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Abstract

The global increase in population and improved quality of life occurred in the last
decades have led to a significant rise in the global energy demand, a trend expected to
continue, particularly in developing countries. In the past, this demand has been met
primarily through fossil fuels, resulting in widespread access to affordable energy.
Concerns about the finite nature of fossil fuels and the global warming for which
they are responsible have underscored the need for changing the approach used
for the energy generation and achieve sustainable solutions. Four main strategies
for achieving sustainability in the energy sector were identified: demand reduction,
efficiency improvements, development of new technologies, and the transition to
renewable energy sources.

A consistent implementation of these strategies is almost impossible without using
optimization tools. In particular, the development of optimization models is very
important for creating or improving energy technologies, since it allows to achieve the
most convenient designs and operating conditions for a power plant or application.
An extension of the operation problem of an energy plant is constituted by the
operation of multiple power plants, energy networks and storage, which constitute
Multi Energy Systems. The size and nature of these problems are significant and for
these reasons their optimisation is a challenging task, but the benefits that can be
achieved include reduced costs, energy savings and environmental impact.

The main aim of the works presented in this thesis is to provide a contribute to these
topics by developing models for simulating and optimizing energy technologies and
systems, addressing the integration challenges of renewable sources, and performing

evaluations from energy and economic perspectives.

The global context and the energy optimization framework are discussed in order
to provide an overview of the motivations that guided the works presented in the

thesis and the perimeter of the research (Introduction, Chapter 1).
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Successively, the methodology developed for optimizing an energy technology is
presented and a model designed to optimize a novel CSP plant with thermochemical
storage based on Calcium-Looping is introduced (Chapter 2). This complex case
study allows the model to address key features relevant to such optimization prob-
lems. Additionally, various integration alternatives for the CSP-CaL technology are
explored and their results are discussed and compared.

The optimization of Multi Energy Systems is faced by starting with a detailed
literature review to provide an overview of the current state of research, focusing
on the development of practical optimization models and their impact on problem
nature and mathematical formulation (Chapter 3). Literature gaps are identified, as

well as future research directions.

Successively, two optimization models for the joint operation optimization of
Multi Energy Systems and thermal networks are presented. The first one takes ad-
vantage of a simplifying assumption to include a small thermal network (considered
as internal to the MES) in the operation optimization (Chapter 4).

A more realistic case study is considered in the second one, where a small
District Heating Network is considered for the heat transportation (Chapter 5). The
methodologies are developed on two different detail levels, consistently with the
case studies under consideration and the measures adopted to increase the flexibility.
The addressing of the mathematical formulation is carefully discussed, as well as the

convergence to the solution and the obtained results.

The last part of the thesis summarises the research carried out and a comment on
the most significant results obtained is provided (Chapter 6). Finally, the concluding
interpretations and considerations are given, together with a suggestion for possible
future developments in relation to this research topic.



Dissemination

Most of the research carried out has been published in international journals and
presented at international conferences. The scientific publications are here reported
along with the papers published before the PhD start, since they constitute the initial
part of a work developed during the PhD.

Journal Publications included in this thesis

[J1] Umberto Tesio, Elisa Guelpa, Vittorio Verda. Integration of thermochem-
ical energy storage in concentrated solar power. Part 1: Energy and economic
analysis/optimization. Energy Conversion and Management: X, 6, 100039, 2020.

[J2] Umberto Tesio, Elisa Guelpa, Vittorio Verda. Integration of thermochemical
energy storage in concentrated solar power. Part 2: Comprehensive optimization of
supercritical CO2 power block. Energy Conversion and Management: X, 6, 100038,
2020.

[J3] Umberto Tesio, Elisa Guelpa, Vittorio Verda. Multi-objective optimization
of helium power cycle for thermo-chemical energy storage in concentrated solar
power. Energy Conversion and Management: X, 12, 100116, 2021.

[J4] Umberto Tesio, Elisa Guelpa, Vittorio Verda. Comparison of sCO2 and
He Brayton cycles integration in a Calcium-Looping for Concentrated Solar Power.
Energy, 247, 123467, 2022.

[J5] Umberto Tesio, Elisa Guelpa, Vittorio Verda. Including thermal network
operation in the optimization of a Multi Energy System. Energy Conversion and
Management, 277, 116682, 2023.

[J6] Giulia Manco, Umberto Tesio, Elisa Guelpa, Vittorio Verda. A review on
multi energy systems modelling and optimization. Applied Thermal Engineering,
236, 121871, 2024.



vi

Conference Proceedings included in this thesis

[C1] Umberto Tesio, Elisa Guelpa, Vittorio Verda. Optimal Indirect Integration of
Steam Rankine Cycles in Concentrated Solar Power Coupled with Thermochemical
Storage. E3S Web of Conferences, Rome, Italy, 2020.

[C2] Umberto Tesio, Elisa Guelpa, Vittorio Verda. Multi-objective optimization
of helium power cycles for thermo-chemical energy storage in concentrated solar
power. Proceedings of the 33rd International Conference on Efficiency, Cost, Opti-
mization, Simulation and Environmental Impact of Energy Systems, Copenhagen,
Denmark, 2020.

[C3] Umberto Tesio, Elisa Guelpa, Vittorio Verda. Implementation of thermal
network simulation in operation optimization of an energy system. Proceedings of
the 35th International Conference on Efficiency, Cost, Optimization, Simulation and

Environmental Impact of Energy Systems, Copenhagen, Denmark, 2022.
Journal Publications not included in this thesis

[J7] Umberto Tesio, Elisa Guelpa, Carlos Ortiz, Ricardo Chacartegui, Vittorio
Verda. Optimized synthesis/design of the carbonator side for direct integration of
thermochemical energy storage in small size concentrated solar power. Energy
Conversion and Management: X, 4, 100025, 2019.

Conference Proceedings not included in this thesis

[C4] Elisa Guelpa, Martina Capone, Umberto Tesio, Carlos Ortiz, Ricardo
Chacartegui, and Vittorio Verda. High efficiency concentrated solar plant by in-
creasing of power cycle temperature. Proceedings of the 32nd ECOS International
Conference on Efficiency, Cost, Optimization, Simulation and Environmental Impact

of Energy Systems, Wroclaw, Poland, 2019.

[C5] Elisa Guelpa, Martina Capone, Umberto Tesio, and Vittorio Verda. Exergoe-
conomic analysis for the optimal exploitation of heat in thermochemical storage units
integrated with concentrated solar power. Proceedings of the 32nd ECOS Interna-
tional Conference on Efficiency, Cost, Optimization, Simulation and Environmental

Impact of Energy Systems, Wroclaw, Poland, 2019.

[C6] Elisa Guelpa, Umberto Tesio, Martina Capone, and Vittorio Verda. Design
Optimization of Thermochemical Storage System for 100% Renewable Power Pro-

duction. Proceedings of the 22nd Conference on Process Integration, Modelling and



vii

Optimisation for Energy Saving and Pollution Reduction, Agios Nikolaos, Crete,
Greece, 2019.

[C7] Elisa Guelpa, Martina Capone, Umberto Tesio, and Vittorio Verda. Optimal
Configurations for the Integration of Power Cycles in Concentrated Solar Plants with
Thermochemical Energy Storage. Proceedings of the 22nd Conference on Process
Integration, Modelling and Optimisation for Energy Saving and Pollution Reduction,
Agios Nikolaos, Crete, Greece, 2019.

Conference abstracts

[C8] Umberto Tesio, Elisa Guelpa, and Vittorio Verda. Comparison between
optimized power block integrations for Thermochemical Energy Storage based on
Calcium-Looping in Concentrated Solar Power. 6th International Conference on
Sustainable and Renewable Energy Engineering — ICSREE, Strasbourg, France.
2021.



Contents

List of Figures xii
List of Tables Xvi
1 Introduction 1
1.1 Context . . . . .. . . . . 1

1.2 Thesisgoals . . . . . .. .. . ... .. 6

1.3 Novelties . . . . . . .. e 8

1.4 Structureof thethesis . . . . . .. .. ... .. ... .. ... . 9

2 Optimization of energy technologies 11
2.1 Introduction . . . . . . .. ..o 12
2.1.1 General framework and motivations . . . . . ... ... .. 12

2.1.2 Features and objectives . . . . . . ... ... ... ... .. 13

2.1.3  Existing strategies . . . . . . . . . ... 14

2.1.4 Aimsofthepresentstudy. . . .. ... ... ... ..... 16

2.2 Concentrated Solar Power plant with ThermoChemical Energy Storage 16

2.3

2.2.1 Technology description . . . . . . ... ... ........ 17
2.2.2 Integration alternatives and literature review . . . . . . . . . 21
Methodology . . . . . . . . . 24

2.3.1 Simulation model and assumptions . . . . . ... ... .. 25



Contents ix

2.3.2 Independent variables . . .. ... ... .......... 37

2.3.3 Objective functions . . . . . . ... ... ... ... ... 38

2.3.4 Optimizationmodel . . . .. ... ... ... ....... 39

2.4 Direct integration - Braytoncycle . . .. ... .. ... ... ... 46
2.4.1 Integration description . . . . . . ... ... ... ... .. 46

2.4.2 Resultsand comments . . .. ... ... .......... 48

2.5 Indirect integration - Steam Rankinecycle . . . . . . ... ... .. 52
2.5.1 Integration description . . . . . . ... ... ... ... .. 52

2.5.2 Resultsand comments . . ... ... ... ......... 57

2.6 Indirect integration - sSCO, Braytoncycle . . ... ... ... ... 61
2.6.1 Integration description . . . . . . ... .. ... ... ... 61

2.6.2 Resultsand comments . . . ... ... ........... 65

2.7 Indirect integration - He Braytoncycle . . . . . .. ... ... ... 70
2.7.1 Imntegration description . . . . . . ... ... ... ... .. 70

2.7.2 Resultsand comments . . ... ... ............ 72

2.8 Comparison of the integration alternatives . . . . . . .. ... ... 77
3 Optimization of Multi Energy Systems: a literature review 82
3.1 Introduction . . . . . . ... ... ... 82
3.1.1 Framework . . .. .. ... ... .. ... . ... 82

3.1.2 General features . . . .. .. ..., 83

3.1.3 Potentialities and challenges . . . . . . ... ... ... .. 84

314 Aimsofthestudy . . . . . .. ... L L L. 85

3.2 Literature review . . . . . . .. ... e 86
3.2.1 Discriminating elements . . . . . ... ... ... ..... 87

3.2.2 Simplified operation . . . .. .. ... ... ... 89

3.2.3 Realisticoperation . . . . . ... ... ... 96



Contents

3.2.4  Synthesis, design and operation . . . . ... ... .. ... 106
3.2.,5 Uncertainties . . . . . . . . . ... 111
3.2.6 Flexibility measures . . . . ... ... .. ... ...... 115
3.2.7 Optimization model development and execution . . . . . . . 118
3.2.8 Comments and conclusions . . . . . ... ... ...... 120

4 Operation optimization of a MES with an internal thermal network 123

4.1 Framework and motivation . . . . . . .. ... .. ... .. 123
42 Casestudy . . . . . . . .. 124
43 Methodology . . . . . . . . ... ... 127
4.3.1 Performances of components . . . . . ... ... ...... 128

4.3.2 Components constraints . . . . . . . .. ... ... .... 131

4.3.3 Thermal network model . . . .. ... ... ... ..... 131

434 Thermalstorage. . . . . . . . .. .. ... ... ..., 134

4.3.5 Objective function . . . . .. ... ... 137

4.3.6 Decomposition approach for near-optimal solution . . . . . 137

44 Resultsand discussion . . . . ... ... 142
S Operation optimization of a MES with a DHN 148
5.1 Casestudy . . . . . ... 148
5.2 Methodology . . . ... ... ... ... 152
5.2.1 Producers . . . . ... ... 155

522 Users . . . .. e 157

5.23 Storage . ... 161
524 DHN . ... .. 162

5.3 Optimization OVerview . . . . . . . . . . . o . i 169
54 Resultsand discussion . . . . . . ... 171



Contents Xi
5.5 Limitations and future improvements . . . . . . . . ... ... ... 177
6 Conclusions 179
6.1 Research contributions . . . . .. ... ... ... ... ..... 179
6.2 Suggestions for future developments . . . . . ... ... ... ... 182
References 184
7 Appendix 216



List of Figures

1.1
1.2

2.1
2.2
23
24
2.5
2.6
2.7
2.8
29
2.10
2.11
2.12

2.13

2.14
2.15

The most important levels in the field of energy engineering . . . . . 5
Structure of the thesis . . . . . . . .. ... .. L L. 10
Structure of the discussion conducted in Chapter2. . . . . . . . .. 11
Pressure-temperature equilibrium conditions forCaLL . . . . . . . . 18
Basic scheme of CaL-CSP integration . . . . . ... ... ..... 19
Base layout of direct integration . . . . . . .. ... ... ... 22
Base layout of indirect integration . . . . . . . ... ... ... .. 24
Calciner sidelayout . . . . . . . . ... ... ... ......... 33
Location of the independent variables in the system . . . . ... .. 38
Conceptual flow chart of the simulation process . . . . . . ... .. 39
Conceptual structure of the optimization process . . . . . . . . . .. 41
Sensitivity analysis for the solid stream splitting . . . . . . . .. .. 43
Optimization structure in form of flow chart . . . . . . ... .. .. 45

Pareto curve for the multi-objective optimization of the direct inte-
Gration . . . . . . . .. e e e e e 49

Hot and cold composite curves from pinch analysis for the direct

INEeEration . . . . . . . . . .. e e e 50
Grand composite curve from pinch analysis for the direct integration 51

A feasible layout of the carbonator side for the direct integration . . 52



List of Figures

xiii

2.16 Superstructure of the power block based on a Steam Rankine cycle .

2.17 Pareto curve for the multi-objective optimization of the direct inte-

Gration . . . . . . . ..o e e

2.18 Hot and cold composite curves from pinch analysis for the steam

Rankine indirect integration . . . . . . ... ... ... ...

2.19 Grand composite curve from pinch analysis for the steam Rankine

indirect integration . . . . . . .. ...

2.20 A feasible layout of the carbonator side for the steam Rankine indi-

rectintegration . . . . . . ... ... e
2.21 Superstructure of the power block based on a sCO, Brayton cycle

2.22 Pareto curve for the multi-objective optimization of the direct inte-

Gration . . . . . . .. e e e e e

2.23 Hot and cold composite curves from pinch analysis for the sCO,

Brayton indirect integration . . . . . . . ... ... ... ...

2.24 Grand composite curve from pinch analysis for the sCO, Brayton

indirect integration . . . . . . .. ... L.l
2.25 A feasible layout of the carbonator side for the direct integration . .
2.26 Superstructure of the power block based on a He Brayton cycle . . .

2.27 Pareto curve for the multi-objective optimization of the direct inte-

Gration . . . . . . . e e e e e e e e e

2.28 Hot and cold composite curves from pinch analysis for the He Bray-

ton indirect integration . . . . . . .. .. ...

2.29 Grand composite curve from pinch analysis for the He Brayton

indirect integration . . . . . . .. ... Lo

2.30 A feasible layout of the carbonator side for the direct integration . .

53

76

2.31 Comparison of the objective functions for the economic optimization 78

2.32 Comparison of the objective functions for the energy optimization
2.33 Pareto curves of the CSP-CaL integrations investigated . . . . . . .

2.34 Cumulative Pareto curve of the CSP-CaL integrations investigated .

78

80



Xiv List of Figures
3.1 Conceptual scheme of a Multi Energy System . . . . .. ... ... 83
3.2 Example of piecewise linearization technique . . . . . . ... ... 101
3.3 Mathematical formulation of the MES optimization . . . . . . . .. 119
4.1 Conceptual scheme of the MES taken as case study . . . . ... .. 125
4.2 Scheme of the internal thermal network . . . . . . ... ... ... 127
4.3 Drawing of a surface linearized with the triangular technique . . . . 130
4.4 Representation of the thermal network asa graph . . . . . ... .. 132
4.5 Scheme of the thermal storage modelled with the simplified approach 135
4.6 Flow chart of the optimization process . . . . . . ... ... .... 139
4.7 Optimized operation for the MES, with electric powers on the top

and heating powers on the bottom . . . . . .. ... ... ... .. 144
4.8 Characteristic temperatures of CHP and EHP during the iterative

PIOCESS o & v v e e e e e e e e e e e e e e e e e 145
4.9 Difference between first and last iteration of electrical (left) and

thermal (right) fluxes . . . . . .. ... ... ... 146
4.10 Operating temperatures (up) and water masses (down) of the thermal

SEOTAZE .« . . i e e e e e e e e e e e 147
5.1 Conceptual scheme of the MES assumed as case study . . .. ... 149
5.2 Layout of the district heating network . . . . . .. ... ... ... 150
5.3 Disposition of the thermal elements in the district heating network . 151
5.4 Flow chart of the process for the operation optimization . . . . . . . 154
5.5 Visualization of the correlation between thermal users’ operating

PArameters . . . . . ... . e e e e e e e e e e e e 158
5.6 Representation of the approach used to address the users’ extracted

flowrates . . . . . ... L 160
5.7 Flow chart for computing the value of the objective function of the

Master Problem . . . . . . . . . ... 170



List of Figures XV

5.8 Convergence chart of the optimization process . . . . . . . .. ... 172
5.9 Electrical powers of generators, load and storage . . . .. ... .. 173
5.10 Thermal powers of generators, load and storage . . . ... ... .. 174
5.11 Mass flowrates extracted by the thermalusers . . . . . . ... ... 175

5.12 Thermal storage operation: temperature profiles (up) and water

masses stored (down) . . . . . . ... Lo 176

5.13 Profile of the thermal demand of User6 . . . . . .. .. ... ... 177

7.1 Electric and thermal load profiles . . . . . . . ... ... ... ... 216



List of Tables

2.1
2.2
2.3
24
2.5
2.6
2.7
2.8
29
2.10
2.11
2.12
2.13

3.1

4.1
4.2
4.3

5.1

Carbonator side data assumptions . . . . . . . ... ... ... .. 27
Global heat transfer coefficients for fluid—fluid HEXs . . . . . . .. 30
Calciner side data assumptions . . . . . . . .. . ... .. .. ... 32

Independent variables of the system (HEN and power block excluded) 37

Direct integration data assumptions . . . . . . . . ... .. .. ... 47
Independent variables specific to direct integration . . . . .. . .. 48
Data assumptions for SRC indirect integration . . . . . . . ... .. 54
Independent variables specific to SRC indirect integration . . . . . . 55
Data assumptions for sCO, Brayton cycle indirect integration . . . . 63

Independent variables specific to sCO, Brayton indirect integration . 64

Normalized cost values for data interpolation . . . . ... ... .. 65
Data assumptions for He Brayton cycle indirect integration . . . . . 71
Independent variables specific to He Brayton indirect integration . . 72
Commercial solvers for MESs optimization . . . . ... ... ... 120
Commercial solvers for MESs optimization . . . . . ... ... .. 131
Number of variables and constraints . . . . . .. ... ... .... 138
Number of variables and constraints . . . . . . .. ... ... ... 142

Operating parameters to be optimized . . . . . .. ... ... ... 152



List of Tables Xvii

5.2

7.1
7.2
7.3
7.4
7.5

Data on problem dimensions . . . . . . . ... ... ... ..., 171

Coefficients for the performance curves of the MES’s components . 217
Prices of fuels and energy vectors . . . . . ... ... ... .... 218
Coefficients for the performance curves of the MES’s components . 218
Coefficients of users’ correlation . . . . . . ... ... ... .... 219

Boundaries of the coefficients of the polynomial curve of the heat loads219



Chapter 1
Introduction

The aim of this chapter is to present the research fields of the topics investigated in
this thesis and to discuss the reasons behind the choice of these problems. Therefore,
the research objectives are explained and the structure of the thesis is presented in
order to provide an overview of the analysis developed.

1.1 Context

The constant increase of the global population and the improvements in the people’s
quality of life that the world experienced during the last century are the main reasons
for the steep growth of the global energy demand. These trends are forecasted to
continue for the next decades, mainly driven by second and third world countries [1].
In the past (and partially also in the present), the world’s energy demand has been
mainly covered by energy sources of fossil origin. The historical evolution of
the infrastructures for the energy production and transportation allowed to reach
relatively low prices for electricity, heating and cooling, as well as a high share
of population with access to electricity (91% of the global population in 2021 [2]).
These remarkable results have been achieved mainly thanks to the advanced stage
of development reached by fossil fuels related technologies and their commercial
availability.

However, many concerns regarding this context arose in the last two decades. In
fact, despite the discovery of new hydrocarbon deposits and the development of
technologies able to exploits oil fields previously considered as useless, the fossil
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fuels are a finite resource on the earth. Their availability is estimated to last only
few decades before they run out (54 years if the consumption rate is kept equal to
the level of 2019 [3]) and their price increases with the complexity encountered
for their extraction. In addition, the emissions of global warming gases due to the
consumption of fossil fuels increased the consequences of the greenhouse effect,
resulting in a worrying raise of the world’s average temperature and serious damages
on the environment’s equilibrium [4]. The need for a sustainable energy production
not based on fossil fuels is therefore out of the question.

The main strategies (with their corresponding benefits and challenges) identified to
achieve the sustainability in the power sector are:

1. Demand reduction.
It is very important to reduce the energy demand to the truly essential amount.
This can be done by adopting a more rational approach to the use of resources,
avoiding waste and introducing the concept of a circular economy in the energy

sector [5].

* Potentialities: in many cases, demand reduction can be achieved simply
by changing habits and raising awareness among users. This means that

physical changes to energy facilities/infrastructure may not be necessary.

* Challenges: strategies based on demand reduction may be of difficult
implementation since the coordinated operation of multiple subjects can

be requested.

2. Efficiency increase.
Noticeable efforts are put in the attempt to increase the performances of pro-
cesses involving energy transformations [6]. Plants (and buildings) renovation
with Best Available Technologies (BAT) or by modifying the current processes
are among the alternatives to achieve this goal.

* Potentialities: increasing the efficiency has as immediate consequence

the reduction of the energy consumption.

* Challenges: technical constraints, cost increases, complex designs and
the need for advanced materials are some of the issues that could arise to

improve the performances of an energy technology.

3. Develop new technologies.
The development of new technologies is a key element for attaining high
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efficiency in energy-related processes [7] and for exploiting as much as pos-
sible the available RESs and waste heat. In fact, old technologies can share
techno-economical limits that cannot be overcome and the only alternative is

to develop new devices or processes.

* Potentialities: new technologies can exploit resources that have not been

utilized.

* Challenges: the development of novel technologies requires noticeable

efforts, both in terms of money and time.

4. Energy transition.
The previous considerations can provide an important help to face the issues
arising in the energy sector, but the fundamental role is played by the substitu-
tion of fossil fuels with renewable sources [8]. This would allow not only to
reduce, but to avoid the emissions of gases that have an impact on the green

house effect.

* Potentialities: renewable sources are available freely and in very high
amounts. Their geographical distribution is more uniform compared to
the fossil fuels [3], which can help to reduce the energy dependence of

several countries.

 Challenges: most of the renewable sources are available intermittently

and their energy density on the territory is relatively low.

The economic plans involving unprecedented amounts of funds can be taken as
demonstration of the commitment of many countries (especially the wealthiest ones)
to the implementation of the energy transition. To provide an order of magnitude, the
International Energy Agency (IEA) calculated that, just in the period from 2020 to
June 2023, 1.34 trillion of USD has been allocated on global scale for clean energy

investment support [9].

The power sector is a wide and complex field that can be imagined as structured
on three main levels, as visually represented in Figure 1.1. The main actors playing
in the energy sector are: a) the energy producers; b) the energy consumers; c) the
transportation infrastructures; and d) the energy storage. Together, these components
form an energy system, an example of which is shown at the top of the figure.

The following level constituting the power sector concerns the single units of the
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system. The producers are the most important elements since they generate the
electricity required by the consumers and each of them can carry out this task relying
on different technologies. Focusing the attention on a single power plant, the energy
production is performed by a series of devices which carry out different processes
(energy conversions, thermodynamic transformations, etc.). The example of a ther-
mal cycle is proposed in the center of the figure.

The last level is represented by the single energy devices, which are made by multiple
parts and pieces. At this level the components physically execute the energy pro-
cesses that allow the operation of the device and, as a consequence, of the system in
which they operate. An example of energy device is shown at the bottom of the figure.
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Fig. 1.1 The most important levels in the field of energy engineering
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The existence of a mutual dependence among these levels is therefore obvious
and, being nested within each other, their relation follows a hierarchy. A high number
of decisions must be taken to design and operate the elements constituting each of
the three layers, which means that these layers represents a problem to be addressed
and solved. The scale characterizing the layers is very different (in terms of both
space and time) and, as a consequence, the size of the corresponding problems will
be different as well. In addition, the nature of the problems themselves will be

differently, since the physical phenomena ruling the layers are not the same.

The research presented in this thesis is focused on the first two layers of the
energy sector. This choice was made because, as will be discussed more in detail
in the following sections, these are the fields that most require the development of

optimisation models.

1.2 Thesis goals

International and intergovernmental institutions such as the International Energy
Agency, Intergovernmental Panel on Climate Change (IPCC), and United Nations
(UN), as well as the scientific community, have been conducting researches in the
last decades to find out the possible directions that the modern society should follow
to achieve the environmental sustainability. The objectives of the energy transition
are clear but the concrete way to achieve them is still unknown, since it requires to
solve new issues that have never been addressed before. There are still many steps to

be taken, and among the most important ones there are:

1. Adopting models for the simulation and optimization of energy technologies.
The development of advanced devices is almost impossible without the pre-
vious development of mathematical models able to simulate the expected
operation. At the same time, it is important to assess that the novel technology
is optimally created in terms of synthesis, design and operation. For this
reason it can be advantageous to build an optimization model in addition to

the simulation model.

2. Developing models for the optimization of Multi Energy Systems (MESs).
A MES is composed by a set of technologies cooperating to produce multiple
energy vectors to cover the demand of the users. For each technology it is
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possible to install multiple units of different size. As a consequence, the
technologies to use in the energy production, the number and size of the units,
and their operation schedules are choices that must be taken with the aim of

obtaining an optimal configuration.

3. Dealing with the intermittency of renewable sources.
The availability of most of the renewable sources is intrinsically fluctuating
in time and cannot be decided a priori. This aspect is a crucial issue for their
integration in the production side, since it becomes more difficult for energy
infrastructures and energy systems to guarantee the satisfaction of the demand
and the stability of the operation. Accurate forecast models, energy storages
and operation optimization models are therefore needed to properly address

the inclusion of renewables and address the energy transition.

4. Ensuring adequate energy, economic and CO; payback times.
The renovation of the production system must be conducted in a coherent way.
To ensure the usefulness of the energy transition it is important to guarantee
that the payback time of the operations performed is sufficiently short. In this
case, the most important perspectives to evaluate the payback time are the

energy, economic cost and CO, emissions.

5. Developing new policies.
The motivations underlying the energy transition are clear and compelling,
but they are not entirely sufficient to determine a spontaneous decision by the
various actors in the energy sector to implement the necessary measures. Fur-
ther actions are required at governmental level, especially in terms of policies.
Laying down obligations, allocating incentives and modifying taxation are
some of the actions that can be taken to enhance the economical advantage in

the implementation of the energy transition.

Among these key aspects, it was chosen to focus the attention on the first three,
which can be considered as the most fundamental ones from an engineering point of

view.

In general terms, the aim of the present thesis is to provide a contribute in the
research for optimization models in the framework of the development of new energy
technologies and the operation of Multi Energy Systems. As can be easily imagined,

simulating and optimizing an energy application is a very different task if the case
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study under consideration is a single energy plant (or technology) rather than an
entire energy system. For this reason, it was decided to develop two separate ap-
proaches for the two research objectives.

With the aim of following the path identified for achieving the energy transition, the
integration of renewable sources is addressed in both the frameworks investigated.
An important scope of this thesis was to conduct researches and develop models with
an approach aimed to reach a comprehensive treatment. This effort was intended to
be done since the inclusion of as many aspects as possible increases the quality and
realism of the analysis carried out.

With a similar purpose, the optimization models were developed with the aim of
obtaining approaches that cover a wide range of energy system components and
processes and can be adopted regardless of the specific case studies they refer to.

A final scope of this research was to develop models that allow to optimize the
systems under consideration from different perspectives (e.g. energy efficiency, eco-
nomic costs, etc.), which can be considered as an extension of the aim of performing

a comprehensive treatment.

1.3 Novelties

The research conducted and discussed in this thesis presents some interesting nov-
elties. The model developed for the optimization of single energy technologies is
applied to a very innovative Concentrated Solar Power (CSP) plant with a thermo-
chemical energy storage. Regarding the investigation on Multi Energy Systems,
the comprehensive literature review conducted to identify the state of art of the
research is presented from a new perspective, which is the one of the mathematical
formulation of the models. Finally, the most important novelty of the optimization
processes developed in the MES field is represented by the inclusion of the thermal
network and other flexibility sources in the model, which allow to achieve a more
realistic simulation and more reliable results.

A more detailed discussion of these elements of novelty can be found at the beginning

of the corresponding sections.
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1.4 Structure of the thesis

The outline of the thesis is discussed below and for each of its sections an explanation

of the related contents is reported.

In Chapter 2 the methodology for optimizing a power plant or a single energy
technology is presented. A model was developed to perform a comprehensive
optimization of an innovative CSP plant with a thermochemical storage based on
Calcium-Looping. This case study was selected because of its complexity, which
allowed to address in the model all the most important features that can be found
in this kind of problems. In addition, being an interesting and novel technology,
different alternatives for the CSP-CaL integration were investigated and the results

are discussed and compared.

In Chapter 3 a detailed literature review of the optimization of Multi Energy Sys-
tems is reported with the aim of obtaining an overview on the state of art in this wide
research field. Particular attention was paid to the aspects related to the development
of the optimization models form a practical perspective, analyzing the impact of
the characteristics addressed to increase the realism of the MES’s simulation on the
problem’s nature and its mathematical formulation. In addition, the literature gaps
were identified, providing useful hints for possible future developments in this field.

Successively, a first attempt to integrate the simulation of a thermal network in the
operation optimization of a MES is presented in Chapter 4. Coherently with the case
study taken under consideration, the network is simulated with some simplifications
and both the mass flowrates and the temperatures are included in the optimization.
This approach was based on an iterative process on the decomposed problem and

allows to find high-quality near-optimal solutions in relatively short times.

In Chapter 5 another methodology was developed in order to reach a more
realistic treatment, considering the coupled operation of a MES and a District Heating
Network. The quality of the simulation of the system was improved by removing the
simplification hypotheses adopted in the previous analysis, and some measures to
increase its flexibility were adopted. The optimization structure developed relies on
two nested processes, where both deterministic and heuristic solvers are exploited in

order to deal with the high complexity characterizing the operation problem.
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In Chapter 6 the conclusions of the thesis are presented, summing up the research
conducted, the main results obtained and the final considerations. In addition, some

hints for possible future developments of this research are provided.

A visual representation of the structure of the thesis is provided in Figure 1.2
in order to clarify the organization of the dissertation. Here, the structure of the
discussion is in accordance with the topics addressed and the related chapters of the

thesis.
Chapter 1
@ Energy transition towards sustainable
production and rational use
Chapter 2 p— Chapter 3
a Optimized development and e Literature review of multi
operation of energy technologies .= energy systems’ optimization

Chapter 4
(f’ MES + internal thermal
c network optimization
Chapter 5
«/” MES + district heating

network optimization

/

‘(_ . Chapter 6

l . .
o-N Conclusions of the thesis

Fig. 1.2 Structure of the thesis



Chapter 2
Optimization of energy technologies

This chapter is devoted to the research conducted in the field of the optimization of
energy plants or technologies. For first, the framework is introduced and discussed
in section 2.1, then, the case study adopted is presented in section 2.2, while the
methodology developed for its optimization is reported in section 2.3. The opti-
mization model is adapted and executed for some applications presented in sections
2.4-2.77 and the final comparisons and conclusions are reported in section 2.8.

The structure of this chapter is visually represented in Figure 2.1 to provide a clear
and immediate idea of the discussion addressed in the following sections.

Section 2.1
|I | Introduction to the optimization
of energy technologies

Y Section 2.2

[ E‘lél Case study: CSP with TCES

Section 2.3
Q(/’ Methodology for synthesis, design and

operation optimization of a CSP with TCES

_— /N

Section 2.4 Section 2.5 Section 2.6 Section 2.7
% Direct integration % Indirect integration Indirect integration Indirect integration
CO0, Brayton cycle Steam Rankine cycle sCO0, Brayton cycle He Brayton cycle

Section 2.8

el

l . .
Comparisons and conclusions
o-H P

Fig. 2.1 Structure of the discussion conducted in Chapter 2
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Part of the research presented in the present Chapter was published in Energy
Conversion and Management [J1-J3], Energy [J4], and E3S Web of Conferences
[C1].

2.1 Introduction

This chapter has the aim of presenting the research conducted in the framework of
the synthesis, design and operation optimization of an energy plant. The general
context is introduced in subsection 2.1.1, the main features, advantages and issues of
this framework are highlighted in subsection 2.1.2. Successively, an overview of the
most commonly used strategies for the optimization is provided in subsection 2.1.3

and the aims of the study are presented in subsection 2.1.4.

2.1.1 General framework and motivations

Increasing the efficiency of energy processes or developing new energy technologies
1s, in several cases, a complex task. Some of the most relevant examples in the energy
engineering field are: operation of power plants; smart grids management; topology
of energy networks/infrastructures; location of power plants. One of the main reasons
behind their complexity relies in the necessity to deal with a large number of degrees
of freedom. In other words, it is required to make numerous decisions, which deeply
influence the resulting process in terms of efficiency, economic costs, environmental
impact, reliability, etc.

Another source of complexity can arise from the necessity to create a model for the
simulation of the device (or process) under consideration. This step is mandatory
if an optimization must be carried out and it can create considerable issues if the
process that must be simulated has a complex nature (e.g. a model that require
Computational Fluid Dynamics simulations or other computationally expensive

processes).

Sensitivity analysis is the simplest approach that can be followed in this kind
of decision-making processes. It consists in studying how the variation of some
parameters (or input data) influences the application considered. Therefore, it is
simply performed by running multiple simulations executed with the same inputs

except for the parameter whose impact on the outputs is under study. Sensitivity
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analysis is not considered an optimization method because it only allows to explore

a limited (and predefined) number of cases.

When a coherent optimization is intended to be performed, it is necessary to
develop (or exploit) a suitable algorithm. The development (or adoption) of an
optimization algorithm must be made according to the features characterizing the
problem that is intended to be solved. The main aspects that must be taken into

account in this case are discussed in the following subsection.

2.1.2 Features and objectives

One of the first aspects that must be defined in the development of the optimization
method is the extent of the optimization itself. This means that it must be clarified
if the goal of the optimization concerns synthesis, design [10] or operation [11]. In

particular:

* the synthesis problem consists in the choice of the devices/technologies that
will be used in the process;

* the design problem requires the definition of the locations, connections and

sizes of the devices;

* the operation problem defines how the selected components are operated.

Synthesis, design and operation can be considered as different layers composing the
structure of the problem, strictly linked between them, and the order in which they
are mentioned corresponds with their hierarchy. Developing a method that addresses
simultaneously these three aims allows to achieve a comprehensive optimization,
since the energy technology is created or improved in the most proper way under
different perspectives.

Once that the extent of the problem is set, the objective function can be addressed.
As already mentioned, there are no limits on the nature of the optimization criterion,
nor on its number. Single and multi objective optimizations can be carried out and the
most common purposes are efficiency maximization, economic costs minimization,

and CO, emissions minimization.

The last step of the problem formulation consists in identifying the independent
variables [12]. As will be discussed shortly, this is an important phase since their
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choice has a strong impact on the mathematical formulation of the problem.

On a practical point of view, the input data and the optimization variables are
sufficient to build the simulation model of the process that is intended to optimize.
The process is usually simulated by computing dependent variables and other outputs,
in addition to the addressing of constraints.

When dealing with energy technologies, thermodynamic transformations of fluids
and electrical conversions are usually involved. According to the processes executed
in the operation and the characteristics of the energy plant, several issues can arise in

the development of the optimization model. Among the main ones, there are:

1. the impossibility to explicit the mathematical formulation. The most com-
mon case in which this happens is when non-ideal fluids are involved in the
thermodynamic transformations, since the thermophysical properties cannot
be analytically expressed and suitable databases must be employed for their
computation. As a result, a reduced number of solvers can be used to carry
out the optimization since they must be able to handle implicit formulations

adopting a black box approach;

2. the presence of nonlinear and non-convex terms, which increases the complex-
ity of the problem and (usually) does not allow to ensure the achievement of
the global optimality. Also in this case, specific solvers must be used for the

optimization of these problems.

2.1.3 Existing strategies

Before introducing the case study analysed in the present thesis and the correspond-
ing methodology, a short but useful overview of the most common strategies found in
the scientific literature is provided. Most of the optimization models for technologies
based on thermodynamic cycles are structured with a black-box approach [13]. This
choice is justified by the complex non-convexity forms that are usually present in
these problems and by the impossibility to formulate the complete problem in an ex-
plicit form, since the thermophysical properties of non-ideal fluids must be computed
with devoted libraries. As a consequence, metaheuristic methods are by far the pre-
ferred ones. Genetic Algorithm (GA) [14] and Particle Swarm Optimization (PSO)

algorithm [15] are the most commonly employed, but there are many other options,
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such as Artificial Neural Network (ANN) method [16], Simulated Annealing (SA)
[17], Artificial Bee Colony (ABC) algorithm [18], etc. The same solvers are used
for optimizing technologies operating with renewable sources, as well as for energy
technologies that do not involve thermodynamic processes, for example PhotoVoltaic
(PV) power stations [19], wind farms [20], hydroelectric plants [21], and Electric
Vehicles (EV) [22]. Metaheuristic solvers cannot ensure global optimality and are
only able to deal with problems with relatively small dimensions (order of 10° + 10!
variables), but they show good capabilities in exploring the domain and escape local
optima.

Optimisation processes are usually developed according to the nature of the appli-
cation formulation, but in some cases the formulation can be rearranged to allow
the use of a methodology that is considered as more appropriate. A typical example
consists in applying simplifying assumptions with the scope of removing some of
the non-linear and/or non-convex terms, at the price of an impact on the simulation
accuracy and the optimization extent. The advantage of this approach is that it allows
to use deterministic methods for the optimization (e.g. [19] and [23]), which are,
compared to the metaheuristic ones, faster, more accurate and capable to deal with
higher number of variables. The choice of the deterministic algorithm is based on
the nature of the problem: the Simplex algorithm is typically used to solve linear
problems, while nonlinear convex problems can be addressed with gradient methods
and interior point methods (which are used as well for non-convex methods but with
proper arrangements).

The choice between deterministic and metaheuristic methods is also influenced by
the extent of the optimization itself. Usually, the synthesis and design problems
do not entail the addressing of a considerable amount of variables, since they are
proportional to the number of components involved in the process. On the other hand,
optimising the operation problem can be much more computationally expensive. In
fact, the time period considered in the analysis is discretized in a series of timesteps
and for each of them a complete set of operation variables must be defined. There-
fore, the choice of the optimization extent has an important impact on the problem
size and, consequently, on the decision for the method to use for the optimization
execution.

Finally, tailored optimization methods can be developed for specific branches of
the energy framework. The most representative example is the pinch analysis [24],

which is a technique to minimize the thermal demand of industrial processes and
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to design optimal Heat Exchanger Networks (HENSs). Therefore, the objective is
predefined and the method is not suitable for other kinds of applications since the

algorithm was developed for this specific goal.

2.1.4 Aims of the present study

The aim of the present study is to identify a methodology to optimize the synthesis,
design and operation of an energy plant. The main aspects characterizing these
systems must be included in the analysis, such as technical constraints, heat transfer
processes, and layout connections. In order to be as versatile as possible, the resulting
methodology should be applicable to case studies different from the one considered
for its development, giving at the same time the possibility to choose between single-
objective and multi-objective optimization, according to the desired level of analysis
that is intended to be reached. The application fields of the methodology developed
will be discussed in the final sections of this study.

2.2 Concentrated Solar Power plant with Thermo-

Chemical Energy Storage

The purpose of this part of the research is to investigate, develop or adapt a method to
perform an optimization as comprehensive as possible of an energy technology. The
innovative ThermoChemical Energy Storage (TCES) based on Calcium-Looping
(CaL) for a Concentrated Solar Power (CSP) plant results to be a very suitable
case study, since it presents all the aspects whose inclusion would be interesting
to be evaluated. Among these there are: nonlinear and non-convex terms; implicit
formulation of the problem; the addressing of the synthesis, design and optimization
problems; the simultaneous presence of thermodynamic transformations, heat trans-
fer processes and power generation. Succeeding in addressing its optimization would
allow to obtain a method that can be used for almost any other energy technology,
since the case study considered is characterized by all of the complex aspects that
usually characterize these systems.

The case study analysed in the present thesis is presented in subsection 2.2.1, while
areview of the scientific literature is provided in subsection 2.2.2.
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2.2.1 Technology description

CSP is a technology that collects and concentrates the solar radiation with a heliostat
field and converts it into heat to produce electricity with a thermodynamic cycle [25].
One of its most interesting potentialities is represented by the possibility to reach
high temperatures, which can allow to exploit performing power cycles [26]. On
the other hand, the fluctuations characterizing the availability of the solar radiation
constitutes an issue for achieving a dispatchable power production [27]. Energy
storage is the most suitable solution to this problem and a wide range of alternatives

for its implementation are available [28].

Chemical looping is a process based on a reversible chemical reaction of oxida-
tion and reduction. This process generates or absorbs energy depending on whether
the exothermic or endothermic reaction is performed. This characteristic allows to
exploit the chemical looping to store energy in chemical form: providing thermal
energy to perform the endothermic reaction, it is possible to obtain and store the
products until the exothermic reaction is carried out, getting back the energy previ-
ously supplied. Thanks to its characteristics, Calcium-Looping (CaLl) is among one
of the most interesting alternatives. In this case, the endothermic reaction is called
calcination, while the exothermic reaction is named carbonation. Consequently,
calciner and carbonator are the two chemical reactors where the two reactions take

place.

Calcination  CaCO;3(5) + HEAT — CaOy) +COy(y) AH,O =178 kJ/mol (2.1)

Carbonation  CaO(z) + COyy) — CaCO3(5) + HEAT AH? = —178 kJ /mol
(2.2)

As reported in Equations 2.1 and 2.2, the compounds participating in the process are:
calcium oxide (CaO) at solid state; calcium carbonate (CaCQ3) at solid state; and
carbon dioxide (CO») at gaseous phase. The molar enthalpy of reaction is reported
as AH. To ensure an adequate rate of reaction it is important to maximize the
reactants’ contact surface, which is done by reducing the solid phases into powders.
The relation between the pressure and temperature at the equilibrium conditions is

described by Equation 2.3 [29], where Pco, ¢4 18 the partial pressure of the CO; (in
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bar) and T, is the temperature (in K).

(2.3)

20474
Pcoy.eq=4.137-107 exp <— )

eq

The same thermophysical relation is presented in graphical form in Figure 2.2, where
the chart axes (temperature and CO; partial pressure) are in logarithmic scale and the
line represents the equilibrium conditions between the two reactions. The carbonation
reaction takes place spontaneously in the region above the curve and the opposite
happens for the calcination, with a reaction kinetics that increases with the distance
from the equilibrium conditions. In correspondence to partial pressures that are
commonly achieved in industrial chemical processes the equilibrium temperatures
are in the range between 600°C and 1000°C. As a consequence, the CaL results
to be an interesting option for TCES because of the capacity to provide heat at
high temperatures during the discharging phase, that allows to achieve high power
production applications.
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Fig. 2.2 Pressure-temperature equilibrium conditions for calcination-carbonation reactions

Until the last few years, the Calcium-Looping technology was mainly investigated
in the field of Carbon Capture and Storage (CCS) [30], where it encountered some
barriers due to the disadvantageous operating conditions occurring in the CCS
application. However, considering the high operating temperatures and the possibility
to operate as TCES, is currently analyzed combined with Concentrated Solar Power
plants. The concept at the base of its integration in the CSP plant is showed in a
simplified form in Figure 2.3. The solar radiation that is reflected and concentrated

by the heliostat field on the solar receiver (located at the top of the central tower)
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provides the energy required to carry out the CaCOj3 calcination, which constitutes
the charging process of the TCES. The two products of the calcination (CaO and
CO,) are stored at ambient temperature until they are used to perform the carbonation,
where the heat released by the exothermic reaction is exploited in a thermal cycle to
generate electricity. As will be discussed further on, according to the type of CSP-
CaL integration, the power generation can be entrusted to a separate power block
or can be jointly performed with the carbonation process. For both the calcination
and carbonation, the reactants and products are respectively preheated and cooled to
obtain a heat recovery and increase the performance of the process. In addition, it
is necessary to compress/expand the CO, before/after storing it, in order to reduce
the volume of the storage itself. For simplification purposes, the compression and
expansion stages are not reported in Figure 2.3. To facilitate the discussion and refer
more immediately to the different plant sections, the system has been conceptually
divided into some parts, as can be seen in the figure. These are: solar side, calciner

side, storage side, carbonator side, and, if present, the power block side.
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Fig. 2.3 Basic conceptual scheme of CalL-CSP integration

The reason why it is interesting to investigate the CSP-CaL integration is that it

has some noticeable advantages. Among these there are:

¢ CaCQOsj can be obtained from limestone, which is an abundant, non-toxic and
cheap material [31]. In addition, eventual waste of CaCO3 or CaO can be
profitably discarded by creating synergies with the cement industry. These
aspects are important in the perspective of developing a sustainable technology,
both in environmental and economic terms;
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* the chemical compounds participating in the chemical looping can be stored at
ambient temperature, avoiding thermal losses [32]. To do that, it is necessary
to perform a heat recovery on the products of the reactions, with the additional

advantage of increasing the performance of the process;

* the possibility to reach high efficiencies by attaining high temperatures in
the charging and discharging phases, as well as exploiting performing power
cycles [33];

* the energy density can reach very high values [34], allowing to keep relatively

small dimensions of the storage vessels.

On the other side, there are some issues affecting the CaLlL that must be faced
in order to successfully apply this technology in the industry of the energy storage.
Despite being known from some decades [35], the CaL have not found an application
field in which it has been widely exploited. Some components used in other industrial
processes (e.g. fluidized bed reactors, solid-solid heat exchangers) can be also used
in the CaL process but their effectiveness in operating in this context has yet to be
verified. Another important issue is due to the CaO deactivation. This is a complex
phenomenon [36-38] that can be briefly explained as the degradation in the capacity
of the CaO to completely react with the CO» in a fixed time period of the carbonation
reaction. The reasons for this are the pores clogging and the sintering of the CaO
grains, both due to the effects of high temperatures. CaO deactivation has therefore
an impact on the CaL process and can be quantified by a parameter called CaO
reactivity, also referred as X. The ratio represented by the CaO reactivity is reported
in Equation 2.4. A high value of X must be preferred since it reduces the amount
of inert CaO that participates to the carbonation, increasing the process efficiency.
Studies on the CaO reactivity reduction during the calcination-carbonation cycles
show that values between 0.2 and 0.5 can be assumed for the CSP-CaL integration,
according to the CaO precursor selected [39].

moles of reacted CaO

= ; 2.4)
stoichiometric moles of CaO
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2.2.2 Integration alternatives and literature review

The Thermo-Chemical Energy Storage (TCES) based on Calcium-Looping can be
both directly or indirectly integrated in a central tower CSP plant. It is worth to
notice that the differences between these alternatives are only related to the plant
section where the carbonation is carried out, since the storage vessels of CaO, CO»
and CaCOs3 decouple the charging and discharging processes. In other words, the
storage side makes the operation of the calciner side and carbonator side independent
between them.

Before presenting the integration alternatives, a short description of the calciner
side is provided. The solid stream made of both CaCO3 and unreacted CaO 1is
extracted from its storage and, after a preheating process, enters the calciner reactor.
Under pure CO, atmosphere at ambient pressure, calcination temperature has to
be around 930-950°C to ensure complete calcination in short residence times [40].
Lower calcination temperatures are needed by performing the calcination under He
or steam [41-43], although in this case the energy penalty could be higher due the
energy consumption of the separation process. After calcination, CO, and CaO
are cooled down and sent to their storage vessels. To reduce the storage tanks size,
CO; is compressed up to its design pressure of 75 bar [44, 45] and, in order to
minimize the compression work required, one or more inter-cooling steps can be
included. In addition, the carbon dioxide is re-expanded and part of the energy
previously consumed in the compression process is recovered, reducing considerably
the energetic penalty brought by the compression itself [46].

Concerning the CalL.-CSP integration, the two alternatives are presented below with
their respective literature review. Their treatment is more focused on the carbonator
side (and eventually on the power block side) since, as already discussed, it is the

only part that presents differences among the integration alternatives.

* Direct integration
The operating principle at the base of the direct integration relies on the fact
that the power fluid enters the carbonator and directly absorbs the heat released
by the exothermic reaction. Successively, the power fluid is expanded in a
turbine to convert this thermal energy into electricity. The thermodynamic
cycles adopted in this case are two: closed CO;, and open air/CO, Brayton
cycles. Figure 2.4 shows the conceptual layout (without the heat exchanger

networks) of the closed CO, direct integration, which is the most interesting
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alternative. In the CaL. discharge process, CO; is extracted from the storage
tank, heated and expanded in the Storage Turbine (ST) up to the carbonator
operating pressure. In order to maximize the expansion work, one or more
reheating steps can be added. The other reactant, the CaO, is preheated and
sent to the reactor to produce calcium carbonate according the exothermic
reaction. After carbonation, solids are separated from the gaseous stream and
the CO; is expanded in the Main Turbine (MT); then, sensible heat is recovered
from both CO; and solids streams. Finally, the carbon dioxide stream enters
the Main Compressor (MC) and it is recirculated inside the process, while the
CaCOs5 and the unreacted CaO are sent to their storage vessel.

g6
Cao

Fig. 2.4 Base layout of direct integration without heat exchanger network

Optimal operating conditions for the closed CO, direct integration with energy
storage at ambient temperature are investigated in [46, 47, 44] through both
pinch analysis and sensitivity analysis. The addition of a Rankine cycle fed
by the calciner CO, outflow and high temperature solids storage is studied
in [48], where high efficiencies are obtained despite the necessity to assume
a low CaO activity value (0.15). Furthermore, a study for the adoption of
a CaL direct integration for the storage of the electricity surplus produced
by photovoltaic fields is performed in [49], demonstrating a significantly
lower plant investment cost when compared to batteries. Concerning the open
air/CO, Brayton cycle, it was proposed and investigated in [50] and, although
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its good performance, the drawback of carbon dioxide emission in the ambient
affects the plant operation because of the carbonation carried out under a
non-pure CO, reactor atmosphere, representing an intrinsic drawback for this

alternative.

* Indirect integration

The indirect integration includes a separate power block. The heating power is
provided to a thermal cycle through a heat exchanger and this allows to have a
higher degree of freedom in the choice of the power fluid and in the layout of
the thermal cycle. In addition, the operating pressures are not constrained by
the pressure attained in the carbonator. Figure 2.5 shows the basic layout of the
carbonator section for the indirect integration, without reporting the HEN and
the power block. The discharging process starts by preheating the CO, and the
CaO extracted from their respective storage. Once that the CO; is expanded
in the Storage Turbine (ST) to reach the carbonator operating pressure, the
two reactants enter the carbonator. At the exit section, both the carbonator
outflows are cooled down and the CaCOs3 (together with the unreacted CaO)
is sent to its vessel while the CO; in excess pass through a Blower (B) and is
recirculated in the process. In order to perform an analysis as comprehensive
as possible, two alternatives are taken into account to supply heat to the power
block. In the first case, a Heat Recovery is performed on the Carbonation
Products (HRCP configuration, A in the figure), while in the second case a
Heat Transfer is executed on the Carbonator Wall (HTCW configuration, B in
the figure).
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Fig. 2.5 Base layout of indirect integration without heat exchanger network

The Steam Rankine cycle (SRC), the supercritical CO, (sCO,) Brayton cy-
cle and the combined cycle are analyzed in [44] as possible candidates for
this kind of integration. Despite the sCO, power block reaches the highest
efficiency, it results to be the least performing option when integrated in the
CaL process. This happens because the total integration efficiency depends
on the performances of both the power cycle and the thermal transfer process
conducted in the carbonator side. However, in this case it is assumed that the
thermal cycle is fed only by the gaseous carbonator outflow. An alternative
CaL layout is investigated in [48], where the energy storage occurs at high
temperature to simplify the process integration scheme. Similar to this last
configuration, but with a more complex design, in [51] is analyzed the choice
of a direct (closed CO; loop) or indirect (steam Rankine cycle) integration in
series with an Organic Rankine Cycle (ORC) for the low-temperature heat
recovery. It resulted that the advantage between the two alternatives depends
on the operating conditions. A comparison of the works found in literature

about this topic is provided in [31] with the addition of interesting comments.

2.3 Methodology

The methodology developed for the synthesis, design and operation optimization is

reported and discussed in this third section. For first, the approach used to simulate
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the processes and the components involved in the system is presented (2.3.1), then,
the independent variables and the objective function to be optimized are discussed
(2.3.2 and 2.3.3). Finally, the development of the optimization model is exposed in

subsection 2.3.4.

2.3.1 Simulation model and assumptions

Before performing the optimization of a plant, it is necessary to be able to simulate
its operation. For the sake of simplicity, the simulation of the plant sections shared
by the different integration alternatives is exposed below, while the details related to
the power blocks and their integration are reported in the corresponding paragraphs
of the next section. Since the analysis is intended to be conducted both in energy and
economic terms, the cost functions assumed to compute the price of the components

are reported together with the equations for the simulation of their operation.

Carbonator side

The chemical reactor is modelled with the same energy balance set in [46], which
simply accounts the sensible heat of the compounds involved in the reaction and the
heat of reaction made available by the carbonation. This balance is reported in Equa-
tion 2.5, where F is the molar flowrate, ®;), is the dispersed flux, and AHg(T,,) is
the molar heat of reaction as a function of the carbonation temperature (7,5 in [K]).
This last term is computed as reported in Equation 2.6. The reaction kinetics is not
investigated because this aspect is not among the purposes of the present work. The
chemical composition of the outlet substances is assumed as known, meaning that
the degree of reaction is imposed. The analysis of the carbonator side (as for the
power block) is conducted assuming a stationary operation.

Fea0,,.Cpcao(Ters — Tcao,,) + Fco,,Cpeo, (Ters — Tco, )
+ Fcac0s 0 AHR (Terp) = —|Puisp| (2.5)

AHR(Tcrb> = AHI(Q) + (QCQC03 o GCOZ - GCaO) (Tcrb - 298) (2.6)

The compressions/expansions that take place in the compressors/turbines are sim-
ulated by imposing an isentropic efficiency for the turbomachinery, as synthetically
reported in Equation 2.7. The corresponding electric powers are then computed with
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Equations 2.8 and 2.9. Despite the main connections and processes of the carbonator
side are defined, the mass flowrates of the reactants and products are required to

exchange heat in order to enter in the main components at the correct temperature.

hour = hour (Pouta nis) 2.7
PP = G(hin = hour ) Nes 2.8)

comp| _ G(hout - hin)

2.9
P, o (2.9)

The layout and the size of the Heat Exchanger Network that tackles this task
is not predefined and is part of the design problem. By arbitrary choice, the HEN
is required to avoid the consumption of any external source of heat, in order to
exploit only the renewable solar energy instead of additional fossil fuels. This task is
addressed by the pinch analysis, which ensures the existence of a HEN with external
heating and cooling demands that are obtained as a result of the pinch analysis itself.
As will be later discussed, these external requirements can be changed such that the
assumption of null heating demand is fulfilled.

Thermo-physical properties of the involved substances are taken from [52] for CO»,
[53] for CaO and [54] for CaCOs. Any other data assumed for the simulation of the

carbonator side operation is taken from [43, 48, 44] and reported in Table 2.1.
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Table 2.1 Carbonator side data assumptions

Parameter Component/stream Value
Operation time Carbonator side 24 h
CaO activity CaO 0.5
Thermal losses Carbonator 1% - reaction heat
. . Storage turbine 0.8

Isentropic efficiency

Blower 0.8
Electrical efficiency Electric motor 0.98

Mixed CO; 6%
Pressure losses Recirculated CO; 4%

Storage CO» 1%
Storage temperature Storage vessels 20°C
CO, storage pressure CO, Storage vessel 75 bar

Solid conveying electrical consump- CaO, CaCO3 10 kJ /(kg - 100m)
tion
Storages-carbonator distance Ca0, CaCOs 100 m
Heat rejection electrical consump- Coolers 0.8% - rejected heat
tion

. Gas-gas HEXs
Minimum AT 15°C

HTF-solid HEXs

Regarding the economic aspect, the cost functions (and eventual procedures)

used for the estimation of the prices of the components involved in the operation
of the plant section corresponding to the carbonator side are reported below. All
the prices are discounted to 2018 with CEPCI index and expressed in U.S. Dollars
(USD). In case the cost functions found in literature are not referred in USD, a ratio

of 1.18 €/$ is assumed, corresponding to the 2018 average value [55].

* CO, turbomachinery
Investment Cost (IC) associated to CO, turbomachinery operating at subcritical
conditions (Storage Compressor and Storage Turbine) is estimated with the
methodology proposed in [56] and reported in Equations 2.10 and 2.11. The
idea behind this method is to define an equivalent configuration with air as

working fluid. Operating temperatures, pressures and mass flow are computed
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for this equivalent case and they are referred with the subscript eq.

4922 TIP
1- Nis turb TOPeq

ICturb,COQ - Geq,turb

TIP
-1 1 0.036-TIT — 65.66 2.10
(7op- ) (1 +em( ) @10

59.1 COP, COP,

IC = Gogtu =3 = 2.11

comP7C02 eq,t rbl o nis7comp CIP n ( CIP ) ( )

Pe Jin
Geq,turb/comp = Yturb/comp q (2.12)
Pin
G rb
Peg,out = é%m—/wmjpeq (2.13)
turb/comp

Here, G, is the equivalent mass flowrate [kg /s1, Mis is the isentropic efficiency,
TIP is the Turbine Inlet Pressure [bar], TOF,, is the equivalent Turbine
Outlet Pressure [bar], TIT is the Turbine Inlet Temperature [K], CIP is the
Compressor Inlet Pressure [bar], and COF,, is the equivalent Compressor
Outlet Pressure [bar]. The equivalent mass flowrate is computed with Equation
2.12, while the equivalent outlet pressure is obtained through the CoolProp
data library for air, imposing the equivalent density (Peq our from Equation

2.13) and the temperature at the machinery outlet.

CO, blower
The cost of the CO, blower in the carbonator side is calculated with Equation

2.14, as proposed in [56]. Notice that the blower shaft power (Wjoer) is in
[kW].

; 0.67
Wblower) (2 14)

IChioner = 129520 ( e

Adiabatic carbonator

In case that the heat of reaction is intended to be completely provided to
the products of the carbonation, an adiabatic reactor must be chosen. In this
case, the component price is proportional to its volume, which depends on the
volume flowrate of the inlet streams. The cost function reported in Equation
2.15 and proposed in [57] for entrained flow (EF) reactors is assumed, where
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Vi, is the volume flowrate of the streams entering in the carbonator (in [m? /s]).

ICEF ey = 106200 (V)" 2.15)

* Electric generator
The Electric Generator (EG) price is obtained with Equation 2.16, where the

electrical power output (Wel’ G 1n [kW]) is taken as scaling parameter [58].

ICgG = 106 Wy £6)"”

(2.16)

* Heat exchangers
The heat transfer between the CaL streams is performed trying to satisfy, when-
ever possible, two good practices [28]: first, avoid thermal transfer between
solid streams and second, avoid splitting solid streams. Both of them are
aimed to reduce the technical complexity of the plant operation and in case
the first practice cannot be fulfilled, the heat transfer between the solids is
performed with an auxiliary fluid circulated between two solid-fluid HEXs.
For this reason, the thermal transfer between two solid streams will have a
minimum temperature difference equal to the double of the value set in case
of solid-fluid heat exchange.
For the purposes of this analysis, only two types of heat exchanger are consid-
ered: fluid—fluid HEXs and fluid—solid indirect HEXs. Equation 2.17 provides
the investment estimation related to the former category [56], while, according
to authors knowledge, cost functions suitable for the cases analyzed in the
present work referred to the second type are not found in scientific literature.
A proper function (Equation 2.18) is therefore extrapolated from the study of
a gas—solid exchanger [58] that fulfills the cost target set in the DOE SunShot
project [59]. For this purpose, a function with the same mathematical form is
used. However, since the prediction of the global heat transfer coefficient in
case of thermal transfer between fluids and solids is more difficult, the product
UA (in W /K) is set as one of the scaling parameters instead of only the heat
transfer surface (4, in m?). In this way, besides the operating pressure (P, in

bar), its investment cost is proportional to the thermal power exchanged and
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the logarithmic mean temperature difference (LMTD).

ICs_ g1 px = 3197A%¢7p0-28 (2.17)
ICy1_so1mEx = 18.48(UA)*07 pO-28 (2.18)
Heat transfer surfaces for fluid—fluid HEXs are computed assuming global heat
transfer coefficients found in [60, 61, 56] and reported in Table 2.2. For the

cooler/condenser sizing, the ambient air is assumed as heat sink with infinite

thermal capacity.

Table 2.2 Global heat transfer coefficients for fluid—fluid HEXs

HEX/fluids U [ w }

m2K

SRC economizer 250
SRC evaporator 200
SRC superheater 125

SRC condenser 150
CO; —COs 300
COy —sCOy 300
He—-He 700
CO,-He 300
He — air 300
CO, — air 300

Storage side

As already mentioned, the three compounds participating in the Calcium-Looping
are stored at ambient temperature. The volumes of the storage are obtained by
computing the mass balance on vessels in the design day and assuming as design
volume the value corresponding to the moment in which the mass stored reaches
the highest level. The CaO and CaCOs3 storage investment costs are assumed as
negligible because of their small size (due to high solids density), the absence of
thermal insulation (reactants at ambient temperature) and the gauge pressure equal
to zero. Consequently, in the present analysis the cost of the storage side is only
related to the pressurized CO; vessel. It is worth to mention that, despite the solid

compounds are stored at ambient temperature, it is possible to send them to their
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relative vessels at a temperature close but not equal to the nominal value [46]. Since
the storage vessels are not insulated, the residual sensible heat goes dispersed to the

environment, avoiding the addition of a dedicated air cooler.

e CO, vessel.
The price of the CO, vessel (Equation 2.19) for the storage at 75 bar is obtained
with the procedure suggested in [62] for cylindrical pressure vessels. cgy 1S
the unit cost of Stainless Steel ([$/kg] taken from [63] for 304L alloy), pss
is the metal density ([kg/ m3]) and Vi, is the steel volume ([m°]). The entire
procedure is not reported here but further details concerning the calculation of
Vis can be found in [62].

ICCO2,S[0V = CyssPss Vs (2.19)

Calciner side

The assumptions used for the simulation of this plant section are taken from [48,
51, 64, 65] and summed up in Table 2.3. The model developed in [46] is used to
simulate the chemical reaction carried out in the solar calciner, while the electric con-

sumption due to the solid lift in the central tower can be estimated as indicated in [65].



32 Optimization of energy technologies

Table 2.3 Calciner side data assumptions

Parameter Component/stream Value
Operating temperature Calciner 950 °C
Cut-in power Calciner 0.2-Deic des

) CPC 0.97
Thermal efficiency )

Calciner 0.75

Isentropic efficiency Compressors 0.8
Electrical efficiency Electric motor 0.98
Compression intercooling stages CO, compressor 5
Pressure losses CO; coolers 1%
Solid conveying electrical consump- CaO, CaCO3 10 kJ / (kg - 100m)
tion
Storages-calciner distance CaO, CaCO; 100 m
Heat rejection electrical consump- Coolers 0.8%-rejected heat
tion

o Gas-gas HEXs
Minimum AT ] 15 °C
HTF-solid HEXs

The calciner side simulation is performed with a fundamental simplifying hy-
pothesis: the operating temperatures and pressures of the components involved in
the charging process are stationary during the operation period. This is assumed by
imaging that the flowrates are adjusted by a control logic that has the aim of keeping
the operation temperatures of the calciner side equal to their setpoint value. There-
fore, only the mass flow rates change proportionally to the solar radiation absorbed
by the solar receiver. The heat exchangers are dimensioned for the rated power of
the calciner side (i.e. the nominal thermal flux to the receiver). As a result, in case
of lower heat inputs (and consequently lower flow rates), the HEN results to be
oversized, leading to a more performing thermal transfer. The hypothesis of constant
operating conditions for the Heat Exchanger Network is therefore precautionary and
does not bring efficiency over-estimations.

In order to minimize the considerable compression power (CO, must be brought
from 1 bar to 75 bar), the addition of inter-cooling stages is recommended [46].
Significant advantages are not encountered in the recovery of the heat generated
by the compression, because of the low temperature at which it is available, its
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relatively small amount and the complexity introduced in the layout structure. It
is therefore assumed to release this heat to the ambient. According to [66, 67],
the compressors’ pressure ratio is imposed to be equal for all the stages, while the
number of inter-cooling steps is subjected to the optimization process, as explained
in the following section.

The thermal transfer between the reactants and products of the calcination is sim-
ulated through the pinch analysis. Due to the low number of fluids involved in the
thermal transfer process, the fixed ratio between their mass flowrates and the assump-
tions made on the calciner side configuration, the HEN layout does not change with
the operating conditions of the chemical reactor. As a consequence, for this plant
portion it is possible to obtain the HEN layout before performing the optimization
process. The resulting configuration of the calciner side is shown in Figure 2.6, where
the inter-cooled compression is synthetically represented with a single compressor
and cooler. As will be explained in the following chapter, the CaCOj5 split ratio has
no impact in energy terms on the process, but it influences the HEN cost because of
the change of LMTD occurring in the interested heat exchangers and it is therefore

necessary to properly consider this phenomenon.

CaCo,

Cao

Fig. 2.6 Calciner side layout

Avoiding the thermal transfer between solids in the calciner side HEN is impossi-
ble, since there is only one cold stream to be preheated (CaCO3 and unreacted CaO).
As already mentioned for the carbonator side, heat transfer between solids poses
technical problems, and the simplest way to carry it out is to use two fluid-solid
HEXs that operate with a heat transfer fluid (shown in green in the figure) that is
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circulated between the two units. Taking into account the temperatures reached, the
fluid must be a gas, and the same LMTD can be imposed on the HEXs to obtain
two equally sized units. The cost functions used for the HEXs and the Storage
Compressors are the same reported in the paragraph devoted to the carbonator side,
while the ones corresponding to the components which have not yet been mentioned
are reported below.

* Solar calciner.

Falling particle receivers, centrifugal particle receivers, fluidized bed receivers
and rotary kilns are possible candidates as solar calciner [47, 31, 68]. Consider-
ing the required operating conditions (calcination carried out under pure CO5),
the technology state of development and the data available on the literature, a
rotary kiln reactor with a Compound Parabolic Concentrator (CPC) is assumed
as solar calciner [69, 70]. As suggested in [64], the calciner’s investment cost
is computed with Equation 2.20, while Equations 2.21 and 2.22 are used to
estimate the price of the CPC.

P ; 0.48
Ji = 4 cc 2.2
C.ro = 53339 ( e ) (2.20)
Depe = Lele 2.21)
Ncec
ICcpc = 37.56 Pcpc + 57303 (2.22)

Both the calciner gross power (®;.) and the thermal flux on the CPC are expressed
in kW, while ncpc i1s the CPC efficiency. In addition, it is important to specify
that, due to technical and operation constraints, the size of a single reactor cannot
overcome the value of 55 MW [64]. The use of multiple solar calciners (of identical

dimensions) must be therefore taken into account.

Solar side

The solar side is simulated through a simplified approach. The winter solstice is set as
the nominal day to dimension this plant portion in order to guarantee a certain power
production of the power block in the most unfavorable day of the year. The plant
location, the Direct Normal Irradiation (DNI) calculation and the hourly efficiency of
the heliostat field (including atmospheric attenuation, mirrors reflection, shadowing
and blocking, spillage and cosine losses) for a north-field are taken from [71] (DA-
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HAN power plant). The solar side is modelled as follow: from the carbonator side
simulation the daily amount of CaCOj to be reconverted into CaO and CO, (with the
relative CaO unreacted) is obtained. Given the calciner reactants inlet temperatures,
it is possible to compute the net thermal energy requested at the chemical reactor

(Eclc ner) as the sum of chemical and sensible energy requirement (Equation 2.23).

Eclc,net = nCaCO3Ahr + MCGCOS@C{;CO3 (Tclc - Ti”lCaC03 )+

+ MCaOanCQOM (Tclc - Tincaolm ) (223)

Where ncqco, is the moles number of calcium carbonate, Mc,co, /ca0,, 18 the
CaCOsz/unreacted CaO mass quantity provided to the reactor, CpCacos/Ca0 is the

corresponding average specific heat capacity, 7; is the calciner inlet tem-

nCaCO3 /CaOyun
perature of the two substances and 7. is the calciner design temperature.

The net thermal power @ ,.; employed to carry out the endothermic reaction is ob-
tained with Equation 2.24, where 1. /cpc/neiio Stands for the calciner/CPC/heliostat

field efficiency and Ay,;;, is the total heliostats area.

q)clc.,net (t) = NcicNepc Nhelio (I)AhelioDNI(t> (2.24)

According to [64], the minimum calciner net thermal power @i, ¢/¢ per 1S IM-
posed as a fraction of the design calciner net heat flux @y cic ner- These values are

the lower and upper bounds of the reactor operation (Equation 2.25).

q)min,clqnet =0.2- q)des,clqnet (225)

The endothermic reaction starts at 7,,,, when the solar radiation overcomes the
calciner minimum operating power and ends at 7,7¢, when the thermal flux goes
below the same limit. The reactor maximum achievable power is set equal to the
design value; any power surplus provided by the heliostats is lost. As a consequence,

the E¢jc ne; can be written as shown in Equation 2.26.
toff .
Eclc,net = mln(q)clc,net (t> 5 dees,clc,net) dt (226)
t()n

The heliostat field area and calciner design power are two degrees of freedom
to compute the E¢; »,;. This means that different pairs of values able to satisfy the
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energy requirement of the calciner can be found. In fact, for a fixed amount of
CaCOs that is needed to be calcined, the solar calciner size and the heliostats area
are inversely proportional: when the receiver nominal power decreases, the solar
field area increases in order to extend the useful operating time and compensate the
lower power that the reactor is capable to absorb (and vice versa). Considering this
behavior, when the calciner side cost decreases, the solar side investment increases.
For a fixed production of CaO and CO;, the most performing configuration (in
energy terms) is the one with the minimum heliostat field area because it exploits a
lower amount of solar energy. However, it is not possible to establish a priori that this
configuration is also optimal under an economic perspective. A suitable optimization
(discussed in the following section) is implemented in order to take into account this
phenomenon. The costs functions used to estimate the investment costs of the two

main components constituting the solar side are reported below.

* Central tower
For the evaluation of the central tower investment cost, Equations 2.27 and

2.28 are extrapolated from charts in [72].
Hypy = 15.67 ®cpc®*8 (2.27)

Equation 2.27 is referred to the case of north field arrangement, where Hy,, is
the tower height (in [m]) and ®¢pc is expressed in [MW].

379 H,,,,> — 16370 H,,,, + 1633200  H,,,, < 122m
ICtow _ tow tow tow = (228)
287 H,,,»2 — 43661 H,,,, + 6338000  H,py > 122m

The tower price is computed with a piecewise function to take into account
the change of its construction material (from steel to concrete) necessary to

sustain the high stresses occurring in high towers.

* Heliostat field
The investment cost of the heliostat field is obtained through data fit of specific

cost values presented in [73]. The resulting cost functions are reported in
Equations 2.29 and 2.30.

IChelio = Chelio * Ahelio (229)
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Chelio = 3853 - Aperio 270 (2.30)

Here, cj.1i, is the specific cost of the heliostat field (in [$/ m?)), while Ajesio

(in [m?]) is the area of the mirrors constituting the heliostat field.

2.3.2 Independent variables

The parameters assumed as independent variables are reported in Table 2.4 in corre-
spondence of the plant section to which they refer. Here, OC stands for optimiza-
tion criterion, #/C is the number of inter-cooling steps for the CO, compression,

Té”o is the
3 / CaC 03
CO,/CaCOs3 temperature at the carbonator temperature, STIT is the Storage Turbine

T, 1s the temperature at which the carbonation is carried out,

Inlet Temperature, BIT is the Blower Inlet Temperature, G¢,0 is the mass flowrate
of CaO extracted from the storage, and PBTF stands for Power Block Thermal
Feeding. The variables related to the power block are not displayed in the table since
they are dependent on the CSP-CaL integration investigated, and will be mentioned
in the corresponding subsections, while the HEN layout is optimized through the

pinch analysis and does not count as an independent variable.
Table 2.4 Independent variables of the system (HEN and power block excluded)

Plant section Variable’s name

Ahelio Htow

Solar sid
olar side 2 ] oC

[m

&4 #HC [

Calciner side
kW] [-]

Tears T, Tlhco, STIT BIT  Geao  PBTF

Carbonator side (] °C °C] °C] [ [kg/s] [—]

To better visualise the points or sections of the system to which the variables refer,
Figure 2.7 is shown. Also in this case, the HENs optimization and the parameters

related to the power block are not reported.
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ocC
pdes PBTF
cle H#IC STIT
BIT y
T_‘C’bz
Gcao Tacos
Tcarb
Ahelio Htow

Fig. 2.7 Location of the independent variables in the system

2.3.3 Objective functions

The multi-objective optimization is performed in order to evaluate the compromises
between plant efficiency and investment costs, as well as to investigate the influence
of the parameters assumed as independent variables on two fundamental aspects
characterizing the system: the energy performance and the investment cost. The
total plant efficiency (1) is computed with Equation 2.31, where E,; ;. is the
net total electricity production referred to the design day, Qy,; is the energy made
available by the sun during the design day, and Wel,crbs /cles 18 the net electric power

produced/consumed by the carbonator/calciner side.

o Eel,tol - fday(Wel,CrbS (t) + Wel,C[cs(t))dt
Qsol fdayAhelioDNI(l‘)dt

(2.31)

Niot

Regarding the economic aspect, the specific plant cost (ic;, ), defined as the plant
investment cost divided by the daily energy production, is taken as objective function.
The reason for the normalization of the total investment cost is that, despite all the
integration alternatives are designed such that the discharging section of the plant
has a 2 MW, production, there can be (small) differences in the daily amount of
electricity produced. This difference is due to the configuration assumed by the
CaL, which influences the electric production mainly through the compression and
expansion of the CO, streams. Consequently, this aspect must be taken into account
in order to make a coherent treatment.
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icroy — L (232)
Etot,el

2.3.4 Optimization model

The development of the optimization model is usually conditioned by the nature of
the mathematical formulation assumed by the simulation model. For this reason,
the procedure for the system’s simulation is summarized in Figure 2.8, where the
plant sections are highlighted in blue, and the most important constraints are in red.
Starting from the power block, the thermal cycle can be simulated by imposing the
electrical power and by setting the design and operation variables. Successively, the
carbonator side is simulated by fixing the related variables and iteratively adjusting
the streams participating in the carbonation in order to obtain a configuration that
does not need an external thermal contribution. This is done exploiting a bisection
method and the pinch analysis. The section of the plant performing the charging
process is simulated by fixing the size of the solar calcined and obtaining the size of
the heliostat field or vice versa. Finally, the storage vessels can be dimensioned with

a direct calculation.

. Set layout and
Power block side . Y . < 2 MW,
operation variables
Set layout and
Carbonator side . Y . < Do =0
operation variables
Solar side »| Set size Y _pf Setsize |« Calciner side
Storage side Compute size

\ 4

Plant simulation

Fig. 2.8 Conceptual flow chart of the simulation process
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As already mentioned, it is intended to optimize the CSP plant in a comprehen-
sive way, addressing at the same time the synthesis, design and operation problems.
The model for the simulation of the plant operation is characterized by many sources
of complexity. The strategies that are usually used to deal with non-linear and
non-convex terms cannot be exploited in the case under consideration since the math-
ematical formulation is not completely explicit and other optimization techniques
(e.g. pinch analysis) are nested inside of the simulation model. Taking into account
the input data available, the assumptions adopted and the mathematical formulation
used to simulate the plant, a heuristic approach results to be the most suitable strategy
to optimize the CSP-CaL integration. More in detail, it is worth to notice that the

aspects that must be dealt with particular attention are:

* including the simulation of the heat transfer processes (made through the pinch

analysis) in the optimization;

* addressing all the technical and conceptual constraints (e.g. avoiding heat

transfer between solid streams and the use of external energy sources);
* the potential high number of independent variables to be optimized;
* the computation time required to solve the problem;

* the possibility to optimize the problem under different and concurrent perspec-

tives.

In light of all these aspects, a multi-objective optimization model is developed,
whose structure is showed in form of flow chart in Figure 2.9. Steps highlighted
in orange indicate optimizations of operating conditions of processes involving
active components (e.g. turbines, compressors), while blocks in blue are referred to

optimizations of thermal transfer processes.
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| Solar Side assumptions | | Calciner Side assumptions | | Carbonator Side assumptions | | Power Block assumptions |
HEN energy
optimization | Power Block simulation |
Solar Side design HEN economic +
—
optimization optimization Flowrates
i optimization
Optimized HEN energy
charging section optimization

=| Total plant simulation I:

Plant efficiency evaluation
Components investment costs estimation

Constraints no

satisfied?

Convergence no

reached?

Pareto curve

Fig. 2.9 Conceptual structure of the optimization process

In order to minimize the computational time, the execution of multiple and
smaller optimizations is usually preferred with respect to a single optimization with
higher dimension. For this reason, separate optimizations are performed whenever a
sub-problem is recognized to be independent from the others. In particular, thanks to
the operating decoupling effect introduced by the storage, the optimization of the
plant sections devoted to the charging and discharging processes can be executed in
a partially independent way. For first, a general description of the approach adopted
is provided in order to give an overview of the optimization’s structure, then, the
single steps constituting the process are described more in detail.

Regarding the charging section, two series of energy and economic optimizations
are executed to obtain the optimal sizes of the components of the solar side. At the
same time, the thermal transfer processes are simulated with the pinch analysis, the
HEN design is obtained and a simple sensitivity analysis is carried out to optimize in
an economic perspective the heat exchangers constituting the network. By merging
these steps it is possible to obtain the optimal configuration of the charging section

as a function of the daily amount of CaCOj3 that must be converted.
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The discharging section is managed by a genetic algorithm that optimizes most of
the independent variables belonging to this section. As first step, the power block
is simulated (if present). Then, nested into the GA, a bisection method is used to
optimize the flows circulating during the discharging process and, nested into the
bisection algorithm, the heat transfer processes occurring in the carbonator side are
simulated and optimized with the pinch analysis.

In this way, the entire plant is dimensioned, its operation is simulated and the
parameters quantifying the energy performance and the economic investment can
be computed. The constraints satisfaction and the convergence status are checked
by the GA and, if the two requirements are compelled, the process ends. According
to the integration alternative considered (and therefore the number of variables in
the problem) the computational time required by the process to end is between 20

minutes and 2 hours.

Solar side
Single-objective optimizations are executed for different amounts of CaCOj3 that
must be converted daily. More in detail, for each value, two optimizations are
performed, one with an energy objective function and the other with an economic
objective function. The optimizations are performed with the MATLAB function
fminsearch (tolerance set to 10~8) and their execution is very fast thanks to the
fact that a single independent variable is addressed (in each optimization). At this
point it is possible to extrapolate (through data fitting) a function that links the daily
consumption of CaCO3 (or production of CaO and CO,) with the optimal size of the
solar calciner and the components constituting the solar side. This function is then
used in the optimization of the discharging section (identified with the orange dotted

line in Figure 2.9), allowing in practice to optimize the entire plant.

Calciner side
The aspects/parameters to be optimized in the calciner side are: the heat exchanger
network; the stages in the CO, compression; the solar calciner size. From the
optimization step for the solar side, this last parameter is expressed as a function of
the daily consumption of CaCO3 and therefore it does not need to be considered in
other ways. The effects determined by changing the number of stages in the CO;
compression do not influence the optimization of the rest of the charging section of
the plant and for this reason the recompression steps are optimized together with
the discharging section. The thermal transfer processes are instead simulated and

optimized with the pinch analysis. As already mentioned, the operating temperatures
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are not supposed to change and the mass flowrates will vary keeping constant their
ratio. The HEN can be therefore designed, since the eventual changes introduced by
varying the independent variables will not affect the HEXs layout but only their size.
By designing the HEN, it results as necessary to split the CaCO3 stream extracted
from the storage (Figure 2.6). The value of the splitting ratio is not unique, since
multiple values can allow a thermal transfer that does not violates the thermodynamic
principles. On the other hand, the value assumed by this parameter influences the
HEN cost and for this reason it is chosen by performing a sensitivity analysis, as
reported in Figure 2.10 (computed for a mass flowrate of solids equal to 11.88kg/s).
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Fig. 2.10 Sensitivity analysis for the solid stream splitting

Carbonator side

Most of the independent variables related to the discharging process (as well as the
number of recompression stages in the charging section) are optimized with a Genetic
Algorithm for multi-objective optimization. In particular, the MATLAB function
gamultiob j (based on the NSGA-II algorithm) is used keeping the default tolerance
(set to 10™*). Starting from the input data and the trial values of the independent
variables, the operation of the power block (if present) is simulated. Consequently,
the operating temperatures and pressures of the carbonator side are computed and the
joint execution of a bisection method (convergence tolerance set to 107>) with the
pinch analysis is exploited to obtain the mass flowrates circulating in the discharging
process such that the consumption of an external heat source is avoided.

It is important to notice that, differently from the case of the calciner side, the HEN
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layout will be different for each individual of the generation in the metaheuristic
algorithm. A suitable (optimization) algorithm should be used to design the HEN,
consequently allowing to compute the HEN cost, which is needed for the economic
objective function. Implementing this further step only to obtain a precise estimation
of the HEN cost does not justify the collateral increase of the complexity and
computational time. In fact, as demonstrated in the results, the investment due to the
HEN in the carbonator side is much smaller compared to the ones required by the
other components. To take advantage of this aspect and avoid the implementation
of an additional nested algorithm, a strategy was developed to link the composite
curves of the pinch analysis with the corresponding HEN price through a new
parameter. In this way, a simple and fast estimation of this cost can be performed
during the optimization process. The equivalent product between the global heat
transfer coefficient and the heat transfer area (UA,) is introduced, computed with
a summation on all the segments composing the hot and cold composite curves
(Equation 2.33).

UAeq:Z[ i } (2.33)

Some interesting cases are simulated in a preliminary run. For those, the Heat
Exchanger Network is synthetized (with the software ASPENenergyanalyzer) and
the corresponding investment costs and UA,, are computed. A cost function for the
carbonator side HEN is therefore easily derived performing a data fit on the results
obtained and implemented in the optimization algorithm. The term used as scaling
parameter is the UA,,, which can be easily estimated from the pinch analysis. Two
different functions must be developed if the thermal feeding of the power block can
be executed either on the carbonator wall or with a heat recovery on the reaction
products, and this because the consistent differences occurring in the resulting HEN
layouts prevent to use the same correlation for both the cases.

At this point, the two parts of the plant are merged and the complete plant is
simulated. The parameters used as objective functions are calculated, the satisfaction
of all the technical constraints is verified and the progress on the convergence is

checked. The process is repeated until the two last conditions are fully satisfied.

Power block side
As already mentioned, the power block is optimized by the GA, with the rest of
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the plant section executing the discharging process. Its design and operation can be
simulated combining the input data and the trial values assumed by the independent
variables during the iterations. In particular, the mass flowrates are computed to
guarantee a net electricity production equal to 2MW. In this way, the comparison
among the different CSP-CaL integrations investigated is made for plants having a
common size.

The structure of the optimization process is reported in Figure 2.11, with more
detail than before. Also in this case, steps highlighted in orange indicate optimiza-
tions of operating conditions of processes involving active components, while blocks

in blue are referred to optimizations of thermal transfer processes.
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Fig. 2.11 Optimization structure in form of flow chart

The optimization approach used in the present study is conceptually similar to
the HEATSEP method, presented by Lazzaretto in [74] and successfully applied in
[75—77] for the optimization of various power cycles. In particular the similarities
can be found on the main structure, since HEATSEP is based on a heuristic algorithm

in which is nested the pinch analysis. However, because of the characteristics of
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the CSP-CalL case study, the present optimization process shares some important
differences, such as the combined use with external optimizations (for the charging
section), the strategy used to compute the mass flowrates in the discharging phase,
and other arrangements devised to address the technical constraints and promote the

convergence.

Finally, before presenting the CSP-CaL integrations that were optimized and the
results obtained, it is important to comment the applicability of the methodology
developed. As already mentioned, the model is able to optimize almost any kind
of energy process thanks to its characteristics. However, although the use of a
metaheuristic algorithm for optimisation offers many advantages, it is important
to note that it also presents an unavoidable limitation. In fact, the number of
variables and constraints that these kind of solvers are able to manage is much
smaller compared to the case of deterministic algorithms. As a consequence, the
limit on the application of this methodology does not rely on the nature of the
mathematical formulation used to model the system/plant, but it is related to the size

of the problem, which should be in the order of some tents of variables.

2.4 Direct integration - Brayton cycle

In this section the direct integration is described and the results of its optimization
are presented and discussed. For the sake of honesty, it must be pointed out that the
energy optimization of this integration was developed before the beginning of the
PhD period. However, in order to provide a complete discussion of the CSP-Cal
optimization, it was chosen to include the direct integration in the thesis. The same
logic was applied for the indirect integration of the sCO; Brayton cycle.

2.4.1 Integration description

The configuration of the discharging plant section in case of direct integration is
showed in Figure 2.4 without the HEN design. A CO, Brayton cycle is exploited to
produce energy and it is fully integrated in the discharging process. This alternative
can be seen as the simplest and the most complex one at the same time. In fact, the
absence of an external power cycle and the adiabaticity of the carbonator contribute
to keep the layout relatively essential, but the fact that the CO; is both a reactant
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and the power fluid makes necessary to pay more attention during the integration
process and the operation. The concept at the base of this integration is that the
thermal energy provided by the exothermic reaction carried out in the carbonator
is absorbed by an amount of CO; provided in excess to the reactor. Since it is
necessary to expand this gaseous stream to produce electricity, the chemical reactor
must be pressurized, which is another aspect to pay attention to. In alternative, the
carbonation could be executed at ambient pressure and vacuum conditions could be
attained at the end of the expansion. However, air infiltrations could take place in
this case and to prevent this possibility the CO, pressure in the entire operation of
the Calcium-Looping process is constrained to be above 1bar.

Regarding the modelling aspects, the simulation of the discharging process is ob-
tained by simulating the carbonator side, where the energy balance used to simulate
the carbonation is the main step to compute the discharging operation. In particular,
knowing the carbonation temperature and the inlet temperatures of the reactants, the
ratio between the mass flowrates is calculated, and the bisection method is used to
compute the values that ensure a null requirement of external heat and, at the same
time, allows to carry out an adiabatic reaction.

The input data specific to this integration are reported in Table 2.5.

Table 2.5 Direct integration data assumptions

Parameter Component/stream Value
) ) Main Turbine 0.9
Isentropic efficiency )
Main Compressor 0.87
Mechanical efficiency Main Turbine + Main Compressor  0.97
Electrical efficiency Main Turbine + Main Compressor  0.97
Minimum CO, pressure Carbonator side 1bar

The independent variables addressed for the direct integration optimization (in
addition to the ones previously presented for the rest of the plant) are reported in
Table 2.6 with their variation range. Here, P.,;, is the carbonator pressure, By is
the pressure ratio of the Main Turbine, and MCIT is the Main Compressor Inlet

Temperature.
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Table 2.6 Independent variables specific to direct integration

Variable’s name Lower bound Upper bound

P.p 1.5bar 15bar
Byt 1.2 14
MCIT 35°C 300°C

Regarding the economic optimization, Equations from 2.10 to 2.13 (discussed
in Section 2.3) are used to estimate the costs of the Main Turbine and Compressor,
while the cost functions specifically referred to this kind of integration are presented

below.

» Carbonator side’s HEN
The cost function used to estimate the price of the HEN in the carbonator side
was obtained through data fitting and it is reported in Equation 2.34 (where
UA is in [W /K] and the result in [$]).

ICHEN crps = 99.72-UA*7 (2.34)

2.4.2 Results and comments

The Pareto curve obtained from the multi-objective optimization is showed in 2.12.
As well known, the points on the upper right and lower left correspond to the
configurations that would be obtained from an energy and economic optimization,
respectively. The highest plant efficiency attained with this integration is 19.37%,
decreasing down to 18.74% (—4% in relative terms) to reach the configuration that
requires the lowest specific investment cost, which is 128 [$/MJ] (0.8% less than the
amount corresponding to the most performing case). Despite the objective functions
are in contrast between them, the differences between the results constituting the
Pareto curve are not extreme, especially for the investment cost. The reason behind
this phenomenon is that the synthesis and design problems affect in a negligible way
this kind of integration, and the independent variables addressed are mostly referred
to the operation problem. Since the type and number of component is fixed (except
for the number of compressors in the calciner side), the variation of the specific plant

cost is due to the small changes of the components’ size occurring when different
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operating conditions are set as the nominal ones.

More in detail, the variables that always converge to their highest bound are the
carbonation temperature and the number of compressors in the calciner side, while the
opposite happens for the inlet temperature of the main compressor. These behaviours
have the clear effect of improving the plant performance and their influence is strong
enough to determine, at the same time, a reduction of the investment cost. The other
variables assume intermediate values. In particular, moving from the least to the
most performing configuration, the carbonation pressure and the pressure ratio of the
main turbine tend to decrease slightly. At the same time, the CaO and the CaCO3
temperatures at the carbonator inlet increase in order to perform a more efficient
heat recovery of the carbonation products, which determines an increase of the HEN

investment cost.
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Fig. 2.12 Pareto curve for the multi-objective optimization of the direct integration

The following results are related to the energy-optimized configuration, since
it can be considered as the most interesting option thanks to the high performance,
which does not determine a considerable increase of the investment costs.

The heat transfer process conducted in the carbonator side is one of the most im-
portant steps on the plant operation and it is worth to mention some meaningful
results which concern this part. Figure 2.13 shows the hot and cold composite
curves obtained from the pinch analysis. As can be noticed, the demand of external
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heating is avoided and the two curves are relatively close for most of the process,
demonstrating the efficiency of this step.
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Fig. 2.13 Hot and cold composite curves from pinch analysis for the direct integration

From the grand composite curve (Figure 2.14) can be observed that the pinch
point is reached two times, confirming the quality of the heat exchange performed.
However, since each point of minimum temperature difference separates the thermal
transfer process in two independent parts, the HEN can be expected to have a complex
layout, and its design mus be carefully developed.
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Fig. 2.14 Grand composite curve from pinch analysis for the direct integration

The final layout for the carbonator side is reported in Figure 2.15. The number of
HEX units is seven (plus one air cooler) and the heat transfer between solid streams
was successfully avoided, as well as the splitting of solid flows. The mass flowrate
of CO, provided in excess to the carbonation reaction is around 5 times the solid
stream exiting the reactor and for this reason it is the fluid most exploited to heat up
the reactants taken from the storage at ambient temperature.



52 Optimization of energy technologies

— [~
B sT HY)
\
23 I
- hﬁ@ 20
(o e
——— =3 = == P AANNT VP
sl z s2

co,

- 2 Nk

WAAA
LI RETE SV,V,V, W P _
s7 s6

Fig. 2.15 A feasible layout of the carbonator side for the direct integration

2.5 Indirect integration - Steam Rankine cycle

In this section the indirect integration of a Steam Rankine cycle is described and the

results of its optimization are presented and discussed.

2.5.1 Integration description

The Steam Rankine cycle is known by almost 150 years [78] and it is by far the most
commercially developed power cycle between the alternatives investigated. The size
of 2MW, assumed in the present study is considered among the small scale plants for
this kind of technology, but it is still an interesting option to evaluate thanks to the
matching operating conditions. The configuration of the carbonator side for the SRC
indirect integration is the one showed in Figure 2.5. In this case, the GA is free to
choose between a thermal feeding of the power block performed on the carbonator
wall or with a heat recovery on the carbonation products.

The superstructure of the power block is reported in Figure 2.16, where the com-
ponents that can be included or removed from the cycle are colored in light blue,
while the fixed ones are in white. The most complex layout includes one reheating

step and two turbine bleedings. No other arrangements for enhancing the efficiency
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are considered since the layout complexity would become excessive considering the
power block size.
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Fig. 2.16 Superstructure of the power block based on a Steam Rankine cycle

Regarding the simulation process, the power block is the first element of the
discharging section to be simulated. The water flowrates circulating in the power
block are computed by imposing the condition of saturated liquid at the exit of the
mixers (Mix1, Mix2 and Mix3) and a net electric power production of 2MW. The
operation of the carbonator side is computed starting by the turbomachinery, then,
the energy balance on the carbonator is used to find the ratio between the mass
flowrates circulating during the discharging process and the pinch analysis nested
into the bisection method is used to find the values of the flowrates. As can be
noticed, the simulation of the carbonator side is conducted as already exposed for the
direct integration, with the difference that the contribution due to the heat transfer
on the reactor wall must be included in case the power block is thermally fed by the
carbonator itself.

The input data specific to this integration are reported in Table 2.7.
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Table 2.7 Data assumptions for SRC indirect integration

Parameter Component/stream  Value

. . Steam turbines
Isentropic efficiency

Pumps
Mechanical efficiency Steam turbines
Electrical efficiency Steam turbines
Pressure loss H,0 in HEXs
Condensing pressure HO

Minimum vapor fraction H,O

0.85
0.75
0.97
0.97
2%
0.1bar
0.88

The independent variables addressed for the SRC indirect integration optimiza-
tion (in addition to the ones previously presented for the rest of the plant) are reported
in Table 2.8 with their variation range. Here, T 1/P is the inlet pressure of turbine
T1, TIT is the inlet temperature of the two turbines, RehEx indicates the existence
of the reheating step, P, is the intermediate pressure at which the reheating step
is performed, b7 indicates the existence of a steam bleeding in T1, P, 7| is the
bleeding pressure in T1, b;,; indicates the existence of an intermediate bleeding, b1,
indicates the existence of a steam bleeding in T2, P, 7, is the bleeding pressure in T2,
and eco/eva/sup /reh.,, indicate the possibility to provide the thermal flux required

by the economizer/evaporator/superheater/reheater on the carbonator wall.
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Table 2.8 Independent variables specific to SRC indirect integration

Variable’s name Lower bound Upper bound

T1IP 80bar 140bar
TIT 400°C 540°C
ReHEX Binary variable
P Sbar 135bar
bri Binary variable
Py 71 6bar 136bar
bint Binary variable
brs Binary variable
Py 12 0.2bar 60bar
eco.w Binary variable
eva.w Binary variable
SUPW Binary variable
reh.w Binary variable

Regarding the economic optimization, some cost functions are added to estimate

the investment costs of the components that are specific to this integration.

* Steam turbine
The investment cost of the steam turbine is computed with Equation 2.35,
taken from [60]. Here, W, is the turbine shaft power (in [kW]), Nis,s 18 the

turbine isentropic efficiency, and TIT is the turbine inlet temperature (in [K]).

. 0.05 \° TIT — 866
I =4125 W97 |1 1 st 2.35
Ci ske W [ +(1_%) ] { +exp< Y5 )} (2.35)

* Water pump
The investment cost of the water pump is computed with Equation 2.36, taken
from [60]. Here, Wp is the pump shaft power (in [kW]), and 7, , is the pump

isentropic efficiency.

. 0.2
ICp sgre =750 W™ {1 i ] (2.36)
— is,p
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¢ Fluid bed carbonator

In case transferring heat to the power block through the carbonator wall is
requested, a fluidized bed (FB) reactor is considered [56]. Equation 2.37 is
suggested for a case study where sCO; is the power fluid, where @, (in [kW])
is the reactor thermal power released by the carbonation.

ICy2 = 19594 (D) (2.37)

A simple strategy (Equations 2.38 and 2.39) is developed to adapt this cost
function to the case under consideration, where the power fluid is water.
According to [79], the cost of a cooled carbonator is assumed to be determined
for the 85% by the heat exchangers on the wall (this parameter is referred
as o). The heat transfer surface (A) is taken as scaling parameter and the
reference cost for the reactor (case with sCO,) is calculated for the same
carbonator power. The cost of a carbonator operating with water/steam is
therefore computed from this reference price.

A
H,O CcO H,O
ICrg e :IC;B,czrb (O‘ A =+ (1 —0‘)) (2.38)
sCO;,
Y. [ Dp,0,i ]
AH,0 _= Ub,0,i - Alim,b,0,i (2.39)
Asco, 50, '

Usco, - ATimsco,

The logarithmic mean temperature difference is computed with inlet/outlet
temperatures of each stage constituting the water heating and the reactor
operating temperature. For the overall heat transfer coefficient (U), an internal
flow in a pipe is assumed. Consequently, it can be approximated with Equation
2.40, where h;,; and h,,; are the convective heat transfer coefficients of the
water/steam flow and the external flow, respectively. For the power fluid,
hins 1s computed with different correlations, according to the heating step
considered: the Dittus-Boelter correlation is used for the economizer and the
heater/reheater, assuming a fully developed turbulent flow, while the Guerrieri-
Talti correlation is taken for the evaporator [80, 81]. The h,,; value is found in
[82]. The sCO2 and the water velocities are imposed according to [83] and
[81], both referred to turbulent flows.
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U~ [L 41 } o (2.40)
hint hext

* Carbonator side’s HEN
The cost function used to estimate the price of the HEN in the carbonator
side was obtained through data fitting. Equation 2.41 is used in case the
power block is fed with a heat transfer performed on the carbonation products,
while Equation 2.42 is considered when the heat transfer takes place on the
carbonator’s wall (where UA is in [W /K] and the result in [$]).

ICHEN crps = 137 - UAY® (2.41)

ICHEN Cros = 2.392 - UA + 38495 (2.42)

2.5.2 Results and comments

The Pareto curve obtained from the multi-objective optimization is shown in Figure
2.17. The cheapest configuration presents a specific investment cost of 152.4% /MJ
and a plant efficiency equal to 15.1%, while a performance of 16.3% (+8% in rela-
tive terms) is reached with the energy optimization and determines a specific cost of
159.88/MJ (+5% in relative terms). The plant efficiency increases as much as the
thermal feeding of the power block is moved from the carbonator side HEN to the
carbonator wall. A non-adiabatic reactor is much more expensive than an adiabatic
one, and this cost difference determines the increase of the specific investment cost.
Starting from the less performing configuration, a first improvement is encountered
executing the steam reheating on the carbonator wall (CWHT REH), and further
improvements are observed when also the economizer (CWHT ECO) is added. As
expected, the absence of an isothermal heat transfer (CWHT EVA) in the thermal
recovery process brings a considerable advantage, but the best option is obviously
represented by the complete heating performed on the reactor wall. The fact that
other possible setups do not appear in the Pareto front means that they are not conve-
nient both in energy and economic terms with respect to the configurations found. It
is interesting to notice that passing from a charging section dimensioned according
to an economic criteria to another one optimized in energy terms brings appreciable

changes in the system efficiency maintaining a nearly equal specific plant cost.
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The Pareto front is not only discontinuous, but also defined by a limited number of
regions. The reason of this phenomenon is due to the nature of the problem and,
in particular, to the nature of the independent variables. The synthesis and design
problem of the power block is mostly addressed with binary variables. The change
from one state to the opposite one occurring in these parameters introduce discon-
tinuities in the values assumed by the objective functions, as well as in the Pareto
curve. In addition, despite the operation variables are continuous, they show the
tendency to converge almost to the same values in all the configurations constituting
the Pareto front. In particular, it is worth to mention that the layout and operation of
the Rankine cycle results to be the same in all the cases, reaching the configuration
that maximizes the power block efficiency even in case of pure economic optimiza-
tion. This can be reasonably explained considering that the cost difference of a more
complex (and performing) power block with respect to a simpler one is justified by
the smaller size (and price) of the charging plant section, which represents the most
significant contribution to the total capital investment.

Despite the layout of the thermal cycle does not change, the carbonator side configu-
ration changes completely along the Pareto front. When the power block is thermally
fed on the carbonator wall (energy optimization), the layout of the carbonator side
becomes simpler (six HEXs units) thanks to the fact that the power fluid is not
anymore heated up in the heat recovery process. At the same time, it is observed that
the CO, mass flowrate entering the carbonator is equal to the stoichiometric amount,

therefore a single solid stream can be found at the reactor outlet.
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Fig. 2.17 Pareto curve for the multi-objective optimization of the direct integration
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The configuration that is considered as the most interesting to analyze is the

one corresponding to the economic optimization. In fact, as will be later explained,
this configuration has the lowest specific investment cost among the integrations
investigated. The following images are therefore referred to this specific case.
The hot and cold composite curves for the heat recovery performed in the carbonator
side are reported in Figure 2.18. Performing a thermal feeding of the power block
based on the heat recovery of the carbonation products brings to a configuration
with a relatively poor heat transfer efficiency, as can be deduced from the distance
between the two curves. The isothermal stage determined by the evaporation is the
main cause of this.
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Fig. 2.18 Hot and cold composite curves from pinch analysis for the steam Rankine indirect
integration

The grand composite curve obtained from the pinch analysis is showed in 2.19.
The heat transfer presents two pinch points, at low/medium temperatures: one at
140°C and the other at 277°C. They take place where the mixed CO; and the water

of the Rankine cycle start to participate to the heat recovery process.
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Fig. 2.19 Grand composite curve from pinch analysis for the steam Rankine indirect integra-
tion

Figure 2.20 shows the resulting layout of the power block and the carbonator side
for the economic optimization. Since the carbonator is adiabatic, the CO, is provided
in excess to the reactor, with a mass flowrate around 3.3 times the stoichiometric
amount. The configuration is relatively complex and the HEN is composed by 9
HEXSs units. The first water heating is very demanding in terms of thermal power
requested and, in order to accomplish it, splitting the water stream results to be
necessary to exploits both the carbonation products exiting the reactor. In addition,
due to the complex heat recovery process, it is not possible to avoid the splitting of
the CaCO3 (and unreacted CaQ) stream.
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Fig. 2.20 A feasible layout of the carbonator side for the steam Rankine indirect integration

2.6 Indirect integration - sCO, Brayton cycle

In this section the indirect integration of a sCO; Brayton cycle is described and the
results of its optimization are presented and discussed. As already mentioned, this
kind of integration, together with the direct integration, was mostly investigated
before the PhD years. However, it is included in the present discussion to provide a

broader perspective on the alternatives for the CSP-CaL integration.

2.6.1 Integration description

The interest for supercritical carbon dioxide cycles in CSP increased significantly
during the last years and several layouts are proposed in literature [84—86] showing
encouraging performances. The alternatives investigated in the present work start
from the simplest configuration (single compressor, turbine, regenerator, heater and
cooler) up to the most complex case, which includes reheating, inter-cooling, recom-
pression and pre-compression stages. The superstructure approach is exploited also
in this case for the power block layout. A complete configuration, obtained as the
sum of the different layouts, is provided to the optimization process and when the
algorithm spontaneously tends to impose a null flowrate/pressure drop/temperature
difference on a specific component, this is automatically bypassed by the power fluid
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and therefore eliminated from the layout. The superstructure layout is shown in Fig-
ure 2.21 (LTR/HTR stand for Low/High Temperature Regenerator); the components
filled in yellow can be removed during the optimization process, while the ones in
white are fixed. The dashed lines at the split for the recompression branch indicate
that the connection can assume only one between the two alternative positions (0
or 1, as if it was a switch), which determines if the layout is in a precompression
configuration rather than in pure recompression. The choice between the layouts
considered is made taking into account both cycle performance and topology com-
plexity [87, 88].

Regarding the optimization process, the same steps described for the SRC indirect
integration are followed for this case study.
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Fig. 2.21 Superstructure of the power block based on a sCO;, Brayton cycle

The assumptions made for the thermodynamic cycle are taken in accordance to
the data found in [84, 88-90] and are reported in Table 2.9. As in the other case
studies, dry cooling with ambient air is assumed for the heat rejection in the power

block. Two specific constraints are addressed for this integration:

* the minimum temperature difference is imposed between the LTR cold inlet
and hot outlet in order to guarantee the maximum heat recovery on the flow

exiting the turbine;

* the inlet temperatures of the two turbines are set to be equal.
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Table 2.9 Data assumptions for sCO; Brayton cycle indirect integration

Parameter Component/stream Value
. . Turbines 0.92
Isentropic efficiency
Compressors 0.88
Mechanical efficiency Steam turbines 0.97
Electrical efficiency Steam turbines 0.97

Regenerator hot side  1.5%

Regenerator cold side 1%
Pressure loss

Heater 1.5%
Cooler 2%
o Heater 20°C
Minimum AT
Cooler 15°C

The independent variables of the optimization related to the power block are
reported in Table 2.10 with their variation ranges, whose bounds are fixed according
to [88, 91]. These are: recompression split position (RSP), first Compressor Inlet
Pressure (C11P), first Turbine Inlet Pressure (71/P), Recompression Flow Frac-
tion (RF F), Turbines Inlet Temperature (71T), Cold Side LTR Outlet Temperature
(CSLTROT), first compressor pressure ratio (B¢y), first turbine pressure ratio (B71)
and minimum temperature difference achievable in the regenerators (AT, r). Is
worth to notice that it is possible to exclude CSLTRT from the independent variables
in case of isothermal mixing between the two regenerators. In the present case, this
parameter is assumed as variable to evaluate the possible convenience in mixing the

streams at different temperatures, expanding the optimization extent.
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Table 2.10 Independent variables specific to sCO, Brayton indirect integration

Variable’s name Lower bound Upper bound

RSP Binary variable
Cc1Ip 75bar 95bar
T11P 180bar 250bar
RFF 0.4 0.1
TIT 500°C 700°C
CSLTROT 100°C 450°C
Bc1 1 4
Bri 1 4
AT in R 5°C 20°C

Regarding the economic aspect, the cost functions that are added to the ones
already presented in the previous sections are the ones for the estimation of the

investment costs of the components constituting the power block.

e sCO, turbine
The cost function for the sCO, turbine [92] is reported in Equations 2.43,
where W; is the turbine shaft power.

IC, sco, = 8279 (W;)0-0842 (2.43)

* sCO, compressor
The cost function for the sCO, compressor [92] is reported in Equations 2.44,
where W, is the compressor shaft power.

IC, sco, = 7331 (W,)0-7863 (2.44)

* sCO;, heat exchangers
The cost of the regenerators and the air coolers is estimated with the strategy
proposed in [92], which allows to obtain the normalized cost value (¢ in
WL)K]) through a linear interpolation of the corresponding UA values. The
simple relation reported in Equation 2.45 is used for the purpose.

IChEx sco, = cHEX - UApEX (2.45)
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The data used for the interpolation is reported in Table 2.11.

Table 2.11 Normalized cost values for data interpolation

UA[W /K]

5.103 3-10* 1-105 3-10° 1-10°

[ $ } Regenerator  5.89 1.31 1.22 1.03 0.94
c [ —
W/K]  Air cooler 966 3.05 1.65 140 1.27

* Carbonator side’s HEN
The cost function used to estimate the price of the HEN in the carbonator
side was obtained through data fitting. Equation 2.46 is used in case the
power block is fed with a heat transfer performed on the carbonation products,
while Equation 2.47 is considered when the heat transfer takes place on the
carbonator’s wall (where UA is in [W /K] and the result in [$]).

ICyeN crps = 3.402-UA (2.46)

ICHEN cros = 2.3923 - UA + 38495 (2.47)

2.6.2 Results and comments

The Pareto curve obtained from the multi-objective optimization of the sCO, Brayton
cycle indirect integration is presented in Figure 2.22. The reasons for the discon-
tinuities are the same already discussed for the integration of the steam Rankine
cycle. A total plant efficiency of 21% is attained with the most performing config-
uration, which has a specific investment of 179.5$/MJ. On the other hand, a cost
of 161.6$/MJ (—10% in relative terms) and a performance of 16.3% (—22.4% in
relative terms) are achieved in case of economic optimization. The considerable
variation between the two opposite cases is due to the great variety of configurations
that can be achieved both on the design and on the operation level. Also in this
case, providing the heat required by the power block with a direct heat transfer
on the carbonator wall increases the total plant efficiency and the specific cost.
Concerning the thermal cycle, the sCO;, compression is always performed with an

inter-cooling step, demonstrating the importance of reducing the power absorption
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for the compression of the supercritical fluid. The Genetic Algorithm always in-
cludes the recompression branch (and therefore the third compressor), except for
the configuration representing the economic optimization, where the absence of this
element allows to slightly reduce the investment but determines a noticeable decrease
of the total performance. In addition, when the recompression is executed, the "pure
recompression” configuration is selected, which consists in providing the fluid stream
to the recompression without having performed a pre-compression (configuration 0
in Figure 2.21). Finally, the reheating stage is always considered when the power
block is fed on the carbonator wall, while both the configurations of single and
double turbine are selected in case of heat recovery on the carbonation products.

The number of inter-coolings occurring in the calciner side compression, the inlet
temperature and pressure of the power block turbine always closely approach their
maximum. On the other hand, the inlet pressure of the first compressor and the
ATin g always converge in a nearby of their minimum. The Storage Turbine Inlet
Temperature reaches higher values for a less performing power cycle, in order to
extract more power from the pressurized stoichiometric CO;, whose flowrate tends to
increase. Three aspects occurring in case of HTCW are worth to be mentioned: first,
the carbonator side operating parameters remain nearly constant and only the power
block variables are observed to change. This behavior is actually reasonable: in fact,
the power cycle integration into the carbonator side has a smaller impact since the
thermal flux released to the power block is directly provided by the chemical reaction
and not by a thermal recovery performed on the carbonation products. For second,
the sensible heat contained in the reactor outflows is exclusively exploited for the
inlet streams preheating, and the STIT can maintain its maximum value since heat
at high temperature is not employed for feeding the thermodynamic cycle. The last
aspect to mention is that the carbonation temperature does not reach its maximum
achievable value and it can be explained considering that this allows to bring the two

curves closer, enhancing the heat transfer efficiency.
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Fig. 2.22 Pareto curve for the multi-objective optimization of the direct integration

The configuration presented in the following images is chosen because of its

low specific investment cost, which is similar to the one obtained with the economic
optimization but, at the same time, shows a higher efficiency. It corresponds to the
case in which the GA selects the pure recompression with an inter-cooling step, the
heat required by the power block is provided with a heat recovery and the solar side
is optimized in energy terms.
The two composite curves for the thermal transfer process of the carbonator side
are showed in Figure 2.23. The curves are relatively close each other, especially in
the range between 150°C and 500°C (approximately), which is the region where the
sCO;, stream of the power block is not present.
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Fig. 2.23 Hot and cold composite curves from pinch analysis for the sCO, Brayton indirect
integration

As can be observed in Figure 2.24, which shows the grand composite curve
computed with the pinch analysis, the GA finds an operation where the heat transfer
process reaches the pinch point for two times. These points are the extreme tempera-
tures of the range already mentioned and play an important role in the heat recovery

process.
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Fig. 2.24 Grand composite curve from pinch analysis for the sCO, Brayton indirect integra-
tion

The layout of the carbonator side and the power block is showed in Figure 2.25.
The heat exchanger network is relatively complex and it is composed by 8 HEXs
units (except for the two sCO; regenerators). Due to variations in the thermophysical
properties of the CO; in the supercritical state, the gaseous flowrate extracted from
the storage requires three units to be heated up to the inlet temperature of the storage
turbine. However, both the splitting of solid flows and the thermal transfer between
solids are avoided.

Fig. 2.25 A feasible layout of the carbonator side for the direct integration
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2.7 Indirect integration - He Brayton cycle

In this section the indirect integration of a He Brayton cycle is described and the

results of its optimization are presented and discussed.

2.7.1 Integration description

Closed Brayton thermal cycles with helium as power fluid are an interesting al-
ternative between the available options because of the expected high efficiencies
[93] attainable tanks to the high operating temperatures and the thermophysical
properties. The great majority of the studies that can be found in scientific literature
on helium Brayton cycles are conducted in the field of nuclear power plants [94, 95]
but, in more recent works, these thermal cycles are also investigated for CSP [96, 97].
Advantages and drawbacks characterizing He power blocks are highlighted in [98]:
low (but non-negligible) pressure losses, good heat transfer coefficients, no Mach
number restriction, high number of turbomachinery stages, leakages and early stage
of development. In addition, a comparison between helium and supercritical carbon
dioxide cycles is performed in [99].

Some of the (already cited) aspects that characterize this technology must be carefully
treated, since they have important effects either on the efficiency or on the investment
costs. In particular: 1) high number of stages for turbomachinery (especially for
compressors); 2) non-negligible impact of pressure drops in heat exchangers on
cycle performance; 3) intercoolings/reheatings effects on efficiency. Concerning
this last point, the number of intercoolings and reheatings are included between the
independent variables of the problem through a superstructure. Up to four turbines
and eight compressors are considered in the investigation executed in [100] but, in
order to avoid an excessive layout complexity, three turbines and four compressors
are set as maximum achievable number of turbomachinery in the present work. The
total layout assumed for the optimization process is shown in Figure 2.26, where the
fixed components are filled in white, while the yellow ones can be added/removed.

Regarding the optimization process, the same steps described for the two previous

indirect integrations are also followed for this case study.
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The assumptions for the power block modelling are summed up in Table 2.12

and are taken according to [97, 101]. Helium is considered as an ideal gas and dry

cooling with ambient air is adopted for the heat rejection. Pressure losses occurring

in the regenerator are set as a function of the LMTD in order to take into account

the fluidynamic drawbacks related to a more efficient regeneration. In addition, two

constraints are addressed to optimize this indirect integration: the maximum turbine

inlet pressure is set to 75 bar, and the inlet temperature of the turbines is imposed to

be equal.

Table 2.12 Data assumptions for He Brayton cycle indirect integration

Parameter

Component/stream

Value

Polytropic efficiency

Electrical efficiency

Pressure loss

He Turbines

He Compressors
Steam turbines
Regenerator hot side

Regenerator cold side

Heater

Cooler

0.932—0.0117 In(f;)

0.916 —0.0175 In 3,

0.97

19.2 /AT, %

2%
1.6%

3.12/AT,y %

The independent variables to be optimized are listed in Table 2.13 with their

corresponding variation ranges (taken according to [97, 102]). Here, C11IP is the

inlet pressure of compressor C1, #C is the number of compressors, fic, 12/3/4 is the

pressure ratio of the compressors, AT,y req 1S the regenerator minimum temperature

difference, TIT is the turbines inlet temperature, #7 is the number of turbines, and

Br, 15 18 the pressure ratio of turbines T2 and T3.
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Table 2.13 Independent variables specific to He Brayton indirect integration

Variable’s name Lower bound Upper bound

CclipP 1.2bar 26bar
#C 1 4
ﬁcl/2/3/4 1.16 5
AT i, reg 5°C 25°C
TIT 600°C 850°C
#T 1 3
Br, 5 1.16 5

Regarding the economic aspect, the investment cost of the He turbomachinery is
estimated by adapting the coefficients of the cost functions already used for the sCO,
turbines and compressors (Equations 2.43 and 2.44) with the costs found in [103].
In addition, the same approach used for the SRC indirect integration is adopted in
case a heat transfer on the carbonator wall is required (Equations form 2.37 to 2.40).
Also in this case it is necessary to verify that the hypothesis of turbolent flow of the
He stream in the HEX pipes is satisfied. The other cost functions used for this kind
of integration are reported below.

* Carbonator side’s HEN
The cost function used to estimate the price of the HEN in the carbonator
side was obtained through data fitting. Equation 2.48 is used in case the
power block is fed with a heat transfer performed on the carbonation products,
while Equation 2.49 is considered when the heat transfer takes place on the
carbonator’s wall (where UA is in [W /K] and the result in [$]).

ICHEN crbs = 3108.4- UA®492 (2.48)

ICyEN crps = 2.3923 - UA + 38495 (2.49)

2.7.2 Results and comments

Figure 2.27 shows the Pareto curve obtained with the multi-objective optimization
of the indirect integration of the He Brayton cycle. The solar side is nearly always
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optimized in energy terms, except for the point corresponding to the economic
optimization. For the power block, the Genetic Algorithm finds that the optimal
number of compressors is three for the entire length of the curve. Two turbines are
selected in case of thermal feeding executed with a Heat Recovery on the Carbonation
Products, while three are chosen when a Heat Transfer on Carbonator Wall is
performed. The former configuration allows to reach the best results in economic
terms and the latter layout makes possible to obtain the highest performances. A
significant variation is observed for the configuration with HTCW. The reason for this
phenomenon is the strong influence of the inlet temperature of the helium turbines on
the two objective functions. Keeping a high carbonation temperature and reducing
the helium maximum temperature allows to decrease the reactor investment cost (the
higher temperature difference lowers the heat transfer surface required) at the price
of an efficiency penalty. For this reason, helium TIT changes from its maximum
achievable (850°C with efficiency equal to 21.85%) to 789°C (with total efficiency
20.8%). The minimum temperature difference reached by the regenerator is another
parameter that influences the system performance (although not so significantly as
the one previously cited). Lower values allow a better heat recovery but, according
to the methodology adopted, determine higher pressure losses. Considering these
two conflicting aspects, the solution found by the algorithm shows a minimum
temperature difference equal to 8.2°C (in case of maximum performance) that
progressively rises up to 13.8°C (for the economic optimization).

Finally, it is worth to discuss how the choice for the compromise between plant
efficiency and costs is carried out by the algorithm. The cost of the charging plant
section is always the most significant contribution to the total capital investment,
therefore it could be expected that less performing power blocks require charging
processes with higher sizes, introducing penalties in both energy and economic
terms. However, results demonstrate the existence of configurations in which the
costs increase related to the charging section is overcome by the price decrease

occurring in the discharging process.
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Fig. 2.27 Pareto curve for the multi-objective optimization of the direct integration

The configuration selected and analyzed more in detail is the one corresponding
to the energy optimization. The main reason for this choice is the interesting plant
efficiency attained and the layout setup of the carbonator side.

Hot and cold composite curves obtained with the pinch analysis are shown in Figure
2.28. The fact that CaCO3 and unreacted CaO are the only carbonator outflows (at
high temperature) makes it impossible to avoid solid—solid thermal transfer in the
heat recovery process. The presence of this phenomenon is coherently taken into
account during the pinch analysis execution by properly modifying the minimum
temperature difference achievable by this specific stream. Despite the two curves
have similar slopes, they are not very close to each others. However, this aspect does
not represent an important disadvantage since the thermal power exchanged is not

considerably high compared to the other energy fluxes involved in the process.



2.7 Indirect integration - He Brayton cycle 75

800

IS o @ ~
o o =] o
IS IS IS IS

Temperature [°C]

[+
o
[=]

0 . . . . . . .
0 500 1000 1500 2000 2500 3000 3500

Thermal flux [kW]

Fig. 2.28 Hot and cold composite curves from pinch analysis for the He Brayton indirect
integration

In Figure 2.29 the grand composite curve is presented. In this case, the pinch
point is reached only one time, in correspondence of the heating of the CO; extracted
from the storage.
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Fig. 2.29 Grand composite curve from pinch analysis for the He Brayton indirect integration
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The layout of the discharging section of the plant is presented in Figure 2.30.
In this configuration the maximum number of He turbines is reached, but the same
does not happen for the He compressors. The reason is that the reheating and
inter-cooling stages influence the system efficiency in different (and non-trivial)
ways. In fact, a higher number of compressors and turbines allows to execute an
efficient compression and expansion, but, at the same time, the pressure losses
determined by intercoolers and reheaters introduce non-negligible penalties to the
power block performance. As a result, three compressors and three turbines are found
by the algorithm to be the optimal setting in order to achieve the maximum energy
performance. The Helium temperature at the turbines inlet is 850°C, while the first
compressor and first turbine inlet pressures are 11.5bar and 33.7bar respectively.
The compressors show nearly identical values of pressure ratio (equal to 1.46) and
the same is observed for the turbines (equal to 1.4). Concerning the carbonator side,
it is important to notice that the algorithm converges to a configuration in which the
amount of CO; provided to the carbonation reaction is equal to the stoichiometric
value. Since there is not a recirculating stream of CO» at the outlet of the reactor,
it cannot be avoided to preheat the CaO with the CaCO3 and the presence of a
heat transfer fluid (between the two solids) must be taken into account. At the end
of the preheating process, CO; and CaO enter the carbonator at 714°C and 761°C
respectively. Both carbonation temperature and storage turbine inlet temperature
reach their maximum value. The heat recovery at the carbonator wall has two
main consequences. First, the carbonator operation becomes more complex and
its investment cost increase sensitively because of the presence of heat exchangers.
Second, the carbonator side Heat Exchanger Network layout becomes simpler and the

heat exchanger sizes are smaller, since it is only devoted to the reactants preheating.
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Fig. 2.30 A feasible layout of the carbonator side for the direct integration
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2.8 Comparison of the integration alternatives

The aim of this section is to compare the integrations investigated in the present work
in order to highlight the differences among them. The amount of results obtained
from the multi-objective optimizations is huge and a detailed comparison would be
excessive taking into account that the primary scope of the study is to develop a
comprehensive methodology for the optimization of power plants, independently
from the case study and the input data assumed. For this reason, the comparison
reported below can be considered as the essential version of the analysis that could

be conducted.

For first, it can be interesting to observe the differences occurring in case of
single-objective optimization, such as for the economic optimization. Figure 2.31
shows the values attained by the two main parameters when the specific plant cost is
minimized. The cheapest alternative is represented by the direct integration, with a
specific investment of 128%/M.J. The other options determine an increase in the cost
up to +32%. The competition between the two objective functions was confirmed
from the observation of the previous Pareto curves, but this trend is not completely
respected when the different integrations are compared. In fact, despite the direct
integration shows the lowest investment cost, it does not have the lowest energy
performance, which is reached by the indirect integration of the steam Rankine cycle.
The reasons for the economical advantage shared by the direct integration is mainly
due to its relatively simple plant layout, the non-demanding operating conditions, and
the absence of a thermal transfer step between the power block and the carbonator
side.

In all the configurations obtained from the economic optimization, the GA converges
to a solution in which the carbonation reaction is executed into an adiabatic reactor
and the power block is fed with a heat recovery on the products. Therefore, avoiding
the configuration in which the heat is provided to the power block with a heat transfer
on the reactor wall results to be fundamental to achieve the lowest investment costs

for all the integrations investigated.
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Fig. 2.31 Comparison of the objective functions for the economic optimization

On the other hand, Figure 2.32 shows the same comparison in case the plant
efficiency is maximized. The indirect integration of the He Brayton cycle results
to be the most performing integration with a plant efficiency of 21.85%, but, at the
same time, it is the most expensive one. The second alternative is represented by the
indirect integration of the other Brayton cycle based on supercritical CO,, which
is, in relative terms, 4% cheaper and less efficient. Among the results of the energy
optimization, the direct integration shares the lowest investment cost despite not
being the least performing alternative, which is represented by the indirect integration
of the steam Rankine cycle.

sCO2 - Indirect |

He - Indirect |

H20 - Indirect |

CO2 - Direct |

Specific cost [$/MJ] Plant efficiency [%]

Fig. 2.32 Comparison of the objective functions for the energy optimization
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All the Pareto curves obtained from the separate multi-objective optimizations
are reported in Figure 2.33. As can be noticed, the indirect integrations are located in
a relatively consequential order. In particular, the cases with the steam Rankine cycle
and the sCO; Brayton cycle are almost consecutive, while the integrations of the
two Brayton cycles overlap each others. The direct integration has an intermediate
performance range compared to the other options, but the entire Pareto front reaches
lower investment costs. As a result, it is located relatively distant from the other

curves and it mainly overlaps the Pareto front of the sCO; Brayton cycle.
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Fig. 2.33 Pareto curves of the CSP-CaL integrations investigated

Finally, it is worth to observe the composite Pareto curve, obtained by plotting
in the same graph all the frontier curves and removing the dominated segments,
as showed in Figure 2.34. This composite Pareto curve includes the two extreme
alternatives. On one side, the indirect integration of the He Brayton cycle, which
exploits a very performing power block, composed by many reheating and inter-
cooling steps and it is exclusively fed on the carbonator wall. On the other side,
the direct integration, based on a closed CO; Brayton cycle with compression and
expansion stages performed in single steps and the carbonation process executed
in an adiabatic reactor. Both the segments grow horizontally, indicating that the
efficiency variation is greater compared to the difference of the investment cost,
while the considerable space separating the two sections highlights the intrinsic
difference between these integrations.
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Fig. 2.34 Cumulative Pareto curve of the CSP-CalL integrations investigated

The choice of a CSP-CaL integration among the alternatives investigated is a
task that depends on a multitude of aspects and for this reason it is not possible to
state that a specific integration is always better than the other ones.

In the present analysis, two criteria were assumed to synthetically evaluate the CSP-
CaL configurations: the total efficiency and the specific cost. However, other aspects
were observed as well, such as the layout complexity and the operating conditions.

The chemical reactors (calciner and carbonator) are the most important components
for the thermochemical storage process and despite their typology is already existing
and used in other fields, their applicability in the CaL process must be demonstrated
and the necessity to realize tailored arrangements can be reasonably expected. For
these reasons, the following considerations can be drawn according to the type of
carbonator that, in a real case study, will be able to execute the exothermic reaction
as successfully as possible.

* In case an adiabatic reactor is installed, the most interesting alternative is repre-
sented by the direct integration. Being characterized by low investment costs,
a simple layout, non-demanding operating conditions and good performances,
it can be considered as the option with the best overall features and a good
compromise between the energy and economic aspects.
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¢ In case a non-adiabatic carbonator is chosen, it can be worth to consider the
indirect integration of an He Brayton cycle. Despite the numerous steps for
the He compression and expansion, the layout of the discharging plant section
results to be relatively simple thanks to the heat transfer on the carbonator
wall. The specific investment cost is the highest achieved among the options
investigated, but it is justified by the efficiency attained, which is the highest
as well.

In addition to the comparison between the configurations studied, it would be
interesting to compare the CSP-CaL integration with the other types of central tower
CSP plants. However, the variety of conditions for which the plants are designed
is such that a coherent comparison cannot be carried out by simply looking at the
results obtained in research works from the scientific literature. The total efficiency
computed in the present thesis is referred to the design day, while the results found
in literature are expressed for an entire year or in peak conditions. Some values of
peak performances are reported just to give a rough idea of the range of efficiency
characterizing the other CSP technologies: a) the PS10 plant attains 21.7% with a
steam Rankine cycle [104]; b) the sCO, power block in [84] allows to reach 23.4%;
and c) a maximum efficiency of 24.3% is predicted for an unspecified thermal
cycle in [105]. As reported in the results presented in the present subsection, the
performance range obtained from the optimization of all the CSP-CaL integration
1s 18.5% — 22% and it’s referred to the design day. It is reasonable to expect that
the peak performances will be few percentage points higher than the daily average,
which brings the efficiency of the CSP-CaL system in line with the ones presented
in literature. The fundamental advantage shared by the plant analysed relies on the
fact that it exploits a thermochemical energy storage, which can store energy in the

medium-long term without thermal losses.



Chapter 3

Optimization of Multi Energy
Systems: a literature review

This chapter is devoted to the research conducted in the field of Multi Energy Systems
and their optimization. Section 3.1 introduces the topic, while a comprehensive

review of the studies presented in the scientific literature is provided in 3.2.

Part of the research presented in the present Chapter was published in Applied
Thermal Engineering [J6].

3.1 Introduction

The framework (subsection 3.1.1) and the general aspects characterizing the Multi
Energy Systems (subsections 3.1.2 and 3.1.3) are presented and discussed in this
section, with the aim of introducing this wide topic and explain the aims of the
present study about this research field. Finally, the goals of this study are exposed in

subsection 3.1.4.

3.1.1 Framework

The term Multi Energy System is used to indicate a system composed by multiple
devices/plants which employ different technologies which cooperate to transform

energy sources or energy vectors into other energy vectors. They can be considered
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as the last step in the evolution of the systems for the energy production, which
started with the concept of separate production (i.e. a single technology producing
a single energy vector), it passed through the combined production (i.e. a single
technology simultaneously producing multiple energy vectors), and arrived at the
idea of MESs.

As will be discussed more in detail in the following subsections, there are numerous
reasons that make MESs a very interesting research field, such as the efficiency
that could be attained in the energy production processes, the reduction of the costs
associated to the energy vectors, and the decrease of the impact on the environment.
To attain these goals, the MES must be properly optimized. As a consequence,
several challenges related to its modelling must be addressed, and, because of the

relative novelty of this field, a solution to these issues has not yet been found.

3.1.2 General features

A conceptual representation of a Multi Energy System is provided in Figure 3.1,
where the connections among the categories of units can be observed. MESs can
be constituted by any kind of technology for the production, consumption, storage
and transportation of energy. Electric Generators (EG), Heat Only Boilers (HOB),
Combined Heat and Power units (CHP), Combined Power and Cooling units (CPC),
Electric Heat Pumps (EHP), Gas Heat Pumps (GHP), Fuel Cells (FC), Absorption
Chillers (AC), PhotoVoltaic panels (PV), Solar Thermal panels (ST), Wind Turbines
(WT), energy storages, Electric Networks (EN), and District Heating Networks
(DHN) are the most common technologies included as part of the MES investigated
in the literature, but any other option can be considered as well.
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3.1.3 Potentialities and challenges

Multi energy systems are inherently complex and structured systems. The intermit-
tency of renewable sources, the technical constraints of the components, the dynamic
variation of energy prices and energy loads are only some of the elements that make
their management a difficult task. As a consequence, optimization tools for the
evaluation of these systems are indispensable. Among the most important benefits

gained with the MES optimization, the followings are worth to be mentioned:

* lower consumptions of primary energy, and, consequently, operating costs
and emissions. Based on the case studies proposed in the literature, the cost
reduction in economic terms typically ranges from 5% to 25%. Significant
advantages can be achieved as well when the optimization criterion is the
primary energy reduction or the decrease of the CO2 emissions (up to one half
[106-113]). Combined heat and power production is only an example of the

benefits that can be achieved compared to separate generation [114, 115];

* a better planning of component operation and the compliance of technical con-
straints respect the common practice operation set. In fact, in real applications,
load following techniques (e.g. Following Electric Load, Following Thermal
Load, etc.) are usually employed, which manage the components operation
according to a predefined hierarchy. Differently from an operation strategy,
an optimization process allows to solve the unit commitment problem with a
higher degree of freedom, since a hierarchy between the components operation
is not defined. This typically results in smaller operation costs (from 5% up to
25% [107, 113));

* distributed generation can significantly reduce peaks and congestions in energy
networks. This advantage is increased if its operation is the result of an
optimization process. This is due to the lower amount of energy vectors
requested to the grids thanks to the proximity of generators and users, which
can be matched without resort to external networks. In addition, the capability
to include network constraints in the optimization contributes significantly in
avoiding operation criticalities (e.g. network congestion, [116, 117];

* a rational management of storage units. These components are commonly
operated based on predefined strategies (e.g. discharge performed during peak
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periods and charge executed when demand is low). However, the operation
set with these strategies is usually far from the optimal one and does not allow
to fully exploit the advantages brought by the presence of an energy storage,

such as energy/economic benefits and flexibility increase.

Therefore, from a theoretical point of view, the advantages of MES optimization
have been widely demonstrated. Nevertheless, for optimal strategies to be put
into practice in real scenarios, the optimization model must be able to realistically
describe the energy system. Indeed, despite the undeniable benefits, modelling multi
energy systems in a realistic way still presents several challenges that have to be met.

The most important ones are:

* the intrinsic dependence of the solution to the initial assumptions, which can
significantly affect the meaningfulness of the results. As a consequence, this
can determine a non-complete applicability of the solution obtained in case
the real conditions are excessively different from the simplified ones. To
guarantee a reliable solution, the assumptions adopted should be adequate for
any operation configuration in which the system could operate;

¢ the limited amount of real phenomena and practical aspects that can be im-
plemented in the optimization model (e.g. components performance, decision
variables, etc.). In fact, some features characterizing MESs are difficult to be
considered because they require a complex modelling. Therefore, simplifica-

tions result necessary;

* high computational times and convergence issues that arise when the problem
reaches high dimensions. This can be caused by the need to consider long time
periods in the analysis (e.g. as in the case of synthesis, design and operation
optimization) or to include the uncertainties affecting the problem. In those
cases, the model must be able to find a solution as close as possible to the

global optimum in a reasonable amount of time.

3.1.4 Aims of the study

The scope of this part of the work is to investigate the optimization of Multi Energy
Systems and to contribute, where possible, to part of its development. As can be
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imagined, this research field is very wide, both for the aspects that constitute it and
for the amount of scientific papers written in the two last decades.

As a consequence, one of the aims of this study was to realise a detailed literature
review before undertaking any kind of research activity. This review was developed
in collaboration with my research group at the Energy Department of Politecnico
di Torino. For first, it was necessary to investigate the practical strategies created to
model and optimize the MESs, making some distinctions according to the differences
shared by the case studies. By presenting this overview it was possible to find out
the scientific gaps in the research and, according to them, the development of a new
analysis on the integration of thermal networks in MES optimizations.

3.2 Literature review

A literature review is presented in order to observe the state of the art and to discuss
the strategies already existing for the solution of the MESs problems. The discussion
is divided in subsections: for first, the most important elements characterizing the
MES modelling and optimization are presented (from now on, they will be called
discriminating elements, subsection 3.2.1). The MES modelling is discussed for
both a simplified approach (3.2.2) and a more realistic one (3.2.3). The different
aims of the optimization are investigated in subsection 3.2.4, while the inclusion
of uncertainties and flexibility sources is presented in subsections 3.2.5 and 3.2.6.
Finally, the development and execution of the optimization model is discussed in
practical terms in subsection 3.2.7 and the conclusions are presented in subsection
3.2.8.

Given the enormous popularity of applying optimization tools to these types of
systems, several works can be found in the scientific literature that provide com-
prehensive reviews on MES. The first review papers, written from 2006 to 2009
[118-120], discuss the concept of multi energy system and present the technolo-
gies that can be used for the combined generation. A holistic overview on MES,
with a critical discussion on main characteristics, modelling approaches, aggrega-
tion concepts, and analysis tools for their operation and planning is presented in
[121]. Concerning the synthesis and design problems for smart energy systems, a
comprehensive analysis of optimization strategies can be found in [122, 123], with

references on decision-making processes. Some distinctions based on the size of
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the systems are made in [124—126], where the most common control strategies and
optimization processes for MESs operation are discussed. Regarding large shares of
renewable sources, [127, 128] provide a comprehensive and detailed investigation of
some important aspects, such as renewable energy availability analysis, load profile
analysis, geographical domain and the choice of both time period and time step. In
addition, relevant references are given for the different approaches typically used in
the literature. Important aspects related to renewable sources are the uncertainty and
flexibility of energy systems; these aspects are reviewed in [129, 130], considering
both modelling and optimization purposes. Finally, the modelling alternatives, the
problem formulation, and some exploitable solvers are presented in [131, 132], high-
lighting pros and cons of the approaches found in the literature. The evaluation of the
system performance based on available data, thermodynamic simulation or dynamic
modelling are discussed in [133], with a deepening on thermodynamic techniques

for cooling and thermal system arrangements (trigeneration, multigeneration, etc.).

3.2.1 Discriminating elements

The discriminating elements are key characteristics of multi energy systems that
strongly influence both the problem formulation and the optimization solution. In
other words, they can change the nature of the problem and, therefore, the way it can

be solved. The most important discriminating elements identified by the authors are:

* Optimization purpose
The optimization process can include up to three different tasks: synthesis,

design, and operation.

* Single-objective/multi-objective
The optimization can be done with a single objective function (e.g. cost,
primary energy consumption, emissions) or a multi-objective function. This
choice does not affect the problem formulation, but it could influence the
choice of the solver. Longer computational times must be accounted for the
multi-objective optimization, since multiple feasible solutions must be found,

and their position in the Pareto curve must converge.

* Non-linearities
The problem to be solved can become non-linear for different reasons:



88

Optimization of Multi Energy Systems: a literature review

1. nonlinear performance of system components. The performance of a
component varies at partial load operation, in off-design conditions.
Efficiencies usually have nonlinear trends, sometimes even non-convex.
Therefore, non-linearities are introduced in order to properly describe

the performances of the components.

2. nonlinear investment costs. The investment costs vary non-linearly with
the size of the component, due to scaling phenomena and other economic
aspects. The presence of non-linearities strongly influences the formula-
tion of the problem, the choice of the solver, the computational time and

the reliability of the solution.

* Technical constraints of system components

All components operating in energy systems are characterised by technical
constraints. To represent the behaviours of the technologies, the problem

formulation and the solver must be appropriate.

Time interval and time step

The length of the time interval that is taken in analysis (e.g. hours, days, years,
etc.) can be very important. Considering longer periods means including a
higher number of time steps and therefore a higher number of independent
variables. By contrast, concerning the time step (15min, 30min, 1h, 2h etc.),
larger values help reducing the problem size, but they bring a loss of precision

in the operation simulation.

Uncertainties

Many inputs by the optimization process and referred to the future time periods
can be difficult to be estimated (i.e. energy/fuels prices, energy demands, and
availability of renewable sources). If the solution must include the effects
of the uncertainties, suitable techniques must be adopted during the problem
formulation. This increases the problem complexity and the computational

cost.

Presence of energy storages

Energy storages allow decoupling the energy demand and generation, pro-
viding a higher degree of freedom to the system operation. However, their
presence introduces a correlation between time steps, which can no longer

be considered independent. Consequently, the optimization process moves
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from a series of small problems (several optimizations, each per time step) to a
single problem (one optimization over all time steps). Therefore, the problem
becomes larger in size. This makes the solution process more complex to solve

due to the exponential relation that links computation time and problem size.

* Flexibility measures
Beside energy storages, other solutions exist to increase the system flexibil-
ity. Among them are the adoption of demand response strategies and the
exploitation of the infrastructure transients (e.g. district heating network used
as thermal storage). The inclusion of these aspects can be very complex,
especially for the dynamic simulation of the network, where the presence of
bilinear terms and high sizes of the problem must be addressed.

In addition, there are few other aspects that contribute shaping the formulation
of the problem. These are not listed between the discriminating elements because
they have a weaker influence on the problem formulation. As a consequence, the
changes required to take them into account are minor. These are: the typology of
energy vector/product; the objective function; the presence of renewable sources in
the energy system.

The importance of identifying the discriminating elements is driven by the fact that,
influencing the mathematical formulation of the problem, they pose limitations on the
selection of the optimization solver. As can be found in the scientific literature, high
dimensional problems for MESs optimization are usually simplified and reformulated
in order to be executed with deterministic solvers, which can reach better solutions
compared to heuristic methods. The optimization problems should not include
sources of non-convexity and, possibly, sources of nonlinearity. The classes of
this kind of optimization are: Linear Programming (LP), Nonlinear Programming
(NLP), Mixed Integer Linear Programming (MILP), and Mixed Integer Nonlinear
Programming (MINLP). The differences of these categories are related to the problem
formulation, computational times and solution quality; these are discussed further

on.

3.2.2 Simplified operation

The optimal scheduling of a multi energy system constituted by generation, con-

version, and storage technologies is investigated in the present sub-section. The
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operation of the components is simulated in a simplified form, addressing the fol-
lowing features: a) presence of energy storages; b) energy components have neither
minimum operating load nor partial load operation; c) no uncertainty inclusion; d)
the absence of other flexibility measures in the system. For a similar case, the most
suitable time horizon is the short-term, which is usually addressed considering a daily
operation discretized with an hourly resolution [134]. Thanks to the assumptions
considered in this simplified version of the problem, the use of integer variables
is not necessary and nonlinear equations are not addressed. The reference model
for this type of problems is a Linear Programming model, which is written in the
standard form as reported in Equation 3.1 and can be solved using LP solvers, which
are among the fastest and more efficient algorithms able to reach the global optimum
[135].

min f(0)
. gi(o) <0 Vie{l,.,m}
s.t.

hj(o)=0 Vje{l,.,p}
ocR

3.1

where o is the vector containing the decision variables referred to the system
operation, f(o) represents the linear objective function, g(0) and & (o) are the linear
inequality and equality constraints, m and n are the total number of inequality
and equality constraints, respectively. The definition of the decision variables, the
objective function, and the constraints of the problem are discussed in the following
list.

* Component’s simulation
The operating power of each technology is usually described by a single de-
cision variable. However, there can be some units that need to be described
by two variables. This situation arises, for example, when interactions with
external networks (power grid, district heating, etc.) are modelled. In these
cases, it is possible to employ two distinct variables: one for purchases from
the network, and another one for sales to it. Notice that a single variable can be

utilized as well, assuming positive and negative values with different meanings
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(e.g. positive values for purchases and negative values for sales), but some
limitations would arise. The same applies to energy storages with regard to
their charging and discharging phases.

Each alternative has its pros and cons. The choice of using only one real vari-
able implies a reduction of the number of variables and therefore a reduction
in the computational effort. In addition, this choice allows the problem to
be kept simple from a practical point of view. In fact, with the two-variables
modelling, additional constraints to prevent simultaneous charging/discharging
of the storage or simultaneous buying/selling from/to the grid must be included
in the formulation. On the other hand, using a single variable to simulate the
operation of the energy networks can create criticalities when an economic
optimization is performed. In this case, two variables are needed since the
purchase price and the selling price of the same energy carrier are different.
Furthermore, if the selling cost is lower than the buying cost (as usually hap-
pens), no constraint needs to be added because the simultaneous buying and

selling is intrinsically always disadvantageous.

* Optimization criterion
One of the most widely used objective functions is the economic one, here
proposed as an example. As far as the operation optimization is concerned, the
objective function includes only the operating costs, consisting of the costs of
fuels imported into the energy system and the costs/revenues due to exchanges
with energy networks. Consequently, a general form of the economic objective

function can be written as Equation 3.2.

tend

opr __ oy BUY pBUY _ SELL pSELL
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(3.2)

Where F is the set of the fuels purchased (such as natural gas, hydrogen etc.),
while V is the set of energy vectors managed within the system (heat, cold,
electricity, etc.) and U is the set of generation and conversion technologies.
Furthermore, Iy ; is the amount of fuel f imported in the time step k by

component j, and c is the related unit cost. In the same way, Pl-BUY and Pl-SELL

BUY SELL

represent the bought/sold power for each energy vector i, while ¢;””* and c;

are the related unit costs.
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In addition, practical optimization problems often require minimizing or max-
imizing several conflicting objectives simultaneously, leading to the multi-
objective optimization field. Two main approaches can be identified for achiev-
ing this: Pareto-based approaches and aggregation approaches. Pareto-based
approaches (e.g., Nondominated Sorting [136—141], Strength Pareto Evolution-
ary Approach [139, 142, 143] etc.) look for the Pareto front without making
any choices among the selected solutions. In this case, multiple objectives
are optimized simultaneously. Once the Pareto optimal set is found, decision-
makers need to choose the “best compromise solution”, based on the specific
optimization problem or personal preferences. On the other hand, aggregation
approaches (such as the weighted sum method [144—148], or constrained ap-
proach [149-152, 144]) combine different objectives into a single objective
function. These methods are widely used due to their ease of implementation.
In this case, preferences are expressed before the optimization, which is why

they are also referred to as “a priori methods”.

Constraints
The fundamental constraints for this type of optimization problem are: energy
balances; constraints for storage modelling; constraints related to the layout of

the system.

An equality constraint must be included in the mathematical formulation of
the problem for each energy vector. The general form is reported in Equation
3.3.

ouUT IN BUY SELL ST OAD __
) (Pi,j,k —Pi,j,k) +PRT =P Py PP =0
jeu

VieV, VYke{l,.,r} (3.3)

These sets of constraints state that, for each energy carrier i and at any time
step k, the sum of imported (PBUY) and generated powers (P°YT) must equal
the sum of exported (PSELLY and consumed powers (P™). In addition, power
related to the charging and discharging phases of the storage (P57) should be
included in the balance equation.

The main factors that need to be taken into account when modelling energy
storage are the limitation on charging/discharging powers; the storage capacity
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as maximum limit for the stored energy or, alternatively, the upper and lower
limitations of the state of charge (typically used for electrical storage); the
energy balance of the storage. A relatively good simulation of the energy
storage operation can be obtained by addressing these phenomena (or tech-
nical constraints), but in case a more realistic modelling is required, some
other aspects should be included, such as: charging/discharging efficiency of
the energy storage; self-discharge due to energy losses; impact of ambient
temperature (for thermal storage).

The storage units can be described through linear equations. The modelling
approach based on two independent variables is presented in Equations 3.4 -
3.8. More in detail, Equations 3.4 and 3.5 sets the upper and lower limits for
charging/discharging power, while Equation 3.6 ensures that physical storage
limits, due to its finite capacity (CAP), are not violated. As an alternative to
the previous equation, it is possible to impose that the state of charge (i.e. the
available capacity expressed as a percentage of its rated capacity) is within
the permissible range in each time step. Finally, Equation 3.7 ensures that the
discharged energy was previously stored. The binary variable y37 is required
to prevent simultaneous charging and discharging of the storage. Energy
losses are included in the storage simulation and they are modelled by the
loss coefficient /, which represents a percentage of energy that is lost in each
time step and it takes into account that energy storage is not free over time.
This phenomenon is particularly important for thermal storage and a method
to estimate this parameter based on the ambient temperature and the storage
capacity is described in [153]. However, if short term storage is under consid-
eration, thermal losses are expected to have an impact that can be considered
as almost negligible. The periodicity constraint can be included in order to
impose the same storage level at the beginning and at the end of the considered
time interval, as reported in Equation 3.8. Finally, concerning the electrical
storage, charging and discharging efficiencies are the most used parameters,
with typical values between 0.75 and 0.90 [37].

0<PY <ySL-PEI viev ke {1, 1) (3.4)
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Some examples of articles where single-variable modelling is selected in
the analysis are [154—159], while the two-variable modelling is selected in
[160-167].

Layout constraints are often overlooked, under the simplifying assumption
that all components can be connected indiscriminately. However, parallel and
series connections between different devices can be found in most of real
applications. A representative example concerns heat generation technologies
that operate at different temperature levels. In this case, the different circuits
typically communicate via heat exchangers. On a practical level, in order
to include the actual connections of the components in the mathematical
formulation, the energy balances must be modified. For each energy vector,
two types of constraints must be inserted. The first one (Equation 3.9) states
that the output power of each generation/conversion technology must be less
than the sum of the powers consumed by the interconnected technologies. On
the other hand, the second constraint (Equation 3.10) expresses that the input
power of each technology must be less than the sum of the powers produced
by the interconnected generators. In Equations 3.9 and 3.10, i represents the
energy vector, jp and jc are subscripts to distinguish producer from consumer
technologies and a indicates the state of the connection between the considered
technologies (1 if connected and O otherwise). It should be noted that the
set U p includes not only producer technologies, but also purchase from the
networks and discharging phase of storage. Similarly, the set Uc denotes
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both consumer technologies but also selling to networks and charging phase
of storage. If it is necessary to distinguish the producers of each energy
vector from its consumers, layout constraints must be included in the problem
formulation. In this case, the only formulation that can be used is the one

based on two variables.

Pt < Y Plajje VieV (3.9)
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* LP models of MESs in literature
The simplified model proposed has a very simple mathematical formulation
and can be solved very quickly even if characterized by a high number of
variables. However, the simplifying hypotheses adopted could bring to a
inaccurate representation. As a result, there are few articles in the literature
that perform the operational optimization using exclusively an LP formulation
[168-173]. Among them, Georgiou et al. [174] propose a LP optimization
scheme for the minimization of the net grid energy usage of a nearly Zero
Energy Building (nZEB). However, the study proposes to include a further
step at the end of the optimization: the import of the optimal dispatching
in the software System Advisor Model (SAM), in order to address a more
realistic modelling of storage and take into account the power conversion
losses. More frequently, however, the use of the linear approach is embedded
in a more complex optimization framework. In this case, the simplified
linear approach allows the characteristics of the system to be broadly taken
into account, allowing to analyse more complex aspects [175]. For example,
Lauinger et al. [176] developed a decision-support tool in the form of a
linear program in order to apply a stochastic programming approach, able
to account for the uncertainty of the weather parameters. This choice is
justified by the fact that stochastic programming increases the computational
complexity in proportion to the number of considered weather scenarios,
requiring the formulation of simple and fast operation problem. Another
article that presents a similar methodological approach is [177]. Furthermore,
a two-level nested optimization is presented by Capone et al. [178] in order to
model the multi energy system taking into account the thermal dynamics of the
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district heating network. The upper-level uses the genetic algorithm to optimize
the demand-side management, while the lower-level optimization uses a linear
programming algorithm to find the best operation of the production plant.
Finally, the short computational times characterizing LP problems can be
particularly advantageous when the optimization process has to be repeated,
for example for finding the Pareto curve in a multi-objective optimization
[170].

3.2.3 Realistic operation

The model presented in the previous subsection provides an ideal formulation of the
MES operation. Simplifying assumptions are sometimes used even at the cost of
significant impacts on model accuracy. In general, the choice of whether to include
technical constraints within the optimization can strongly influence the results of
the optimal operation and load characteristics of individual technologies. In the
present work, the more detailed description of the components operation obtained
by including their technical features will be referred as “realistic performance”.
This subsection has the aim of reporting the strategies mostly used in the scientific
literature for building optimization models that consider realistic performances for

the components. These elements are discussed in the following list.

* Minimum operating power
Most of the technical devices cannot operate in arbitrary low part load. Con-
straints on the minimum powers of the components can be included in the
model by acting on the upper and lower boundary of the variables. In particular,

the formulation is given in Equation 3.11.
PNy < PIRCMIN < pIIMAX o Ve U Yie {1, (B

Where y is the binary decision variable representing the on/off state of the
technology and P'N:MIN and pINMAX are the extreme values of its working
range. If the binary variable is set to zero, the only value that the P™ variable
can assume is 0 (and therefore the technology is off). If, instead, y is equal
to 1, the technology is switched on at a level between its real minimum and

maximum operating power.
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It is worth to notice that the addition of this constraint is trivial for components
whose performances have been piecewise linearized (see the following points),
since the binary variables are already present, and therefore, considering the

minimum operating powers does not increase the dimensions of the problem.

* Minimum up and down time constraints

For some types of devices, the associated on/off schedule cannot assume
arbitrary values. More in detail, each unit shall remain switched on for at least
a predefined number of time periods after start-up. This constraint is called
minimum up time constraint. Similarly, each unit must respect minimum down
time constraints, remaining switched off for at least a predefined number of
periods after shutting down. For example, this is typical of cogeneration units
due to their slow dynamics. This technical constraint is important also because
each unit, in addition to operation and maintenance costs, can have a start-up
cost, incurred each time the unit is switched on. This cost is usually due to the
inertia of the component (i.e. it consumes primary energy without producing
any useful effect [179]). Consequently, neglecting these constraints may lead
to erroneous estimates that may impact the feasibility of a technology in the
energy system. In the literature, three approaches can be found to manage this
issue.

One possible way to set the minimum times for a technology to be switched
on or off is to include the following constraints in the problem formulation
(Equation 3.12-3.14).

Zik=Yjk—Yjk-1 Vk € {2, ..,kend} (3.12)
k+N0N’M1N
Y i NN (DM Vke 2,k NV} (3.13)
t=k
k+NOFF.MIN
i <A 4z0)M Ve {2,. k- NOFFY (3.14)
t=k

Where y is a binary variable equal to 1 if the device is on and O otherwise;

z is a dummy variable to recognise the start-ups and shut-downs; NONV-MIN

NOFFMIN

and are the minimum number of time steps in which the component

must stay on and off, respectively; and M is an arbitrary big and constant
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number, usually called Big-M. These constraints allow the on/off vector to be
scanned, relating the current instant to previous and subsequent ones, in such
a way that the minimum time constraints are respected. It is worth to notice
that, in order to compute the first z of the series, it must be provided a binary
value for y as the initial state of the component (when k£ = 0). Obviously, these
constraints require a single optimization over several time steps, as in case of
storages (since the various time steps are linked by Equations 3.13 and 3.14).
This type of modelling is used in [152, 163, 180-182].

Minimum up and down time constraints can also be modelled in a less rigid
way. This can be done by adopting some limitations or penalties to prevent the
operation of components characterized by frequent starts and stops. In most
cases, these effects are monetised by introducing in the objective function
specific costs (known as “start-up and shut-down costs”) for each component
start and/or stop [183, 184].

A less frequently used method is limiting starts and stops per day a priori
[185-187]. The aforementioned methods for start/stop restrictions can also be
applied simultaneously [188, 189].

Ramp rate constraints

Another technical constraint that accounts for transitional behaviour of the
devices is the ramp up/down constraint. In particular, it aims to limit the
output power variation between each time step in order to represent a physical
limit due to the real operation of the components and to improve the lifetime
of the device. This type of constraint also handles information related to
subsequent time steps, so it is not possible to adopt it within a series of

separate optimizations. It can be written in the form reported in Equation 3.15.

APRP — (14 2j )M < Pjj—Pip_y < APRU + (1 —z;,)M
Vk € {2,.,k™} Ve U (3.15)

Where APRP and APRV are the ramp-down and ramp-up powers, respectively.
Notice that the constraints are not applied when startups or shutdowns take
place. Concerning the scientific literature, [152, 185, 190, 163, 191] are some
of the works that employ this kind of constraint in the analysis of the multi
energy system operation.
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* Maintenance costs
The inclusion of maintenance costs within the optimization model is mainly

done in two different ways.

In the first case, maintenance costs are usually single-step costs unlike operat-
ing costs which scale with input power. As a consequence, they should only
be added to the objective function only if the technology operates in the con-
sidered time step. This type of information can be managed only through the
use of binary variables. The calculation of these costs is reported in Equation
3.16.

kend

cM — Z Z [c_]}d-yj,k} (3.16)
JeU k=1

Where c]}/’ is the specific maintenance cost of the j —th technology, while y is
the binary variable that represents the on/off state of the component (equal to

1 if on, O otherwise).

In the second alternative, maintenance costs can be assumed to be proportional
with the produced power and, consequently, with the operating cost [184, 189].
In other cases, they are given as a fraction of the capital cost [160, 192, 193]. It
should be noted that, despite this last option shares the advantage of not using

binary variables, maintenance costs are considered in a more approximate way.

* Part load performance
Although most models assume that the component efficiency is constant even
when the system component is operating under off-design conditions, a critical
aspect is the decrease of the nominal efficiency at part load. Unlike constant
efficiency devices, nonlinear devices create a natural incentive to operate
close to optimum efficiency, discouraging part-load operation. In addition,
the inclusion of non-linear performance in the optimisation model not only
allows fuel consumption to be minimized, but also allows the increase in
emissions at part loads to be taken into account in the analysis. As a result,
production planning and exchanges with storage and energy networks could
change considerably. In particular, modelling of off-design conditions is
crucial when load profiles are highly variable. For example, the challenge for
increasingly popular small-scale technologies (i.e. CHP units for residential

applications) is to decrease the minimum load level and increase part-load



100

Optimization of Multi Energy Systems: a literature review

efficiency to meet variable energy demands. Moreover, also on a large scale,
it is important to model this aspect since the operating regimes of central
power plants are changing from pure base load to variable renewable energy
balancing. The constant efficiency approximation may be close to the reality
for some technologies and operating conditions, but a very rough simplification
for others. For example, among different prime movers used in cogeneration
and trigeneration plants, the simple cycle gas turbine is characterized by the
most pronounced degradation of efficiency (about 63% of the nominal value at
half load). Simple cycle gas turbines are followed by micro gas turbines and
internal combustion engines (that have similar decreasing percentage, 88%
and 84% respectively) [194].

Investment costs

The specific cost of many types of equipment typically decreases as the size
increases. In most cases this relation is nonlinear (e.g., wind turbine, in-
ternal combustion engine, gas turbine, absorption chiller, etc.)[194]. This
non-linearity is typically neglected in order to simplify the mathematical for-
mulation, and constant investment costs per unit of capacity are used [76,100].
However, the error made by assuming a linear relation between the two quan-
tities can be non-negligible when dealing with small-scale technologies. For
example, with regard to the above-mentioned prime movers used in cogenera-
tion and trigeneration plants, moving from a size of 10kW to a size of 200kW,
a reduction in the unitary plant cost of 28% for simple cycle gas turbines, 37%
for internal combustion engines, and up to 47% for gas micro-turbines can be
observed [194].

Non-linearities and linearization of NLP problems

Nonlinear optimization problems are intrinsically more difficult to solve and
nonlinear programming procedures cannot guarantee that the solution is a
global optimum, unless the optimization problem is convex. A possible alter-
native to always guarantee the global optimum and, at the same time, to exploit
the advanced stage of development of MILP solvers, is the linearization of the
nonlinear terms. This technique consists in replacing the original objective
function and/or constraints with linear approximations. More in detail, any
equation curve of second (or higher) order is divided into multiple regions

in which the curve is approximated to a straight line. In this regard, a key
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factor is the choice of the number of regions. On one hand, if the efficiency
curve is not divided into an adequate number of regions, the model does not
adequately account for non-linearities in the system. On the other hand, if the
number of regions becomes significant, the variables of the problem increase
considerably and, consequently, the calculation time. Advanced discussions
about linearization techniques can be found in [195, 196]. Figure 3.2 shows

graphically the piecewise linearization method.
f(x) 4 f(x) 4

q

N+1
breakpoints

Fig. 3.2 Example of piecewise linearization technique

A basic algebraic formulation of a piecewise-linear approximation of a function

f(x) is given hereafter.

Xe Y > O > Xp1 0 Yl (3.17)
N
Y Dbl <1 (3.18)
n=1
N
x=) [o] (3.19)
n=1
N
f(x> = Z [fn(wn)] (3.20)
n=1

First of all, known N as the number of intervals for the linearization, denote x;
(z=1,..,N+1) as the breakpoints of f(x). Then, it is necessary to include in

the formulation N continuous variables @ and N binary variables y'. The field
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of existence of the variables @ is defined in Equation 3.17, while the limit for
choosing no more than one interval at a time is addressed with Equation 3.18.
Finally, the original parameters (x and f(x)) can be computed with Equation

3.19-3.20, where fn is the linear approximation of the curve in the n-interval.

MILP models of multi energy systems in literature

Among the alternatives that address the scheduling optimization problem by
taking into account the technical constraints that characterize these systems,
the most commonly adopted formulation in literature for solving short-term
operation is the Mixed-Integer Linear Programming ([188, 197-205]).
Brahman et al. [206] obtained a MILP model of a residential energy hub,
focusing on advantages related to load shifting, load curtailing and flexible load
modelling considering a maximum heating and cooling temperature deviation
from desired set points. Several binary variables were used to represent the
on/off states of the cogeneration unit and equipment identified as shiftable
loads, along with the charge and discharge states of the storage units.

Morais et al. [207] presented an optimal operation of a renewable micro-grid
and the effectiveness of the presented methodology is demonstrated through
its application to a real case study. The dispatching is formulated as a MILP
problem since two variables are required for modelling the storage batteries.
Daraei et al. [208] adopted the MILP method to evaluate the interaction
between local renewable resources and CHP plants and its influence on the
CHP production planning and energy demand.

Finally, in this context, one of the most significant research works is presented
by Wirtz et al. [209]. The authors of the paper investigated 24 MILP models
with different levels of details for the design of MES and pointed out that,
for the analysed case, part load efficiency inclusion leads to lowest system
costs but highest computational time. The large number of variables required
for the linearization makes this model the one with the most impact on the
optimization. In contrast, the adoption of minimum part load and start-up costs

have a small impact on optimization.

NLP models in literature

As for linear models, there are not many research articles in the literature on
nonlinear modelling approaches for MES management.

Zhao et al. in [210] present the optimal scheduling of the energy systems under
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day-ahead electricity pricing. The authors point out that their proposed predic-
tive control model based on an NLP algorithm is unable to take into account
certain performance limits such as minimum load ratios of the technologies
or the minimum water flow for the thermal storage. The NLP formulation
is most used in decomposed problems for analysis with a wider extension.
In fact, in problems where the number of variables to be optimized becomes
considerable, one technique is certainly the decomposition of the integral
problem into sub-problems.

For example, an attempt of reducing the computational complexity of a prob-
lem can be found in [185], where the authors propose the optimal scheduling
of a gas-electricity integrated distribution system and a multi-CCHP system. In
this work, due to the detailed modelling of the networks and their integration
within the energy system, a two-stage optimization is proposed. In particular,
each phase is a NLP problem: the first presents all continuous variables, while
in the second an on/off component model is obtained from the results of the

previous phase.

e MINLP models in the literature
Even though the MINLP approach requires an additional computational effort
as it combines linear programming, nonlinear programming and integer pro-
gramming algorithms, several papers use this methodology to model energy
systems [211-215].
Moghaddam et at. [216] present a MINLP model for the 24-hour scheduling
of a residential energy hub. One of the innovations of the paper is that the
presented model takes into account part-load efficiency and is able to limit the
start-up/ shut-down of equipment.
Deng et al. [217] proposed a MINLP scheduling model based on the input of
real load and operation parameters of equipment. Both nonlinear input—output
characteristics and discrete working ranges of energy equipment are con-
sidered. A comparative analysis with the existing scheduling strategy was
conducted and it pointed out that the MINLP model proposed truly reflected
the real operating condition of equipment.
On the other hand, a consistent number of studies using MILP approach pre-
sented in literature are not only able to handle the technical constraints of
technologies but also nonlinearities (via linearization technique). Bischi et

al. [187] include in the model the nonlinearity of the performance curves of
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the components through a piecewise linear approximation (thus transforming
a MINLP into a MILP), also considering the impact of temperature. They
solved the MILP optimization model with different levels of accuracy (5,10,20
intervals) of the piecewise linear approximation of the nonlinear performance
curves. The results of the presented case study suggest that 10 intervals are
a trade-off between accurate estimates of the optimal objective function and
computational time.

Almassalkhi et al. [218] developed a mixed integer piecewise linear program-
ming formulation of an energy hub system considering nonlinear energy con-
version processes, energy storage, and hub emission limits. Results highlight
a reduction in effects inherent to constant efficiency assumption in supporting
operational and planning decisions. For example, the traditional hub models
can significantly undersize energy storage as compared to the piecewise linear
energy hub formulation. Finally, the choice of whether to include operational
constraints and nonlinearities within the optimization can be of fundamental
importance when performing combined synthesis, design, and operation opti-
mization.

Arcuri et al. [219] formulated a model for selecting the optimal typology, size,
and operative strategy of a trigeneration system for the civil user, analysing
different cogeneration plants. The mathematical model proposed is nonlinear
since the analysis takes into account three nonlinear constraints: the variation
in nominal efficiency and unit cost of the cogeneration plant in relation to its
size and the decrease in nominal efficiency in part-load configuration.
Marocco et al. [193] proposed the optimal design of a stand-alone renewable
multi energy system, focusing on the feasibility of H2-based devices in remote
areas. To this end, affine approximations to the electrolyser and fuel cell
efficiency curves were included in the analysis to obtain a more detailed and

accurate techno-economic estimate.

Comparison between optimization approaches

As stated in the previous sections, several articles in the literature address the
scheduling optimization problem by taking into account realistic modelling
of system components, proposing MILP, MINLP and NLP optimization. In
some cases, different optimization methods are applied to the same case study,
resulting in comparable results from the different approaches.

Ommen et al. [220] examined the three most frequently used operation opti-
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mization methods (LP, MILP, and NLP) in order to investigate their impact
on operation management of energy system technologies. Due to the added
constraints in the MILP model (minimum powers, ramp rate and shut-up/shut-
down constraints) and the NLP model (nonlinear performance curves) that
limit the operation of the technologies under investigation, the number of
operation hours of alternative units increases (+23% for MILP, +39% for
NLP compared to the linear case). The changes are especially visible in case
of using the NLP optimization, where efficiencies are reduced in conditions of
part load. The results indicate that the MILP optimization is most appropriate
from a viewpoint of accuracy and runtime.

Lu et al. [221] proposed a MINLP model including in the analysis the nonlin-
ear input—output characteristics of energy system components, discrete work
intervals and limitations of their minimum operating period and the results are
compared with an NLP optimization approach. Also in this case, the authors
point out that, although the difference in terms of objective function between
the two approaches is small, integer programming truly reflects the system
actual operation.

Although with a focus on more electrical issues, Nemati et al. [221] perform
the optimal day-ahead unit commitment and economic dispatch in a microgrid
by proposing two different algorithms (a genetic algorithm and a MILP algo-
rithm). Both algorithms were adapted to the application under consideration;
in particular, the MILP was combined with an external tool to correctly handle
non-linearities thus avoiding the complex resolution of a complete MINLP
problem.

Moradi et al. [189] employed an advanced dynamic programming method for a
microgrid energy-scheduling. By applying the quadratic programming method
to the system formulation, the model is divided into linear and quadratic terms.
Appropriate technical constraints, such as generation capacity constraints and
the number of starts and stops, were included in the analysis.

In addition, Zhou et al. [201] compared a MILP and a MINLP model to
analyse the impacts of equipment off-design characteristics on the design and
optimal operation of trigeneration systems. The results show that the assump-
tion of constant efficiency has a rather small impact on the optimization results.
This occurs provided several other devices are present in the system including

thermal storage and grid connection. In this case it can be guaranteed that the
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efficiency of the power generation technology does not deviate significantly

from its nominal efficiency.

In light of the works analysed, it is possible to draw a final consideration: the
LP formulation allows to solve very quickly the operation problem at the price
of a reduction in the precision of the simulation of the components. This can
significantly decrease the precision of the solution since it does not adequately
represent the energy system. The MINLP formulation provides the simulation
of the system with the best quality, but finding the global optimum can be
non-trivial, especially for non-convex or high dimensional problems, exposing
to the risk of convergence to local optima.

Finally, the MILP formulation results to be a good compromise between these
two alternatives, since it guarantees to find the global optimum of the problem
and it ensures a satisfying accuracy of the components operation, provided

that the linearization process is performed with an adequate precision.

3.2.4 Synthesis, design and operation

The levels at which the MES optimization can be performed are: synthesis (i.e.
choosing the types of components); design (i.e. choosing the components’ size); and
operation (i.e. choosing the schedule of the components’ functioning).

The operation optimization is the most investigated problem in the MES field. How-
ever, when a wider treatment is intended to be performed, it is necessary to add the
synthesis and design problems together with the operation optimization. Solving
the complete optimization is particularly meaningful from a practical point of view,
since it represents the real problem that is required to be solved in order to properly
build an energy system from scratch.

One of the first literature reviews that collected the main strategies developed for this
purpose is [222], where the synthesis and design problems are posed at the centre of
the discussion. The alternatives identified in this work are mentioned, discussed and
referenced in the following sub-paragraphs, according to the aspect that is intended
to be commented. Another review [223] showed that, if only the synthesis and design
problems are required to be solved, both deterministic and heuristic methods are
adopted in the scientific literature, but when the operation must be assessed as well,

the second ones may be not very efficient if used alone.
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* Time period selection
To correctly deal with the synthesis and design problems it is necessary to
make an evaluation on a long-term period, theoretically (but not mandatorily)
equal to the lifetime of the system. Obviously, considering the complete time
period with an adequate discretization is not feasible in the practice, therefore,
some representative days of the year are assumed with the aim of reducing
quantitatively but not qualitatively the time steps. The period considered to
perform a long term analysis can range from 5 years [224] up to 15 years [225],
neglecting the differences between the single years. The yearly time period
has been accounted with a number of representative days between 4 and 24
[224, 226-231], typically with an hourly discretization. Some indications for
correctly considering the transfer of information between the representative

periods simulated (e.g. energy storage) are contained in [163].

* Problem definition
The most basic approach to deal with this problem consists in expanding the
formulation developed for the operation optimization, including the synthesis
and design variables, and the capital cost of the components for all the time
steps considered. The synthesis variables are binaries that indicate the presence
of a certain technology, while the design variables can be continuous or
discrete and are referred to the size of the selected component. Capital costs
and components’ performances are typically nonlinear but can be piecewise

linearized with the technique discussed in the previous paragraph.

* Optimization techniques
As a result, the problem can be formulated as a single MINLP [232, 233] or
MILP [186, 194, 224, 234-245] respectively. In these cases, the synthesis and
design problems are addressed with the help of a superstructure, a theoretical
layout that includes all the components that are described by the optimization

variables.

* Problem dimensions and computational cost reduction
If the synthesis and design problems are considered in addition to the operation
problem, the dimensions of the problem increases significantly (up to 10* —
10° variables in total [186, 234, 239, 246]). In fact, additional variables are
required to represent the synthesis and design parameters, as well as to account
the higher number of time steps needed to represent the system lifetime.
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As an attempt to reduce the computational costs, different decomposition
strategies have been developed and implemented. The most common one has
been applied for the first time in order to optimize single CHP plants [247] and
consists in dividing the single optimization in two nested levels (Master and
Slave Problem, MP and SP respectively): in the outer stage (MP), synthesis
and design are optimized with a heuristic solver, while in the inner stage (SP)
the operation problem is solved with a deterministic solver. Therefore, the
SP is optimized for any evaluation MP performs one iteration, but thanks to
the SP small dimensions it is possible to take advantage from the exponential
correlation between computational times and problem sizes.

For the master problem, several heuristic algorithms are adopted and compared
in [226]: the Tabu Search is faster in finding the optimum, but the Ant Colony
Optimization reaches for first the convergence criterion.

Genetic Algorithm is adopted also in [228, 160, 248, 249], while Particle
Swarm Optimization is employed in [250]. The choice of the heuristic solver
must be evaluated according to the features that characterize the problem itself,
in order to find the optimization method that better fits the case study under
consideration. The problem decomposition is particularly advantageous when
the time steps that constitute the representative days are not correlated between
them (i.e. absence of energy storages or flexibility measures, etc.); in this case,
the single optimizations become particularly fast (fractions of second) and can

be executed in parallel.

In addition, there are other decomposition strategies that are less commonly
applied but that are worth to be mentioned. A comparison between heuris-
tic and semi-deterministic master problems is performed in [251], adopting
respectively the evolutionarily stable strategy and the NLP derivative-free al-
gorithm Particle Generating Set-Complex, resulting in a faster convergence of
the latter one. The decomposition strategy is demonstrated to be advantageous,
showing computational times equal up to the 5.4% of those required by the
full MILP formulation [226].

Another interesting development of the decomposition consists in avoiding the
definition of a fixed superstructure for the addressing of the master problem
[252-254]. The formulation is still similar to the case with the superstructure,
but a higher degree of freedom can be reached.
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* Operation with following electric/thermal load
If the operation is managed with load following techniques (Following Electric
Load, Following Thermal Load, etc.), and therefore the system operation is
not optimized, the synthesis and design problems can be solved in a single
stage with MINLP solvers [212, 225], Genetic Algorithm [255-268], Owl
Search Algorithm [269], Crow Search Algorithm [270] or Particle Swarm Op-
timization [117, 271, 272]. Typically, these problems have limited dimensions,
therefore heuristic algorithms are the preferred choice thanks to their simple
implementation, and their capability in dealing with nonlinear and non-convex

objective functions or constraints.

* Benefits of combined optimization

On the overall, solving the complete problem for the synthesis, design and
optimization of the energy system allows to make a comprehensive analysis
of the combined generation and a consistent comparison with the separate
generation. The advantages of the combined generation are confirmed even
on the long-term, with reductions of annual costs in the order of 12 — 17%
[234, 273], a decrease of the emissions up to 56 — 66% [234, 273], or a
lowering of the primary energy consumption of 10 —34% [230, 243, 273],
according to the optimization criteria that is chosen.

* Mathematical formulation
In light of all the elements collected from the scientific literature, the formu-
lation proposed in the present work for the implementation of the synthesis,
design and operation problem is in the decomposed form. A synthetic mathe-

matical formulation is provided in Equation 3.21.
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n;z;inf(s,d,o)
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(3.21)

Where s and D are the variables of the synthesis and design problem, respec-
tively, while g5, n5P, gMF and ”¥M? are the inequalities and equalities of the
Master Problem and Slave Problem. Regarding the master problem, the syn-
thesis variables are binaries indicating the selection of a specific technology
(w), while the design variables are discrete or continuous and represent the
rated power (RP) of the selected component. The boundary of the rated powers
is defined with Equation 3.22, where the multiplication between the binary
variable and the upper and lower values (RP/"** and RPl.mm) forces the rated

power to zero in case the technology is not selected.
@; - RP™" < RP; < ;- RP"™ VieU (3.22)

In case multiple components are available for each kind of technology, conver-
gence problems often arise. This happens because the same MES configuration
can be reached through different combinations of the MP variables [182]. This
can be avoided by imposing hierarchy constraints [201] between the sizes of
the components belonging to the same technology (Equation 3.23), which
means that the components are not randomly selected, but their choice is made

with order.
RP,, <RP,,_; VieU,Vre{2,.,r'""} (3.23)

In Equation 3.23 " is the maximum number of devices that can be installed

for a single technology. In this case, the rated powers of the units belonging to
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the same technology are imposed to follow an ascending order.
Concerning the operation optimization of the SP, its formulation can be made
in the same way described in the two previous paragraphs, considering the

synthesis and design variables as known inputs of the problem.

3.2.5 Uncertainties

A considerable amount of input data is required to simulate and optimize the Multi
Energy Systems. Despite these data are usually considered as fixed and known, most
of them are actually affected by uncertainties. The most representative example
are the weather conditions, but even the performances and costs of the components
can be uncertain according to the type of analysis that is conducted. The correct
management of the uncertainties is one of the most important aspects in the field of
energy systems for both short and long-term planning. Neglecting the uncertainties
in the short-term optimization (e.g. day ahead analysis) can lead to a sub-optimal
planning of the power production and even to critical or congested conditions, while
the effect on the long-term optimization can be the undersizing/oversizing of the
employed technologies [274].

The implementation of uncertainties is often discussed in reviews on energy systems
[275, 276] and some works are completely focused on this topic. The parameters
subject to uncertainty are recognized and discussed in [274]. A detailed overview on
probabilistic, possibilistic, and combined methods, beside information gap decision
theory is provided in [277], where both strengths and weaknesses are highlighted
for each strategy. Deterministic and inexact optimization models are compared in
[278], and precise considerations are provided regarding their limitations. Finally,
a clear explanation of the criteria to follow to choose the most suitable method
according to the data availability is provided in [279]. The gaps in the application
of some techniques for addressing uncertainties in MESs are discussed, as well as
the challenges represented by computational costs and mathematical formulation of
more recent techniques for uncertainty management.

The most common sources of uncertainty on the input of the problem are: a) the
prices of the energy vectors and their related environmental parameters such as
emission factors; b) the energy demands; c) investment costs; d) the production from
renewable sources; €) the ambient conditions [279]; f) the devices’ performance
[280, 281]; and g) the operating reserve of power plants [282]. Furthermore, it
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is important to note that, although most research articles on the subject treat each
uncertain parameter as independent from each other, actually there may be potential
correlation between them (e.g. between energy load and electricity price [180] or
between different energy demands [255]). The interdependence between inputs can
be defined by the covariance, which describes the correlation between two random
variables.

The main aspects concerning the uncertainties in MESs optimization are discussed

in the following sub-paragraphs.

* Approaches to include uncertainty
Suitable forecasting models must be adopted to properly estimate the parame-
ters affected by uncertainty [276]. This task is usually addressed in a separate
analysis. Since the focus of the present work is devoted to the optimization
problem, the strategies employed to develop a model able to generate input
data according to the probabilistic phenomena are not further discussed. A
comprehensive discussions is provided in [283-287].

When the research objective is to deal with data uncertainty in multi en-
ergy system optimization, two different approaches can be employed: uncer-
tainty/sensitivity analysis, and optimization under uncertainty. The first one
aims at understanding the impact of uncertainty on model output, while the
second method aims at identifying the optimal decision that should be taken
“here-and-now” based on the uncertain parameters. Many research articles
perform sensitivity analysis to identify which inputs have a major impact on
optimization results [198, 192, 288, 289]. This type of approach does not take
into account the dynamic nature of decision-making under uncertainty and
its information flow. The two main representatives for the inclusion of the
uncertainties in the optimization are: a) stochastic programming; and b) the
robust optimization. They differ on the basis of the information on the random
events: in stochastic programming the probability distribution of uncertain
data has to be known or estimated, while in robust optimization the uncertain

data are assumed to be varying in a given uncertainty set.

However, there are many other methods in addition to stochastic program-
ming and robust optimization. According to the degree of simplification, the
complexity of the optimization model can significantly vary. A considerable

number of tailored alternatives can be found in the scientific literature. Among
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these, scenario-based stochastic programming is one of the most employed
strategies; this consists in defining some scenarios (i.e. sets of input data) and
then, taking into account their respective probability of occurrence, finding the
solutions that provide optimal strategy in facing each scenario ([290, 291]).
In other words, the goal is to find a solution that is feasible for all (or almost
all) the possible parameter realizations and optimizes the expectation of some
function of the decisions and the random variables. A relatively common
strategy to coherently determine the different scenarios is to generate a high
number of cases (order of 103 [282, 292]) with the Monte Carlo method, and
then reducing them to a small number (5 in [282], 9 in [293], 10 in [292, 294],
from 5 to 20 in [295]) with a clustering algorithm [296] or other techniques
[297, 298]. Due to the dimensions of this problem, deterministic solvers

(MILP and MINLP) are preferred by far to obtain low computational costs.

* Security, reliability and availability
Other aspects related to the uncertainties that are often studied are the secu-
rity, reliability, and availability of the energy system; many different models
developed to include them in the optimization process can be found in the sci-
entific literature. The N-1 principle consists in guaranteeing the security of the
system even when one of the elements of the energy hub fails. This approach
is applied in [299, 293] with multistep optimizations. Robust Optimization
(RO) [300, 280, 293, 301, 302] has the aim of finding a result that satisfies the

worst case that could occur and is often used for reliability and availability.

Moreover, the two-stage formulation is widely used in stochastic programming.
In this type of problem, the decision maker has to make some strategic deci-
sions (“first-stage decisions”) that are not easy to change on a short time scale
and that can be made without full information on random events. After random
events occur, corrective actions (“second-stage decisions”), that can be adapted
on a short notice, are taken in response to each random outcome. The objective
function of the optimization problem is composed of two parts: the cost of the
first-stage decision and the expected cost of the second-stage decision taking
into account the probability that each scenario has to effectively happen. If the
number of scenarios is finite, the stochastic problem can be represented by its

equivalent deterministic problem.
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* Mathematical formulation

Taking into account the advantages and complexities characterizing the inclu-
sion of uncertainties in the optimization of multi energy systems, the scenario-
based stochastic programming represents a good alternative for the imple-
mentation of uncertainties. Differently to other approaches, it has no peculiar
constraints related to guaranteeing technical concepts such as security, reliabil-
ity, or availability. Thanks to this degree of freedom, it can be found relatively

often in the scientific literature.

For this reason, its mathematical formulation is proposed in the present work.
In particular, the two-stage formulation is reported in Equation 3.24 and is
referred only to the operation problem.

minf(o',o”, )
(
min, f(s,d,o0)
S gf(0)>0  Vke{l,.,n}
s.t. Po)y=0 veoe{l,. q}
MP(s.d) <0 Vie{l,.,m}
MP _ ;
\hj (s,d)=0 Vje{l,., p}
s,d,o e RVZ

(3.24)

flo Z [ f(0”,&5)] (3.25)

where & is the random vector of the uncertain data, ¢ is the index of the
scenarios, r is the number of scenarios, 7 is the related probability, o’ and 0”
are the first-stage and the second-stage decision variables, respectively. The

objective function of every scenario is computed with 3.25).

Not only optimal operation, but also optimal design can be addressed adopting
a two-stage stochastic programming. In this case, first-stage decision variables
are the sizes of components, while second-stage decision variables are related

to the demand pattern change (energy system scheduling) [295, 303-305].
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3.2.6 Flexibility measures

The degree of flexibility is the capability to guarantee the power balance of consumers
and producers through efficient changes of operation. Some sources of flexibility
are identified in [306], where an overview of the papers from the scientific literature
treating this topic is given.

Energy storage are by far the most important flexibility source to the system since
their influence on both the operation and the modelling of the optimization process is
noticeable. The other measures that can increase the system flexibility are: i) energy
substitution; i1) inertia of thermal networks and buildings; i1i1) Demand Response

Programs (DRP); and iv) ancillary services.

* Energy substitution
Energy substitution means to achieve the same energy product (e.g. cold) by
adopting a different energy vector (e.g. absorption chiller fed by heat instead
of electric chiller) [307]. In this way it is possible to exploit another source to

satisfy the same loads if an energy vector is no longer available.

* Inertia of thermal networks and buildings
The inertia of hydraulic circuits for heat transfer (which include District Heat-
ing/Cooling networks) is a physical phenomenon determined by the hydraulic
and thermal laws that rule the transport systems. This phenomenon can be
appreciated because of the high masses that usually characterize DH networks.
Different control strategies are exposed in [306], referred to the energy sys-
tem configuration (centralized or distributed). Conservation laws have to be
set out in order to simulate the physics of the network and three strategies
can be found in scientific literature to address the DH inclusion in the MES

optimization problem.

In some works the design problem of the TN is included in the optimization,
but in a simplified form [112, 236, 308-310]. The TN is simulated with only
the connection parameters (i.e. incidence/connectivity matrix) and the thermal
powers flowing into the branches. Heat losses are addressed as a percentage
(proportional to the distance between the nodes [245]) of the flowing energy
and the sizing of the pipes is performed according to the maximum power
reported in the time period analysed [242, 311].
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A more detailed optimization is obtained by simulating the operation of the
thermal network with temperatures and flow rates. However, when both are
considered as variables, the energy balance of the pipes becomes nonlinear. To
overcome this issue and preserve the linearity of the model, the network can be
assumed to operate under partially known conditions, such as Constant Flow
Variable Temperature (CFVT) or Constant Temperature Variable Flow (CTVF).
In the first case, the flow rates are considered as known and the temperatures
have to be optimized, vice versa for the second case. CFVT is considered as
the most applied in real operation and is assumed in [312-316], while CTVF
is much less investigated [246].

The Variable Flow Variable Temperature (VFVT) configuration can be as-
sumed, but complex models must be developed. The Newton-Raphson method
is used in [317] for solving the nonlinear problem, while strong efforts for the

linearization process are made in [293].

Despite the previously cited works include the DH in the optimization, none of
them is formulated to consider the inertia of the network. However, in case of
thermal networks of high dimensions, the effects of transients can be noticeable
and cannot be neglected [318, 319]. To fulfil this purpose, the concept of time
delay must be introduced for each branch of the network, often requiring the
addition of integer variables. In this case, for CTVF or CFVT configurations,
an heuristic solver (Particles Swarm Optimization) is used in [320], while
deterministic algorithms are employed in [321-324] (eventually including the
building inertia [325]). An intermediate strategy is adopted in [289, 291],
where an heuristic Master Problem solves a Demand Response problem and,
nested into the MP, the DH network is simulated with the node method and a
simplified unit commitment problem is executed with Linear Programming.
Obviously, the highest complexity of the problem is reached when both VFVT
configuration and network inertia are considered. Finite volumes are used in
[326] and finite differences are employed in [327] to simulate and optimize
the DH with iterative processes. However, employing these methods with
deterministic solvers is a very complex task because of the incompatibility
between the strategies used for the solution of the matrix calculation and
the algorithm of the solver itself [306]. Decomposition strategies are often
proposed to optimize part of the problem with MILP/MINLP solvers. In [328],
a quadratic solver is used to solve the DH problem in a Slave Problem coupled
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with an iterative Master Problem. A more complex model is developed in
[237], where Benders decomposition, relaxed formulation and an iterative
process are employed jointly with the simulation of the network based on a
water mass method, which simulates the network with the node method and
accounts the thermal inertia by averaging the temperature at the outlet of the
branches.

* Demand Response Programs

Demand Response is a strategy aimed at modifying the user energy demand
[329, 330]). Demand Response increases the flexibility of an energy system
and its effect can be enhanced by other flexibility measures, as pointed out in
[331]. Compensation of renewable generation fluctuations, reduction of grid
congestions, reduction of power import/export and cost reduction are the main
benefits (identified in [332]) that can be attained with DRP. In more quantitative
terms, a cost reduction between 1.7% and 3.6% is obtained in [307, 333, 334]
and savings over 5% are said to be expected for case studies with more suitable
characteristics. However, lack of appropriate market mechanisms and market
requirements of ahead planning are important challenges to deal with.

Concerning the DRP implementation in the optimization model, new variables
for the time shifting of loads and, eventually, the percentage of participation
have to be introduced, but without introducing other sources of non-linearities
[282, 290, 291, 294, 295, 302, 307, 335-338]). As already mentioned, DRP
are useful to reduce the effects of power fluctuations and deviations from the
predicted loads; for this reason, most of the cited works include DRP in opti-
mization with uncertainties. In addition, residential customer dissatisfaction

can be defined in order to quantify the impact of the load modification [339].

* Ancillary services
Ancillary services are operation techniques focused on the producers and are
mostly referred to electricity networks. They consist in guaranteeing a flexible
generation capacity and the balance of the deviations of the loads from their
predicted levels. The most common ones are power curtailment [340-343],
operating reserve and Flexible Ramping Products (FRP, or ramping reserve).
Power curtailment is performed for technical and economic reasons, but strong
efforts are made in order to prevent this condition [344—-346] because of its

intrinsic inefficiency. Operating reserve is a production capacity that can be
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made available in a short period (from seconds to tens of minutes) in order to
compensate an unbalance on the grid. Frequency response, spinning reserve
and supplemental reserve are the main kinds of operating reserves [347]. A
Flexible Ramping Product is a ramping capability commodity that can be
dispatched in a 5-minute timeframe to meet demand changes on the network.
Operating and ramping reserves are often included with simple constraints
[292, 321, 323, 348-352], which have the aim of ensuring a spinning/ramping
reserve in the solution found by the optimization process. A more complex
treatment must be developed if they are intended to be treated contemporary
to the uncertainty [282, 353, 354].

3.2.7 Optimization model development and execution

Figure 3.3 summarizes the structure of the entire approach proposed in this review.
The operation optimization with ideal performances can be considered as starting
point (on the right of the figure) but without the presence of energy storage, which
represents the most simplified case and it is formulated as a LP (time steps are not
linked between them). Then, according to the additional description of the energy
system, the corresponding resulting formulation of the problem is reported with a
Venn diagram. In order to address the real performances of the components (technical
constraints, nonlinear performance curve, etc.) the problem turns into a MI(N)LP,
where the nonlinearities can be piecewise linearized and, for this reason, the letter
N is reported between brackets in the acronym. The same notation (i.e. reporting
some letters of the acronym in brackets) is used in the figure when energy storages
or other flexibility measures are added in the layout; in this case the formulation
is turned into a (MI)LP, where integer variables can be avoided (at least in some
circumstances), as discussed in the modelling of energy storage (subsection 3.2.2).
In addition, the sets of the diagram are coloured according to the structure of the
optimization process, i.e. if it is composed by a single optimization or a series of
independent optimizations (one for each time step, which can be done when time
periods are independent between them). The other part of the schematic represents
the cases in which the synthesis and design problems are included in the operation

optimization.
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Fig. 3.3 Mathematical formulation of the MES optimization

The choice of the optimization solver is a crucial aspect since it can noticeably
influence the computational times and the quality of the solution. A very high amount
of solvers have been developed for each class of optimization problem. Table 6
represents a summary of the most employed solvers Table 3.1: these are grouped
according to the optimization method and the problem formulation. Open-source
software are written in green, while the ones in red require a commercial license. The
names of the heuristic solvers are shortened with their acronyms: ACO (Ant Colony
Optimization), ABC (Artificial Bee Colony), CS (Cuckoo Search), MA (Memetic
Algorithm), BBO (Biogeography Based Optimization), SNO (Social Network Op-
timization). Knowing the maximum problem size (i.e. number of variables) that a
solver is able to manage (without losing solution accuracy or requiring excessive
computational times) can be very useful from a practical perspective. However, this
is a complex information to achieve since it depends on many different and specific
aspects. An attempt to answer this question is performed in the present study and
an indication is provided in the table in terms of orders of magnitude (oom). These
values have been taken according to the articles analysed for the review work, some
benchmark studies found in literature [355-357] and other sources [358-360].
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Table 3.1 Commercial solvers for MESs optimization

Method Formulation ‘ Solvers Max. size (oom)
LP | crp CBC GUROBI 107
GLPK Intlinpro
i) MILP prog 10°
2 CPLEX MOSEK
E Ipopt BONMIN  BARON
g MATHNLP  JUNIPER  DICOPT Wi
NLP 10* — 10
CONOPT SCIP KNITRO
MINOS COUENNE  LINDO
MINLP \ ANTIGONE XPRESS 10° —10*
o PSO ABC GA
g=! NLP
RZ ACO CS MA 5
5 10
T BBO
MINLP
SNO

Finally, it can be noticed that NLP and MINLP solvers can be adopted also for LP
and MILP problems, but this option is not considered since inefficient. In addition,
some MILP solvers (e.g. CPLEX and GUROBI) are able to manage some kinds of
nonlinearities, such as quadratic or conic terms. Nevertheless, since these are very
specific and limited cases, they are not accounted as nonlinear solvers. Finally, in
case of nonlinear formulation, it is fundamental to pay attention in recognizing if
the problem is convex or not. Some solvers are not able to deal with non-convexity
and the sizes of non-convex problem should be kept as low as possible to avoid

convergence issues.

3.2.8 Comments and conclusions

In light of the articles examined in this literature review, some conclusions can be
drawn regarding the state of art of the modelling and optimization of multi energy

systems:

1. The level of detail reached by most of the models presented in literature
allows a relatively realistic representation of the system operation; this is
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obtained by addressing the real performance of the components, including
descriptive constraints (layout connections, ramping constraints, minimum

operating times, etc.), and adopting a suitable time step (14).

2. Linearization techniques are often adopted in order to take advantage of the
Mixed Integer Linear Programming (MILP) solvers, while decomposition
strategies are commonly exploited when the synthesis and design optimization

are addressed along with the operation problem.

3. Several strategies are proposed to include the effects of uncertainties and,
despite there is not a best one, in general no drastic changes are required in the

problem formulation.

4. Including the simulation of energy networks (in particular District Heat-
ing/Cooling) in the model has a high impact on the problem formulation.
It allows to improve the optimization quality and it introduces another source
of flexibility. Nevertheless, this leads to an increase of the number of variables

and the addressing of nonlinear and non-convex equations.

In addition, the main research gaps identified are:

1. the lack of validation studies, even when the input data are taken from real
case studies. The importance of this task is straightforward, since it would
demonstrate on a practical way the advantages of MES optimization that are
only theoretically proven. Therefore, validation is required both to assess the
quality of the mathematical model developed to simulate the MES, as well as
to prove that the resulting optimal operation can be applied in a real system;

2. the development of a suitable control system for the entire MES, its inclusion
in the optimization model and the provision of results in a form that can be
directly provided to the control system itself. This task would increase the
description quality of the MES and allow the practical implementation of
the optimization process. The complexity related to this task is due to the
fact that it requires to operate the MES according to the schedule found with
the optimization, but, at the same time, it must be possible to deal with any

eventual deviation from the predefined operation;
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3. a wider inclusion of flexibility sources in MES optimization processes. In

fact, most of the models proposed in literature tend to apply considerable
simplifications. On the other hand, when no assumptions are made, the
resulting modelling becomes very complex and computationally intensive.
The development of strategies able to ensure a good level of detail without
being excessively time demanding would allow to achieve an advantageous
implementation of more flexibility sources, which are a key element for MES
operation. In this way, it would be possible to obtain reliable operating
schedules with computational times that are compatible with the requirements
of the real applications;

the integration of energy transport infrastructures in the MES simulation and
optimization. In fact, the capability of transferring an energy vector from a
producer to a consumer is usually taken for granted, despite it should be veri-
fied. The technical constraints and other physical phenomena that characterize
the operation of energy transport infrastructures can pose important limitations
to the purposes of the MES optimization. This is particularly true for MESs
coupled with DHN, which have higher inertia and dispersion phenomena

compared to electrical or gas networks.

The last two aspects are among the ones that were addressed in the research

conducted during the PhD period. These analysis are presented in Chapter 4 and
Chapter 5.



Chapter 4

Operation optimization of a MES
with an internal thermal network

In the present chapter, the model developed in the framework of the MESs operation
optimization is presented. The topic is briefly introduced in section 4.1, the case
study analysed is presented in section 4.2, while the methodology developed is
explained in 4.3. Finally, section 4.4 sums up the results and conclusions of this

investigation.

Part of the research presented in the present Chapter was published in Energy
Conversion and Management [J5].

4.1 Framework and motivation

As already discussed in the literature review, the integration of the energy transport
networks in MESs optimizations is a research gap that is worth to be deepened. This
aspect is very important since it allows to increase the quality of the MES simulation
and, as a consequence, the reliability of the optimization itself. In addition, the
optimization result can improve noticeably since the transport networks can increase
the flexibility of the system, bringing positive effects on an energy and economic
point of view.

The aim of this study is to investigate the inclusion of the thermal network simulation
(operating with the VFVT strategy) in the operation optimization of a MES. This
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analysis can be considered as a first step of a wider investigation and for this reason
a basic case study is chosen, characterized by a thermal network of relatively small

dimensions.

4.2 Case study

The structure of the MES considered in the present analysis is relatively simple, both
because of the number of components and their connections. This choice was made
because the optimisation methodology was newly developed and it was intended
to test its effectiveness on a MES that did not present issues specifically related to
the complexity of the case study under consideration. All the energy vectors and
technologies involved in the MES operation are reported in Figure 4.1. The energy
system has the task of satisfying the demand of two energy vectors: electricity (in
light blue) and heating (in red). Concerning the fuels, methane (in yellow), hydrogen
(in blue) and LPG (in purple) are considered in the present study. The production
process of the hydrogen is not included in the analysis, therefore it is assumed as a
fuel imported from the outside of the system. It is worth to mention that connections
represented for the exchange of the thermal powers must be considered only as
conceptual and not as topological (i.e. the real layout of the networks is different
from the one represented in the figure).
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Fig. 4.1 Conceptual scheme of the MES taken as case study

In this case study, the technologies involved in the electricity/heating generation
are: Combined Heat and Power (CHP), Heat only Boiler (HOB), Electric Heat Pump
(EHP), Gas Heat Pump (GHP), Fuel Cell (FC), Photovoltaic panels (PV), wind
turbine (Wind), electric storage, thermal storage and the connection with the electric
grid. However, it is worth to notice that the methodology is not linked to any specific
technology since the mathematical formulation used to model the components does
not change with their typology.

As time period, a single day (24 h) discretized with a timestep of 15 min is considered.

Being out of the extents of this analysis, the electric grid is not simulated and
only its connection with the MES is considered.
Before discussing the modelling of the heat transportation, it is necessary to point
out the distinction between thermal networks inside the MESs and external District
Heating Networks adopted in the present work. The latter ones are usually character-
ized by medium/large size, from the case of a small city up to an entire town. The
DHNSs topology can be either ring-shaped or tree-shaped, and it is constituted by
two pipes (for the supply and the return of the hot water). Regarding the physical
aspects, the noticeable spatial extension of DHNs determines non-negligible heat
dispersions (due to convection heat losses) and time delays in the propagation of hot

water across the pipes.
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On the other side, thermal networks operating inside MESs are required to connect
the technologies producing or consuming heat. In this kind of systems, these com-
ponents are considered to be located at relatively short distance. This assumption
was made considering two aspects: a) usually, the units for the thermal production
cannot be located freely on a territory because of their size, emissions (noises and
flue gases), and risks; b) the possibility to operate the units in series is included in
the analysis. Installing the thermal units in the same area (and therefore on short
distances) would allow to meet the space and safety requirements, as well as to
connect the units in a more rational way. As a result, the effects determined by the
thermal inertia of the network and the heat losses can be neglected, introducing a
reasonable simplifying assumption, which is adopted in this analysis. In addition,
the layout of MESs networks can presents many differences compared to DHNs. For
example, the distinction between supply and return pipes may not be straightforward
as in the case of DH, since more complex connections could link the technologies.
Each thermal generator is equipped with a water pump and the mass flows circulating
in the network can be adjusted more precisely with respect to DHNs, where, in case
of meshes, it is not always possible to impose all the desired flowrates. In light of that,
the present study is conducted assuming that all the directions of the mass flowrates
are known, and any amount of flowrate can be set in each branch. In addition, from
now on, the thermal infrastructure for the exchange of heating powers considered in
this case study will be synthetically referred as TN (i.e. a thermal network inside the
MES and not an external DHN) and the aim of the study is limited to this kind of

network.

The layout of the thermal network taken as case study in the present work is
shown in Figure 4.2. This setting is selected since it provides a high degree of
freedom for the operation of the network itself. The thermal generators are coupled
such that the EHP and the GHP are connected in parallel, and the same is done for
the boiler and the CHP. Each of the two couples has a bypass branch that allows
to skip the components whenever they are not operating, or it is needed to meet
technical constraints on temperatures/flowrates across the network. Each component
can operate independently from the other it is coupled to, and either the separate
or simultaneous operation of the two couples is possible. In this last case, the two
couples can be connected both in parallel and in series. In case of series connection,

the couple composed by the two heat pumps is placed for first because the outlet
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temperatures attained by these technologies are typically lower than the ones reached
by HoBs and CHPs.
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=P GHP Boiler |m=—
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Fig. 4.2 Scheme of the internal thermal network

4.3 Methodology

As already mentioned, the aim of this analysis is to develop a model for optimizing
the operation of a Multi Energy System, including the operation of the internal
thermal network (i.e. the network that allows the heat transportation among the
thermal generators and the thermal load inside of the MES). The VFVT regulation of
the network makes possible to achieve the highest degree of freedom in the operation
and it is reasonable to expect that the energy system will take advantage from that.
For this reason, this is the regulation assumed for the thermal network.

The aim of the optimization is restricted to the operation and does not include the
synthesis and design. This choice was made expecting that the complexity and size
of the problem would become particularly challenging for the development of an
optimization algorithm. In addition, the operation optimization was prioritized since
it represents a task that must be continuously addressed during the system’s life,
while the synthesis and design problems are requested to be solved only once, during
the planning of the MES.
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4.3.1 Performances of components

The performances of the technologies constituting the MESs are widely recognised
by the scientific literature to be nonlinear [361].The most common formulation
to represent the operation of the components is a third-degree polynomial with a
single variable. Typically, the independent variable is the input power (the power
of the fuel/vector consumed), while the dependent variable is the output power (the
power of the energy vector produced). In addition, a more detailed description can
be achieved by using a polynomial with two independent variables, which may be
preferred in case of components with a relatively complex operation, such as the
CHP [187].

One of the aims of this study is to include the effects of the operating temperature
of the thermal generators on their performance. With this purpose, a parameter that
will be called “characteristic temperature” is defined for each heat generator. The
characteristic temperature can be defined as the temperature that is able to represent
the dependence of the efficiency on the operating temperatures. Depending on the
technology, this parameter can be the temperature at the inlet, at the outlet, the
average between these two, or any other form. As a consequence, two independent
variables are addressed to describe the performance of the technologies adopted: the
inlet power (P;;), and the characteristic temperature (7). This can be seen in the
general formulation of the performance of the components, reported in Equation 4.1,
where P, is the outlet power, while a, b, ¢, d, and e are fixed numerical coefficients.
As arbitrary choice, the 7., appears only at first-degree in the polynomial; however,
thanks the approach adopted to implement the optimization, any other preferred

degree can be chosen in the equation. Further details can be found in the Appendix.

Pout =a-Py+b-Ph+c-Py+d Tomp+e 4.1

Concerning the optimization process, developing a model with a linear formu-
lation would guarantee the achievement of the global optimum and would allow to
use commercial solvers with an advanced stage of development. For this reason,
Equation 4.1 is linearized with the piecewise approach. The linearization techniques
are discussed below, despite a description was already reported in the section related
to the literature review. Notice that the mathematical formulation used in this case
study is different from the one presented before and was selected because of its
conceptual similarity when applied in the case of 1D or 2D linearization.
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In case the component’s performance depends on a single parameter, its operation
at partial loads is mathematically described by a curve. This curve is discretized
into different segments by fixing some nodes (values) of the independent variable
x; inside of its range of variation, and the corresponding values of the dependent
variable y;, where the subscript i goes from 1 to the number of linearization nodes N
(this set is named /). Then, a continuous variable ¢; (bounded between 0 and 1) is
associated to each node, while a binary variable 4; is assigned to each segment of
linearization. After having added some constraints on these linearization variables
(details in [196]), it is possible to reformulate the original variables as shown in
Equations 4.2 and 4.3.

Py, = sumicy [xi - &4 4.2)

Py = sumiey [yi - 0] (4.3)

In case the component’s performance depends on two parameters, it is referred as
2D linearization, which is more complex with respect to the 1D case. The technique
adopted in this study relies on the triangle method because of its higher accuracy in
approximating a surface. Figure 4.3 presents a visual representation of this strategy,
where a nonlinear performance surface is linearized with 4 nodes on each dimension
(and therefore 3 intervals). This discretization identifies a mesh composed by 9
squared (or rectangular) elements. However, since the number of planes passing
through 4 points is not unique, it is necessary to further divide the cells into triangles,

obtaining 18 elements.
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Fig. 4.3 Drawing of a surface linearized with the triangular technique

The performance surface is discretized with a mesh, fixing some values of the
independent variables (x;, y;) inside of the domain, and the corresponding values
of the dependent variable (z;;). Then, a continuous variable (¢;; bounded between
0 and 1) is associated to each mesh node, while two binary variables (hf 5 and h?j)
are assigned to each sector of the mesh. By addressing some auxiliary constraints
(details in [196]) it is possible to reformulate the original variables as shown in
Equations 4.4 - 4.6.

Pn=). [xi L [oc,-j]] (4.4)

icl jeJ

Temp =Y, [ij [O‘ij]] (4.5)

jer | e
Pou =Y, [zij-tij] (4.6)
icljel

Finally, the dependencies of the operation of the components and the discretiza-

tion of their performances are reported in Table 4.1.
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Table 4.1 Commercial solvers for MESs optimization

\ CHP Boiler GHP EHP FEC

P, 4 4 4 4 4
7-‘CI’I’L‘D V (]}ﬂ) V (7-;”) V (TOMI) V (TOMI) x

Parameter

Linearization nodes ‘ 4x4 4x4 4x4 4x4 4

Energy storage require a different modelling with respect to the other components
of the MES. The electric and thermal storage are simulated with two continuous

variables (P

for the charging phase and Ps‘fffr for the discharging phase) and one
binary variable (), which avoids a simultaneous charge and discharge of the storage.

Refer to Equations 3.4 - 3.8 for the mathematical formulation.

4.3.2 Components constraints

In order to simulate the operation of the components constituting the MES, some

constraints must be addressed.

The exchange of the energy vectors must be balanced. Since the thermal network
will be simulated with separate constraints, the energy balance is imposed only on

the electrical powers. Equation 3.3 is used for this purpose.

The minimum on/off operating times of the components are considered by
addressing the inequalities presented in Equations 3.12-3.14. The ramping limitations
are considered as well, but instead of addressing them on the operating powers of the
components, they are implemented for the characteristic temperatures of the thermal
units, with the aim of considering qualitatively the inertia effect of the components.
These constraints are addressed with the formulation reported in Equation 3.15.

4.3.3 Thermal network model

In order to include the thermal network in the MES operation optimization, it is
necessary to build a model that simulates the network operation according to the input
data and assumptions adopted for the present analysis. It is not possible to model
the network only with the heat fluxes flowing among the nodes, since the VFVT is
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chosen as control strategy to manage the TN operation. Both the mass flowrates (G)
and the temperatures (7") must be assumed as parameters describing the operation.
With this purpose, the TN layout is designed with the graph approach, as shown
in Figure 4.4. The flowrates are referred to the branches, while the temperatures
are referred to the nodes. The thermal generators/consumers are associated to the
branches, such that they are defined by one flowrate, one inlet temperature (inlet
node), and one outlet temperature (outlet node). In the figure, they are labelled
with their corresponding name/acronym, while the branches not tagged are simple

connections between the nodes.

Fig. 4.4 Representation of the thermal network as a graph

On a theoretical level, with the graph approach, each component involved in
the thermal generation/consumption could be modelled with a single branch and
the corresponding heating flux provided/absorbed. However, according to the TN
layout, with this approach it may happen that the water temperature at the outlet of a
component and the temperature of the exit node of the branch are not the same. In
particular, this would happen when the outlet flow of a thermal unit is mixed with
another flowrate. For this reason, the thermal units are modelled with two branches
in series, such that the identification of the outlet temperature of the components is
immediate.

A different approach is developed to simulate the thermal storage, which is modelled
with four branches: two for the discharging phases and other two for the charging
phases. The reason for this choice relies in the fact that the directions of the flowrates
circulating in the network must be fixed a priori. This cannot be done without
addressing the simulation of the charging and discharging processes in different
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branches, since the direction of their water flows is opposite.

The resulting graph of the thermal network is relatively small, since it is composed
by 11 nodes and 17 branches. For this reason, it is considered a good starting point
for the execution of the innovative method developed in this study. The model of the
thermal network is synthesized according to the simplifying assumptions adopted. In
fact, since thermal losses and inertia are neglected, each timestep can be assumed to
operate in steady-state conditions. For the purpose of the optimization, once that the

independent variables are defined, the TN is modelled by addressing the constraints.

The mass conservation is imposed implementing one balance equation at each
node with the assumption of stationary conditions. Since the network does not
present external injections/extractions of water, the sum of the flowrates circulating
in the inlet branches must be equal to the sum of the flowrates circulating in the outlet
branches. This concept is written in mathematical form in Equation 4.7, where N is
the set of all the nodes of the network, while IN* and QU T* are the sets composed
by the upstream and downstream branches of node k, respectively.

Y [Gl= Y I[d)] VkeENNVteT 4.7
i€INk jEOUTk

Energy balances are the constraints ensuring the satisfaction of the first ther-
modynamic principle. The variables involved are: 1) the mass flowrates and the
temperatures of the upstream flows mixing in a node; ii) the mass flowrates and
the temperatures of the downstream flows of the same node; and iii) the heat fluxes
exchanged by the upstream branches, representing a heat production/consumption.
This constraint is addressed with Equation 4.8, where ¢, ,, is the specific heat capacity

of water and ®; is the thermal flux exchanged by the i —#/ inlet branch.

Z [Cp,w ) G? ) 77 —|—(I)ﬂ = Z [CI%W ’ th ) Y;t]
i€INk jeEOUTk

Vke NNVieeT (4.8)

The different technologies involved in the operation of the thermal network are
expected to have a range of temperatures at both their inlet and outlet. Since these
constraints are needed to be respected only when the component is operating, the
big-M technique is exploited to address them. Their mathematical formulation is

Tcin/out .

reported in Equations 4.9 and 4.10, where: is the inlet/outlet temperature of
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component ¢, C™ is the set of thermal components, and subscripts max/min indicate

the maximum/minimum temperature achievable at the inlet/outlet of the component.

T —M-(1—st)<T™ <T" +M-(1-5.)

cmin c,max

Vee C"VieT (4.9

TOMZ‘ M‘(l_slc)STcoul,l‘SToul +M(1_St>

cmin c,max c

Vee Ch" VreT (4.10)

Beside the boundaries on the inlet/outlet temperature of the components, the
operation of the technologies can be limited by constraints on the minimum or
maximum temperature difference that the water can undergo by passing through
the component itself. These constraints can be easily implemented with the same
strategy presented before, as shown by Equation 4.11.

ATC’mm -M- (1 _SIC) < ATct < ATC,max“i_M' (1 _Stc)
Vee C"VteT (4.11)

Beside the ramping constraints on the T, it is worth to consider the inclusion
of other constraints on the ramp up/down of the mass flowrates crossing the heat
generators and consumers. In fact, steep variations of the water flows could be
impossible to be executed and, in general terms, it should be preferable to keep
relatively continuous operating conditions. With this purpose, Equation 4.12 is
implemented in the model, where AG. is defined as the difference between GQ and
G-l

AGemin =M - (2- Stc - stc_l) < AG: < AGemax+M - (2— Stc - Stc_l)
Veec C"VteT (4.12)
4.3.4 Thermal storage

According to the optimization steps under execution, the operation of the thermal
storage is simulated with two different models. In one case, as already discussed,
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Equations 3.4 - 3.8 are used, which simulate the operation through the storage heat
flux, its state of charge and its capacity. As will be further explained, this strategy is
adopted when the MES operation is optimized through the components’ powers. In
the other case, the water tank is simulated with a more physical approach, considering
water flows, water masses and temperatures. Three simplifying assumptions are at
the base of this model: 1) the storage is divided into two water masses, one is hot
and the other one is cold; 11) each of these two masses is perfectly mixed (i.e. the
temperature is uniform); iii) the two water masses can exchange thermal powers with
the external environment, but not between them. Both the hot and cold water masses
have an inlet and an outlet stream, as can be seen in the simple schematic reported in
Figure 4.5. The highlighted parameters are: the mass of the cold/hot water M¢ y, the

temperature of the cold/hot water T¢ /g, the inlet/outlet flowrates of cold/hot water

Gin/out Tin/out

C/H the temperature of inlet/outlet flowrates of cold/hot water 7, JH

( )

q q
(mgl; Tllln (m%ut; Tﬁut)

(My; Ty)

(g T (Mc; Te) (g™ TS
q q

& J

Fig. 4.5 Scheme of the thermal storage modelled with the simplified approach

Despite providing a simplified representation, the model proposed in Equations
4.13-4.19 is more realistic than the one based on the only thermal powers and can
be integrated in the simulation of the heating network, since temperatures and mass
flowrates are taken into account. More in detail, Equation 4.13 is defined for the mass
conservation of the hot/cold water My c; Equation 4.14 imposes that the hot/cold
water mass is between zero and the total mass of the storage My,,; Equation 4.15
is implemented for the energy conservation of the hot/cold water; thermal losses
are defined in Equation 4.16; and finally, the temperature of the streams extracted

from the storage is defined in Equation 4.17; and finally, Equation 4.18 imposes that
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the energy contained in the storage E*'°", computed with Equation 4.19 is equal to

the one found with the MES optimization E;;%rsl (where was simulated with a OD

model).
Mty =M+ (Gey — Gog) - A VieT (4.13)
0< My < Mg VIET (4.14)
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As can be observed in Equation 4.13, the mass of the hot/cold water can be
computed with a linear equation from the corresponding flowrates in the thermal
network. On the other hand, the calculation for the temperature of these water masses

is more complex, since it involves nonlinear equations with independent variables at

t+1
I/

nonlinearity is relatively difficult to be handled and most of the commercial solvers

the denominator of a fraction ( made explicit from equation 4.15). This kind of
does not support its implementation. For this reason, the 7y ¢ are introduced as
independent variables to be optimized, such that the mathematical formulation of the

energy balances for the thermal storage is quadratic.
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4.3.5 Objective function

According to the criterion that is intended to pursuit, different objective functions
can be chosen. For the present study, the economic objective function is selected. As
a consequence, minimizing the expenditures to sustain during the system operation
is the scope of the optimization. This function is defined as the summation of
the operating costs determined by the purchase of fuels, the maintenance costs
(which are collateral to the components operation), and the costs/earnings due to the
purchase/sell of electricity from/to the grid. Regarding the mathematical notation,

formulation reported in Equation 3.2 is used.

4.3.6 Decomposition approach for near-optimal solution

The complete model for the system simulation is composed by the union of the two
sub-models previously described: the MES model and the model of the thermal
network. The size of the problem is determined by the number of components, the
level of detail chosen for the piecewise linearization, and the number of timesteps
considered. The layout of the components does not have an impact on the number
of variables but can increase the number of constraints, making the problem more
difficult to be solved. The complete problem for the operation optimization of the
system is therefore composed by 17,378 variables and 19,800 constraints. The
distribution of the variables and constraint is provided in Table 4.2. Despite the MES
selected has a simple structure, the resulting size of the problem is relatively high,
especially considering the presence of a non-negligible number of binary variables
and the quadratic constraints. The model has a MIQCP formulation, which has a
nonlinear and nonconvex nature. The stage of development of commercial solvers of
MIQCPs does not allow to solve this problem in a reasonable computational time
and with an adequate accuracy. As a result, it is necessary to develop a strategy
that is able to deal with the issues characterizing the problem, in order to find an

alternative approach to perform the operation optimization.
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Table 4.2 Number of variables and constraints

MES TN Total

Binary variables 7392 0 7392
Continuous variables 7104 2882 9986
Linear equalities 770 1248 18456

Linear inequalities 10936 5502 0
Quadratic equalities 0 1344 1344

It is worth to notice that the two main sources of complexity (i.e the binary
variables and the quadratic constraints) do not belong to both sub-models. In fact, the
binary variables are addressed to simulate the MES, while the quadratic constraints
are defined in the energy balances of the thermal network. If considered separately,
the MES problem has a MILP formulation, while the model for the thermal network
has a Quadratically Constrained Programming (QCP) formulation. Taking advantage
of this aspect, it was possible to develop an optimization model based on an iterative
approach.

In a conceptual perspective, the simulation of the thermal network is nested inside
of the MES simulation. Decomposing the optimization defining the MES problem as
the master problem and the thermal network problem as the slave problem could seem
a natural choice. However, the presence of nonconvex constraints makes much more
difficult to exploit the decomposition strategy. For this reason, the decomposition
developed in the present study is based on a nonconventional approach, employing
a recursive procedure where the operations of the MES and TN are optimized
separately, despite the result of each is included in the input of the other. The
structure of the entire optimization process is synthesized in the flowchart shown in
Figure 4.6.
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MES optimization w/o thermal network = MILP
Independent variables = a, 8, h, h!, h*, Pgo1 Pyria
0O.F.= min[costs]

'
Thermal network optimization = QCP MES optimization w/o thermal network = MILP
Independent variables =m, T, Ty, T¢, € . Independent variables = a*, 8, h,* h'*, h**, Psyor, Pyria
@y, = fixed, from MILP Temp= fixed, from QCP
O.F. = min[Y[e]] 0.F.= min[costs]
F Y

Tcmp
converge?

Fig. 4.6 Flow chart of the optimization process

The idea of the decomposed iterative approach is based on the following steps:

1. The first step of the process consists in optimizing the MES operation without
considering any variable or constraint related to the thermal network. Since
the heating power produced/consumed by the thermal generators/consumers
are balanced by the constraints addressed for the energy conservation, the
solution obtained from this particular version of the MES optimization keeps a
physical meaning. The removal of the thermal network is done with a precise
purpose: obtaining a simpler problem (with a MILP formulation) that can be
considered as a relaxed version of the original one. As a consequence, the
independent variables addressed in this first optimization are: o, h, h! and h*
for the linearization of the performances of the generators; Py, for the powers
exchanged with the external grid; Py, and 8 for the operation of the energy
storage. Any other dependent variable, such as the powers of the fuels/energy
vectors, the characteristic temperatures of the thermal generators and the
operating status of the components, can be computed from these independent
variables. Solving this problem allows to find, among the results, the values
of the 7;,,, that minimize the operating costs in the ideally favourable case
where the thermal network does not impose any kind of constraints to the MES

operation.
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2. The following step is constituted by the optimization of the thermal network

operation. Mass flowrates and temperatures are the parameters taken as in-
dependent variables. The thermal powers provided/consumed by the genera-
tors/users are imposed equal to the values obtained from the MES optimization.
The resulting mathematical formulation is a nonconvex QCP. Despite the non-
convexity could be seen as a serious issue, the absence of integer variables
and the relatively small dimensions of the problem are two crucial advantages.
The aim of this step is to find the operating conditions of the network that
allow to approach as much as possible the characteristic temperatures of the
components found with the MES optimization. In other words, the objective
is to find the mass flowrates and temperatures that allow to minimize the
difference between the T;,,, obtained from the previous MES optimization
and the T;,,, found optimizing the thermal network. The objective function
that can be addressed is not unique since there are different ways to evaluate
the error between two series of parameters. The option chosen in this study
is the absolute value, as reported in Equation 4.20 (where £ is the index of
the iteration in which the 7, is computed). It is important to notice that the
errors between the 7., computed by the MILP and the ones obtained with
the QCP will have different impacts on the operation cost, according to the
importance of the component. For this reason, the absolute values are multi-
plied by a weight w, defined for each thermal generator, which are obtained
with a sensitivity analysis. The problem becomes therefore a minimization
of maximums. Auxiliary variables € and the corresponding constraints are
introduced in order to rewrite the absolute values in linear form (Equations
4.21 and 4.22).

k k—1
or = £ [ ¥ [he- 78] | - e 1]
cecth teT ceCth teT
VieT (4.20)
LT T VieT 421
ec - “cmp,c cmp,c S ( . )
g >kl _ ik VieT (4.22)

cmp,c cmp,c
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3. At this point, the convergence of the characteristic temperatures can be eval-
uated. With this purpose, two parameters are defined: the maximum error
among all the T;.,,, (Equation 4.23) and the maximum error among the average
of the 7., for each component involved (Equation 4.24). If at least one of the
two errors do not satisfy the tolerance imposed, the process performs a new
loop by executing a new MES and TN optimization, until the convergence is

reached.

Pmax — - max (sé) (4.23)
ceCh, teT

P — max (avg(sé)) (4.24)
ceCh \ teT

4. The successive step occurs whenever the convergence criterion is not matched
and it is very similar to the first one. The MES operation is again optimized
without taking into account the thermal network. The only difference is that all
the characteristic temperatures influencing the performance of some thermal
components are fixed. Their value is set equal to the respective values obtained
from the previous step of the process (i.e. the optimization of the thermal
network. The task required to the MES optimization is therefore reduced to
find only the operating powers of the technologies, whose performances are
mathematically defined by curves and not anymore by surfaces (fixing the

Temp reduces the performances dependencies from two to one).

The entire model is written in the Julia language, the MILP problem is executed
by Gurobi, while Ipopt is used to perform for the QCP optimization.

Once that the complete structure of the model developed has been discussed, it
is important to make a fundamental observation. The optimization approach pre-
sented, which is relatively similar to a fixed-point method, does not guarantee that
the solution obtained at the end of the process is the global optimum. This is due to
two main reasons: i) the MES and the thermal network are optimized in series and
are not nested between them; ii) the result could change according to the objective
function selected for the optimization of the thermal network.

However, it must be reminded that the global optimum cannot be demonstrated to be
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reached for nonconvex problems. Making efforts in convexifying the problem could
seem a good strategy for ensuring the global optimality, but the solution obtained in
this case would be referred to an approximated version of the original problem, and
therefore it would not delete all the issues.

On the other hand, the simple structure of the process, the absence of complex math-
ematical tools (e.g. relaxation strategies, reformulations, etc.) adopted to execute
the optimization and the computational times required (as will be demonstrated)
are important and promising aspects characterizing this model. For these reasons,
in authors’ opinion, near-optimal solutions found with the model developed in this
study can be a very useful result to attain. To further enforce the reliability of the
results obtained, the outcomes will be demonstrated to be high quality solutions,

“satisfyingly close” to the global optimality.

4.4 Results and discussion

In this section the results obtained executing the optimization procedure are presented
and discussed. The values of some meaningful parameters reached during the

convergence of the iterative process are reported in Table 4.3.

Table 4.3 Number of variables and constraints

Iteration OF MILP OF QCP W Wnir  Computational times [s]

ave

[€/day] [°C] [°C] [°C] MILP QCP
1 102.89 255.5 16 3.7 96 59
2 103.69 9.5 2.8 173 128 50
3 103.74 0.02 0.03 0.002 33 70

The first iteration is actually the result of the first step of the process, the MES
operation optimization without the thermal network, which is executed before the
iterative cycle, and the following optimization of the thermal network. The two
parameters defined to evaluate the convergence state of the procedure (W"*** and
Yer) undergo a fast decay. In fact, the entire process took three iterations, with a

computational time of 8 min on a laptop with an Intel i7-1065G7 CPU and 16 GB of
RAM.
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As previously mentioned, this first optimization of the MES operation represents
a relaxed version of the complete problem. The thermal components are free to
set their operation (i.e. powers and characteristic temperatures) without taking into
account the limitations imposed by the presence of the thermal network. It is not
guaranteed that this relaxed global optimum can constitute a feasible operating
schedule for the real case study, however, its outcome (102.89€ /day) can be taken
as a useful theoretical reference. In fact, it represents a best boundary for any feasible
solution of the optimization problem. This allows to make an interesting observation
regarding the quality of the near-optimal solution obtained at the end of the process.
The operation costs at the final iteration are equal to 103.74€ /day, the 0.8% higher
with respect to the relaxed global optimum. This means that, since the real global
optimum must be between the relaxed global optimum and the (local) optimum
obtained, the solution found with this model can have, in the worst case, operation
costs the 0.8% higher with respect to the global solution. The optimization process
developed, despite unable to guarantee the global optimality, demonstrates to achieve
high quality results (or near-optimal solutions) of a complex problem in a reasonable
amount of time.

In 2 out of 3 iterations, solving the MILP problem results to be more complex
with respect to the QCP problem. However, the computational times requested
by the two problems are comparable between them. The MES optimization has a
linear formulation, but its higher size and the presence of binary variables make it
more difficult to be solved. From the second iteration, the result of the previous
MILP optimization is provided as initial guess to the solver; in addition, once that
the characteristic temperatures are fixed, the size of the MILP is reduced and the
performances previously addressed with surfaces are reduced to curves. Despite its
smaller dimensions, the sources of nonconvexity and the non-trivial management of
the thermal storage represent the main complexities affecting the QCP and contribute

to determine its non-negligible computational time.

Regarding the other optimization outcomes, the electric and thermal powers
related to all the technologies involved in the system operation are reported in
Figure 4.7. The diagrams are stacked area graphs, where the powers produced by the
generators are reported on the positive sector of the vertical axis (intended as entering,
so positive energy fluxes) and vice versa for the ones absorbed by the consumers
on the negative y-axis (intended as exiting, so negative energy fluxes). Electricity

generation is mainly assigned to CHP and FC, with a small (and non-adjustable)
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contribution from photovoltaic and wind powers. This electricity is employed to
cover the load demand and supply the EHP; a remarkable excess is produced to be
sold to the grid, especially when the selling price is higher. Buying the electricity
from outside is an option that never takes place, while the electric storage operation
is mostly devoted to the closure of the balance.
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Fig. 4.7 Optimized operation for the MES, with electric powers on the top and heating
powers on the bottom
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The heating demand is satisfied with only the CHP and the EHP, since the boiler
and the GHP are not the most efficient and cheap alternatives. The charging and
discharging phases of the thermal storage are relatively frequent. Whenever possible,
the CHP is used at its nominal load, which allows to reach the highest efficiency.
The EHP and the thermal storage are used when the CHP cannot cover the thermal

load on its own.

The time profile of the characteristic temperatures of the two thermal generators
employed for the heating production (the CHP and the EHP) reached in the three
iterations of process are reported in the two graphs of Figure 4.8. Notice that when
a component is not operating, the characteristic temperature is null, otherwise it
assumes its real value. In both cases, the values found in the first iteration tend to
be flatter, showing smaller variations during the time period analysed. This result
is reasonable and can be explained considering that the MILP executed in the first
iteration is the only one that does not undergo any influence from the operation of
the thermal network. Consequently, the 7;.,,, reached in this step are the ones more
favourable for the objective function, without taking into account the constraints that
must be respected to allow the exchange of the thermal powers across the network.
On the overall, the difference between the characteristic temperatures found by
the MILP and the ones obtained with the QCP is minimized up to zero whenever
as possible, which is favoured by the flexibility of connections in the layout of
the thermal network. In addition, it can be observed that, beside the input power,
the model uses the 7., as an additional parameter to regulate the operation of
the component, according to the performance surface that describes its operation.
However, it must be recognised that this behaviour of the characteristic temperatures
is strictly related to the performance curves of the components provided as input

data and cannot be taken as a universal feature.
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Fig. 4.8 Characteristic temperatures of CHP and EHP during the iterative process
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Other interesting considerations can be made looking at the variation of the
fluxes of the two main energy vectors for the most important components, reported
in Figure 4.9. The curves represent the difference of the electrical (on the left) or
thermal (on the right) powers between the values reached in the first and last iteration
of the optimization process. In most of the timesteps the difference is small or null;
however, in some cases the variations reach the order of magnitude of few tens
of kW, which is not negligible. These adjustments are due to the variations of the
characteristic temperatures, imposed in order to avoid the violations of the constraints
of the thermal network. Imposing a different value of the characteristic temperature
changes the performance of the component, whose operation can be modified if it
results to be no more optimal in economic terms. As can be observed, in most of
the cases these variations compensate each other. In fact, since the requirement of
the loads is constants input parameter, the reduction in the power production of a
component is balanced with the increase of the generation of another technology.
The cases in which these variations are not compensated are due to the fact that are
modified peculiar elements of the MES, such as the connection with the external

power grid for selling/buying electricity.
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Fig. 4.9 Difference between first and last iteration of electrical (left) and thermal (right)
fluxes

The temperatures and masses of the hot and cold water in the thermal storage are
reported in Figure 4.10. The model manages to integrate the storage operation (in
terms of flowrates and temperatures) in the thermal network. At the first timestep,
the storage is assumed to be empty (i.e. full of cold water). Then, it is charged
up to its maximum for two times and at the end of the period it returns empty (as
imposed by input data). The mass of hot water keeps a temperature in a range
between 75°C and 85°C, while the cold water remains between 55°C and 65°C. On
the overall, the storage increase the flexibility of the system and allows to achieve
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lower operation costs, but, at the same time, increases the link among the timesteps

and, as a consequence, the complexity of the management of the thermal network.
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Fig. 4.10 Operating temperatures (up) and water masses (down) of the thermal storage

In light of the results obtained from the optimization, it is possible to make
a final consideration. Performing an operation optimization of the MES without
including the simulation of the TN would be equivalent to the very first step of the
process presented. As already mentioned, in this case the economic cost obtained is
very similar to the one reached executing the methodology developed in the present
research, which integrate the TN simulation. The fundamental difference is that, in
the former case, it would not be possible to adopt the configuration achieved with the
optimization, since it would lead to the violation of physical/technical constraints of
the thermal network. Therefore, the strength of the methodology presented relies
on the fact that it is able to solve a wider operation problem in relatively short
computational times, providing a good solution (in terms of objective function) that

can be exploited in real applications.



Chapter 5

Operation optimization of a MES
with a DHN

Given the encouraging results of the study presented in the previous chapter, the cou-
pling between the MES optimization and the thermal network operation is deepened.
Here, the model developed to include the simulation of a District Heating Network
(operating with the VFVT strategy) in the operation optimization of a MES is pre-
sented. The differences with the previous study rely on the fact that, in this new case
study, the thermal network included in the optimization is a small District Heating
Network, while in the case analyzed before it was the internal network of the MES.
This is a very important aspect since the model for the simulation of the network
shares some variations according to the kind of network under consideration, and
these differences lead to two distinct optimization processes.

The case study is presented in section 5.1, and the following one (5.2) is devoted to
discuss the methodology developed. Finally, the results and conclusions are reported

in section 5.4, while the limitations and future developments are discussed in 5.5.

5.1 Case study

The Multi Energy System considered as case study is represented with a conceptual
scheme in Figure 5.1. It is composed by two CHPs, two HOBs, a thermal storage,
an electric storage, a connection with the electric grid, a DHN, and the electric and
thermal loads. The district heating network allows the heat transport among the
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producers, the storage and the users. These lasts are synthetically represented in the
figure by a single element.

A relatively basic system is chosen in order to allow to focus more on the develop-
ment of the methodology than on the specific set of technologies selected and the

quantitative aspects of the analysis.

Electric Electric
storage grid
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Methane

CHP 2

Electricity
load
Methane
. District Heating
Boiler 1 ”| Heating
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A
\ 4

Boiler 2 Thermal
Methane storage

Fig. 5.1 Conceptual scheme of the MES assumed as case study

The layout of the DHN was arbitrarily created. Since this kind of integration is
a first attempt, the network is tree-shaped, in order to face a simpler configuration.
However, as will be further demonstrated, the developed methodology is able to
manage loop-shaped networks as well. The layout of the network is showed in Figure
5.2, where, for simplification purposes, the network is represented with a single line
despite being composed by two pipes. The supply and return lines of the network are

assumed to have the same structure and dimensions, laying parallel between them.
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Fig. 5.2 Layout of the district heating network

As already mentioned, a small sized DHN is analyzed, with a total length of the
branches equal to 12km. Concerning the other assumptions related to the network,
pipe diameters are in the range of Scm - 10cm and a global thermal transmittance of
lanV—K is considered.

The elements exchanging mass flowrates with the DHN are reported in Figure 5.3 in
correspondence of their location. Notice that, because of the position of the thermal
generators and users, the flowrate can have different directions. The fact that the
orientation of the flows is not known a priori will influence the optimization model

and will determine an increase in the calculations required to simulate the network.
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Fig. 5.3 Disposition of the thermal elements in the district heating network

Despite the network can be considered as small sized, all the physical phenom-
ena occurring in bigger DHNs are assumed to take place in this case study. This
means that the simplifying assumptions adopted in the optimization presented in the
previous section are now removed. As a consequence, the thermal inertia and the

heat losses are included during the system modelling.

The aim of the present analysis is to perform the operation optimization of a MES
coupled with a DHN, paying a particular attention to the simulation of the district
heating network and the inclusion of the most important flexibility sources. The
extension of the optimization is proportional to the amount of parameters addressed
as independent variables, such that a high number of degrees of freedom is reached.
For this reason the model was developed trying to avoid to impose a specific operation

whenever as possible.

The parameters that are intended to be optimized are reported in Table 5.1, in
correspondence of the section of the system in which they have an impact. As will
be further discussed in the Methodology paragraph, the fact that these parameters
undergo an optimization process does not necessarily mean that they are addressed

as independent variables.
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Table 5.1 Operating parameters to be optimized

Section Element Parameter
Generators Operating power
MES Storage Operating power
Thermal users Operating power
Generators Mass flow and temperatures
DHN Storage Mass flow and temperatures

Thermal users Mass flow and temperatures

The period of time considered for the operation optimization is equal to 24 hours,

as usually assumed in similar studies that can be found in the literature.

5.2 Methodology

The issues presented in the previous analysis (Chapter 4) are still present in this
case study, with the addition of the ones determined by the thermal inertia and
heat dispersion occurring in the DHN (further details are provided in the following
paragraphs). The latter phenomenon can be (easily) included in the model by adding
a thermal flux in the energy balance equations, while the former one brings much

more complexities in the formulation of the model.

On the overall, the problem is a high-dimensional MINLP and it cannot be solved
by simply providing the simulation model to an optimizer because of the limitations
of commercial solvers in dealing with mixed integer non-convex problems with
more than few hundreds variables. It results to be necessary to take advantage of
the techniques presented in sections 3.2.2 and 3.2.6 to reshape the mathematical
formulation and find a trade off between accuracy and computational time.

In light of the characteristics of this case study, the following considerations were
made:

* the timesteps are linked among them by both the presence of a thermal storage
and the physical effect of the thermal inertia. Consequently, the subdivision of
the problem into a series of smaller and independent optimizations cannot be
exploited;
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* the non-convex sources are two: the non-linear performances of the generators
and the energy balances of the DHN. In the first case, the polynomials describ-
ing the efficiencies can be piecewise linearized, such that the non-linearities are
removed by accepting an approximation of the performances and an increase
of the number of variables. In the second case, the bilinear terms constituted
by the product between mass flowrates and temperatures are more difficult
to be handled. Piecewise linearization is not useful since it would introduce
an excessive number of variables and relaxation techniques would require a

robust strategy for ensuring the global convergence;

* according to the aspect under consideration, different time discretizations can
be adopted. For example, it is reasonable to assume small intervals (order of
minutes) for the simulation of the DHN, while coarser steps (1 hour) can be

used for the operation of the generators;

* it can be worth to attempt to reduce the problem size by introducing some
assumptions tailored on the case study, taking advantage of its nature and
features.

Reformulating the problem from MINLP to MILP would be the best way to solve

the optimization, but it is not completely possible because of the bilinear terms in the
operation simulation of the DHN. The main idea behind the methodology developed
in this study relies on the fact that in case one of the two variables constituting the
bilinear terms (temperature or flowrate) would be known, the entire problem could
be written and solved as a MILP.
The structure of the optimization is presented in Figure 5.4 in form of flow chart. The
process was decomposed on two levels, following a master-slave problem structure.
On the upper level, the flowrates injected/extracted by the thermal generators, users
and storage (G) are addressed as variables to be optimized and the fluid dynamic
problem of the DHN is computed. On the lower level, the MES operation and the
thermal problem of the DHN are jointly optimized. Here, the operating powers of the
producers (P,;/®) and the temperatures of the water flows (T') exiting the generators
are addressed as independent variables. Notice that, since this lower-level problem is
nested into the upper-level optimization, it will be executed at each iteration of the
master problem.
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Fig. 5.4 Flow chart of the process for the operation optimization

The main differences with respect to the methodology presented in the previous

section are:

1. heat losses and thermal inertia phenomena are included in the DHN;

2. the decomposition strategy is structured with a nested approach, solving the

problem with a single execution;
3. the operation of the MES and DHN are contemporary simulated;

4. both deterministic and metaheuristic solvers are employed to perform the

optimization;

5. the demand of thermal users is not fixed, it is considered as a parameter to

optimize;

6. the dependence of thermal generators’ performance on the operating tempera-

tures is not anymore considered.

Before further discussing the optimization process, it is useful to present the

approach used to model the elements constituting the system. These are distinguished
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into: producers, users, storage, DHN. Note that the information missing from the

following subsections are provided in the Appendix.

5.2.1 Producers

The operation of the producers is simulated by addressing a performance curve. This
curve is linearized with the aim of obtaining a mathematical formulation in which the
non-linearities are not explicitly addressed and MILP solvers can be exploited. The
efficiency is assumed to be dependent on a single parameter, i.e. the power of the
energy vector entering the component. The influence of the operating temperatures
of the thermal generators on their performance is not considered in order to reduce
the complexity of the problem analysed, which is already challenging because of the
inclusion of the thermal losses and inertia of the DHN. The curve can be piecewise
linearized, but a single interval is chosen in order to keep a low size of the problem.
The formulation used for this purpose is the same presented in Equations 4.2 and
4.3. The approximation of the real performance will be relatively poor because of
its linearization in a single interval, but this does not prevent to address the most
important technical constraints, since the operation is defined by two continuous
variables and a binary variable.

The boundaries for the operating range are addressed with Equation 3.11, the con-
straints on the minimum operating times are defined with Equations 3.12 - 3.14,
while ramping constraints are omitted for simplicity purposes, despite their inclusion
is possible and straightforward (see Equation 3.15).

A different strategy is developed to simulate the producers that interact with the
DHN, which are the thermal generators. In fact, since their operation is jointed
between the MES and the DHN, it is appropriate to model these components with
a tailored approach. As will be later discussed, the mass flowrate and the inlet and
outlet temperatures of the thermal generators are defined as variables to be optimized.
Therefore, the heating power generated by the thermal producers can be computed
as a function of these parameters, as reported in Equation 5.1, where T;/, is the
supply/return temperature and # is the node where the component c is located. With
this power output, the input power can be obtained by reversing the performance
curve, such that the component’s operation is calculated (Equation 5.2). Some
auxiliary constraints must be addressed to ensure the satisfaction of the technical
constraints: Equation 5.3 limits the thermal production in the component’s operating
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range; Equation 5.4 is defined to bounds the mass flowrate of the generators; and
Equations 5.5 and 5.6 are for the compliance of the operating temperatures admitted
by the heat producers.

q)[c = Gtc'CP7W<Tst,n_Trfn)
Ve e COFN e {1,..,1"} (5.1)

P,.=K ®.+q

in,c

Ve e CON wr e {1,..,1} (5.2)

q)min,c : Si- < q)tc < q)max,c : Stc
Ve e CON v e {1,..,1} (5.3)

Gmin,c : Stc < Gtc < Gmax,c : Stc
Ve e CON wr e {1,..,1) (5.4)

Ts.,min,c < tht,c < Tv,max,c
Ve e CON v e {1,..,1} (5.5)

Tr,min,c < Trtc < Tr,max,c
Ve e CON v e {1,..,1) (5.6)

The on/off state of the thermal generators is not defined with a binary variable,
as for the other producers, but it is derived from the mass flowrate. In other words,
the state is on (i.e. 1) if the water flow determined in the upper level optimization is
different from 0, otherwise it is set to off (i.e. 0).

Finally, to improve the convergence of the process and reduce the computational time,
an attempt was made to decrease the number of independent variables addressed in
the upper-level optimization. This was made by observing that it is not mandatory
to use the same time discretization chosen for simulating the thermal problem of
the DHN for defining the mass flowrates of the heat producers. A different time
discretization is used, with coarser and not uniform intervals. In particular, steps of 1

hour are used when the DHN is expected to sustain low or stable flow extractions,
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while 20 minutes are set for the morning and evening hours, when usually the highest
variations take place. This choice does not influence the formulation of the equations
of the problem, but it reduces the size of the problem in terms of independent

variables and constraints addressed.

5.2.2 Users

Since the electric load is assumed as known, the thermal users are the only consumers
that require to be modelled. Two kinds of users are considered: residential and
commercial. This distinction does not affect their modelling, but it is only related to
the hours of the day in which they can be active.

In case of operation optimization of a MES, the users are typically simulated through
the thermal power that they absorb [187], while the flowrate extracted defines the
users when the DHN operation must be optimized [178]. One of the aims of this
analysis is to optimize the operation with an approach as wide as possible. For
this reason, the heat flux, the flowrate and the temperatures characterizing the users
operation are treated as variables to be optimized. Despite these terms are not
assumed as known inputs and will be free to vary during the optimization process,
they will be asked to fulfill some requirements, which act as upper and lower limits.
In particular, a variation range is established for the thermal energy extracted from
the network in order to satisfy the heat demand of the users. In other words, the
choice of not defining the thermal users with a fixed requirement of heating power or
hot water flowrate is analogous to the inclusion of a demand response program in
the process for the operation optimization.

In addition, it is important to remember that the thermal extraction performed by the
users is executed by a heat exchanger, whose operation is constrained by the physical
laws that rule the thermal transfer itself. Instead of addressing the entire simulation of
the heat transfer, a simplified approach is exploited, based on a correlation that links
the heating power with the product between the mass flowrate and the temperature at
which the hot water is available. This correlation has been observed from the real
data of the DHN of Turin and an example of this phenomenon is presented in Figure
5.5, where many stationary operating conditions belonging to different years are

reported in scatter form.
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Fig. 5.5 Visualization of the correlation between thermal users’ operating parameters

The mathematical formulation used to describe this correlation is reported in
Equation 5.7, where K and ¢q are coefficients.

O =KG.T!, +q

clsn

Ve € CUSERS e c (1,1} (5.7)

Performing the calculation for the hydraulic and thermal problem of the supply
network, the flowrate and temperature on the supply side of the DHN are computed.
At this point, the thermal power can be obtained with Equation 5.7.

By reversing the energy balance on the user (Equation 5.8) and merging it with
Equation 5.7, the temperature of the water flow injected into the return network (7}.,)

is calculated as a function of the supply temperature and the mass flow itself.

cbtc - Gi‘ ’ CP7W(Trfn - Tst,n)
Ve € CUSERS yr € (1,1} (5.8)

At this point, it is important to discuss how the parameters defining the operation
of the users are handled. As already mentioned, the flowrates processed by the users
are intended to be considered as variables to be optimized, and, in particular, as
independent variables. However, considering that the number of thermal users is
usually much higher than the number of thermal generators, and that an adequately
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refined time discretization should be assumed in order to perform a realistic analysis,
it results that the problem would reach a challenging size, both in terms of compu-
tational time and feasibility. As an attempt to reduce the problem dimension and,
in particular, the number of variables addressed for the users’ mass flowrates, the

following strategies have been adopted:

* an operation interval (or multiple intervals) is defined for each thermal user.
This means that no mass flow is extracted from the supply network outside
of the time periods defined as input data. In fact, in real case studies, the
operation time of residential and industrial users is known, and defining the
mass flowrates only in correspondence of the timesteps belonging to these
periods does not limits the extent of the optimization;

* instead of defining the mass flow with an independent variable for each of the
timesteps of the operating period, a polynomial curve is defined to describe
the user’s flowrate along the time. The flowrates are obtained by computing
the curve in the selected timesteps. In this way, the coefficients of the poly-
nomial curve are the only parameters addressed as variables, and the time
discretization does not have an influence on the problem’s size, at least for
what concerns the thermal users. The mathematical formulation used for this
purpose is reported in Equation 5.9, where a, b, ¢, and d are the coefficients
whose values must be optimized and ¢ is the time expressed in hours since the

beginning of the period under consideration.
Ge(t)=a->+b-t*+c-t+d (5.9)

The resulting effect of this approach is showed in graphical form in Figure 5.6.
Here, the polynomial curve is reported with a red dotted line, the values assumed
in the timesteps are marked with dots and the blue stepped line is the discretized G,
obtained by keeping constant the value of the flow in the corresponding time period.
Notice that the regions in gray are excluded a priori because they rely on the time

intervals in which it is already known that the user will not require heat.
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Fig. 5.6 Representation of the approach used to address the users’ extracted flowrates

This strategy presents interesting advantages but, at the same time, it has a
drawback, which consists in the fact that the flowrates of the users cannot vary
completely freely, but can only assume the values that can be represented by a
third degree polynomial curve. This curve can reach a very high number of shapes,
but it must be recognized that there will exist shapes that cannot be created by
the combinations of the terms constituting the polynomial, such as discontinuous
and non-smooth profiles. However, the limitations introduced by the adoption of
this approach have a relatively limited impact on the operation. In fact, in the real
applications, the variation of the flowrates is continuous and it can be approximated
with an interpolation curve, whose quality can be eventually improved by increasing
the degree of the polynomial or by introducing other mathematical forms to perform

the interpolation.

When the discretization is performed for all the users’ flowrates, a first check is
executed to correct their value in case necessary. This may happen in two cases: a)
when the flowrate is computed outside of the operation period of the user; b) when
the flowrate assumes incompatible values (i.e. positive values for extracted streams).
In both the cases, the correction consists in setting to zero the value of the flowrate,
which means that the user will not be active. Once that the corrected flowrates are
computed, the boundaries for the minimum and maximum values that the flowrates

of the users can assume are addressed with the constraint reported in Equation 5.10.
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Gmin,c < Gtc < Gmax7c
Ve € CUSERS i € {1,..,t°"}  (5.10)

Finally, since the thermal demand of the users is not provided as an input data, it
is necessary to address some limitations to the heat absorbed by the consumers. For
the present analysis, the constraints reported in Equation 5.11 are defined, which set
a lower and upper bound to the thermal energy extracted by the users in different
moments of their operation. Here, E is the energy absorbed by user u (computed
with Equation 5.12), which is part of the set U, while the timesteps ¢ for which the
constraints are defined belongs to the set 7%. In this way it will be guaranteed that a
minimum amount of heating will be provided to the users to satisfy their minimum
requirement, and the same happens for the maximum quantity of heat that can be

absorbed by the consumers.

Eft,min S E; S Eit,max
Yue U, Vi eT" (5.11)
t
Ell4 = Z [Gﬁ “Cpw: (Tv]fn - Trl,(n) ’ Alk (5.12)
k=ty

5.2.3 Storage

The case study under consideration includes an electric storage and a thermal storage.

The electric storage is simulated with the approach based on two continuous
variables and one binary variable, as already done in the analysis previously presented

(chapter 4). Make reference to Equations 3.4 - 3.8 for the mathematical formulation.

The model for the thermal storage is completely different since it must account
the different physics of the device. It is based on the simplified approach presented
in Section 4.3, with the mass of water in the tank ideally separated in two parts, each
of them at an uniform temperature, as was schematically represented in Figure 4.5.
Both the hot and cold water masses have two connections with the DHN to perform
the injection or extraction of water from the corresponding line of the network.
Therefore, once that the initial condition is defined (i.e. water masses and tempera-
tures) and the entering/exiting flowrates and temperatures are defined, the storage
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can be simulated by applying the energy balances on the two water masses. The
details for the mathematical formulation are presented and discussed in Equations
4.13 - 4.19.

In addition, the approach developed to address the parameters describing the storage
operation in the optimization process is reported below. The flowrates are obtained
in the upper-level optimization with a mass balance on the flows injected/extracted
by the generators/consumers, as reported in Equation 5.13. Here, c is used as index

for both the consumers and producers, grouped in CUSERS and CPROP respectively.

Guor= ), [G]- )} [G]

cE€CUSERS ccCPROD

VieT (5.13)

The temperatures of the flowrates entering the storage are obtained from the
computation of the thermal problem of the DHN and can be imposed in the energy
balance of the storage.

Finally, the temperatures of the flowrates exiting the storage are set to be equal to the
corresponding water masses in the vessel, which are obtained simulating the storage

operation itself.

To sum up the inclusion of the thermal storage simulation in the optimization
process, the flowrate of the storage is computed as the difference between the flows
injected by the heat producers and the flows extracted by the users (such that the
mass balance is met), and the temperatures of the stored water are calculated as a
function of the temperatures of the network in correspondence of the location of the
storage itself. As a result, no independent variables were addressed to include the
thermal storage in the optimization model and the equation for the mass balance was

not provided as a constraint, since it is automatically respected.

5.2.4 DHN

Taking into consideration the aims of the study and the importance of performing a
realistic treatment of the DHN to obtain meaningful results, the simulation of both
the supply and return lines of the network is included in the optimization process.

The space discretization is performed with a 25m step, while the time period of 24h
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is divided in Smin intervals.

The DHN is simulated and optimized in both the two levels of the process:

* Upper level optimization

As already mentioned, the fluid dynamic problem is computed in the upper-
level optimization. The injected and extracted flowrates are assumed as inde-
pendent variables for all the units, except for the thermal storage.

The mass balance in differential form is reported in Equation 5.14, where v is
the velocity vector. After having discretized the DHN in nodes and branches
and having executed the spatial integration of the differential equation assum-
ing the case as one-dimensional, the mathematical form presented in Equation
5.15 is obtained. Here, CV is the control volume on which the integration is
performed, v is the velocity of the fluid crossing the section S, and B, is the
set containing the branches b crossing the control surface.

dp

SHVpv=0 (5.14)

am

ar + Y [ovpSy] =0 (.15
U lev beB,

Assuming the water as an incompressible fluid, the time derivative of the mass
in the control volume becomes equal to zero, since the water mass cannot vary
if both its density and volume are constant. In addition, the term pv;S; can
be recognized as the mass flow circulating in branch b. As a result, Equation
5.16 is obtained, where the injected/extracted flowrate at node n (i.e. Gey n) 18
reported separately from the other flows. Notice that this equation is referred

to a generic timestep ¢.

Y [Gpl+Gerin =0 (5.16)
beB,

Addressing this balance for all the nodes of the network and rewriting them in
matrix form, the formulation presented in Equation 5.17 is obtained for each
timestep, where A is the incidence matrix and Gy, is the vector of the extracted
and injected flows. More in detail, the dimensions of the incidence matrix
are [NNxXNB] (i.e. Number of Nodes x Number of Branches) and its values
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are —1/41 for inlet/outlet branches (0 otherwise), while G,y has dimensions
[NNx1].

A-G+Gey =0 (5.17)

Since the injected/extracted flowrates are addressed in the upper-level problem,
which will be optimized with a heuristic solver, Equation 5.17 can be reversed
and solved with Equation 5.18, where the \ is a multi algorithm operator that
solves the linear system by applying the most suitable strategy for the matrices

provided.
G = —A\Gex (5.18)

At this point, the thermal problem can be computed in the lower-level opti-

mization.

Lower level optimization

This step is entirely nested into the upper level optimization and it has the aim
of optimizing the operation of the components of the MES and the tempera-
tures of the DHN. Since the combination of these two problems can be written
with a MILP formulation, a deterministic solver is used to execute this task.
Assuming that: a) the DHN can be simulated with a one-dimensional formula-
tion; b) the heat transfer is only convective; c) the properties of the materials
are homogeneous; d) perfect mixing in case of merging flows, it is possible
to write the energy balance in differential form, as reported in Equation 5.19.
Here, v is the flow velocity on the x direction, and Qe 1S the volumetric
heat flux, which is actually constituted by a single term, the heat loss due to

the thermal dispersion ().

d(pcpT)  d(pcpvT)
at + ax - ¢SOLH’C€ (519)

By integrating the differential form over the control volume of a generic node
n (i.e. V), Equation 5.20 is obtained. Here, 7, and @ , are respectively the
temperature and thermal loss of the node, while 7}, is the temperature of the
flow G, entering/exiting the volume. Make reference to Equation 5.21 for the
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calculation of the thermal dispersion (A is the surface area of the b-branch,

while 7, is the ground temperature).

a(PCP

5T Y [GoepTy) = —Progs,n (5.20)
beB;,
q)loss,n = Z [AbUb] (Tn_Tg) (5.21)
beB,

In addition, it is important to specify the criterion used for the choice of the 7j,
temperature in Equation 5.20, which is the temperature of the flow circulating
in the b-branch entering/exiting the control volume of node n. The upwind
scheme is chosen for this purpose because it allows to obtain a formulation
that leads to acceptable computational times for solving the thermal problem.
Therefore, in case the flow enters the control volume, 7}, will assume the value
of the upstream node, while it will be assumed equal to the temperature of
node 7 in case the flow exits the volume. This concept is reported in Equation

5.22 by exploiting the sign convention for the flowrate.

T, f Gy, <0
T, = up node lf b (522)
T,  ifG,>0

The time integration is executed with a discretization approach, the backward
Euler method, allowing to obtain the formulation reported in Equation 5.23,

written for the generic n-node.

pepTy —pepTi ™ Iy
V,—L At” +b§ Gcp T, b; DU | (T; =T)  (5.23)

As already done for the hydraulic problem, Equation 5.23 can be written in
matrix form in order to obtain a compact and clear formulation the entire
network. The resulting version of the energy balance is reported in Equation
5.24, where the terms multiplying the temperatures are grouped in two different

matrices.

(M+K)T' =MT"™ + f (5.24)
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Matrix M is called mass matrix, it is diagonal with dimensions [Number of
Nodes x Number of Nodes] and its elements are composed as reported in

Equation 5.25 including the terms related to the thermal inertia of the network.

Vupc
Mn,n = —HZ r

Vne {1,.,NN} (5.25)

The K matrix is called stiffness matrix and has dimensions [Number of Nodes
x Number of Nodes]. Make reference to Equation 5.26 for its construction.

cpGin if misupstream node of n
I .
Kn,m - _ZiEOMt_fZOWS [CPGOW,Z'] +Zb€Bn [fbDbUb] lf m = n
0 otherwise

vn e {1,.,NN}, Vm € {1,..MM} (5.26)

Finally, f is a column vector (dimensions [Number of Nodes x 1]) composed

by constant terms, as reported in Equation 5.27.

Jn= Z [Ab] Tg

beB,
Vn e {1,..,NN} (5.27)

Notice that, since both the supply and return lines are considered in the present
work, the matrices mentioned above must be defined for each of them. Once
that M, K and f are created, it is necessary to insert the boundary conditions.
The temperatures of the injected flowrates are specified and a correction for
the extracted flows is introduced to prevent errors in the calculation.

Going more into the detail of the optimization process developed for this study,
the steps are the following:

1. matrices M, K and f are defined for the supply line and the temperatures
of the injected flows are imposed as boundary conditions. These temper-
atures are mostly the temperatures at which the hot water is produced by

the generators, which are addressed as independent variables and can be
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imposed in the boundary conditions. The only exception is represented

by the discharge temperature of the thermal storage, which is computed ;
2. the temperatures of the supply line are computed through Equation 5.24;

3. matrices M, K and f are defined for the return line and the temperatures
of the injected flows are imposed as boundary conditions. These are
the temperatures of the flowrates exiting the thermal users after the heat
transfer, and, as already explained, they are computed with Equation
5.7. In case the injected flow comes from the thermal storage, the same

consideration done for the supply line is is made for the return line;

4. the temperatures of the return line are computed through Equation 5.24.

Finally, it is worth to mention two practical issues that must be faced to perform
the lower-level optimization.

The first one consists in the fact that it is not possible to compute 77 by
solving Equation 5.24 with the \ operator, since many elements of the 7'~/
vector are made of independent variables or their combinations, which are
not handled by the backslash operator. To bypass this inconvenience, the
T' temperatures are computed by implementing the strategy based on the
LU decomposition by hand. The resulting process is now explained for the
generic linear system Ax = b. The LU factorization of A provides many
outcomes: the upper triangular matrix U, the lower triangular matrix L, the
right permutation vector p, the left permutation vector g, and the vector of
scaling factors Rs. The relation among these terms is reported in Equation
5.28, where the symbol © represents the Hadamard product, which performs a

term-by-term multiplication of two matrices.

LU = (Rs®A)[p,q] (5.28)
Then, the right-hand side vector b is permuted with Equation 5.29, and the

linear system in Equation 5.30 is solved for z with the forward substitution
method.

bprm = (Rs©b)[P] (5.29)

Lz = bpm (5.30)
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Successively, the linear system in Equation 5.31 is solved for y with the
backward substitution method, such that x can be obtained with a simple

permutation, as showed in Equation 5.32.

Uy=z (5.31)

x=ylg (532)

The second issue to face is related to the fact that, according to the methodol-
ogy used for the DHN simulation and optimization, the temperatures in the 7"’

vector are computed as a function of 774/

, which is the vector of the tempera-
tures of the previous timestep. In a physical perspective, the temperature of
one node is the result of the temperatures of many upstream nodes in many pre-
vious timesteps. This means that the elements of the 7" vector are composed
as the sum of numerical coefficients and/or a series of independent variables
(i.e. the temperatures of the flowrates injected in the supply line). Regarding
this series of variables, there are two aspects that can increase its length: one
is the dimension of the network, and the other is the amount of timesteps
already computed. As a consequence, according to the values reached by
these two elements, the temperature of a single node in a single timestep can
be defined as the sum of tents or hundreds of independent variables. This
constitutes a problem when relatively fine space and/or time discretizations
are intended to be used, since the definition and computation of the vectors
for the temperatures of the supply and return lines require a non-negligible
amount of computational time and computer memory, up to compromising the
convergence of the optimization process.

To overcome this issue, a simple but effective strategy was adopted. As already
discussed, the temperature vector 7" is computed from vector 7' —A" whose
elements are composed by a series of independent variables (in particular,
the injection temperatures of the supply line) multiplied by numerical coeffi-
cients. To reduce the computation related to the handling of these elements,
the terms of the series providing a negligible contribution to the total value
are identified and discarded before performing the calculations for solving the
thermal problem. In this way, the amount of terms constituting the elements of
the temperature vectors is kept at an adequate level and the the computations

involving these elements (and, in general, the temperature vector 7/~4) do
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not represents a problem for the optimization process. The criterion used for
removing the negligible terms consists in excluding the elements constituted
by an independent variable multiplied by a low coefficient.

After having performed some trials and having observed the effects of this
truncation on the accuracy of the DHN simulation, a threshold of 1077 is set
for identifying the coefficients with a small value.

5.3 Optimization overview

Once that the modelling of the main elements constituting the MES is presented,
the methodology developed for the operation optimization can now be discussed in
greater detail than before. The best way to fully understand the optimization method
is to follow the complete execution of single iteration of the recursive process. This
procedure is reported in Figure 5.7 in form of flow chart.

Starting from the input data and the set of variables constituting a single element of
the heuristic solver’s population, the injected/extracted mass flowrates of the users
and producers (G,y;) are computed. With these terms and the incidence matrix A, the
flows circulating in all the branches of the supply and return line of the DHN are
computed. Once that the fluid dynamic problem is solved, it is necessary to check
the satisfaction of the constraints related to the flowrates. In case some of them are
not fulfilled, a penalty value is assigned to the objective function associated to the
current set of variables of the master problem, and the process is restarted by taking
a new element. The reason why the process is terminated in case of infeasibility
is to prevent the execution of the slave problem, which would be an useless effort
since it would solve a problem related to a configuration that is already known to be
incorrect.

Otherwise, if the MP constraints are respected, the independent variables of the slave
problem can be defined and the remaining part of the problem can be addressed.
Starting form the first step of the time discretization, the nodal temperatures of the
supply line of the DHN are computed from the initial condition and the parameters
corresponding to the timestep considered (i.e. the mass flowrates and the tempera-
tures of the injected streams). Since the thermal power absorbed by the consumers
depends on the extracted flowrate and the supply temperature, the heat consumption

of the users and the temperatures of injection in the return line can be computed.
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The temperatures of the return line are obtained as has already been carried out
for the supply line, using the users’ injection temperatures as boundary conditions.
Once the thermal problem of the DHN is completely addressed, the electrical and
thermal powers of the generators are computed. These steps are repeated until the
last element of the time discretization is reached. Notice that the DHN nodal tem-
peratures and the generators’ powers obtained from these steps are functions of the
SP independent variables and, despite it was used the term "computed", their value
remains unknown. Once that the SP constraints are addressed, the optimization can
be executed. If the SP results to be unfeasible, a new optimization run is performed,
where the possibility to violate some constraints is admitted at the price of including

a penalty on the objective function.
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Fig. 5.7 Flow chart for computing the value of the objective function of the Master Problem

Concerning the more practical aspects of the optimization, the entire code for
the execution of the process is written in the Julia language. The Particle Swarm
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Optimization is the heuristic method used to optimize the master problem. For this
purpose, the PSO of the Julia package Metaheristics.jl [362] is used. It has been
necessary to make a non-trivial structural addition to this package for allowing to
execute the optimization in parallel processes, which was not supported by default.
On the other hand, the MILP addressed in the SP is solved by Gurobi [363].

The number of variables and constraints addressed on the two optimization levels
are reported in Table 5.2. As already mentioned, the process for addressing the SP
optimization is computationally intensive. However, the size of this problem is not
challenging for MILP solvers like Gurobi. On the other hand, the MP dimensions
are quite demanding for most of the heuristic solvers. Consequently, it is important
to facilitate as much as possible the PSO convergence, for example, by trying to

provide a "good" initial population.
Table 5.2 Data on problem dimensions

Variables Constraints Population

MP 197 3636 104
Sp 1028 8984 -

5.4 Results and discussion

The present section is devoted to report and discuss the results obtained from the
optimization of the case study.

The most effective and synthetic way to analyse the convergence of the process
is to observe the evolution of the objective function across the PSO iterations, which
is showed in Figure 5.8. A maximum number of iterations (500) was set as stopping
criterion and it was reached in slightly less than 4 hours (3 hours and 52 minutes).
However, a stable solution was actually found after 250 iterations, which corresponds
to a computational time of 1 hour and 40 minutes. These times can be recognized
to be higher compared to the average computational efforts presented in the studies
in the scientific literature, which tends to reach few tens of minutes. However, two
very important aspects must be considered: first, the works in the literature do not
include the DHN simulation and optimization or, if they do, the DHN is typically

included with less detail and a lower capability to address technical constraints in
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the operation; second, most of the already developed methodologies rely completely
on deterministic methods, which are faster in solving big problems but do not allow

to address some kind of complexities.
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Fig. 5.8 Convergence chart of the optimization process

The operation of the electrical components is reported in Figure 5.9 in form of
stacked area chart, where the powers produced have positive sign and vice versa for
the powers absorbed. As can be noticed, in the first hours of the day the electrical
load is covered by buying the electricity from the external grid. Successively, the two
cogenerators are activated, providing much more electricity than the one requested
by the load, which will be sold to the grid. In particular, CHP2 presents a more
continuous operation, while CHP1 is switched on and off for three times. To
comment comprehensively the operation of the CHPs it is necessary to observe the
thermal production profiles, since their functioning is driven by the heating power
provided to the DHN. The operation of the electrical storage is not particularly
interesting since the MP converges to a configuration in which the storage is charged
and discharged in two adjacent timesteps. This behaviour has the aim of minimizing
the losses occurring during the storage time and taking advantage of the differences
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in the price of electricity being sold. Notice that, since the electrical balance is
addressed as stationary, the profile built by the stacked areas of the producers is

symmetrical to the one of the consumers.
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Fig. 5.9 Electrical powers of generators, load and storage

On the other hand, the thermal power exchanged among the producers, users,
and storage are presented in Figure 5.10. Since the early hours of the day do not
have any thermal demand, all the thermal generators are off. Then, the storage vessel
is filled with hot water by CHP1 until CHP2 is turned on, which happens when the
users start to extract water from the supply line. At this point, the storage is partially
discharged and Boiler?2 is activated for a short period to compensate the high thermal
demand and mass flow extraction.

A single CHP is not able to provide the heating power required by the consumers,
especially when the residential and commercial users are simultaneously extracting
water from the DHN. As a consequence, when the two CHPs are operating, the
storage is charged such that it can provide an additional thermal power when only
one cogenerator is operating.

It is interesting to notice that, despite no user is extracting water in the last hours of
the time period analysed, CHP]I is still operating and it charges the storage. This
behaviour appears as counter intuitive since there are no needs to fill the tank with an

amount of thermal energy that will not be exploited, and it could seem reasonable to
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leave it empty. However, since for the case of CHPs the electricity production is joint
to the heating production, the final filling of the thermal storage allows to produce an
amount of electricity that can be sell to the grid, providing an economic advantage.
As concern the thermal demand, differently from what observed for the electrical
powers, the profile created by the sum of the thermal powers produced is not perfectly
symmetrical compared to the one obtained from the sum of the absorbed ones. This
is due to the fact that the energy balance is compensated by the thermal inertia of
the DHN, which can act as a storage that absorbs and provides heat according to the
operating conditions.
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Fig. 5.10 Thermal powers of generators, load and storage

One of the most important parameters defining the thermal users is the mass flow
extracted from the supply line of the DHN. The water streams required by the eight
consumers are reported in Figure 5.11. These flows are obtained from the operation
optimization process and their shape is a discretization of the polynomial presented
in Equation 5.9. The extraction is the highest at the beginning of the day, when the
range imposed for the thermal requirement of the residential users is the highest,
simulating the need for heating the houses that were not heated during the night. A
similar behaviour is observed in the final part of the day, when the same users start
newly to extract water from the DHN.
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Fig. 5.11 Mass flowrates extracted by the thermal users

Another result that is worth to be observed is the thermal storage operation found

by the optimization, which is showed in Figure 5.12. The termeratures and the

masses of the two portions of water are reported for the day under consideration.

The vessel is assumed to be full of "cold" water (i.e. at 50°C) in the first timestep, it

is fully charged four times and two times only partially, while two full discharges

and two partial discharges are performed. The temperature of the hot water mass
is in the range 100°C - 110°C, while the cold water is in the interval between 50°C

and 60°C.
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Fig. 5.12 Thermal storage operation: temperature profiles (up) and water masses stored
(down)

Another aspect that is important to be discussed regards the result obtained in
terms of objective function. The process converges to a solution with an OF value
equal to 75.06(1‘%, which is computed as the sum between the real operation cost
and the penalty for not meeting all the constraints addressed in the slave problem.
By executing the simulation of the solution obtained, the operation cost results to
be 72d€7y, which means that the penalty value is not null. However, the constraints
that are not met are verified to be only slightly violated, and these are the ones for
the minimum and maximum thermal requirement of the users. This means that the
solution is completely feasible in a physical perspective, but its implementation in
a real case study would not meet the users’ expectations, even if the variation is
negligible. The constraints’ violation is observed for User6, User7 and User8 and
it affects only the first timesteps in which the users start to extract the water from
the supply line. The thermal profile of User6 and its corresponding boundaries are
reported in Figure 5.13 to provide an example of this mismatch and to demonstrate

their small size.
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Fig. 5.13 Profile of the thermal demand of User 6

The flawed satisfaction of the constraints is due to three reasons: first, the
slave problem is actually infeasible; second, the solution obtained is not the global
optimum for the master problem; third, the solution is the MP’s global optimum
despite not being the SP’s global optimum. In the first case, a penalty value equal to
zero cannot be reached since the SP’s constraints cannot be fully met. In the second
case, the process does not converge to the global optimum (which would have a null
penalty value) because it reaches the stopping criterion, which could be modified
to prevent this unwanted behaviour. In the last case, the solution results to be the
global optimum even if the penalty value is not null, which may happen when the
full satisfaction of the constraints determines a worsening of the operation cost that
is higher than the penalty occurring in case of constraints not met. This issue can
be simply overcome by increasing the weight of the penalty on the MP’s objective
function.

5.5 Limitations and future improvements

The behaviour described in the previous paragraph could constitute an issue for
the convergence quality but it must be recognised that it is caused by the particular

choice of including a penalty factor in the objective function. This means that it
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could be avoided by improving or changing the approach for the inclusion of the
possible non-satisfactions of the SP constraints.

A different type of limitation is intrinsically represented by the capability of the
heuristic algorithm to reach the convergence, which cannot be guaranteed for each
optimization run. In fact, considering the size of the problem, the possibility of
reaching a local minimum of poor quality and the need to repeat the optimisation run
several times must be taken into account. Otherwise, some strategies to prevent or
mitigate this phenomenon can be considered. Among them, the more effective aim

to reduce the size of the problem or to relax some constraints of the master problem.



Chapter 6
Conclusions

This last chapter is devoted to discuss the conclusions that can be made in light of
the research work presented in this thesis. The main findings and contributions are
highlighted in section 6.1, while some suggestions for possible developments of the
analysis performed are reported in section 6.2.

6.1 Research contributions

The objective of the research presented in the preceding chapters is to identify and

develop methodologies for the optimisation of energy-related problems.

The discussion started from the energy technologies and/or plants, where a single
process is involved for the transformation of energy sources into energy products.
A central tower CSP plant with an innovative thermochemical storage based on
Calcium-Looping was considered as case study. This allowed to develop an opti-
mization model that included all the most important features that can characterize
these problems: non-convexities; implicit objective functions; presence of heat trans-
fer processes; synthesis, design and operation scope. The methodology developed
for this purpose is based on a meta-heuristic solver, within which a bisection method
and the pinch analysis are nested. The CSP-CaL plant was investigated with different
kinds of configurations and integration, and the results obtained are compared among
them.

The direct integration and the indirect integration of a He Brayton cycle resulted

to be the most interesting options in terms of energy efficiency, economic cost and
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layout complexity. These aspects were simultaneously investigated by performing a
multi-objective optimization, which can be implemented without making any change
to model for the single-objective optimization, which is another advantage of the
strategy developed.

Although being developed for a well-defined case study, the strategy presented in the
first part of this thesis is not tied to the CSP-CaL plant. In fact, this methodology is
able to deal with the presence of many sources of complexity, such that most of the
technologies in the energy field can be simulated and optimized. For example, the
proposed model is able to deal with problems whose simulation includes nonlinear
and non-convex terms. This is possible thanks to the use of the Genetic Algorithm,
which can manage implicit mathematical formulations as well since it belongs to the
category of black-box solvers. At the same time, the extent of the analysis that can be
performed is very wide, being able to simultaneously optimize the synthesis, design
and operation problems. Finally, the model is structured such that almost any kind of
energy process can be addressed (e.g. thermal cycles, industrial processes, energy in-
frastructures), since it can handle the combination of thermodynamic transformations,

heat transfer processes and power generation.

The research continued with the investigation of a methodology capable of
optimising an entire Multi Energy System, which can be composed of different
energy plants and use multiple energy sources to produce multiple energy vectors.
As first step, a detailed literature review was performed in order to have an overview
as wide as possible of the existing strategies for the optimization of MESs. This
research brought to the publication of a review paper on an international journal. In
this area of research, it has been recognised that the simulation of individual plants
is carried out with a simplified approach, compared to the strategy developed in the
previous analysis. This is a necessary simplification, as the complexity of MES is
considerable and a detailed simulation of all the processes that take place in all the
energy installations that make up the system is not possible. Considerable efforts are
made to linearize the non-linear terms characterizing the physical phenomena ruling
the MES operation and the functions for the costs computation. In this way, the high
dimensions problems can be solved with efficient MILP solvers. Many research
gaps were identified: a) lack of validation studies; b) development of suitable control
systems; ¢) integration of energy transport infrastructures and flexibility sources
in MESs operation optimization. In light of the state of the art identified from the

literature review, a first attempt to include a heat transport network in the MES
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operation optimization was made.

At first, the internal thermal network of a MES was considered (no thermal losses
and inertia are assumed) in which the temperatures and flowrates of the network
are included in the operation optimization. A thermal storage was included in the
case study and simulated with an essential approach. The most important source
of complexity is represented by the equations for the energy balance on the nodes
of the network, which present bilinear terms (i.e. multiplications between mass
flowrates and temperatures). An iterative approach was developed, based on the
decomposition of the original problem into two optimizations in series (one MILP
and one QCP). The resulting process allows to obtain high-quality near-optimal
solutions in relatively short computational times.

With the experience gained from this first research, another strategy was developed
for the operation optimization of a case study with a wider scope. In this case a small
size DHN was assumed for the heat transportation and the previous simplifying
hypotheses were removed. A heating storage was included among the components of
the MES and the thermal users’ demand was defined by broad boundaries, allowing
to include a demand response program to increase the system flexibility. The
mathematical formulation for the simulation of this system resulted to be particularly
complex (high dimensional non-convex MIQCP). It was decomposed with a master-
slave approach, resulting in a MILP nested into a PSO. The level of detail reached in
the simulation of the components’ operation is noticeable, as the operating states, the
load levels, the mass flowrates and the temperatures are only some of the parameters
whose value is optimized. The price for the higher optimization quality reached with
this second work is a worsening of the computational times and the convergence.
In conclusion, these methodologies, based on similar but different case studies, were
developed as an attempt to provide a strategy for solving the MES operation problem
in a comprehensive perspective, i.e. including the heat transport network. The finite
volume method is the most commonly used method to simulate the thermal network
(or DHN) and was adopted in the joint optimization of the MES and the network. In
this case, it was necessary to develop suitable expedients to deal with the size of the
problems and the nature of its mathematical formulation. At the same time, it was
avoided to introduce excessive simplifications in order to follow as much as possible
the initial intention of performing a detailed and realistic analysis. As a result,
the complexity of the problems does not allow to address the entire optimizations

with deterministic methods, which would have been more advantageous in terms of
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convergence and computational times. However, the drawbacks due to the use of a
non-purely deterministic methodology are compensated by the capability to include

a noticeable variety of features and constraints on the MES operation.

6.2 Suggestions for future developments

The strategies developed to optimize energy plants and multi energy systems were
presented in the preceding sections, along with their pros and cons. To further
increase the quality and effectiveness of the models presented, some developements
or changes can be considered to be implemented in the future. The proposed
enhancements are tailored to ensure global optimality, computational efficiency,
scalability to large-scale systems, validation through pilot plants or real systems,
integration of control systems for operational implementation, and inclusion of

prosumers.

Global optimality and computational times
To advance the optimization’s robustness, exploring alternative algorithms could
result to be very useful. Metaheuristic, deterministic and hybrid optimization meth-
ods are the three main families and each of them contains a considerable number of
algorithms. It is not possible to identify a priori the most suitable solver to execute
an optimization problem because of the complexity of the aspects that must be
considered and the counter-intuitive effects that they can determine. Consequently,
it is reasonable to assume that there may exist algorithms capable of solving the
problems addressed in this thesis in a more efficient way, and the only way to identify

them is to observe their performance when executing the optimisation problems.

Testing the models’ scalability
The scalability of an optimization model is fundamental for its applicability in
real-case studies, particularly in the context of large-scale systems characterized by
demanding processes for their simulation. Rigorous testing on datasets representative
of industrial-scale operations are indispensable to determine the model’s efficacy
across different sizes and contexts. The same purpose can be referred to ensure the
suitability of the models to optimize case studies in which the high dimensions are
not determined by the physical size but by the operation period considered and/or

the level of refinement of the time discretization.
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Validation of results
Validating the optimization results through pilot plants or real systems serves as a
proof of the model’s real-world applicability and fidelity. Developing prototypes,
collaborating with industry partners to conduct field trials, and deploying the opti-
mized strategies in operational settings are some options to achieve an empirical
validation and fine-tuning of the model parameters. At the same time, facing to real
contexts can be an opportunity to receive feedback from domain experts to further

refine and enhance the optimization models.

Control systems integration
In real case studies, the operation of energy plants and multi energy system is
managed by control systems, which are based on control strategies that are usu-
ally composed by logical propositions, setpoint values, cause-effect sequences, etc.
Adopting a schedule based on the result of an optimization process would require
to change (at least in part) the system used for setting the components’ operation.
Translating the optimized operational strategies into actionable directives necessitates
to integrate the plant/MES control system within the manufacturing environment.
Connecting the optimization model with supervisory controls, data acquisition sys-
tems, programmable logic controllers, and distributed control systems would enable
real-time implementation of the optimized configurations, as well as feedback about
the current state of the system to the model. This integration would facilitates
dynamic adjustment of operational parameters based on fluctuating demand pat-
terns, resource availability, and external environmental factors, thereby enhancing

operational flexibility and responsiveness.

Prosumers inclusion in MES optimization
Considering the evolving landscape of energy consumption and production, including
prosumers (i.e. entities that both consume and produce energy) into the MES
optimization framework represents an addition that is worth to be made. In this case,
suitable strategies to differentiate the production and consumption phases should be
developed and addressed in the optimization, which could increase the problem’s
complexity. This addition could bring noticeable benefits in terms of energy savings,
costs reduction and mitigation of environmental impact, as well as increasing the

flexibility and robustness of the system.
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Chapter 7

Appendix

Data for the operation optimization of a MES with an

internal thermal network

In this appendix are reported the data assumed for the research presented in Chapter
4, the operation optimization of a MES with an internal thermal network.

The time profiles of the electrical and thermal loads are arbitrary assumed and
are reported in Figure 7.1.
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Fig. 7.1 Electric and thermal load profiles

The coefficients for the performance curve (Equation 4.1) of the different tech-
nologies involved in the MES operation are arbitrary taken and reported in Table
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7.1. In addition, the input/output powers and the size are presented. Concerning the
two technologies exploiting renewable powers (PV and wind turbine), their power
production is considered as an input data since it cannot be regulated. The profile of
a typical winter day with a generation peak of 43.6 kW is assumed for the PV, while
a constant production of 25 kW is considered for the wind turbine.

Table 7.1 Coefficients for the performance curves of the MES’s components
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The prices of the fuels and energy vectors considered in the analysis are syn-
thetically presented in Table 7.2. Only the electricity price is considered as variable

during the period analysed and its range is reported.

Table 7.2 Prices of fuels and energy vectors

NG LPG H, Elbougth Elsold
) 0.195 0.034 0.03  0.136-0.19 0.036—-0.09
Price 3
€/Sm® €/kWh €/kWh  €/kWh €/kWh

Data for the operation optimization of a MES with a

District Heating Network

In this appendix are reported the data assumed for the research presented in Chapter
5, the operation optimization of a MES with a District Heating Network.

The minimum and maximum operating powers of the different technologies

involved in the MES operation are arbitrary taken and reported in Table 7.3.
Table 7.3 Coefficients for the performance curves of the MES’s components

Unit Py Pou PI™[kW] PR [kW] Poir kW] Pod [kW]

in out out

CHP Py Py 385 625 200 330
CHP Pyg Pu 385 625 120 240
Boiler Pyg P 110 430 100 400

The prices of the fuels and energy vectors are the same used in Chapter 4 and
presented Table 7.2. The size of the thermal storage is set to 6 m> and .
The values of the coefficients used in the correlation (see Equation 5.7) between the

G - T; product and the thermal power absorbed by the users are reported in Table 7.4.
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Table 7.4 Coefficients of users’ correlation

Unit K ¢

Userl 1.9 3.3

User2 1.8 3
Userd 2.1 2.5
Userd 2 4
UserS5 1.9 3.5
User6 1.8 3

User7 2.1 3.3
User8 2 3.5

Finally, the boundaries of the coefficients of the polynomial (see Equation 5.9)

used to define the mass flowrate of the thermal users are reported in Table 7.5.

Table 7.5 Boundaries of the coefficients of the polynomial curve of the heat loads

a b c d

Minimum —-4.5 —-03 —4-1073 —-2.10*
Maximum 4.5 03 4-1003  2-107%
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