual power absorbed by the working DAB3.
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Figure 3.27: PLECS block scheme of the V2G control unit.

d) If both batteries have SOC = 100%, then Pref,DAB is set to

zero for both DAB3s. In this case pref is set equal to -ploss, so

that the V2G apparatus absorbs only its losses from the grid,

thus not being able to satisfy the request to store energy in

the batteries.

The request of battery charging has priority over any other request.

Therefore, if CHG1 or CHG2 is set to 1 the corresponding Pref,DAB is

negative and calculated in order to charge the battery at 130 A up to

SOC = 90% and then current is halved until the SOC reaches 100%.

The other DAB3, depending on the SOC of its battery and the value and

sign of Preq, can totally, partially or cannot satisfy the power request.

For instance, if Preq is negative the request can be satisfied up to the

V2G apparatus capability. On the contrary, if Preq is positive the request

cannot be satisfied, but the power absorbed from the grid can be zeroed

or at least reduced transferring energy from one battery to the other.

Finally, if both CHG1 and CHG2 are set to 1, Pref,DAB is negative,

calculated in order to charge the batteries at 130 A and sent to both

DAB3 control units. In this case delivery of Preq is inhibited and pref is

set equal to (2Preq - ploss), i.e. the grid VSC has to absorb from the grid

2Pref,DAB plus the losses.
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Figure 3.28: PLECS schematic of the V2G apparatus and its control system.

3.5.5 Simulation results
The described prototypal V2G apparatus and its control system has

been modeled in the PLECS simulation environment. Its schematic,

captured from the PLECS graphical interface, is shown in Fig. 3.28

and includes both the circuitry and the control system. The circuitry

is composed of two batteries (modeled with the equivalent circuit and

equations found in [202]), two DAB3s (composed of the battery VSC,

the high-frequency transformer and the DC-bus VSC), the DC-bus with

its capacitor, the grid VSC with its filtering inductances and the power

system. The control system is composed of two DAB3 control units

(DAB31 CU and DAB32 CU), the front-end control unit (FE CU), the

DC-bus control unit (DC-bus CU) and the high level control unit, i.e.

V2G control unit (V2G CU).

The V2G apparatus has been submitted to a number of tests to check

the good operation of the system also in the most demanding transient

conditions, where reference power variations are limited by a rate

limiter of 2.5 kW/ms. The most significant quantities useful to evaluate

the operation of the system are the DC-bus voltage Vdc, the battery

currents ibat1, ibat2 and the AC output currents of the grid VSC ia, ib,
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ic. The results of three tests, where the starting SOC of both batteries

is set to 50%, are described in the following. In the first test, both the

charging signals CHG1 and CHG2 are zero and the V2G apparatus is

supplying the grid with a reactive power Qreq = 4 kVAR and an active

power Preq = 4 kW, being the last one supplied half by DAB31 and

half by DAB32. Also the losses are supplied half by DAB31 and half by

DAB32. Traces of the quantities listed above are displayed in Fig. 3.29,

showing the good operation of the apparatus in steady state condition

and also during a transient, after that, at time t1 = 0.2 s, CHG1 is

switched to 1. At this event, the V2G control unit commands:

a) DAB31 to stop delivering power and start absorbing power in

order to charge the battery

b) DAB32 to deliver all Preq plus all the losses

c) the grid VSC to continue to deliver Qreq and to absorb the rest of

the power needed to charge the battery at the desired current of

130 A.

Fig. 3.29 shows that transient of battery currents and AC output cur-

rents last a few milliseconds, while transient of Vdc lasts almost 50

ms, but the amplitude fluctuation is negligible. A different possible

strategy could be the one to command the DAB32 to deliver the max-

imum power allowed by its capability. In this way, battery 1 would

be charged only with the energy of battery 2 and the active power

absorbed from the grid would be zeroed. In the second test, the ability

of the V2G apparatus to face the wide power variations required by

the most demanding grid requests is checked. Both CHG1 and CHG2

are zero during the whole test. At the beginning the V2G apparatus

is supplying the grid with Qreq = 9 kVAR and Preq = 12 kW, being the

last one supplied half by DAB31 and half by DAB32. At time t1 =

0.2 s, the grid request is suddenly changed to Preq = -12 kW, i.e. the

V2G apparatus is requested to absorb power in order to store excess

available energy in the batteries. The V2G control unit commands:

a) DAB31 and DAB32 to stop delivering power and start absorbing

Preq/2 each
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Figure 3.29: Test 1: DC-bus voltage, battery currents, grid voltages and
output currents of the grid VSC.

b) the grid VSC to continue to deliver Qreq and to absorb Preq plus

the losses from the grid. Test results are displayed in Fig. 3.30,

where it is shown that transient of battery currents and AC output

currents last roughly 10 ms, while transient of Vdc lasts almost 60

ms. In this case the amplitude fluctuation of Vdc is not negligible,

but it is definitely acceptable, being limited to about 3%.

In the third test, at the beginning both CHG1 and CHG2 are zero and

the V2G apparatus is supplying the grid with Qreq = 12 kVAR, while it

absorbs from the grid only the losses, because Preq = 0. At time t1 =

0.18 s, CHG1 is switched to 1 and the V2G control unit commands:

a) DAB31 to start absorbing power in order to charge the battery at

130 A

b) DAB32 to stay in standby

c) the grid VSC to continue to deliver Qreq and to absorb the power

needed to charge the battery plus the losses.
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Figure 3.30: Test 2: DC-bus voltage, battery currents, grid voltages and
output currents of the grid VSC.

As mentioned in the explanation of the first test, a different possible

strategy is to take the energy to charge battery 1 from battery 2. At

time t2 = 0.22 s, also CHG2 is switched to 1 and the V2G control unit

commands:

a) both DAB31 and DAB32 to absorb power in order to charge the

batteries at 130 A

b) the grid VSC to absorb the power needed to charge the batteries

plus the losses and to reduce to 6 kVAR the delivered reactive

power in order not to exceed its capability.

Of course, in this case the reactive power request is only partially

satisfied. Fig. 3.31 shows the test results highlighting once again

the good performance of the V2G apparatus, proved by the very fast

transients of battery currents and AC output currents and completely

negligible fluctuations of Vdc. Further discussions and conclusions about

this section can be found in the following section (3.6).
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Figure 3.31: Test 3: DC-bus voltage, battery currents, grid voltages and
output currents of the grid VSC.

3.6 Discussion
This chapter presented some studies regarding the integration of electric

vehicles from the bottom level, trying to answer the first research

question (Q1). In particular, aspects related to the efficiency of DAB

converters used for vehicle charging and bidirectional power exchange

(V2G), their control to optimize the overall efficiency of the charging

system in real-time, and the integration of vehicles with the power grid

in case they provide ancillary services to the grid such as active and

reactive power exchange were discussed.

In case of variable conditions typical of battery charging process, the

first study in Section 3.2 aims to fairly evaluate 1ph-DAB and 3ph-DAB.

Device and MFT losses, ZVS ranges, peak and RMS current stresses

as well as capacitor filter sizing have been compared between the two

topologies, leading to the following findings and considerations. (1)

For most conditions, 3ph-DAB switching and, more clearly, conduction

losses are higher compared with 1ph-DAB up to 30% and 18%, respec-
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tively. (2) ZVS boundaries for 1ph-DAB result in wider soft-switching

operations and thus, for a greater range of normalised transferred

power than in the 3ph-DAB case, the 1ph-DAB working points lie within

the soft-switching region. (3) Particular operating conditions can re-

duce peak current stress by up to 30% for the 1ph-DAB while 3ph-DAB

RMS current is up to 9% higher despite its lower harmonic content. (4)

3ph-DAB requires much smaller capacitors due to reduced voltage and

current ripple resulting in smaller volumes and weights.

A trade-off-oriented analysis between dual-active-bridge and lithium-

ion batteries efficiency curves is studied and analysed in Section 3.3,

showing that an optimal efficiency charging trajectory always exists.

Based on the efficiency curves of the DAB at different battery-side volt-

age levels, the total charging system efficiency is calculated through

the losses analysis of different designed lithium-ion battery packs. Sup-

posing the operation of the same DAB with the proposed batteries,

optimal operating points for different working conditions are shown,

by highlighting the opposite behavior of the efficiency curves of the two

components. In particular, optimum efficiency trajectory always exists

during the charging process depending on the converter power rating

versus battery capacity rating. Several experimental measurements on

a 10 kW DAB prototype demonstrate the correctness of the simulated

results. This study shows that the interface between converter and

battery is a critical step from the point of view of energy efficiency.

Consequently, in Section 3.4 it has been possible to develop a control

that, by measuring the efficiency of the DAB and estimating the equiva-

lent battery resistance, maximises the efficiency of the total system in

real-time with a simple algorithm named Maximum-Efficiency-Point-

Tracking (MEPT).

In the last Section 3.5, a prototypal V2G apparatus under construction

at the University of Trieste is presented. The apparatus is described,

modeled in the PLECS environment and preliminarily tested by sim-

ulations. The different control units composing the control system

are described in detail and the results of three tests are shown and

commented. The good operation of the V2G apparatus and its excellent

performance are proven. Upcoming developments concern the experi-
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mental test of the grid VSC and further development of the V2G control

unit with more sophisticated control strategies.

3.6 Discussion 71





4
EMS for EV integration:
applications and case studies

4.1 Introduction
EMSs are a fundamental tool for managing energy flows within power

grids and, if properly designed, allow considerable improvement in

economic, technical-energy and environmental aspects based on the

constraints considered. With the introduction of storage systems and

the strong diffusion of electric vehicles in the grid, it is even more

necessary to control the power of the different components in a way

that optimizes the different objectives.

In the following sections, three different studies related to the use of

EMS for energy flow management within nano-micro grids integrat-

ing electric vehicles, storage systems and photovoltaic generation are

proposed and analyzed. All of the studies exploit a Model Predictive

Control (MPC) approach in order to optimize flows based on future

predictions of key variables.

In Section 4.2, an explicit MPC control for energy management within

a PV-based EV charging station installed at the University of Trieste is

presented and experimentally validated [203]. The main purpose is to

assess the economic and environmental improvements of the proposed

technique by taking into account the most relevant uncertainties in the

system such as PV power, BESS state of charge, EV charging power and

both electricity and environmental costs. Further results inherent to

the charging station can be found in [204] and the implementation of

a two-stage optimization control can be found in [205].

In Section 4.3, the photovoltaic generation and the V2G technology

are exploited and integrated in an Alpine ski-resort by using the skier’s

73



EVs as aggregate storage [206]. An MPC-based EMS is implemented

in order to minimize the ski resort’s costs, its environmental impact

and the EVs battery degradation. These aspects are evaluated for

future scenarios with different number of charging stations, EV battery

capacity and PV system size.

As a last point, a special emphasis was given to the aspects related to

one of the latest and most promising strategies for the decarboniza-

tion process through the deployment of renewable energy: the energy

communities. For this reason, in Section 4.4 the economic and en-

vironmental performances of an MPC-based control with ANN-based

forecaster for a group of jointly acting self-consumers (JARSCs) are

evaluated [207]. Twelve dwellers consumption profiles and common

loads such as lighting, elevators and EV charging stations have been

used to compare different optimization scenarios in order to analyse

several multi-objective optimization results.

4.2 A real-time EMS of a PV-based EV charging
station accounting for uncertainties

In this section, an Explicit Model Predictive Control (eMPC) for the

energy management of an e-vehicle charging station fueled by a pho-

tovoltaic plant (PV), a battery energy storage system (BESS), and the

electrical grid is proposed. The method computes offline an explicit

solution of the MPC, which is stored and then used for real time control.

Multi-parametric programming is used to calculate the explicit solution

by mapping the MPC laws as a function of uncertain parameters. The

uncertainties introduced into the multi-parametric programming are

the photovoltaic power production, the electricity price, the battery’s

state of charge, and the electric vehicle power consumption. More-

over, the environmental impact of the charging station operation is

considered through the CO2 emissions level.

4.2.1 Motivations
The use of clean and sustainable energy is mandatory to keep CO2

emissions at a low value. Consequently, the electrical system must

face new challenges to supply the necessary power when requested

by the EVs with the lowest possible environmental impact. Hence,
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suitable solutions are photovoltaic (PV) charging stations, including

a battery energy storage system (BESS) connected to the electrical

grid. The Energy Management System (EMS) of such stations must

provide the energy requested to charge the vehicle with the minimum

environmental impact and at the minimum price.

This intelligent charging should consider parameters such as the fluctua-

tion of PV production, the EV charging time, the EV power consumption,

the State of Charge (SoC) of the BESS, the electricity price, and the

CO2 emissions related to the energy drawn from the electrical grid.

These parameters are commonly treated as certain when scheduling

by deterministic optimization is developed. However, in the real time

operation of these charging stations, some of these parameters are fore-

casted with a degree of error, such as PV production, CO2 emissions,

and electricity price, or they are random, like the EV charging time, its

arrival, and departure time. The uncertain nature of these parameters

could lead to cumulative errors during the day, generating higher en-

vironmental and economic costs. Consequently, energy management

techniques accounting for uncertainties appear to help improve the

energy management quality.

4.2.2 Related literature
In the literature, techniques such as fuzzy, information gap decision

theory, and robust optimization have been applied to manage EV charg-

ing stations by accounting for uncertain parameters. In [208], fuzzy

optimization is applied, where the energy market price fluctuation, the

EV’s arrival and departure time, and the EV battery’s state of charge

are considered uncertainties. However, it does not include an electrical

power generator employing renewable energy or a storage unit in this

case. In contrast, the system studied in [209] includes a PV generator,

a storage unit, and a fuel cell. The algorithm used for optimization

is information gap decision theory, where the uncertainty accounted

for is the load. In [210], it is concluded that affine arithmetic and

robust optimization approaches are helpful tools for keeping track of

the parametric uncertainties, but at the price of a high computational

cost and can result in costly, respectively. However, the downside of

these techniques is that the schedule is done once for a certain period.
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Despite these are accounting for uncertainties, the schedule calculated

cannot be changed in real time operation, which leads to sub-optimal

performance of the charging station.

Thus, Model Predictive Control (MPC) is a more suitable algorithm for

real time operation by taking into account uncertainties such as distur-

bances and the future behavior of the system [211]. The control law

is determined by optimizing the value of a suitable objective function

by considering several constraints and a predictive model. The control

law is computed at every sampling time for a particular horizon time

by refreshing the state of the system, and the corresponding prediction

values [212].

The MPC sampling time can range from several seconds to several

hours. In microgrids that include PV systems and EVs, the performance

of the control algorithm can be affected by the uncertainty of the solar

irradiance level and by the EV’s connection/disconnection time and its

power demand. Thus, the smaller the sampling time, the smaller these

uncertainties affect the control laws. Unfortunately, this may result

in a higher computational burden and lower economic efficiency. For

instance, in [213], the authors present a MPC for controlling a microgrid

where the optimization algorithm is treated by a multi-integer linear

programming (MILP). The MPC-MILP calculates the schedule of the

energy flow for the different distributed generators every 15 minutes

and predicts the system’s state for one hour. The computation time

takes 24 s, and it is repeated every 15 minutes on an Intel Core 2

Duo CPU, 3GHz. The scheduling is based on the price forecast, power

generation, and load, where no error is assumed. When a disturbance

to the parameters occurs, the schedule is recalculated. MPC has been

used jointly with other techniques to account for uncertainties. In [214],

the use of a robust-MPC for a PV-BESS scheduling is proposed, with the

economic incentive revenue being considered uncertain. The latter is

modeled as a box uncertainty set to get the control law as a function of

its robustness. However, the uncertainty set’s limits negatively affect

the optimal performance of the PV-BESS. The computational time is

around 20 ms using a 4.3 GHz CPU. In [215], a MPC-based chance-

constraints stochastic optimization is adopted to manage the power

flow in a microgrid. The power generation forecast, the demand, and
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the EV’s connection and disconnection times are the uncertain variables.

Although the chance-constraints stochastic optimization benefits from

the MPC, this technique significantly affects the computation time, so it

is unsuitable for a sampling time lower than one hour.

Explicit MPC (eMPC) reduces the online optimization time and algo-

rithm complexity. This method operates offline to create an explicit

function that is a map of the optimal control laws depending on the

uncertain parameters and on the active sets related to the given con-

straints [216]. It inherits the MPC advantages without requiring online

optimization. Indeed, during the online operation, it only evaluates

the explicit function calculated beforehand, thus offline, by using the

actual values of the parameters considered uncertain in the offline MPC

based optimization. This approach drastically reduces the online com-

putation time compared to a classical MPC, as stated in [217]. For this

purpose, Multi-Parametric Programming (MPP) is a mathematical tool

that helps solve the explicit solution of the eMPC problem. The MPP

allows creating the optimized control laws as functions of the uncertain

parameters, the latter being modeled as bounded ranges of values, thus

not as historical sequences of data.

The MPP has been widely used to implement eMPC approaches in batch

scheduling, control, and optimization of process system engineering

[218]. Instead, in energy, this approach has not been exploited. Few

examples use this technique for EMS, accounting for uncertainties in

the literature. In [219], MPP has been used to dispatch energy by mini-

mizing a microgrid cost operation. The uncertainties affecting the load

consumption, the wind and the PV power production forecasts were

accounted for. The computation time for the real time operation is only

34.8 µs in contrast with 372 ms using a traditional online optimization.

The offline optimization is carried out on a remote cloud platform, and

the real time operation on a digital signal processor. In [220] the same

technique is used to manage the energy schedule of a combined heat

and power energy system. Uncertainty in a rolling horizon framework

affects the demand and state of the power units and the heating system.

Unfortunately, this approach was not applied to a real system. In [221],

an eMPC battery charging control based on eMPC was presented, but

no parameters were considered uncertain.
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Figure 4.1: Main components of the PV based charging station at the Univer-
sity of Trieste

4.2.3 Description of the charging station
The University of Trieste, thanks to the project MUSE [187], has recently

installed a PV based charging station including a Sonnen inverter with

an embedded battery. The system is connected to the electrical grid

feeding the University campus (Fig. 4.1) The PV array consists of two

strings with 7 PV modules each and has a nominal power of 3.9 kWp.

The single-phase inverter Sonnen Hybrid 9.5/10 has a maximum power

equal to 3.3 kW, and it converts the DC power from the PV array and the

Battery to AC. The lithium iron phosphate 10 kWh battery embedded

into the Sonnen inverter can deliver a maximum power equal to 3.3 kW.

Each of the two charging stations, one dedicated to EVs and the other

to electric bikes, has two sockets. The EV and bike charging stations can

have a maximum power of 22 kW and 440 W per socket, respectively.
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However, the station only charges a specific EV, a Nissan Leaf, for the

current study. This car has a 40 kWh battery and an embedded 6.7 kW

battery charger.

4.2.4 Modeling and problem formulation
To capture the dynamic of the charging station, state space model is

commonly used specially for applications in eMPC. This model includes

a vector of state variables (x(k)) and a vector of control variables (u(k))
and takes the following form:

x(k + 1) = Ax(k) + Bu(k),

y(k) = Cx(k).
(4.1)

A is the state-space matrix, B depends on the coefficients of the control

variables and C is the matrix identity so that the output y(k) is equal

to state variable x(k) and k is the time step for a discrete state space

model.

For the current application, the BESS’s SoC (SoC(k)) is the state vari-

able, while the battery charging/discharging power (Pbat(k)) and the

power from/to the main grid (Pgrid(k)) are the control variables (u(k)).
Thus, the vectors appearing in the state space model are:

x(k) = [SoC(k)] (4.2)

u(k) =
[
Pbat(k) Pgrid(k)

]
. (4.3)

The system’s dynamic is based on the storage unit (BESS) and the

balance equation of power of the charging station. In this model, the

power fed into the grid is positive, and the one extracted from the grid

is negative. In the case of the BESS, the power is positive when it is

discharging and negative otherwise. The BESS’s SoC depends on its

previous state and the ratio between the current battery capacity and

its maximum value Cmax. The battery capacity varies with time and

depends on its efficiency (nbat), the current Pbat(k) and the sampling

time (Ts):

SoC(k + 1) = SoC(k) − nbatTs

Cmax
Pbat(k). (4.4)
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In this model, the efficiency for charging and discharging is assumed

to be equal for both cases and positive. Then, the main equation that

governs the charging station is the power balance which is the net

sum between Pbat(k), Pgrid(k), Ppv(k), PEV (k) at the point of common

coupling. The sum should be equal to zero at every time instant, thus:

Pbat(k) + Pgrid(k) + Ppv(k) − PEV (k) = 0. (4.5)

4.2.4.1 Problem Formulation
The main goal of the optimization problem is to reduce the CO2 emis-

sions and operational costs. This goal is gained by minimizing the grid

power feeding the EV for a specific prediction horizon (Np), thus max-

imizing the exploitation of the PV/BESS system. Moreover, the BESS

should charge only when PV power is available. Thus, the objective

function includes three terms: the power from the grid, the BESS, and

finally, the power from the PV. The three weights (α1, α2, α3) assign

the priority to each power source. The objective function is expressed

as follows:

min J(k) =
Np−1∑
k=1

α1P 2
grid(t + k) + α2(P 2

bat(t + k)) + α3(P 2
pv(t + k))

(4.6)

According to the strategy explained above, the highest priority is given

to the group of the PV/BESS. Meanwhile, the lowest priority is given to

the grid, as the main objective is to minimize the energy consumption

from the grid. These values remain fixed during this study. The weight

factors, α1, α2, and α3 have been selected by using the guidelines

presented in [222], and by testing different weight factors to check

the system’s performance. The testing of these weight factors was

performed with the main goal of the grid energy minimization. On this,

it is important to mention that the BESS should not be charged during

night hours by the grid. During the day, the BESS can be charged by

the available PV production. However, if the EV connects during the

day and the BESS is not fully charged, the BESS and the EV could have

power coming from the PV production. Thus, α2 and α3 are equal. For

this application, α1 is 0.016, (α2) and (α3) are set to 0.014. These
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values allow a good trade-off between minimizing the power provided

by the grid and the MPC controller stability.

4.2.4.2 Constraints
The constraints are formulated by considering the safety limitations of

the system. The SoC should be inside some safety limits in order to

prevent the battery degradation. The maximum and minimum power

limitations for the battery and the PV system are considered too:

SoCmin ≤SoC(k) ≤ SoCmax,

P min
grid ≤Pgrid(k) ≤ P max

grid ,

P min
bat ≤Pbat(k) ≤ P max

bat .

(4.7)

In the real system considered for the experimental validation of the

eMPC, the PV system, and the BESS are both managed by the same in-

verter (Pinv), so that the following additional constraints are accounted

for:

P min
inv ≤Pinv(k) ≤ P max

inv ,

Pinv(k) =Ppv(k) + Pbat(k).
(4.8)

4.2.4.3 MPP formulation
Because the online solving of the previous problem formulation can

be time-consuming in a real implementation, MPP is formulated in

order to solve the problem offline over predefined ranges of parameters

treated as uncertain.

In the current case, the cost objective function presented in (4.6) is

translated to a MPP-Quadratic Programming (MPP-QP), which obeys

the following expression:

J(θ) = min
u∈R

(Qu + Hθ + c)T u

s.t. G(θ)u ≤ W + Eθ

θ ∈ Θ ⊂ Rq

θmin
l ≤ θl ≤ θmax

l , l = 1, ..., q.

(4.9)

On this equation, Θ is the space of the uncertainty parameters, Q ∈
R(nxn), H ∈ R(nxq), c ∈ Rn, G ∈ R(mxn), G ∈ R(mxn), W ∈ Rm, and
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E ∈ R(mxq). The objective function (4.6) is formulated according to

the quadratic MPP function presented in (4.9), thus Q, H, c, G and

W are computed from the matrices A, B and α. The mathematical

transformation is explained in [223].

The solution to the problem is a piecewise affine function defined by

the active sets constructed due to the constraints and the limits given by

the uncertainties. Every function defines a polygon, known as a Critical

Region (CR). By definition, in the CRs, the objective function relates

to each of the uncertainties and their combination. Each CR gives the

optimal value of the control variable vector (u(θ)) when the uncertain

parameters assume values falling in that CR [218].

4.2.4.4 Uncertainties

In MPP formulation, the uncertainties are modeled as bounds defin-

ing the uncertain ranges that could correspond to forecasting errors,

variance, or minimum and maximum values. For an MPP formulation,

the uncertainties should be those parameters that can be measured

in real time. In the present application, these parameters are the PV

production (θpv), the EVs power consumption (θEV ), the BESS’s SoC

(θSoC), all provided by the charging station. Furthermore, electricity

price (θp) and CO2 emissions (θCO2) are also parameters that can be

known in real time and are given by the Transmission System Operator

(TSO). Thus, the vector of the uncertainty parameters is defined as:

θ(k) =
[
θpv(k), θEV (k), θSoC(k), θp(k), θCO2(k)

]
. (4.10)

For the current case, the uncertain parameters assume values within

given bounds as follows:

P min
pv ≤ θpv ≤ P max

pv ,

P min
EV ≤ θEV ≤ P max

EV ,

SoCmin ≤ θSoC ≤ SoCmax,

P ricemin ≤ θp ≤ Pricemax,

COmin
2 ≤ θCO2 ≤ COmax

2 .

(4.11)
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In order to obtain a possible solution of the MPP for any given day,

the ranges assumed for θpv and θEV go from 0 to the maximum PV

power and the maximum EV load respectively. In the case of θSoC , the

minimum and maximum values are the same as the limitations chosen

in (4.7). For the limitations of price and CO2 emissions, it is necessary

to analyze the data given by the TSO from the previous years, in order

to see which are the minimum and maximum possible value. In this

study, the ranges chosen are wide enough in order that the mapping of

the critical regions guarantee the solution for any given case, even for

quick variations of the uncertainties.

Two further constraints are added concerning to the two last uncertain

parameters. These constraints give a threshold regarding the CO2

emissions and the electricity price. This threshold is limited by Γ1 and

Γ2 for the electricity price and the CO2 emissions, respectively. The

lower the value of Γ1 and Γ2, the lower the chance to recharge the EV

with power from the grid when CO2 emissions and electrical price are

higher in the day. These two constraints are written as:

0 ≤ θp ∗ Pgrid(k) ≤ Γ1, (4.12)

0 ≤ θCO2 ∗ Pgrid(k) ≤ Γ2. (4.13)

4.2.4.5 MPP model solving
In literature, a few algorithms for multi-parametric quadratic program-

ming are available. They have three main objectives:

1. the creation of the CRs in the multidimensional space of the

uncertain parameters;

2. the calculation of the control law corresponding to each region;

3. the capability to enter into the corresponding CR once the actual

value of the parameter that was considered as uncertain during

the optimization process becomes known.

Regarding the first objective, the partition of the problem in different

CRs is based on computational geometry. This algorithm creates piece-

wise quadratic models into polyhedral regions limited by the given
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constraints, the inputs, and the space of states. The geometric computa-

tion algorithm divides the space for every time step of the corresponding

prediction horizon. This approach is explained in detail in [216]. As

for the second objective, a Parametric linear complementary program-

ming is applied to every created CR. This repeats for the complete

parameter space and it is performed offline. Finally, regarding the last

goal, a Point location problem is used in order to find the CRs and the

corresponding control law [224]. This third step operates on the real

values of the parameters, thus it is effectively developed online. More

information about these algorithms can be found in [217]. As for the

offline optimization procedure, the algorithm steps are summarized as

it follows:

1. Divide the parameters space in a range of finite values (i);

2. Select a parameter (θ);

3. Set the constraints and the initial state of variables;

4. Calculate the corresponding critical region (CRi) for the specific

(θi);

5. Solve the MPP quadratic problem to obtain the control law as a

function of the parameter (u(θi));

6. Store the control function;

7. Repeat this for every time step into the prediction horizon;

8. Repeat the procedure until all the parameter space is analyzed.

Once the critical regions have been created for the entire parameter

space, these are used at each time step during the real time operation,

when the actual values of the parameters that were considered as

uncertain in the offline optimization procedure are known. Thus, the

CRs are evaluated as follows:

1. Measure the real values of θ;

2. Search the corresponding CRi, such that θ ϵ CRi;

3. Calculate the control variables (u(θ)) for the complete Np.
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θ1=a
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θ2=b’

θ1=a' J(a’,b’)

Figure 4.2: Simple example of CRs in the space of the uncertain parameters

Fig. 4.2 shows an example of a bi-dimensional space of two uncertain

parameters θ1 and θ2 in which two CRs, i.e., CR1 and CR2, have been

generated through MPP. If, during the real-time operation of the system,

it is θ1 = a and θ2 = b, then the objective function value J(a, b) falls

within CR1, thus the system control variables are settled according

to this. Instead, if θ1 = a′ and θ2 = b′, then the objective function

value falls in CR2, so that the control variables are settled differently

from the previous case. For the current application, the quadratic MPP

problem is solved by using the toolbox MPT 3.0 available in MATLAB,

with an interface to YALMIP. This toolbox is specialized for parametric

optimization, computational geometry and model predictive control.

The main solver is Parametric Linear Complementary Programming

(PLCP). Additionally, this toolbox permits saving the CRs defined by

the control laws in C code, which can be used by other software or

platforms.

4.2.5 Real time control using eMPC
In this section, the real time control is formulated based on eMPC. The

common operation of this technique is to provide an optimal solution

for the future, which yields in the current state, constraints, and the

given dynamics of the system. In the specific framework of the charging

station, this means that, at the current point in time (k), an optimal

plan is formulated for a prediction horizon (Np) based on the prediction

of the response of the BESS, the current θSoC , and the real values of

θpv ,θev, θCO2 , and θp. Then, the CRs are evaluated to search for the

control law, taking into account the actual values of the uncertainties.
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Figure 4.3: Example of the eMPC operation (Np: Prediction Horizon, Nc:
Control Horizon)

The control variables (Pbat and Pgrid) are chosen from these CRs for

the next time step (k + 1) known as control horizon (Nc). The decision

is implemented for this Nc. At the next step, the new values of the

uncertainties and the current state of the battery are measured, and

a new optimal schedule is planned. As a result, the horizon is shifted

(see Fig. 4.3) at every sampling time. This rolling horizon approach

helps to compensate for the optimal solution when new information is

available, e.g., uncertainties.

In the current study, the offline mapping of the CRs occurs only once,

and it is not repeated at any time of eMPC operation. If the problem

formulation changes, e.g., because of the ranges of the uncertain pa-

rameters, the constraints, the horizon Np and Nc change, then the CRs

have to be recalculated. The operation of the eMPC is summarized in

Fig. 4.4.

4.2.5.1 Numerical simulation

This section presents the simulation results of the proposed EMS based

on eMPC. It first presents a basic case study to explain the operation

of the proposed algorithm. Then, it presents the performance under

different settings. The data for the numerical simulation is obtained

from the PV/BESS based EV charging station at the University of Trieste.

The main parameters of the charging station are summarized in Table

4.1, while those referring to the BESS are collected in Table 4.2. The
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Figure 4.4: eMPC framework

4.2 A real-time EMS of a PV-based EV charging station accounting for
uncertainties 87



Table 4.1: Charging station’s main parameters

Parameters Value Units

Maximum PV power 3900 W
Maximum battery power 3300 W
Maximum inverter power 3300 W
EV charging power 6700 W

Table 4.2: BESS main parameters

Parameters Value Units

Technology Lithium iron phosphate battery
Normal capacity 10 kWh
Number of max cycles 10000 cycle
Vdc 50 V
Efficiency 98 %
Warranty 10 years
Maximum Power 3.3 kW

data of PV production, EV power consumption, and the SoC of the BESS

have been saved with a Ts of five minutes.

4.2.5.2 Case study description
This case study aims to show the way the proposed algorithm works.

Thus, the set of uncertain parameters has been limited to θP V , θEV ,

and θSoC , so that the CRs can be visualized in three-dimensional space.

The ranges of these uncertain parameters (4.11) are listed in Table 4.3.

As for θP V and θEV , the upper bounds are set by taking into account

the rated power presented in Table 4.1. The upper and lower bounds

of the θSoC range have been fixed by considering the safety limits of 10

% and 90 %, respectively.

Table 4.3: Lower and upper bounds of the uncertainties

Uncertainties Min Max Units

θP V 0 3900 W
θSoC 10 90 %
θEV 0 6700 W
θSoC 10 90 %
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Table 4.4: Vertices corresponding to CR2

θP V (W) θEV (W) θSoC (%)

3300 0 90
0 0 90
3300 3300 90
3300 0 68.57

The sampling time chosen for the model formulated in Section 4.2.4 is

5 min. In the objective function presented in (4.6), the weight values

are: α1 = 0.016, α2=0.014, and α3=0.014. For the eMPC, the Np

is set to 12 time steps and Nc is equal to one time step. The time

step corresponds to the sampling time, i.e., 5 minutes. For this case

study, experimental data acquired on the 22nd of July 2020 have been

considered.

4.2.5.3 MPP Solution

MPP solves the optimization problem and determines four CRs (Fig.

4.5). These polyhedral regions in the three-dimensional space of the

uncertain parameters correspond to 33 variables, 154 inequality con-

straints, 22 equality constraints. Additionally, 33 lower and upper

bounds corresponding to each time step of the Np have been consid-

ered.

As an example, it is worth noting that CR2 is a pyramid where the θP V

varies in the range [0, 3300] W, the θSoC in the range [80, 90] %, and

the θEV in the range [0, 4000] W. It has in total four vertices, taking

the values presented in Table 4.4. This region is represented as follows:
1 0 0
0 −1 0
0 0 1

−0.0065 0.0065 −0.9999

×


θP Vk

θEVk

θSoCk

u(k+1)

 ≤


3300

0
90

−89


Every CR is associated with a specific set of control variables values and

does not mesh up with other regions. The total solution is saved in a

look-up table using a memory space of 9 kB.
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Figure 4.5: Critical Regions constructed by the MPP when θP V , θEV and θSoC

are taken into account

Figure 4.6: Critical Regions when
θSoC is known and equal
to 90 %.

Figure 4.7: Critical Regions when
θSoC is known and equal
to 11 %

4.2.5.4 eMPC performance
The eMPC moves in these CRs by reading the set of actual uncertain

parameters values and by evaluating in which CR they fall to get the

optimized values of the control variables. For instance, in the case

θSoC = 90%, the solution falls inside one of the CRs that are visible in

Fig. 4.5 at the top face of the parallelepiped. This plane is shown in Fig.

4.6, where are three critical regions that depend on two parameters:

θpv, and θEV .

As an example of the eMPC operation through the CRs shown in Fig.

4.6, at the first time instant, with θSoC = 90%, θpv = 1500W and
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θEV = 3000W , the objective function takes the value J1. The optimized

schedule is determined for the Np, and only the samples for the corre-

sponding Nc are implemented. In this case, Nc is equal to the sampling

time. As a result, the EV is fed from the grid for the next sampling time

by 694 W, by 805 W from the BESS, and the PV array provides the

remaining part.

In another instant, the current values of the uncertain parameters

are again measured, and they are: θSoC = 11%, θpv = 1500W , and

θEV = 3000W , so J2 is obtained. It falls in CR4, and it is in the plane

illustrated in Fig. 4.7. For this value, the EV is fed from the grid by

1045 W, by 455 W from the battery and the remaining part is provided

by the PV array.

The evaluation of the CRs with the current values of the parameters that

were considered as uncertain during the MPP formulation is repeated

every sampling time. The power profiles, computed as described above

over the whole day, are shown in Fig. 4.8. In the day considered in this

example, the EV connects for recharging early in the morning, at 9 am,

when the PV production is still low and the BESS SoC is close to 90 %.

The algorithm calculates the optimized control values of Pgrid and Pbat.

As long as the PV array delivers more power, the battery reduces its

contribution. The EV battery recharging terminates after three hours

from its connection. Afterward, the PV system recharges the BESS until

the SoC approaches 90 %. The maximum PV power is close to 3.1 kW

and the BESS recharges in 5 hours.

Figure 4.8: Power profiles for the simulation test
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4.2.5.5 Effect of changing prediction horizon and number of
parameters

The prediction horizon and the number of uncertain parameters affect

the eMPC performance. This subsection examines their effect on the

proposed study from the operational point of view.

First, a number of different Np values has been tested with the same

number of uncertain parameters presented in Section 4.2.5.2. All the

other parameters and the data set remains unchanged. Np takes the

following values: 3, 12, 24, 36, and 144, which correspond to 15

minutes, 1 hour, 2 hours, 3 hours, and 12 hours, respectively. Fig. 4.9

shows the charging and discharging power of the battery for each of

the five Np values considered. The EV is connected at 9 am; thus, the

battery proceeds supplies power to the charging station. There is no

difference among the performance for Np = 3, Np = 12, or Np = 24.

However, this power reduces slightly for the case of Np = 36.

Figure 4.9: Battery power profiles for different prediction horizon (Np)

Instead, for Np = 144, the battery supplies only Pbat=0.5 kW. Addition-

ally, at the end of the EV’s connection, there is a sudden reduction of

the PV production (Fig. 4.8), thus, the battery needs to compensate

for the loss of power. In the case of a Np ≤ 12, the compensation for

the quick variation is 1.2 kW. The compensation is less than 0.8 kW

for Np = 24 and Np = 36. However, this compensation does not occur

when Np = 144. After the EV disconnection, the higher the Np the

smoother the charging power of the battery. For Np = 144, the charging

power is reduced as the battery has not been fully depleted from the
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first interaction with the EV. In any case (charging or discharging), the

slow control is because the objective function is evaluated for a longer

time. Although the battery shows a slow dynamic, its charging profile

varies with the Np value.

A further analysis has been conducted by varying the number q of the

uncertain parameters (θ) and thus the number of constraints (see (4.9)).

The test is developed for a) q = 3 and b) q = 5. The prediction horizon

is the same for both studies and equal to Np = 12. For q = 3, the

main parameters and the study case are described in Section 4.2.5.2.

For q = 5, adds to the previous study θCO2 and θp. Their bounds and

the additional parameters are in Table 4.5 and 4.6. The dataset of

PV production and EV consumption are the same as Section 4.2.5.2.

The power profile of the both cases remains the same, and it does

not present any variation under the performed parameters. This is

because θCO2 and θp affects directly on the amount of power bought

from the grid but not the one related to the battery. The variation of

these parameters and its effect on the system are tested on the real time

operation.

Table 4.5: Lower and upper bounds of the uncertainties

Uncertainties Min Max Units

θP V 0 3900 W
θSoC 10 90 %
θEV 0 6700 W
θp 0.03 0.1 e
θCO2 0.3 1 kg

Table 4.6: Main parameter’s values

Parameter Value Unit

Γ1 2 e/W
Γ2 2 kg/W
Np 12
Nc 1
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4.2.5.6 Evaluation of computational performance

The evaluation of the computational operation is performed by varying

the number of uncertain parameters and the prediction horizon. As first,

it is tested for q = 3 and a Np that varies from 3 to 144. Afterwards,

the analysis is performed for q = 5 with the same variation of Np as

the case before. The number of regions created, variables, inequality

and equality constraints are summarized in Table 4.7. Additionally, the

computation time and the size of the file containing the data describing

the CRs for each case are also shown. The increase of the number

of parameters determines an increase of the number of regions. In

this case, the number of CRs does not change with Np. Instead, the

computation time increases as the number of θ and Np increase. On

the same processor mentioned above, it can go from 0.15 s to 2400 s

by only varying q and Np. However, for q = 5 and Np = 144, the

solution is infeasible after 12 hours of simulation. As the number of

parameters increases, the file’s size where these values are stored also

increases, but it keeps in the order of kB. These files can be used in

any hardware or platform to do the real-time control. The larger file is

obtained when the Np = 144 with a q = 3, but it is only 84 kB. It can

be easily saved and used by any low cost platform. To access the file

in online optimization only takes 0.019 s. Thus, it did not change with

any variation of Np or the number of θ.

In conclusion, the eMPC parameters affect performance and the offline

optimization computation time. Although the offline computation time

increases with the number of parameters, the online use of the CRs

resulting from the offline optimization of the eMPC always needs the

same computation time. This is because the online procedure only

searches for the specific control laws by inspecting the CRs accord-

ing to the system’s current status. This one represents the significant

advantage of eMPC with respect to a simple MPC.

4.2.6 Experimental validation
Two testbeds were used to evaluate the proposed EMS strategy’s control

and computing performance. The first testbed (Testbed 1) is completely

based on a personal computer (PC), while the second includes a dSPACE

Scalexio (Testbed 2) as shown in Fig. 4.10.
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Table 4.7: Computational performance

q Np CR Variables Inequality constraints Equality constraints Time [s] File size [kB]

3 3 4 6 28 4 0.15 2.76
3 12 4 33 154 22 0.605 9
3 36 4 105 490 70 5.15 25
3 144 3 429 2002 286 506.7 84
5 3 4 6 44 6 0.188 4
5 12 6 33 242 22 2.213 10
5 36 6 105 770 70 2400 33
5 144 Infeasible 43200 -

PV/BESS 
Charging 
station

ENTSOE

OFFLINE 
CRITICAL 
REGIONS

& eMPC
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Figure 4.10: Testbed layout for the experimental validation: (a) Testbed 1
and (b) Testbed 2

There are two purposes of this experimental validation. The first one is

to overview the EMS’s performance under the effect of five uncertain

parameters. The uncertainties considered are θpv, θEV , θSoC , θCO2

and θp. The upper and lower bounds of these uncertain parameters

(4.11) are listed in Table 4.5. The bounds for θp and θCO2 are fixed by

considering the historical data of the electrical system in Italy, referring

to the years 2020 and 2021 [225]. The second purpose is to overview

the computing performance under different hardware.

In both testbeds, the CO2 emissions are calculated by using the type

of power generation given by ENTSO-E along the day. For comparison,

the variation of the price and the CO2 emissions are assumed to be

equal to the ones presented in Fig. 4.11 for all the tests.

Table 4.6 collects the used values of the factors and the constants

involved in the optimization model. The results achieved by using the

two testbeds are described in the following subsections.
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(a) (b)

Figure 4.11: Single day data of (a) electricity price and (b) CO2 emissions

4.2.6.1 Testbed 1

The PC used is an Intel i5-8500 processor with a frequency of 3 GHz

and a memory RAM of 16 GB. The eMPC runs in Matlab/Simulink. It

interacts with the charging station through a TCP/IP protocol to set the

control signals and to receive the actual Ppv, PEV , and SoC values. It

also receives from ENTSO-E the prices and type of power generation. In

this case, the communication between the PC and the charging station

occurs every 5 minutes, i.e. the sampling time. The control horizon is

equal to the sampling time (Nc=5 min) and the prediction horizon is

fixed at three times the Nc, thus at Np=15 min.

The MPP is run offline to map the CRs. Then, the eMPC operates at

every Nc by reading its inputs, accessing the CRs to fix the optimal

values of the control variables, and finally sending these values of the

control signals to the charging station. For each Nc, the eMPC takes

0.019 s to access the CRs and 2.5 s to read its actual input values and

settle the optimal values of the control variables of the charging station.

The MPP needs 0.34 s of computing time to determine the 4 CRs.

The power profiles referring to the 1st of July 2021 are shown in Fig.

4.12. The EV connects for recharging at 9 am. During the four hours

of charging, the PV array and the BESS feed the charging station with

their maximum power, i.e. 3.3 kW. Afterward, when the EV is fully

charged, the PV array recharges the BESS (40 to 90 %). The rest of the

power comes from the electrical grid.
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Figure 4.12: Power profile for Testbed 1 (Day 1)

In this result, it is important to notice that the PV/BESS has a slow

response to the variations of PV production and load due to the cho-

sen value of the sampling time and Np. Phenomena occurring on a

shorter timescale, thus within two consecutive Nps, receive a delayed

counteraction from the EMS.

4.2.6.2 Testbed 2
The second testbed uses dSPACE for implementing reactive scheduling.

The processor board is a DS6001 equipped with an Intel i7-6820EQ

processor with a frequency of 2.8 GHz. This processor has four cores

and a memory of 4GB RAM plus 8 GB of flash memory.

In testbed 2, the dSPACE communicates with the charging station

through the TCP/IP protocol to receive the values of Ppv, PEV and SoC

at each sampling time and to set the control signals (Pbat). Additionally,

it communicates with ENTSO-E to get the prices and the type of power

generation every hour. As for Testbed 1, the MPP is run offline to get

the CRs which are saved in the dSPACE as a lookup table. The eMPC

runs in the dSPACE platform and evaluates the CRs at every sampling

time with the actual data. For testbed 2, the sampling time chosen is

one second; thus Nc=1s, and the prediction horizon is Np=3s.

Two days have been chosen to evaluate this configuration’s performance.

On day 1 (7 July 2021), the EV is connected for recharging in the

morning. The PV/BESS and the grid supply power to the EV. During the

day, when the PV production rises, the BESS reduces its contribution
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Figure 4.13: Power profile for Testbed 2 (Day 1)

Figure 4.14: Power profile for Testbed 2 (Day 2)

proportionally. As a result, the BESS’s SoC drops from 90 % to 42 %,

and it is recharged in the afternoon. On day 2 (8 July 2021), the EV was

connected at 4 pm, during a day characterized by a large PV production

variability. Unlike Testbed 1, thanks to the shorter Nc, the PV/BESS

response is not delayed; thus the fast fluctuations of the PV production

and the EV usage are accounted for properly. The SoC of the BESS

decreases from 90 % to 40 %. The BESS is not recharging from the grid

at night and remains at 40 % until the next day.

4.2.6.3 Computing performance on both testbeds
Table 4.8 summarizes the computing times required by the two testbeds.

In both cases, the mapping of the CRs is performed offline, on the PC,

and only once. The eMPC in any testbeds takes less than one second as
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Table 4.8: Comparison between Testbed 1 and Testbed 2

Testbed 1 Testbed 2

MPP 0.34 s 0.34 s
eMPC 0.019 s 0.001 s
Online communication 2.5 s 1 s
Sampling time 300 s 1 s

Table 4.9: Variation of CO2 emissions and price by considering different
values of Γ

Γ1 = Γ2 Parameters Day 1 Day 2

Pgridmax [W] 554 245
Maximum Power PV/BESS [W] 3300 3300

1 CO2 [kg] 0.6474 1.199
Price [e] 0.1001 0.1707

Number of critical regions 5 5

1.2 Pgridmax [W] 1557 -3300 W 1983
Maximum Power PV/BESS [W] 3300 3300

CO2 [kg] 61.71 44.2121
Price [e] 11.49 5.9743

Number of critical regions 6 6

1.4 Pgridmax [W] 3700.00 3700.00
Maximum Power PV/BESS [W] 3300 3300

CO2 [kg] 91.06 75.8168
Price [e] 17.12 10.23

Number of critical regions 4 4

execution time. Thus, regardless of the testbed considered, this time

remains the same. The most significant difference between the two

platforms is the time needed to communicate with the charging station.

4.2.6.4 Analysis of cost and CO2 emissions
To analyze the cost and the CO2 emissions, different values for Γ1 and

Γ2 are explored and evaluated using the data from day 1 and day 2.

Three specific values are chosen: 1, 1.2, and 1.4 and it is assumed that

Γ1 = Γ2. The results are summarized in Table 4.9.

The variation of Γ1 and Γ2 affects the charging station’s response. If Γ is

less than 1, the power from the grid will be limited, and only PV/BESS,
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thus not the grid, are allowed to supply power to the EV (3300 W). This

lengthens the EV’s charging time or the charging process terminates

before the full charge is reached. If Γ is settled at 1.2, the grid delivers a

maximum power of 1557 W from 9 am to 11 am on day 1, and 3300 W

in the next 2 hours as the electricity price is lower. On day 2, however,

the charging station provides 5283 W, whereas the grid only provides

1983 W. This is owing to the fact that prices and CO2 emissions are

higher in the afternoon, limiting the amount of power supplied from

the grid. In the case Γ is greater than 1.4, the EV can be charged to its

maximum capacity of 6900 W and be fully charged in roughly 4 hours

for any of the two days tested.

4.2.6.5 Comparison with traditional method

To show the advantages of the proposed eMPC, a comparison with a

conventional MPC is proposed. The problem formulation is the same

presented in Section 4.2.4 for the proposed eMPC. The constraints

and limits of the parameters are also the same. The uncertainties are

defined as part of the constraints with the same bounds. The MPC,

in this case, reads at every sampling time the actual values of the

PV power production, the BESS SoC, the EV power absorption, the

electricity price and the CO2 emissions. Then, it runs the optimization

algorithm and calculates the values of Pbat and Pgrid to settle at every

sampling time. Next, it sends the values of the control variables as

outputs to the charging station. The values Pbat and Pgrid calculated

by the deterministic optimization are the same as the ones from the

eMPC approach. The power profiles are equal to the ones presented

in Fig. 4.13 and Fig. 4.14. Instead, the computation time required

by the optimization at every time step varies from 0.06 to 0.1 s, while

the eMPC approach only requires 0.019 s to access the CRs at each

sampling time (Table 4.8).

4.2.7 Discussion

In this study, the application of the eMPC to an e-vehicle charging

station based on PV/BESS by accounting for five main uncertainties is

shown. The uncertainties affect: θpv, θSoC , θEV , θCO2 , θp. The main

advantages by using this approach can be summarized as follows:

100 Chapter 4 EMS for EV integration: applications and case studies



• the general problem formulation assembles to a common MPC,

making it easier to code and to implement for any application.

The MPT toolbox by MATLAB helps to transition from MPC to a

MPP to create the CRs in offline mode;

• the uncertainties are modeled by fixing a range of real values for

each of them. These bounds can be min/max operation values or

forecast errors. In this application, it was chosen to use bounds

characterized by min/max operation values. This comes in handy,

especially for uncertainties that are difficult to forecast and for

which no historical data is available. For instance, in the current

application, the main uncertainty is the one related to the EV’s

connection, disconnection and power consumption. This uncer-

tainty is modeled by a range of values between 0 and 7 kW. Also,

the uncertainty of PV production, the price and CO2 emissions

are modeled in the same way. In the case of PV power, the bound-

aries allow considering sudden changes of solar irradiance during

the day. For instance, the 2nd of July 2021 in Trieste, the PV

production reduced to 0 in less than 1 minute in the afternoon

due to a cloud passing. Because of this behavior, the limits for the

PV production are set between 0 and 3.3 kW. The modeling of

price and CO2 emissions by using means of a couple of bounds

allows considering a wide range of values;

• the main advantage of using this technique is the computation

time in online mode. eMPC is based on two main aspects: cre-

ating the CRs in offline mode and the rolling control horizon

in online mode. The second one, only evaluates the CRs saved

beforehand. For the evaluation, it only takes 0.019 seconds to ex-

tract the control values from the CRs. By using other approaches

as stochastic-MPC, reported in [215], it takes 1.04 seconds for a

Np = 12, Nc = 3. Plus, it only takes into account one uncertain

parameter. In our case, the number of uncertainties is 5 and the

evaluation is 55 times less than the cited example. Because the EV

can come at any time, the optimization online has to be fast. Thus,

calculating the control laws beforehand offers a great advantage

for this type of application;

4.2 A real-time EMS of a PV-based EV charging station accounting for
uncertainties 101



• the control laws can be exported in C and python language,

making them independent of MATLAB or the MPT toolbox for the

real time control. This helps the porting of the real time control

to any platform. Its use in FPGAs [226] and chips [219] makes

eMPC suitable for low-cost platforms.

The main drawbacks of the proposed eMPC technique are summarized

as follows:

• The offline computation time and memory usage increase with

the problem’s dimensions. The number of CRs increases with the

number of parameters, constraints, and number of components.

Thus, the offline computation time increases. Therefore, the

proposed approach fits with low dimensional systems.

• The use of license software to construct the critical regions as MPT

Toolbox and that runs under Matlab framework. The mathemati-

cal approach behind the construction of the CRs can be complex.

Thus, the use of a toolbox or a programming tool is necessary.

This can be a drawback in the case it is required to reconstruct

the CRs.
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4.3 Vehicle-to-Ski: a V2G optimization-based cost
and environmental analysis for a ski resort

Ski resorts are becoming perfect demonstrations for the integration of

renewable sources. This section aims to study the implementation of a

vehicle-to-grid (V2G) application and the development of an MPC-based

energy management system (EMS) within a ski resort in the Trentino-

Alto Adige Italian region. Using real data for load and production power

estimation, the study analyses the economic and environmental impact

in three different scenarios by considering the resort’s future trends.

4.3.1 Motivations
Tourism plays a key role in a country’s economy. Especially in countries

with large mountain ranges such as the Alps, winter tourism attracts up

to 15% of the world tourism flow [227]. Tourism depends on a combi-

nation of environmental, economic, political, and technological factors.

Ski tourism benefits from snowy landscapes with climate characteristics

playing a decisive role. Climate change is becoming a concern for the

sector, demanding timely solutions due to rising temperatures and snow

shortages. Research might help understanding how climate change

impact winter tourism identifying the correlations and incidence of

different meteorological variables [228, 229]. Ski resorts are the core

of winter tourism. Their services include not only the ski-lifts but also

catering, water management, slope maintenance and snowmaking. A

ski resort is extremely energy intensive throughout the day, absorbing

large amounts of electricity and consequently contributing to the envi-

ronmental impact in terms of equivalent CO2 emissions. Moreover, ski

resorts commonly use diesel-powered vehicles, thus exacerbating the

CO2 emissions. Nevertheless, ski-resorts can become important assets

for the development of an energy sustainable community thanks to the

introduction of renewable energy sources.

4.3.2 Related literature
In the literature, different studies aims to analyse ski-resort energy flows

from different point of view. For instance, [230] presented a study of

distributed energy generation in a Colorado ski resort, assessing the

economic and technical feasibility of feeding both electrical and thermal
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loads. Their results indicated that solar and wind generation are not

yet cost-competitive as a CHP (Combined Heat and Power) plant for

the annual base load. However, [231] demonstrated in study focusing

on solar, wind and hydro power that the three technologies can be

implemented for any ski resort with some consideration of individual

barriers and constraints. [232] evaluated an Alpine microgrid through

the integration of RES (Renewable energy sources), focusing mainly on

the study of voltage drops on power lines. However, the integration of

electric mobility is only mentioned with the aim of increasing the sus-

tainability of the system. Due to the global EV acceptance, an increasing

number of EVs in the coming years will lead to a necessary expansion of

the electric charging facilities at the ski resorts. If bidirectional charging

stations are developed, it would be possible to exploit the aggregate

capacity of EVs to provide V2G services. Considering the amount of

energy flow involves in the ski resort, one wonders what is the best

way to manage energy flows within the local energy system aiming

to maximize or minimize specific objectives. Research has dedicated

considerable effort to the development of EMS, EVs management and

V2G technology [233, 234], including both optimisation and real-time

aspects [235–237]. For example, [238] presented a multi-objective

EMS for EV charging and discharging strategy based on particle swarm

optimization by optimally handle costs and load variance whereas [239]

developed an EMS for industrial virtual power plant with the aim of

maximizing profits including EV integration.

An optimization model investigates the integration of EVs and smart

grids in [240] with the aim of minimizing electricity and CO2 costs,

proving that the grid system might be sustained when EVs are parked

reducing the cost of the overall system. A technical and environmental

analysis of different storage mechanisms including EVs with V2G, bat-

teries and pumped hydro storage is evaluated in [241] showing great

advantages and opportunities especially regarding the CO2 reduction.

[50] presented a V2G integration on residential microgrids with differ-

ent control scenarios by optimizing the environmental and economic

impact. The results showed that controlling EVs reduces total system

costs while also lowering CO2 emissions compared to the uncontrolled

strategy.
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Typically, electricity is sold under two different price bands, the so-called

Time-of-Use (TOU) tariffs, to encourage customers to shift their energy

use to other periods. The energy arbitrage process takes advantage of

this price difference by using a storage system so that energy is bought

at the lower price and then used when the cost increases during the day.

Several authors studied this technique providing information regarding

its usefulness. In [242] different energy arbitrage scenarios are studied

where an aggregator aims to minimize energy costs and CO2-emissions

with different battery technologies in a Community Energy Storage

(CES) system. Peak shaving and price arbitrage processes are studied

by [243] to analyse the benefits of Li-Ion batteries as energy storage in

commercial buildings with PV generation. In [244] an energy arbitrage

strategy is developed for an EV fleet using departure and arrival time

predictions. However, battery degradation is not considered leading

the results to be too optimistic. Another energy arbitrage strategy

considering battery degradation and electricity price forecasts is studied

in [73]. Nevertheless, different markets prices are evaluated without

any consideration on future prices and there is no information regarding

batteries availability to exchange energy.

To the knowledge of the authors, no works on V2G integration and

EMS implementation on ski-resorts with real data has been found in

the current literature.

4.3.3 System description
A main feature of a ski resort is its considerable energy consumption

and its countless electrical loads. The purchase of this energy is a major

cost to which attention is always paid. There are different electrical

energy-intensive components in a ski-resort. Ski-lifts and artificial snow

production are the most relevant contributions of electrical energy and

water consumption. Both are the main operating costs and account

for about 40% and 50% of total electricity consumption for lifts and

snow making, respectively [245]. Therefore, it is extremely beneficial

to properly manage them by minimising costs and wastes as much as

possible. A further cost, not related to electrical energy but to diesel

consumption, is the usage of snow groomers for slopes maintenance.

The study of an EMS allows an optimised handling of the electrical flows
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}

Figure 4.15: System representation with the main elements of the proposed
system.

within the ski area, considering the operational costs and constraints of

the ski operator. The proposed system consists of several interconnected

elements that perform different functions (see Fig. 4.15). The ski resort

is connected to the grid by means of several MV substations and it in-

cludes several powers flows such as the photovoltaic production (PP V ),

the ski-lift load (PSL), the snow-making plants (PSM ) and the V2G

contributions due to EVs (PEV ). The photovoltaic production system is

assumed to be installed on the roofs of the facilities (restaurants, hotels

and ski-lift stations) producing energy that is directly used by the re-

sort. The V2G module optimizes the EV reference charging/discharging

power PEV iref
by using data predictions such as PV power, total load

power PL, charging stations (CS) reservation data CSrsv and the CO2

emission intensity (gCO2eq/kWh) in order to minimize the specific

objective function. The purchased (σB) and sale (σS) energy prices are

not forecasted since they are both known in advance and fixed by the

Distribution system operator (DSO).

The proposed electric vehicle parking lot is seen as an aggregated bidi-

rectional component as it can both absorb and deliver power according

to the resort and to the EV’s owners needs. The ski resort’s loads are
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divided into two main groups: the total electrical power required for

snow making and the total power absorbed by the ski-lifts.

The proposed EMS consists of an MILP-MPC-based V2G optimization

that aims to minimize electricity cost and environmental impact by

optimizing EV charging and discharging process exploiting 24-h fore-

casting data with 30-min resolution. The control law is calculated by

optimising the value of an appropriate objective function, considering

the different constraints and the system model. The optimisation is

performed at each sampling time throughout the time horizon, allowing

the system state to be updated and the predictions to be re-evaluated.

4.3.3.1 Ski resort
The ski-resort area analysed in our study is located in Italy, in the

Trentino-Alto Adige region and is considered a medium-sized ski resort

with approximately 50 km of total slopes length. The ski resort includes

several sub-resorts and this study examines only one of them, with about

15 km of slopes length at an average altitude of 2000 m. However, the

work can easily be scaled up for a larger one, simply by adding more

variable, parameters and constraints. The ski season typically lasts

three to four months with considerable dependence on temperatures

and availability of snowfall and water for proper snow making of the

slopes.

A skiing day usually lasts eight hours in total throughout the season.

Although the days get longer in spring, it is preferred not to extend the

operating hours as skiers lose energy even before the scheduled closure

[245].

4.3.3.2 Photovoltaic production
As already mentioned, the installation of a certain number of pho-

tovoltaic systems is assumed to account for the power balance. By

analysing the ski resort facilities and calculating the total area, an

assessment of the available photovoltaic power can be made. The

estimation does not take into account technical and environmental

constraints and only wants to provide a correct order of magnitude.

The areas considered are the ski lift stations, commercial facilities and

accommodation within the ski resort. PV power production forecast, as

well as the other variables, is necessary for the optimization algorithm
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in order to predict the behaviour of the system and determine the proper

power references to minimize the objective function. Concerning the

prediction of the PV power for the V2G optimization, it is assumed that

on day d the expected irradiation for day d+1 is known to forecast the

generated power according to the total available PV area. In particular,

two different arrangements of PV modules were assumed: flat and

tilted plane. For these two types, a PV capacity of 10 kW/120 m2 and

10 kW/60 m2 was considered, respectively. Through an estimation of

the available surfaces in the ski-resort it has been calculated an area of

2200 m2 and 1570 m2, for tilted and flat plane respectively, obtaining a

nominal power of the plant of about 0.5 MW.

Irradiance data were obtained through the Copernicus Atmosphere

Monitoring Service (CAMS) [246] for the location of the studied resort

during the entire 2019 ski season. Through this service it is possible to

obtain data with high temporal resolution of Global, Direct and Diffuse

solar irradiance for actual weather as well as for clear-sky conditions.

4.3.3.3 Load profile
In order to optimise and control the energy flows within the ski resort,

it is essential to predict the electrical load profile so as to foresee the

upcoming action. The total electricity consumption of the ski resort

is due to the ski lifts, accommodation facilities, auxiliary services and

to the snow production during necessary periods. In this study, snow-

making power profile is estimated by using a variable number of snow

guns and only during the night, depending on the ski slopes involved

in the process.

Ski-lift

The ski lifts aim to transport skiers to the top of the slopes, and they

work continuously every day during the whole ski season. The power

absorbed by a lift motor varies according to many parameters including

length, elevation gain, transport speed and capacity. For example, a

4-person chairlift with a 1000 m length, a 400 m elevation gain and

a capacity of 2000 pers./h has a maximum power of 415 kW. A fixed

speed is typically kept so that the travel time is always constant. Thus,

as the number of skiers increases, the power required also increases,

varying considerably during the day. The ski resort’s opening hours may
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differ depending on altitude and location, but they usually run from

8:30 a.m. to 4:30 p.m. throughout the ski season. The largest electrical

power consumption contribution is clearly due to ski lifts. For this

reason, forecasting the power consumption is necessary to minimize

electricity costs during day operations. Due to the lack of measuring

equipment on the chairlift supply lines, it is necessary to estimate the

power consumption over time in another way. The ski resort has 8

ski lifts with a maximum full-load total power of about 2 MW and a

minimum no-load total power of 750 kW. At the beginning of each ski

season, a load test is carried out on all chairlifts to certify everything

is working properly. During this test, the no-load and full-load active

power for each plant is measured by simulating the weight of skiers

with sandbags.

The amount of work W required to move a mass m between two points

at different heights h is calculated using the law of potential energy.

Assuming that the acceleration of gravity g and the height between the

two points are constant, the potential energy is proportional to the mass

to be moved. If the ride time interval ∆tr is constant and neglecting

friction losses, the required mechanical power Pmec varies linearly with

the mass, as shown in (4.14):

Pmec = W

∆tr
= mgh

∆tr
(4.14)

In this way, using the electrical power measurements from the tests

mentioned above and knowing that the power increases with the num-

ber of passengers, it is possible to use the turnstile ski pass reading to

estimate the active power absorbed by each lift every ∆t minutes. The

power absorbed PSL can be express as in (4.15):

PSLs = P0s + ps

Pmaxs · ∆t
(Pfs − P0s) (4.15)

where ps is the number of passengers logged in the time period ∆t [h],

Pmaxs is the ski lift nominal capacity [person/h], P0s the no-load power

[kW] and Pfs the full-load power [kW] for each plant s. Using the real

data of skier runs provided by the lift operator of the ski resort under

investigation, it is then possible to calculate the power consumption
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Figure 4.16: Ski lifts power estimation during 2019 Christmas holidays
(∆t=10min). S1-S4,S7 are chairlifts and S5,S6,S8 are plat-
ter lifts. (Color online)

for each lift, as shown in Fig. 4.16. As can be seen from the power

levels, it is possible to easily identify chairlifts (S1-S4,S7) and platter

lifts (S5,S6,S8).

Thanks to these data, it is possible to predict the power in the follow-

ing 24 hours with good accuracy and real-time data can be used to

correct any prediction errors. The advantage of this method is that

no additional measuring system is required besides to the turnstile ski

pass reading, whose data is nevertheless saved for statistical analysis

by the lift operator. Although the use of a power measurement system

could provide a better accuracy and thus a more precise prediction, the

method used provides a quick and a real-time load estimation and its ac-

curacy is certainly suitable for the purposes of this work. Furthermore,

the estimation method is easily scalable for different plant sizes.

Base load consumption

Electricity consumption is also represented by a contribution due to

the auxiliary services of the ski resort such as restaurants, offices and

accommodation. During daylight hours this has a minimal impact on
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the total load, which is mainly due to the ski lifts. Nevertheless, as

it can be seen from the zoomed area in Fig. 4.16, the ski-lift power

decreases during the central hours of the day. It is therefore expected

that during this period the base load consumption will increase due to

the increased flow of lunchtime users. For this reason, the base load

consumption is increased by a certain amount of power proportional to

the ski-lifts power reduction during lunchtime (and thus indirectly to

ps) and scaled to the maximum daily load. By doing so, days with high

power demands and thus more people will have a greater increase in

base load during the lunch interval. A certain amount of power during

the night is also considered due to auxiliary loads.

Snow-making process

Climate change and the consequences of global warming have a sig-

nificant impact on snow management in a ski area. Snow melting,

as a result of high temperatures and radiation, is the main problem

for most ski area and the most common strategy is to produce snow

artificially [247]. As mentioned above, snowmaking accounts for about

half of the ski resort’s electricity consumption. Currently, fan guns,

lances and high-pressure cannons are the three types of machines for

this process, and they differ in consumption, yield, cost and optimal

conditions for snowmaking. Despite this, only low-pressure fan guns

will be considered in this analysis as they are the most common due

to their high yield and use flexibility. They basically include a fan, a

compressor and a series of circularly arranged nozzles that mix water

and air for a total power of 20 kW each. About a hundred snow guns

(fixed and removable) are installed in the entire ski area. In order to

replicate a representative power profile a random number between 70

and 100 snow guns has been chosen within the 30-min resolution. The

power profile variation is reflective of both the number of operating

guns and the possible variation in power as a function of nighttime

temperature. The resort has about twenty slopes located on average

at the same altitude. The average length of the slopes is about 800 m

with a maximum length of 1.5 km. Most of the slopes are at altitude,

except for those that are used to come back to the car parks, which

4.3 Vehicle-to-Ski: a V2G optimization-based cost and environmental analysis for a ski
resort 111



Figure 4.17: Load consumption (ski-lift, snow guns and base power) and PV
power from season 2019-2020.

have the greatest elevation gain. According to a study carried out by

the operator, a skiable area of 650 000 m2 was calculated.

Figure 4.17 shows the total load consumption power PL (ski-lifts, base

load and snow-making) and the PV generated power based on solar

irradiance data for the ski-season 2019. These data will be used for all

the time scenarios analysed. A higher frequency of power consumption

is shown in certain periods of the season. This is caused by the snow-

making process that is always started during the night hours in order to

take advantage of the lower temperatures and increase the production

and quality of snow. The nighttime power profile was created in relation

to the information received from the ski-resort.

4.3.3.4 Skiers
Tourists are divided into two categories: daily and weekly. The daily

skiers (DS) arrive after the opening of the lifts and typically start skiing

around 10-11 am corresponding to the peak ski-lift load. A small

number of these are the more experienced skiers, who arrive before

the lifts open and start skiing as soon as the lifts start operating. Daily

skiers typically stop skiing before the lifts close and by 3pm the slopes

begin to empty naturally (see Fig. 4.16), as it is estimated that an

average skier can tolerate a total of 6000 m of vertical gain per day

[245]. Experienced skiers stay until the last run and so will leave the

resort even an hour after the lifts close. For this reason, it was decided
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to simulate EVs presence in different time slots. EV connections for

daily skiers are randomly distributed around the opening of the lifts

with a higher probability towards late morning and EV disconnections

immediately after the lifts stop with full-charged EVs. Daily skiers

vary day by day, increasing significantly during weekends and public

holidays.

Weekly skiers (WS) arrive at the resort and leave their EV connected

for several consecutive days, taking advantage of the accommodation

proximity to the slopes. We suppose the number of weekly skiers

change randomly over the weeks and they will find a full-charged EV

at the end of their stay. In particular, it is assumed that not all CS are

always connected to a car. In fact, it was simulated that the number of

connected users varies in a probabilistic way according to the estimated

daily ski-lift load (only for daily skiers) and according to the period of

stay (random number in the range [5 8] days) and absence (random

number in the range [1 2] days) of the weekly users. Therefore, the

assumed number of CS should only be seen as the actual number of

installed CS. The differentiation between weekly and daily skiers implies

that the two types of skiers have different dedicated CS. The former

will have available the CS of the accommodation while the latter will

have dedicated CS provided by the ski-resort in the public parking. As

far as CS is concerned, it is assumed that a ski resort reservation system

knows in advance the status of each plug so that it can schedule power

management. It is assumed that all parameters of interest are estimated

from the information that the user enters into the booking application

for the use of the charging stations. When a user desires to make a CS

reservation, an estimation of the arrival and departure time (which will

be the same as the hotel reservation for weekly users) is assumed and,

for weekly skiers, for any EV disconnection and connection within their

stay. In fact, the simulation includes that a weekly skier may want to

visit a nearby place or simply have dinner in a different location with a

certain probability. Regarding the initial SOC, this could be estimated

through entering the estimated distance the user will travel to get to

the ski-resort by assuming an average consumption relative to the type

of vehicle and knowing the total battery capacity (again provided by

the user during the booking process).
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On this aspect, according to a study carried out on 1165 ski tourists, 79%

are weekly tourists, only 13% are daily tourists and the remaining 8%

are ski instructors or local visitors [248]. This shows the great potential

of an EV battery use strategy also during the night hours and not only

during daytime, which is the case for daily skiers. The same study also

assessed user’s attitudes towards renewable energy generation and its

aesthetic and environmental impact within the ski resort. It shows that

most people are well disposed towards photovoltaics on the buildings

and hydroelectric power, also from the environmental and visual impact

point of view.

In this work, it was assumed that all EVs have the same battery capacity

and charge/discharge power for each time scenario. More detailed

information are shown in Section 4.3.6. Moreover, it is assumed that

car owners will accept to participate for V2G with certainty thanks to

an incentive consisting in a discount on the ski-pass and/or charging

for free.

4.3.3.5 Electricity price profile
The entire resort is supplied by a single HV station with a total con-

tracted capacity of about 10 MW. The power distribution to different

zones is done through several MV substations. The current DSO im-

plements a TOU-type energy pricing with two price bands. The peak

period is defined from Monday to Friday from 8 a.m. to 8 p.m. while all

remaining hours are defined as off-peak. Adopting the current electric-

ity prices provided by the DSO (January 2022), the peak and off-peak

period prices are 270.5 C/MWh and 232.7 C/MWh, respectively, with

a variation of 16.2%. Network services, system charges, excise taxes

and VAT for industrial users are included [249]. Energy selling price

is also considered at a fix value with a remuneration of 39.9 C/MWh

through the so-called "Ritiro Dedicato" mechanism, which is not a clas-

sic FIT but rather regulates the sale of electricity according to the Italian

regulation. According to existing regulations, the selling price (also

called "Prezzi minimi garantiti") is compensated based on zonal market

prices through an economic adjustment. This has not been considered

despite the strong distortion of current prices since lower prices belong

to common market conditions compared to the current ones.
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4.3.4 Problem formulation and EMS implementation
In this section, the EMS operations and the mathematical problem

formulation are described based on the previous information described

in Section 4.3.3. Figure 4.15 shows a general scheme of the proposed

control system where the 24-h horizon MPC optimization is performed

within the V2G module.

The inputs of the V2G optimisation module are the forecasted PV power,

estimated ski lifts power (see Eq. 4.15), the EVs states (initial SOC,

arrival and departure times) and the CO2 emission intensity over 24

hours. The entire optimization and related input vectors of the V2G

module are discretized with a time step of 30 minutes. With this

interval, all vectors for each time horizon will have a length of 48

elements. The energy purchase and sell prices are taken as known

as they are established with the DSO. Snow-making power is also

supposed to be known a priori since usually it depends on weather

forecast of the following days. The output of the V2G module are

the reference powers produced by the V2G optimisation algorithm to

be provided to the EVs charging stations. Regarding the V2G aspect,

battery degradation is a well-known problem in the literature and a key

aspect of cost-effectiveness in storage systems [66, 67, 74]. Despite this,

a degradation model is not always included in techno-economic studies

[235, 240, 244, 250], leading to overly optimistic results. Due to its

considerable influence on the performance of the EVs charge/discharge

behaviour and the number of charge cycles, a linear programming

approach has been integrated to consider this aspect. Its operation is

based on the optimization of maximum and minimum battery energy

values as a function of battery replacement cost as shown in [251].

In the following paragraphs, the algorithm governing the operation of

V2G services is discussed, whose ultimate objective is to minimise the

cost of energy absorbed from the public grid and, jointly, to minimize

the CO2 emissions in different scenarios and strategies.

4.3.4.1 Objective function
The main goal of the V2G module optimization is to minimise the

total cost of the overall ski-resort from different perspectives. It is

important to emphasize that in this study the minimization is based
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only on operating costs not considering the costs of PV systems and

charging stations installation nor the implementation of the proposed

EMS. Moreover, the PV plant is assumed in its first year of life for each

scenario thus no PV modules degradation is considered. In this study,

the total cost to be minimized is the contribution of multiple terms as

expressed in (4.16):

min f =
T∑

t=1
α1 (CE(t) + CDEG(t)) + α2CCO2(t) (4.16)

where T is the total number of intervals in the considered horizon

(T =48 in our case), CE is the cost function related on energy exchanged

with the grid, CDEG is the EV’s batteries degradation cost function and

CCO2 is the CO2 environmental cost function. The weighted sum

method is used to scalarize the two objectives into a single objective by

adding each one multiplied by a weight. These weights are chosen in

proportion to the relative importance of the single objective [252]: α1

and α2 for economic and environmental cost, respectively.

The cost function of the energy exchanged with the grid is the first term

that has been analysed. A TOU profile is used by the DSO for selling

energy to the ski-resort and the same cost profile is used in this work

throughout all the scenarios. Energy cost function is mathematically

shown in (4.17):

CE(t) = ∆t
(

P +
grid(t) σBn(t) − P −

grid(t) σSn(t)
)

(4.17)

where ∆t [h] is the simulation time step resolution, P +
grid[MW ] is the

absorbed power from the grid, P −
grid[MW ] is the fed power to the grid,

σBn is the normalised energy purchase price and σSn is the normalised

energy selling price, both normalised based on the respective maximum

price value.

The second term in the objective function is related to the EV’s battery

degradation. The purpose of this term is to limit charge and discharge

cycles on the basis of estimated battery replacement cost. The battery

degradation model is based on [253], where the total replacement cost

of the battery and the total energy exchanged during its life (energy

throughput) is defined. The degradation algorithm is based on the

116 Chapter 4 EMS for EV integration: applications and case studies



minimization of the discharge gap [251] which is eventually minimised

in the cost function. The term CDEG is shown mathematically in (4.18):

CDEG(t) =
EVcon∑

i=1
(EHi − ELi) σBCn(t) (4.18)

where EH and EL are the highest and lower energy content during

a complete horizon for the i-th EV, EVcon is the actual number of EV

connected to the ski-resort’s CS and σBCn is the normalised EV’s battery

degradation cost per kWh based on its maximum value. The last term

of (4.16) is the CO2 emissions environmental cost which is defined in

(4.19):

CCO2(t) = ∆t P +
grid(t) λCO2n(t) (4.19)

where λCO2n is the normalised carbon intensity of electricity based

on its maximum value. The data concerning λCO2 in the considered

period have been calculated from the type of electric production in the

considered electric sector (North Italy IT-NO zone) [225] using different

emission factors for each energy resource. The global carbon intensity

for the considered ski season is shown in Fig. 2.4 in Chapter 2.

4.3.4.2 Constraints

Grid

Grid inequalities constraints are used to include the total capacity of

the MV cabins in the optimization problem in order to not overcome

the rated transformers power. In order to avoid simultaneously nonzero

values between the absorbed and the fed powers a binary variable y(t)
is defined.

0 ≤ P +
grid(t) ≤ y(t) P max

grid , ∀t (4.20)

0 ≤ P −
grid(t) ≤ (1 − y(t)) P max

grid , ∀t (4.21)

Pgrid(t) = P +
grid(t) − P −

grid(t) , ∀t (4.22)

y(t) ∈ {0, 1} , ∀t (4.23)
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where P max
grid [MW ] is the maximum power of the MV cabins and Pgrid

is the net grid power. The grid power separation also makes it possible

to define different energy sale and purchase prices in the formulation.

Electric vehicles

EVs constraints are used to define the energy variation model of the

battery as well as charging and discharging power limits. Equations

(4.24) to (4.27) shows the EV power constraints where each of them is

true for each connected i-th EV.

0 ≤ P chg
EVi

(t) ≤ ei(t) P max
EVi

, ∀t (4.24)

0 ≤ P dis
EVi

(t) ≤ (1 − ei(t)) P max
EVi

, ∀t (4.25)

PEVi(t) = P dis
EVi

(t) − P chg
EVi

(t) , ∀t (4.26)

ei(t) ∈ {0, 1} , ∀t (4.27)

where P chg
EV [MW ] and P dis

EV [MW ] are the EV’s charging and discharging

powers respectively, P max
EV [MW ] is the maximum rated power of the

EV and e(t) is a binary variable with the same purposes as y(t).
Conversely, equations (4.28) to (4.31) shows the i-th EV energy con-

straints.

0 ≤ EEVi(t) ≤ CEV , ∀t (4.28)

EEVi(t) =


0 (car not connected) for t < tk

i,arr

EEVi,arr for t = tk
i,arr

EEVi(t − 1) +
(

P chg
EVi

(t − 1)ηEV −
P dis

EVi
(t−1)

ηEV

)
∆t ∀t ∈ [tk

i,arr + 1, tk
i,dep]

(4.29)

EEVi(t) = EEVi,dep
, for t = tk

i,dep (4.30)

EEVi(t) ≥ (1 − DoDmax)CEV , ∀t (4.31)

where EEV [MWh] is the EV battery energy, CEV [MWh] is the EV

battery capacity, tarr is the EV arrival time, tdep is the EV departure

time, EEVdep
[MWh] is the minimum EV battery energy to be met at

tdep (set to CEV ), EEVarr is the EV battery energy at tarr and DoDmax

is the maximum depth-of-discharge of the battery to set a safety energy

lower bound (20% of full capacity). In a study regarding the round-trip
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efficiency (RTE) for V2G technology [254], the experimental average

RTE for a 40 kWh Nissan Leaf is calculated as 87%. In (4.29), ηEV is

the EV battery charging/discharging efficiencies and its value is set to
√

0.87 = 0.93. The latter energy equations can be different in terms of

time instants within a time horizon. Since a weekly user may decide

to disconnect the car within his/her stay period, there may be more

than one instant of departure and arrival within the same 24-h interval,

as explained in Section 4.3.3.4. This is expressed through the index

k which indicates the number of arrival/departure instant within the

time horizon.

EV battery degradation

As already mentioned, EV battery degradation is considered in terms of

optimal minimum and maximum energy amount within the considered

horizon. For this reason, the constraints (4.32) and (4.33) are used to

bound the i-th EV energy based on the optimization cost used in the

objective function.

EEVi(t) ≥ ELi , ∀t (4.32)

EEVi(t) ≤ EHi , ∀t (4.33)

where EL and EH are the two optimization variables used for the i-th

EV in (4.18).

Power balance

The power balance related to the system described in Fig. 4.15 is

modeled using (4.34):

PP V (t) + Pgrid(t) − PSL(t) +
EVcon∑

i=1
PEVi(t) − PSM (t) − PAUX = 0

(4.34)

PL(t) = PSL(t) + PSM (t) + PAUX(t) (4.35)

where PP V [MW ] is the PV power, PSL[MW ] is the ski-lift power,

PSM [MW ] is the snow-making power and PAUX [MW ] the base load

power. In order to group all the uncontrollable loads, (4.35) defined

the total load power PL described in Section 4.3.3.3.
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4.3.5 EV-CS growth model
The world market for electric cars is rapidly growing. Annual sales of

plug-in passenger cars (BEVs and PHEVs) increased from 2 million in

2019, to 3 million in 2020, to 6 million in 2021, of which 3 million in

China and 2 million in Europe. In Italy, in 2021 electric cars had an

annual market share equal to 9.3%, steadily growing although a lower

growth rates compared with the neighboring northern countries such

as Austria (20%), Switzerland (13%) or Germany (26%). Trentino-Alto

Adige, the region where the sky-resort is located, with 1.8% of the

Italian population had 23% of the Italian BEV circulation fleet, equal to

53 thousand passenger cars [255]. Within this framework, we made

some assumption about the likely trends in electric car uptake up to the

year 2030, taking into account that the sky resort will host both Italian

and international tourist 1. In the following subsection, we explain

the assumption made regarding: a) the number of charging stations

located in the sky resort and the corresponding electric cars parked at

the sky resort; b) the average battery capacity of the electric cars and c)

battery replacement costs per kWh. All three assumption will be made

with reference to the years 2023 and 2030.

4.3.5.1 The number of charging stations located in the sky resort
The starting point stems from the observation that the hotel and restau-

rant managers have promptly adapted to the customers’ requests for

vehicle charging, providing them with 8 charging stations in different

hotels. As of 2019 and 2022, there were no public charging stations

dedicated to daily skiers. We assumed conservatively that by 2023,

at least 2 public charging stations will be made available for 500 cars

parked at the sky resort. The assumption is based on the ratio of electric

cars over the total circulation fleet equal to 0.3% in 2021. For the year

2030, we predicted that at least 60 of the 500 car parked at the resort

will be electric and charged at the resort location. The prediction is

based on the evolution of the electric car up in Norway, hence, assum-

ing that Italy will follow a similar penetration path (see Table 4.10).

In about a decade, the share of electric cars in the Norwegian fleet

1According to our informal sources, in the 2019 winter season, 70% of the visitors
came from Italy, 15% from the Czech Republic, 5% from Germany, 3% from Poland,
and the remaining from other countries.
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Table 4.10: Passengers EV market share of total new car sales since 2013
[258]

Country 2013 2014 2015 2016 2017 2018 2019 2020 2021

Norway 6.1 % 13.8 % 22.4 % 29.1 % 39.2 % 49.1 % 55.9 % 74.7 % 86.2 %
Italy 0.07 % 0.08 % 0.09 % 0.08 % 0.1 % 0.26 % 0.6 % 4.3 % 9.3 %

increased from a very marginal share to the current 12.1%. Translated

to our case study, it implies that 60 of the 500 car will require charging

at the sky resort in 2030.

This approach is based on the following considerations. The regional

distribution of electric vehicles is heterogeneous in Italy, with a higher

prevalence in the north of the country and lower in the south. In partic-

ular, the region under consideration (Trentino Alto-Adige) alone has

20% of the circulating fleet of electric cars in Italy [256]. Moreover,

the region is among the richest in Italy with an annual average house-

hold income equal to 39,028 C (the Italian average is 33,106 C) along

with Emilia-Romagna (38,593 C) and Lombardy (37,702 C) [257]. In

addition, due to ski-resort location many visitors come from the neigh-

bouring northern countries such as Switzerland or Germany, that are

also making huge progress in spurring EV market share. New fully

battery electric car registrations in Germany, for example, increased

from 63 thousand units in 2019 to 194 thousand in 2020, and to 356

thousand last year, with an EV (BEV+PHEV) sales share rising from 3%

to 14% to 26%, respectively [27].

4.3.5.2 Average Battery Capacity
The assumption we made regarding the average battery capacity for

the year 2023 is based on the observed evolution of the driving range

of the BEV on sale in the US market (Figure 4.18) from 2011 to 2021.

As can be seen, up to the year 2015 there was considerable growth

in the maximum values (associated with the Tesla models), but the

majority of the cars sold offered a limited driving range. Only from 2016

on, the average driving range sold in the US market had a significant

boost. Using an extrapolation method, we estimated that the medium

driving range will be equal to 402 km in 2023 and 512 km in 2030,

respectively. Taking as reference the average consumption of the 2018

Nissan Leaf 40 kWh, around 17 kWh/100 km (including summer and
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Figure 4.18: Range of U.S. market EVs in years 2011-2021 [260]

Figure 4.19: EV battery pack prices per kWh from 2010 to 2021 [261]

winter driving) [259], we estimated the average battery capacity of the

electric cars sold in the market. It resulted a value of 62 kWh in 2023

(as in the Nissan Leaf e+) and 90 kWh in 2030.

4.3.5.3 Battery Replacement Costs
Battery costs have dramatically declined over the years due to economies

of scale and improved production processes. Figure 4.19 shows the fall

of average battery prices for electric car batteries over the period 2010

to 2021. In the literature, forecasts for the coming years vary greatly

since it is obviously very difficult to predict whether the decline will

follow the same trend or the increasing cost of the materials used to

produce the batteries will slow down considerably the fall of the battery

prices. In light of the uncertainty, we opted not to adopt statistical

extrapolation methods but to assume a price reduction rate equal to

the one last observed, i.e. 6%. However, since for the purposes of our
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Table 4.11: Main parameters and values used in the different time scenario
simulations.

Parameter S2019 S2022 S2023 S2030

CS type [DS-WS] - - 2 − 8 30 − 30
EV battery [kWh-kW] - - 62 − 7 90 − 50

Average initial SOC [%] [DS-WS] - - 60.2 − 61 60.1 − 58.2
σBC [C/kWh] - - 144.5 95.4

PV (Flat)-(Tilt) [W/m2] - 83 − 166 83 − 166 83 − 166
σB (HP)-(LP) [C/MWh] 270.5 − 232.7 270.5 − 232.7 270.5 − 232.7 270.5 − 232.7

model we need an estimate of the battery replacement costs per kWh,

we added labour costs (15%) and VAT (22%) to the battery prices. Un-

der these assumptions, we estimated that in 2023 battery replacement

costs will be equal to 144.5 C/kWh and in 2030 to 95.4 C/kWh.

4.3.6 Results and discussions

In this section, the results based on several simulations of three possible

time scenarios (2022, 2023 and 2030) are shown and discussed. Each

scenario describes a different situation regarding the characteristics

adopted by the ski resort and the distinctive parameters of the automo-

tive sector in future years. The 2019 season is taken as reference for

the data provided by the ski-resort regarding ski-pass turnstile passages

and solar irradiance values. The 2019 season is only evaluated to help

the reader understand PV system implementation improvements in the

2022 scenario. All the simulations are performed for a complete ski

seasons for each scenario.

Table 4.11 shows these information in more detail by including the

values used for each feature that characterizes the scenario based on our

estimation. For a fair comparison between the different subscenarios,

the initial SOC of each EV was chosen randomly within the range of

battery usability (in our case the DoD is 80%) and the initial values were

kept the same for all charge/discharge strategies within the considered

scenarios.

For a more complete analysis, the 2023 and 2030 scenarios were both

divided into five subscenarios. Specifically, these are meant to show how

the data vary based on three different vehicle charging and discharging

strategies and two different environmental optimization as it follows:
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• Dumb: considers the so-called "dumb charging" in which the

vehicle is charged at full power as soon as it is connected to the

charging station and does not have the opportunity to discharge

energy. This subscenario then shows the results if the ski resort

would choose not to adopt any optimization method;

• Opt-Chg: considers a charging strategy that is optimized based

on total cost and battery degradation minimization but still does

not allow energy discharging from the vehicles;

• V2G: examines the V2G strategy, in which both charging and

discharging powers are minimized based on total cost and battery

degradation aspect;

• V2G&CO2: analyse to multi-objective optimization between to-

tal cost and battery degradation combined with CO2 emission

minimization (α1 = 0.5 and α2 = 0.5);

• CO2: considers only the environmental aspect by optimizing only

the CO2 emissions (α1 = 0 and α2 = 1).

With reference to the 2030 scenario, a sensitivity analysis is made

in order to asses the variability of the results by varying the battery

replacement cost, the PV production, the EVs number and user type as

well as the purchase energy gap price. More details can be found in

Section 4.3.7.

4.3.6.1 Results comparison
A comprehensive summary of the performed simulations with the final

cumulative values is shown in Table 4.12 that shows the total energy

values, costs and the amount of CO2 emitted calculated during the

whole ski season for each specific scenario. In particular, the following

values are shown:

• Eload: total energy absorbed by loads [MWh]

• EP V : total energy generated by PV plant [MWh]

• Ebuy: total energy bought from the grid [MWh]

• Esell: total energy sold to the grid [MWh]
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• Echg: total charge energy for all the EVs [MWh]

• Edis: total discharge energy from all the EVs [MWh]

• CO2: total tons of emitted CO2 due from the purchase of energy

[ton]

• Cbuy: total cost for purchased energy from the grid [C]

• Csell: total cost for sold energy to the grid [C]

• Ctotal: total operational cost covered by the ski resort [C]

• SC: total self-consumption [%]

The self-consumption (SC) is defined as the ratio between the amount

of total energy locally generated and consumed, and the total energy

generated. First of all it is good to analyse the impact between the

S2019 and S2022 scenarios regarding the exploitation of a PV system.

As expected, the generation of a large part of the total energy required

(≈ 6.5%) reduces the amount of energy drawn from the grid and

consequently both the total cost and the amount of CO2 emitted. In

terms of CO2, there is approximately the same percentage change as it

is proportional to the amount of energy taken from the grid. The cost

for energy is reduced considerably even though the revenue from the

sale of energy is not even comparable to the total cost. In this case, due

to the fact that energy consumption takes place mainly during daylight

hours (except for snow-making), the self-consumption is very high at

97%. Of course, the lack of a storage system means that it cannot be

further increased.

Figure 4.20 shows the values of S2023 (orange) and S2030 (yellow)

shown in Table 4.12 for total cost (Ctotal), energy absorbed by the grid

(Ebuy), tons of CO2 (CO2) as a percentage variation with respect to

the S2022 scenario. Self-consumption (SC) is shown as absolute value.

In the S2023 scenario there is a slightly change in all the values due to

the integration of EVs. The EVs charging process naturally requires the

increase of energy purchased from the grid to satisfy this new electrical

component that in the case of dumb and optimized charging strategy
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is merely seen as an additional load. In fact, about 9 MWh of Echg are

required.

As mentioned above, due to the presence of the EVs before the start-up

of the plants, they can charge themselves with the PV energy produced

and thus slightly increase the self-consumption (97.2%) and reduce the

energy sold to the grid. Through the OptChg strategy, the optimization

tries to charge the vehicles in the cheapest periods and thus, even if in a

negligible way, reduce the cost of purchased energy, increasing the self-

consumption up to 98% and consequently reduce the CO2 emissions.

With the introduction of the V2G strategy, there is a clear decrease in

the energy sold to the grid which is now stored for later use. As a result,

self-consumption increases to around 99.21%. The vehicles contribute

5.61 MWh to the energy balance, i.e. just 0.36% of the total energy

required. The total price variation between the three strategies is in

the order of hundreds of Euros and compared to the S2022 scenario

is below 1%. As it can be perceived, the increase of the total cost due

to the introduction of EVs for all the charging strategy is so marginal

(≈2 kC) compared to the total costs of S2022. The ski-resort could

decide to donate the charging energy just to increase its visibility and

increase the tourist flow in the area rather than selling energy to the

DSO. The CO2 emissions can be improved by optimising in a multi-

objective way also the environmental impact through the introduction

of the α2 factor in the two environmental strategies. However, it can be

seen that the change is minimal and brings no significant improvement

neither economically nor environmentally.

In the 2030 scenario, due to the higher number of estimated vehicles

and higher battery capacity, all quantities increase substantially leading

to total cost, energy absorbed and CO2 emitted exceeding the S2022

reference scenario with higher percentages. Among the three charging

strategies, the dumb strategy is the worst regarding cost and SC. In

particular, the self-consumption is lower than in the S2023 case with

V2G. By implementing the Opt-Chg strategy it can be achieved some

improvements. For example, the total cost and the CO2 are reduced

but more important the self-consumption is close to 100%.

With the use of V2G technology and due to the increased purchase of

energy for energy arbitrage, the cost is further reduced, albeit minimally.
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Figure 4.20: Final results of future scenarios and sensitivity analysis on PV
size, EVs number and purchased gap price. (Color online)

This is not the case for CO2, which increases due to the greater energy

exchanged with the grid as a result of energy arbitrage. However, this

is the first case where all the energy produced is also consumed as sales

are zero and self-consumption is at 100%. In this case, the price increase

compared to the S2022 scenario is relatively higher (≈ 30 kC) for all

strategies and the assumption of donating charging energy may no

longer be valid since it is about 8% of the total seasonal cost. It should

be noted that in any case these costs will be incurred as, assuming our

hypothesis, there will be an increasing demand for charging stations in

future years.

By using the V2G&CO2 strategy the cost increases slightly while the

purchased energy remains almost unchanged and the CO2 emission is
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reduced to 7.13%. This situation is both economically and environmen-

tally optimal as it jointly minimises both the cost and the environmental

impact caused by energy absorption. The CO2 scenario was also simu-

lated which no longer takes into account the total cost of the ski resort

but only the CO2 emission. As it can be clearly seen, the CO2 impact is

further reduced to the detriment of the total cost, which it is no longer

limited by any minimization objective. Assuming the 2030 scenario

optimistic from the point of view of the number of installed charging

stations, their halving was simulated. The results are affected but the

change is less than three percentage points for each charging strategy.

4.3.7 Sensitivity analysis

Although several parameters are able to radically change the behaviour

of the results, it was analysed the variation of the main aspects char-

acterising the system: on one side the growth from the perspective of

renewable sources exploitation and on the other side the increase in the

number and type of users in order to raise the awareness of the reader

and to understand where a substantial variation of the results takes

place. For this reason, two more macro scenarios are included based

on 2030 scenario. As no further assumptions were made in the 2023

and 2030 scenarios regarding a possible increase in PV power capacity

compared to 2022, the purpose of the 2030P V + scenario is to show how

an additional ground-mounted plant with a nominal power of 1 MW

and an increase in PV module efficiency of 4% changes the results just

shown. Then, in this case, the new 1.6 MW PV plant energy production

is 318.59 MWh instead of 99.6 MWh and Eload, Echg and Edis are the

same as 2030. As expected, a significant reduction in purchased energy,

total cost and amount of CO2 was achieved. Between the five different

optimisations, no particular changes are noticeable due to the constant

number of cars used, and the trend between the strategies remains

almost similar. In this scenario there is a saving of about 30 kC on the

total cost and an average reduction of 38 tons of CO2 over the whole

season. Although the self-consumption is always higher than in 2022,

it has decreased compared to 2030 because the number of cars can

not retain all the photovoltaic energy produced by having necessarily

to sell it. Compared to the 2019 scenario without any type of RES
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generation, the maximum CO2 and total cost reduction are 7.8% and

13.7%, respectively.

The second analysis introduces the 2030EV + scenario where the number

of total available CSs was set at 200 in order to put maximum stress

on the study despite the knowledge that this number will be difficult

to achieve. Out of these 200 CSs, 150 were dedicated to weekly skiers

and 50 to daily skiers according to the ratio shown in [248]. To be

clear, the nominal power of the photovoltaic system has been kept as

in 2030 (0.5 MW) as well as the battery degradation cost. This last

macro scenario has been divided into three different variants, each with

a certain variation in the price gap of the purchased energy but always

preserving the average price of 2030. The aim of this theoretical analysis

is to highlight the influence of V2G energy arbitrage as a function of

the variation of the energy purchase price gap dependent on renewable

energy production (e.g. wind) in the future energy mix. These price

variations make it possible to appreciate how the exploitation of V2G

to reduce costs is extremely sensitive to these gaps. In particular, the

three cases are defined as follow:

• 0c+: no change in the price gap (270.5 | 232.7 C/MWh)

• 10c+: the price gap has changed by 10 cC/kWh (320.5 | 182.7

C/MWh)

• 20c+: the price gap has changed by 20 cC/kWh (370.5 | 132.7

C/MWh)

Regarding the 0c+ case, it can be found the same trend as in 2023

and 2030: the total cost, the CO2 emission and the purchased en-

ergy increase proportional to the number of vehicles whereas the self-

consumption already improves in the dumb strategy. Same considera-

tions as in the previous scenarios can be made among the five different

optimization cases. Different situations are found for the 10c+ and

20c+ cases. In 10c+ it is possible to highlight how the cost variation

has dramatically dropped when the V2G strategy is introduced, result-

ing in a cost increase of 2.9% compared to 2022. Instead, in the 20c+

case the situation further improves by even reducing costs by 15.21%.

Slight cost increases occur with the V2G&CO2 strategy as in the other
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scenarios, while in the CO2 strategy the cost exceeds that of the 0c+

case. This happens because of the anti-phase behavior of the purchase

price and CO2 emissions during the day. The optimizer tries to buy

energy during the hours of minimum environmental impact (daylight

hours) at the expense of the price range that is at its maximum value.

Clearly, this price reduction was expected as, having increased the price

gap (in particular having reduced the overnight price), the car fleet

makes more use of the night hours to recharge, showing how the night-

day price difference has a significant influence on the cost reduction.

Like the purchase price gap, the CO2 emission factor gap will have

the same influence on CO2 optimization strategy. The last analysis is

related to the battery degradation cost of S2030 scenario. The variation

of total cost Ctotal, EVs charging energy Echg, tons of CO2 and EVs

discharging energy Edis with a battery degradation cost σBC equal to

50% and 10% of S2030 cost, with respect to the V2G case, have been

analysed. The total cost variation is negligible and the CO2 increment

is close to 1% for both battery costs variation cases. However, the total

EV charging and discharging energy have dramatically increased of

51% and 218%, respectively, for the case with the cost at 50%. As we

have already discussed, this is because, for the 2030 price gap, the most

has already been done from a cost perspective and any other changes

are not going to create substantial improvements. In the case where

the cost is 10% from the S2030 cost, there is no appreciable change as

compared to the case with the cost at 50%.

4.3.8 Discussion of simulation result
As expected, the integration of a PV system reduces the cost of energy

purchased from the grid. With the assumptions made regarding a

0.5 MW PV plant without EVs and 1.6 MW PV plant with EVs integration,

a cost and CO2 reduction of 6% and 13.7%, respectively, is achieved,

compared to the scenario without renewable generation.

In both future scenarios, the introduction of EVs causes an increase

in total power consumption leading to increased costs and CO2 in

all the charging strategies. By optimising charging and exploiting

V2G technology, a slight decrease compared to dumb charging has

been obtained, leading to the system selling less and less energy and
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therefore increasing self-consumption. Moreover, when the CO2 is also

considered, an optimal trade-off between total cost and CO2 impact is

achieved, albeit in a minor way. Despite ski resorts not being currently

involved in the Emission Trading Scheme (EU-ETS), this may happen

in the future due to increasingly stringent emission regulations. In this

case, an optimized management of the environmental impact will not

only be environmentally beneficial but also economically profitable in

case of CO2 allowances exchange.

The energy arbitrage exploitation through V2G technology brings marginal

improvements in the studied futures scenarios. However, the results

of sensitivity analysis show the great potential of V2G showing the

importance of the price gap between TOU bands in this kind of analy-

sis. Different V2G services like peak-shaving, load-leveling or reactive

power compensation could bring more benefits in terms of power pro-

file or voltage regulation. Moreover, the question concerning the social

aspect naturally arises: will the users be favorable to providing these

kinds of services? In which way and to which extent could they be

encouraged?

The two main costs of the ski area are the ski lifts and the night-

time snow-making. While the former can be reduced by installing an

appropriately sized PV system, the latter is more difficult to mitigate

as it always takes place at night. In this respect, snow-making could

be managed in an optimised way by taking into account temperatures,

energy purchase costs and forecasts for the following days in order to

predict snow-pack conditions.
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4.4 A MPC-based control with ANN-based
forecasters for jointly acting self-consumers

Recent European Community directives introduce Renewable Energy

Communities (REC) and Jointly Acting Renewable Self-Consumers

(JARSC). Both entities are constituted by communities of residential

and/or non-residential prosumers, located in proximity of renewable

generators and Electrical Storage Systems (ESS) owned and managed

by the REC/JARSCs. These aggregations of prosumers are aimed at

providing environmental and economic benefits by maximizing their

global self-consumption. In this frame, it is relevant to introduce a

control strategy which considers the whole system represented by the

REC/JARSCs and performs optimal management of energy production,

storage and consumption. The present study proposes a Model Predic-

tive Control (MPC) based control design, targeted at the minimization

of electricity cost and equivalent CO2 emissions, considering the whole

ensemble of loads included in multi-apartment block in Milan, Italy,

over a 24-h prediction horizon. To exploit the MPC ability of including

forecasts in the optimization problem, predictors including Artificial

Neural Networks (ANN) are developed for solar irradiance, air tem-

perature, electricity price and carbon intensity. The presented results

highlight that the proposed MPC controller provides a significant im-

provement in electricity cost savings by maximizing self-consumption

over the 24-h prediction horizon. Additionally, the equivalent CO2

emissions are effectively reduced.

4.4.1 Motivations

New scenarios are disclosing for electric power distribution systems and

new opportunities are opening for consumers. The recent directives

2018/2001 [262] and 2019/944 [263] from European Community,

which are currently undergoing the transposition process by Member

States, are pushing towards an improvement in the valorisation of self-

consumption of renewable energy generation, in particular photovoltaic

(PV) and wind generation. The articles 21 and 22 of the RED II direc-

tive [262] introduce Renewable Self-Consumers (RSC), Jointly Acting

Renewable Self-Consumers (JARSC) and Renewable Energy Communi-
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ties (REC). RSCs, JARSCs and REC members, “individually or through

aggregators, are entitled:

(a) to generate renewable energy, including for their own consump-

tion, store and sell their excess production of renewable electric-

ity;

(b) to install and operate electricity storage systems combined with in-

stallations generating renewable electricity for self-consumption;

(c) to maintain their rights and obligations as final consumers;

(d) to receive remuneration, including, where applicable, through

support schemes, for the self-generated renewable electricity that

they feed into the grid.

The Member States are transposing these indications in an heterogenous

way. However, the common factor which can be clearly identified

is RSCs, JARSCs and RECs being a further instrument pushing the

transformation of final consumers into groups of subjects (prosumers)

capable of producing, consuming, storing and sharing electrical energy

generated by means of renewable energy sources.

Another aspect of relevance, under the light of the recent policies

towards decarbonization, is the evaluation of the equivalent emissions

of CO2 generated by the electrical system [264]. At the moment, CO2

emissions are not included in electricity price for residential users but,

considering the relevance of decarbonization targets, it is of interest to

consider how to limit CO2 emissions. It is hence relevant to introduce

a control strategy which considers the whole system represented by the

REC, JARSCs or RSCs and performs optimal management of energy

production, storage and consumption. Consequently, energy flows can

be optimized with the aim of maximizing self-consumption and power

shared among the REC members or RSCs, which implies a reduction

in cost through available incentive mechanisms, and lowering CO2

equivalent emissions.

4.4.2 Related literature
RECs are extensively debated in the literature. Several authors have

already analysed the REC and JARSC frameworks in order to provide
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a comprehensive overview of regulations and technical/economic as-

sessments. As an example, [265, 266] aim to review the regulatory

frameworks among different EU member states showing that most of

the countries have already developed tariffs definition to support REC,

although in some countries there is still no clear structure, with differ-

ent boundaries regarding REC definitions. In [267], a general overview

of RECs and RSCs is shown, investigating different aspects regarding

the integration of REC and the actual power system, including the

ancillary service and demand response perspectives. Moreover, several

projects have already been developed around Europe, demonstrating

the considerable interest from governments, research institutes, private

entities, and end users [268–270]. From the control and optimization

aspect, [271] proposes smart metering and electric vehicles charging

solutions to increase the self-consumption in a REC by regulating the EV

charging power during the day, while [100] has studied machine learn-

ing techniques to improve self-consumption on an existing wind-power

REC in Belgium.

A multi-agent approach is analysed in [272], where the coordination of

a set of shiftable loads is optimized to maximize the self-consumption of

a shared PV system in a JARSC building. Increases in self-sufficiency and

self-consumption of up to 98% and 81% are obtained, as well as show-

ing the differences between different control architectures. In [273], an

innovative power-sharing model is proposed both for JARSC and REC

aiming to always make the end user passive towards the grid, so that

only one dedicated point of connection is seen as active user. However,

no storage has been considered and a real-time control is performed

without any optimization method. Finally, in [274, 275] a procedure is

proposed for the optimal design of electrical and thermal installations

as a function of total costs and CO2 emissions reduction. In addition

to the economic aspect, although important from the point of view of

the end user and the community, the environmental perspective plays a

key role, especially in this context where the main aim of the incentive

includes decarbonization. In fact, more and more attention is also being

paid to this aspect in view of a possible introduction of remuneration

for the CO2 emissions avoided [276]. Although different works have

been conducted regarding the joint optimization between costs and
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carbon intensity in different energy entities with different optimization

techniques [50, 203, 242, 277, 278], no work has been found regarding

the analysis of REC or JARSCs with a trade-off approach between the

two aspects.

From a control perspective, REC and JARSCs represent a form of grid-

connected microgrid, the control of which have been largely debated

in literature in recent years. When optimal dispatchment of available

resources is the main control task, Model Predictive Controllers (MPC)

are often considered. Indeed, MPC controllers are particularly suited

for microgrid control as they calculate control action as an optimization

problem over a defined prediction horizon, which allows integrating

available forecasts and constraints in control action calculations. Addi-

tionally, since the control action is calculated by means of a constrained

optimization problem, MPC controllers are suited to manage different

tasks with conflicting requirements [212, 279]. Indeed, some papers

propose MPC-based controllers for microgrids [280–286], addressing

different tasks spanning from voltage control to economic optimization

and hierarchical control. In these regards, it is clear that the MPC

control performances are related to forecasts reliability, and significant

literature is available for PV generation, electricity price, carbon inten-

sity and load [98, 101, 102, 104, 105, 107, 111, 112, 127, 287–292].

For this tasks, ANN-based predictors proved to be a suitable solution

for PV generation forecasts [101, 102, 287].

4.4.3 JARSC system description

In this section, the considered electrical system as well as the scope

of this work are detailed. First, a general overview of the different

components is presented, followed by a detailed description of the

consumption and generation profiles. At the end, the target of the

problem is detailed by defining the incentive features of the collective

self-consumption framework. As mentioned, the considered system

represents a case study located in Milan. Even though all the data

used for sizing and simulations are obtained from online databases, it

is necessary to define a geographical location to maintain consistency

among correlated data (e.g. irradiance and temperature).
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Figure 4.21: Considered system electrical schematic.

4.4.3.1 System overview

The considered system of JARSCs is shown in Fig. 4.21. It is assumed

that JARSCs are located in a building in the centre of Milan and consists

of twelve apartments, all inhabited by different types of dwellers and

families. Each user/apartment has its own energy meter (UM), owned

and managed by the DSO. A PV system is installed on the roof of the

building, the energy production of which is measured by the production

meter (PM). In order to maximize the self-consumption, an “all-in-one”

ESS has been included in order to store the surplus PV energy produced

in the hours of lower consumption and maximum PV generation for

later discharge during periods with small or null PV generation. The

ESS includes an inverter, interfacing the DC section with the AC grid

and providing PV and/or ESS energy to the common loads, hence

improving the total self-consumption. The energy exchanged with the

grid is measured through the common utility meter (CM).

The ESS system aims to optimally handle the PV generation by perform-

ing the Maximum Power Point Tracking (MPPT) function and manage

the charge/discharge battery operation, and includes a Battery Man-

agement System (BMS) for balancing the temperatures and the state

of charge (SoC) of the battery pack. It is assumed that the power

exchanged by the battery can be controlled by an external signal, which

will be the output of the MPC control discussed in Section 4.4.4, and

that SOC measures/estimation are available from the ESS.
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Table 4.13: Photovoltaic module technical specification

Electrical Parameter at STC Symbol Value

Nominal Power P ST C
mdM 400 W

Module Efficiency ηmd 22.6%
Rated Voltage V ST C

mdM 65.8 V
Rated Current IST C

mdM 6.08 A
Open-circuit Voltage V ST C

md OC 75.6 V
Short-circuit Current IST C

md SC 6.58 A
Current Temperature Coefficient α%

md,T 2.9 mA/°C
Voltage Temperature Coefficient β%

md,T -176.8 mV/°C
Power Temperature Coefficient γ%

md,T -0.29 %/°C

4.4.3.2 Photovoltaic system
The PV system is designed in order to cover most of the energy consump-

tion of the considered JARSCs. The total energy consumption of the

considered JARSCs, detailed in Section 4.4.3.4 and Section 4.4.3.5, is

equal to 40 MWh/year. Considering to cover the 85% of the annual en-

ergy consumption with the PV generation, and considering that in Milan

the annual energy generation of PV systems is roughly 1100 kWh/kWp,

the required PV installed power result in 30.9 kW. Since the PV system

is the only source of energy present in the microgrid, monocrystalline

technology is selected as a common commercial solution. The selected

module specifications (manufacturer is unessential and undisclosed) are

reported in Table 4.13. To reach the required installed power by means

of the selected PV modules, it is possible to use 3 series-connected

modules per string and 26 parallel-connected strings, resulting in a

total of 78 installed modules, the power of which is equal to 31.2 kWp.

Note that this sizing procedure is not optimal from the economic point

of view, but it is meant to have enough PV generation to cover most of

the JARSCs needs, in order to reduce CO2 emissions, which is one of

the driving reasons for the introduction of REC and JARSCs.

4.4.3.3 Storage system
With the aim of increasing the building self-consumption, a lithium-

ion phosphate storage system has been included in the system under

analysis. The sizing of the ESS is based on the energy which should

ideally be stored on each day of the year, calculated as the difference
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Table 4.14: Battery module specifications

Electrical Data Value

Rated Module Capacity 300 Ah
Efficiency 95%

Rated Voltage 50 V
Rated C-rate 1 C

Depth of Discharge 90 %
Warranty 10 years

Battery Service Life designed for over 20 years
Cycles 10,000

between PV production and loads energy consumption in daily hours.

The sum of said energy over one year is then divided by the number

of days of the year in which PV production is larger than loads energy

consumption in daily hours, resulting in a starting ESS sizing equal

to 63 kWh. The considered ESS is then realized by means of four

commercially available modules, each one having a capacity of 15 kWh.

In order to reduce the degradation during the lifetime, a maximum

Depth-of-Discharge (DoD) has been set in the simulations to comply

with the manufacturer specifications. The main parameters of the

battery module are listed in Table 4.14.

4.4.3.4 Consumers load profiles
As mentioned, the multi-apartment block under investigation consists of

twelve apartments, each inhabited by different occupants with different

habits. In fact, with the aim of making the evaluation as faithful as pos-

sible, a wide spectrum of dwellers with different habits (and, therefore,

different load profiles) has been considered. For this purpose, the Load

Profile Generator (LPG) simulation tool [293] has been used, which

allows automatic generation of residential electrical and water synthetic

consumption based on psychological and behavioural profiles of the

residents and possible daily activities which can be performed. A list of

example consumption profiles is available at [294], the first twelve of

which are used as load profiles in this study. The list of the inhabitant’s

profiles, the corresponding amount of electricity consumption and their

contractual power are shown in Table 4.15. In addition, Fig. 4.22

shows the twelve load profiles corresponding to each apartment over
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Table 4.15: Inhabitants details and electricity consumption over one year.

Type Consumption [kWh] Contractual Power [kW]

Couple (F23-M25) both at work 2623 3.5
Couple (F37-M38), with work 1706 3.5

Family (F40-M43-M10), both at work 2613 4
Couple (F45-M50) 2870 5

Family (F35-M40-M13-M6-F4) 4001 5
Jobless (M30) 1265 3.5

Single with work (M23) 1454 3.5
Family (F30-M11-M7) 3227 3.5

Single woman (F34) with work 1733 3
Single man (M40) shift worker 2035 4

Female (F23) student 1563 3
Male (M22) student 1102 3

Figure 4.22: Example of electrical load profiles of the twelve apartments over
one week

one example week throughout the year. One can note that each pro-

file has different properties depending on the presence of inhabitants,

possible vacation periods and working hours. This not only makes it

possible to correctly evaluate the economic and energy analysis of the

problem, but also provides important characteristics on the periods of

greatest consumption.
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4.4.3.5 Common load profile

In multi-flat buildings, there is always a certain amount of electrical

load needed for common services, the costs of which are usually di-

vided among the inhabitants according to private agreements, which

will not be discussed in this study. The most common loads repre-

senting common services are the lighting of shared areas (courtyard,

stairs, entrance) and lifters. Consequently, in absence of available data,

an energy profile based on statistical considerations was created for

lighting and elevators. With regard to lighting, a number of LED bulbs

with an average power of 100 W were assumed. Absorption takes place

over two time slots: between 5 a.m. and 9 a.m. and between 5 p.m.

and midnight. During these time intervals, LED lighting is assumed

to absorb, in each 5-min interval, an instantaneous power between

50 W and 150 W, with gaussian distribution and average value equal to

100 W. Concerning the lift, [295] presented a study on different types

of lifts highlighting that a significant power consumption generated by

residential lifts is caused by the stand-by mode rather than by individ-

ual rides. In our model, according to measures presented in [295], an

average stand-by power of 250 W was considered. Additionally, with

regard to consumption in the running phase, an energy of 50 Wh per

single run was assumed. The operating intervals are the same as for

lighting with the addition of a lunchtime interval between noon and

2pm. Considering the total number of inhabitants in the building, from

6 to 18 runs for the morning and evening intervals and from 3 to 9

runs for the mid-day interval were considered, with random (gaussian)

variations around the average value.

In addition to lifters and lighting, the increase in electric car purchases

in recent years has also seen an increase in residential charging stations

(wallboxes) as an additional common service for the inhabitants. For

this reason, real energy profiles of a 22 kW wallbox for residential use

were considered for the charging of two 50 kWh electric vehicles. The

two owners mainly use the vehicle for commuting, so that it is charged

during the evening/night hours in order to have it fully charged the

next morning. Charging is not externally controlled and the power

profile is managed by the EV’s internal BMS.
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4.4.3.6 Photovoltaic generation profiles

Considering now solar irradiance and air temperature, statistical data

are available online, provided by the Photovoltaic Geographical Infor-

mation System (PVGIS), an online database managed by the European

Science Hub [296]. This database provides both hourly profiles for

complete years and aggregated data, such as monthly average radia-

tion. Photovoltaic generation can be calculated as a function of solar

irradiance and air temperature considering the expressions reported in

[286]. Considering that the purpose of this study is the design of an

MPC controller, it is clear that also some forecasts of solar irradiance

and air temperature would be of help. In these regards, the aggregated

data (e.g. average daily profiles per month) available from PVGIS may

be considered as a starting point for PV generation prediction. Further

discuss on how to integrate statistical data in forecasts are reported

in Section 4.4.4.4. The data used in this study are referred to 2016,

being it the most recent year for which all data are available for the

considered location.

4.4.3.7 Electricity price and equivalent carbon intensity profiles

Being minimization of cost and equivalent CO2 emissions the target of

this study, it is necessary to recall data about those quantities. Consid-

ering selling price, it is worth considering that, in Italy, two possibilities

are considered. In fact, the surplus of energy production which is not

directly consumed or stored to the battery is sold to the public grid. In

Italy there are two types of procedures for selling energy to the grid.

The first consists of payment by the distributor of a fixed minimum

price (PMG - Prezzo Minimo Garantito). The second one consists of

payment of energy through the real-time pricing (PO - Prezzo Orario),

which varies hourly based on the energy markets and the electricity

zone considered. In this study, we assume that the sale of energy is per-

formed via PO, thus taking advantage of the variability of market prices.

In these regards, PO values for the year 2016 in the ITA-NORTH elec-

tricity market zone were extracted from the database of the European

Network of Transmission System Operators for Electricity (ENTSO-E)

[225]. Regarding the purchase cost, a variable cost was assumed based

on the hourly zonal price by considering a possible implementation of
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a real-time pricing (RTP) type market that varies based on the needs of

the distributor. System charges, network services, excise taxes, trader’s

earnings and VAT were added to the PO at typical values for residential

customers.

In addition to economic cost, buying energy from the grid does also

imply an environmental cost in terms of CO2 emission. The energy

produced carries a carbon dioxide content that depends on the energy

mix of the country of production (and neighbouring countries, due to

international energy exchange): the carbon intensity is the parameter

that allows us to assess this aspect. This value changes considerably

within the day hour by hour depending on how much energy is pro-

duced from renewable sources compared to production from fossil fuels.

Therefore, it is possible to optimize the purchase of energy from the grid,

reducing absorption during high-carbon intensity periods (night-time)

and increasing absorption during low-carbon hours (daytime). Based

on the types of production plants, their emission factors and amount

of energy produced, it is possible to calculate the carbon intensity of

the electricity of the specific area. The ENTSO-E platform provides the

values and types of production on an hourly basis while the emission

factors were extracted from the study in [297].

4.4.3.8 Incentive plan for shared energy

As mentioned, recent directives from European Community require

Member States to promote forms of self-consumption, including jointly

acting self-consumption. From here on, we will refer to the Italian case,

assuming that, even if other transposition of the European Directives

may be technically different, the common idea driving this incentive

system will produce comparable results. Even though detailed discus-

sion on energy pricing will be presented in Sections 4.4.4.3 and 4.4.5

as part of the optimization problem formulation, this subsection aims

to describe the operation of the incentive mechanism that should act as

a lever for the promotion of REC and RSC. In principle, two different

regulation models, namely physical and virtual [298], are possible.

However, at present regulation refers only to the virtual one, where the

participants in REC or JARSCs share energy by taking advantage of the

Distribution System Operator (DSO) existing distribution grid. In this
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configuration, each inhabitant is connected through its own connection

point (meter), as shown in Fig. 4.21. The electricity system operator

GSE (Gestore Sistema Energetico), in order to promote REC/RSCs, re-

wards local self-consumption by providing an economic incentive. The

latter is calculated on the so-called “shared energy”, which is equal to

the hourly minimum between the electricity produced and fed into the

grid by renewable sources and the electricity consumed by the set of

subjects belonging to the REC or by RSCs. Shared energy is rewarded

with:

(a) a compensation due to avoided grid losses and distribution charges

of about 11.5 C/MWh;

(b) an incentive of 100 C/MWh for groups of JARSCs, 110 C/MWh

for REC.

In addition, since the energy produced is actually fed into the grid (vir-

tual exchange), said energy is remunerated according to the electricity

market. In this case, the common loads are connected upstream of

the condominium meter, directly absorbing the PV energy and repre-

senting an additional form of self-consumption, which will need to be

considered for economic analysis.

4.4.4 System modelling and control design
In this Section, the main systems models and forecasts used for the

simulations described in Section 4.4.5 are presented. As far as the MPC

controller is concerned, efficient solvers are available commercially

(e.g. Gurobi [299], Cplex [300], etc.), along with specific MATLAB

expansions (e.g. Yalmip [301]) to interface standard MATLAB code

with the aforementioned commercial solvers. As a consequence, the

realization of an MPC controller requires a suitable system model,

constraints and cost function, leaving the real problem solution and

related issues to specific software.

4.4.4.1 System model for simulation purposes
Electronic power converter

The considered system includes one converter interfacing PV and ESS to

the public distribution system. For the purposes of this study, the system
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is considered in quasi-stationary conditions, such that a detailed model

of power converters and their control is not required. Consequently,

they will be modelled as ideal converters with known efficiency (battery

efficiency 95%, PV to grid efficiency 98%).

PV system modelling

For the purposes of this study, the PV modules can be simply modelled

by means of their I–V characteristic, which allows determining the

maximum power point as a function of ambient temperature and solar

irradiance. The exact equations used in this study can be found in

[286].

ESS modelling

Considering the target of this study, an advanced battery model is

not needed. The only characteristics which is necessary to model are

those related with energy balance, namely State of Charge (SoC) and

efficiency. Considering a constant efficiency ηbatt, and assuming the

ESS exchange power Pbatt positive if drained, the energy exchanged by

the ESS over one discrete time step ∆t can be evaluated by means of:

Ebatt =
(1 + sgn(Pbatt)

2
1

ηbatt
− 1 − sgn(Pbatt)

2 ηbatt

)
Pbatt ∆t (4.36)

The ESS SoC variation over one discrete time step ∆t can then be

evaluated by means of:

SoC(k) = SoC(k − 1) − Ebatt

Cbatt
(4.37)

where Cbatt is the nominal ESS energy capacity.

4.4.4.2 System model for MPC control design

The desired discrete-time system model is expressed in general form as:

x(k + 1) = Ax(k) + Bu(k) (4.38)

where x, u are, respectively, the state and input vectors and A, B are,

respectively, the state and input matrices. In the considered case study,
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the only model required is a model of the storage devices SoC, which,

combining (4.36), (4.37) can be formulated as:

SoC(k + 1) = SoC(k) − Pbatt(k) ∆t

Cbatt

(1 + sgn(Pbatt(k))
2

1
ηbatt

−

−1 − sgn(Pbatt(k))
2 ηbatt

)
(4.39)

Reformulating (4.39) in terms of states and inputs leads to:

x(k + 1) = x(k) − ∆t

Cbatt
u(k) (4.40)

where x(k) = SoC(k). The control u is defined as:

u(k) = Pbatt(k)
(1 + sgn(Pbatt(k))

2
1

ηbatt
−

−1 − sgn(Pbatt(k))
2 ηbatt

) (4.41)

such that the control input u represents a virtual power exchanged

with the battery, including efficiency. This allows to use a linear system

model (4.40), to include constraint on battery power Pbatt, and to map

the non-linearity related to battery efficiency (4.41) as a constraint in

the optimization problem in a computationally efficient way.

4.4.4.3 Optimization problem formulation

Variables

The proposed MPC controller is based on a quite simple model, as

detailed in Section 4.4.4.2. However, since it is intended for minimizing

costs and CO2 emissions, it will need to deal with quite a complex cost

functions and constraints set. In order to make the problem formulation

as clear as possible, a number of auxiliary variables are introduced.

Firstly, a set of continuous variables is necessary to represent the system

operating point (X0), states (X), and inputs (U). Note that the ho-

mologous variables appearing in Section 4.4.4.2 (x, u), indicated with

lowercase letters, are referring to a single time step, while variables in-

dicated as bold capital letters (X, U) are vectors representing variables
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over the prediction horizon. Successively, the following variables are

defined:

• non-controllable exchanged energy Enc[13xN ]: each column of Enc

is constituted by the energy absorbed, at one of the N steps of the

prediction horizon, by the 13 connection points reported in Fig.

4.21 when battery power Pbatt is null. The first twelve elements

of each column represent consumers’ absorptions, and hence

are strictly positive. The last element of each column includes

common loads and PV generation, so that can be negative when

PV generation is larger than common load. At each step, the

first column of Enc is built with real-time measures, while the

subsequent N – 1 columns are built with forecast data.

• selling price, buying price and CO2 equivalent emission vectors

Psell[1xN ], Pbuy[1xN ], CO2[1xN ]: represent the evolution of selling

price, buying price and carbon intensity, respectively, over the N

steps in the prediction horizon. Similarly to matrix Enc, the first

element of these vector represents a real-time measure, while the

following ones are obtained from forecast data.

• battery exchanged power PESS[1xN ]: control variable over the

prediction horizon, related to the system input U by means of

(4.41), introduced as a constraint. Battery exchanged power

PESS is the optimization variable which constitutes the output

of the proposed MPC controller, and the first element of PESS is

used as control signal Pbatt for the ESS and system simulation.

• PV generated power PP V [1xN ]: PV generated power over the

prediction horizon. Note that the energy produced by the PV over

the prediction horizon is included in Enc, but the PV generated

power PP V is required to define operational constraints.

• exchanged energy E[13xN ]: includes the battery exchanged power

in energy balance. The first twelve elements of each column

are equal to their counterparts in Enc, while the last element is

obtained as:

E(13, k) = Enc(13, k) − PESS(k) ∆t, k ∈ [1, N ] (4.42)
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• shared energy Eshared[1xN ]: energy shared over the prediction

horizon, as defined in Section 4.4.3.8. Considering that the energy

injected into the grid by the PV/ESS node is identified, for each

k-th step of the prediction horizon, as −E(13, k), each element of

Eshared is defined as:

Eshared(k) =

min
(∑12

i=1 E(i, k) − E(13, k)
)

if − E(13, k) > 0
0 if − E(13, k) ≤ 0

(4.43)

• sold energy Esold[1xN ]: energy sold over the prediction horizon,

defined as:

Esold(k) =
{

−E(13, k) − Eshared(k) if − E(13, k) > Eshared(k)
0 if − E(13, k) ≤ Eshared(k)

(4.44)

• cost matrix C[13xN ]: defines the energy cost over the prediction

horizon. The first twelve elements of each column, being residen-

tial users, are defined as:

C(i, k) = V AT (Cfix(i) + E(i, k)Pbuy(k)), i ∈ [1, 12], k ∈ [1, N ]
(4.45)

where Cfix(i) represents the portion of yearly fixed cost of the

i-th users associated with each hour of the year and V AT is a

coefficient including the value added tax. The last element of

each column is quite more complex to be defined, as the PV/ESS

node can both buy or sell energy. This results in:

C(13, k) =


V AT (Cfix(13) + E(13, k)Pbuy(k)) if E(13, k) ≥ 0

V AT Cfix(13) − Eshared(k)·
· (Pbuy(k) + Inc) − Esold(k)Psell(k)

if E(13, k) < 0

(4.46)

where Inc is the aforementioned economic incentive on shared

energy.

• CO2 total emission vector CO2total[13xN ]: defines the total CO2

emissions over the prediction horizon, defined as:
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CO2total(k) =
{

CO2(k)
∑13

i=1 E(i, k) if
∑13

i=1 E(i, k) > 0
0 if

∑13
i=1 E(i, k) ≤ 0

(4.47)

Constraints

In the following section, the optimization problem constraints are

presented, which are:

• initial operating point: state variables must be equal to the mea-

sured battery SoC x(k) related to the current time instant, accord-

ing to:

X0 = x(k) (4.48)

• storage SoC is to be limited according to device capacity and DOD

provided by the manufacturer, resulting in:

1 − DOD ≤ X ≤ 1 (4.49)

• the vector of control variables over the prediction horizon U can

be represented, according to (4.41) as:

U(k) = PESS(k)
(1 + sgn(PESS(k))

2
1

ηbatt
−

−1 − sgn(PESS(k))
2 ηbatt

) (4.50)

• battery exchanged power PESS is to be limited according to

converter capability and ESS C-rate, resulting in:

−PmaxC ≤ PESS ≤ PmaxD (4.51)

where PmaxC is the maximum charge power and PmaxD is the

maximum discharge power;

• it may be useful to consider the possibility of imposing the MPC

controller not to buy energy from the grid to charge the battery,

regardless of the possible economic convenience of this operation.
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In the said case, battery exchanged power PESS is to be limited

with respect to the PV generated power, resulting in:

PESS ≥ −PP V (4.52)

The implications of this additional constraints will be discussed in

Section 4.4.5.

Cost function

The cost function to be used for optimization must consider, as men-

tioned, electricity cost and equivalent CO2 emissions. Consequently,

the following quantities are defined:

JCost =
N∑

k=1

13∑
i=1

C(i, k) (4.53)

JCO2 =
N∑

k=1
CO2total(k) (4.54)

where JCost represents the total electricity cost over the prediction

horizon as a function of the optimization variable PESS , while JCO2

represents the total equivalent CO2 emissions over the prediction hori-

zon as a function of the optimization variable PESS . In addition to these

costs, it may be of interest to introduce a further cost term to avoid

possible issues related to inconsistencies in forecasts. This additional

term is defined as:

Jprev =
{

−(1 − X(2))
∑13

i=1 E(i, 1) if
∑13

i=1 E(i, 1) < 0
0 if

∑13
i=1 E(i, 1) ≥ 0

(4.55)

This term is meant to associate an additional cost to energy sold while

the battery is not fully charged. In fact, the summation in 4.55 repre-

sents the energy sold in the first step of the prediction horizon, while

the term (1 − X(2)) is null when the MPC foresee the battery to be fully

charged on the second step of the prediction horizon. The effect of this

additional cost on MPC behavior will be discussed in Section 4.4.5.
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Defined the single terms (4.53)–(4.55), the desired cost function is

defined as:

J = αJCost + βJCO2 + γJprev (4.56)

where α, β, γ are coefficients used to assess the different priorities in

the optimization process. In particular, α, β are chosen such that α ≥ 0,

β ≥ 0, with α + β = 1, in order to assess the priority of cost vs CO2

minimization. The term γ, on the contrary, is chosen equal to 1 if the

additional cost (4.55) is desired to be considered in the optimization

problem, null otherwise.

4.4.4.4 Available data and forecasts
As mentioned, one of the main strengths of MPC controllers is their

ability to exploit available forecasts to optimize control action over the

prediction horizon, and obviously the better performances are obtained

when the available forecasts are accurate and reliable. Consequently,

it is necessary to clarify which data are to be considered as available

forecasts for the MPC controller, hence known a priori over the whole

prediction horizon, and which ones are to be considered as measured

data to be used in system simulation, hence known only in the simula-

tion present and past steps.

Statistical prediction of solar irradiance, air temperature, price, CO2

emissions and loads

As mentioned in Section 4.4.3.6, the PVGIS database [296] provides

average daily irradiation and temperature profiles on hourly base for

each month of the year. Additionally, it provides daily irradiation and

temperature profiles on hourly base for each day of the year. In this

study, the average daily profiles of each month have been considered as

known and used as available forecast, both for irradiation and tempera-

ture, assuming the forecasts of each day of the month to be the same.

Analogously, the daily irradiation and temperature profiles of each day

has been used as measured data, not known a priori.

As reported in Section 4.4.3.7, hourly price and carbon intensity fore-

casts are available from online databases. Aggregated data, similar to

the ones available for temperature and irradiance, are not available.
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Consequently, similar profiles are obtained, for a single day of each

month, by averaging the available data of that month, hour by hour,

both for price and carbon intensity. This allows using the same approach

used for irradiance and temperature, in that the averaged data are used

as known statistical predictions, while the original hourly profiles are

used as measured data. Lastly, the same approach is applied to load

profiles, both users’ absorptions and common services absorption, as

presented in Section 4.4.3.4 and 4.4.3.5. Averaged profiles are gener-

ated and used as known forecast data, while original hourly profiles

are used as measured data.

This approach provides long-term predictions with low effort, but it

is not very accurate, in that solar irradiance and load absorption in

particular are known to be subject to large variations with respect to its

average value. For this reason, it is suitable for long-term predictions,

where large deviations from the average trend and less likely. For the

same reasons, this approach is less suitable for short-term predictions,

where irradiance and load variations may be significant and produce

more significant effect on system operation. Consequently, a more

effective solution for short-term prediction is introduced in the following

paragraph.

ANN-based prediction of solar irradiance, air temperature price and
CO2 emission

As mentioned, the availability of reliable predictions is a key factor

for the development of an efficient MPC controller. In these regards,

it is of interest to consider machine learning techniques for this task.

It is worth considering that, ideally, not only reliable predictions are

desired, but the predictor also needs to be as simple as possible to

be compatible with real-time applications with no need for expensive

high-performance processors. For these reasons, the well-known Feed-

Forward Neural Network (FFNN) [302] has been selected to predict

both solar irradiance (G) and air temperature (T). Even though FNNNs

represent the simplest form of artificial neural networks, their ability to

solve complex problems by mapping the relationship between the input

and the output using the back-propagation algorithm has been widely

demonstrated [303]. In this study, four different neural networks have
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been used for prediction of solar irradiance, air temperature, electricity

price and carbon intensity.

The first two neural networks are used for prediction of solar irradiance

and air temperature, and are obtained from [286]. They work with 15

min sampling time, so that the available profiles have been interpolated

to obtain a 15-min time step, processed through the neural network,

and resampled to get predictions with 1-hour time step. The ANN

architecture consists of one input layer with 12 neurons corresponding

to the previous 12 input values from time k back to time k-11, one

or more hidden layers within a number of neurons estimated during

the training process, and one output layer containing 12 output values

corresponding to time steps from k+1 up to k+12, as depicted in Fig.

4.23. The dataset used for the training of the network consists of the

35136 samples. This dataset has been restructured as a matrix of NxM

dimension where N = 12 rows and M = 35124 columns. The FFNN

prediction model can be simply formulated as:

Y N (k + 1) = FFNN(Y N (k)) (4.57)

where Y N (k) is the column k, Y N (k+1) corresponds to the next column

(k + 1) and N = 1, 2, . . . , 12. Given the notation of (4.57), we can

concludes that, at time k, a vector of N elements Y N is provided to the

prediction model FFNN which forecasts a vector of N element available

at time k + 1. The dataset has been divided into two sets: the 80% of

the samples has been used for the training, while the remaining 20%

has been used for testing the model. With reference to Fig. 4.24, during

the first iteration the input and the output of the FFNN correspond the

first and the second columns, respectively. During the second iteration,

the input and the output the FFNN correspond to the second and the

third columns, respectively. The method is applied in the same way

until the mean square error is less than 10%. The FFNN is then able

to predict the next 12 values of solar irradiance and air temperature

based on the actual values of the previous 12. The training process

has been tuned using the Levenberg-Marquardt algorithm [304] which

is available in MATLAB using the trainlm network training function

[305]. After a number of experiments, the best configuration has been

obtained with the structure 12x15x12 (12 neurons in the input layer,
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Figure 4.23: Feed forward neural network configuration

Figure 4.24: Multistep ahead forecasting scheme

15 in the hidden layer and 12 in the output layer). Considering the final

resample of prediction data, the considered ANN provides a forecast of

the next 3 hours, based on the measures over the last 3 hours.

A similar approach has been used to design the other neural networks

used in this study, which are aimed at forecasting carbon intensity and

price. For carbon intensity predictions, the ANN architecture consists of

one input layer with 24 neurons corresponding to the previous 24 input

values from time k back to time k-23, one or more hidden layers within

a number of neurons estimated during the training process, and one

output layer containing 3 output values corresponding to time steps

from k+1 up to k+3, as depicted in Fig. 4.23. The dataset used for

the training of the network consists of the 52591 samples. This dataset

has been restructured as a matrix of NxM dimension where N = 24
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rows and M = 52527 columns. The FFNN prediction model can be

simply formulated as (4.57), with N = 1, 2, . . . , 24. The dataset has

been divided into two sets: the 85% of the samples has been used for

the training, while the remaining 15% has been used for testing the

model. The method is applied in the same way until the mean square

error is less than 10%. The FFNN is then able to predict the next 3

values of carbon intensity based on the actual values of the previous 24.

The training process has been tuned using the Levenberg-Marquardt

algorithm. After a number of experiments, the best configuration has

been obtained with the structure 24x12x3 (24 neurons in the input

layer, 12 in the hidden layer and 3 in the output layer).

For price predictions, the same procedure used for carbon intensity

predictions has been used. In particular, the ANN architecture consists

of one input layer with 9 neurons corresponding to the previous 9 input

values from time k back to time k-8, one or more hidden layers within

a number of neurons estimated during the training process, and one

output layer containing 3 output values corresponding to time steps

from k+1 up to k+3, as depicted in Fig. 4.23. The dataset used for

the training of the network consists of the 54295 samples. This dataset

has been restructured as a matrix of NxM dimension where N = 24

rows and M = 54244 columns. The training process has been tuned

using the Levenberg-Marquardt algorithm. The resulting FFNN is then

able to predict the next 3 values of electricity price based on the actual

values of the previous 24. After a number of experiments, the best

configuration has been obtained with the structure 9x12x3 (9 neurons

in the input layer, 12 in the hidden layer and 3 in the output layer).

Integration of real-time measures and ANN predictions with statistical
data

The forecasts provided by the ANN-based predictor are then integrated

in the overall forecasts: at each time step, the previous 3 measured

values of solar irradiance and air temperature are provided as input

to the ANN-based predictor, which provides a forecast of the 3 sub-

sequent values of the same quantities. These 3 values substitute the

corresponding 3 values of the statistical profiles so that, at each time

step, the first 3 steps of the forecasts are those provided by the ANN,
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while the following steps are purely statistical forecasts. The same is

done for price and carbon intensity ANN, which, even though requiring

a different number of inputs, still provide as output a 3-h prediction.

This solution produces adaptive forecasts of the considered quantities,

which are updated based on real-time measures at each time step. A

similar approach based on averaging of real-time measures and statisti-

cal forecasts was proposed in [306] for this same task. However, the

addition of the ANN-based predictor proposed in this study significantly

increases the accuracy of short-term prediction, which has the most

effect on MPC control action, with minimal computational burden in-

crease. The statistical forecast proposed in [306] is used in this study,

as a way to ensure a smooth transition between ANN predictions and

statistical data. Overall, at each time step k, the real time measure is

acquired, the step [k+1; k+3] are the forecasts provided by the ANN,

and the subsequent three steps [k+4; k+6] are obtained by means of

the statistical forecast proposed in [306] to ensure a smooth connection

between ANN prediction and statistical data.

Considering load forecasts, the high volatility of the considered profiles

made impossible to use a simple FFNN to generate useful prediction.

Indeed, the complexity of the load profile generator [293] used to

generate them suggest that a very complex network must be used to

obtain reasonable predictions, which is in contrast with the simplicity

target of this study. Consequently, the statistical forecast proposed

in [306] has been used to connect real-time measures and statistical

predictions, with no further forecast techniques applied.

4.4.5 System simulation and results

In this Section, the numerical simulations performed to assess the effec-

tiveness of the proposed MPC controller are reported. All simulations

have been realized as MATLAB code and cover one year of operation.

The considered simulations scenarios are described in Section 4.4.5.1,

necessary numerical data are reported in Section 4.4.5.2, simulation

results are presented in Section 4.4.5.3, while an economic analysis of

the presented results is reported in Section 4.4.5.4. Global results are

discussed in Section 4.4.6.
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4.4.5.1 Definition of simulation scenarios
In order to assess the proposed control effectiveness, a comprehensive

set of simulations have been performed. The considered simulation

scenarios are reported in the following.

Simulation scenario 1: first benchmark simulation

In this scenario, no optimization is performed, and no measures are

shared between connection points. The battery is controlled considering

only the measures available at the common utility meter (CM) in Fig.

4.21. The power drained from the battery, at each time step k, is

calculated as:

Pbatt =
{

E(13,k)
∆t − PP V (k) if 1 − DOD ≤ SoC(k) − Pbatt

∆t
Cbatt

≤ 1
0 otherwise

(4.58)

Simulation Scenario 1 basically covers what would be done at the

moment in terms of energy management, and will be considered a first

reference for the evaluation of optimized simulations. In this case, the

battery is charged and discharged in order to cover, if possible, the load

at the common utility meter (CM), maximizing its self-consumption.

The excess of generation is stored in the ESS for later use for common

services if possible, otherwise it is injected into the distribution grid. In

this latter case, part of the injected energy will be considered shared

energy, depending on the absorptions at the other 12 connection points.

Simulation scenario 2: second benchmark simulation

In this scenario, no optimization is performed, but measures from

connection points 1–12 are shared among JARSCs. The battery is

controlled considering the measures available at the 13 connection

points in Fig. 4.21. The power drained from the battery, at each time

step k, is calculated as

Pbatt =


∑13

i=1 E(i,k)
∆t − PP V (k) if 1 − DOD ≤ SoC(k) − Pbatt

∆t
Cbatt

≤ 1
0 otherwise

(4.59)
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Scenario 2 represents a significant improvement over Scenario 1 and

is specifically tailored for JARSCs. Consequently, it will be considered

a second reference for the evaluation of optimized simulations. In

this case, the battery is charged and discharged in order to cover,

if possible, the global load at the 13 connection points, maximizing

self-consumption and energy shared among JARSCs. The excess of

generation is stored in the ESS for later use at among JARSCs if possible,

otherwise it is injected into the distribution grid and sold.

Simulation scenario 3: first optimization solution

In this scenario, the considered problem is addressed by means of

the MPC controller discussed in Section 4.4.4.2, including constraints

(4.48)–(4.51), but not constraint (4.52), and cost function weight γ

= 0. Forecasts obtained according to Section 4.4.4.4 are used. Cost

functions weights α, β are varied from 0 to 1 by 0.1 steps, with α + β

= 1, resulting in a set of eleven simulations highlighting the effect of

different (arbitrary) priorities in the optimization problem.

Simulation scenario 4: second optimization solution

In this scenario, the considered problem is addressed by means of

the MPC controller discussed in Section 4.4.4.2, including constraints

(4.48)–(4.52), and cost function weight γ = 1. Forecasts obtained

according to Section 4.4.4.4 are used. Cost functions weights α, β are

varied from 0 to 1 by 0.1 steps, with α + β = 1. As mentioned, the

additional constraint (4.52) does not allow the MPC controller to buy

energy from the grid to charge the battery, which is often contrary to

the spirit of reducing CO2 emissions, at least as long as the energy

mix includes fossil fuels. The additional cost term included in the

optimization problem by setting γ = 1 adds an additional cost to energy

sold while the battery is not fully charged, which represents a form

of caution against forecast errors. In fact, the MPC controller may

decide not to charge the battery and to sell energy during the morning,

planning to charge the battery at noon, when the price is usually lower.

However, an error in forecasts (e.g. unforeseen shading) can make

impossible to charge the battery when planned, causing a lack of energy
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during the evening and night, which will force the MPC controller to buy

energy from the grid increasing costs and CO2 equivalent emissions.

Simulation scenario 5: third optimization solution

In this scenario, the considered problem is addressed by means of

the MPC controller discussed in Section 4.4.4.2, including constraints

(4.48)–(4.51), but not constraint (4.52), and cost function weight γ =

0. Ideal forecasts (e.g. perfect forecast of each quantity the forecast of

which is used in the optimization problem) are used. Cost functions

weights α, β are varied from 0 to 1 by 0.1 steps, with α + β = 1.

This solution is obviously not feasible in real applications, in that any

forecast method will include a certain level of uncertainty. However,

it may be useful to consider this scenario too, as it represents the best

possible solution of the considered optimization problem, which could

be reached in principle with very accurate predictors.

4.4.5.2 Numerical data
In this Section, the numerical data necessary for simulation are reported.

In addition to the data referenced in Section 4.4.3.7, to determine

electricity price it is necessary to calculate fixed costs, energy buying

price and energy selling price. Fixed costs are here calculated according

to the Italian standard and are available from [307]. They consist of a

fixed component and of a component proportional to the contractual

power. The numerical values of these fixed cost, for each connection

point, are reported in Table 4.16. Energy selling price is assumed

equal to the PO referenced in Section 4.4.3.7. Energy buying price

is determined considering that, during 2016, the energy component

of buying price was, on average, equal to selling price increased by

89%. In addition to energy component, there is another component to

be considered, including various fees and customs, on average equal

to 0.0586 C/kWh. Lastly, VAT is equal to 10% for the 12 residential

connection points, while it is equal to 22% for the last, non-residential

connection point.

4.4.5.3 Simulation results
Numerical results from the simulation scenarios detailed in Section

4.4.5.1 are reported in this Section. As mentioned, the performance
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Table 4.16: JARSCs Fixed electricity costs.

Connection Point Cost [C/year] Connection Point Cost [C/year]

UM1 143.81 UM8 143.81
UM2 143.81 UM9 133.19
UM3 154.43 UM10 154.43
UM4 175.67 UM11 133.19
UM5 175.67 UM12 133.19
UM6 143.81 CM 600.47
UM7 143.81

indexes used for the evaluation of the presented results are the total

electricity cost [C] charged to the JARSCs over one year and the total

CO2 equivalent emissions [kg] generated by the electrical system to

provide the JARSCs the total amount of energy bought from the grid

over one year. Additional quantities of interest are: total energy [kWh]

drained from the ESS over one year, total shared energy [kWh] over

one year and total self-consumed energy [kWh] over one year. For

ease of comparison among different scenarios, the results in terms of

electricity cost [C], total CO2 equivalent emissions [kg], total energy

[kWh] drained from the ESS, total shared energy [kWh], total self-

consumed energy [kWh] are reported, respectively, in Table 4.17, Table

4.18, Table 4.19, Table 4.20, and Table 4.21. Additionally, the results

of the optimization problem (electricity cost [C], total CO2 equivalent

emissions [kg]) are graphically presented in Fig. 4.25. For reference,

the electricity cost and CO2 equivalent emissions have also been calcu-

lated based only of load profiles, which corresponds to what JARSCs

would have been charged in absence of PV and ESS. The total cost is,

in this case, equal to 9189 C, while the total equivalent CO2 emissions

are equal to 17175 kg.
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Table 4.17: JARSCs total electricity cost [C] over one year.

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 α

5972 5371 5810 5398 5495 0
5536 5298 5166 0.1
5469 5264 5069 0.2
5438 5247 5023 0.3
5418 5238 5000 0.4
5408 5233 4991 0.5
5401 5230 4987 0.6
5399 5228 4985 0.7
5397 5228 4984 0.8
5394 5227 4984 0.9
5393 5227 4984 1

Table 4.18: JARSCs total CO2 emissions [kg] over one year.

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 α

11204 8854 9261 8541 7959 0
9328 8467 8085 0.1
9334 8452 8248 0.2
9401 8438 8400 0.3
9454 8442 8521 0.4
9497 8445 8590 0.5
9535 8453 8633 0.6
9574 8461 8662 0.7
9590 8469 8686 0.8
9603 8467 8711 0.9
9618 8473 8734 1

Table 4.19: JARSCs total energy [kWh] drained from the ESS over one year.

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 α

6632 9317 13312 10627 16204 0
11173 10543 14263 0.1
11054 10669 14369 0.2
11331 10778 15185 0.3
11637 10834 15860 0.4
11891 10877 16241 0.5
12144 10907 16452 0.6
12333 10912 16586 0.7
12429 10934 16722 0.8
12526 10959 16831 0.9
12619 10973 16900 1

4.4 A MPC-based control with ANN-based forecasters for jointly acting
self-consumers 161



Table 4.20: JARSCs total shared energy [kWh] over one year.

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 α

4648 14749 15949 14651 18120 0
13206 13906 15237 0.1
12963 13738 14600 0.2
13254 13841 14934 0.3
13600 13933 15461 0.4
13881 13986 15834 0.5
14123 14031 16072 0.6
14306 14068 16229 0.7
14387 14077 16332 0.8
14482 14077 16436 0.9
14536 14104 16504 1

Table 4.21: JARSCs total self-consumed energy [kWh] over one year.

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 α

10322 6277 7094 6550 8869 0
7442 7594 9193 0.1
7764 7894 9952 0.2
7800 7888 10458 0.3
7855 7842 10622 0.4
7872 7822 10650 0.5
7899 7789 10651 0.6
7934 7761 10633 0.7
7964 7748 10666 0.8
7976 7759 10679 0.9
8009 7730 10687 1

Figure 4.25: Graphical representation of simulation results: scenario 1 (black
cross), scenario 2 (black circle), scenario 3 (red), scenario 4
(blue), scenario 5 (green)
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Simulation scenario 1: first benchmark simulation

As mentioned, this scenario represents the basic benchmark for perfor-

mance evaluation. The total cost in charge to the JARSCs is equal to

5972 C, while the total CO2 equivalent emissions are equal to 11204

kg. The total energy drained from the ESS over one year is equal to

6632 kWh, total shared energy over one year is equal to 4648 kWh

and total self-consumed energy over one year is equal to 10322 kWh.

The results of the optimization problem (electricity cost [C], total CO2

equivalent emissions [kg]) are identified by a black cross in the solution

plane (C - CO2) graphically presented in Fig. 4.25. All the simulations

were performed using a common desktop PC with an Intel Core i5-7500

CPU and 16 GB RAM. The average computational time required for

each iteration of the MPC control is, on average, equal to 230 ms.

Considering that no particular attention has been dedicated to compu-

tational efficiency and that the considered sample time is equal to 1

h, this is more than satisfactory and supports the applicability of the

proposed control to real-time applications, with no need for excessive

computational requirements.

Simulation scenario 2: second benchmark simulation

This second scenario represents a significant improvement over Scenario

1, in that the measures from connection points 1–12 are collected and

used to consider shared energy, in addition to self-consumption, in

battery management. The total cost in charge to the JARSCs is equal to

5371 C, while the total CO2 equivalent emissions are equal to 8854 kg.

This corresponds to a 10.1% cost reduction and 21.0% CO2 emissions

reduction. The total energy drained from the ESS over one year is

equal to 9317 kWh, total shared energy over one year is equal to 14749

kWh and total self-consumed energy over one year is equal to 6277

kWh. With respect to Scenario 1, the energy drained from the ESS is

increased by 40.5%, self-consumed energy is reduced by 39.2% and

shared energy is increased by 217.4%. Even though self-consumed

energy is the most effective remuneration mechanism for small PV

generators, which would suggest that Scenario 2 would not provide any

advantage over Scenario 1, the change of the control law from (4.58)
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(Scenario 1) to (4.59) (Scenario 2) generates a huge increase in shared

energy which, unitedly with the incentive on shared energy selling

price, produces a significant improvement in cost and CO2 emissions

over Scenario 1. This can be clearly seen in the graphical representation

reported in Fig. 4.25, where the results of the optimization problem in

Scenario 2 are identified by a black circle.

Simulation scenario 3: first optimization solution

This scenario represents the first optimized solution proposed in this

study. The results in terms of electricity cost [C], total CO2 equivalent

emissions [kg], total energy [kWh] drained from the ESS, total shared

energy [kWh], total self-consumed energy [kWh] are reported, respec-

tively, in Table 4.17, Table 4.18, Table 4.19, Table 4.20, and Table 4.21,

for the complete considered range of cost function weights α, β.

The minimum total cost in charge to the JARSCs is equal to 5393 C,

while the minimum total CO2 equivalent emissions are equal to 9261

kg. The complete set of results of the optimization problem (electricity

cost [C], total CO2 equivalent emissions [kg]) are identified by red

circles in the solution plane (C - CO2) graphically presented in Fig.

4.25, which exhibits the quite regular behaviour expected from the

Pareto frontier of optimization problems. However, Fig. 4.25 also

clearly shows that Scenario 3 introduces significant advantage over

Scenario 1, but it does not provide better performance than Scenario

2. Further investigation of this disappointing result revealed that the

main problem with the optimization problem addressed in Scenario 3

is the relative slow update of the forecasts used. This is caused partially

by the inevitable delays in prediction responses, partially by the 1-h

sampling time. This creates two main issues:

• the MPC may decide to buy from the grid to charge the battery in

prevision of future use, depending on generation, load, carbon in-

tensity and price forecasts. However, this operation is dangerous,

in that inevitable errors in previsions may compromise the ad-

vantages that the MPC controller planned to obtain. Additionally,

buying energy from the grid to charge the ESS may be considered

not desirable in terms of CO2 emissions in general;
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• the MPC controller may decide not to charge the battery and

to sell energy during the morning, and to charge the battery

at noon, when the price is usually lower. However, an error

in forecasts (e.g. unforeseen shading) can make impossible to

charge the battery when planned, causing a lack of energy during

the evening and night, which will force the MPC controller to

buy energy from the grid increasing costs and CO2 equivalent

emissions.

On the basis of these considerations, Scenario 4 was developed by

adding the additional constraint (4.52), which does not allow the MPC

controller to buy energy from the grid to charge the battery, and setting

γ = 1. The additional cost term included therefore in the optimization

problem adds an additional cost to energy sold while the battery is

not fully charged, which represents a form of caution against forecast

errors.

Simulation scenario 4: second optimization solution

This scenario represents the second optimized solution proposed in this

study, in which, in order to avoid the issue emerged in Scenario 3, the

cost function weight γ is set γ = 1 and the additional constraint (4.52) is

included in the optimization problem. The results in terms of electricity

cost [C], total CO2 equivalent emissions [kg], total energy [kWh]

drained from the ESS, total shared energy [kWh], total self-consumed

energy [kWh] are reported, respectively, in Table 4.17, Table 4.18, Table

4.19, Table 4.20, and Table 4.21, for the complete considered range of

cost functions weights α, β.

The minimum total cost in charge to the JARSCs is equal to 5227

C, while the minimum total CO2 equivalent emissions are equal to

8438 kg. This corresponds to a cost reduction up to 12.5% and a CO2

emissions reduction up to 24.7% with respect to Scenario 1, and to a

cost reduction up to 2.7% and a CO2 emissions reduction up to 4.7%

with respect to Scenario 2. The maximum total energy drained from the

ESS over one year is equal to 10973 kWh, maximum total shared energy

over one year is equal to 14651 kWh and maximum total self-consumed

energy over one year is equal to 7894 kWh. With respect to Scenario
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1, the energy drained from the ESS is increased up to 65.5%, self-

consumed energy is increased up to 3.5% and shared energy is increased

up to 215.2%. With respect to Scenario 2, the energy drained from the

ESS is increased up to 17.8%, self-consumed energy is increased up to

70.3% and shared energy is decreased at least of 0.6%. These results

highlight that the optimized solution considered in Scenario 4 produces

a total shared energy close to the non-optimized solution considered in

Scenario 2. However, the optimized solution manages to significantly

increase self-consumed energy, which produces benefits in cost and CO2

emission reduction, at expense of more demanding battery use. The

complete set of results of the optimization problem (electricity cost [C],

total CO2 equivalent emissions [kg]) are identified by blue circles in

the solution plane (C - CO2) graphically presented in Fig. 4.25, which

clearly shows the advantage gained by means of the proposed MPC

controller with respect to non-optimized solution. In the meantime, Fig.

4.25 also shows that the Pareto frontier associated with this optimization

problem is not similar to the usually expected hyperbola. This is due to

the fact that the additional cost term introduced in Scenario 4 affects

the solution of the optimization problem, impeding the MPC to sell

energy while the battery is not charged, while the additional constraint

(4.52) does not allow the MPC to buy energy to charge the battery.

However, Fig. 4.25 shows only two cost terms, which makes impossible

to graphically appreciate the effect of three cost terms (a 3-D surface

with parametrization of α, β, γ would be necessary). Still, Fig. 4.25

highlights that setting α < 0.3 is useless in this scenario, in that the

additional cost terms and constraint do not allow for a reduction in CO2

emissions, such that setting α < 0.3 implies an increase in cost, but not a

reduction of CO2 emissions. Still, it is clear that the additional cost term

and constraints allow the MPC to improve over non-optimized solutions

and take advantage of available forecasts, the errors included in which

were critical for the MPC formulation discussed in the description of

Scenario 3.

Simulation scenario 5: third optimization solution

This scenario represents the third and last optimized solution proposed

in this study, which is intended to disclose the full potential of the con-
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sidered MPC control. As mentioned, the additional cost and constraints

introduced in Scenario 4 are ditched, and the forecast obtained by

the techniques discussed in Section 4.4.4.4 are substituted with ideal

predictions, identical to measured data. While the applicability of this

scenario is questionable, it is useful to consider it in this Section as

it allows to identify the theoretical optimal solution which would be

obtained with perfect predictions, providing a measure of the possible

improvement theoretically available over Scenario 4. The results in

terms of electricity cost [C], total CO2 equivalent emissions [kg], total

energy [kWh] drained from the ESS, total shared energy [kWh], total

self-consumed energy [kWh] are reported, respectively, in Table 4.17,

Table 4.18, Table 4.19, Table 4.20, and Table 4.21, for the complete

considered range of cost functions weights α, β.

The minimum total cost in charge to the JARSCs is equal to 4984

C, while the minimum total CO2 equivalent emissions are equal to

7959 kg. This corresponds to a cost reduction up to 16.5% and a CO2

emissions reduction up to 29.0% with respect to Scenario 1, and to a

cost reduction up to 7.2% and a CO2 emissions reduction up to 10.1%

with respect to Scenario 2, and to a cost reduction up to 4.7% and a

CO2 emissions reduction up to 5.7% with respect to Scenario 4. The

maximum total energy drained from the ESS over one year is equal

to 16900 kWh, maximum total shared energy over one year is equal

to 18120 kWh and maximum total self-consumed energy over one

year is equal to 10687 kWh. With respect to Scenario 1, the energy

drained from the ESS is increased up to 154.8%, self-consumed energy

is increased up to 3.5% and shared energy is increased up to 289.8%.

With respect to Scenario 2, the energy drained from the ESS is increased

up to 81.4%, self-consumed energy is increased up to 70.3% and shared

energy is increased up to 22.9%. With respect to Scenario 4, the energy

drained from the ESS is increased up to 54.0%, self-consumed energy

is increased up to 35.5% and shared energy is increased up to 23.7%.

4.4.5.4 Economic analysis

In this section, a basic analysis of the common economic indicators used

for PV/ESS evaluation is reported. Quantities considered are: Levelized

Cost of Energy (LCOE) [Ccent/kWh], Levelized Cost of Storage (LCOS)
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Table 4.22: JARSCs economic parameters.

Parameter Value

System expected life 20 years
Return of equity 0.1 %
Return of debt 4 %

Equity percentage 50 %
Debt percentage 50 %

PV cost 1540 C/kWp
PV degradation rate 0.25 %

Yield of the plant 1100 kWh/kWp
O&M costs 1 %
Battery cost 900 C/kWh

Tax deduction 50% in 10 years
Inflation rate 2 %

Energy inflation rate 2 %
Interest rate 2 %

Table 4.23: Economic indicators.

Scenario 1 Scenario 2 Scenario 4

LCOE [Ccent/kWh] 8.87 8.87 8.87
LCOS [Ccent/kWh] 18.32 13.04 11.07 - 11.52

Payback Time [years] 15 13 12 - 13
NPV [kC] 20.74 35.26 34.61 - 38.74

Annual Revenue per User [C] 57.62 97.94 96.13 - 107.60

[Ccent/kWh], payback time [years], Net Present Value (NPV) [kC],

and annual revenue per user [C]. Methodologies for calculation of

the aforementioned indicators can be found in [187, 308]. The main

data used for calculation of economic indicators are reported in Table

4.22. The numerical values of the considered economic indicators,

for each considered scenario, are reported in Table 4.23. A graphical

representation of the NPV behaviour over the expected life of the

PV/ESS system for Scenarios 1, 2, and 4 is presented in Fig. 4.26,

where, for Scenario 4, the less favourable result is reported in orange,

while the most favourable result is reported in blue. Since Scenario 3

proved to be of scarce interest and Scenario 5 is intended just as a limit

optimal solution, only Scenarios 1, 2, and 4 are discussed.
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Figure 4.26: Graphical representation of NPV behaviour over the expected
life of the PV/ESS system for Scenarios 1, 2, and 4

The LCOE, depending only on PV cost and PV production, is common

to all scenarios and equal to 8.87 Ccent/kWh. The LCOS is equal to

18.32 Ccent/kWh in Scenario 1, which is reduced to 13.04 Ccent/kWh

in Scenario 2 and up to 11.07 Ccent/kWh in Scenario 4, due to the

increased use of ESS for energy sharing among JARSCs. The payback

time is equal to 15 years in Scenario 1, while it is equal to 13 years

in Scenarios 2 and can be reduced to up to 12 years in Scenario 4.

NPV is equal to 20.74 kC in Scenario 1, 35.26 kC in Scenario 2 and

increases up to 38.74 kC in Scenario 4. Annual revenues per user are

equal to 57.62 C in Scenario 1, 97.94 C in Scenario 2 and increase up

to 107.60 C in Scenario 4. Overall, the economic indicators are not

particularly favourable, in that, while it is clear that the installation of

the combined PV/ESS system does produce revenues over the expected

life of the system, the entity of these revenues is not very significant and

payback time is quite long. On the other side, it must be considered that

the equivalent CO2 emission, not considered in economic analysis, are

reduced from 17175 kg up to 7959 kg, which corresponds to a reduction

up to 53.7%. Considering the target of decarbonization driving the

European Directives of reference for RECs and JARSCs, this may be

considered quite a significant result. Additionally, it is not hard to

foresee that equivalent CO2 emissions, which at the moment represent

an additional cost only for large industrial loads, may in the not so

far future be an additional cost also of residential users. In this case,

the significant reduction in CO2 emissions would produce significant

economic savings.
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4.4.6 Discussion of simulation result
From a technical perspective, the results discussed in Section 4.4.5.3

show that the proposed MPC controller introduces significant advan-

tages with respect to not optimized solutions, as long as predictions

are sufficiently accurate or specific measures to reduce sensitivity to

forecasts errors are included in the optimization problem formulation.

In these regards, the following issues could be addressed to further

improve control performances:

• smaller sampling time: in principle, a smaller sampling time

would reduce the sensitivity to forecast errors, in that it allows

the MPC controller to re-evaluate its control action more fre-

quently. The MPC controller discussed in this study, due to the 1-h

sampling time, cannot update its control action for 1 h after each

solution of the optimization problem, which may be a problem in

presence of inaccurate forecasts. On the other side, a smaller time

step would increase computational burden. However, the results

shown in Section 4.4.5.3 suggest that computational time would

not be a significant issue. A smaller sampling time would also

be beneficial for PV production ANN-based forecaster, in that it

would update its prediction more frequently considering real-time

measures;

• improved predictors: more efficient predictors would take the

solution obtained in Scenario 4 closer to the theoretical optimum

discussed in Scenario 5. On the other side, this possible solution

is to be cautiously evaluated, since the additional complexity

of improved predictors may not be compatible with real-time

applications;

• load side demand control: the introduction of demand control

policies may produce significant benefits in optimized scenarios,

in that load volatility has proven difficult to be predicted. Load

side demand control policies would help in that they would make

load more regular and predictable, allowing more efficient opti-

mization, and may also allow to partially reshape the load profiles
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with respect to generation, price and carbon intensity profiles,

allowing a further degree of freedom in the optimization problem.

From an economic perspective, the results discussed in Section 4.4.5.4

highlights that the considered solution does produce revenues over

its expected life, but the entity of these revenues is not enough to

be an attractive investment form. These results also allow drawing

some considerations regarding the incentive plan for JARSCs currently

available in Italy. On one side, it is clear that the incentive plan does

create an economic advantage for prosumers sharing energy among

a group of JARSCs or REC, which is beneficial for the environment in

terms of CO2 emission reduction, and beneficial for the distribution

system, which is less likely to suffer from excessive generation. This

suggest that, if economic convenience is the main target, a smaller

PV/ESS would be better suited for the task, having a shorter payback

time due to a higher self-consumption, but generating less savings in

terms of electricity bill and smaller reductions in the CO2 emissions.

On the other side, the entity of the incentive is not sufficient to make

the installation of a PV/ESS an attractive investment for the energy

sharing mechanism. Two possible ways to increase profitability are

foreseen:

• remuneration of CO2 emissions reduction: considering that de-

carbonization is the driving reason for recent changes in energy

market, extending a form of remuneration of CO2 emission re-

duction to residential users is reasonable. Considering that the

reduction in CO2 emissions are very significant when, as in this

study, the PV/ESS system is designed to cover most of the JARSCs

energy needs, an economic recognition of this result would signifi-

cantly increase profitability of larger PV/ESS systems over smaller

ones, which would perfectly fit the decarbonization task;

• power sharing solutions: physical power sharing [273], not using

the DSO system as a mean for virtual energy exchange, would not

benefit from incentive on shared energy. However, the average

energy selling price resulting from the present study, including

incentives, is roughly equal to 16 Ccent/kWh, while the energy
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buying price is, on average, roughly equal to 24 Ccent/kWh.

From these data, the increased self-consumption obtained from

power sharing would be 50% more convenient that sharing en-

ergy through the DSO infrastructure. On the other side, the power

sharing requires additional converters, cables and switchboards,

the cost of which is to be included in economic evaluation. How-

ever, this study seems to suggest that power sharing, even if not

yet covered by standards, may be a more profitable solution than

virtual energy exchange through the DSO grid.

4.5 Discussion
In contrast to Chapter 3, which focused primarily on an analysis of

power electronic components and their control for efficiency improve-

ments and V2G services, this chapter presented different studies on

the optimization of energy flows within microgrids integrating electric

vehicles trying to answer the second research question (Q2). The main

goal is to minimize the economic costs and CO2 emissions caused by

grid power generation through the use of MPC controllers that use

future predictions in order to act in advance on controllable energy

flows such as storage systems and if possible, the charging power of the

vehicles themselves.

In the study presented in Section 4.2, the use of eMPC in EV charging

stations based on PV and BESS, taking into account uncertainties is

analysed. The explicit formulation is based on the mapping of critical

regions (CRs) by the use of Multi-parametric Programming (MPP). The

uncertainties considered are: PV production, SoC, electricity price, CO2

emissions, and the EV power consumption. The algorithm proposed

was tested in two different testbeds, one using a commercial PC and the

other using a dSPACE real-time platform. The results showed that the

eMPC is a good candidate for the real-time energy management as it can

run offline while the results can be stored in a lookup table. This reduces

the online optimization time when the actual values of the uncertainties

are known. The eMPC should only evaluate the critical regions stored

in the lookup-table and set the new control variables at every sampling

time. The evaluation of the critical regions takes less than 1 second
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for any of the two platforms tested. Thus, eMPC could be used in a

low cost platform to run real time energy management. However, the

number of CRs for the current application can grow exponentially when

the prediction horizon increases, affecting the computation time offline.

Besides the electricity price, the proposed algorithm also takes into

account the CO2 emissions due to the mix energy from the grid as part

of the uncertainties and constraints.

In Section 4.3, the integration of a photovoltaic system, electric vehi-

cles and V2G technology has been analysed in a ski resort located in

Trentino-Alto Adige. The study presents and analyses the current situ-

ation and future possibilities in three different scenarios for the years

2022, 2023 and 2030, each with different charging strategies. The de-

velopment of an EMS based on MPC technique allowed us to evaluate

a possible economic and environmental performance, in terms of total

costs and CO2 emissions. The availability of real data relating to skier

flows at the ski-lift turnstiles allowed us to estimate the power absorbed

by the plants, in order to obtain a correct and reliable evaluation of

the energy consumption of the ski resort. Thanks to the automotive

growth models introduced in Section 4.3.5, it was possible to estimate

the most important parameters, such as the number of cars, as well as

the capacity and price of battery replacement for future scenarios.

In the last study introduced in Section 4.4, an MPC-based control algo-

rithm coupled with an ANN-based predictor for optimal management

of JARSCs is presented. The proposed algorithm evaluates the con-

trol action over a one-day prediction horizon, considering available

forecasts of PV production, electricity price, carbon intensity and load,

and minimizes a cost function including electricity cost and equivalent

CO2 emissions. Five simulation scenarios are presented and discussed,

highlighting the effectiveness of the proposed control design, which

produces a cost reduction up to 12.5% and a CO2 emissions reduction

up to 24.7%. An essential economic evaluation of the considered system

shows that the revenues are not large and payback time are quite long,

but reduction in CO2 emissions up to 53.7% are obtained by means of

the considered PV/ESS system. Lastly, a brief discussion identified the
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main technical and economic aspects worth of further study in order to

improve the considered system performance.
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5
Conclusions

In this thesis work, we aimed to study energy management processes

and optimization strategies for the integration of electric vehicles with

the electric grid and their interfacing with renewable power generation

and storage systems from an economic and environmental perspective.

Several experimental validations have been developed at the University

of Trieste and at the Christian-Albrechts-Universität (CAU) in Kiel,

leading to outcomes that resulted in several research publications.

Following the introductory chapter, the work has been divided into

two main macro themes that seek to answer the following research

questions: (i) in which ways can electric vehicles be integrated into the

current electric system and what are the challenges to be considered?

(ii) which energy management strategies can be exploited and which

objectives can be achieved in systems that integrate electric vehicles?

The first theme addressed the integration of electric vehicles by starting

from the low level, that is, analyzing the electronic structures and

components required to connect electric vehicles to the grid. The theme

focused on analyzing two DAB converter topologies from the perspective

of losses and their interface with EV batteries. In addition, solutions

were proposed for improving efficiency during vehicle-to-grid (V2G)

operations and the simulation of a V2G system under construction at

the University of Trieste, Italy, has been shown.

The second theme, on the other hand, targeted on the study of energy

flow management within nano- and microgrids integrating electric ve-

hicles. The topic focused on the implementation of Model Predictive

Control (MPC) approaches that govern energy flows taking into account
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system uncertainties, prediction of variables through neural networks,

and economic and environmental aspects. In this regard, an experi-

mental study of the photovoltaic charging station at the University of

Trieste, a study on V2G technology within an Alpine ski-resort, and a

study related to Jointly Acting Renewable Self-Consumers (JARSCs) in

the context of energy communities have been presented.

In the following, conclusions and future developments within the scope

of work are drawn.

Electrification of energy consumption and transportation, and increas-

ing electricity generation from renewable sources are the way to effec-

tively implement current decarbonization policies and make the energy

sector economically sustainable. Electric vehicles may become key co-

players in decreasing greenhouse gas emissions, reducing costs, and

actively supporting the power grid through V2G technology. However,

their integration into the power grid plays a key role and needs to be

studied thoroughly.

Due to the variable conditions typical of charging processes, it is neces-

sary to carefully evaluate the topology of converters employed, taking

into account normalized losses versus rated power in order to compare

devices in a fair way. The use of a single-phase or three-phase DAB

converter depends on the applications and system constraints on vol-

ume, harmonic content, and acceptable current stress. In general, an

optimal-efficiency charging trajectory can always be found, albeit at the

expense of charging times which may be a hard constraint. However,

implementing a maximum-efficiency strategy is straightforward and

allows for increased efficiency compared to other charging strategies.

In this context, future work may include an MPC approach that, based

on the efficiency model, both optimizes losses and charging times.

In contrast, the use of optimized control techniques for the integration

of electric vehicles can bring significant benefits if their charging is

controlled differently from traditional methods. In the study related to

the photovoltaic charging station in Section 4.2, it is shown how it is

possible to take into account the uncertainties of the variables involved

with an explicit MPC controller and optimize the energy flows accord-
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ing to the considered objectives, achieving excellent computational

performance compared to classical MPC methods. Speaking of benefits,

from the study related to EV integration in a ski-resort in Section 4.3, it

can be concluded that the use of electric vehicles to minimize costs and

environmental impact through V2G is beneficial even if in a small way

and strongly depends on the operating conditions and future scenarios

of the automotive market. However, a different situation will arise

when CO2 minimization will be economically remunerated as already

done for industrial consumers. The latest study focused primarily on

a group of jointly acting renewable self-consumers (JARSC) in a con-

dominium where common loads include an EV charging station. The

benefits from the optimal management of energy flows both econom-

ically and environmentally are considerable, producing a decrease in

costs of up to 12.5% and a reduction in CO2 emissions of up to about

25%. Future work may include exploitation of V2G within renewable

energy communities and the usage of other types of energy carriers

such as hydrogen in order to study fuel cell vehicles integration.
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